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Title 

Statistical methods to combine SNP and CNV information in genome-wide association studies: 

an application to bladder cancer. 

 

Abstract 

Copy number variations (CNVs) are losses or gains of DNA sequences that may play a role in 

specific disease susceptibility. CNVs can be detected by high-resolution SNP-arrays through the 

analysis of allele intensities with CNV calling algorithms such as CNVpartition, PennCNV and 

QuantiSNP. In this thesis, we identified and assessed the performances of available tools for 

CNV calling and for association testing, at the genome-wide level. We also investigated 

association strategies that combine information on both the allele and the number of copies 

for SNPs located in CNV regions. We applied these tools to conduct a genome-wide association 

study with CNV using data from the Spanish Bladder Cancer (SBC)/EPICURO Study generated 

by the Illumina 1M SNP-array. 

Our results showed a low reliability and sensitivity of the investigated CNV calling algorithms 

applied to SNP-array data. The GSTM1 locus shows a very frequent CNV that is associated with 

bladder cancer (BC) risk. We reported that the calling algorithms performed very poorly in 

identifying this CNV. We propose using allele intensity measures (LRR) as a screening step to 

assess association as it allowed us to detect the GSTM1 CNV association with BC. To combine 

the allele and the number of copies for SNPs located in CNV regions, we investigated several 

strategies of association testing and we showed that the more powerful one used a two-term 

model with the sum and the difference of the number of copies of both alleles. Finally, by 

applying these tools to the (SBC)/EPICURO Study, we identified CNV regions potentially 

associated with BC risk, as well as SNPs for which both the allele and the number of copies are 

potentially involved in BC risk. 

 

Keywords 

Copy number variation (CNV); Single nucleotide polymorphism (SNP); CNV calling; genome-

wide association study; bladder cancer. 
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Titre 

Utilisation conjointe de l’information apportée par les différents polymorphismes, SNPs et 

CNVs, dans les études d’association pangénomique : application au cancer de la vessie. 

 

Résumé 

Les variations en nombre de copies (CNV) sont des gains ou pertes d’une séquence d’ADN et 

peuvent avoir un rôle dans la susceptibilité à certaines maladies. Les CNV peuvent être 

détectés par les puces de SNP de haute résolution en analysant les intensités des allèles avec 

des algorithmes de détection des CNV tels que CNVpartition, PennCNV et QuantiSNP. Dans 

cette thèse, nous avons évalué les performances de ces outils pour la détection des CNVs au 

niveau pangénomique et pour les tests d'association. Nous avons également étudié des 

stratégies d'association combinant les informations de l'allèle et du nombre de copies pour des 

SNP situés dans des CNV. Nous avons appliqué ces outils pour mener une étude d’association 

pan-génomique avec les CNV en utilisant les données de l'étude espagnole du cancer de la 

vessie (SBC)/EPICURO générées par la puce Illumina 1M. 

Nos résultats ont montré une faible fiabilité et une faible sensibilité des algorithmes de 

détection des CNV. Dans la région du gène GSTM1 où un CNV très fréquent existe qui est 

associé au risque de cancer de la vessie, nous avons constaté que les algorithmes de détection 

des CNV ont de faibles performances. Néanmoins, l’utilisation de la mesure d'intensité des 

allèles dans les tests d'association peut alors être une alternative intéressante car cela nous a 

permis de détecter cette association connue. Pour les SNPs situés dans des CNV, nous avons 

étudié plusieurs stratégies de tests d'association et nous avons montré que la plus puissante 

utilisait un modèle à deux termes avec la somme et la différence du nombre de copies des 

deux allèles. Finalement, en appliquant ces outils à l'étude (SBC)/EPICURO, nous avons 

identifié des CNV potentiellement associés au risque de cancer de la vessie, ainsi que des SNP 

dont l'allèle et le nombre de copies sont potentiellement impliqués dans le risque de cancer de 

la vessie. 

 

Mots-clefs 

Variations en nombre de copies (CNV); Polymorphisme d’un seul nucléotide (SNP); détection 

des CNV; étude d’association pangénomique; cancer de la vessie. 
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Título 

Utilización conjunta de la información aportada por los diferentes polimorfismos, SNPs y CNVs, 

en los estudios de asociación pangenómica: aplicación al cáncer de vejiga. 

 

Resumen 

Las variaciones en número de copias (CNV) son ganancias o pérdidas de parte de la secuencia 

de ADN y pueden jugar un papel en la susceptibilidad a determinadas enfermedades. Las CNV 

pueden ser detectadas por arrays de SNP de alta resolución analizando las intensidades de los 

alelos con algoritmos de detección de CNV, tales como CNVpartition, PennCNV y QuantiSNP. 

En esta tesis, hemos evaluado el comportamiento de estas herramientas para la detección de 

CNV a nivel del genoma completo y de su asociación con enfermedades. También investigamos 

estrategias de asociación que combinan la información del alelo y del número de copias para 

SNPs situados en CNV. Hemos aplicado estas estrategias para llevar a cabo un estudio de 

asociación pangenómico con los datos del estudio español de cáncer de vejiga (SBC)/EPICURO 

generados por el array de SNP Illumina 1M. 

Observamos que los algoritmos de detección de CNV tienen, globalmente, una baja fiabilidad y 

sensibilidad. En la región del gen GSTM1 donde existe una CNV muy frecuente que se asocia 

con el riesgo de cáncer de vejiga, los algoritmos de detección de CNV muestran rendimientos 

bajos. Sin embargo, usando la medida de intensidad de los alelos (LRR) en el test de asociación 

nos permitió detectar esta asociación conocida, por lo que proponemos utilizar el LRR para el 

cribado de CNV en el genoma completo. Para el análisis combinado de alelo y número de copia 

en SNPs situados en regiones con CNV, exploramos varias estrategias de test de asociación y 

mostramos que la más potente usaba un modelo de dos términos con la suma y la diferencia 

del número de copias de los dos alelos. Por último, aplicando estas herramientas al estudio 

(SBC)/EPICURO, identificamos CNV potencialmente asociadas con el riesgo de cáncer de vejiga, 

así como SNPs cuyos alelos y números de copias están potencialmente implicado en el riesgo 

de cáncer de vejiga. 

 

Palabras claves 

Variación en Número de Copias (CNV); Polimorfismo de un único nucleótido (SNP); detección 

de CNV; estudio de asociación pangenómico; cáncer de vejiga. 

 

 





Detailed summary in English 

xiii 

Copy number variations (CNVs) are losses or gains of DNA sequences that can be found in 

several regions of the human genome and may play a role in susceptibility of certain diseases, 

one example being the increased risk of bladder cancer (BC) conferred by the homozygous 

deletion of GSTM1, a common CNV in the Spanish population (50% of individuals carry the 

homozygous deletion). CNVs can be detected by high-resolution SNP-arrays through the 

analysis of allele intensities with CNV calling algorithms such as CNVpartition, PennCNV and 

QuantiSNP. The objective of my thesis was to identify and assess the performances of the 

available tools for the 1) CNV calling, 2) association testing, and 3) combining information on 

both allele and number of copies, at the genome-wide level. We applied these tools to conduct 

a genome-wide association study on CNV using data from the Spanish Bladder Cancer 

(SBC)/EPICURO Study generated by the Illumina 1M SNP-array. 

First, we investigated the CNV calling accuracy of different algorithms, as well as the impact on 

the association testing by focusing on the GSTM1 gene since it overlaps a highly frequent CNV. 

By using duplicated samples of both blood and saliva, we found that PennCNV was the most 

reliable algorithm and that DNA from blood provided more reliable CNV callings than DNA 

from saliva. Using MLPA as the gold standard method for CNV calling, we performed a validity 

analysis showing a global low sensitivity and high specificity of all tested algorithms. Although 

the homozygous deletion of GSTM1 is highly frequent in the Spanish population, PennCNV did 

not detect any deletion in that region in the SBC/EPICURO Study samples. Nevertheless, by 

using the allele intensity measures (LRR) in a logistic regression model, we replicated the 

association between BC risk and the number of copies at GSTM1 detected by MLPA and other 

more standard methods (TaqMan). This result highlighted the limitation of CNV calling 

algorithms and further supported the use of the allele intensity measures to screen the 

genome for CNV regions associated with the risk of the disease of interest. 

Second, we investigated the performances of strategies analyzing the joint effect of the allele 

and the number of copies for SNPs located in CNV regions. For this, we simulated allele-

specific copy number states (A, AA, ABB, …) according to different scenarios of allele and CNV 

frequencies, as well as of risk. We showed that the model that simultaneously tests for both 

the effects of the allele and the number of copies was the more powerful to detect the 

association, and both effects were estimated without bias. This approach uses a regression 

model with two terms, the sum and the difference of the number of each allele. 

Third, we conducted a genome-wide CNV association analysis in BC to find new susceptibility 

variants using the available and studied tools. PennCNV algorithm was used to detect and 

assess the CNVs in the SBC/EPICURO Study. Furthermore, several strategies were applied to 

test for the association between CNVs and BC, both using the intensity measure of the alleles 

and the number of copies assessed by PennCNV. We identified potential interesting regions 

which validation and replication are currently on-going. The simultaneous association of both 

the allele and the number of copies for SNPs located in CNV regions was tested and we 

identified some SNPs for which both effects were significant, although these results need 

further replication. 

In conclusion, we showed that CNV analysis from SNP-array data applying the available tools 

presents some limitations, especially a low sensitivity of the CNV calling. However, the use of 
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the allele intensity measure may be a cost-effective strategy to screen the genome for 

potential CNV regions involved in diseases risk. By applying the different tools and methods 

investigated here to the SBC/EPICURO Study, we were able to identify some potential CNV 

regions associated with BC. 
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Les variations en nombre de copies (CNV) sont des gains ou pertes d’une séquence d’ADN 

existant dans différentes régions du génome humain et qui peuvent avoir un rôle dans la 

susceptibilité à certaines maladies. Un exemple est le risque accru de cancer de la vessie 

conféré par la délétion homozygote de GSTM1, un CNV commun dans la population espagnole 

(50% d’individus ayant la délétion homozygote). Les CNV peuvent être détectés par les puces 

de SNP de haute résolution en analysant les intensités des allèles avec des algorithmes de 

détection des CNV tels que CNVpartition, PennCNV et QuantiSNP. L'objectif de ma thèse était 

d'identifier et d'évaluer les performances des outils disponibles pour 1) la détection des CNV, 

2) les tests d'association, et 3) la combinaison des informations des allèles et du nombre de 

copies, au niveau pangénomique. Nous avons appliqué ces outils à une étude d’association 

pangénomique sur les CNV en utilisant les données de l’étude espagnol du cancer de la vessie 

(SBC)/EPICURO générées par la puce de SNP Illumina 1M. 

Dans un premier temps, nous avons montré les faiblesses des différents algorithmes de 

détection des CNV et montré comment cela impacte sur les tests d'association en se focalisant 

sur le gène GSTM1 qui chevauche un CNV très fréquent. En utilisant des échantillons dupliqués 

à partir de prélèvements sanguins et/ou salivaires, nous avons constaté que PennCNV était 

l'algorithme le plus fiable et que la détection des CNV était plus fiable avec de l'ADN extrait à 

partir du sang qu’avec de l'ADN extrait à partir de la salive. En utilisant MLPA comme la 

méthode de référence pour la détection des CNV, nous avons effectué une analyse de validité 

qui a montré une sensibilité globalement faible et une forte spécificité de tous les algorithmes 

étudiés. Malgré la fréquence élevée de la délétion homozygote de GSTM1 dans la population 

espagnole, PennCNV n'a détecté aucune délétion dans cette région parmi les échantillons de 

l'étude SBC/EPICURO. Néanmoins, en utilisant la mesure d'intensité des allèles dans un modèle 

de régression logistique, nous avons pu retrouver l'association entre le risque de cancer de la 

vessie et le nombre de copies à GSTM1 établie par MLPA et d'autres méthodes plus classiques 

(TaqMan). Ce résultat souligne les limitations des algorithmes de détection des CNV et 

soutient l’utilisation de la mesure d'intensité des allèles pour parcourir le génome à la 

recherche de CNV associés au risque de la maladie étudiée. 

Dans une seconde partie du travail, nous avons étudié les performances de stratégies 

d'analyse de l'effet conjoint de l'allèle et du nombre de copies pour des SNP situés dans des 

régions de CNV. Pour cela, nous avons simulé les états du nombre de copies spécifique de 

l’allèle (A, AA, ABB, ...) selon différents scénarios de fréquences de l’allèle et du CNV, ainsi que 

du risque. Nous avons montré que le modèle qui teste simultanément les deux effets de l'allèle 

et du nombre de copies était le plus puissant pour détecter l'association, et que les deux effets 

étaient estimés sans biais. Cette stratégie utilise un modèle de régression à deux termes, la 

somme et la différence du nombre de chaque allèle. 

Dans la dernière partie de la thèse, nous avons mené une analyse d’association pangénomique 

avec les CNV pour trouver de nouvelles variations impliquées dans la susceptibilité au cancer 

de la vessie en utilisant les outils disponibles et étudiés. Nous avons utilisé l'algorithme 

PennCNV pour détecter et évaluer les CNV dans l'étude SBC/EPICURO. Nous avons appliqué 

plusieurs stratégies pour tester l'association entre les CNV et le cancer de la vessie. Nous avons 

identifié des régions potentiellement intéressantes dont la validation et la réplication sont 

actuellement en cours. Nous avons également testé l'association conjointe de l'allèle et du 
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nombre de copies pour les SNP situés dans des régions CNV. Nous avons identifié certains SNP 

pour lesquels les deux effets sont significatifs, bien que ces résultats doivent être répliqués. 

En conclusion, nous avons montré que l'analyse des CNV à partir de données de puce de SNP 

en appliquant les outils disponibles présente certaines limitations, en particulier une faible 

sensibilité de la détection des CNV. Cependant, en utilisant la mesure d’intensité des allèles, 

cela peut être une stratégie rentable pour cribler le génome à la recherche de régions de CNV 

potentiellement impliquées dans le risque de maladie. Enfin, nous avons appliqué les outils et 

les méthodes identifiés à l'étude SBC/EPICURO et nous avons identifié certaines régions de 

CNV potentiellement associées au cancer de la vessie. 

 

 



Resumen substancial en castellano 

xvii 

Las variaciones en número de copias (CNV) son ganancias o pérdidas de una secuencia de ADN 

que ocurren en diferentes regiones del genoma humano y que pueden tener un papel en la 

susceptibilidad a ciertas enfermedades. Un ejemplo de ello es el aumento del riesgo de cáncer 

de vejiga otorgado por la deleción homocigota de GSTM1, una CNV común en la población 

española (el 50% de los individuos presentan la deleción homocigota). Las CNV pueden ser 

detectadas por arrays de SNP de alta resolución que analizan las intensidades de los alelos con 

algoritmos de detección de CNV, tales como CNVpartition, PennCNV y QuantiSNP. El objetivo 

de mi tesis fue identificar y evaluar el comportamiento de las herramientas disponibles para 1) 

la detección de CNV, 2) el test de asociación, y 3) la combinación de la información del alelo y 

del número de copias, al nivel pangenómico. Hemos aplicado estas herramientas para llevar a 

cabo un estudio de asociación pangenómico con CNV usando los datos del estudio español de 

cáncer de vejiga (SBC)/EPICURO generados por el array de SNP Illumina 1M. 

Primero, investigamos la precisión de diferentes algoritmos de detección de CNV, así como el 

impacto sobre el test de asociación centrándonos en el gen GSTM1 que coincide con una CNV 

muy frecuente. Usando muestras duplicadas de sangre y de saliva, encontramos que PennCNV 

fue el algoritmo más fiable y que el ADN de sangre proporcionaba detecciones de CNV más 

fiables que el de saliva. Usando MLPA como el método estándar para la detección de CNV, 

realizamos un análisis de validez que mostró una sensibilidad global baja y una especificidad 

alta de todos los algoritmos estudiados. A pesar de la frecuencia alta de la deleción 

homocigota de GSTM1 en la población española, PennCNV no detectó ninguna deleción en 

esta región en las muestras del estudio SBC/EPICURO. Sin embargo, usando la medida de 

intensidad de los alelos (LRR) en un modelo de regresión logística, replicamos la asociación 

entre el riesgo de cáncer de vejiga y el número de copias en GSTM1 identificada por MLPA y 

otros métodos más convencionales (TaqMan). Este resultado enfatiza las limitaciones de los 

algoritmos de detección de CNV y apoya el uso de la medida de intensidad de los alelos para 

cribar el genoma en búsqueda de las regiones de CNV asociadas con el riesgo de la 

enfermedad estudiada. 

Segundo, investigamos el comportamiento de varias estrategias para el análisis de los efectos 

conjuntos del alelo y del número de copias para SNPs situados en las regiones de la CNV. Para 

ello, simulamos estados del número de copias específico para cada alelo (A, AA, ABB, ...) según 

diferentes escenarios de frecuencias del alelo y de la CNV, así como del riesgo. Hemos 

demostrado que el modelo que prueba ambos efectos del alelo y del número de copias era el 

más potente para detectar la asociación, y que ambos efectos fueron estimados sin sesgo. Esta 

estrategia utiliza un modelo de regresión con dos términos, la suma y la diferencia del número 

de cada alelo. 

Tercero, realizamos un análisis de asociación pangenómico de CNV en cáncer de vejiga para 

encontrar nuevos variantes de susceptibilidad, utilizando las herramientas disponibles y 

estudiadas. Utilizamos el algoritmo PennCNV para detectar y evaluar las CNVs en el Estudio de 

SBC/EPICURO. Aplicamos varias estrategias para analizar la asociación entre las CNVs y el 

cáncer de vejiga. Identificamos regiones potencialmente de interés la validación y replicación 

de las cuales se están realizando actualmente. También estudiamos la asociación simultánea 

del alelo y del número de copias para SNPs situados en regiones de CNV. Identificamos algunos 
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SNPs para los cuales ambos efectos fueron significativos, aunque estos resultados tienen que 

ser replicados. 

En conclusión, demostramos que el análisis de las CNV a partir de datos de arrays de SNP 

usando las herramientas disponibles presenta algunas limitaciones, especialmente una baja 

sensibilidad de la detección de CNV. La utilización de la medida de la intensidad de los alelos 

puede ser una estrategia costo-efectiva para examinar el genoma en búsqueda de regiones de 

CNV posiblemente asociadas al riesgo de enfermedades. Por último, aplicamos las 

herramientas y los métodos identificados al estudio SBC/EPICURO e identificamos algunas 

regiones de CNV potencialmente asociadas con el cáncer de vejiga. 
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Most of the common diseases of major concern in public health today, such as cardiovascular 

diseases or cancers fall into the category of the so-called “complex diseases”. These diseases 

represent a great challenge for (genetic) epidemiology because their etiology involves the 

interaction of many factors - either genetic, environmental and lifestyle factors - each 

contributing to the disease usually with small effects. 

Variability of the human genome is known to exist under many different forms, from 

nucleotide changes to large structural changes. In particular, the single nucleotide 

polymorphisms (SNP) were widely studied in genetic epidemiology for their role in the etiology 

of a large range of complex diseases mainly thanks to the great improvement of technologies 

that nowadays allow hundreds of thousands of SNPs to be genotyped at a cost-effective 

manner for thousands of individuals. Studies of SNPs found that many of them are involved in 

the development of several complex diseases, but all together they only explain a small part of 

the genetic contribution to the diseases. Thus, other human genome variations are now 

considered in genetic epidemiology. In particular, recent discoveries have shown that copy 

number variations (CNV) that are regions of the genome present in variable numbers of copies, 

may play an important role in the susceptibility to different diseases, including complex 

diseases (Ionita-Laza et al. 2009). A well-established example of such association is the 

homozygous deletion at the GSTM1 locus that confers an increased risk of bladder cancer 

(OR=1.5 [1.3-1.6]) (Garcia-Closas et al. 2005). 

The widely used SNP genotyping arrays, such as the ones developed by Illumina, allow not only 

the assessment of the alleles present in individuals at a large number SNPs but also the 

assessment of CNVs by analyzing each allele intensity measurement, representing a cost-

effective technique to study both SNPs and CNVs. In this context, several algorithms have been 

developed to analyze the SNP intensity measurements in order to locate the CNVs and 

determine for each individual their number of copies. However, when these algorithms started 

to be used to conduct genome-wide association studies with CNVs, no study on their 

performances is available. Additionally, very few case-control association studies so far have 

used both SNP and CNV information to jointly assess the effects of alleles and number of 

copies when the SNP is located in a CNV region. 

In this context, the objective of my thesis was to identify and assess the performances of the 

available tools for genome-wide CNV analysis using SNP-array data for the CNV calling, the 

association testing with CNVs, as well as for combining information on both the allele and the 

number of copies for SNPs located in CNV regions. We were also interested in applying these 
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tools to conduct a genome-wide association study with CNVs using data from a large case-

control study on bladder cancer, the Spanish Bladder Cancer (SBC)/EPICURO Study, in which 

genetic data were generated on the Illumina 1M SNP-array. 

This dissertation is organized in five parts. The first introduces the context of genome-wide 

CNV analysis in genetic epidemiology by presenting several tools to detect the CNVs from 

genome-wide SNP-array data, as well as statistical methods used in genome-wide association 

test to assess the role of SNPs and CNVs. The second part introduces the bladder cancer 

disease and the SBC/EPICURO Study which data was used all along my thesis work. The third 

part presents methodological works I conducted to assess the performances of three CNV 

calling algorithms in term of reliability and validity, as well as the impact of CNV calling 

limitations on association testing with CNVs. The fourth presents a methodological work I 

performed to assess the statistical power of several association test strategies that combine 

SNP and CNV information to assess the effects of both the allele and the number of copies for 

SNPs located in CNV regions. And the fifth part describes the application of the above 

strategies to the bladder cancer study where I conducted genome-wide association studies by 

using several association tests strategies either for CNV analysis only and for analysis of SNPs 

located in CNV regions. 
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Chapter 1 

Introduction to the human genome and its variations 

 

This chapter aims at introducing fundamental concepts of molecular genetics, which is the 

basic information used in genetic epidemiology. A short description of the human genome is 

followed by the definitions of two types of genetic variations of particular interest in this work, 

the single nucleotide polymorphisms and the copy number variations. 

 

1. The human genome 

1.1. DNA molecules 

The human genome refers to the whole genetic information necessary to the development 

and the functioning of the human body. This information is entirely stored in each cell and 

encoded into DNA (deoxyribonucleic acid) molecules that are large chains of thousands of 

nucleotides. A nucleotide consists in a sugar to which a base is attached: adenine (A), cytosine 

(C), guanine (G), or thymine (T). In the cell, the mitochondria contain one DNA molecule, the 

mithochondrial DNA, and the nucleus contains the chromosomes that are DNA molecules of 

variable length (figure 1.1). 

1.2. Chromosomes 

The autosomal chromosomes, independent of the sex, are numbered from 1 to 22. The 

remaining two chromosomes determine the sex, they are named X and Y. The human 

organism is diploid, meaning that the nucleus of most of the cells (except for sexual cells, also 

named gamete) contains twice the genetic information, one inherited from the father and the 

other from the mother. Thus, each non-sexual human cell contains 46 chromosomes: two 

copies of each of the 22 autosomal chromosomes and two sex specific chromosomes, namely 

two X chromosomes for females and both X and Y chromosomes for males. Males inherit the X 



Chapter 1. Introduction to the human genome and its variations 

8 

chromosome from their mother and the Y chromosome from their father. The mitochondrial 

DNA is inherited from the mother. 

 

Figure 1.1 | Human genome and DNA structure. A) Diagram of the cell, chromosome and double helix DNA 
structure. The chromosomes here are represented with two sister chromatides as it occurs in a specific phase of the 
cellular division, after DNA replication and before separation. B) Diagram of the two complementary DNA strands in 
the double helix, example of a 3 bp sequence that can either be represented by 5’CGA3’ or 5’TCG3’. 
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1.3. DNA replication 

As a key property of the DNA, the bases can be bound by hydrogen in a specific way, a base A 

specifically binds to a base T, and a base C binds to a base G (figure 1.1). Consequently, DNA 

exists in the cell in the form of a double helix composed by two complementary DNA 

molecules, named DNA strands, and the length of a DNA molecule is usually measured in base 

pairs (bp), referring to one pair of binding bases. The mitochondrial DNA is the shortest 

molecule with a length of 16,569 bp, while the chromosomes have length between 48 and 249 

Mb (millions of bp) (Strachan and Read 2011). The total length of the human genome is around 

3100 Mb. 

Furthermore, the specific base binding property allows the reading of a DNA strand, partially 

or as a whole, after breaking the double helix structure, and the writing of a new DNA 

sequence which is complementary to the original one. This mechanism is involved in whole 

DNA replication for the cell division, each cell containing the whole human genome. It is also 

involved in DNA transcription into RNA (ribonucleic acid) molecules as part of the protein 

production process. The sugar of the nucleotides contain 5 carbon atoms, numbered from 1’C 

to 5’C, and two successive sugars of a DNA molecule are linked by a phosphodiester bond 

between their 3’C and 5’C (figure 1.1). Thus, the two extreme sugars of a DNA molecule have 

respectively the 5’ and the 3’ carbon atoms free, which defined the respective ends (5’ end 

and 3’ end) of the molecule, as well as his direction (from 5’ to 3’). 

1.4. Genes 

The definition has changed across time and is still evolving along with new discoveries. At 

present, a gene is as a segment of DNA of variable length coding for a protein or a functional 

RNA, the gene expression product. The gene sequence is divided into alternating coding and 

non-coding parts, respectively exons and introns, and surrounded by regulatory elements at 

each extremity, respectively the 5’ and the 3’ untranslated regions (5’UTR and 3’UTR). 

In the gene expression process, the DNA is transcribed into RNA (transcription) and then the 

RNA introns, and occasionally some exons, are spliced out (splicing). This process results in a 

RNA molecule made of coding sequences only and able to transport the information outside 

the nucleus. This last RNA molecule is a transcript of the gene. This can either be the final gene 

expression product, or the sequence can be translated into an amino acid chain that forms the 

protein, each sequence of three nucleotides (codon) coding for a specific amino acid or a stop 
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signal. According to the splicing, a single gene sequence can give rise to different transcripts 

and thus different proteins. 

The human genome contains, approximately, 30,000 genes which exons all together represent 

1.2% of the whole DNA bases. Furthermore, in a single cell, only some genes are transcribed 

depending on the need of the tissue and the cell itself. Thus, the large part of the genetic 

information is never transcribed into RNA. Additionally to the gene exons, other DNA 

sequences, the regulatory regions, play an important role in the gene expression process, 

among them are the promoters, the enhancers and the microRNA. The former consists of a 

short sequence located upstream (at the 5’ end) of the gene that is necessary to initiate the 

transcription. The last two examples of regulatory regions are short sequences that are not 

necessarily located close to the gene, but can affect gene expression. Enhancers control the 

transcriptional activity level, and thus the amount of proteins, while microRNA can prevent the 

translation of RNA into proteins. 

 

2. The human genome variations 

A major part of the human genome is identical between two different individual, whereas the 

variable part contributes to the genetic diversity within and among populations, and thus to 

the phenotypic or trait diversity making each individual unique. A wide range of variations 

exists in the human genomes, from single nucleotide changes to whole chromosome 

aberrations. Small-scale variations involving few nucleotides are mainly due to errors occurring 

during the DNA replication process that can either be a wrong base copy, or some insertions or 

deletions of nucleotides. Large-scale variations mainly result from non-homologous 

recombination processes where dissimilar DNA segments are exchanged (Hastings et al. 2009). 

Such variations can arise in any cell, at any time of the development. Germline variations are 

those present in the zygote (first diploid cell resulting from the fecundation of two gametes), 

and thus in all the resulting cells of the human body. The germline variations can be either 

inherited when present in the parent germline genomes, or de novo when occurring in the 

sexual cells of the parents. Variations occurring after division of the zygote are said to be 

somatic (post-zygote). Somatic variations can occur in any cell of the body. When it occurs 

during differentiation, the somatic variation is specific to one or several tissue. When it occurs 

after differentiation, the somatic variation only appears in the cells resulting from the cell in 
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which the variation occurred. This situation is named mosaicism because the cells with a same 

function do not all carry the variation. 

According to its location in the DNA, a variation can alter the gene expression and thus the 

development or the functioning of the body, deleteriously or advantageously. Once the 

variation is present in all individuals of a population, it is said to be fixed. 

2.1. Single nucleotide polymorphisms (SNP) 

Single nucleotide polymorphism (SNP) refers to a single nucleotide substitution or mutation 

occurring in more than 1% of the sequences. The different bases, either A, T, C or G, present at 

a SNP location are named the alleles. Most of the SNPs only present two possible alleles. In 

further definition, the two possible alleles will be called A and B. Thus, three allele 

combinations, or genotypes, can be observed: the homozygous genotypes AA and BB, and the 

heterozygous genotype AB (figure 1.2.A). As previously mentioned, in a coding region, a three-

nucleotide sequence (codon) codes for a specific amino acid, but different codons can code for 

the same amino acid. Consequently, SNPs in coding regions are said non-synonymous if the 

two alleles give rise to two codons coding for different amino acids, or synonymous if the two 

alleles give rise to two codons coding for the same amino acid. 

2.2. Copy number variations (CNV) 

Structural variations of the human genome refer to cytogenetically visible and submicroscopic 

variants, involving many nucleotides (Scherer et al. 2007); among them are the copy number 

variations (CNVs) that are losses or gains of a DNA sequence (figure 1.2.B). The terms copy 

number variation, polymorphism, change or alteration, were employed in early publications to 

refer to the same concept (Iafrate et al. 2004; Sebat et al. 2004; Price et al. 2005; Weksberg et 

al. 2005). In order to make a consensus on the definition and terminology of CNV, and more 

largely on structural variations in the human genome, two publications in 2006/2007 clearly 

state that a CNV is a segment of DNA that is 1 kb or larger and is present at a variable copy 

number in comparison with a reference genome. Classes of CNVs include insertions, deletions 

and duplications. This definition also includes large-scale copy number variants, which are 

variants that involve segments of DNA ≥50 kb (Feuk et al. 2006; Scherer et al. 2007). This 

definition unified the scientific community and was then used in several works. The concept of 

copy number polymorphism (CNP) was also clarified in these publications, stating that a CNP is 

a CNV that occurs in more than 1% of the population. Regarding the variations smaller than 1 

kb, the authors did not give any consensual terminology but they decided to refer to it by the 
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word indels. Nevertheless, this threshold of 1 kb was especially due to technology limitations 

and in more recent publications, CNV refer to any region (involving a substantially high number 

of nucleotides) in the genome for which the number of copies varies in a population (Conrad et 

al. 2010). 

 

Figure 1.2 | Human genome variations. A) SNP. The two observed alleles are A or G. In this family, both parents are 
homozygous, each for a different allele. Consequently, the offspring has a heterozygous genotype AG for that SNP. 
B) CNV. In the normal situation, each homologous chromosome (one from each parent) carries the region once. 
Deletion or loss (respectively duplication or gain) is characterized by a total number of copies lower (respectively 
greater) than two. The extra copy is not necessary placed directly adjacent to the original copy when an insertion 
occurs. Duplication can involves more than 3 copies (amplification). 

Loss of heterozygosity occurs when one chromosome carries two copies of the same DNA 

sequence while the other chromosome does not carry any copy of the corresponding DNA 

sequence. Consequently, two copies are observed for the fragment but all SNPs within the 

region are homozygous. This particular structural change can be considered as a CNV because 

the number of copies varies from one chromosome to another. Especially, it can be due and/or 

lead to an abnormal number of copies in the previous and next generations, respectively. 
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The terms bi-allelic and complex or multi-allelic CNVs can be found in the literature (Altshuler 

et al. 2010). A bi-allelic CNV involves a single type of change at the chromosome level, either a 

loss or a gain of one copy, and lead to only three possible numbers of copies in the population, 

namely {0/0=0 copy, 0/1=1 copy, 1/1=2 copies} for loss and {1/1=2 copies, 1/2=3 copies, 2/2=4 

copies} for gain. Such characteristic allows the analogy with SNP genotypes, in particular for 

population genetic description. A complex or multi-allelic CNV refers to a non-bi-allelic CNV, 

meaning that the number of the copies carried by each of the two chromosomes cannot be 

recover and need the use of familial data or statistical method such as expectation-

maximization algorithm (Gaunt et al. 2010). 

 

3. Human genome characterization and genome mapping 

As previously detailed, DNA is a chain of nucleotides, slightly different between individuals, 

spanning functional (the genes and the regulatory regions) and non-functional sequences. In 

order to organize the knowledge of the DNA and to have a useful accessible tool for scientists, 

maps are constructed in which DNA sequences are assigned to a chromosome and ordered. 

The maps also describe the discovered variations in different human populations. The 

resolution of the maps increases with the scientific knowledge and the ultimate goal is to have 

the complete chromosomes sequenced and described. 

3.1. Physical and genetic maps 

The physical map aims in locating elements of the genome, such as the genes or the variations, 

on the whole DNA sequences and thus providing their physical positions measured in bp. With 

advances in sequencing technologies and efforts made at the worldwide level, our knowledge 

of the human genome is improving and the maps have better resolution. 

Genetic mapping is based on the recombination that is a biological phenomenon occurring 

during the meiosis (process of gamete creation). The recombination, or cross-over, is an 

exchange between the two homologous DNA sequences. As a consequence of this mechanism, 

a chromosome in a gamete is a construction of the two homologous chromosomes inherited 

from both parents, and two SNP alleles located on a same inherited chromosome are not 

necessarily both simultaneously present in the gamete, and then transmitted to the offspring. 

However, the physically closest the SNPs, the more likely for the alleles to be transmitted 

together. The SNPs are then said to be genetically linked and their genetic distance is given in 
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centimorgan (cM) which corresponds to a transformation, through mapping functions 

(Haldane 1919; Kosambi 1944), of the rate of recombinations occurring between them in a 

single generation. Thus, genetic maps only focus on variable elements of the DNA and provide 

their relative locations. 

A correlation between alleles of various SNPs exists and is measured by the linkage 

disequilibrium. Therefore, blocks of linkage disequilibrium are observed along the genome, 

which size and strength vary according to the chromosomal region and the population due to 

different recombination rates or selection pressures. 

3.2. Hap Map project 

The International HapMap project is a worldwide effort initiated in October 2002 to study the 

genetic diversity of 4 different populations, the African Yoruba from Nigeria (YRI), the Japanese 

from Tokyo (JPT), the Han Chinese from Beijing (CHB) and the European-descent collection 

from Utah (CEU) (The International HapMap Consortium 2003). The last population sample 

was provided by the Centre d’Etude du Polymorphisme Humain (CEPH) located in Paris, 

France. The two first phases of the project consisted in sequencing 269 individuals from these 

4 populations and provided accurate genotyping of more than 1 million and 2.1 millions of 

SNPs along the whole genome (The International HapMap Consortium 2005; Frazer et al. 

2007), respectively. The third phase of the project is now extended to 11 populations over the 

world and provides genotypes for 1.6 millions of SNPs (Altshuler et al. 2010). The HapMap 

project website provides many useful details about the SNP variations, such as their frequency 

and their linkage disequilibrium in each population (http://hapmap.ncbi.nlm.nih.gov/). 

Descriptive results from these studies are important tools for further genetic studies. In 

particular, description of the linkage disequilibrium allowed the identification of tagSNPs that, 

all together, summarize almost the whole SNP variations in a genomic region. A SNP is said to 

be tagged by another one if its genotypes can be predicted from the other SNP genotypes.  

Furthermore, the lymphoblastoid cell lines of the CEPH and HapMap collections are available 

on request. They are widely used in genetic studies as control samples or as reference for 

controlling the experiment quality. 

3.3. CNV map 

The first descriptions of CNVs at the genome-wide level in healthy individuals were published 

in 2004-2005 and focus on large-scale and intermediate-size CNVs because of technological 
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limitations (Iafrate et al. 2004; Sebat et al. 2004; Sharp et al. 2005; Tuzun et al. 2005). Since 

2006, improvement on genotyping array resolution and sequencing technologies allowed more 

reliable CNV description (Redon et al. 2006; Korbel et al. 2007; Kidd et al. 2008; Perry et al. 

2008; Altshuler et al. 2010; Conrad et al. 2010). All these studies focus on CNV description in 

healthy individuals, many of them used lymphoblastoid cell lines from HapMap samples. The 

most comprehensive studies estimated that CNVs cover between 3.7 and 12% of the human 

genome and are located in majority in non-coding regions (introns and intergenic regions), but 

many of them also overlap with genes (Redon et al. 2006; Conrad et al. 2010). 

3.4. Genome browsers 

Upstream of the effort of studying various human populations and in order to have an easy 

access to the whole generated discoveries, genomic databases and genome browsers were 

developed, providing information such as the locations and the characteristics either of the 

variations or the genes, for human and other species. Among them are Ensembl 

[http://www.ensembl.org/], the UCSC genome browser [http://genome.ucsc.edu/], or dbSNP 

[http://www.ncbi.nlm.nih.gov/projects/SNP/]. Specifically for structural variations in humans, 

the Database of Genomic Variation (DGV) [http://projects.tcag.ca/variation/] (Iafrate et al. 

2004) provides a list of all described CNVs in currently published studies. In its last release 

(November 2010), the DGV integrated information from 42 studies and provided physical 

positions for 66,741 CNVs located in 15,963 common CNV region or CNV loci. 
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Chapter 2 

Detection of CNVs 

 

Copy number variations can be identified through diverse technologies, both by a genome-

wide and a targeted scan (Carter 2007). In this chapter, an overview of these technologies is 

provided, as well as more details on the Illumina SNP-array technology and some of the CNV 

calling algorithms specifically developed for the Illumina derived data. 

 

1. CNV detection platforms 

1.1 PCR based targeted scans 

Targeted scans for CNV are mainly based on the polymerase chain reaction (PCR) technique 

that amplifies a specific region of DNA. This is a cyclic process in which three steps are 

repeated. First, the denaturation step breaks down the hydrogen bounds of the DNA by 

heating it at high temperatures (93-95°C for human DNA) to separate the DNA strands. 

Second, the annealing step is done at a cooler temperature (50-65°C) to allow the synthetic 

primers (designed sequence of few nucleotides) to hydrogen-bind the single-strand DNA 

molecules in order to identify the beginning of the targeted region to amplify. The primers 

should be carefully designed to be very specific to the targeted region. Third, the elongation 

step involves a DNA polymerase (protein that synthesizes DNA sequences), generally the Taq 

polymerase, that acts at a temperature of 70-75°C by synthesizing a new complementary DNA 

strand from 5’ to 3’ after the primer position, adding the bases {A, T, C, G} present in the 

solution. Repeating these three steps in a cyclic way allows an exponential amplification of the 

targeted DNA region at each round. Because it is simple and fast, this powerful technique is 

widely used in molecular genetics. 

In particular, for targeted CNV detection, the quantitative PCR (qPCR, also called real-time PCR) 

allows the estimation of the amount of a given sequence present in a sample by measuring the 
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accumulation of DNA product after each round of PCR amplification. This is the technique 

applied in the TaqMan assays. Also derived from the PCR technique, the Multiplex Ligation-

dependent Probe Amplification (MLPA) or quantitative multiplex PCR of short fluorescent 

fragments (QMPSF) techniques allow the simultaneous query of multiple regions. All-size CNVs 

can be accurately targeted by these techniques so they can be considered as gold-standard 

techniques in estimating the number of copies for each sample in pre-defined regions of CNV. 

However, these targeted scans do not allow the discovery of new, still unknown, CNV regions. 

1.2. Genome-wide scans 

Genome-wide scans do not use information on pre-defined CNV regions, this is an agnostic 

approach that aims both at finding the breakpoints of the CNV regions, and at estimating the 

number of copies. The karyotyping technique, which is the observation of the chromosomes 

(previously stained) with a light microscope, can be used to identify extremely large CNV 

regions involving more than 3 millions of bases. In particular, when a gain occurs, this 

technique allows the identification of the place of the extra-copy(ies) and thus the distinction 

between duplication and insertion (figure 1.2), which would not be possible with other 

techniques. Detection of CNV regions across the whole genome can be performed at a finer 

resolution using array-based hybridization approaches. In the array-based comparative 

genomic hybridization (aCGH) platforms, DNA from a tested and a reference samples are 

differentially labeled with fluorescent tags and competitively hybridized to thousands of 

probes, revealing copy-number differences between the two genomes at each probe. SNP-

array platforms were initially designed to genotype SNPs, but also allow the detection of CNVs 

through the signal intensity measure. A single DNA sample is hybridized with thousands of 

allele-specific labeled oligonucleotides, revealing the number of copies of each allele present 

in the DNA sample. SNP-arrays can also reveal situations of loss of heterozygosity (LOH) that 

are impossible to detect by aCGH. Currently, Illumina and Affymetrix are the two major 

companies that propose SNP-array platforms querying more than 1 million of markers covering 

the entire genome. Both the aCGH and the SNP-arrays platforms can then allow the detection 

of CNV regions across the whole-genome without prior information about their location, but 

the detection is restricted to those regions that are covered by a large enough number of 

probes to accurately estimate the number of copies, and the reliability of the breakpoints of 

the detected CNV regions depend on the probe location. 
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2. Illumina SNP-array data 

2.1. Illumina infinium array and hybridization process 

Illumina BeadChips are arrays of regularly placed microwells in which beads of probes are 

immobilized (Gunderson et al. 2006; Gunderson 2009) (figure 1.3 A-B). Each array is unique by 

the random positioning of the beads. The probes are 80-nucleotide long DNA sequences and 

are designed so that the firsts 30 nucleotides are used as a recognizing code and the lasts 50 

nucleotides are specific to the region immediately prior to the targeted nucleotide, usually a 

SNP but more generally called a marker (figure 1.3 C). In many scientific work or discussion, 

and also here, the word “probe” is used to refer to the targeted marker. Hundreds of 

thousands of identical probes are attached to a single bead by their 5’ extremity and many 

beads carry the same probe, i.e. target the same marker. Such beads are said to belong to the 

same bead type. Then, different bead types are pooled into sub-bead pools. Each sub-bead 

pool is spread over a given area of the array, and the beads are immobilized into the 

microwells. This strategy ensures a random positioning of the beads within an area, and 

because there are more microwells in an area than bead types in a sub-bead pool, each bead 

type is replicated about 30 times on the array. Finally, the firsts 30 nucleotides are decoded to 

identify each bead-type positions on the array. In particular, the Illumina Infinium Human1M 

array contains 1,072,820 probes, divided into 20 sub-bead pools (figure 1.3 A). 

The genotyping of a sample on a BeadChip using the Illumina Infinium® technology follows 

four steps (Gunderson et al. 2006; Steemers et al. 2006; Gunderson 2009). First, a whole-

genome amplification of the tested DNA generates the amount of DNA necessary to the 

experiment, which is then fragmented. Second, the DNA is spread on the array and hybridized 

by binding to the 50-nucleotide sequences attached to the beads, leaving the targeted 

nucleotide free (figure 1.3 C). Third, a one-nucleotide elongation is synthesized by a 

polymerase to score the marker. For this step, labeled nucleotides lacking the 3’ carbon 

(dideoxynucleotides, ddNTPs) are added to the mix. This special characteristic prevents the 

polymerase from continuing the DNA synthesis after binding the ddNTP. The ddNTPs are 

labeled with different haptens which are small molecules able to elicit an immune response. 

Thus, after an immunohistochemistry-based staining, it results in different fluorescent signal 

according to the bound ddNTP. Specifically, the ddNTPs A and T are labeled with the 

dinitrophenol hapten that is stained with Alexa647 and results in a red fluorescence, and the 

ddNTPs C and G are labeled with the biotin hapten that is stained with Alexa555 and results in 

a green fluorescence (Steemers et al. 2006). Finally, the array is scanned so that the red and 
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green fluorescent intensities are respectively measured by the X and Y channels (figure 1.3 D). 

Then, the data are ready to be imported in the Beadstudio software, the Illumina proprietary 

software to manage BeadChip derived data. 

 

Figure 1.3 | Illumina BeadChip. A) Picture of the Illumina Human1M array that hybridizes one sample DNA and 
queries 1,072,820 markers across the whole genome. The array is divided into 20 areas, on each is spread a sub-
bead pool. B) Diagram of a bead immobilized into a microwell. C) On each bead is attached hundreds of thousands 
of the same probe that is designed to hybridize the sampled DNA previous to the targeted marker. Labeled 
dideoxynucleotides are present in the solution to be bound to the targeted marker during the one-nucleotide 
elongation step. D) Each bead on the array displays a fluorescence color according the bound dideoxynucleotides. 
When both red and green labeled dideoxynucleotides were bound to the probes attached to a bead, the displayed 
color is yellow and thus the SNP genotype is heterozygous. The array is scanned in order to measure the red and 
green intensities for each bead and thus to assess the genotype at each marker. 

2.2. Monomorphic probes 

Because SNP-arrays platforms were initially designed for SNP genotyping, CNV regions are not 

well covered. Especially, SNPs in those regions tend to fail the basic quality control criteria 

such as mendelian inheritance or missing call rate. In order to adapt their products to CNV 

analysis, Affymetrix and Illumina designed new SNP-arrays including monomorphic probes. 

These probes do not present allelic variation in the population and only a single color intensity 

is measured. The Illumina Infinium Human1M array contains 17,202 such monomorphic 

probes across the whole genome, with a special enrichment on the Y chromosome. Overall, 

the array contains about 260,000 probes located either in regions for which CNVs were 

described at the time it was designed (Database of Genomic Variants, July 2007), or in regions 

suspected to spanned novel and undiscovered CNVs. 
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2.3. Illumina data normalization 

The Illumina scanner produces a file containing intensity information for each marker, 

readable with the BeadStudio software. The original intensities of each bead are summarized 

by bead type over the replicated observations. These summarized intensities are the raw 

intensities in BeadStudio, respectively referred to as Xraw and Yraw. 

In order to adjust for channel-dependent background and global intensity differences, and to 

scale the data, a five-step normalization algorithm is implemented in BeadStudio. The 

normalization process converts the raw intensity values into the normalized intensity values 

(figure 1.4). This process only uses internal information contained in the array, and is applied 

over all the samples and the SNPs in a sub-bead pool. The process is done separately for each 

sub-bead pool. The conversion of the raw into normalized intensities for each sample and SNP 

is performed by using the estimations specific to the SNP sub-bead pool. 

 
Figure 1.4 | The five-step normalization process in Beadstudio (Copyright illumina.com). A) Plot of the raw red 
intensities (X) against the raw green intensities (Y). B) In the first step of the normalization process, the outliers are 
removed (but not from downstream analysis). In the second step, the background intensities of both the red and 
green channels are removed. C) In the third step, the intensity cloud is rotated in order to fit along the X axis. D) In 
the fourth step, the cloud is extended to fit along the Y axis. E) In the fifth step, both the red and green intensities 
are scaled. F) Plot of the normalized red intensities (X) against the normalized green intensities (Y). 

From now, X and Y will refer to the normalized intensities. 
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The management of Illumina data in BeadStudio has been occasionally discussed, pointing out 

the advantage of accessing to the bead level data for quality assessment and flexible analysis 

(Dunning et al. 2008). Independent softwares have been developed to overpass the constraints 

of BeadStudio in the data processing and the proposed normalization process, and to produce 

genotype calls (Ritchie et al. 2009), but rarely used. In particular, normalization of intensity 

data is a capital issue when assessing copy number variations, especially when using tumoral 

DNA samples in which many structural variations are expected. In this context, a quantile 

normalization strategy has been proposed in addition to the BeadStudio normalization step 

(Staaf et al. 2008). 

2.4. Graphical representation and genotype cluster definition 

Typically, intensity values are plotted for each SNP either in Cartesian or polar coordinates 

(figure 1.5) in which R and θ are defined as follow: 

      

  
 

 
       

 

 
  

 
Figure 1.5 | Plots of allelic intensity values from BeadStudio. For one SNP and 2423 samples, the A panel 
(respectively the B panel) display the allelic intensity values with cartesian (respectively polar) coordinates. In the 
Cartesian coordinate plot (panel A), “Norm Intensity” refer to the normalized intensity values for the allele A and B, 
this correspond to X and Y in the notation we use in this thesis. In the panel B “Norm R” and “Norm Theta” refer 
respectively to the R and θ values (notation used in this thesis) calculated for the normalized allelic intensity values 
The ellipsis are the estimated locations of the three clusters of genotypes but all individuals within the dark color 
areas are given a genotype, namely AA, AB or BB according to the red, purple or blue area. The black points 
correspond to individuals outside the dark color areas, thus they are given a missing call for this SNP. 

In order to perform the SNP calling, individuals are clustered in three groups of genotypes (AA, 

AB and BB). The cluster bounds can either be provided by the Illumina Company based on 
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HapMap samples, or computed from the data applying an algorithm implemented in the 

BeadStudio software. 

2.5. Illumina CNV measures 

Two measures deriving from R and θ are computed in Beadstudio to call CNVs. The first is the 

Log R Ratio (LRR) that is a quantitative measurement of the number of copies. 

         
 

    
  

Rexp is the expected R computed according to the surrounding genotype clusters (table 1.1). 

The second quantity is the B Allele Frequency (BAF) that represents the proportion of B allele 

in the genotype and is computed according to the surrounding genotype clusters (table 1.1). 

 
Table 1.1 | Rexp and BAF computation. The expected R (Rexp) and BAF values are computed according to the 
surrounding genotype cluster, i.e. according to the average R and average θ of the genotype clusters named RAA, RAB 
and RBB, and θAA, θAB and θBB, respectively for the genotype clusters AA, AB and BB. 

Typically, for an individual carrying two copies of a DNA region, the LRR values should be 

around 0, and the BAF values should be around 0, 0.5 and 1, corresponding to the genotypes 

AA, AB and BB respectively. Deletions and duplications present a distinct pattern of LRR and 

BAF (figure 1.6). 

Because no genotype cluster is generated for monomorphic probes, the Rexp value for such 

probes is based on the weighted mean of the cluster itself to provide LRR values, while the BAF 

values are missing. 
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Figure 1.6 | LRR and BAF pattern. These graphs are provided by BeadStudio and display the LRR (upper graph) and 
BAF (lower graph) values along two different regions for a single individual. A) A heterozygous deletion (1 copy) is 
shown in the red square, the LRR is negative and the BAF indicate that no SNP present heterozygous genotypes. B) 
A duplication (3 copies) is shown in the green square, the LRR is positive and four clusters of genotypes are 
identified through the BAF, corresponding to the AAA, AAB, ABB and BBB genotypes. 
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3. CNV detection algorithms for Illumina data 

As described before, the presence of an aberration in an individual induces a typical pattern of 

LRR and BAF. High-density platforms require algorithms to find the CNV breakpoints at the 

genome-wide level, and determine the number of copies. Coin et al. (2010) make the 

distinction between two classes of CNV detection algorithms for SNP-array, the “wide” and the 

“deep” algorithms. The “wide” tools process independently each sample with fixed signal 

intensity clusters, whereas the “deep” methods use the distribution of intensities across all the 

samples but focus on a few probes. Most of the developed algorithms are “wide” and mainly 

use two different statistical approaches, hidden Markov models (box 1.1) and segmentation 

methods. Next, four algorithms available for Illumina data are described: cnvPartition, 

PennCNV (Wang et al. 2007), QuantiSNP (Colella et al. 2007) and cnvHap (Coin et al. 2010). But 

others algorithms are available, such as BirdSuite for Affymetrix data (Korn et al. 2008), or 

GADA (Pique-Regi et al. 2010). 

3.1. cnvPartition 

cnvPartition belongs to the “wide” method group and is based on a segmentation approach. It 

was developed by Illumina and is available as a plug-in in the Beadstudio software (Illumina 

Inc.). The algorithm models LRR and BAF as simple bivariate Gaussian distributions for each of  

 

 
Table 1.2 | The cnvPartition parameters. LRR and BAF distribution parameters, the mean and standard deviation 
(sd), for each of the allele-specific copy-number states. 

mean sd mean sd

0 NULL -5 2

1 A -0.45 0.18 0 0.03

B -0.45 0.18 1 0.03

2 AA 0 0.18 0 0.03

AB 0 0.18 0.5 0.03

BB 0 0.18 1 0.03

3 AAA 0.3 0.18 0 0.03

AAB 0.3 0.18 0.33 0.03

ABB 0.3 0.18 0.66 0.03

BBB 0.3 0.18 1 0.03

4 AAAA 0.75 0.18 0 0.03

AAAB 0.75 0.18 0.25 0.03

AABB

ABBB 0.75 0.18 0.75 0.03

BBBB 0.75 0.18 1 0.03

allele-specific

copy number states

Number

of copies

Not modeled 

LRR BAF

U(0,1)
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the allele-specific copy number states (NULL, A, B, …). Considering that number of copies 

varies from 0 to 4 copies, there are 15 possible allele-specific copy number states, but 

cnvPartition does not model the AABB state arguing that this would represent two 

independent duplication events and rarely occurs in nature (table 1.2). An estimate of the copy 

number is computed for each probe by comparing its observed LRR and BAF to values 

predicted from each of the 14 modeled states. Specifically, the likelihood of observing a given 

LRR and BAF under each of the 14 states is computed and the number of copies is estimated 

by maximizing the likelihood. Once each probe is assigned a number of copies, breakpoints are 

determined by a partitioning method identifying regions where the estimated number of 

copies of the probes inside and outside the region is different. In order to assign a number of 

copies to the segment defined by the determined breakpoints, the sum of the likelihoods over 

all the probes in the segment and all the allele-specific copy number states for a given number 

of copies are computed, and the number of copies with the highest sum is chosen. 

Box 1.1 | The hidden Markov model. 

The first-order hidden Markov model (HMM) is used for sequences of stochastic or random process for 

which 

i) The random values hold in a finite set, these are the states S; 

ii) The state at the point t (St) is only determined by the state at the previous point t-1, and not by 

further away states; 

                                  

iii) The states are not directly observed (they are hidden), but at each point t of the sequence, outputs 

Ot are observed that only depend on the hidden state St at the same point. 

                                          

Three parameters are needed to characterize a HMM (see the figure): 1) the prior probabilities for each 

state to initiate the sequence (π0); 2) the transition probabilities matrix for each pair of states (Tr), 

defining the probability of transition from a state to another between two consecutive points; 3) the 

emission probabilities, defining the distribution of the observed output given each state (E). 
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If the parameters of the HMM are unknown or un-stationary, the Expectation-Maximization (EM) 

method allows either the estimation of the unknown parameters or the optimization of the un-

stationary parameters from the observed outputs. This is an iterative method that alternates the 

calculation of the expected log-likelihood of the data given the current estimated parameters 

(expectation), and the calculation of new estimations of the parameters that maximize the expected log-

likelihood of the data (maximization). The Baum-Welch algorithm (Baum et al. 1970) implements this 

method in the context of HMM in which the parameters are unknown. For the first iteration, the 

parameters are set based on a prior knowledge if available, or on random values. For the following 

iterations, the hidden states are calculated to maximize the likelihood of the observed outputs with the 

current parameters, and the parameters are newly estimated to maximize the likelihood of the 

observed outputs with the current hidden states. The estimations of the parameters are updated until 

they reach a maximum for which the likelihood of the observed outputs is no more increased with the 

newly estimated parameters. 

In the Bayesian framework, the parameters are unknown, but they are known to follow prior 

distributions that are defined with other unknown parameters that are called hyper-parameters. First, 

the hyper-parameters are estimated and then, the parameters are optimized according to the 

distributions they follow and the observed data. 

In order to infer the most probable sequence of hidden states given the sequence of observed outputs 

and parameters (known or estimated), the most popular algorithm is the Viterbi algorithm (Viterbi 

1967). This algorithm is computationally efficient because it uses the recursion property of the first-

order HMM setting that the state at any point t only depends on the state at the point t-1. Additionally, 

the algorithm uses the context of the whole sequence to make a decision on the most likely hidden 

state at each point, allowing good analysis of the noise. First, the algorithm moves forward from the first 

to the last point. It uses the recursive relation between each consecutive point to find the most 

probable partial hidden sequence that reaches a particular state s at each point t. The most probable 

partial hidden sequence for each point of the sequence and each possible state are stored. Then, once 

the last point is reached, the most likely state at the last point is taken and the algorithm moves 

backward from the last to the first point. It uses the stored information to take the most likely state at 

each point t that would lead to the previously taken state at the point t+1. 

3.2. PennCNV and QuantiSNP 

PennCNV and QuantiSNP are “wide” algorithms developed by academic teams and freely 

available (Colella et al. 2007; Wang et al. 2007). They are both based on a hidden Markov 

model (box 1.1) in which the number of copies is the hidden state and the LRR and the BAF are 

the two observed states that are considered independent of each other given the hidden state 

(the number of copies). A first-order HMM is considered where the number of copies at one 

probe only depends on the number of copies at the previous probe. Both algorithms 
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considered six hidden states (table 1.3). Note that normal 2-copy and LOH are two different 

states, respectively the third and the fourth. 

 

Table 1.3 | Hidden states in PennCNV and QuantiSNP. Both PennCNV and QuantiSNP algorithms defined six hidden 
states. The fourth hidden state is the particular situation of LOH, for which two copies are present but all the SNPs 
in that region are homozygous. 

PennCNV and QuantiSNP implementations are quite similar but differ in their transition and 

emission probabilities. Although transition probabilities depend on the distance to the 

previous probe in both approaches, all state change probabilities are equal in QuantiSNP, 

whereas they are different in PennCNV, accounting for the fact that some state transition 

events (e.g., from 2 copies to 1 copy) are more likely than others (e.g., from 1 to 3 copies). In 

particular, the probability that the state changes from 2 copies to an aberration is very low, 

whereas the probability to change from an aberration to 2 copies is much higher. 

The emission probabilities of the LRR and the BAF, respectively P(r|s) and P(b|s), are modeled 

by a mixture of Uniform and Gaussian distributions, respectively with proportions (πr, 1-πr) and 

(πb, 1-πb). The Uniform component models the noise of the signal and helps capturing outliers 

of the expected Gaussian distribution. Because the BAF depends on the allele-specific copy-

number state rather than directly on the number of copies, the BAF emission probability is 

modeled as a weighted mixture of Gaussians according to the numbers of B allele in the 

possible allele-specific copy-number states given the hidden state. Let r being the observed 

LRR, b the observed BAF, s the hidden state, CN(s) the number of copies associated to the state 

s, i the number of allele B in the allele-specific copy-number state, φr,s and φb,s,i the densities of 

the respective Gaussian distributions for the LRR and the BAF depending on s and i, wb,s,i the 

mixture weights for the BAF emission probabilities. M0 and M1 are point masses respectively at 

BAF=0 and BAF=1, only used in PennCNV and set to 0 for QuantiSNP. Icondition are equal to 1 or 0 

whether the condition is true or false respectively. 

            −         

Hidden state s Number of copies CN(s) allelic-specific copy number states g

1 0 NULL

2 1 A, B

3 2 AA, AB, BB

4 2 (LOH) AA, BB

5 3 AAA, AAB, ABB, BBB

6 4 AAAA, AAAB, AABB, ABBB, BBBB
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            −                  

       

   

        𝐼      𝐼            

            𝐼      𝐼                  

All the parameters of these emission probabilities are treated differently in each algorithm. 

Regarding the Uniform and Gaussian distributions parameters and the mixture weights, 

PennCNV considers they are known whereas QuantiSNP uses a Bayesian framework in which 

each of them follows a prior distribution with unknown hyper-parameters that are estimated 

by a maximum marginal likelihood approach. Then, both PennCNV and QuantiSNP use the 

Baum-Welch algorithm to optimize the parameters. Furthermore, PennCNV uses external 

information for the mixture weights, it takes into account the frequency of the B allele 

estimated in a large reference population. In PennCNV the means for the Gaussian 

distributions φr,s are set according to the hidden state, namely to {-3.53; -0.66; 0; 0; 0.40; 0.68} 

for polymorphic probes and to {-2.05; -0.57; 0; 0; 0.36; 0.63} for monomorphic probes. In 

QuantiSNP the means of the φr,s follow normal distributions in which the means are hyper-

parameters set according to the hidden state, respectively to {-6; -0.55; 0; 0; 0.39; 0.53}. The 

φb,s,i have their means (or means of their prior Gaussian distributions for QuantiSNP) set to the 

proportion of B in the allele-specific copy-number state, i.e. i/CN(s). 

3.3. PennCNV “deep” module 

PennCNV also implements a “deep” method, specifically devoted to deal with known common 

CNVs, in which the posterior likelihood for each number of copies (0 to 4) is calculated given 

the data across the whole region. In this module, the breakpoints of the regions are specified 

by the user, jointly with the prior probabilities of deletion and duplication. Thus, for each 

sample and each given region, the most likely number of copies is selected. This module needs 

previous knowledge on the locations and frequencies of common CNVs, but should provide 

more accurate callings. 

3.4. cnvHap 

The cnvHap algorithm (Coin et al. 2010) integrates both “wide” and “deep” approaches using a 

hidden Markov model (box 1.1). Unlike PennCNV and QuantiSNP, the hidden states are the 

allele-specific copy-number states that depend on the number of copies and on the alleles, and 

better fit the data generated by SNP-array. The implementation of this algorithm is very 
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complex because many external parameters to the HMM, such as the ploidy of the organism 

or the space in which are held the hidden states, are free to be specified by the user in order 

to enlarge its application. In this context the HMM is modeled at the haploid level, but the 

model and its parameters are detailed here for the specific case of human (diploid) genetic 

data generated by Illumina SNP-array platform, which is the purpose of this work. Similarly to 

PennCNV and QuantiSNP, the observed data are the LRR and the BAF for each sample and 

each genotyped probe, and they are assumed to be independent given the unobserved hidden 

state which is the allele-specific copy-number state. The emission distributions are assumed to 

be Gaussian and depend on the hidden state noted g, except for the BAF when the hidden 

number of copies associated to g, (CN(g)) is 0, then the uniform distribution is assumed: 

                 
   

𝐵𝐴𝐹    
𝐼                

       𝐶      

                                   𝐶      
  

The “deep” character of cnvHap relies on the method to estimate the parameters of the 

emission Gaussian distributions {μr,g;     
 ; μr,g;     

 }. They are modeled separately for each 

probe through linear regressions in which the coefficients β are maximized across the whole 

samples. The model includes the number of copies associated with the hidden state g noted 

CN(g), and the proportion of allele B in g noted bf(g): 
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        −       

        −              −      
 
 
 
 
 
 

 

The initial values of μr,g are {-4.5;-0.55; 0; 0.31; 0.53} for CN(g) = 0 to 4 copies respectively. Like 

PennCNV and QuantiSNP, the initial value of μb,g is bf(g), the proportion of allele B in the allele-

specific copy-number state g. The HMM parameters are trained and optimized with the 

expectation-maximization algorithm, especially, the haploid HMM parameters are optimized 

with the Baum-Welch algorithm. Then, the Viterbi algorithm is used to compute the most likely 

sequence of allele-specific copy-number states given the optimized parameters and the 

observed sequence of LRR and BAF. 
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Chapter 3 

Genome-wide association studies 

 

Large improvement has been achieved in human molecular genetics, in the understanding of 

the human genome and in its characterization, thanks to the development of more and more 

accurate techniques to characterize genetic variations and analytical tools. The challenge now 

is to understand the relations between DNA variations and phenotypic traits, and the 

underlying mechanisms involved in this relation. This is of particular interest in medicine and 

public health to study complex diseases that are influenced both by genetic and environmental 

factors, and for which the underlying biological mechanisms are still largely unknown. This 

huge task requires combining efforts of many fields, such as medicine, biology, mathematics, 

statistics and informatics. Pieces of this work can be achieved through genetic epidemiology, 

which, similarly to epidemiology, aims in identifying the risk factors involved in a particular 

disease, but focuses on genetic risk factors. 

A popular design in genetic epidemiology was the linkage studies that use genetic information 

on relatives in order to localize the genes involved in the phenotype of interest. This design has 

been successful for Mendelian disorders, but less for complex disorders in which the genetic 

susceptibility likely involves many genetic variants that can be frequent in the population, each 

with a small effect. In this context, association studies that compare genetic marker 

distributions between groups of affected (cases) and unaffected (controls) individuals are 

more powerful, allowing both the detection of the associated variants and the assessment of 

the association strength. 

The great improvement in SNP genotyping achieved by the development of SNP-arrays has 

contributed to the large popularity of the genome-wide association studies (GWAS) conducted 

with SNPs. These studies rely on the assumption that the causal SNPs are either present on the 

array (direct association) or tagged by other genotyped SNPs (indirect association), but does 

not require any previous hypothesis on their localization along the genome, nor any 

hypothesis on the number of genes and the underlying inheritance models. 
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As detailed in the previous chapter, CNV can now be detected at the genome-wide level and 

their number of copies assessed in thousands of individuals by SNP-arrays, among other 

techniques. Thanks to these SNP-arrays, genome-wide association studies of CNVs can now be 

conducted. 

 

1. Case-control association studies: some basic concepts and tests 

1.1. Odds ratio 

In epidemiology, the most intuitive way of measuring an association between an exposure E 

and a disease D, is to assess the factor by which the risk of disease is multiplied in exposed 

individuals (E+) compared to unexposed individuals (E-): this is the definition of the relative risk 

(RR). 

   
  𝐷  𝐸  

  𝐷  𝐸  
 

However, in case-control studies, cases (D+) are willingly over-represented, usually with a 

control:case ratio of 1:1 or 2:1. Under this framework, it is not possible to estimate the disease 

prevalence, and thus the risk of disease, whatever the subgroup of individuals. The odds ratio 

(OR) is an alternative measure of the strength of association, less intuitive, but accessible in all 

study designs. OR is the ratio of the case:control ratio in E+, over the case:control ratio in E-. 

   

  𝐷  𝐸  
  𝐷  𝐸  

  𝐷  𝐸  
  𝐷  𝐸  

  

When the disease is rare in the population, which is the most common situation, the 

probabilities of being a case are small, and thus, the probabilities of being a control are almost 

one, both among exposed and non-exposed individuals. Thus, in this situation, the OR is an 

approximation of the RR (Bouyer et al. 1995). This is a useful property in case-control studies 

because the estimated OR can be interpreted as the factor by which the risk of disease is 

multiplied for exposed individuals compared to unexposed individuals. 

In a case-control study with formal counts defined in table 1.4, the OR is estimated as follow: 
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Table 1.4 | Two by two table of the case-control status versus the exposition. Cases and controls counts in a case-
control study to formally expressed the odds ratio estimation and its variance. 

Because this is an estimate that varies according to the sample, it is interesting to know its 

variability and more specifically its confidence interval (CI) in which the true OR value should 

be with a probability (1-α). Thus, if the value 1 is out of the CI, it indicates that the association 

likely exists. 

Because the OR does not follow a Gaussian distribution but its logarithm approximately does, 

we compute the variance and the confidence interval of the logarithm of the OR in order to 

obtain the confidence interval of the OR. 

             
 

 
 

 

 
 

 

 
 

 

 
 

𝐶𝐼        
     

                             

𝐶𝐼           
          

      

Where zα/2 refers to the Gaussian distribution quantile of order (1-α/2). 

In genetic epidemiology, the exposure factor is a genetic marker, and most of the association 

studies are conducted with SNPs. Thus, categories of exposure can either be the two alleles 

commonly named A and B, or the three genotypes AA, AB and BB. In both strategies one 

category is taken as the reference and, usually, the most frequent one is chosen. Here we 

focus on genotypic association using the genotype AA as reference. 

1.2. Models of inheritance 

A genetic model is defined by both the frequencies and the penetrances of each genotype. The 

penetrance of a genotype is the risk of disease for the individuals carrying the genotype: 

      𝐷  𝐴𝐴  

Exposed (E+) Non-exposed (E-)

cases a b

controls c d
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      𝐷  𝐴𝐵  

      𝐷  𝐵𝐵  

The relative risks for AB versus AA and for BB versus AA can be expressed according to these 

penetrances. 

        
    

   

   
 

        
    

   

   
 

In order to reduce the number of parameters and only estimate one relative risk RRG for the 

genetic marker, we can assume relations between the penetrances, which is equivalent to 

assume relations between the relative risks. Thus, three model of inheritance are classically 

defined: the dominant model, the recessive model and the multiplicative model (table 1.5). 

Note that the multiplicative model can be called additive because of the log-model usually 

used in the logistic regression model. Considering that the odds ratios and the relative risks are 

equivalent, we can extrapolate these relations to the odds ratios. In the co-dominant model, 

no relation between the penetrances is assumed and the two genotype effects RR1 and RR2 are 

estimated. 

 
Table 1.5 | Inheritance models. Relations on penetrances and on relative risks (RR) for the dominant, the recessive 
and the multiplicative models of inheritance. 

1.3. Association test using a logistic regression model 

Regression models are used to express the mean value of a continuous variable (dependent 

variable) as a function of the values of other variables (explanatory variables) noted Xi, 

(i=1,..,k), either qualitative or quantitative. For a dichotomous response as the case-control 

status that follows a binomial distribution, the logistic regression model uses the logit 

transformation. 

            
  𝐷  

 −   𝐷  
         

 

   

 

Model Relations on penetrances Relations on RR 

Dominant  𝐵𝐵 =  𝐴𝐵 =  𝐴𝐴 ∗   𝐺    1 =   2 =   𝐺  

Recessive  𝐵𝐵 =  𝐴𝐵 ∗   𝐺 =  𝐴𝐴 ∗   𝐺    1 = 1 ;   2 =   𝐺  

Multiplicative  𝐵𝐵 =  𝐴𝐵 ∗   𝐺 =  𝐴𝐴 ∗   𝐺
2    1 =   𝐺  ;   2 =   𝐺

2  
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The least square methods can be applied to find the maximum likelihood estimators of the 

coefficients. This method basically found the values of the coefficients that minimize the 

difference between the observed and the fitted values (the residuals). 

In a case-control study, for each variable, the β coefficient is the logarithm of the OR. 

                  

If the variable is dichotomous, the OR corresponds to the risk of the individuals having a value 

of 1 over the risk of the individuals having a value of 0. If the variable is continuous, the OR 

corresponds to the risk for an increase of 1 unit of the variable. 

The logistic regression model is highly used in genetic epidemiology, and more generally in 

epidemiology, as it allows the inclusion of various variables in a same model and thus the 

adjustment for confounding variables or the addition of interaction terms. 

In case-control association with SNPs, coding of the variables depends on the assumed 

underlying model of inheritance for each SNP. These codes are detailed in the table 1.6. 

 

Table 1.6 | SNP variable codification. The codification of SNP variables in the logistic regression model depends on 
the assumed underlying inheritance model. 

In order to decide whether the null hypothesis H0 of no association between a variable X and 

the disease status has to be rejected or not, a statistical test is required. 

 
𝐻     
𝐻     

    
𝐻      
𝐻      

   

Three tests are that are asymptotically equivalent can be used. 

1.3.1. The Wald test 

The Wald test is based on the difference between β and 0 and the Wald statistic W follows a 

chi-square distribution with 1 degree of freedom: 

Inheritance models dominant recessive multiplicative

Genotypes X X X X1 X2

AA 0 0 0 0 0

AB 1 0 1 1 0

BB 1 1 2 0 1

co-dominant



Chapter 3. Genome-wide association studies 

36 

  
   

       
   

  

1.3.2. The likelihood ratio test 

The likelihood ratio test (LRT) compares the likelihoods of two models (L1 and L2) that differ for 

one or more variables. All the variables in the first model should be in the second one that has 

additional variables and the difference d in the number of variables defines the degree of 

freedom of the chi-square distribution of the statistics. In particular, when we are interested in 

a single variable X, the second model contains the variable X whereas the first model does not. 

The additional variables eventually present in the model should be in both models. 

Model 1:                 
 
    

Model 2:                    
 
    

Because the two models differ for one variable, the statistics follows a chi-square distribution 

with one degree of freedom: 

         
  

  
    

  

1.3.3. The score test 

The score test is based on the tangent of the likelihood function curve at 0. Let L be the 

likelihood function of β, U be the first partial derivative of the log(L) function and I be the 

negative of the second partial derivative of the log(L) function. 

     
        

  
 

𝐼    −
         

   
 

The score statistics follows a chi-square distribution with one degree of freedom: 

       
       

𝐼     
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2. Genome-wide association studies with SNPs 

With the improvement of SNP-arrays, it is now possible to test for association at the genome-

wide scale. Genome-wide association studies (GWAS) represent a powerful and cost-effective 

study design to identify genetic markers, here SNPs, involved in the development of complex 

diseases using samples of thousands of cases and thousands of controls. Usually, the 

association test is performed independently for each SNP using classical statistical tests such as 

previously described. Some specific issues used in these studies are described and discussed 

hereafter. 

2.1. Quality control 

Previous to the statistical analysis, a quality control step is needed to identify genotyping 

errors that could lead to false significant association. Here, we introduce three major and most 

used criteria in case-control designs. 

2.1.1. The missing genotype rate 

The missing genotype rate in SNP and in individual allows the identification of respectively 

failed probes and bad quality DNA. Usually thresholds of 5% or 10% are considered to exclude 

the whole probe or the whole sample from further analyses. A difference between missing 

rates in cases and controls for one SNP can also highlight technical problems and yield false 

association. 

2.1.2. The minor allele frequency 

The minor allele frequency (MAF) of a SNP refers to the frequency of the less common allele. 

Rare SNPs, usually with a MAF lower than 1% or 5%, are often excluded from the analysis as 

they are more prone to be genotyping errors and they can lead to inflated statistics when 

using asymptotic distributions. 

2.1.3. The Hardy-Weinberg proportion test. 

The Hardy-Weinberg equilibrium (HWE) states that allelic and genotypic frequencies remain 

constant from one generation to the next, and the Hardy-Weinberg proportions (HWP) link the 

allelic and genotypic frequencies by a mathematical relation (Hardy 1908; Weinberg 1908) 

(table 1.7). For a SNP with alleles A and B, expected genotype counts under the HWP can be 

obtained from the estimated allelic frequencies (p and q respectively) as expressed in table 

1.7, in which the allelic frequencies p and q are calculated as follow: 



Chapter 3. Genome-wide association studies 

38 

    𝐴  
 ∗        

 ∗              
 

    𝐵   −   

 

Table 1.7 | Observed and expected genotype counts under the Hardy-Weinberg proportion. p is the frequency of 
the allele A and q is the frequency of the allele B. 

The null hypothesis of HWP can be tested using a Pearson goodness-of-fit statistics that 

follows a chi-square distribution with 1 degree of freedom (the alternative hypothesis is a 

departure from the HWP). 

    
   − 𝐸  

 

𝐸 
            

   
  

Because observed genotype counts can be altered by genotyping errors, a usual criterion to 

identify failed probes is to test for the HWP at each SNP, only in the control population since 

HWP departure is expected in cases if an association exists between the SNP and the disease. 

However, HWP departure can be due to other reasons than genotyping errors, such as natural 

selection, inbreeding, population stratification, or copy-number variants overlapping the SNP. 

But systematic genotyping errors would create a much larger departure from the HWP than 

would do these other possible reasons. Thus, and additionally to the multiple testing issue 

discussed hereafter, a highly significance threshold of 10-7 is usually chosen to reject the HWP 

hypothesis and exclude the SNP from further analysis. 

2.2. Population stratification 

Population stratification, or population structure, refers to the systematic difference in allelic 

frequencies between two populations of individuals, due to non random mating. In GWAS, 

spurious associations can arise if the case-control sample is designed from a mixture of two 

sub-populations. If the disease prevalence depends on the sub-population, cases are more 

likely to be selected from the sub-population with the highest prevalence. Thus all the SNPs 

with systematic differences in allelic frequencies will be found to be artificially associated to 

the disease. Population stratification acts as a confounding variable. 

AA AB BB Total

Observed counts (O) nAA nAB nBB N

Expected frequencies under HWP p2 2pq q2

Expected counts (E) under HWP N*p2 N*2pq N*q2

Genotypes
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Downstream to the analysis, it is obviously necessary to carefully identify the targeted 

population to avoid such systematic bias in the GWAS, or match cases and controls according 

to the sub-population, or more practically to the region of origin. Upstream of the analysis, 

quantile-quantile (QQ) plots are used to identify an excess of associated SNP that could arise 

because of systematic differences in allelic frequencies due to population stratification. Under 

the assumption that most of the SNPs are not associated with the disease and thus their 

corresponding statistics follow the null hypothesis distribution, the plot of the observed 

statistic distribution versus the expected statistic distribution under the null hypothesis should 

follow the identity line for most of the SNPs.  

If population stratification is identified in a GWAS, it is necessary to adjust for it. The most 

popular method is to perform a PCA with the SNP genotypes (box 1.2). Usually, the first few 

principal components are sufficient to explain most of the variance and summarize genetic 

substructure. They can be integrated in the association model to adjust for population 

stratification and reduce the excess of associated SNPs. 

Box 1.2 | The principal component analysis. 

The principal component analysis (PCA) aims in reducing the information of several covariates (possibly 

correlated), into few uncorrelated components, the principal components (PCs). The PCs are ordered by 

the percentage of variance they explained, from the larger to the smaller. This method is a standard tool 

in data analysis because it is simple and useful to reduce the dimensionality of complex datasets and to 

highlight the similarities and differences in the data. 

Basically, this method computes the eigenvectors of the variance-covariance matrix of the original 

dataset containing the observations in rows and the covariates in columns. The eigenvectors are then 

used to apply a linear transformation to the original dataset in order to obtain the principal component 

values for each observation. 

Through large genome-wide SNP analyses, population stratification was shown to exist in 

populations that were previously assumed to be homogeneous, such as the European 

population (Heath et al. 2008), or even in a single country as described in the UK (Bersaglieri et 

al. 2004). Indeed, at the European level, Heath et al. (2008) found that the two first principal 

components resulting from a PCA were associated with the North-South and the East-West 

gradients respectively, the SNP information being correlated with the geography. This 

highlights the importance of controlling for population stratification in GWAS, even if the 

sample is drawn from a single continent, country or region. 
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2.3. Multiple testing 

In the frequentist hypothesis testing, the decision to reject the null hypothesis is taken with a 

risk α (the type-1-error) if the observed statistics falls into the α–percentile tail of the null 

distribution. By definition and under the null hypothesis, repeating the experiment will lead to 

reject the hypothesis α percent of the times on average. Similarly, testing multiple null 

hypotheses simultaneously will lead to randomly and falsely reject α percent of them without 

any control on the global error. For instance, using the Illumina 1M array that contains 

approximately 1,000,000 SNPs to conduct a GWAS, even if no SNP is associated with the 

disease, we expect to obtain a p-value of 0.05 or lower for 50,000 of them. 

In order to control for the global error over all the tests, and not only for the error of each 

single test, an additional criterion to the type-1-error should be considered. Here, we present 

the two main criteria and some of the procedures controlling for them, even if these 

procedures assume the independence of the tests that is wrong when studying SNPs given the 

linkage disequilibrium that exists in some regions of the genome. 

2.3.1. The family wise error rate 

The family wise error rate (FWER) is the probability of falsely rejecting at least one null 

hypothesis. The most popular procedure to control the FWER at a level α is the Bonferroni 

correction (Fisher 1935). This procedure considers a corrected threshold α’ to reject the null 

hypothesis, given the number of tests performed (m): 

   
 

 
 

Another correction controlling for the FWER is the Sidak correction (Sidak 1967). The corrected 

threshold α’ to reject the null hypothesis, given the number of tests performed (m) is: 

    −   −   
 

   

2.3.2. The false discovery rate 

The false discovery rate (FDR) is the average proportion of falsely rejected tests. Unlike the 

FWER, the FDR allows some errors but controls for them. The most popular correction that 

controls for the FDR is the Benjamini-Hochberg procedure that is a sequential procedure in 

which the corrected p-values depend on the order of the original p-values (Benjamini and 

Hochberg 1995). For each original p-value, the higher its range, the lower its corrected p-value. 
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This procedure orders the original p-values from lower to greater (the ith p-value is noted p(i)) 

and looks for the kth p-value such as: 

      
 

 
 

If such k exists, the null hypothesis is rejected for all the tests of rank lower or equal to the 

rank k. 

As a consequence of sequential procedures that involves the rank of the original p-value, the 

decision of rejecting or not the null hypothesis for a single SNP can depend on the set of tested 

SNPs. This issue arises when a region is known to be highly associated to the disease and the 

objective is to found new associated genetic variants. The question of whether this region 

should be excluded from the analysis has been previously discussed and it appeared that, for 

small genetic effects, new genetics variants truly associated to the disease are more likely to 

be detected if associated regions are not excluded (Marenne et al. 2009). 

2.3.3. Multiple testing in GWAS 

In GWAS, the FWER is usually preferred to the FDR in order to not have any false significant 

association. The genome-wide significance threshold was estimated to 7.2x10-7 in order to 

control for the FWER in such analysis (Dudbridge and Gusnanto 2008). However this threshold 

is highly restrictive, especially considering the small power of GWAS. Thus, in most of the 

GWAS, an arbitrary significance threshold is often used, usually between 10-7 and 10-5 to select 

the most associated SNPs, or alternatively no p-value threshold is used but the N top SNPs 

(where N can be 10, 20 or even 100) are selected. Then, replication steps are needed where 

the top-significant SNPs are genotyped in a second tier (a replication set), yielding a smaller 

subset of significantly associated SNPs that are then tested in a third tier (a second replication 

set), and so on, this is the tiered design (Manolio 2010). But this design requires very large 

consortium in which several large independent series of cases and controls are available, and 

for which the genotyping platforms are not necessarily the same, potentially inducing 

heterogeneity and a loss of power in the replication steps. 

 

3. Genome-wide association studies with CNVs 

The decreasing cost of SNP-arrays over the last ten years has allowed the realization of many 

genome-wide association studies for a large range of diseases, with SNPs data for thousands of 
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samples. Through these studies, a lot of SNPs were shown to be associated to many complex 

traits. However, all together, they explain only a little part of the complex trait variance in the 

studied population, leaving unexplained the great part of the heritability, the so-called 

“missing heritability”. The challenge nowadays is to find this missing or hidden heritability 

(Manolio et al. 2009). 

Among other hypotheses, CNVs have been proposed as candidates to explain the missing 

heritability of complex diseases, and more generally, they are described as an important 

source of genetic variations to be studied (Beckmann et al. 2007; Estivill and Armengol 2007; 

Zhang, F. et al. 2009). Three main observations support the need of better characterizing the 

implication of CNVs in phenotypic traits. First, they encompass a large proportion of the 

human genome and many genes (Redon et al. 2006; Conrad et al. 2010). Second, CNV dosage 

correlates with the expression of their overlapping genes (Stranger et al. 2007). Third, some 

CNVs were shown to be associated with clinical phenotypes (Lupski et al. 1991; Gonzalez et al. 

2005; Fanciulli et al. 2007; Ionita-Laza et al. 2009). 

As previously described, genome-wide detection of CNVs can be done using the SNP-array data 

used to perform GWAS and widely available for a large range of complex diseases. Using these 

data, it is thus possible to test for the association between CNVs and disease without any extra 

cost of genotyping. Indeed, many genome-wide association studies with CNVs are already 

published, whose number still increases. A large range of complex traits were investigated 

through these studies, mainly mental disorders (The International Schizophrenia Consortium 

2008; Glessner et al. 2009; Lee, K. W. et al. 2012), but also asthma (Ferreira et al. 2011), 

osteoporosis (Yang et al. 2008), diabetes -type-1 and type-2- (Grayson et al. 2010; Bae et al. 

2011), body mass index (Sha et al. 2009), human height (Li, X. et al. 2010), and in some cancers 

(neuroblastoma and aggressive prostate cancer) (Diskin et al. 2009; Liu et al. 2009). These 

studies used either data generated with Illumina or Affymetrix, whose resolution varied from 

the Illumina 300K platform to the Affymetrix 6.0, and used different CNV calling algorithms. 

3.1. CNV from SNP-array data: some specific issues 

3.1.1. Quality control 

Because some quality control criteria used in the SNP analysis are not relevant when studying 

CNVs, a specific quality control process is needed for CNV assessment with SNP-array data. In 

particular, bi-allelic genotypes for SNPs in CNV regions are prone to fail the Mendelian 

inheritance and the Hardy-Weinberg proportion test (Lee, S. et al. 2008). 
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The specific quality control process does not exclude probe, rather, it excludes individuals 

having noisy intensity data who could lead to false CNV detections. Noisy data are identified 

based on the LRR and BAF distribution across the whole autosomal probe set. Criteria have 

been proposed by the authors of PennCNV and QuantiSNP (Colella et al. 2007; Wang et al. 

2007) (table 1.8), but a large heterogeneity exists in the published studies. The main criterion 

frequently used in all studies is the standard deviation of the LRR computed over all the 

autosomal probes. Other criteria were proposed by Wang et al. (2007) such as the wave factor 

that measures the waviness or fluctuation of the LRR, or the BAF drift that is the fraction of 

markers with unexpected BAF values, i.e. between 0.2 and 0.25 and between 0.75 and 0.8, 

both are computed across the autosomal probes. Colella et al. (2007) proposed to compute 

the outlier rates in the LRR and BAF distributions to detect noisy samples, i.e. the fraction of 

autosomal probes with extreme values of respectively the LRR and the BAF. Itsara et al. (2009) 

proposed to calculate, for each probe, the b-deviation which is the minimum value of {BAF, 1-

BAF, |BAF-0.5|}, then the median of the b-deviation over the autosomal probes is used as a 

quality criteria. For each of these criteria, the authors recommended thresholds to identify and 

exclude the noisy samples (table 1.8). Additionally to these criteria and after the CNV calling, 

some individuals can also be excluded if too many CNVs have been detected in their genome, 

indicating a general bad calling quality. 

 

Table 1.8 | Specific quality control criteria for CNV. CNV-QC criteria and thresholds recommended in different 
published works. (a) (Wang et al. 2007). (b) (Colella et al. 2007). (c) The wave factor measures the waviness or 
fluctuation of the LRR. (d) The BAF drift is the percentage of probes with unexpected BAF values, i.e. between 0.2 
and 0.25, and between 0.75 and 0.8. (e) The b-deviation is the minimum value of {BAF, 1-BAF, and |BAF-0.5|}. 

Once CNVs have been detected in each individual, a post-calling quality control can be done, 

removing some of the detected CNVs in order to limit the false detection rate. Usually, criteria 

on length, number of probes, or median of the LRR within the detected CNVs, are used to filter 

Criteria PennCNV(a) QuantiSNP(b) Itsara et al., 2009

LRR standard deviation ≤0.28 ≤0.35 ≤0.25

LRR average  -  - ≤0.10

LRR wave factor(c) [-0.04 - 0.04]  -  - 

LRR outlier rate  - ≤5% or 10%  - 

BAF standard deviation  - ≤0.10  - 

BAF median [0.45 - 0.55]  -  - 

BAF drift(d) ≤0.002  -  - 

Mean of b-deviation(e)  -  - ≤0.05

BAF outlier rate  - ≤5% or 10%  - 
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out CNVs, even if no study showed the relevancy of these criteria and there is no consensus on 

threshold values for these different filtering. 

3.1.2. Batch effect 

As previously described, CNVs are detected from SNP-array on the basis that allele intensities 

are related to the number of each allele at a SNP for an individual. Then, LRR and BAF are 

computed considering all individuals together for each SNP separately. Thus, the assumption is 

done that individual intensities are comparable for one SNP. However, the level of intensity is 

sensitive to experimental conditions, such as the technician or the ambience conditions (e.g. 

temperature, humidity rate, or level of ozone in the laboratory) (non-published observation). 

Thus, samples processed together are more likely to have similar intensity levels than samples 

processed at different times. This is the so-called batch effect that can lead to spurious 

association findings if cases and controls are not homogeneously distributed among batches. 

It is difficult to assess correctly experimental conditions and account for them in the analysis. 

However a batch effect can be identified by performing a PCA (box 1.2) on the LRR data. Using 

PCA Craddock et al. (2010) evidenced a DNA source effect and found differences in LRR 

depending on whether DNA was extracted from blood or cell lines. 

3.2. Different strategies to test for association with CNVs 

The biological reality of a CNV is a region that spans many bases and varies in a discrete 

number of copies across samples. SNP-array data provide for each marker and each sample a 

continuous measure related to the number of copies which is the LRR for Illumina. Thus, and as 

observed in the literature, a wide range of strategies can be used to test for the association 

between the number of copies at a genomic region and a phenotypic trait. The first thing is to 

choose the level at which the test will be performed, either the probe or the genomic region. 

The second thing is to choose the variable to consider, either the continuous measure or the 

discrete number of copies. We identified five strategies that can be used to test for the 

association between a CNV and a trait, especially here a disease (cases versus controls). The 

figure 1.7 defines these five strategies, numbered from 1 to 5, according to the prior 

information on candidate genomic regions used or not, and to the application of a CNV calling 

algorithm or not. These strategies are detailed hereafter. The advantages and limitations of 

these strategies are listed in the table 1.9. 
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Figure 1.7 | Strategies for CNV association. This flowchart details possible strategies and tests of association with 
CNV data provided by SNP-array according to the CNV variable (continuous or discrete) and the genomic level at 
which the association is performed (probe or region). We identified five strategies numbered from 1 to 5 in the 
circles. 

3.2.1. Association with CNVs using the LRR 

Because the CNV calling may not be accurate, leading to many misclassified individuals and 

thus false positive association results, some investigators recommended working directly on 

the continuous intensity measure which is the LRR for Illumina SNP-array data (McCarroll and 

Altshuler 2007; Ionita-Laza et al. 2008). 

When an agnostic approach is used without prior information on candidate genomic regions, 

strategy 1 (figure 1.7), consists in using the continuous measure at the probe level to test for 

the association with the disease. This strategy compares the LRR distributions in cases and 

controls, either using a student t test, a Wilcoxon rank sum test or a logistic regression model if 
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to the model is adjusted for confounding variables. This strategy assumes a trend on the LRR 

level, and thus on the underlying ordinal number of copies, either the greater the LRR, the 

higher the risk of the disease, or the greater the LRR, the lower the risk of disease. 

                

     
                                 

 
Table 1.9 | Advantages and limitations of the strategies for CNV association. This table discusses the five 
strategies proposed to test for the association between CNV and disease (numbered from 1 to 5 in the figure 1.7). 

However, using the LRR at the probe level faces some limitations (table 1.9). One of them 

regards to the interpretation of the estimated risk. In the regression logistic model, the 

estimated OR for the continuous LRR corresponds to the risk of an increment of one in the LRR 

level, which cannot be interpreted biologically. Nevertheless, the estimated OR indicates the 

direction of the association, whether the cases have a lower or greater LRR level, and thus a 

higher or greater number of copies, than the controls. Another limitation is the lack of power 

of the association test. Indeed, the CNV overlapping the probe should be common enough in 

order to be able to detect a significant difference between the LRR distributions in cases and 

Strategies Advantages Limitations 

1. LRR at the probe 
level 

‒ Overpass the limitation of the CNV 
calling 

‒ Allow the detection of the CNV 
regions associated to the disease by 
an excess of close and highly 
associated probes 

‒ The probes in a CNV region contain 
the same information, and the test are 
highly correlated 

‒ The LRR information of a single probe 
is noisy 

‒ Assume a trend on the number of 
copies 

2. LRR at the level of 
the genomic region 

‒ Overpass the limitation of the CNV 
calling 

‒ Use information on the whole region 

‒ The region breakpoints should 
correspond to the region associated to 
the disease 

‒ Assume a trend on the number of 
copies 

3. “Deep” CNV calling 
at the level of the 
genomic region 

‒ The CNV calling should be more 
accurate 

‒ Allow the test of several model of 
inheritance of the disease risk 

‒ The region breakpoints should 
correspond to the region associated to 
the disease 

‒ Possible misclassification of the 
individual 

4. “Wide” CNV calling 
at the shared region 
level 

‒ Allow the test of several model of 
inheritance of the disease risk 

‒ The shared region of CNV should 
correspond to the region associated to 
the disease 

‒ Definition of the shared regions 
‒ Possible misclassification of the 

individual 

5. “Wide” CNV calling 
at the probe level 

‒ Allow the test of several model of 
inheritance of the disease risk 

‒ Allow the detection of the CNV 
regions associated to the disease by 
an excess of close and highly 
associated probes 

‒ The probes in a CNV region contain 
the same information, and the test are 
highly correlated 
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controls. The noise existing in the allele intensity measure of each probe in SNP-array platform, 

and thus in the LRR, can also reduce the power to detect an association between the number 

of copies and the disease. 

In order to reduce the noise at each probe, an alternative is to consider a set of consecutive 

probes and summarizing the LRR across them. This strategy is possible when prior information 

on the candidate region locations is available, and a minimum of two probes are located within 

the candidate regions. The higher the number of probe in a region, the more accurate the 

summarized signal. This is the strategy 2 presented in the figure 1.7 for which a method called 

CNVtools was developed and implemented in an R package (Barnes et al. 2008). 

Assuming that each genomic region contains several probes, the authors of CNVtools proposed 

various ways to compute the summarized signal across the probes in a region. The optimal one 

is based on a principal component analysis (PCA) followed by a linear discriminant function. 

The PCA uses the correlated signals of the different probes in the region, downweighting the 

less informative probe signals, to provide uncorrelated principal components from which only 

the first one is kept as the summarized signal. Through this analysis, individuals with a similar 

number of copies and thus a similar signal across the region, have a similar summarized signal, 

which is assumed to be normally distributed. Thus, the overall summarized signal distribution 

is considered as a mixture of Gaussians. In order to well determine the different underlying 

Gaussian distributions and cluster each individual in a copy number category, the distributions 

have to be optimally separated. To this aim, the authors propose to improve the summarized 

signal by performing a Gaussian mixture model using the PCA transformed signal under the 

null hypothesis of no association between the copy number categories and the case-control 

status. This analysis provides preliminary copy number category assignments that are used to 

model the original probe signals through a linear discriminant function that provides an 

optimal and well differentiated summarized signal across the region for each individual. This 

cannot be considered as a CNV calling because this analysis does not aim at assessing the 

specific number of copies of each individual. Rather, it groups together individuals with a 

similar copy number signal across the region. 

Once the probe signals have been summarized for each individual, CNVtools models the 

probability of a signal x, a phenotype y and an unobserved category of copy number n with 

three components. 
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The first component refers to the distribution of the x signal, which is assumed to have a 

Gaussian distribution with mean and variance defined as follow:  

               

                 

If a batch effect potentially affects the signal distribution and the batches of individuals are 

provided, these models are fitted separately for each batch. 

The second component refers to the phenotype y estimated through a logistic regression 

model containing the non-observed number of copies as a continuous explanatory variable. 

Thus, the model assumes a trend on the number of copies, either the more copies, the more 

risk of disease, or the more copies, the less risk of disease. 

                     

The third component refers to the copy number categories distribution, assumed to be 

multinomial. 

The overall model is fitted by maximizing the likelihood using the Expectation-Maximization 

algorithm in order to obtain estimates for each of the parameters, in particular for    noted 

   . The significance of the association between the case-control status and the copy number 

categories is provided by the likelihood ratio test that compares the likelihoods of the models 

under the null hypothesis (𝐻      ) and under the alternative hypothesis with    . The 

version of CNVtools used in this work allows the adjustment of the analysis for qualitative 

variables only. It also returns the probabilities of disease given each copy number category. 

Thus the relative risk between two copy number categories can be computed. 

3.2.2. Association with CNVs after applying a CNV calling algorithm 

As previously described, various algorithms are available to call CNVs from SNP-array data. 

These algorithms can be used either with prior information on the CNV regions (“deep”) as 

used in the strategy 3, or with an agnostic approach independently for each individual (“wide”) 

as used in the strategies 4 and 5 (figure 1.7).  

In order to perform an association test at the region level, the region breakpoints have to be 

the same in all individuals. This is true when using a “deep” CNV calling method. But when 

using a “wide” method to call the CNVs for each individual independently, it is likely that the 

individual CNV breakpoints in a shared CNV region are not exactly the same, and a detected 
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CNV in one individual can even span various detected CNVs in another individual. The strategy 

4 (figure 1.7) assumes that shared CNV regions can be defined after applying a “wide” CNV 

calling method and the association test is performed in each of these regions. 

But the larger the sample size, the more complex the definition of shared CNV regions. Thus, in 

order to avoid the question of shared CNV regions when using a “wide” algorithm, an 

alternative strategy is to perform the association test at the probe level but using the 

information of the CNV calling as proposed in the strategy 5 (figure 1.7). Each individual and 

each probe is given a number of copies: if a CNV was detected overlapping the considered 

probe for the considered individual, the call provided by the previously applied CNV calling 

algorithm is used; elsewhere, the call is 2 copies. 

Whatever the strategy used after calling the CNVs, a discrete number of copies is available for 

each individual, usually between 0 and 4 copies. The number of copies can then be used to test 

for the association with the disease of interest in different ways according to the hypothesis. 

One hypothesis assumes a trend on the number of copies, meaning that the disease risk is 

assumed to be associated with the ordinal number of copies, either the more copy, the more 

risk, or the more copy, the less risk. Assuming a trend, a logistic regression model can be used 

that contains the number of copies as a numeric explanatory variable (noted CN in the model). 

In this model, the estimated OR corresponds to the risk of each extra copy. 

            𝐶    𝐶              

   
      

      
      

      

Another possibility is to assume that the disease risk is associated with one CNV type, either 

the deletions or the duplications, or to any abnormal number of copies. Different hypotheses 

can be tested by comparing two groups, either “deletion” (0 and 1 copy) versus “no deletion” 

(2 or more copies), or “duplication” (3 or more copies) versus “no duplication” (2 or less 

copies), or “CNV” (different from 2 copies) versus “no CNV” (2 copies), using a chi-square test if 

the number of individuals is large enough in each category, a Fisher’s exact test or a logistic 

regression model allowing the adjustment for confounding variables. 

When the hypothesis assumes that the deletions are associated to the disease risk, the logistic 

regression model is: 

            𝐷𝐸    𝐷𝐸   
     𝐶       
     𝐶          
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When the hypothesis assumes that the duplications are associated to the disease risk, the 

logistic regression model is: 

            𝐷     𝐷    
     𝐶   
     𝐶   

  

             
                   

When the hypothesis assumes that any abnormal number of copies is associated to the 

disease risk, the logistic regression model is: 

            𝐶     𝐶    
     𝐶   
     𝐶   

  

     
           

3.3. Association with SNPs located in CNV regions 

Given the large part of the human genome covered by CNVs (Redon et al. 2006; Conrad et al. 

2010), a significant proportion of the SNPs are located in CNVs and it is thus biologically 

plausible that both the number of copies and the actual alleles present could play a role in 

disease susceptibility (Beckmann et al. 2007; Korn et al. 2008). In order to test jointly for the 

effects of both the number of copies and the allele, Korn et al. (2008) proposed a model 

containing two terms that are the sum and the difference of the number of each allele 

(respectively #A and #B). 

                 𝐴   𝐵      𝐴 −  𝐵   

The association with either the number of copies or the allele is tested using a likelihood ratio 

test with two degrees-of-freedom comparing this model and the null model containing the 

intercept only. However, this model has not been evaluated for its statistical properties and 

has not been compared to other strategies to test for association. This is further discussed in 

the part 4 of this thesis in which we present a methodological work to compare different 

strategies to simultaneous test for the association of both the number of copies and the allele 

for SNPs located in CNV regions. 
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PART 1 in brief 

The DNA carries the genetic information, with a large range of variation types making it unique 

for each individual. In this work, we focused on two types of variations: the SNPs that are 

nucleotide changes leading to two different possible alleles, and the CNVs that are genomic 

regions that can be deleted or duplicated, leading to a variable number of copies of the region. 

Genotyping technologies are evolving constantly, cost-effective high-throughput SNP-array 

platforms allowing at present the genotyping of thousands of individuals with more than one 

million of markers spanning the whole genome. By measuring the two allele-intensities, these 

platforms provide information both on the SNP alleles and the number of copies of CNVs. 

Large case-control genome-wide association studies can be conducted by using the 

information, either on the SNP, on the CNV, or combining both information for SNPs located in 

CNV regions. For CNV analysis, different association strategies can be performed, either by 

applying a CNV calling algorithm in order to have the number of copies, or by working with the 

continuous signal intensities, either at a genomic region level, or at the probe level. 
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Chapter 1 

Introduction to bladder cancer 

 

Cancer is a leading cause of death worldwide (World Health Organization 2008; Jemal et al. 

2011). In health sciences, the name cancer comprises several diseases involving a locally 

uncontrolled proliferation of cells resulting in a mass of cells named malignant tumor or 

neoplasm with the potential of metastasizing. This phenomenon can occur anywhere in the 

body. In the present we focus on cancers occurring in the urinary bladder, representing one of 

the major types of cancer. This chapter aims to introduce bladder cancer, its importance in 

public health at the worldwide level and in particular in Spain, the tumor characteristics and its 

etiology. 

 

1. Bladder cancer: a worldwide public health concern 

 
Figure 2.1 | Bladder cancer world map. This map displays the age-standardized incidence rates for each country 
(GLOBOCAN 2008). 
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Bladder cancer is a worldwide disease with 382,660 new cases and 150,282 deaths according 

to the estimation provided by GLOBOCAN 2008 (Ferlay J 2010). The world age-standardized 

incidence rate is 5.3 per 100,000, though it varies across countries, with a higher rate in Europe 

and USA, and generally in developed countries (figure 2.1). Within Europe, the higher age-

standardized incidence rates are observed in Denmark and Spain (14.5 and 14.4 per 100,000 

respectively) (figure 2.2.A) (Ferlay J 2010). 

Bladder cancer presents higher incidence rates in men than in women with a worldwide male-

female ratio of approximately 3:1. In men, the disease ranks the fourth in developed countries 

and the seventh in developing countries (Ferlay J 2010). Spain presents one of the highest 

incidence rates in men worldwide, both crude and age-standardized (51.2 and 27.7 per 

100,000 respectively) with a male-female ratio of 8.7:1 and 6.5:1 respectively (figure 2.2.B and 

C). 

Because of the chronic nature of bladder cancer, its prevalence - proportion of individuals 

living with the disease- is one of the highest among all cancers, bladder cancer presenting one 

of the highest costs per patient, from diagnosis to death, to health care systems (Lotan et al. 

2008). This fact highlights the need to increase the understanding of the development 

mechanisms of this cancer with the ultimate goal of designing better prevention strategies and 

treatments. 

 
Figure 2.2 | Age-standardized incidence and mortality rates of bladder cancer in Europe. These plots display the 
age-standardized incidence and mortality rates for the top 20 European countries ranked according to the age-
standardized incidence rate (GLOBOCAN 2008), for all the population (A), the men population (B) and the women 
population (C). 
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2. Bladder cancer tumorigenesis 

The concept bladder cancer refers to various types of tumors occurring in the bladder. In this 

work, we focus on the most common bladder cancer type that occurs in about 90% of the 

cases: the urothelial or transitional cell carcinoma of the bladder (UCB) (Silverman et al. 2006). 

It is assumed that UCB starts in the lining of the bladder before invading the bladder wall, 

which depth defines the tumor T-stages (figure 2.3.A). 

 
Figure 2.3 | Stages and grades of the transitional cell carcinoma of the bladder. Stages of UCB are defined 
according to the depth of invasion (A), and grades are defined according to the histopathology of the tumor. The 
stages and grades result in a three-group classification of the UCB: the low-risk non-muscle invasive tumors, the 
high-risk non-muscle invasive tumors, and the muscle invasive tumors (B). 

Based on the T-stages, tumors are classified as non-muscle invasive (superficial) and muscle 

invasive bladder cancer. The former includes tumors in situ (Tis) and lower T-stage neoplasms 

(Ta-T1), while the latter includes the T2-T4 tumors. A complementary classification of bladder 

cancer has been proposed by the World Health Organization (WHO) and the International 

Society of Urological Pathology (ISUP). This is based on the histopathology of the tumor 

consisting on a microscopic examination of a tissue slide extracted by biopsy, and resulting in 

two or three grades of differentiation of the cell, from well differentiated to poorly 

differentiated, according to the distinct WHO-ISUP classifications: WHO1973, WHO/ISUP 1999, 

WHO/ISUP2004 (Mostofi et al. 1999; Babjuk et al. 2011). 

About 80% of the newly diagnosed bladder cancer are non-muscle invasive tumors that are 

further classified as low or high-risk of progression to muscle invasive tumors according to 

their histopathological grade, multiplicity and tumoral size. Low-risk non-muscle invasive 

tumors (TaGI/GII) are likely to recur but those presenting TaGIII, the T1GII/GIII or the Tis 

tumors are more likely to progress to muscle-invasive tumors (figure 2.3.B). 
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At the molecular level, and additionally to deletions of both arms of the chromosome 9 

frequent in all subtypes with UCB, low-grade non-muscle invasive tumors were found to 

contain mutations in the FGFR3 and PI3KCA genes, whereas high-grade non-muscle invasive 

and muscle invasive tumors have been characterized by alterations in the p53 and 

retinoblastoma protein pathways, both involved in cell growth regulation (Wu, X. R. 2005; 

Hernandez et al. 2006). These observations support the sub-classification of non-muscle 

invasive tumors into low and high grade, and may have a value for diagnosis and prognosis. 

 

3. Etiology of bladder cancer 

Bladder cancer is a complex disease which development involves both environmental 

exposures and genetic factors. Several arguments support the role of environmental factors in 

the disease including the geographic variations in incidence, the higher incidence in men older 

than 50 years and the lack of strong familial aggregation. The role of environmental factors is 

further supported by the results of a large study conducted in mono-and dizygotic twins. This 

study estimated that environmental factors explain 67% of the total variance of bladder cancer 

while 31% should be attributable to heritable factors, probably through low penetrance 

variants (Lichtenstein et al. 2000). 

The best established risk factor for bladder cancer is the cigarette smoking (The International 

Agency for Research on Cancer 1986). Smokers have a 2 to 4 increased risk of developing the 

disease in comparison to non-smokers. This risk pattern increases with the number of years of 

smoking and the number of cigarettes smoked per day. An higher risk for black tobacco 

smokers versus blond tobacco smokers has also been reported (Vineis et al. 1984). 

Other environmental factors were also associated with bladder cancer risk. Occupational 

exposures to aromatic amines (4-aminobiphenyl, b-naphtylamine, benzidine, etc), polycyclic 

aromatic hydrocarbons, and dyes have strongly been associated with bladder cancer risk (The 

International Agency for Research on Cancer 1993; Silverman et al. 2006). Some trace 

elements were also associated with bladder cancer risk. In particular, higher level of arsenic 

and lower level of selenium were shown to increase the risk of bladder cancer (Silverman et al. 

2006; Amaral et al. 2010). Evidence of infection with schistosoma haematobium and 

disinfection-by-products in drinking water have also been associated to an increase risk of 

bladder cancer (Silverman et al. 2006). 
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Regarding lifestyle factors, there is little evidence of association between diet and bladder 

cancer, except for a possible protective effect of fruit and vegetable consumption. Coffee and 

alcohol intake were also studied for their association with bladder cancer risk but few evidence 

were reported (Silverman et al. 2006). Nonsteroidal anti-inflammatory drugs were suggested 

to reduce the risk of bladder cancer (Fortuny et al. 2006). 

As for genetic factors, there is no high penetrance gene identified at present explaining familial 

bladder clustering. Supporting the hypothesis of low penetrance genetic variants associated 

with bladder cancer risk, the two best established polymorphsims are: the N-acethyl 

transferase 2 slow (NAT2-slow) genotype and the homozygous deletion of Glutathione S-

transferase M1 (GSTM1-null). Both were extensively studied in bladder cancer because of their 

metabolic function in detoxifying carcinogens. Various studies replicated their associations 

with bladder cancer that were even further confirmed by a large meta-analysis (Garcia-Closas 

et al. 2005). Both variants are common in the Spanish population, 56% and 50% for NAT2-slow 

and GSTM1-null, respectively, and their effect in bladder cancer risk are moderate with ORs of 

1.4 [1.2-1.6] for NAT2-slow and 1.5 [1.3-1.6] for GSTM1-null estimated over 28 studies (Garcia-

Closas et al. 2005). Additionally, the interaction between NAT2 and cigarette smoking is one of 

the best established gene-environment interactions for complex diseases. 

Candidate gene studies have mainly focused on metabolism and DNA repair pathways. 

Additionally to GSTM1 and NAT2, these studies suggested other genes to be involved in 

bladder cancer etiology, such as the XPC gene, the ERCC family and the XRCC family of genes 

(Garcia-Closas et al. 2006; Wu, X. et al. 2006). 

Recently, and through an agnostic approach, several case-control genome-wide association 

studies (GWAS) have identified additional genetic variants associated with bladder cancer risk: 

8q24 (MYC, PSCA), 18q12.3 (SLC14A1), 3q28 (TP63), 2q37.1 (UGT1A), 19q12 (CCNE1), 4p16.3, 

5p15.33, 22q13.1 (Kiemeney et al. 2008; Wu, X. et al. 2009; Kiemeney et al. 2010; Rothman et 

al. 2010; Garcia-Closas et al. 2011; Rafnar et al. 2011). Since the majority of them are located 

in intergenic regions, fine sequencing and functional analyses are in progress to explain their 

involvement in bladder cancer development. 

As mentioned above, bladder cancer is not a unique phenotype. Rather, pathologists sub-

classify it in three types (low-grade non-muscle invasive, high- grade non-muscle invasive and 

muscle invasive tumors) fitting a finest molecular classification (Wu, X. R. 2005). Thus, it is 

likely that different factors, both environmental and genetic, are distinctly associated with 

each of the 3 bladder cancer sub-phenotypes. Through a case-case-case-control study, it has 
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been shown that the NAT2-slow and the GSTM1-null genotypes provided similar risk pattern 

according to the sub-phenotypes of bladder cancer, but some genetic variants were differently 

associated with bladder cancer sub-phenotypes: PMS2 and CD4 for muscle-invasive tumor 

cases, MMP1 for high-grade non-muscle invasive tumor cases and ALAD for low-grade non-

muscle invasive tumor cases (Guey et al. 2009). 
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Chapter 2 

The Spanish Bladder Cancer / EPICURO Study 

 

This chapter aims at presenting the Spanish Bladder Cancer (SBC) /EPICURO Study and, more 

specifically, the genetic data I used all along my thesis work. 

 

1. Design and population 

The SBC / EPICURO Study is a multicenter hospital-based case-control study conducted in Spain 

between 1998 and 2001. Cases and controls were recruited from 18 hospitals located in five 

areas of the country (Asturias, Barcelona metropolitan area, Valles/Bages, Alicante and 

Tenerife). 

The eligible cases aged between 21 and 80 years and were histologically confirmed newly 

diagnosed bladder cancer patients. Expert pathologists reviewed diagnostic slides from each 

patient in order to confirm the diagnosis and to ensure uniformity of the stage and grade 

classification of the tumors. 

Controls were patients hospitalized for reasons unrelated to cancer and tobacco use such as 

hernia, fractures, dermatological or ophthalmological disorders among others. They were 

individually matched to the cases for age at interview (± 5 years), gender and hospital. 

The participation rate was very high as 84% and 88% of eligible cases and controls agreed in 

taking part of the study and were interviewed, respectively. The SBC / EPICURO Study finally 

totalized a sample of 1219 cases and 1271 controls. 
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2. Epidemiological, clinical and follow-up information 

The study gathered the following types of information: socio-demographics and past life 

exposures were collected through personal interviews with patients; clinical-related aspects 

through the review of the clinical charts; the pathological diagnosis through a review of all 

primary tumors by a panel of expert pathologists; and the evolution of case patients through 

both a review of the clinical charts and by telephone interviews. In the following, I describe 

each of these types of information with more detail. 

2.1. Epidemiological information 

Information on established and potential risk factors such as tobacco, diet, water and air 

pollution, occupation exposures, and physical activities, personal history of drug consumption 

and diseases, familial history of cancer, as well as socio-demographics and quality of life was 

collected for each case and control of the study through a two-hour computer-assisted 

personal interview. The interviews were administered by trained monitors who evaluated the 

quality of the interview and the reliability of the responses provided. Furthermore, subjects 

were requested to provide information on the voiding frequency and the pH of the urine by 

measuring it during a week after their hospital discharge. 

2.2. Primary tumor clinical and pathological information 

This data was only collected from cases and regarded to the clinical presentation of the tumors 

(symptoms and signs), the diagnostic process, characteristics of the tumor (size, type of 

growth, multiplicity) and the treatment received. It was collected through the review of clinical 

charts conducted by trained monitors using a structured questionnaire designed to this end. In 

addition, slides from all paraffin-embedded tumoral blocks were reviewed by a panel of expert 

pathologists who homogeneously classified tumors according to the WHO/ISUP 1999 

Classification. Information on the tumor morphology and grade was systematically collected. 

2.3. Follow-up information 

All cases were followed up yearly for more than 10 years to monitor the evolution of their 

cancers and identify whether they recurred and/or progressed as well as the patient’s life 

status. Follow-up was done by trained monitors who review clinical charts and perform 

telephone interviews with the patients or their families. 
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3. Biosamples and biomarkers 

The study collected blood and toenails from both cases and controls or saliva from those who 

did not provide blood. Blood was then fractioned into serum, plasma, leukocytes, 

lymphocytes, and red blood cells. In addition, paraffin-embedded tumoral tissue was obtained 

from all cases except 68. Fresh tumoral tissue was only collected from a small number of cases 

(N=54). 

Several biomarkers of exposure and disease have been determined from these samples. 

Biomarkers of exposure including trace elements (e.g. arsenic, cadmium, selenium, cadmium, 

lead, zinc, vanadium, nickel) were measured in toenails; vitamine D was determined in serum; 

global methylation in LINE1 and D4Z4 was analyzed in leukocytes; and DNA-PAH adducts were 

measured in lymphocytes from cases and controls. Several candidate protein and gene 

alterations have been measured in tumoral tissue allowing the case-case and case-case-control 

designs embedded in the original study. 

 

4. Genetic data 

In order to conduct genetic analysis, leukocyte and/or saliva DNA were obtained for 1188 

cases (97%) and 1173 controls (92%). Since 2001, various genotyping were conducted within 

the SBC /EPICURO study following different approaches: candidate SNP/gene/pathway or 

agnostic/exploratory genome-wide genotyping (table 2.1). 

 
Table 2.1 | Genotyping done with the SBC / EPICURO samples. * CGF, NCI refers to the Core Genotyping Facility at 
the National Cancer Institute; UPF refers to the University Pompeu Fabra; CEGEN-CNIO refers to the Spanish 
National Genotyping Center unit at the Spanish National Cancer Research Center. 

In this work, I mainly refer to the genome-wide genotyping data generated for 1134 cases and 

1097 controls at the Genotyping Core Facility of NCI, USA with the Infinium Illumina Human 

Platform Laboratory* Year Interrogated variants 
Number of cases / 
controls 

TaqMan CGF, NCI, USA 2004 200 SNPs in 97 genes 1181 / 1161 

MLPA UPF, Spain 2007 40 locus in 40 genes 890 / 843 

Illumina GoldenGate CGF, NCI, USA 2006 1433 SNPs in 386 genes 1086 / 1033 

Illumina GoldenGate CEGEN-CNIO, Spain 2009 1536 SNPs in 100 genes 1160 / 1160 

Illumina HumanHap 1M  CGF, NCI, USA 2007 1,072,820 markers 1134 / 1097 

 



Chapter 2. The Spanish Bladder Cancer / EPICURO Study 

64 

1M probe BeadChip, a SNP-array platform containing 1,072,820 markers all along the genome. 

More details on this platform and the generated data were described previously in the Part1-

Chaper2. For quality control, some individuals were genotyped several times (from 2 to 4 

times), leading to a total of 2424 samples. Additionally, HapMap samples were genotyped with 

the same platform and simultaneously with the SBC / EPICURO Study samples. 

In addition to the genome-wide genotyping data, and specifically regarding the number of 

copies at the GSTM1 gene, I used the genetic data generated on TaqMan and MLPA platforms 

which are gold standard platforms for CNV as described in the Part1-Chapter2. This data were 

used in the work I present in the Part3-Chapter2 of this thesis, in which I tested for the 

association between the number of copies at GSTM1 and bladder cancer risk using callings 

from various platforms. 

4.1. CNV-specific quality control 

As described in the Part1-chapter4, a quality control specific for CNV analysis is required to 

ensure a good quality of the CNV callings, based on the LRR and BAF distributions over the 

autosomal chromosome probes and calculated for each sample. For this analysis, we applied 

the criteria and thresholds recommended by the authors of PennCNV (Wang et al. 2007), 

namely, we excluded samples having either a LRR standard deviation greater than 0.28, a BAF 

drift greater of 0.002, a BAF median out of [0.45; 0.55], or an absolute value of the wave factor 

greater than 0.04. The distributions of LRR standard deviation, the BAF drift and the wave 

factor were similar for case and control experiments (figure 2.4-A-B-C). Ninety samples failed 

for the LRR standard deviation criteria, 173 failed for the BAF drift criteria and 49 failed for the 

wave factor (figure 2.4-D). All samples had a median BAF of 0.5, thus no one failed for this 

criteria. Overall, we excluded 91 case samples and 121 control samples, remaining 1121 case 

samples and 1091 control samples suitable for further CNV analysis, corresponding to 1076 

case individuals and 1030 control individuals. Details on the distribution of this subpopulation 

according to variables such as gender, age, region and tobacco are provided in the part 5 of 

this thesis. 

4.2. Replicated samples 

For quality control reasons, a subset of individuals was genotyped two to four times. After CNV 

specific quality control, 90 individuals remained having two samples and 2 individuals 

remained having three samples suitable for CNV analysis. Each duplicated individual provided 

one pair comparison and each triplicated individual provided 3 pair comparisons. Thus, a total 
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of 96 pairs were available for comparison and used in the CNV calling accuracy study we 

conducted. This analysis and the results we obtained are further described in the part 3 – 

chapter 1. 

 
Figure 2.4 | CNV-specific quality control criteria used in the SBC/ EPICURO Study. Distributions of the LRR standard 
deviation (A), the BAF drift (B) and the wave factor (C), over the 2424 experiments. Experiments with a LRR 
standard deviation (LRR sd) greater than 0.28, or a BAF drift greater 0.002, or wave factor out of the range [-0.04, 
0.04] were excluded, leading to 91 experiments of cases and 121 experiments of controls excluded. Venn diagrams 
of the number of experiments excluded for one or more of this three criteria, for case experiment only, control 
experiments only and both case and control experiments (D). 

4.3. HapMap samples 

To further provide quality measures of the genotyping performed with Illumina HumanHap 1M 

SNP-array, 26 HapMap cell lines DNA were genotyped simultaneously with the SBC / EPICURO 

Study samples. To ensure good quality of the samples for CNV analysis and similarly to what 

we did for the SBC /EPICURO Study samples, we applied CNV-specific quality control criteria to 
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the HapMap samples. Nevertheless, and because HapMap data were generated from cell lines 

DNA, we applied less stringent thresholds on the criteria to exclude HapMap samples for 

further CNV analysis. Namely, we excluded HapMap samples having either a LRR standard 

deviation greater than 0.4, a BAF drift greater than 0.01, a BAF median out of [0.45; 0.55], or 

an absolute value of the wave factor greater than 0.04. These criteria led to exclude 5 HapMap 

samples and 21 remained suitable for further analysis (table 2.2). In particular, we used these 

data in a methodological work on-going and briefly describe in the appendix 1. 

 
Table 2.2 | CNV-specific quality control measures for the HapMap samples. Twenty-one were suitable for CNV 
analysis according to the threshold we applied. * WF refers to Wave factor. 

  Quality control criteria   

Coriell ID sd(LRR) med(BAF) BAF drift WF* Suitable 

NA10846 0.705 0.5 0.0191 -0.047 no 

NA10847 0.208 0.5 0.0013 0.013 yes 

NA07029 0.693 0.5 0.0187 0.045 no 

NA07019 0.249 0.5 0.0016 0.017 yes 

NA07048 0.250 0.5 0.0029 0.012 yes 

NA06991 0.190 0.5 0.0006 0.011 yes 

NA10856 0.232 0.5 0.0026 -0.013 yes 

NA10855 0.265 0.5 0.0040 0.018 yes 

NA12752 0.239 0.5 0.0028 0.013 yes 

NA12753 0.234 0.5 0.0013 -0.017 yes 

NA11992 0.231 0.5 0.0012 0.013 yes 

NA11993 0.227 0.5 0.0017 0.013 yes 

NA11994 0.229 0.5 0.0012 0.010 yes 

NA11995 0.265 0.5 0.0026 -0.015 yes 

NA12154 0.218 0.5 0.0017 0.012 yes 

NA12236 0.235 0.5 0.0016 -0.015 yes 

NA12155 0.230 0.5 0.0025 -0.020 yes 

NA12156 0.699 0.5 0.0224 0.048 no 

NA12003 0.206 0.5 0.0009 0.017 yes 

NA12004 0.268 0.5 0.0030 0.012 yes 

NA12005 0.222 0.5 0.0009 0.013 yes 

NA12006 1.070 0.5 0.0818 -0.498 no 

NA12760 0.360 0.5 0.0010 -0.112 no 

NA12761 0.211 0.5 0.0009 -0.030 yes 

NA12762 0.205 0.5 0.0006 -0.015 yes 

NA12763 0.246 0.5 0.0010 -0.028 yes 

 



PART 2. The Spanish Bladder Cancer / EPICURO Study 

67 

4.4. GSTM1 genotyping with three platforms 

As previously mentioned, a common deletion overlapping the GSTM1 locus is associated with 

bladder cancer risk. In Spain, approximately 50% of the general population carry 0 copy of the 

gene (homologous deletion), whereas 40% and 10 % carry respectively 1 copy (heterozygous 

deletion) and 2 copies of the gene. To further validate the CNV calls obtained from the Illumina 

HumanHap 1M SNP-array data in this region, we compared them to the CNV calling obtained 

with two other technologies, TaqMan and MLPA (table 2.1). To this aim, we restricted the 

comparison to individuals genotyped with the three technologies. In this analysis presented in 

the part 3 – chapter 2, we focused on a subset of 773 cases and 759 controls. 

 

 

 

 

 

 

 

 

 

 

PART 2 in brief 

Bladder cancer is a complex disease affecting especially older men in developing countries. Its 

etiology is mainly environmental, and principally due to tobacco smoking, but genetic factors 

are also involved that are low penetrance variants such as the NAT2-slow and the GSTM1-null 

genotypes. Spain presents one of the higher incidences of bladder cancer in men in the world. 

To better understand the mechanisms of the disease development, a large case-control study, 

the Spanish Bladder Cancer / EPICURO Study, was conducted in 18 Spanish hospitals by 

collecting accurate information on environmental and genetic data. In this work, I mainly focus 

on genetic data generated with the genome-wide genotyping SNP-array platform Illumina 

HumanHap 1M for a subset of 1076 cases and 1030 controls remaining suitable for CNV 

analysis after specific quality control. 
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Chapter 1 

CNV calling accuracy analysis using duplicated samples 

 

In 2008, when I started to work on CNV using the data from the Spanish bladder cancer (SBC) / 

EPICURO Study generated with the Illumina 1M SNP-array platform, several algorithms were 

available to call the CNVs from genome-wide SNP-array data. In particular, three algorithms 

were developed specifically for Illumina data: cnvPartition (Illumina Inc.), PennCNV (Wang et 

al. 2007) and QuantiSNP (Colella et al. 2007). However, no study was published comparing 

these algorithms or analyzing their performances with real data. Additionally, applying these 

three algorithms in a subset of the samples, we realized that the results were highly different. 

Thus, the first objective of my thesis was to compare these three algorithms available for 

Illumina data. We performed a reliability analysis by comparing the CNV callings between 

duplicated samples present in the SBC / EPICURO Study. In collaboration with Benjamin 

Rodriguez and Luis Perez-Jurado from the Pompeu Fabra University in Barcelona, Spain, we 

also performed experiments in the laboratory with the multiplex ligation-dependent probe 

amplification (MLPA) technique, which is considered as a gold-standard for CNV calling, to 

further describe the sensitivity and the specificity of the three investigated algorithms. 

This work led to various scientific publications in international scientific meetings and to a 

scientific article published in early 2010 in Human Mutation (Marenne et al. 2011). The article 

presenting the methodology and the results of this work is presented hereafter. 

 

Original article 

Gaëlle Marenne, Benjamín Rodríguez-Santiago, Montserrat García-Closas, Luis Pérez-Jurado, 

Nathaniel Rothman, Daniel Rico, Guillermo Pita, David G. Pisano, Manolis Kogevinas, Debra 

T Silverman, Alfonso Valencia, Francisco X Real, Stephen J Chanock*, Emmanuelle Génin*, 

Núria Malats*. Assessment of Copy Number Variation using the Illumina Infinium 1M SNP-

array: A comparison of methodological approaches in the Spanish Bladder Cancer / 

EPICURO Study. Human Mutation 2011 Feb;32(2):240-8. 
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Gaëlle Marenne, Stephen J Chanock, Nathaniel Rothman, Benjamín Rodríguez-Santiago, Daniel 

Rico, Guillermo Pita, Luis Pérez-Jurado, Alfonso Valencia, Kevin Jacobs, David G. Pisano, 

Ramón Díaz-Uriarte, Julie Earl, Montserrat García-Closas, Debra Silverman, Manolis 

Kogevinas, Emmanuelle Génin, Francisco X Real, Núria Malats. CNV assessment using the 

Illumina Infinium 1M platform: Agreement according to the algorithm and the source of 

DNA. European Mathematical Genetics Meeting 2009, May 14-15, Munich, Germany. 

Posters 

Gaëlle Marenne, Benjamin Rodríguez-Santiago, Luis Pérez-Jurado, Francisco X Real, Stephen J 

Chanock, Emmanuelle Génin, Núria Malats. Accuracy of CNV calling from SNP-array data: 

analysis according to the algorithm and the DNA source. Scientific meeting of the Spanish 

Epidemiology Society 2010, October. Valencia, Spain. 

Gaëlle Marenne, Stephen J Chanock, Nathaniel Rothman, Benjamín Rodríguez-Santiago, Daniel 

Rico, Guillermo Pita, Luis Pérez-Jurado, Alfonso Valencia, Kevin Jacobs, David G. Pisano, 

Ramón Díaz-Uriarte, Julie Earl, Montserrat García-Closas, Debra Silverman, Manolis 

Kogevinas, Emmanuelle Génin, Francisco X Real, Núria Malats. CNV assessment from 

Illumina Infinium 1M data: accuracy study according to the computational tool and the 

source of DNA. Cancer-om-atics: Multilevel interpretation of cancer genome data 2009, 

July. Madrid, Spain. 
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ABSTRACT: High-throughput single nucleotide poly-
morphism (SNP)-array technologies allow to investigate
copy number variants (CNVs) in genome-wide scans and
specific calling algorithms have been developed to
determine CNV location and copy number. We report
the results of a reliability analysis comparing data from 96
pairs of samples processed with CNVpartition,
PennCNV, and QuantiSNP for Infinium Illumina Human
1Million probe chip data. We also performed a validity
assessment with multiplex ligation-dependent probe
amplification (MLPA) as a reference standard. The
number of CNVs per individual varied according to the
calling algorithm. Higher numbers of CNVs were
detected in saliva than in blood DNA samples regardless
of the algorithm used. All algorithms presented low
agreement with mean Kappa Index (KI) o66. PennCNV
was the most reliable algorithm (KIw 5 98.96) when
assessing the number of copies. The agreement observed
in detecting CNV was higher in blood than in saliva
samples. When comparing to MLPA, all algorithms
identified poorly known copy aberrations (sensitivity 5

0.19–0.28). In contrast, specificity was very high
(0.97–0.99). Once a CNV was detected, the number of
copies was truly assessed (sensitivity 40.62). Our results
indicate that the current calling algorithms should be

improved for high performance CNV analysis in genome-
wide scans. Further refinement is required to assess
CNVs as risk factors in complex diseases.
Hum Mutat 32:240–248, 2011. & 2011 Wiley-Liss, Inc.

KEY WORDS: copy number variation; genome-wide as-
sociation study; specificity; sensitivity; reliability; accu-
racy; CNVpartition; PennCNV; QuantiSNP

Introduction

Structural variations of the human genome emerge as novel
major contributors to genetic diversity and disease susceptibility.
Copy number variation (CNV) refers to deletions or duplications
larger than 1 kb [Feuk et al., 2006]. It was estimated that 12% of
the genome could be affected by such variants in comparison to
1–2% covered by single nucleotide polymorphisms (SNPs)
[Redon et al., 2006], although a recent study provided a lower
figure: 3.7% [Conrad et al., 2010]. These large variations can
overlap with genes, and there is substantial evidence for
correlation between CNVs and gene expression levels [Stranger
et al., 2007]. CNVs are also known to be involved both in
mendelian disorders, such as Williams-Beuren Syndrome (dele-
tion at chromosome region 7q11.23) or Charcot-Marie-Tooth
neuropathy Type 1A (duplications at chromosome region
17p11.2), and complex traits such as HIV infection and asthma,
among others [Ionita-Laza et al., 2009].

Recently, efforts have been made to provide resources support-
ing studies of structural variation in human diseases such as the
Database of Genomic Variation which annotates genomic
coordinates along with estimated frequencies of the CNVs
[Conrad et al., 2010; Iafrate et al., 2004; Redon et al., 2006].
However, the cost and the complexity of CNV assessment have
restricted CNV studies to a list of carefully selected candidate
genes. The possibility to study CNVs at a genome-wide scale is
now possible using high-throughput SNP-array technologies. The
new-generation SNP-arrays, such as the Infinium Illumina
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Human 1Million probe chip and the Affymetrix 6.0 platform,
allow a cost-effective detection of CNVs by interpreting allele
intensities for each marker. These platforms also include
monomorphic probes in regions of common CNVs that presented
technical problems for SNP array design due to a lack of
polymorphic probes or because of disruption from Mendelian
inheritance and Hardy-Weinberg equilibrium. The Illumina 1
Million SNP-array works with Beadstudio software that provides
the variables used to perform the CNV calling. Different
algorithms can then be employed to locate CNVs by finding
breakpoints and assessing the number of copies present per
individual. The most frequently used algorithms for Illumina data
are CNVpartition—an Illumina developed plug-in—PennCNV
[Wang et al., 2007] and QuantiSNP [Colella et al., 2007].

Several studies have successfully assessed the role of CNVs in
complex diseases such as asthma, autism, schizophrenia, or
cancer by applying high throughput analysis at genome-wide level
[Bae et al., 2008; Bassett et al., 2008; Blauw et al., 2008; Cronin
et al., 2008; Diskin et al., 2009; Friedman et al., 2006; Glessner
et al., 2009; Greenway et al., 2009; International Schizophrenia
Consortium, 2008; Ionita-Laza et al., 2008; Kathiresan et al., 2009;
Liu et al., 2009; Marshall et al., 2008; Matarin et al., 2008;
Need et al., 2009; Sha et al., 2009; Simon-Sanchez et al., 2008;
Stefansson et al., 2008; Walsh et al., 2008; Weiss et al., 2008; Xu
et al., 2008; Yang et al., 2008]. A review of these studies indicates
that they have used a wide range of methodologies, thus raising
the issue of comparability of discovery rates. The rapid
development of technologies in this field has not been accom-
panied by a careful evaluation of the software tools to assess
disease risk association. In contrast to the nearly 100%
concordance observed for bi-allelic genotypes, a recent study
reported very low agreement estimates when the performance of
different algorithms assessing CNV was compared using HapMap
data [Winchester et al., 2009].

Here, we report the results from reliability and validity analyses
comparing three CNV calling algorithms for Illumina 1M probe-
array data (CNVpartition, PennCNV, and QuantiSNP) using
multiplex ligation-dependent probe amplification (MLPA) as the
gold-standard analysis. The study was conducted on 96 duplicate
samples from the Spanish Bladder Cancer Study. We also assessed
whether the source of DNA (blood or saliva) and the number and
type of SNPs considered in the CNV definition influenced the
performance of the calling algorithms.

Materials and Methods

Samples and Genotyping Data

Study subjects were recruited to the Spanish Bladder Cancer
Study (SBCS)/EPICURO, conducted between 1998 and 2000.
Individuals were from five different regions in Spain (Barcelona,
Vallès/Bages, Alicante, Tenerife, and Asturias). Leukocyte and
saliva DNA were obtained as described elsewhere [Garcia-Closas
et al., 2005]. Genotyping was performed at the Core Genotyping
Facility, National Cancer Institute, USA, using the Infinium
Illumina Human 1M probe BeadChip containing 1,072,820
markers, among which 206,665 are in reported CNVs regions.
For quality control reasons, 141 individuals were genotyped two
to four times providing genetic data for 178 pairs out of 299 assays
(Supp. Table S1).

Log R Ratio (LRR) and the B Allele Frequency (BAF) were
exported from the normalized Illumina data through the

Beadstudio software to perform CNV calling. LRR is the ratio
between the observed and the expected probe intensity. The
expected intensity is an interpolation of the mean intensities of the
surrounding genotype clusters. BAF represents the proportion of
B alleles in the genotype. A region without evidence of CNV
should show a LRR around zero and three clusters of BAF of 0,
0.5, and 1 corresponding to the three genotypes AA, AB, and BB,
respectively (Supp. Fig. S1). Individuals not fitting at least one of
the CNV specific quality control metric recommended by
PennCNV [Wang et al., 2007] were excluded from the analysis:
LRR-Standard Deviation40.28, 0.454BAF-median40.55, BAF-
drift40.002, and �0.044Wave Factor40.04. After applying the
abovementioned criteria, 92 individuals (90 duplicates and
2 triplicates) were suitable for this study, thus providing 96 pairs
for comparison (90 from duplicate individuals and 6 from
triplicate individuals) and 186 assays (90 individuals� 2 samples
and 2 individuals� 3 samples). Among the duplicates there were
63 and 33 pairs from blood and saliva samples, respectively (Supp.
Table S1).

CNV Calling

Three algorithms available for Illumina data were applied:
CNVpartition, PennCNV [Wang et al., 2007], and QuantiSNP
[Colella et al., 2007]. CNVpartition was developed by Illumina
and is available as a plug-in in the Beadstudio software. It is based
on the assumption that the majority of CNV vary between 0 and 4
copies (i.e., AAAA, AAAB, AABB... ), thus yielding five options
(homozygous deletion, heterozygous deletion, dizygous [normal
state], trizygous [one extra copy], and tetrazygous [two extra
copies]). CNVpartition models LRR and BAF as simple bivariate
Gaussian distributions for each of the 14 possible copy genotypes.
A preliminary copy number estimate is computed for each assayed
locus by comparing its observed LRR and BAF to values predicted
from each of the 14 genotypes. Specifically, the likelihood of
observing a given LRR and BAF under each of the 14 models is
computed and the number of copies is estimated by maximizing
the likelihood. Once each probe is assigned a number of copies,
breakpoints are determined by a partitioning method identifying
regions where the estimated number of copies of the probes inside
and outside the region is different. A confidence value is also
provided to allow the filtering of the CNV and limit the number of
false positive callings.

PennCNV and QuantiSNP are algorithms developed by
academic teams and freely available [Colella et al., 2007; Wang
et al., 2007]. They are both based on a Hidden Markov Model
(HMM) in which the number of gene copies is the hidden state
and the LRR and the BAF are the two observed states that are
considered independent of each other given the number of copies.
A first-order HMM is considered where the number of copies at
one probe depends on the number of copies at the previous probe.
However, the two algorithms differ in their transition and
emission probabilities. Although transition probabilities depend
on the distance between adjacent probes for both approaches, the
probabilities for PennCNV are also state-specific, accounting for
the fact that some state transition events (e.g., from normal state
to heterozygous deletion) are more likely than others (e.g., from
heterozygous deletion to trizygous). Regarding the BAF emission
probabilities, PennCNV uses a more sophisticated model than
QuantiSNP. Both algorithms provide a confidence value to filter
CNVs. For QuantiSNP, the confidence value is the Log Bayes
Factor (LBF). All algorithms were used with their default options
and CNV calls from QuantiSNP with a LBF lower than 10 were
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filtered out as recommended whereas no filter was applied on
CNVpartition and PennCNV calls.

Each of the 1,029,591 probes of the Illumina 1M array
corresponding to the autosomal chromosomes was assigned with
an estimated number of copies if were included in a CNV and with
two copies otherwise. This procedure was applied to each of the
186 experiments performed in this study and for each of the
algorithms.

Reliability Analysis

The calling agreement between duplicates was evaluated for
each of the algorithms to determine presence of CNV and number
of copies. First, we assessed the agreement in detecting the
presence of an aberration by estimating the kappa index (KI)
between duplicates. The KI compared the observed agreement
against the agreement expected by chance in all the probes
[Cohen, 1960]. For probes in which the algorithm was concordant
in detecting an aberration, we computed the agreement in
assessing the number of copies by estimating the weighted Kappa
Index (KIw). This was done by applying quadratic weights that
decreased while increasing differences in copy numbers (Supp.
Fig. S2). A total of 96 KI and KIw values were obtained for each
algorithm. Summary statistics (mean, median, standard deviation,
and quartiles) were computed and differences between algorithms
were tested using paired t-tests.

To further limit the number of false positive CNV callings from
SNP-array platforms, Itsara et al. [2009] proposed to filter
the called CNVs according to the type of aberration and the
number of genotyped SNPs included in the CNV. The LRR
intensities were transformed into standard normal measure-
ments (Z-scores) and the B-deviation value for each probe was
estimated. Putative CNVs were classified into two categories
(small and large) according to a cutoff of 100 probes and 1-Mb
length. Large CNVs were manually curated. Small CNVs
were subject to automated filtering. Homozygous deletions were
required to comply with: (1) greater than or equal to three probes,
median LRR Z-score less than or equal to four, and mean
B-deviation Z0.1; or (2) greater than or equal to three probes
and median LRR Z-score less than or equal to �8. Heterozygous
deletions were required to span Z10 probes, have LRR Z-score
r�1.5, and less than 10% of probes called as heterozygous.
To define duplications, the requirements were: Z10 probes,
LRR Z-score Z1.5, and B-deviation among heterozygote probes
Z0.075. The reliability of applying the Itsara’s filter was assessed,
too.

We analyzed the calling agreement of paired samples depending
on the DNA source by stratifying the data according to whether
the DNA was from blood (N 5 63) or saliva (N 5 33). In addition,
we assessed whether the number of SNPs included in each CNV
influenced the agreement rate by comparing the CNV calling
performance between replicates by filtering for the number of
SNPs in the CNVs. The reliability results were plotted for the three
algorithms and the number of CNVs called according to the
number of SNPs.

Select commercial SNP genotyping platforms contain mono-
morphic probes in regions of known common CNVs to facilitate
analysis, particularly when prior analyses in HapMap indicated a
substantial problem of fitness with Hardy-Weinberg proportions.
The overall percentage of monomorphic probes in the 1M
Illumina Infinium platform in autosomal chromosomes is 1.4%
(14,716/1,029,591). To test the impact of the type of probe
(monomorphic or polymorphic) on the reliability of the calling,

we compared for these two types of probes the ratio of concordant
versus discordant probes included in CNVs. We excluded the
regions with a concordant result for the absence of CNV because
the density of the monomorphic probes in those regions was lower
according to the design of the SNP-array, hence not being
comparable.

Validity Study

MLPA assay is a standard laboratory approach to assess
differences in the number of alleles copies at a particular locus.
It is based on hybridization, specific probe ligation, amplification,
and capillary migration, and it was used as the gold-standard
method to assess the number of copies of a given sequence.
Regions were selected for validation with MLPA if at least one
algorithm detected a minimum of eight individuals carrying a
CNV to avoid performing experiments in regions where no CNV
exist. Commercial probe mixes (kits P070 and P036 covering the
selected regions [MRC-Holland Amsterdam, The Netherlands])
and custom designed probes (Supp. Table S2) were used. MLPA
reactions were carried out as described previously [Schouten et al.,
2002] with slight modifications when custom probes were used
[Rodriguez-Santiago et al., 2010). The relative peak height (RPH)
method recommended by MRC-Holland was used to determine
the copy number status. Theoretically, heterozygous deletions and
duplications showed a relative peak height of approximately 0.5
and 1.5, respectively. Only blood samples were considered for this
analysis.

Leukocyte DNA from 56 individuals was analyzed twice by
MLPA, providing a concordance rate of 97.25%. Among the
discordant assays, 10 showing a ‘‘noncalling’’ rate greater than
70% were reanalyzed. Because the results of four of them slightly
improved after the second MLPA run they were included in the
validity study and data were updated.

To assess the validity of each algorithm, sensitivity, specificity,
and positive and negative predictive values were computed
by comparing CNV callings with MLPA data. Sensitivity (SE)
indicates the proportion of CNV identified by the algorithm
over the total number of existing CNV according to MLPA.
Specificity (SP) is the proportion of the non-CNV by an algorithm
over the true non-CNV number. Positive (PPV) and negative
predictive values (NPV) indicate the proportion of the true
CNV and the true non-CNV over all CNV and non-CNV regions
each algorithm assigns, respectively. These estimates are given
as proportions with a 95% confidence interval (CI) for the
overall aberration assessment and for each type of CNV. The
validity analysis considered those probes and individuals that
provided agreement in detecting CN event according to each
algorithm.

Statistical analyses were performed in R version 2.9.0 (http://
www.r-project.org) with the epiR package (Mark Stevenson,
http://epicentre.massey.ac.nz). Significance was declared when
the p-value was smaller than 0.05.

Results

The number of CNVs detected per individual varied substan-
tially according to the calling algorithm (Table 1). CNVpartition
identified an average of 28.0 CNVs per individual whereas the two
algorithms based on the HMM, PennCNV, and QuantiSNP,
identified a median CNV number of 58.5 and 56.0, respectively.
The number of CNVs per individual detected in saliva DNA was
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higher than in leukocyte DNA, regardless of the algorithm used
(Table 1).

Reliability Analysis

The SNP calling provided by the genotyping platform showed a
very high agreement with a mean Kappa Index (KI) of 99.99 (95%
CI, 99.94–100) (Fig. 1A). The distribution of this KI was similar
for experiments using blood or saliva DNA. Regarding CNV
assessment in duplicate samples, PennCNV, QuantiSNP, and
CNVpartition presented a lower agreement with mean KI values
of 65.10, 63.09, and 57.24, respectively. The KI distribution based
on CNVpartition callings significantly differed from that based on
PennCNV and QuantiSNP callings (P 5 2.68� 10�10 and
P 5 7.28� 10�5, respectively) (Fig. 1B). Once a region of CNV
was detected, the algorithms also showed differences in the KI
distribution when assessing the number of copies (Fig. 1C).
PennCNV appeared to be the most reliable algorithm with an
average KIw (weighted KI) 5 98.96 for the 96 pairs of replicates,
and regardless the type of CNV (gain or loss). However,
QuantiSNP and CNVpartition performed differently and poorly
(Supp. Fig. S3). This figure was significantly higher than those of
CNVpartition (KIw 5 94.55, P 5 5.18� 10�5) and QuantiSNP
(KIw 5 92.88, P 5 7.43� 10�8). Applying the Itsara filtering
method, we did not observe an improvement of the agreement
either at the CNV detection level or at the level of copy number
(Supp. Fig. S4).

Regardless of the algorithm applied, the agreement observed in
detecting CNV was always higher in blood than in saliva samples
(Fig. 2), although the difference of the mean KI was only
significant for CNVpartition and PennCNV callings
(P 5 3.93� 10�7 and P 5 8.16� 10�5, respectively). The distribu-
tion of KIw when assessing the number of copies, according to the
DNA source, was similar for all algorithms (data not shown).

The number of probes selected by each algorithm to identify
CNVs varied widely: 1,742 for CNVpartition, 2,361 for PennCNV,
and 4,591 for QuantiSNP (Table 2). The percentage of probes
showing agreement for the presence of a CNV was significantly
different for the three algorithms: 37.7%, 50.7%, and 55.5% for
CNVpartition, PennCNV, and QuantiSNP, respectively
(P 5 2.43� 10�35). The ratio between discordant/concordant
probes was higher for monomorphic than polymorphic probes:
2.17 versus 1.61 for CNVpartition (P 5 0.09), 1.78 versus 0.94 for
PennCNV (P 5 4.34� 10�4), and 1.51 versus 0.72 for QuantiSNP
(P 5 1.31� 10�17).

The correlation between the calling agreement and the number
of probes or the length of a given CNV region is shown in
Figure 3. A direct relationship between agreement and the number
of probes included in the CNVs was observed suggesting that
reliability is greater for CNVs containing more probes. This effect
was observed for all algorithms but it was higher for PennCNV.
Our results also suggested that filtering CNVs by QuantiSNP for
length, by PennCNV for length lower than 500 kb or by

Table 1. Median Number of CNVs Detected in the 92
Individuals Included in This Study

Number of copies

Algorithm Source of DNA 0 1 3 4 Total

CNVpartition All 10 10 8 1 28

Blood 8 10 6 1 25

Saliva 14 12 13 2 51

PennCNV All 5 31.5 23 2 58.5

Blood 5 28 19 1 53

Saliva 6 40 32 2 101

QuantiSNP All 18.5 24 9 2 56

Blood 18 22 8 1 51

Saliva 20 30 12 4 90

The results are displayed according to the algorithm applied and the source of DNA.
One of the replicates was randomly selected to obtain these estimates.

Figure 1. Box plots of the distribution of kappa index estimates
comparing duplicated pairs for: A: the SNP callings, B: the detection
of CNVs according to the different algorithms, and C: the number of
copies assigned by the different algorithms in the regions where a
CNV was detected.
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Figure 2. Box plots of the distribution of kappa indexes comparing the callings on duplicated samples by the different algorithms depending
on the source of DNA.

Table 2. Distribution of Probes in the Two Agreement Categories (Disagree and Agree on Calling CNV) for Each of the Algorithms

CNVpartition PennCNV QuantiSNP

All Mono Poly All Mono Poly All Mono Poly

Disagree 1085 113 972 1165 89 1076 2044 385 1659

100% 10.43% 89.57% 100% 7.63% 92.37% 100% 18.83% 81.17%

Agree in calling CNVs 657 52 605 1196 50 1146 2547 255 2292

100% 7.97% 92.03% 100% 4.16% 95.84% 100% 10.00% 90.00%

Ratio disagree/agree 2.17 1.61 1.78 0.94 1.51 0.72

Results are displayed for all (All), monomorphic (Mono), and polymorphic (Poly) probes. CNVs copy number variants

Figure 3. Average Kappa Index for the agreement in detecting CNVs (first row) and median number of CNVs across the 92 individuals
(second row) for each algorithm while filtering the called CNVs according the number of probes in the CNV (first column) and the length of the
CNV (second column).

244 HUMAN MUTATION, Vol. 32, No. 2, 240–248, 2011

aamaral
Tachado



CNVpartition for length lower than 1 Mb did not increase the
reliability.

Validity Analysis

Sensitivity (SE) and Specificity (SP) estimates for the presence
and the type of CNV were estimated according to each algorithm
(Fig. 4). When considering the presence of CNVs (first line in
Fig. 4), we found that none of the algorithms used identified
known CNV well (0.19rSEr0.28). In contrast, SP was very
high (0.97rSPr0.99), indicating that algorithms rarely assigned
a CNV in a region where it did not exist. QuantiSNP showed
the best SE (0.28) with a SP of 0.97, similar to that of the other
two algorithms. Nonetheless, the false positive (FP) calling rate for
this algorithm (FP 5 34) was 2.8-fold higher compared to
CNVpartition (FP 5 12), the latter showing the highest SP
(0.99) and the lowest SE (0.19) (Supp. Table S3). PennCNV
presented intermediate values of SE (0.23) and SP (0.98), yielding
22 false positive CNVs out of 1319 true ‘‘non-CNV.’’

We also aimed at assessing whether copy number was well
estimated when a CNV was identified. Because MLPA is prone
to misclassify copy number states 43, we classified CNVs in
the following categories, instead: ‘‘duplications,’’ ‘‘homozygous
deletions,’’ and ‘‘heterozygous deletions’’; for specific purposes,
we used the combined category ‘‘deletions’’ including both
homozygous and heterozygous deletions. Once a CNV was
identified, gene copy number was usually well estimated, the
overall SEs for all types of CNVs being 40.62. As expected, SP
estimates remained very high (SP40.87). PennCNV and
CNVpartition performed better than QuantiSNP, the latter
showing the highest rates of FP and FN callings. QuantiSNP
performed especially poorly when calling homozygous deletions
(SE 5 0.68 and SP 5 0.92). When the Itsara filter was used,
SE estimates were significantly decreased to values of 0.05,
0.07, and 0.08 for CNVpartition, PennCNV, and QuantiSNP,
respectively; SP increased up to 0.997 for all algorithms (Supp.
Table S3).

Discussion
In the past few years, the genomics community has began to

annotate a CNV genome wide map that provides better information
on the contribution of structural genomic variation to genetic
diversity in humans. SNP-array-based methods have allowed their
association with disease susceptibility. However, the tools to carry
out this task are still relatively rudimentary and the approach
applied until now has mainly been based on reporting and validating
individual CNVs located in candidate genes rather than assessing
disease risk using genome wide analyses. This is primarily because of
issues related to the accuracy of the available CNV calling
algorithms. Which is, then, the most suitable method to identify
CNVs for association studies using data from SNP-arrays?

The early comparisons have focused on evaluations using
simulations or data from a few HapMap or CEPH samples [Kidd
et al., 2008; Korbel et al., 2007; Redon et al., 2006; Winchester
et al., 2009]. Here we provide, for the first time, a direct
comparison of the accuracy (reliability and validity) of three CNV
calling algorithms (PennCNV, QuantiSNP, and CNVpartition)
using MLPA as a gold standard and therefore eliminating some of
the concerns for the validity when using simulation or resequen-
cing data. We also investigated a more stable platform, Illumina
Infinium 1M array that may not suffer from the same clustering
biases as the former ones.

The algorithms used displayed wide variation in the number of
CNV events. Overall, we conclude that the reproducibility of the
algorithms is less than optimal. Our results indicate that
PennCNV and QuantiSNP are more reliable in detecting CNVs
than CNVpartition. Yet, the agreement achieved with these
algorithms was much lower (mean KI ranged 57–65) than that
observed for SNP calling (KI 5 99.99). Winchester et al. [2009]
reported a moderate overlap between PennCNV and QuantiSNP,
ranging from 58–78% for the NA15510 CEPH sample. One
explanation for the unsatisfactory concordance in experimental
replicates for CNV detection and breakpoint identification relates
to the different signal to noise tolerance for SNP genotyping and
CNV assessment. Although the background signal of SNP-arrays
does not significantly affect SNP genotyping, it may affect CNV

Figure 4. Sensitivity (SE) and Specificity (SP) estimates for the presence and for the type-specific CNV according to each algorithm.
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assessment due to the need of different normalization approaches
for the latter [Curtis et al., 2009; Winchester et al., 2009].

Importantly, the three tools used performed poorly regarding
their sensitivity to detect CNVs when using MLPA experimental
results as the gold standard, the percentage of missed CNV ranging
from 72–81%. Therefore, improved sensitivity of algorithms is a
must in order to use genome wide chip data for CNV detection
and disease association studies. When the analysis was restricted
to concordant CNVs according to the applied algorithms, these
estimated adequately gene copy number. This result supports the
notion of performing a two-stage calling to increase accuracy.
That is, to assess first the identification of CNVs and second, to
characterize those already detected.

Another important finding of our work relates to the source of
DNA. Many studies have shown that buccal cell and blood DNA
provide similar calling rates for SNP. By contrast, we found that
leukocyte DNA is more reliable for CNV detection and that buccal
cell DNA yields a higher CNV calling rate. These findings are
compatible with the idea that the abundance of bacterial DNA in
buccal samples can interfere with the performance of genotyping bi-
alleles as well, notably demonstrated by the higher discordance rates
and lower completion rates. Furthermore, although tissue-related
differences in genome architecture leading to variation in the
number of CNVs may be real, other technical explanations such as
DNA quality should also be considered. In the Spanish Bladder
Cancer/EPICURO Study, saliva was obtained after a buccal rinse
with Listerines as a fixative. Saliva was then frozen until DNA
extraction. This simple and costless procedure yielded substantial
amounts of DNA and allowed accurate SNP genotyping using
TaqMan assays as well as Illumina technology. For the latter, the
calling agreement for leukocyte and buccal DNA was 99.99%. In the
absence of other studies providing similar information, caution is
needed when analyzing buccal cell DNA and new methodological
studies specifically addressing these issues are needed.

Select commercial SNP-array platforms have included mono-
morphic probes to improve coverage of CNV analyses. We have
analyzed whether monomorphic and polymorphic probes per-
formed differently in assessing CNV. Surprisingly, we observed
that, regardless of the algorithm used, CNVs showing discordance
between duplicates contained a higher proportion of mono-
morphic probes than CNVs that were concordant. The difference
was greater for QuantiSNP. Hence, our findings indicate that
polymorphic probes deliver more robust information than
monomorphic probes, at least using the current CNV calling
tools. Alternatively, it is possible that monomorphic probes may
concentrate in a small number of large CNVs being difficult to call
because they are not homogenously distributed across the genome
and are placed in those regions suspected of harboring CN changes
[Iafrate et al., 2004; Redon et al., 2006]. Nevertheless, there is no
evidence that CNVs in these regions are larger that those elsewhere.

Despite the limitations described above, SNP-arrays offer
important advantages over other techniques to assess CNV at a
genome wide level, including the possibility of analyzing a large
number of samples because of their relatively low cost and the
small amount of DNA required. CNV detection largely depends
on the coverage of the platform. The low reliability that we have
observed may be partially due to the fact that the localization of
the CNV breakpoints depends on the position of the markers.
Although the Illumina 1M platform is one of the densest arrays
offering a genome wide coverage, the average distance between
two probes is around 3 kb, larger than the smallest CNVs, which
are defined as having 1-kb length. We have found that the average
distance between surrounding probes was greater for discordant

than for concordant CN events. This effect was stronger for
PennCNV and QuantiSNP than for CNVpartition (results not
shown). Small CNVs containing a small number of probes were
less reliable than large CNVs that are generally called based on
more probes. Furthermore, because the algorithms discard CNVs
containing less than three probes, there was also an inherited
disadvantage to small CNVs compared to larger ones. By applying
the filter proposed by Itsara et al. [2009], agreement did not
improve while sensitivity decreased dramatically.

The relatively poor agreement between algorithms increases the
heterogeneity in CNV detection, raising the chance of false positive
results in association studies. Furthermore, current algorithms lack
sensitivity for CNV identification, mainly when they are small. To
partially overcome this limitation, some authors have proposed to
use the normalized intensity obtained from the SNP-arrays,
without performing the calling, and compare its distribution at
the individual probe level between cases and controls [Ionita-Laza
et al., 2009; McCarroll and Altshuler, 2007]. Although this strategy
has not been formally evaluated and power is probably limited
because of lack of biological meaning, it constitutes an alternative
exploratory approach to assess association of CNVs and pheno-
types. Others have suggested performing the calling and the
association test simultaneously to take into account the uncertainty
of the calling in the test [Barnes et al., 2008; Gonzalez et al., 2009].
However, these methods require a priori definition of CNVs.

We used MLPA as the gold standard technique to estimate
sensitivity and specificity of the algorithms used. MLPA is
reproducible, allows the detection of small differences in gene
copy number, requires low amounts of DNA, can be applied for
mid-throughput studies, and has a low cost. Among its limitations
are the fact that it only detects CNVs in targeted/selected genes
and the results are bound to be affected by sequence polymorph-
isms and by the occurrence of gene copy number changes in
mosaicism Despite careful probe design, we cannot rule out that
an incomplete overlapping between probes and CNVs may
contribute to the low sensitivity for CNV detection found.

The algorithms used here are those that model both LRR and BAF
to assess CNV, a practice that allows the correction for bias effects and
minimizes noise in the intensity measures [Yau and Holmes, 2008]. In
addition, these algorithms are widely applied for CNV assessment
using Illumina derived data. Other CNV calling softwares are also
available, such as Circular Binary Segmentation [Olshen et al., 2004],
GADA originally developed for array-CGH data and adapted for SNP-
array [Pique-Regi et al., 2008], DchipSNP [Lin et al., 2004], Tri Typer
[Franke et al., 2008], and SCIMM [Cooper et al., 2008]. However,
they do not jointly incorporate both LRR and BAF information, their
strengths and weaknesses have been reviewed elsewhere [Winchester
et al., 2009]. Nevertheless, none of them has proven to be superior to
the ones used here. Winchester et al. [2009] reported that QuantiSNP
yielded a higher number of events when measuring CNV in the
NA15510 CEPH sample in our study, QuantiSNP and PennCNV
provided a similar mean number of CN changes that was higher than
that provided by CNVpartition. Recently, Dellinger et al. [2010]
reported a comparison of seven algorithms, including QuantiSNP,
CNVpartition, and PennCNV on simulation studies on the basis of
genotyped data by Affymetrix 6.0. The authors compared sensitivity
and specificity of the algorithms with CNV described in external
databases (DGV, HapMap Asian, and HapMap confirmed) and
concluded that QuantiSNP performed better that the other
algorithms.

Nevertheless, the current CNV calling algorithms do not yet
provide stable, high-quality calls comparable to those in common
usage for SNP calling algorithms. In particular, the sensitivity is
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extremely low. Small/common CNVs may be less detectable
because the cumulative likelihood of CNV versus normal copy for
a limited number of markers suffers from a low signal-to-noise
ratio. To improve this sensitivity in regions of known CNVs, some
authors have proposed to look at some specific markers located
within these regions and use reported deletion and duplication
frequencies as prior probabilities in the calling. Such models are
implemented in two widely used approaches, namely, Canary
[Korn et al., 2008] and PennCNV-validation packages in which
they have been shown to substantially increase the sensitivity of
calling CNV in these known regions. Efforts are also made to
improve technologies such as CGH-arrays [Park et al., 2010] and
next-generation sequencing. Hopefully, these will improve the
detection of rare or novel CNVs in the near future.

In conclusion, there is a need for better assays and tools to
identify CNVs at the genome-wide level and test for their association
with disease in large samples of cases and controls. The main current
limitations are the low reliability and sensitivity. Sensitivity showed
differences according to the algorithm applied and the type of
change. The use of leukocyte DNA, polymorphic probes, and a high
number of probes per CNV should contribute to increase reliability
and PennCNV algorithm yield higher concordance rates.

The annotation of large CNVs across the genome has opened a
new scenario to explore genetic variation and its association with
complex diseases and traits. Although a few studies support a
major contribution of CNV to disease, there is an urgent need to
develop and refine better techniques and algorithms to assess
CNVs at a genome-wide level as disease-predisposing variants.
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Lloreta, Montserrat Torà, Gemma Castaño, Marı́a Salas, and Francisco

Fernández, physicians, field workers, and lab technicians during the study.

References

Bae JS, Cheong HS, Kim JO, Lee SO, Kim EM, Lee HW, Kim S, Kim JW, Cui T,

Inoue I, Shin HD. 2008. Identification of SNP markers for common CNV

regions and association analysis of risk of subarachnoid aneurysmal hemorrhage

in Japanese population. Biochem Biophys Res Commun 373:593–596.

Barnes C, Plagnol V, Fitzgerald T, Redon R, Marchini J, Clayton D, Hurles ME. 2008.

A robust statistical method for case-control association testing with copy

number variation. Nat Genet 40:1245–1252.

Bassett AS, Marshall CR, Lionel AC, Chow EW, Scherer SW. 2008. Copy number

variations and risk for schizophrenia in 22q11.2 deletion syndrome. Hum Mol

Genet 17:4045–4053.

Blauw HM, Veldink JH, van Es MA, van Vught PW, Saris CG, van der Zwaag B,

Franke L, Burbach JP, Wokke JH, Ophoff RA, van den Berg LH. 2008. Copy-

number variation in sporadic amyotrophic lateral sclerosis: a genome-wide

screen. Lancet Neurol 7:319–326.

Cohen J. 1960. A coefficient of agreement for nominal scales. Educ Psychol Measure

20:37–46.

Colella S, Yau C, Taylor JM, Mirza G, Butler H, Clouston P, Bassett AS, Seller A,

Holmes CC, Ragoussis J. 2007. QuantiSNP: an Objective Bayes Hidden-Markov

Model to detect and accurately map copy number variation using SNP

genotyping data. Nucleic Acids Res 35:2013–2025.

Conrad DF, Pinto D, Redon R, Feuk L, Gokcumen O, Zhang Y, Aerts J, Andrews TD,

Barnes C, Campbell P, Fitzgerald T, Hu M, Ihm CH, Kristiansson K,

Macarthur DG, Macdonald JR, Onyiah I, Pang AW, Robson S, Stirrups K,

Valsesia A, Walter K, Wei J, Tyler-Smith C, Carter NP, Lee C, Scherer SW,

Hurles ME. 2010. Origins and functional impact of copy number variation in

the human genome. Nature 464:704–712.

Cooper GM, Zerr T, Kidd JM, Eichler EE, Nickerson DA. 2008. Systematic assessment

of copy number variant detection via genome-wide SNP genotyping. Nat Genet

40:1199–1203.

Cronin S, Blauw HM, Veldink JH, van Es MA, Ophoff RA, Bradley DG,

van den Berg LH, Hardiman O. 2008. Analysis of genome-wide copy number

variation in Irish and Dutch ALS populations. Hum Mol Genet 17:3392–3398.

Curtis C, Lynch AG, Dunning MJ, Spiteri I, Marioni JC, Hadfield J, Chin SF,

Brenton JD, Tavare S, Caldas C. 2009. The pitfalls of platform comparison: DNA

copy number array technologies assessed. BMC Genomics 10:588.

Dellinger AE, Saw SM, Goh LK, Seielstad M, Young TL, Li YJ. 2010. Comparative

analyses of seven algorithms for copy number variant identification from single

nucleotide polymorphism arrays. Nucleic Acids Res 38:e105.

Diskin SJ, Hou C, Glessner JT, Attiyeh EF, Laudenslager M, Bosse K, Cole K,

Mosse YP, Wood A, Lynch JE, Pecor K, Diamond M, Winter C, Wang K, Kim C,

Geiger EA, McGrady PW, Blakemore AI, London WB, Shaikh TH, Bradfield J,

Grant SF, Li H, Devoto M, Rappaport ER, Hakonarson H, Maris JM. 2009. Copy

number variation at 1q21.1 associated with neuroblastoma. Nature 459:987–991.

Feuk L, Carson AR, Scherer SW. 2006. Structural variation in the human genome.

Nat Rev Genet 7:85–97.

Franke L, de Kovel CG, Aulchenko YS, Trynka G, Zhernakova A, Hunt KA,

Blauw HM, van den Berg LH, Ophoff R, Deloukas P, van Heel DA, Wijmenga C.

2008. Detection, imputation, and association analysis of small deletions and null

alleles on oligonucleotide arrays. Am J Hum Genet 82:1316–1333.

Friedman JM, Baross A, Delaney AD, Ally A, Arbour L, Armstrong L, Asano J,

Bailey DK, Barber S, Birch P, Brown-John M, Cao M, Chan S, Charest DL,

Farnoud N, Fernandes N, Flibotte S, Go A, Gibson WT, Holt RA, Jones SJ,

Kennedy GC, Krzywinski M, Langlois S, Li HI, McGillivray BC, Nayar T,

Pugh TJ, Rajcan-Separovic E, Schein JE, Schnerch A, Siddiqui A, Van Allen MI,

Wilson G, Yong SL, Zahir F, Eydoux P, Marra MA. 2006. Oligonucleotide

microarray analysis of genomic imbalance in children with mental retardation.

Am J Hum Genet 79:500–513.

Garcia-Closas M, Malats N, Silverman D, Dosemeci M, Kogevinas M, Hein DW,

Tardon A, Serra C, Carrato A, Garciia-Closas R, Lloreta J, Castano-Vinyals G,

Yeager M, Welch R, Chanock S, Chatterjee N, Wacholder S, Samanic C, Tora M,

Fernandez F, Real FX, Rothman N. 2005. NAT2 slow acetylation, GSTM1 null

genotype, and risk of bladder cancer: results from the Spanish Bladder Cancer

Study and meta-analyses. Lancet 366:649–659.

Glessner JT, Wang K, Cai G, Korvatska O, Kim CE, Wood S, Zhang H, Estes A,

Brune CW, Bradfield JP, Imielinski M, Frackelton EC, Reichert J, Crawford EL,

Munson J, Sleiman PM, Chiavacci R, Annaiah K, Thomas K, Hou C,

Glaberson W, Flory J, Otieno F, Garris M, Soorya L, Klei L, Piven J,

Meyer KJ, Anagnostou E, Sakurai T, Game RM, Rudd DS, Zurawiecki D,

McDougle CJ, Davis LK, Miller J, Posey DJ, Michaels S, Kolevzon A,

Silverman JM, Bernier R, Levy SE, Schultz RT, Dawson G, Owley T,

McMahon WM, Wassink TH, Sweeney JA, Nurnberger JI, Coon H,

Sutcliffe JS, Minshew NJ, Grant SF, Bucan M, Cook EH, Buxbaum JD,

Devlin B, Schellenberg GD, Hakonarson H. 2009. Autism genome-wide copy

number variation reveals ubiquitin and neuronal genes. Nature 459:569–573.

Gonzalez JR, Subirana I, Escaramis G, Peraza S, Caceres A, Estivill X, Armengol L.

2009. Accounting for uncertainty when assessing association between copy

number and disease: a latent class model. BMC Bioinformatics 10:172.

Greenway SC, Pereira AC, Lin JC, DePalma SR, Israel SJ, Mesquita SM, Ergul E,

Conta JH, Korn JM, McCarroll SA, Gorham JM, Gabriel S, Altshuler DM,

Quintanilla-Dieck Mde L, Artunduaga MA, Eavey RD, Plenge RM, Shadick NA,

Weinblatt ME, De Jager PL, Hafler DA, Breitbart RE, Seidman JG, Seidman CE.

2009. De novo copy number variants identify new genes and loci in isolated

sporadic tetralogy of Fallot. Nat Genet 41:931–935.

Iafrate AJ, Feuk L, Rivera MN, Listewnik ML, Donahoe PK, Qi Y, Scherer SW, Lee C.

2004. Detection of large-scale variation in the human genome. Nat Genet

36:949–951.

International Schizophrenia Consortium. 2008. Rare chromosomal deletions and

duplications increase risk of schizophrenia. Nature 455:237–241.

Ionita-Laza I, Perry GH, Raby BA, Klanderman B, Lee C, Laird NM, Weiss ST,

Lange C. 2008. On the analysis of copy-number variations in genome-wide

association studies: a translation of the family-based association test. Genet

Epidemiol 32:273–284.

Ionita-Laza I, Rogers AJ, Lange C, Raby BA, Lee C. 2009. Genetic association analysis of

copy-number variation (CNV) in human disease pathogenesis. Genomics 93:22–26.

Itsara A, Cooper GM, Baker C, Girirajan S, Li J, Absher D, Krauss RM, Myers RM,

Ridker PM, Chasman DI, Mefford H, Ying P, Nickerson DA, Eichler EE. 2009.

Population analysis of large copy number variants and hotspots of human

genetic disease. Am J Hum Genet 84:148–161.

Kathiresan S, Voight BF, Purcell S, Musunuru K, Ardissino D, Mannucci PM,

Anand S, Engert JC, Samani NJ, Schunkert H, Erdmann J, Reilly MP, Rader DJ,

Morgan T, Spertus JA, Stoll M, Girelli D, McKeown PP, Patterson CC,

Siscovick DS, O’Donnell CJ, Elosua R, Peltonen L, Salomaa V, Schwartz SM,

Melander O, Altshuler D, Ardissino D, Merlini PA, Berzuini C, Bernardinelli L,

Peyvandi F, Tubaro M, Celli P, Ferrario M, Fetiveau R, Marziliano N, Casari G,

Galli M, Ribichini F, Rossi M, Bernardi F, Zonzin P, Piazza A, Mannucci PM,

HUMAN MUTATION, Vol. 32, No. 2, 240–248, 2011 247

aamaral
Tachado



Schwartz SM, Siscovick DS, Yee J, Friedlander Y, Elosua R, Marrugat J, Lucas G,

Subirana I, Sala J, Ramos R, Kathiresan S, Meigs JB, Williams G, Nathan DM,

MacRae CA, O’Donnell CJ, Salomaa V, Havulinna AS, Peltonen L, Melander O,

Berglund G, Voight BF, Kathiresan S, Hirschhorn JN, Asselta R, Duga S,

Spreafico M, Musunuru K, Daly MJ, Purcell S, Voight BF, Purcell S, Nemesh J,

Korn JM, McCarroll SA, Schwartz SM, Yee J, Kathiresan S, Lucas G, Subirana I,

Elosua R, Surti A, Guiducci C, Gianniny L, Mirel D, Parkin M, Burtt N,

Gabriel SB, Samani NJ, Thompson JR, Braund PS, Wright BJ, Balmforth AJ,

Ball SG, Hall AS, Schunkert H, Erdmann J, Linsel-Nitschke P, Lieb W, Ziegler A,

Konig I, Hengstenberg C, Fischer M, Stark K, Grosshennig A, Preuss M,

Wichmann HE, Schreiber S, Schunkert H, Samani NJ, Erdmann J,

Ouwehand W, Hengstenberg C, Deloukas P, Scholz M, Cambien F, Reilly MP,

Li M, Chen Z, Wilensky R, Matthai W, Qasim A, Hakonarson HH, Devaney J,

Burnett MS, Pichard AD, Kent KM, Satler L, Lindsay JM, Waksman R, Epstein SE,

Rader DJ, Scheffold T, Berger K, Stoll M, Huge A, Girelli D, Martinelli N,

Olivieri O, Corrocher R, Morgan T, Spertus JA, McKeown P, Patterson CC,

Schunkert H, Erdmann E, Linsel-Nitschke P, Lieb W, Ziegler A, Konig IR,

Hengstenberg C, Fischer M, Stark K, Grosshennig A, Preuss M, Wichmann HE,

Schreiber S, Holm H, Thorleifsson G, Thorsteinsdottir U, Stefansson K,

Engert JC, Do R, Xie C, Anand S, Kathiresan S, Ardissino D, Mannucci PM,

Siscovick D, O’Donnell CJ, Samani NJ, Melander O, Elosua R, Peltonen L,

Salomaa V, Schwartz SM, Altshuler D. 2009. Genome-wide association of early-

onset myocardial infarction with single nucleotide polymorphisms and copy

number variants. Nat Genet 41:334–341.

Kidd JM, Cooper GM, Donahue WF, Hayden HS, Sampas N, Graves T, Hansen N,

Teague B, Alkan C, Antonacci F, Haugen E, Zerr T, Yamada NA, Tsang P,

Newman TL, Tuzun E, Cheng Z, Ebling HM, Tusneem N, David R, Gillett W,

Phelps KA, Weaver M, Saranga D, Brand A, Tao W, Gustafson E, McKernan K,

Chen L, Malig M, Smith JD, Korn JM, McCarroll SA, Altshuler DA, Peiffer DA,

Dorschner M, Stamatoyannopoulos J, Schwartz D, Nickerson DA, Mullikin JC,

Wilson RK, Bruhn L, Olson MV, Kaul R, Smith DR, Eichler EE. 2008. Mapping

and sequencing of structural variation from eight human genomes. Nature

453:56–64.

Korbel JO, Urban AE, Grubert F, Du J, Royce TE, Starr P, Zhong G, Emanuel BS,

Weissman SM, Snyder M, Gerstein MB. 2007. Systematic prediction and

validation of breakpoints associated with copy-number variants in the human

genome. Proc Natl Acad Sci USA 104:10110–10115.

Korn JM, Kuruvilla FG, McCarroll SA, Wysoker A, Nemesh J, Cawley S, Hubbell E,

Veitch J, Collins PJ, Darvishi K, Lee C, Nizzari MM, Gabriel SB, Purcell S,

Daly MJ, Altshuler D. 2008. Integrated genotype calling and association analysis

of SNPs, common copy number polymorphisms and rare CNVs. Nat Genet

40:1253–1260.

Lin M, Wei LJ, Sellers WR, Lieberfarb M, Wong WH, Li C. 2004. dChipSNP:

significance curve and clustering of SNP-array-based loss-of-heterozygosity

data. Bioinformatics 20:1233–1240.

Liu W, Sun J, Li G, Zhu Y, Zhang S, Kim ST, Sun J, Wiklund F, Wiley K, Isaacs SD,

Stattin P, Xu J, Duggan D, Carpten JD, Isaacs WB, Gronberg H, Zheng SL,

Chang BL. 2009. Association of a germ-line copy number variation at 2p24.3

and risk for aggressive prostate cancer. Cancer Res 69:2176–2179.

Marshall CR, Noor A, Vincent JB, Lionel AC, Feuk L, Skaug J, Shago M, Moessner R,

Pinto D, Ren Y, Thiruvahindrapduram B, Fiebig A, Schreiber S, Friedman J,

Ketelaars CE, Vos YJ, Ficicioglu C, Kirkpatrick S, Nicolson R, Sloman L,

Summers A, Gibbons CA, Teebi A, Chitayat D, Weksberg R, Thompson A,

Vardy C, Crosbie V, Luscombe S, Baatjes R, Zwaigenbaum L, Roberts W,

Fernandez B, Szatmari P, Scherer SW. 2008. Structural variation of chromo-

somes in autism spectrum disorder. Am J Hum Genet 82:477–488.

Matarin M, Simon-Sanchez J, Fung HC, Scholz S, Gibbs JR, Hernandez DG, Crews C,

Britton A, Wavrant De Vrieze F, Brott TG, Brown Jr RD, Worrall BB, Silliman S,

Case LD, Hardy JA, Rich SS, Meschia JF, Singleton AB. 2008. Structural genomic

variation in ischemic stroke. Neurogenetics 9:101–108.

McCarroll SA, Altshuler DM. 2007. Copy-number variation and association studies

of human disease. Nat Genet 39:S37–S42.

Need AC, Ge D, Weale ME, Maia J, Feng S, Heinzen EL, Shianna KV, Yoon W,

Kasperaviciute D, Gennarelli M, Strittmatter WJ, Bonvicini C, Rossi G,

Jayathilake K, Cola PA, McEvoy JP, Keefe RS, Fisher EM, St. Jean PL,

Giegling I, Hartmann AM, Moller HJ, Ruppert A, Fraser G, Crombie C,

Middleton LT, St. Clair D, Roses AD, Muglia P, Francks C, Rujescu D,

Meltzer HY, Goldstein DB. 2009. A genome-wide investigation of SNPs and

CNVs in schizophrenia. PLoS Genet 5:e1000373.

Olshen AB, Venkatraman ES, Lucito R, Wigler M. 2004. Circular binary segmentation

for the analysis of array-based DNA copy number data. Biostatistics 5:557–572.

Park H, Kim JI, Ju YS, Gokcumen O, Mills RE, Kim S, Lee S, Suh D, Hong D,

Kang HP, Yoo YJ, Shin JY, Kim HJ, Yavartanoo M, Chang YW, Ha JS, Chong W,

Hwang GR, Darvishi K, Kim H, Yang SJ, Yang KS, Kim H, Hurles ME,

Scherer SW, Carter NP, Tyler-Smith C, Lee C, Seo JS. 2010. Discovery of

common Asian copy number variants using integrated high-resolution array

CGH and massively parallel DNA sequencing. Nat Genet 42:400–405.

Pique-Regi R, Monso-Varona J, Ortega A, Seeger RC, Triche TJ, Asgharzadeh S. 2008.

Sparse representation and Bayesian detection of genome copy number

alterations from microarray data. Bioinformatics 24:309–318.

Redon R, Ishikawa S, Fitch KR, Feuk L, Perry GH, Andrews TD, Fiegler H, Shapero MH,

Carson AR, Chen W, Cho EK, Dallaire S, Freeman JL, Gonzalez JR, Gratacos M,

Huang J, Kalaitzopoulos D, Komura D, MacDonald JR, Marshall CR, Mei R,

Montgomery L, Nishimura K, Okamura K, Shen F, Somerville MJ, Tchinda J,

Valsesia A, Woodwark C, Yang F, Zhang J, Zerjal T, Zhang J, Armengol L, Conrad DF,

Estivill X, Tyler-Smith C, Carter NP, Aburatani H, Lee C, Jones KW, Scherer SW,

Hurles ME. 2006. Global variation in copy number in the human genome. Nature

444:444–454.

Rodriguez-Santiago B, Brunet A, Sobrino B, Serra-Juhe C, Flores R, Armengol L, Vilella

E, Gabau E, Guitart M, Guillamat R, Martorell L, Valero J, Gutierrez-Zotes A,

Labad A, Carracedo A, Estivill X, Perez-Jurado LA. 2010. Association of common

copy number variants at the glutathione S-transferase genes and rare novel

genomic changes with schizophrenia. Mol Psychiatry 15:1023–1033.

Schouten JP, McElgunn CJ, Waaijer R, Zwijnenburg D, Diepvens F, Pals G. 2002.

Relative quantification of 40 nucleic acid sequences by multiplex ligation-

dependent probe amplification. Nucleic Acids Res 30:e57.

Sha BY, Yang TL, Zhao LJ, Chen XD, Guo Y, Chen Y, Pan F, Zhang ZX, Dong SS,

Xu XH, Deng HW. 2009. Genome-wide association study suggested copy

number variation may be associated with body mass index in the Chinese

population. J Hum Genet 54:199–202.

Simon-Sanchez J, Scholz S, Matarin Mdel M, Fung HC, Hernandez D, Gibbs JR,

Britton A, Hardy J, Singleton A. 2008. Genomewide SNP assay reveals mutations

underlying Parkinson disease. Hum Mutat 29:315–322.

Stefansson H, Rujescu D, Cichon S, Pietilainen OP, Ingason A, Steinberg S, Fossdal R,

Sigurdsson E, Sigmundsson T, Buizer-Voskamp JE, Hansen T, Jakobsen KD,

Muglia P, Francks C, Matthews PM, Gylfason A, Halldorsson BV, Gudbjartsson D,

Thorgeirsson TE, Sigurdsson A, Jonasdottir A, Jonasdottir A, Bjornsson A,

Mattiasdottir S, Blondal T, Haraldsson M, Magnusdottir BB, Giegling I, Moller HJ,

Hartmann A, Shianna KV, Ge D, Need AC, Crombie C, Fraser G, Walker N,

Lonnqvist J, Suvisaari J, Tuulio-Henriksson A, Paunio T, Toulopoulou T,

Bramon E, Di Forti M, Murray R, Ruggeri M, Vassos E, Tosato S, Walshe M,

Li T, Vasilescu C, Muhleisen TW, Wang AG, Ullum H, Djurovic S, Melle I,

Olesen J, Kiemeney LA, Franke B, Sabatti C, Freimer NB, Gulcher JR,

Thorsteinsdottir U, Kong A, Andreassen OA, Ophoff RA, Georgi A, Rietschel M,

Werge T, Petursson H, Goldstein DB, Nothen MM, Peltonen L, Collier DA,

St Clair D, Stefansson K, Kahn RS, Linszen DH, van Os J, Wiersma D,

Bruggeman R, Cahn W, de Haan L, Krabbendam L, Myin-Germeys I. 2008. Large

recurrent microdeletions associated with schizophrenia. Nature 455:232–236.

Stranger BE, Forrest MS, Dunning M, Ingle CE, Beazley C, Thorne N, Redon R,

Bird CP, de Grassi A, Lee C, Tyler-Smith C, Carter N, Scherer SW, Tavare S,

Deloukas P, Hurles ME, Dermitzakis ET. 2007. Relative impact of nucleotide and

copy number variation on gene expression phenotypes. Science 315:848–853.

Walsh T, McClellan JM, McCarthy SE, Addington AM, Pierce SB, Cooper GM,

Nord AS, Kusenda M, Malhotra D, Bhandari A, Stray SM, Rippey CF,

Roccanova P, Makarov V, Lakshmi B, Findling RL, Sikich L, Stromberg T,

Merriman B, Gogtay N, Butler P, Eckstrand K, Noory L, Gochman P, Long R,

Chen Z, Davis S, Baker C, Eichler EE, Meltzer PS, Nelson SF, Singleton AB,

Lee MK, Rapoport JL, King MC, Sebat J. 2008. Rare structural variants disrupt multiple

genes in neurodevelopmental pathways in schizophrenia. Science 320:539–543.

Wang K, Li M, Hadley D, Liu R, Glessner J, Grant SF, Hakonarson H, Bucan M. 2007.

PennCNV: an integrated hidden Markov model designed for high-resolution

copy number variation detection in whole-genome SNP genotyping data.

Genome Res 17:1665–1674.

Weiss LA, Shen Y, Korn JM, Arking DE, Miller DT, Fossdal R, Saemundsen E,

Stefansson H, Ferreira MA, Green T, Platt OS, Ruderfer DM, Walsh CA,

Altshuler D, Chakravarti A, Tanzi RE, Stefansson K, Santangelo SL, Gusella JF,

Sklar P, Wu BL, Daly MJ. 2008. Association between microdeletion and

microduplication at 16p11.2 and autism. N Engl J Med 358:667–675.

Winchester L, Yau C, Ragoussis J. 2009. Comparing CNV detection methods for SNP

arrays. Brief Funct Genomic Proteomic 8:353–366.

Xu B, Roos JL, Levy S, van Rensburg EJ, Gogos JA, Karayiorgou M. 2008. Strong

association of de novo copy number mutations with sporadic schizophrenia.

Nat Genet 40:880–885.

Yang TL, Chen XD, Guo Y, Lei SF, Wang JT, Zhou Q, Pan F, Chen Y, Zhang ZX,

Dong SS, Xu XH, Yan H, Liu X, Qiu C, Zhu XZ, Chen T, Li M, Zhang H,

Zhang L, Drees BM, Hamilton JJ, Papasian CJ, Recker RR, Song XP, Cheng J,

Deng HW. 2008. Genome-wide copy-number-variation study identified a

susceptibility gene, UGT2B17, for osteoporosis. Am J Hum Genet 83:663–674.

Yau C, Holmes CC. 2008. CNV discovery using SNP genotyping arrays. Cytogenet

Genome Res 123:307–312.

248 HUMAN MUTATION, Vol. 32, No. 2, 240–248, 2011

aamaral
Tachado



Marenne et al., Human Mutation 1

Supp. Figure S1. Log R Ratio (LRR), B Allele Frequency (BAF), algorithm and MLPA 
callings and MLPA peaks for A) a true positive duplication, B) a true positive homozygous 
deletion, C) a false negative heterozygous deletion and D) a false positive duplication. 
MLPA peaks are shown for the considering individual and for various probes used for 
validation. 
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Supp. Figure S2. Detail of the kappa calculation for the two-step 
agreement on calling CNVs. 
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Supp. Figure S3. Agreement on assessing the number of copies once the type of CNV 
(loss or gain) was concordant for both replicates. For each type of CNV and each 
algorithm, we computed 1) the Kappa coefficient for each pair of duplicate and we 
provided the average Kappa across the 96 pairs, 2) a overall Kappa coefficient computed 
over all the 96 pairs of replicates and concordant probes, and 3) the classic concordance 
rate for each pair of duplicate and we provided the average concordance across the 96 pairs. 

 

 

Supp. Figure S4. Impact of the filtering on PennCNV calling agreement. Box plots 
before and after filtering for the distribution of A) Kappa Index estimates for CNV 
detection on duplicated samples, and B) weighted Kappa Index estimates for copy-
number assessment when a CNV was detected. 
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Supp. Table S1. Number of Individuals, assays, and pairs analyzed (before CNV criteria) and considered in the accuracy study 
(after CNV criteria) and according to DNA source 

Overall   Blood  Saliva  Blood / Saliva 

Individuals Assays Pairs   Individuals Assays Pairs  Individuals Assays Pairs  
Individua

ls Assays Pairs 

Before CNV criteria                         
141 299 178   71 142 71  66 146 97  4 11 10 

127 dup       71 dup      55 dup      1 dup 5 Blood 1 B/B 
11 trip              8 trip      3 trip 6 Saliva 2 S/S 

3 quadrip              3 quadrip          7 B/S 
After CNV criteria                         

92 186 96   63 126 63  29 60 33   -   -   -  
90 dup       63 dup      27 dup            
2 trip              2 trip            

 
Assays are count by summing all duplicate, triplicate and quadruplicate samples 
Pairs refer to the by-two comparisons provided by duplicate (2), triplicate (3) and quadruplicate (6) samples. 
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Supp. Table S2. MLPA probes considered in the MLPA analysis 

Probe Chromosome Band Start End
SKI 1 1p36.33 2,150,969 2,151,029
IL1B 2 2q13 113,306,801 113,306,852
A_14_P103008 2 2q37.3 242,228,984 242,229,042
PLCD1 3 3p22.3 38,026,650 38,026,709
Chr3_46771035 3 3p21.31 46,781,196 46,781,253
Chr4_69231671 4 4q13.2 69,109,638 69,109,698
PCDHA9 5 5q31.1 140,208,267 140,208,335
DOM3Z 6 6p21.32 32,047,183 32,047,228
HLA-DRB5 6 6p21.32 32,593,310 32,593,379
FZD9 7 7q11.23 72,294,840 72,294,901
Chr8_39356595 8 8p11.23 39,401,744 39,401,802
RXRa 9 9q34.2 136,453,357 136,453,414
NOTCH1 9 9q34.3 138,523,724 138,523,783
PPYR1 10 10q11.22 46,507,740 46,507,809
ADAM8 10 10q26.3 134,933,411 134,933,468
HRAS 11 11p15.5 523,758 523,813
A_14_P114204 11 11q13.1 66,952,984 66,953,039
OR4K2 14 14q11.2 19,414,387 19,414,452
Chr16_32481309 16 16p11.2 32,516,918 32,516,977
chr17_415_A 17 17q21.31 41,539,152 41,539,211
chr17_42061812_42110026_B 17 17q21.31 41,889,427 41,889,486
NSF 17 17q21.32 42,166,492 42,166,551
STK11 19 19p13.3 1,171,375 1,171,442
ENm007_1 19 19q13.42 59,427,206 59,427,263
ENm007_2 19 19q13.42 59,968,534 59,968,593
A_14_P105195 20 20q11.21 30,111,471 30,111,530
GSTT1 22 22q11.23 22,706,190 22,706,250
Chr22_22690592 22 22q11.23 22,709,442 22,709,496
Chr22_Pop_1 22 22q13.1 37,684,655 37,684,714
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Supp. Table S3. Validity estimates for blood samples comparing the calling results with those obtained using MLPA as a 
reference 

      CNVpartition  PennCNV  QuantiSNP 

      No filter  Itsara et al. 
filter  No filter   Itsara et al. 

filter  No filter  Itsara et al. 
filter 

Steps CNV type   Est. 95% CI  Est. 95% CI  Est. 95% CI   Est. 95% CI  Est. 95% CI  Est. 95% CI 

1 CNV SE 0.19 
[0.14 - 
0.23]  0.05

[0.03 - 
0.08]  0.23

[0.18 - 
0.28]   0.07

[0.05 - 
0.11]  0.28

[0.23 - 
0.33]  0.08

[0.05 - 
0.11] 

  
  SP 0.99 

[0.98 - 
1.00]  1.00

[1.00 - 
1.00]  0.98

[0.97 - 
0.99]   1.00

[0.99 - 
1.00]  0.97

[0.96 - 
0.98]  1.00

[0.99 - 
1.00] 

  
  VPP 0.83 

[0.73 - 
0.91]  0.95

[0.75 - 
1.00]  0.76

[0.66 - 
0.85]   0.86

[0.68 - 
0.96]  0.71

[0.62 - 
0.79]  0.90

[0.73 - 
0.98] 

  
  VPN 0.83 

[0.81 - 
0.85]  0.80

[0.78 - 
0.82]  0.84

[0.83 - 
0.86]   0.81

[0.79 - 
0.83]  0.86

[0.84 - 
0.87]  0.81

[0.79 - 
0.83] 

2a Deletion* SE 0.97 
[0.86 - 
1.00]  1.00

[0.73 - 
1.00]  0.95

[0.84 - 
0.99]   1.00

[0.79 - 
1.00]  0.98

[0.91 - 
1.00]  1.00

[0.81 - 
1.00] 

  
  SP 1.00 

[0.79 - 
1.00]  1.00

[0.09 - 
1.00]  1.00

[0.83 - 
1.00]   1.00

[0.09 - 
1.00]  0.92

[0.73 - 
0.99]  1.00

[0.01 - 
1.00] 

  
  VPP 1.00 

[0.86 - 
1.00]  1.00

[0.73 - 
1.00]  1.00

[0.87 - 
1.00]   1.00

[0.79 - 
1.00]  0.97

[0.88 - 
1.00]  1.00

[0.81 - 
1.00] 

  
  VPN 0.96 

[0.79 - 
1.00]  1.00

[0.09 - 
1.00]  0.94

[0.79 - 
0.99]   1.00

[0.09 - 
1.00]  0.96

[0.78 - 
1.00]  1.00

[0.01 - 
1.00] 

2b SE 1.00 
[0.83 - 
1.00]  1.00

[0.66 - 
1.00]  0.86

[0.57 - 
0.98]   1.00

[0.64 - 
1.00]  0.68

[0.45 - 
0.86]  1.00

[0.66 - 
1.00] 

  

Homozygous 
deletion* SP 0.94 

[0.79 - 
0.99]  1.00

[0.42 - 
1.00]  1.00

[0.91 - 
1.00]   1.00

[0.66 - 
1.00]  0.92

[0.82 - 
0.97]  1.00

[0.68 - 
1.00] 

  
  VPP 0.94 

[0.79 - 
0.99]  1.00

[0.66 - 
1.00]  1.00

[0.64 - 
1.00]   1.00

[0.64 - 
1.00]  0.75

[0.51 - 
0.91]  1.00

[0.66 - 
1.00] 

  
  VPN 1.00 

[0.83 - 
1.00]  1.00

[0.42 - 
1.00]  0.97

[0.88 - 
1.00]   1.00

[0.66 - 
1.00]  0.89

[0.78 - 
0.95]  1.00

[0.68 - 
1.00] 
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      CNVpartition  PennCNV  QuantiSNP 

      No filter  Itsara et al. 
filter  No filter   Itsara et al. 

filter  No filter  Itsara et al. 
filter 

2c SE 0.63 
[0.24 - 
0.91]  1.00

[0.28 - 
1.00]  0.93

[0.76 - 
0.99]   1.00

[0.62 - 
1.00]  0.92

[0.78 - 
0.98]  1.00

[0.66 - 
1.00] 

  

Heterozygous 
deletion* SP 1.00 [0.9 - 1.00]  1.00 [0.7 - 1.00]  0.95

[0.84 - 
0.99]   1.00

[0.68 - 
1.00]  0.87

[0.74 - 
0.95]  1.00

[0.68 - 
1.00] 

  
  VPP 1.00 

[0.36 - 
1.00]  1.00

[0.28 - 
1.00]  0.93

[0.76 - 
0.99]   1.00

[0.62 - 
1.00]  0.85 [0.7 - 0.94]  1.00

[0.66 - 
1.00] 

  
  VPN 0.95 

[0.85 - 
0.99]  1.00 [0.7 - 1.00]  0.95

[0.84 - 
0.99]   1.00

[0.68 - 
1.00]  0.93

[0.81 - 
0.99]  1.00

[0.68 - 
1.00] 

2d Duplication* SE 1.00 
[0.79 - 
1.00]  1.00

[0.09 - 
1.00]  1.00

[0.83 - 
1.00]   1.00

[0.09 - 
1.00]  0.92

[0.73 - 
0.99]  1.00

[0.01 - 
1.00] 

  
  SP 0.97 

[0.86 - 
1.00]  1.00

[0.73 - 
1.00]  0.95

[0.84 - 
0.99]   1.00

[0.79 - 
1.00]  0.98

[0.91 - 
1.00]  1.00

[0.81 - 
1.00] 

  
  VPP 0.96 

[0.79 - 
1.00]  1.00

[0.09 - 
1.00]  0.94

[0.79 - 
0.99]   1.00

[0.09 - 
1.00]  0.96

[0.78 - 
1.00]  1.00

[0.01 - 
1.00] 

  
  VPN 1.00 

[0.86 - 
1.00]  1.00

[0.73 - 
1.00]  1.00

[0.87 - 
1.00]   1.00

[0.79 - 
1.00]  0.97

[0.88 - 
1.00]  1.00

[0.81 - 
1.00] 

*Estimates for each CNV type were calculated only for these true positive CNVs identified in step 1. 
 

The estimates and their 95% confidence intervals (CI) for sensitivity (SE), specificity (SP), positive predictive value (VPP) and 
negative predictive value (VPN) are displayed according to the algorithms and the different types of aberrations with and without 
filtering using the Itsara et al. criteria. 
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Chapter 2 

Deletion at GSTM1 and bladder cancer risk:  

Replication of the association using the Illumina 1M data 

 

Based on the results obtained in the accuracy study presented previously, we applied the 

PennCNV algorithm to perform the CNV calling in the whole SBC / EPICURO sample. Because 

the GSTM1 gene is known to overlap a highly frequent CNV and the association between 

homozygous deletion at GSTM1 and the risk of BC is well established (see the part 2 – chapter 

1 for more details), one objective of my thesis was to further describe the CNV callings in that 

specific region, and investigate whether we were able to replicate the well-known association 

using the CNV data generated through the Illumina SNP-array.  

Unexpectedly, we realized that PennCNV did not detect any deletion for any of the 2,099 

individuals from the SBC / EPICURO Study used in the CNV analysis (see Part 5 for more detail 

on the SBC / EPICURO Study sample used in the CNV analysis). Thus, we decided to further 

explore the pattern of the continuous intensity measure provided by the Illumina SNP-array, 

the LRR, according to previous CNV callings performed in the SBC / EPICURO Study for the 

GSTM1 gene with two gold-standard techniques for CNVs, namely TaqMan and multiplex 

ligation-dependent probe amplification (MLPA). Because we observed that the continuous LRR 

followed a trend according to the actual number of copies provided by TaqMan and MLPA, we 

investigated whether the association between the number of copies at GSTM1 and the risk of 

BC could be replicated using the continuous LRR measure to overpass the CNV calling 

limitation at the GSTM1 gene. 

This work led to various scientific publications in international scientific meetings and to a 

scientific article in revision in BMC genomics (Marenne et al. 2012b). The article presenting the 

methodology and the results of this work is presented hereafter. 
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ABSTRACT 

Background. Structural variations such as copy number variants (CNV) influence the expression 

of different phenotypic traits. Algorithms to identify CNVs through SNP-array platforms are 

available. The ability to evaluate well-characterized CNVs such as GSTM1 (1p13.3) deletion 

provides an important opportunity to assess their performance. 

Results. 773 cases and 759 controls from the SBC/EPICURO Study were genotyped in the 

GSTM1 region using TaqMan, Multiplex Ligation-dependent Probe Amplification (MLPA), and 

Illumina Infinium 1M SNP-array platforms. CNV callings provided by TaqMan and MLPA were 

highly concordant and replicated the association between GSTM1 and bladder cancer. This was 

not the case when CNVs were called using Illumina 1M data through available algorithms since 

no deletion was detected across the study samples. In contrast, when the Log R Ratio (LRR) 

was used as a continuous measure for the 5 probes contained in this locus, we were able to 

detect their association with bladder cancer using simple regression models or more 

sophisticated methods such as the ones implemented in the CNVtools package. 

Conclusions. This study highlights an important limitation in the CNV calling from SNP-array 

data in regions of common aberrations and suggests that there may be added advantage for 

using LRR as a continuous measure in association tests rather than relying on calling 

algorithms. 

 

INTRODUCTION 

The glutathione S-transferase mu 1 (GSTM1) gene is located in the 1p13.3 band and codes for 

the cytosolic enzyme GST-μ that plays a role in carcinogen detoxification. Many structural 

variations have been described that overlap this gene in the Database of Genomic Variation [1] 

(Figure1). A common copy number variant (CNV) has been well characterized and reported on 

the basis of the frequency of homozygous deletions of the entire coding region (known as the 

GSTM1-null genotype), which varies between 29% and 51% across ethnic groups [2-4]. 

Due to the established role of GSTM1 in detoxification and the high frequency of homozygous 

deletions in the population, GSTM1 has been extensively investigated in association with many 

chronic diseases, in particular, with asthma [5] and different types of cancers [4, 6], including 

bladder cancer [7]. In a large case-control study, we reported that 63% of bladder cancer cases 

and 47% of controls harbored the GSTM1-null genotype, leading to an OR=1.7 (95%CI 1.4 – 
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2.0) [8]. This result is well-established as it was replicated in several independent studies and 

in a meta-analysis [8]. 

Reliable and accurate technologies such as qPCR or Multiplex Ligation-dependent Probe 

Amplification (MLPA) are available to genotype CNVs in targeted regions of the genome. High-

throughput SNP-array platforms now offer the possibility to study CNVs at a genome-wide 

scale. For instance, Illumina Infinium 1M provides intensity data of both alleles at each SNP 

allowing the detection of CNV breakpoints and the estimation of the associated number of 

copies. Monomorphic probes were also included in genomic regions known to harbor CNVs 

but that were not well covered by SNPs. Overall, this platform contains 1,071,820 probes, 

among them 206,665 are located in reported CNV regions and 17,202 are monomorphic 

probes specially designed for CNV purpose. 

Assessing CNV data across the genome-wide level using SNP-arrays is a daunting problem and 

requires stringent quality control (QC) measures to minimize the noise related to an analytical 

scheme that relies on sliding windows across SNPs [9-11]. The assessment also requires that 

CNVs is called based on the raw intensity data from each set of probes. Several calling 

algorithms have been developed [9, 10, 12, 13] but these algorithms have a very low sensitivity 

when applied to large data sets [14-16]. In turn, the probability of false negatives remains a 

major challenge. 

To limit false negative callings, a strategy that by-passes the calling step and directly performs 

the association test using raw intensity measures has been proposed [17-19]. Alternatively, 

methods have been developed allowing the simultaneous calling and association test 

estimation. These methods account better for the calling uncertainties but are yet to be 

validated in sufficiently large studies [20, 21]. 

The objective of this study was to assess CNV at the GSTM1 locus at the genome wide level 

using data from the Illumina Infinium 1M SNP-array platform and samples from the Spanish 

Bladder Cancer/EPICURO (SBC/EPICURO) Study and compare this assessment with those done 

by TaqMan (qPCR) and MLPA. We also tested for the association between the number of 

copies at GSTM1 and the risk of bladder cancer in order to compare the significance of the 

association with the three platforms. 
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MATERIAL AND METHODS 

Samples 

The SBC/EPICURO Study is a hospital-based case-control study conducted between 1998 and 

2001 and described in detail elsewhere [8]. In summary, 18 hospitals in 5 Spanish regions 

(Barcelona, Vallès/Bages, Alicante, Asturias, Tenerife) were involved and a total of 1,219 cases 

and 1,271 controls that provided their informed consent, were interviewed for the study. 

Controls were matched to cases for gender, age and hospital. Detailed epidemiological 

information of known and potential risk factors for bladder cancer was collected. Genomic 

DNA was available for most of the individuals; and after exclusion based on DNA quality, tumor 

morphology and ethnicity [8], a total of 2,314 individuals (1,157 cases and 1,157 controls) were 

suitable for the genetic analysis. 

GSTM1 genotyping 

Three genotyping methods were applied to assess the number of copies at the GSTM1 locus. 

TaqMan assays were conducted at the Genotyping Core Facility – National Cancer Institute 

(CGF-NCI), USA [8]. MLPA assays were performed at the Pompeu Fabra University (UPF, 

Barcelona) by using optimized custom probes described elsewhere [22]. A genome-wide 

Illumina Infinium 1M SNP-array scan was performed at the CGF-NCI, USA [7]. The latter 

platform provided information on 5 probes located in the the GSTM1 locus (Figure1). 

While a different number of individuals were analyzed by each platform, a common set of 

1,532 blood-derived samples (773 cases and 759 controls) was available for comparison. 

Details on the sample sets used for each genotyping platforms are provided in SupplTable1 

and SupplFigure1. 

Retrieving CNV information from Illumina Infinium 1M SNP-array 

The Beadstudio software (Illumina Inc.) was used to process the data. Briefly, for each SNP 

probe, allele specific fluorescence intensities corresponding to the two alleles, named 

respectively A and B, were obtained and normalized to adjust for global differences in intensity 

and to scale the data as described in [23]. Genotype clusters have been calculated using our 

own data. The reliability of the SNP genotyping was evaluated through the analysis of 

duplicated samples; the observed concordance was >99.5%. The log R Ratio (LRR) was 

computed by taking the log2 value of the ratio of the sum of the normalized intensities, Robs, 

divided the value Rexp expected based on the genotype clusters. The LRR value depends on the 



PART 3. CNV calling accuracy and impact on association testing 

99 

number of CNV copies carried by the individual: typically for individuals belonging to the 

genotype clusters who carry only 2 copies (normal state), the LRR is around 0, while for 

individuals carrying less or more copies, the LRR is expected to be negative and positive, 

respectively. Beadstudio also computes the proportion of B alleles in the genotype, referred to 

as the B allele frequency or BAF, from the normalized intensities. For individuals carrying two 

copies, the BAF should be around 0, 0.5 or 1, depending on whether their genotypes are AA, 

AB, or BB, respectively. 

For CNV calling, we used PennCNV [9] as, for our data set we obtained a better reliability (0.65) 

based on replicated samples for this algorithm in comparison to other two algorithms [16]. 

PennCNV implements a Hidden-Markov model (HMM) in which the hidden states are the 

number of copies (from 0 to 4 copies), and the observed states are the LRR and the BAF values 

at each probe. One of the HMM parameters is the vector of expected LRR values for each 

hidden state, the default values for 0, 1, 2, 3 and 4 copies are respectively -3.53, -0.66, 0, 0.40 

and 0.68. According to PennCNV authors recommendations, we excluded all individual samples 

fulfilling at least one of the following criteria: a standard deviation of the LRR values over the 

1M probes > 0.28, a median BAF value out of the range [0.45 - 0.55], a BAF drift >0.002, a wave 

factor out of [-0.04 - 0.04]. The BAF drift summarizes the departure of the BAF from the 

expected values when 2 copies (0, 0.5 and 1). The wave factor aims to identify samples in 

which the LRR is not consistent across the genome; it summarizes the variability of the average 

LRR values in sliding windows. 

Statistical method for association testing with LRR 

The association between GSTM1 signal and bladder cancer risk was tested using the LRR 

values. First, we used logistic regression models where, after adjustment for gender, age, 

region and tobacco use, the disease status was modeled as a function of the LRR at each of the 

five probes located in the gene (5 tests were performed). Second, we applied the association 

testing method implemented in the CNVtools package, which unifies genotyping and 

association testing into a single model by incorporating a dichotomous disease variable into 

the mixture model for the signal [20]. As recommended by the authors, the method was run 

using a summarized measure of the LRR across the 5 SNPs located in the GSTM1 gene obtained 

after applying a principal component analysis, followed by a linear discriminant function. This 

analysis was also adjusted for gender, region, tobacco use and age. Since CNVtools only allows 

the adjustment for qualitative variable, we categorized the age in 4 classes according to its 

quartiles. 
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Analyses were performed using the statistical software R2.9. (http://www.r-project.org) and 

the Vennarable R package (Jonathan Swinton). 

 

RESULTS 

The concordance rate between TaqMan and MLPA for GSTM1-null identification was high but 

not complete: 96.2% over the entire sample (cases and controls) and 95.8% when considering 

only the controls. TaqMan and MLPA detected 402 (52.96%) and 401 (52.83%) controls 

carrying a homozygous deletion, respectively, and 289 controls (38.1%, both platforms) 

carrying a heterozygous deletion (SupplTable2). These values were consistent with the 

reported rate of deletion in the European population. In contrast, when we conducted an 

analysis with PennCNV on the Illumina 1M SNP-array data, no deletion was detected among 

the 759 controls and 773 cases. 

As shown in Figure 2, the average LRR values for the 5 Illumina probes located at the GSTM1 

locus was higher than expected based on the number of copies reported by TaqMan or MLPA. 

Indeed, for the individuals with two copies according to both TaqMan and MLPA, the LRR for 

the five probes was 0.17 on average, higher than 0, the value expected when 2 copies of the 

gene are present. Similarly, although negative LRR values are expected when a deletion is 

present, we observed positive values (0.08) in individuals with one copy and only slightly 

negative values (-0.10) in individuals with a homozygous deletion according to TaqMan and 

MLPA callings. These differences between the observed pattern of LRR at the GSTM1 locus and 

the one expected by the PennCNV algorithm could explain that no detection was detected by 

PennCNV. 

However, there was a strong correlation between LRR values and the estimated number of 

copies using TaqMan or MLPA (analysis of variance - p<10-15), suggesting that the LRR values 

might be useful for an exploratory approach (Figure2). Using LRR values from each of the five 

probes as explanatory variables in the logistic regression models, we detected the association 

with bladder cancer risk for three of them: (rs4147567: p=8.00x10-4; rs2239892: p=0.01 and 

rs12068997: p=0.02) (Table1). Estimated OR at the 5 SNPs (Table1) was <1.0 indicating that an 

increase of the LRR was protective for bladder cancer, which was concordant with the 

evidence in the literature. Indeed, using the calling provided by TaqMan and MLPA in this 

sample, we obtained a significant association (p=3.40x10-4, OR=0.74 [0.62-0.87] and 

http://www.r-project.org/
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p=1.15x10-4, OR=0.72 [0.61-0.85], respectively) between the trend on the number of copies at 

GSTM1 and bladder cancer risk. 

When using CNVtools to test for association, individuals were clustered into two categories 

based on their copy numbers. These categories fitted well with their actual status of having a 

homozygous deletion or not as detected by MLPA or TaqMan. We observed a high 

concordance rate, 93.7% and 93.0%, between CNVtools clustering and TaqMan and MLPA 

callings across the overall sample set. An association signal was detected (OR=0.66, p=1.74x10-

3) using this method adjusting for age, gender, region and tobacco use, replicating the known 

association between GSTM1 and bladder cancer. 

 

DISCUSSION 

Genome structural variants and, particularly CNV, are thought to play an important role in 

phenotypic variation and in the development of many complex diseases. In the last few years, 

several calling algorithms have been developed to identify CNVs at the whole genome scale 

using the same SNP-chips used to perform GWAS. However, studies that have evaluated the 

available tools have concluded that they lack sensitivity leading to a large number of false 

negative callings [14-16]. In this study, we confirm the lack of sensitivity of PennCNV in a 

particular situation, this algorithm being found to be the one performing the best in previous 

comparisons. In the well-characterized region of GSTM1, we found that PennCNV did not 

detect any deletion in a large sample of cases with bladder cancer and controls where 

homozygous deletion was known to have a frequency of 50% using Taqman and MLPA 

technologies. Because PennCNV was designed to detect CNV regions, we also applied the 

cnvHap algorithm that was designed to genotype known CNV regions [24]. But cnvHap neither 

detect any deletion in the GSTM1 region in our sample. It is noteworthy the fact that GSTM1 

would not be associated with bladder cancer using CNV calls derived from Illumina 1M 

platform. However, when LRR values at the different probes are compared between cases and 

controls, the association can be detected and provide results similar to those obtained when 

using Taqman or MLPA. This observation clearly shows that PennCNV lacks sensitivity to detect 

CNV in the GSTM1 region. 

A possible explanation for the lack of sensitivity of PennCNV (and cnvHap) is the high 

frequency of the GSTM1 deletion in the studied population. Indeed, CNV calling is done using 

the LRR that depends both on the observed (Robs) and the expected (Rexp) R values. The Rexp is 
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determined based on the clusters of genotypes. In the case of GSTM1 where the homozygous 

deletion is very frequent, these clusters include a high number of subjects with a homozygous 

deletion (GSTM1-null genotype). Thus, Robs and Rexp are expected to be similar in a GSTM1-null 

individual and, accordingly, the LRR value is around 0. The normalization process could also 

play a role as it aims at finding three clusters and this is not possible for GSTM1 locus since the 

BAF of homozygous deleted sample is uniformly distributed between 0 and 1, thus 

normalization is affecting the intensity values, too. 

The fact that the GSTM1 association can be detected when using LRR values without calling 

CNV confirms that, comparing LRR values in cases and controls might be a better screening 

strategy to test for association at the genome-wide level, as already suggested when no 

accurate CNV calling can be obtained [17-19]. Indeed, the LRR is a continuous measure that 

approximates and well correlates with the actual discrete number of copies. However, this 

measure integrates the noise contained in the intensity measures of both alleles obtained 

from the hybridization experiments. Thus, using the LRR in the association test assumes a loss 

a power for detecting the association in comparison of using an accurate calling of the discrete 

number of copies. This loss of power would explain that two of the five probes located in the 

GSTM1 gene failed to show association with bladder cancer risk in our study, and the three 

significant probes only showed a moderate significant p-values (between 8x10-4 and 0.019, 

table 1). Nevertheless, even if the significance of these probes was moderate, we observed an 

excess of significant p-values in comparison to what we could expect under the null hypothesis 

of no association in that region. Thus, methods working at the genome-wide level and 

searching for regions with an excess of significant probes could have identified the GSTM1 

region in our study. Alternatively, CNVtools, performing a joint calling and association testing, 

might also be considered, though it is more difficult to apply than that based on LRR and takes 

longer to run. The main caveat with CNVtools and equivalent methods is the definition of 

regions of interest. 

The GSTM1 deletion is located in a region of high sequence homology neighbored by a 

segmental duplication and this might explain that its breakpoints may slightly vary and, thus, 

the difficulties of calling. However, the locus is defined since the deletion in GSTM1 was 

already known and approaches based in probes are able to identify it. Nevertheless, there 

might be other still unknown CNVs in the genome showing similar characteristics that might 

thus not be easy to call [25]. To increase sensitivity in CNV identification at the whole genome 

scale, we propose performing a genome-wide screen for association using LRR values at each 

probe and then applying CNVtools for a fine-tunning in the most promising regions. 
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CONCLUSION 

In conclusion, our study provides insights into the limitations of CNV-calling algorithms applied 

to SNP-array platforms in regions harboring common CNVs, especially those with full gene 

deletions. Though our results focused on a previously characterized CNV, they raise the 

possibility that there could be a substantial problem across unknown regions of the genome 

with common CNVs. On the other hand, we showed that by comparing LRR between cases and 

controls we were able to identify hot genomic areas associated with the trait of interest, 

supporting the use of this exploratory association assessment at the whole-genome level, 

which should be pursued with promising efficient calling algorithms. 
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TABLES AND FIGURES 

 

Table 1. Association between GSTM1 and bladder cancer. The association was performed by 
logistic regression models adjusted for age, gender, region and smoking status. 

 

 

 

Figure 1. GSTM1 locus and reported CNVs. Source: Database of Genomic variation, accessed 
June 2011. 

 

 

 

Data N
average (std)

of LRR
N

average (std)

of LRR
OR [95% CI] p-value

LRR at each SNP

rs12068997 (110,032,359) 756  -0.0091 (0.1066) 767  -0.0223 (0.1086) 0.30 [0.11-0.82] 0.0190

rs4147567 (110,034,047) 757  -0.0138 (0.2810) 767  -0.0642 (0.2661) 0.51 [0.35-0.76] 8.47x10-4

rs1056806 (110,034,670) 757  -0.0031 (0.1105) 767  -0.0096 (0.1061) 0.67 [0.25-1.80] 0.4279

rs12562055 (110,034,988) 756  -0.0001 (0.1266) 767  -0.0069 (0.1244) 0.83 [0.36-1.95] 0.6754

rs2239892 (110,035,809) 757  -0.0216 (0.2099) 767  -0.0474 (0.2043) 0.51 [0.30-0.85] 0.0103

CNVtools 756 767 0.66 1.74x10-3

TaqMan 757 767 0.74 [0.62-0.87] 3.40x10-4

MLPA 757 767 0.72 [0.61-0.85] 1.15x10-4

Controls Cases
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Figure 2. LRR distribution according to CNV callings. Average LRR from the 5 probes located at 
GSTM1 according to the CNV calling obtained from TaqMan, MLPA and Illumina/PennCNV. 

 

 

 

 

SUPPLEMENTARY INFORMATION 

 

Supplementary table 1. Details on the number of individuals genotyped by each of the three 
platforms. Number of callings available at GSTM1 are also provided. 

  Cases Controls TOTAL 

TaqMan 

whole sample 1157 1157 2314 

non-missing GSTM1 call 1145 1140 2285 

MLPA on blood-derived samples 

whole sample 833 817 1650 

non-missing GSTM1 call 830 815 1645 

Illumina / PennCNV 

whole sample 1113 1093 2206 

sample after quality control 1056 1020 2076 
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Supplementary table 2. GSTM1 CNV assessment conducted by each of the genotyping 
platforms. We applied the PennCNV algorithm to call the CNVs from the Illumina 1M array 
genotyping data. 

  Cases   Controls     

  N %   N %   TOTAL 

Total 773 100%   759 100%   1532 

TaqMan callings               

0 copy 488 63.1%  402 53.0%  890 

1 copy 232 30.0%  289 38.1%  521 

2 copies 53    6.9%  68    9.0%  121 

MLPA callings               

0 copy 491 63.5%  401 52.8%  892 

1 copy 229 29.6%  289 38.1%  518 

2 copies 53   6.9%  67    8.8%  120 

3 copies 0 0%  2    0.3%  2 

Illumina / PennCNV callings               

2 copies 772 99.9%  758 99.9%  1530 

3 copies 1   0.1%  1   0.1%  2 

 

 

Supplementary figure 1. Venn diagrams describing the common individuals genotyped by the 
three platforms a) for the cases and controls, b) for cases only and c) for controls only. 
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As presented previously, CNVs can be detected using SNP-array data through the analysis of 

allele intensity measurements. Thus, for SNPs located in CNV regions, we can have access to 

the information on both the SNP alleles that are present and the number of copies of the CNV. 

Although a model was proposed to simultaneously test for both effects of the allele and of the 

number of copies (Korn et al. 2008) as presented in the Part 1 - chapter 3, very few studies so 

far have attempted to conduct such analysis (Bae et al. 2008; Irvin et al. 2011). Rather, two 

separate association analyses are usually performed, one considering the SNP bi-allelic 

genotypes and comparing their distribution in cases and controls (the SNP-only strategy), and 

the other comparing the number of copies of a given genomic region among cases and 

controls (the CNV-only strategy). 

In order to assess the performances of the SNP-only and the CNV-only strategies, as well as the 

performances of strategies that consider both information on the allele and the number of 

copies such as the one proposed by (Korn et al. 2008), we performed a simulation study of 

1,000 cases and 1,000 controls. For each individual, an allele-specific copy number state (A, 

AA, AB, ABB…) was simulated considering a large range of scenarios of allele frequency, copy 

number frequency and a risk, each scenario being replicated 10,000 times. For each replicate, 

we performed all the investigated strategies of association for SNPs located in CNV regions. 

Thus, we could assess and compare the powers of the strategies under each scenario. 

This work led to various scientific publications in international scientific meetings and to a 

scientific article submitted to PloS ONE (Marenne et al. 2012a). The article presenting the 

methodology and the results of this work is presented hereafter. 

Original article 

Gaëlle Marenne, Stephen J Chanock, Núria Malats*, Emmanuelle Génin*. Advantage of using 

allele-specific copy number when testing for association with a SNP located in a CNV. Plos 

One. In preparation. 

Poster 

Gaëlle Marenne, Núria Malats, Emmanuelle Génin. Accounting for SNP and CNV information in 

association studies. International Genetic Epidemiology Society (IGES) meeting 2010, 

October. Boston, USA. 
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ABSTRACT 

Copy number variants (CNV) can be called from SNP-arrays; however, few studies have 

attempted to combine both CNV and SNP calls to test for association with complex diseases. 

Even when SNPs are located within CNVs, two separate association analyses are necessary, to 

compare the distribution of bi-allelic genotypes in cases and controls (referred to as SNP-only 

strategy) and the number of copies of a region (referred to as CNV-only strategy). However, 

when disease susceptibility is actually associated with allele specific copy-number states, the 

two strategies may not yield comparable results, raising a series of questions about the 

optimal analytical approach. We performed simulations of the performance of association 

testing under different scenarios that varied genotype frequencies and inheritance models. We 

show that the SNP-only strategy lacks power under most scenarios when the SNP is located 

within a CNV; frequently it is excluded from analysis as it does not pass quality control metrics 

either because of an increased rate of missing calls or a departure from fitness for Hardy-

Weinberg proportion. The CNV-only strategy also lacks power because the association testing 

depends on the allele which copy number varies. The combined strategy performs well in most 

of the scenarios. Hence, we advocate the use of this combined strategy when testing for 

association with SNPs located within CNVs. 

 

INTRODUCTION 

Different types of variations occur in the human genome, ranging from single nucleotide base 

changes to copy changes of entire chromosomes (e.g., trisomies). Single nucleotide 

polymorphisms (SNPs) are single base changes of the DNA sequence that cover less than 1% of 

the human genome. Structural variations are larger polymorphisms that involve contiguous 

sequences of nucleotides [1]. Among them, copy number variants (CNVs) are defined as 

genomic regions larger than 1kb and present in a variable number of copies in a population [2]. 

CNVs are distributed throughout the genome and previous works reported that they cover 

between 3.7% and 12% of the human genome [3,4]. 

Many SNPs have been shown to contribute to a range of complex diseases involving both 

genetic and environmental factors through complex mechanisms. Although the role of 

common CNVs in human diseases has been less investigated, their contribution to complex 

diseases is probably substantial. Indeed, CNVs often include important functional elements of 

the DNA such as genes [3,4]. In addition, correlations between CNVs and gene expression have 
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been reported [5]. Furthermore, some CNVs have been found associated with diseases, mainly 

with neuropsychiatric disorders [6,7]. 

The recent developments of SNP genotyping technologies have resulted in the large scale 

analysis of genotypes in genome-wide associations (GWAS), which have identified over 1200 

new loci associated with human diseases or traits [8,9]. Data from SNP-arrays can also be used 

to characterize CNVs using specifically-developed CNV detection algorithms [10-12]. CNV 

detection from SNP-arrays lacks accuracy [13,14] but presents the advantage of giving 

information on both the SNP allele and the number of copies. 

Given that CNVs are distributed across the human genome, a significant proportion of the 

SNPs are located in CNVs. While it is biologically plausible that both number of copies and the 

actual alleles could play a role in disease susceptibility [11,15], very few analyses so far have 

taken them into account to test their effect simultaneously [16,17]. 

The objective of this work is to assess the performances of classically used statistical models to 

estimate the effect of the allele or the number of copies for a disease susceptibility SNP, when 

it is located within a CNV. We also investigated the performances of various strategies to 

simultaneously test for both effects. To this aim, we performed simulations of allele-specific 

copy number states (A, AA, AB, ABB…) in different scenarios of genotype frequencies and 

inheritance models. 

 

RESULTS 

We modeled disease susceptibility across a genomic region in which deletions and duplications 

occur independently with respective probabilities f(del) and f(dup) to give rise to 5 possible 

copy-number states (from 0 copy ,CN=0, to 4 copies, CN=4). In each genomic region, we 

assumed there was a SNP with two alleles A and B with allele B conferring an increased risk for 

the disease under study. We assumed that the effects of the B allele and the copy-numbers 

were multiplicative and we let RRallele and RRCN be respectively the relative risks for the disease 

associated to one extra B allele and one extra copy number. Using this model, we simulated 

allele-specific copy number states in 1,000 cases and 1,000 controls, as well as in 5,000 cases 

and 5,000 controls to see how results were affected by the sample size. These allele-specific 

copy number states were either analyzed directly or after condensing to bi-allelic genotypes 

(AA, AB, BB or missing) (Figure1). Five association strategies were compared testing either for 

a trend effect of the number of B alleles (referred to as Allele (multi) or Allele (bi) strategies), a 



 

116 

trend effect of the number of copies (the CN strategy), or both allelic and copy number effects 

(the Joint and Codominant strategies) (Table1). The strategies used either the allele-specific 

copy-number state information (the Allele (multi), CN, Joint and Codominant strategies), or the 

bi-allelic genotype information inferred from it (the Allele (bi) strategy) (see the Material and 

Methods section for more details). 

In the simulations performed under the null hypothesis of no association of the case-control 

status, with neither the allele nor the number of copies (RRallele=1 and RRCN=1), we were able to 

confirm that, in most of the scenarios investigated, there was no inflation in the type-1-error 

rates, neither with 1,000 cases and 1,000 controls, nor with 5,000 cases and 5,000 controls 

(SupplFigure1). The only exception was observed for the codominant model when testing for 

the effect of each allele-specific copy number state (Codominant strategy) with a low 

frequency of duplications. This could be due to the high number of degrees of freedom and 

the low number of observations for some allele-specific copy number state categories, but the 

inflation was small (the type-1-error did not excess 6%). 

We then focused on the situation in which the full information on allele-specific copy number 

states was available for both cases and controls. This implied that these states were 

reconstructed from the observed Log R ratio and B allele frequencies using a CNV calling 

algorithm. For the current model, we assumed here that these reconstructions were 

unambiguous but we recognize that this is not generally the case on real data as discussed 

below. When a single effect was simulated and either the B allele or the number of copies 

were associated with the disease (RRallele>1 and RRCN=1, or RRallele=1 and RRCN>1, respectively), 

the most powerful strategies to detect the association were, respectively, the Allele (multi) and 

CN strategies that were also the best fitting the simulated model of association. In the dataset 

of 1,000 cases and 1,000 controls, the power was maximum (100%) when the relative risks 

reached 1.5. This was true when both deletions and duplications were present (Figure2, first 

column for CN effect only and first line for allelic effect only), but also when only one type of 

copy-number variation was present (Figure3 for deletions and Figure4 for duplications). In the 

dataset of 5,000 cases and 5,000 controls, the power was maximum for relative risks greater 

than 1.2 (data not show). Interestingly, under the scenarios where a single effect was 

simulated, either of the number of B alleles or of the number of copies (RRallele>1 and RRCN=1, 

or RRallele=1 and RRCN>1, respectively), the two strategies testing for both effects (the Joint and 

the Codominant strategies) performed well and the loss in power compared to the best 

strategy was relatively low. This was especially true for the Joint strategy. As expected, the 

strategies that test for the other effect (i.e, the Allele (multi) strategy when copy-number 
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effects were simulated and the CN strategy when B allele effects were simulated) were the less 

powerful but interestingly the power was not null, thus detecting an element of the other 

effect. This was due to the fact that when a trend on the copy-numbers was simulated, 

individuals with 4 copies of the B allele were at higher risk than individuals with 3, 2, 1 or 0 

copies, and inversely, when a trend on the number of B alleles was simulated, individuals with 

4 copies were at higher risk than individuals with 3, 2, 1 or 0 copies (see Table1 when setting 

up RRallele=1 or RRCN=1). 

When a combined effect of the number of copies and the number of B alleles was simulated 

(both RRallele>1 and RRCN>1), the most powerful strategy was always the Joint strategy testing 

for both effects, regardless of the strengths of the effects, the frequencies of both the B allele 

and the copy numbers, and the sample size (either 1,000 or 5,000 cases and controls). This 

pattern was observed when both deletions and duplication were simulated (Figure2), as well 

as when only deletions (Figure3) or duplications (Figure4) were simulated (data not shown for 

5,000 cases and 5,000 controls). Even in scenarios in which the power could approach 100%, 

we could observe that the Joint strategy yielded lower p-values for association (data not 

showed). Thus, we concluded that the best strategy showing the higher performances over all 

the investigated scenarios was the Joint strategy. 

In order to investigate whether the effects of the number of copies and the number of B alleles 

were well estimated, we then focused on the two coefficient terms in the model of the Joint 

strategy, the sum and the difference of the number of B and A alleles. We pointed out that the 

sum term provided an estimate of the copy number effect plus half of the B allele effect, 

whereas the difference term estimated half of the B allele effect (see SupplNote1). Thus, for 

each replicate of each scenario, we transformed both coefficient terms to get the estimation 

of the effects of both the B allele and the copy number. We then observed that, for each 

scenario, the medians of the estimated effects over the 10,000 replicates were exactly the 

simulated effects (Table2). Thus, no bias was found in the estimation of both effects, 

regardless of the sample size (data not shown for 5,000 cases and 5,000 controls). However, as 

expected, the higher the sample-size, the lower the standard deviation of the estimated 

effects. 

Next, we considered the situation where only the bi-allelic genotype information (AA, AB, BB 

or missing) was available as it is the case when investigators are interested in testing for 

association only with SNPs. To reconstruct the bi-allelic genotype information from the allele-

specific copy-number states, we needed to evaluate the probabilities, given the allele-specific 
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copy-number states, of the different bi-allelic genotypes. To estimate these probabilities, we 

used empirical data from the Spanish Bladder Cancer (SBC) / EPICURO study (see Material and 

Methods) showing that the SNP callings were almost never ambiguous when the number of 

copies was 1 or 2 and without almost missing data whereas the callings were really messy 

when the number of copies was 3, 4 or 0 with very high missing rates (SupplTable1). 

Interestingly, we observed that the probabilities of missing bi-allelic genotypes where not 

equal for the heterozygous allele-specific copy number states AAB and ABB in one hand, and 

AAAB and ABBB in the other hand (SupplTable1). This pattern could be due to a bias in the 

intensity measurements that tend to favor one of the two colors as was observed by Staaf et 

al. [18]. 

Because the bi-allelic dataset contained partial information on the allele and a high rate of 

missing genotypes, the association test of the effect of the B allele based on this information, 

evaluated through the Allele (bi) strategy, showed lower performances in comparison to the 

Allele (multi) strategy that tested for the same effect but using the allele-specific copy number 

states. This could be seen when both deletions and duplications were present (Figure2), but 

also for deletions only (Figure3), and duplications only (Figure4 - data not shown for the 

dataset of 5,000 cases and 5,000 controls). Especially, when no effect of the B allele was 

simulated (RRallele=1 and RRCN>1), and regardless of the sample size, the power of the Allele (bi) 

strategy was null, meaning that the strategy could not detect the effect of the number of 

copies while the Allele (multi) strategy could (see the first columns of the Figures 2,3 and 4). In 

this situation, the power of the Allele (bi) strategy had a tendency to decrease when the B 

allele frequency increased. This was due to the fact that a significant protective effect of the B 

allele was detected when the B allele frequency was low (data not showed). Regarding the 

effect estimation, we could observe that the effect of the B allele was under-estimated in most 

of the investigated scenarios, especially when deletions were simulated. Inversely, in the 

scenarios where duplications were simulated and the frequency of B was higher than 20%, the 

effect of the B allele tended to be overestimated (data not showed). 

 

DISCUSSION 

In this work, we investigated various strategies for association testing when a SNP is located 

within a CNV region. We simulated allele-specific copy number states for two different sample 

sizes of cases and controls (1,000 and 5,000), as well as the corresponding bi-allelic genotypes 

obtained in a classical SNP analysis in which all individuals are supposed to have two alleles. 
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We considered a wide range of scenarios for both copy numbers and allele frequencies in 

relation to the tested strength of the association signal. We compared association testing 

strategies, either analyzing the effect of the allele, the effect of the number of copies, or both 

effects, either using the complete information of the alleles and the number of copies 

contained in the allele-specific copy number states or using the partial information on the 

allele only contained in the bi-allelic genotypes. 

We found that, using the complete information of allele-specific copy number states, the 

model that performed best over all the considered scenarios was the one testing 

simultaneously for both the number of copies and the allele effects through two terms, the 

sum and the difference of the two allele counts, a model previously proposed by Korn et al., 

2008 [11]. We showed that the statistical power of this model was better across a range of 

scenarios. We found that the coefficient terms of the model did not estimate the effects of the 

allele and the number of copies as suggested by Korn et al., 2008 [11], but that a 

transformation is needed to obtained unbiased estimations of these respective effects. 

We also observed that testing the effect of the allele using partial information on the allele 

state contained in the bi-allelic genotypes led to a small loss of power in comparison to testing 

the effect of the allele using the complete information of allele and copy number contained in 

the allele-specific copy number states. This was true under most of the investigated scenarios. 

The B allele effect was not correctly estimated but was either under or over-estimated 

depending on the frequencies of deletions and duplications, respectively. Additionally, and on 

the basis of real data, we observed that, for a SNP located in a CNV region, the missing rate for 

bi-allelic genotypes was often quite high, and there were significant departures from Hardy-

Weinberg equilibrium. Thus, and as previously mentioned [19], SNPs located in CNVs were 

likely to be excluded from classical SNP analysis and accordingly the test for the effect of the 

allele was not considered nor tested. 

In this paper, we investigated various possibilities for common CNV frequency, from high (66%) 

to relatively low (20%), including various types of CNV, either deletions only, duplications only 

or both deletions and duplications. We also investigated a large range of possibilities for the 

SNP allele frequency, from rare (5%) to highly common (50%). Regarding the pattern of 

association, we were interested in both the effect of the copy number and the effect of the 

allele, thus, we simulated these two effects combined in an additive manner, considering for 

each effect, the null effect of no association and various strengths of association, from small 

(odds ratio of 1.2) to high (odds ratio of 2). We believe these scenarios cover a wide range of 
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possible situations. However there are also some limitations in the models we considered. In 

particular, we made the assumption that for a given allele-specific copy number state, for 

example BBB, the risk was the same for all possible combination of state on the two 

chromosomes (i.e., the risk was the same for an individual with two B alleles on one 

chromosome and one on the other than for an individual with three B alleles on one 

chromosome and zero on the other). Further work will be needed to investigate more complex 

scenarios and taking into account the repartition of the alleles across the two chromosomes, 

but this was beyond the scope of this paper. 

The calling of allele-specific copy number states needs a previous identification of the 

individual CNV regions to identify the total number of copies at each SNP. This CNV calling can 

be unreliable as has been shown to lead a high discordance rate in duplicates [13]. 

Nevertheless, as technology shifts the field to next generation sequencing studies, larger data 

bases will provide the foundation to stabilize more accurate calling algorithms for calling both 

allele and copy number variants. Our work provides insight in statistical methodology for 

testing the effects of both the allele and the number of copies for such available data. 

 

MATERIAL AND METHODS 

Simulation design 

We considered a SNP with two alleles A and B, B being the susceptibility allele, located within a 

CNV region that can be present in a variable number of copies, from 0 to 4. We simulated the 

allele-specific copy number states for this SNP for a set of 1,000 cases and 1,000 controls, as 

well as for a set of 5,000 cases and 5,000 controls, with various scenarios of genotype 

frequencies and inheritance models. Each scenario was replicated 10,000 times. 

The frequency of each allele-specific copy number state in the control population was 

computed from the frequencies of each possible number of copies, from 0 to 4, and the 

frequencies of each possible allele, A and B (SuppTable2). On the basis that each individual 

had two chromosomes, we defined the frequencies of chromosomes carrying respectively 0 

copy (deletion), 1 copy (normal) and 2 copies (duplication), through two simulation 

parameters: the frequency of chromosomes carrying one copy (f(norm) = {0.8, 0.5, 1/3}) and 

the type of CNV present in the population, either deletions only, duplications only or both. 

When a single type of CNV was present, the frequency of the deleted, respectively duplicated, 

chromosomes was f(del)=1-f(norm) (respectively f(dup)=1-f(norm)). When both deletions and 
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duplications were present, they were assumed to have equal probabilities to occur and the 

frequencies of both the deleted and duplicated chromosomes were f(del)=f(dup)=(1-

f(norm))/2. Thus, the possible numbers of copies were from 0 to 4, with frequencies obtained 

by combining all possible pairs of chromosome leading to a particular number of copies 

(SuppTable2). The B allele frequency also varied from rare to common: f(B)={0.05, 0.20, 0.35, 

0.50}. In total, 36 different scenarios were investigated corresponding to different 

combinations of the parameters described above (SupplTable3). 

The frequencies of the allele-specific copy number states in cases were calculated given the 

allele-specific copy number state frequencies in controls, and the relative risks (RRs) of the 

allele-specific copy number states versus the reference genotype (see SupplNote2). We chose 

the allele-specific copy number state AA as reference for the RRs. Because we were interested 

in a combined effect of the allele and the number of copies, we defined two RRs: RRCN for the 

risk associated to an increase of 1 copy (reference is CN=2), and RRallele for the risk associated 

to an increase of 1 B allele (reference is 0 B allele). Assuming that the allele and copy number 

effects were multiplicative, we derived the RR for each allele-specific copy number state as 

detailed in SuppTable2. RRs were varied in the range {1, 1.2, 1.5, 2}, which led to 16 scenarios 

of combined risks (SuppFigure2), including the null hypothesis scenario where both effects 

were set to 1. 

In order to investigate the impact of performing a classical SNP analysis in which only 

information on bi-allelic genotypes or missing genotypes were available, we reconstructed 

from the simulated allele-specific copy number states, the bi-allelic genotypes. To estimate the 

probability of the different bi-allelic genotypes (AA, AB, BB and missing) given an allele-specific 

copy number state, we used real data from the Spanish Bladder Cancer (SBC) / EPICURO Study 

with more than 2000 individuals genotyped with the Illumina 1M array [20]. CNVs were called 

with PennCNV [12], and for each SNP located in a CNV region, the most probable allele-specific 

copy number state was determined. For instance, a SNP located in a 1-copy region can either 

be in the allele-specific copy number states A or B. If the BAF was lower than 0.5, the allele-

specific copy number state was set to A and if the BAF was greater than 0.5, it was set to B. 

Since for these data we also had access to the bi-allelic genotype calls from Beadstudio, we 

could linked the allele-specific copy number state and the bi-allelic genotype call and 

determine for each allele-specific copy number state, the probabilities of being called AA, AB, 

BB or missing (SuppTable1). 
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Association models 

Allele and copy number effects were tested by different association strategies (Table1). All 

these strategies used a likelihood-ratio test (LRT) comparing a logistic regression model to the 

null model. First we tested for the effect of the allele only assuming a trend on the number of 

B alleles. We used logistic regression models with the number of B as a continuous variable 

using either the allele-specific copy number states (Allele (multi) strategy) or the bi-allelic 

genotypes (Allele (bi) strategy). Second we tested for the effect of the number of copies only 

assuming a trend on the number of copies. We used a logistic regression model with the 

number of copies as a continuous variable (CN strategy). Finally, we used two logistic 

regression models that took into account the full information of allele and number of copies 

contained in the allele-specific copy number states. The first one was proposed by Korn2008 

and tested the association using a LRT with two degrees-of-freedom (Joint strategy). The two 

terms of the model are the sum and the difference of the number of copies of each allele. The 

second model is a general co-dominant model assessing the effect of each allele-specific copy 

number state (Codominant strategy), and testing for the association using a LRT whose the 

number of degrees-of-freedom depends on the number of observed allele-specific copy 

number states. In the Joint strategy, we then focused on both coefficients to detect an 

eventual bias in the estimations of the allele and copy number effects. 

Simulations and statistical analysis were performed with R version 2.13.0 (http://www.r-

project.org). 
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TABLES AND FIGURES 

Table 1. Details on the different statistical strategies. * A and B refer to the number of alleles A 
and alleles B respectively in the allele-specific copy-number state. 

Strategies Information used Tested effect Logistic regression model* 

CN allele-specific copy-number  copy-number logit(p) ~ α + β (B+A) 

Allele (bi) bi-allelic genotypes allele logit(p) ~ α + β (B) 

Allele (multi) allele-specific copy-number  allele logit(p) ~ α + β (B) 

Joint allele-specific copy-number  allele and copy-number logit(p) ~ α + β1 (B+A) + β2 (B-A) 

Codominant allele-specific copy-number  
each allele-specific 
copy-number state  

logit(p) ~ α + Σ βi statei 

 

Table2. Median and standard deviations of the Joint model coefficient estimates and of the 
odds ratios for the allele and copy number effect after transforming the Joint model 
coefficients, for each of the 16 scenarios of association strengths, over the 10,000 replicates of 
each scenario and all the 36 scenarios of frequencies considering a sample of 1,000 cases and 
1,000 controls. 

 

 

ORCN|allele ORallele|CN median sd median sd median sd median sd

1.00 1.00 0.00 0.05 0.00 0.08 1.00 0.07 1.00 0.11

1.00 1.20 0.10 0.05 0.10 0.08 1.00 0.07 1.21 0.13

1.00 1.50 0.21 0.05 0.21 0.08 1.00 0.07 1.51 0.16

1.00 2.00 0.35 0.05 0.34 0.08 1.00 0.07 2.02 0.20

1.20 1.00 0.00 0.05 0.18 0.08 1.20 0.08 1.00 0.11

1.20 1.20 0.10 0.05 0.28 0.08 1.20 0.08 1.21 0.13

1.20 1.50 0.21 0.05 0.39 0.08 1.20 0.09 1.51 0.15

1.20 2.00 0.35 0.05 0.53 0.08 1.20 0.09 2.02 0.20

1.50 1.00 0.00 0.05 0.41 0.08 1.50 0.11 1.00 0.11

1.50 1.20 0.10 0.05 0.49 0.08 1.50 0.11 1.21 0.12

1.50 1.50 0.21 0.05 0.61 0.08 1.50 0.11 1.51 0.15

1.50 2.00 0.35 0.05 0.75 0.08 1.50 0.11 2.02 0.20

2.00 1.00 0.00 0.05 0.69 0.08 2.00 0.15 1.00 0.11

2.00 1.20 0.10 0.05 0.78 0.08 2.00 0.15 1.21 0.12

2.00 1.50 0.21 0.05 0.90 0.08 2.00 0.15 1.51 0.15

2.00 2.00 0.35 0.05 1.04 0.08 2.00 0.16 2.02 0.20

Simulated odds ratios

Coefficients in the model Odds ratios after transformation

difference term sum term copy number allele
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Figure 1. Flowchart of the simulations. 1) The allele-specific copy number states were 
simulated for controls given the expected frequencies. 2) The expected frequencies in the case 
population were calculated given the frequencies in the control population and the relative 
risks (RR) of both the allelic and the copy number effects (RRallele and RRCN respectively). 3) The 
allele-specific copy-number states were simulated for cases given the expected frequencies in 
cases. 4) We deducted the bi-allelic genotypes information from the allele-specific copy-
number states, given the probabilities of each allele-specific copy-number state to be 
respectively called as AA, AB, BB or missing. Association tests were performed on both the 
allele-specific copy-number states that contain the complete information on allele and copy-
number, and the bi-allelic genotypes that contain partial information on the allele. Classical 
criteria used in SNP analysis such as the Hardy-Weinberg equilibrium (HWE) departure in 
controls and the percentage (%) of missing data were computed on the bi-allelic genotypes. 
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Figure 2. Power of each of the five investigated strategies, for a sample of 1,000 cases and 
1,000 controls under the different scenarios of risk and frequencies when both deletions and 
duplications were present. 

 

Figure 3. Power of each of the five investigated strategies, for a sample of 1,000 cases and 
1,000 controls under the different scenarios of risk and frequencies when only deletions were 
present. 
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Figure 4. Power of each of the five investigated strategies, for a sample of 1,000 cases and 
1,000 controls under the different scenarios of risk and frequencies when only duplications 
were present. 

 

 

SUPPLEMENTARY INFORMATION 

 

Supplementary note 1. Coefficient estimated in the Joint model: 

The joint model is logit(p) ~ α + β1(B+A) + β2(B-A), in which A and B are respectively the 
number of A alleles and the number of B alleles. 

Each of the two coefficients is adjusted on the other coefficient, thus the odds ratios (OR) are 
adjusted or conditioned on the other coefficient that is fixed. 

              

              

 

The odds ratio associated to the difference in allelic counts in the allelic-specific copy-number 
states (B-A) is written as followed: 

          
  𝐷  𝐵  𝐴    𝐵 − 𝐴      

  𝐷  𝐵  𝐴    𝐵 − 𝐴    

  𝐷  𝐵  𝐴    𝐵 − 𝐴    

  𝐷  𝐵  𝐴    𝐵 − 𝐴      
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We can transformed the conditional part as followed 

    𝐵  𝐴    𝐵 − 𝐴           𝐵  𝐴    𝐵    
 

 
  

    𝐵  𝐴    𝐵 − 𝐴         𝐵  𝐴    𝐵     

  
 

 
      

 

Thus, we can write 

          
  𝐷  𝐵  𝐴    𝐵     

  

  𝐷  𝐵  𝐴    𝐵    

  𝐷  𝐵  𝐴    𝐵    

  𝐷  𝐵  𝐴    𝐵     
  

 

                         
 

     

In which ORallele|CN corresponds to the odds ratio of an extra copy of the B allele, for a fixed 
number of copies. This odds ratio is a trend on the continuous variable that is the number of B 
alleles, thus, by definition, an increase of half of this value leads to a risk equivalent to the 
square of the trend odds ratio (Breslow and Day, 1980) 

 

The odds ratio associated to the total copy-number (B+A) is written as followed: 

          
  𝐷  𝐵  𝐴      𝐵 − 𝐴    

  𝐷  𝐵  𝐴    𝐵 − 𝐴    

  𝐷  𝐵  𝐴    𝐵 − 𝐴    

  𝐷  𝐵  𝐴      𝐵 − 𝐴    
 

 

The conditional part can be transformed as followed 

    𝐵  𝐴      𝐵 − 𝐴         𝐵  𝐴      𝐵    
 

 
  

    𝐵  𝐴    𝐵 − 𝐴         𝐵  𝐴    𝐵     

  
 

 
      

 

And thus, 

          
  𝐷  𝐵  𝐴      𝐵     

  

  𝐷  𝐵  𝐴    𝐵    

  𝐷  𝐵  𝐴    𝐵    

  𝐷  𝐵  𝐴      𝐵     
  

 

          
  𝐷  𝐵  𝐴      𝐵     

  

  𝐷  𝐵  𝐴      𝐵    
 

  𝐷  𝐵  𝐴      𝐵    

  𝐷  𝐵  𝐴    𝐵    
  

  𝐷  𝐵  𝐴    𝐵    

  𝐷  𝐵  𝐴      𝐵    
 

  𝐷  𝐵  𝐴      𝐵    

  𝐷  𝐵  𝐴      𝐵     
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  𝐷  𝐵  𝐴      𝐵     

  

  𝐷  𝐵  𝐴      𝐵    
 

  𝐷  𝐵  𝐴      𝐵    

  𝐷  𝐵  𝐴      𝐵     
  

  

  𝐷  𝐵  𝐴      𝐵    

  𝐷  𝐵  𝐴    𝐵    
 

  𝐷  𝐵  𝐴    𝐵    

  𝐷  𝐵  𝐴      𝐵    
 

                          
 

                  

 

 

Supplementary note 2. Calculation of the allele-specific copy number state frequencies in 
cases. 

The expected frequency of the allele-specific copy number state g in cases P(g|D+) depends on 
the expected frequencies of allele-specific copy number state g in controls and the relative risk 
of g (RRg). 

    𝐷   
  𝐷         

  𝐷  
 

  𝐷         

   𝐷            
 

        

     
       

 

 

 

Supplementary figure 1. Type-1-error estimated under the null hypothesis of no association, 
for the 36 investigated scenarios of frequencies, when simulating 1,000 cases and 1,000 
controls (first row), and when simulating 5,000 cases and 5,000 controls (second row). 

 

 

 

 

 

 

 

 

Deletions only Duplications only Deletions & duplications

1000 cases 

and
1000 controls

5000 cases 

and
5000 controls



 

130 

Supplementary table 1 – Bi-allelic genotype probabilities. 

allele-specific 
copy number states 

  Probabilities of bi-allelic genotypes 

  AA AB BB Missing 

CN=0 NULL   5% 20% 5% 70% 

CN=1 A   99%  -   -  1% 

  B    -   -  99% 1% 

CN=2 AA   100%  -   -   -  

  AB    -  100%  -    

  BB    -   -  100%  -  

CN=3 AAA   100%  -   -   -  

  AAB    -  55%  -  45% 

  ABB    -  90%  -  10% 

  BBB    -   -  100%  -  

CN=4 AAAA   100.00%  -   -   -  

  AAAB    -  8.00%  -  92.00% 

  AABB    -  100.00%  -   -  

  ABBB    -  35.00%  -  65.00% 

  BBBB    -   -  100.00%  -  
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Supplementary table 2 – Details of the computation of the allele-specific copy number states 
frequencies and relative risks. The notations f(del), f(norm) and f(dup) refer to the frequencies 
of chromosomes carrying respectively 0, 1 and 2 copies of the CNV, f(B) is the frequency of the 
allele B. RRallele and RRCN are the relative risks associated respectively to an increase of one 
allele B, and an increase of one copy. 

 

 

  

frequencies frequencies RRs (versus AA)

CN=0 f(0)=f(del)*f(del) NULL f(0) 1/(RRCN)2

CN=1 f(1)=2*f(del)*f(norm) A f(1)*(1-f(B)) 1/RRCN

B f(1)*f(B) RRallele/RRCN

CN=2 f(2)=2*f(del)*f(dup) + f(norm)^2 AA f(2)*(1-f(B))^2 1 (reference)

AB f(2)*2*f(B)*(1-f(B)) RRallele

BB f(2)*f(B)^2 (RRallele)2

CN=3 f(3)=2*f(dup)*f(norm) AAA f(3)*(1-f(B))^3 RRCN

AAB f(3)*3*f(B)*(1-f(B))^2 RRallele*RRCN

ABB f(3)*3*(1-f(B))*f(B)^2 (RRallele)2*RRCN

BBB f(3)*f(B)^3 (RRallele)3*RRCN

CN=4 f(4)=f(dup)*f(dup) AAAA f(4)*(1-f(B))^4 (RRCN)2

AAAB f(4)*4*f(B)*(1-f(B))^3 RRallele*(RRCN)2

AABB f(4)*6*(1-f(B))^2*f(B)^2(RRallele)2*(RRCN)2

ABBB f(4)*4*(1-f(B))*f(B)^3 (RRallele)3*(RRCN)2

BBBB f(4)*f(B)^4 (RRallele)4*(RRCN)2

Numbers of copies

Calculation of frequencies and relative risks

allele-specific copy number states
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Supplementary table 3. Expected allele-specific copy number states frequencies under the 36 
frequency scenarios investigated. 
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Chapter 1 

Sample description 

 

The different strategies that were presented in the previous parts of the thesis have been 

applied to the Spanish Bladder Cancer (SBC) / EPICURO Study data to identify CNVs, alone or 

jointly with SNPs, associated with bladder cancer risk. The study was already introduced in 

Part2-Chapter2. A total of 2,231 individuals - 1,134 bladder cancer cases and 1,097 disease-

free controls - were genotyped on the Illumina HumanHap 1M SNP-array platform. After the 

specific quality control for CNV analysis (see Part2-Chapter2), 2,106 individuals - 1,076 cases 

and 1,030 controls - were kept for the analysis. Before conducting the genome-wide 

association analysis with CNVs, a principal component analysis with the LRR data was 

performed in order to detect possible batch effects that could bias the association analysis. A 

CNV calling algorithm was then applied to detect the CNVs in each individual from the study. 

This chapter aims at describing these analyses. 

Statistical analyses presented in this chapter were performed with R version 2.11.1. 

 

1. Principal component analysis on LRR 

The SBC / EPICURO Study was specifically designed to limit differences of DNA quality between 

cases and controls: cases and controls were recruited simultaneously and all the biological 

samples, especially the blood and saliva samples for DNA analysis, were handled in the same 

way. The genotyping performed with the Illumina HumanHap 1M SNP-array platform was also 

designed to minimize possible batches between cases and controls by introducing both case 

and control DNA samples in the assays during the DNA amplification step. Nevertheless, we 

conducted a principal component analysis based on the LRR data to detect eventual batches 

that could affect the association analysis. 
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The principal component analysis was conducted with the software Golden Helix (Golden 

Helix, Inc) that can handle the LRR data for all the 1,029,591 autosomal probes of the Illumina 

HumanHap 1M and the 2,106 individuals suitable for CNV analysis. 

We investigated whether the first two principal components (PCs) were associated with case-

control status, age, gender, geographic region of origin and source of DNA (blood or saliva) by 

comparing their distributions according to the values of each variable using non-parametric 

tests: Wilcoxon rank sum tests for the binomial/dichotomous variables (case-control status, 

gender and source of DNA), Kruskall-Wallis test for the multinomial variable region of origin 

with five categories, and Kendall correlation test which can handle ties for the continuous 

variable age. Cases and controls were found to have different PC2 values (p=0.0043) but 

similar PC1 values (p=0.87) (figure 5.1.A). Males and females were also significantly different 

for both PC1 (p=1.7x10-6) and PC2 (p=1.5x10-5) (figure 5.1.B). No difference was seen for PC1 

and PC2 depending on the region of origin or the age, but important differences were detected 

depending on the DNA source on both PC1 (p=3.5x10-10) and PC2 (p=9.8x10-15) (figure 5.1.C). 

 
Figure 5.1 | Distributions of the first two principal components. The principal component analysis was performed 
on the LRR over all the autosomal probes. These plots display the distributions of the PC1 (upper plot) and the PC2 
(lower plot) according to the case-control status (A), the gender (B) and the source of DNA (C). 

The association between the PCs and gender was not a major issue for the association analysis 

since gender was one of the covariates used in the adjusted models. It can be partially 

explained by the higher percentage of women among saliva samples (18%) than among blood 

samples (12%), even if this difference was not significant (Chi-square test p-value = 0.210). The 
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association between PCs and the source of DNA was more problematic as it could lead to false 

positive association signals, even when adjusting for the classical covariates age, gender, 

region and tobacco. Indeed, the source of DNA was also associated with the case-control 

status as the proportion of controls among saliva samples (76%) was significantly higher than 

the proportion of controls among blood samples (48%) (Chi-square test p-value = 4.85x10-6). It 

can explain the association we observed between the PC2 and the case-control status as this 

latter association disappeared after stratifying by the source of DNA, p=0.05 and p=0.09 for 

blood and saliva samples, respectively. Thus, the PCA highlighted a batch effect due to the 

source of DNA, either blood or saliva (figure 5.2), that we should take into account in the 

association analysis. 

 
Figure 5.2 | PC1 versus PC2 values. This plot displays the values of the PC1 versus those of the PC2 for the SBC/ 
EPICURO study samples. Saliva samples are highlighted in red while blood samples are in black. 

 

2. Sample description 

After a specific quality control for CNV, we considered 1,076 cases and 1,030 controls. Among 

them, 4 cases and 3 controls were suspected to be non-European based on some additional 

analyses for population substructure conducted with the SNP callings at the National Cancer 

Institute, Bethesda, USA. Thus, we decided to exclude these 7 individuals from further analyses 

with CNVs, leading to a final studied population of 1,072 cases and 1,027 controls. 
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Table 5.1 | Variable descriptions in the sample used for association with CNVs. Description and association with 
the case-control status of the variables age, gender, region, source of DNA and tobacco in the sample of 1072 cases 
and 1027 controls used for association testing with CNVs. 

(a)
 The p-values were computed from a chi-square test, 

except for the age in which the p-value were computed from a Wilcoxon rank sum test. 
(b)

 The category "Ever" 
included the former and the current smokers. Some individuals were known to be ever smokers but unknown to be 
either former or current smokers. The counts for "Missing" included only those individuals unknown for any given 
category. The categories "Ever" and "Missing" were not included in the chi-square test. 

Table 5.1 provides the distribution of several variables, among them those used as covariates 

in further association analyses, in the final studied population of 1,072 cases and 1,027 

controls. While age, gender and region were matching variables, we observed that age was 

significantly associated with the case-control status (p=7.14x10-5), the controls being slightly 

younger than the cases. This association could be due to the fact that controls were selected 

to have the same age ± 5 years and in fact, it was more often minus than plus 5 years. As 

expected, gender and region were not associated with the case-control status in the set 

analyzed (p=0.97 and p=0.75 respectively). As mentioned previously, the source of DNA was 

Total Cases Controls p-value(a)

2099 1072 1027

Age 65.24 ± 10.00 65.96 ± 9.97 64.49 ± 9.99 7.14E-05

Gender

Males 1842 940 902 0.97

Females 257 132 125

Region

Asturias 848 435 413 0.75

Barcelona 396 193 203

Elche 162 82 80

Tenerife 363 195 168

Valles 330 167 163

Source of DNA

Blood 2025 1054 971 4.93E-06

Saliva 74 18 56

Tobacco

Never 449 149 300 8.56E-24

Occasional 124 45 79

Former 796 418 378

Current 718 453 265

Ever(b) 1522 876 646

Missing(b) 4 2 2

Tobacco in blood samples only

Never 421 147 274 9.51E-22

Occasional 122 43 79

Former 769 411 358

Current 702 446 256

Ever(b) 1478 862 616

Missing(b) 4 2 2
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associated with the case-control status (p=4.93x10-6). Tobacco is known to be a major risk 

factor for bladder cancer thus, it was also found associated in the set analyzed (p=8.56x10-24), 

as the proportion of never smokers was higher among controls (29%) than among cases (14%) 

and, inversely, the proportion of ever smokers was higher among cases (82%) than among 

controls (63%). Among cases, we observed 58% of low-grade non-muscle invasive tumors, 20% 

of high-grade non-muscle invasive tumors and 22% of muscle invasive tumors. 

 

3. CNV calling 

The CNV calling in the 2,099 SBC / EPICURO individuals suitable for CNV analysis was 

performed using the PennCNV algorithm (Wang et al. 2007). This algorithm was described in 

the Part1-Chapter2. Overall 168,774 CNVs were detected that were distributed all along the 

autosomal genome and had length ranging from 2 bases to 35,487 kb with a mean of 45 kb 

(table 5.2). A larger proportion of deletions (73%) than duplications (27%) were observed. We 

also observed a larger proportion of homozygous deletions (CN=1) and a lower proportion of 

homozygous deletions (CN=0) in cases than in controls (Chi-square test p-value = 0.0044). No 

difference was detected regarding duplications. Focusing on the number of CNVs per 

individual, we observed a similar median of 57 CNVs per individuals - 7 homozygous deletions, 

30 heterozygous deletions and 18 duplications - in cases and controls. The lengths of the CNVs 

were largely different according to the number of copies (Kruskal-Wallis test p-value < 10-16): 

the higher the number of copies, the higher the length. However, we did not observe 

differences between cases and controls considering all CNVs (Wilcoxon test p-value = 0.0993). 

The cumulative length of the CNVs per individual was of 3,617 kb on average, ranging from 690 

kb to 134 Mb. Similarly to the distribution of the length of the CNVs, the cumulative lengths 

were different according to the number of copies, but we did not observe difference in the 

distribution of the cumulative lengths between cases and controls in each strata of number of 

copies (table 5.2). 

Additionally, we observed that saliva samples had more calls than blood samples. The median 

number of calls for blood samples was 57 whereas it was 84.5 for saliva samples (the averages 

were respectively 77.20 and 168.22), and this difference was highly significant using the 

Wilcoxon rank sum test (p=1.5x10-23). Thus, we also provided distributions of the number of 

calls, the length of the calls, the number of calls per individual and the cumulative length per 

individual, restricting to the blood samples only (table 5.2). The patterns of the distributions 
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were similar to those observed on blood and saliva samples and described previously. 

Nevertheless, the distributions of the number of copies were even more different between 

cases and controls (chi-square test p-value=4.18x10-15) as the proportion of homozygous 

deletions in blood controls was even higher (9.82%) and the proportion of heterozygous 

deletions in blood controls was lower (62.55%) than when considering blood and saliva 

samples together. In addition, the lengths of the heterozygous deletions (CN=1) and the one-

copy duplications (CN=3) were significantly higher in blood cases than in blood controls 

(Wilcoxon rank sum test p-values were 9.98x10-17 and 2.48x10-4 respectively). 

 

Table 5.2 | Description of the CNV calling provided by PennCNV. Distribution of the number of calls, the length of 
the calls, the number of calls per individual and the cumulative length per individuals, stratified according to the 
case-control status and by the number of copies of the calls, over all the samples and restricting to blood samples. 

 

 

Total Cases Controls Total Cases Controls

Number of calls (%)

  All calls 168,774 (100%) 87,867 (100%) 80,907 (100%) 156,326 (100%) 85,228 (100%) 71,098 (100%)

  CN=0 15,272 (9.05%) 7,793 (8.87%) 7,479 (9.24%) 14,653 (9.37%) 7,671 (9.00%) 6,982 (9.82%)

  CN=1 108,260 (64.14%) 56,691 (64.52%) 51,569 (63.74%) 99,455 (63.62%) 54,982 (64.51%) 44,473 (62.55%)

  CN=3 44,867 (26.58%) 23,190 (26.39%) 21,677 (26.79%) 41,885 (26.79%) 22,393 (26.27%) 19,492 (27.42%)

  CN=4 375 (0.22%) 193 (0.22%) 182 (0.22%) 333 (0.21%) 182 (0.21%) 151 (0.21%)

Length of calls (kb, mean ± sd)

  All calls 45 ± 208 45 ± 231 45 ± 179 43 ± 159 43 ± 191 42 ± 109

  CN=0 28 ± 39 28 ± 39 27 ± 39 28 ± 39 28 ± 39 28 ± 39

  CN=1 31 ± 101 31 ± 123 31 ± 69 30 ± 105 31 ± 125 30 ± 72

  CN=3 82 ± 316 82 ± 350 82 ± 275 75 ± 247 77 ± 312 72 ± 138

  CN=4 394 ± 2038 382 ± 2199 406 ± 1857 230 ± 817 147 ± 416 330 ± 1118

Number of calls per individual  (median)

  All calls 57 57 57 57 56 57

  CN=0 7 7 7 7 7 7

  CN=1 30 30 30 30 30 30

  CN=3 18 18 19 18 18 18

  CN=4 0 0 0 0 0 0

Cumulative length per individual  (kb, mean ± sd)

  All calls 3,617 ± 6,121 3,689 ± 6,867 3,542 ± 5,233 3,285 ± 5,280 3,483 ± 6,410 3,069 ± 3,671

  CN=0 203 ± 166 206 ± 179 200 ± 151 203 ± 167 206 ± 180 199 ± 151

  CN=1 1,588 ± 3,349 1,636 ± 3,661 1,537 ± 2,989 1,497 ± 3,065 1,609 ± 3,613 1,375 ± 2,325

  CN=3 1,756 ± 4,259 1,778 ± 4,790 1,732 ± 3,625 1,547 ± 3,694 1,643 ± 4,442 1,443 ± 2,650

  CN=4 70 ± 921 69 ± 968 72 ± 870 38 ± 441 25 ± 249 51 ± 582

Blood & Saliva samples Blood samples
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Chapter 2 

Association with CNVs 

 

As mentioned in Part1-Chapter4, several strategies for the association testing are available for 

genome-wide association analysis with CNVs, both at the probe and region level, and 

considering the continuous measurement of copy number (the LRR) and the CNV calling 

provided by an algorithm. Accordingly, we applied those strategies to the SBC / EPICURO Study 

data. Specifically, we conducted the association analysis using both the LRR as continuous 

measurement and the CNV calling provided by the PennCNV algorithm, first at the probe level 

and then at the gene region level. At the probe level, we applied logistic regression models and 

a trend test, either for the continuous LRR or the ordinal number of copies provided by 

PennCNV. At the gene level, we tested for association on the LRR data using the CNVtools 

method (described in the part1-chapter4), and on the CNV calls using a logistic regression 

model testing for the effect of the presence versus the absence of at least one CNV 

overlapping the gene. For each strategy, we tested various models, unadjusted and adjusted 

for covariates (age, gender, region and tobacco) and, eventually, for the first two principal 

components (PC1 and PC2) to take into account the batch effects, or on the source of DNA 

(blood/saliva) which was the main batch effect we identified based on the PCA. These analyses 

were either conducted on the entire sample (DNA extracted from both blood and saliva) or on 

the subset of individuals with DNA extracted from blood (see table 5.3 for a summary).  

Statistical analyses presented in this chapter were performed with R versions 2.9.0 to 2.11.1. 

We used a modified version of the qq.chisq function from the snpMatrix package (http://www-

gene.cimr.cam.ac.uk/clayton/ software/) and a modified version of the mhtplot function from 

the gap package (http://www. mrc-epid.cam.ac.uk/~jinghua.zhao). 

 

http://www-gene.cimr.cam.ac.uk/clayton/
http://www-gene.cimr.cam.ac.uk/clayton/
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Table 5.3 | Models for CNV association analyses. This table details the models we used for each strategy of 
association analyses with CNVs, either at the probe level or at the gene region level, either using the LRR or the CNV 
calling provided by PennCNV. The models used either the whole sample of blood and saliva samples, or a subset 
restricted to blood samples. The models were adjusted or not. Adjustments were done on covariates (age, gender, 
region and tobacco) and eventually on the first two principal components (PC1 and PC2) calculating on the LRR, or 
on the source of DNA (blood/saliva). The “X”’s indicate the models used for each strategy of association analysis 
conducted with the SBC / EPICURO Study. *Covariates were age, gender, region and tobacco. 

 

1. Results of the strategies conducted at the probe level 

At the probe level, we conducted an association analysis for each of the 1,029,588 probes 

located on the autosomal chromosomes (note that this number differs from the total number 

of autosomal probes by 3 probes that were excluded because data were missing for all 

individuals) considering that the variable to explain (variable of interest) was either the LRR 

continuous measurement or the ordinal number of copies provided by PennCNV. For each 

probe, we performed likelihood ratio tests (LRT) comparing two logistic regression models, 

with and without the variable of interest. Thus, the obtained OR was interpreted as a trend 

OR, i.e. the risk estimated for an increase in one unit of the variable of interest. Different 

models were tested depending on the sample used (either the whole sample or the subset of 

individuals with DNA extracted from blood) and on the covariates on which an adjustment was 

done (table 5.3). 

When the variable of interest was the LRR, the p-value was lower than 10-5 for between 19 and 

549 probes depending on the model considered, and the p-value was lower than 4.86x10-8 

(corresponding to the Bonferroni corrected threshold for a Family-Wise Error Rate of 5%) for 

between 0 and 15 probes (table 5.4). The quantile-quantile (Q-Q) plots obtained for the five 

models considered for this strategy highlighted an excess of significant association results in 

comparison to the distribution of test statistics expected under the null hypothesis (figure 5.3). 

Nevertheless, we observed that when considering the covariates in the model, and mainly 

when taking into account the batch effect due to the source of DNA, the differences between 

Population Adjustement Cases Controls LRR Calling LRR Calling SNP in CNV

Blood+Saliva None 1072 1027 X X X X X

Blood+Saliva Covariates* 1025 946 X X X X X

Blood+Saliva Covariates* + PC1 + PC2 1025 946 X X X X

Blood+Saliva Covariates* + DNA source 1025 946 X X

Blood None 1054 971 X X X

Blood Covariates* 1009 890 X X X X

Blood Covariates + PC1 + PC2 1009 890 X

Probe levelSample size Gene level
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the observed and the expected distributions of test statistics decreased. In particular, the 

smallest difference between the observed and the expected distributions of test statistics was 

obtained for the model considering blood samples only and adjusted for age, gender, region 

and tobacco (figure 5.3-E). The respective Manhattan plots for the five models did not provide 

visual evidence of regions that could be associated with bladder cancer risk (figure 5.4). 

 
Table 5.4 | Results of the genome-wide association analyses for the two strategies at the probe level. This table 
provides the number of tests performed, the number of significant results at several thresholds of significance, 
including the bonferroni threshold, and the number of interesting regions identified based on the strategy using the 
LRR, for each model performed for both strategies conducted at the probe level, using the LRR or the CNV calling 
provided by PennCNV. * Covariates are age, gender, region and tobacco. 

To conduct the association test at the probe level with the number of copies as variable of 

interest, we first had to determine the actual number of copies at each probe, based on the 

PennCNV callings. PennCNV provides for each individual the CNV breakpoints and the number 

of copies and thus we had to determine, for each individual, if each probe was located in a 

detected CNV. If the probe was located in a CNV in a given individual, it was assigned for this 

individual the number of copies of the detected CNV (0, 1, 3 or 4 copies). If the probe was not 

in a CNV, it was assigned a number of 2 copies. 

When the variable of interest was the CNV calling provided by PennCNV, the association was 

performed for those autosomal probes for which at least one individual with an abnormal 

number of copies (different from 2 copies) in the considered sample of cases and controls was 

identified. For this strategy, three models were considered according to whether or not an 

adjustment on covariates and/or top PC was performed (table 5.3). Note that, because of 

missing data on the tobacco consumption variable, the sample size is decreased when 

adjusting on tobacco and consequently the number of probes with at least one individual with 

an abnormal number of copies also decreased from 388,039 probes to 382,096 probes when 

the models were adjusted (table 5.4). Because the frequency of individuals with an abnormal 

Population Adjustement # tests (m) # p<0.05 # p<10-3 # p<10-5 # p<0.05/m
# interesting 

regions

Strategy using the continuous LRR at the probe level

Blood+Saliva None 1,029,588 135,685 10,830 549 15 31

Blood+Saliva Covariates* 1,029,588 143,304 11,677 501 8 26

Blood+Saliva Covariates* + PC1 + PC2 1,029,588 87,104 3,181 54 0 1

Blood+Saliva Covariates* + DNA source 1,029,588 92,770 3,192 42 0 0

Blood Covariates* 1,029,588 78,137 2,081 19 0 0

Strategy using the ordinal number of copies at the probe level

Blood+Saliva None 388,039 20,658 142 0 0  - 

Blood+Saliva Covariates* 382,096 29,263 91 0 0  - 

Blood+Saliva Covariates* + PC1 + PC2 382,096 28,031 51 0 0  - 
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number of copies was low for the majority of the probes, the power to detect an association 

was small. Nevertheless, depending on the model, from 51 to 142 probes reached a 

significance level of 10-3 and lower (table 5.4). The Q-Q plots for the three models were 

difficult to interpret because of the high correlation existing between the tested probes (figure 

5.5). Indeed, all probes located in shared CNV regions provide the same information and show 

similar test statistics. The Manhattan plots show that no region of the genome really emerges 

using this testing strategies (figure 5.6). 

 
Table 5.5 | “Interesting regions” identified with the model using blood and saliva samples and adjusting on 
covariates. We identified 26 regions with this model. For each region, this table displays the location (Start and 
End), the number of probes on the Illumina 1M located in the region, results of analyses performed with the model 
with blood and saliva samples and adjusting on covariates (age, gender, region and tobacco), for both strategies at 
the probe level (LRR and Calls), namely the minimum observed p-value in the region and the number of significant 
probes at the thresholds of 0.05 and 10

-5
 for the analysis on LRR, as well as the number of CNVs detected according 

to the case-control status, the type of CNV (deletion or duplication) and the sample considered (blood and saliva 
samples or only blood samples). 

(a)
 “del” and “dup” refer respectively to deletions and duplications, the number of 

individuals with deletions and duplications are given for cases and controls (cases / controls). 

min p # p<0.05 # p<10-5 min p

Chr Start End # probes (LRR) (LRR) (LRR) (Calls) # del(a) # dup(a) # del(a) # dup(a)

1 1,237,357 1,325,165 46 2.86E-06 31 2 0.0224 17 / 20 3 / 0 17 / 18 3 / 0 X X

2 1,087,714 1,168,149 32 4.47E-06 4 2  - 0 / 0 0 / 0 0 / 0 0 / 0

2 20,462,785 20,519,959 37 1.26E-06 9 2 0.0676 0 / 2 0 / 0 0 / 0 0 / 0

3 38,022,958 38,078,794 26 8.61E-06 7 2 0.0595 5 / 6 0 / 0 5 / 3 0 / 0

5 176,862,741 176,905,757 31 3.23E-06 11 2 0.0401 0 / 3 0 / 0 0 / 0 0 / 0 X

6 31,853,497 31,874,297 43 3.75E-06 16 2 0.0053 15 / 12 1 / 0 14 / 6 1 / 0 X

9 136,406,525 136,493,115 47 6.33E-07 21 4 0.0007 2 / 11 2 / 0 1 / 0 2 / 0 X x

10 1,198,148 1,240,184 41 8.08E-06 9 2 0.5787 0 / 0 1 / 1 0 / 0 1 / 1

10 51,334,363 51,581,750 38 8.52E-07 5 2 0.2395 0 / 0 6 / 6 0 / 0 4 / 5

10 59,803,487 59,826,172 22 2.18E-06 6 2 0.1344 3 / 6 0 / 0 1 / 0 0 / 0 X

10 134,886,754 134,963,168 68 3.80E-07 32 4 0.0025 11 / 28 0 / 3 8 / 14 0 / 3 X x

11 67,555,842 67,591,076 24 2.14E-06 10 2 0.0043 4 / 8 1 / 0 2 / 3 1 / 0

11 128,035,052 128,090,430 23 6.24E-07 6 2 0.0440 1 / 3 0 / 0 1 / 0 0 / 0 X

12 6,923,283 6,945,892 27 2.03E-07 11 2 0.0059 2 / 12 0 / 0 0 / 0 0 / 0 X

16 69,448 94,345 23 1.22E-06 16 2 0.4341 7 / 7 3 / 2 7 / 7 3 / 2

16 86,420,768 86,436,323 33 9.47E-08 21 3 0.0100 0 / 5 0 / 0 0 / 4 0 / 0 X

17 21,098,296 21,202,153 27 6.23E-07 6 2 0.0064 1 / 8 0 / 0 1 / 4 0 / 0 X

19 17,815,389 17,862,839 32 1.34E-06 9 2 0.1872 0 / 2 0 / 1 0 / 1 0 / 1

19 45,565,182 45,638,397 40 1.05E-06 11 2 0.1872 4 / 7 0 / 1 2 / 2 0 / 1

19 54,226,770 54,271,399 24 1.50E-07 4 2 0.0546 2 / 0 12 / 6 2 / 0 11 / 5 X x

19 60,161,024 60,217,149 25 7.31E-06 6 2 0.0558 3 / 5 17 / 17 2 / 5 17 / 17

19 63,645,131 63,684,708 22 7.27E-07 9 2 0.0628 0 / 0 1 / 2 0 / 0 1 / 2 X

20 61,644,147 61,688,972 40 1.34E-06 25 2 0.0228 9 / 16 9 / 2 8 / 7 9 / 2 X x

21 45,736,814 45,769,138 30 1.12E-06 17 2 0.0630 13 / 22 1 / 0 11 / 10 1 / 0 X x

21 46,812,570 46,901,721 38 3.72E-08 12 2 0.0816 3 / 0 1 / 2 3 / 0 1 / 2 X

22 19,510,034 19,623,201 47 3.03E-06 9 3 0.4770 0 / 1 2 / 1 0 / 0 2 / 1

Blood & saliva Blood retained 

after visual 

inspection

CNV 

validation
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By conducting the tests at the probe level, we avoided the problem of defining shared CNV 

regions over the entire sample. However, CNVs are not point mutations but can cover large 

genomic regions containing several probes. If a CNV is associated with bladder cancer risk, we 

expected that all the probes located in this CNV region show evidence of association with 

bladder cancer risk. To better account for this characteristic, we tried to define “interesting 

regions” based on the results obtained at the individual probes using the continuous LRR. 

“Interesting regions” were defined by two significant probes with p-values lower than 10-5 and 

separated by less than 25 probes with p-values greater than 10-5. We then extended the region 

to 10 probes downstream and 10 probes upstream the two highly significant probes. We 

identified from 0 to 31 “interesting regions” according to the model tested (table 5.4). Twenty 

of the 26 “interesting regions” found with the model adjusted on covariates were also found 

with the unadjusted model. When running the model adjusted on both the covariates and the 

PC, only one “interesting region” was identified: this is a region located on the chromosome 19 

between the positions 54,226,770 and 54,271,399 that is also highlighted under the other 

models. When adjustment was performed on the DNA source or analysis was restricted to the 

blood samples, no “interesting region” was detected. 

The fact that none of the 26 regions identified with the model unadjusted on DNA source 

remained associated after adjustment on the DNA source suggests that these regions might in 

fact be false positives. These regions are described in table 5.5. However, we decided to 

explore them further. A replication of the association in these 26 “interesting regions” was 

conducted with independent series of bladder cancer cases and disease-free controls in 

collaboration with Dr. Stephen Chanock and Kevin Jacobs at the National Cancer Institute, 

Bethesda, USA. They used genetic data from four bladder cancer studies: 1) the New England 

Bladder Cancer Study, Maine and Vermont components (NEBCS-ME/VT), 2) the Alpha-

Tocopherol Beta-Carotene Cancer Prevention Study (ATBC), 3) the American Cancer Society 

Cancer Prevention Study II Nutrition Cohort (CPS-II), and 4) the Prostate, Lung, Colorectal and 

Ovarian Cancer Screening Trial (PLCO) cases and controls from CGEMS/GEI for PLCO. These 

samples were described elsewhere (Rothman et al. 2010) and genotyped on the Illumina 

HumanHap 610K SNP-array platform. In total, 2,426 bladder cancer cases and 4,069 controls 

were suitable for the CNV analysis. The CNV calling was obtained by applying the PennCNV 

algorithm (Wang et al. 2007). The test was performed at the region level using the breakpoints 

of the 26 “interesting regions” identified in the SBC / EPICURO Study, testing the effect of the 

presence versus the absence of a CNV overlapping the region in cases and controls, using a 
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two degrees-of-freedom chi-square test. They were able to replicate the association for 11 of 

the 26 “interesting regions” at the significance level of 0.05 (table 5.6). 

 
Table 5.6 | Results of the replication of the 26 “Interesting regions” conducted at NCI, USA. For each “interesting 
regions”, this table displays the number of cases and controls, respectively having or not a CNV overlapping the 
region, the OR estimated for the effect of the presence of a CNV versus the absence of any CNV, and the p-value 
obtained by applying a two degrees-of-freedom chi-square test. 

Then, we visually explored, for each of the 26 “interesting regions”, the Manhattan plots 

obtained with both strategies conducted at the probe level using the continuous LRR and the 

ordinal number of copies, the plot with the ORs estimated using LRR for all the probes in the 

region, and the CNVs detected by PennCNV overlapping the regions. From this visual 

inspection, 15 regions could be retained as potentially associated with bladder cancer risk. Six 

of these 15 regions (highlighted in the table 5.5) that appeared the most promising are shown 

in figure 5.7. The CNVs detected by PennCNV in these six regions are currently validated in the 

Epithelial Carcinogenesis Group laboratory at CNIO, Spain, using TaqMan technology in 

collaboration with Drs. Francisco X Real and Julie Earl. Results of this validation are not 

available yet. 

Chr Start End Cases Controls Cases Controls OR p-value

1 1,237,357 1,325,165 344 302 2082 3767 2.06 1.95E-18

2 1,087,714 1,168,149 11 10 2415 4059 1.85 0.2301

2 20,462,785 20,519,959 4 7 2422 4062 0.96 1.0000

3 38,022,958 38,078,794 118 187 2308 3882 1.06 0.6645

5 176,862,741 176,905,757 31 61 2395 4008 0.85 0.5342

6 31,853,497 31,874,297 898 929 1528 3140 1.99 1.31E-34

9 136,406,525 136,493,115 51 91 2375 3978 0.94 0.7871

10 1,198,148 1,240,184 22 15 2404 4054 2.47 0.0089

10 51,334,363 51,581,750 7 8 2419 4061 1.47 0.6316

10 59,803,487 59,826,172 0 2 2426 4067 0.00 0.7180

10 134,886,754 134,963,168 248 254 2178 3815 1.71 8.29E-09

11 67,555,842 67,591,076 83 94 2343 3975 1.50 0.0098

11 128,035,052 128,090,430 1 2 2425 4067 0.84 1.0000

12 6,923,283 6,945,892 7 14 2419 4055 0.84 0.8765

16 69,448 94,345 79 75 2347 3994 1.79 0.0004

16 86,420,768 86,436,323 26 23 2400 4046 1.91 0.0329

17 21,098,296 21,202,153 0 0 2426 4069  -  - 

19 17,815,389 17,862,839 26 65 2400 4004 0.67 0.1021

19 45,565,182 45,638,397 0 0 2426 4069  -  - 

19 54,226,770 54,271,399 18 38 2408 4031 0.79 0.5025

19 60,161,024 60,217,149 274 395 2152 3674 1.18 0.0463

19 63,645,131 63,684,708 28 38 2398 4031 1.24 0.4664

20 61,644,147 61,688,972 94 240 2332 3829 0.64 0.0004

21 45,736,814 45,769,138 98 89 2328 3980 1.88 2.22E-05

21 46,812,570 46,901,721 44 54 2382 4015 1.37 0.1468

22 19,510,034 19,623,201 58 42 2368 4027 2.35 2.70E-05

CNV No CNV
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Figure 5.3 | Q-Q plots for the strategy of association with CNV at the probe level using the continuous LRR. These 
plots display the Q-Q plots for the five models performed for the strategy conducted at the probe level that used 
the continuous LRR. The models used either blood and saliva samples (A-D) or blood samples only (E). The models 
are either unadjusted (A), adjusted on covariates (age, gender, region and tobacco) (B, E), adjusted on covariates 
and the first two PCs calculated on the LRR (C), or adjusted on the covariates and the source of DNA (D). 
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Figure 5.4 | Manhattan plots for the strategy of association with CNV at the probe level using the continuous LRR. 
These plots display the Manhattan plots for the five models performed for the strategy conducted at the probe level 
that used the continuous LRR. The models used either blood and saliva samples (A-D) or blood samples only (E). The 
models are either unadjusted (A), adjusted on covariates (age, gender, region and tobacco) (B, E), adjusted on 
covariates and the first two PCs calculated on the LRR (C), or adjusted on the covariates and the source of DNA (D). 
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Figure5.4 (continue). 

 

 
Figure 5.5 | Q-Q plots for the strategy of association with CNV at the probe level using the ordinal number of 
copies (CN). These plots display the Q-Q plots for the five models performed for the strategy conducted at the 
probe level that used the ordinal number of copies based on the CNV calling provided by PennCNV. The models 
used blood and saliva samples and are either unadjusted (A), adjusted on covariates (age, gender, region and 
tobacco) (B), or adjusted on covariates and the first two PCs calculated on the LRR (C). 
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Figure 5.6 | Manhattan plots for the strategy of association with CNV at the probe level using the ordinal number 
of copies (CN). These plots display the Manhattan plots for the five models performed for the strategy conducted at 
the probe level that used the ordinal number of copies based on the CNV calling provided by PennCNV. The models 
used blood and saliva samples and are either unadjusted (A), adjusted on covariates (age, gender, region and 
tobacco) (B), or adjusted on covariates and the first two PCs calculated on the LRR (C). 
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Figure 5.7 | Details on “interesting 

regions”. The first line plots and the 

second line plots display the results 

(p-values (-log10) and OR with 95% 

CI) obtained by conducting the 

strategy at the probe level using the 

continuous LRR and adjusting on the 

covariates (age, gender, region and 

tobacco). The third line plots display 

the CNVs detected in the individuals 

considered for the adjusted model 

on covariates, stars indicate blood 

sample CNVs. CNVs in cases and 

CNVs in controls are represented 

respectively under and over the 

black line. The fourth line plots 

display the p-values (-log10) 

obtained by conducting the strategy 

at the probe level using the ordinal 

number of copies and adjusting on 

covariates. The yellow and the 

orange lines represent the 

significance thresholds respectively 

at 5% and at 10
-5

. Results are 

presented for the six “interesting 

regions” that we selected for CNV 

validation. 
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Figure5.7 (continue) 
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2. Results of the strategies conducted at the gene region level 

In order to conduct the association analysis with CNVs at the gene region level, either using the 

LRR or the CNV calling provided by PennCNV, we used the list of 27,461 genes and their start 

and end position available at http://www.sanger.ac.uk/resources/software/rarevariant/ 

(Lawrence et al. 2010). 

 
Table 5.7 | Results of the genome-wide association analyses for the two strategies at the gene region level. This 
table provides the number of tests performed, and the number of significant results at several thresholds of 
significance, including the bonferroni threshold, for each model performed for both strategies conducted at the 
gene region level, using the LRR or the CNV calling provided by PennCNV. 

The CNVtools method (Barnes et al. 2008) was first applied on each gene region. As previously 

described (Part1-Chapter4), this method needs to summarize the LRR across the probes 

located in the tested region. In order to have reliable information, we focused on genes 

containing at least two Illumina 1M probes. Among the 27,461 genes, 4,879 do not contain any 

Illumina 1M probe and 2,587 contain only one Illumina 1M probe. Thus, we focused on the 

19,995 genes containing at least two Illumina 1M probes. CNVtools was run with and without 

adjustment on covariates, first with blood and saliva samples considering the source of DNA as 

a batch effect, and then with blood samples only (table 5.7). Because CNVtools fits a multi-

normal distribution to the summarized signal across a considered gene, it happens that the 

algorithm could not converge due either to a noisy signal or to the absence of a CNV 

overlapping the gene in the SBC / EPICURO Study. We found that this happened very often 

since we could only recover the results for in between 101 and 1,208 genes depending on the 

models (table 5.7). For some of these genes, the test was significant at the Bonferroni 

corrected level: GPR103 (chromosome 4, OR=0.63), C10of91 (chromosome 10, OR=0.29), SYT4 

(chromosome 18, OR=0.31) and GSTM1 (chromosome 1, OR=0.65). The Q-Q plots of these 

Population Adjustement # test (m) # p<0.05 # p<0.01 # p<10-3 # p<0.05/m

Strategy using the continuous LRR at the gene region level with CNVtools

Blood+Saliva None 713 93 28 6 4

Blood+Saliva Covariates* 101 3 3 3 3

Blood None 1208 127 25 5 1

Blood Covariates* 130 1 0 0 0

Strategy using the CNV calling at the gene region level, presence/absence of a CNV overlapping the gene 

Blood+Saliva None 17,475 218 12 0 0

Blood+Saliva Covariates* 17,355 231 15 1 0

Blood+Saliva Covariates* + PC1 + PC2 17,355 174 12 0 0

Blood+Saliva Covariates* + DNA source 17,355 129 5 0 0

Blood None 16,007 122 6 0 0

Blood Covariates* 15,876 97 4 0 0

http://www.sanger.ac.uk/resources/software/rarevariant/
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analyses highlighted an excess of associated genes comparing to the expected distribution 

under the null hypothesis when no adjustment was used in the model, whereas we observed a 

lack of associated genes when adjusting the model on the covariates (figure 5.8). The 

Manhattan plots provide a visualization of the results of association under the different 

models (figure 5.9). 

When using the CNV callings provided by PennCNV for each of the 27,761 genes, logistic 

regression models were used considering as dependent variable a dichotomous variable 

indicating the presence or the absence of at least one CNV overlapping the gene for each 

individual, and eventually adjusting on others covariates. Only the genes for which at least one 

individual had a CNV overlapping the gene were tested. Thus, according to the model tested, 

the number of genes was between 15,876 and 17,475 (table 5.7). No gene reached the 

Bonferroni corrected significance threshold and only one gene had a p-value lower than 10-3 

when considering the model with all samples adjusted for covariates. This was the ADAM8 

gene located on the chromosome 10. The Q-Q plots of the four analyses conducted at the gene 

region level using PennCNV callings highlighted a deficiency of significant association results 

compared to the expected distribution under the null hypothesis (figure 5.10). In particular, 

there was an excess of genes showing a test statistic of 0 (i.e, a p-value of 1) probably due to 

many genes with rare CNV events. On the Manhattan plots, no gene was found to be strongly 

associated with the disease (figure 5.11). 

 



PART 5. Genome-wide association with CNVs: application to bladder cancer risk 

157 

 
Figure 5.8 | Q-Q plots for the strategy of association with CNV at the gene region level using the continuous LRR 
by applying CNVtools. These plots display the Q-Q plots for the four models performed for the strategy conducted 
at the gene region level that used the continuous LRR by applying CNVtools. The models used either blood and 
saliva samples (A, B) or blood samples only (C, D), and are either unadjusted (A, C) or adjusted on covariates (age, 
gender, region and tobacco) (B, D). 
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Figure 5.9 | Manhattan plots for the strategy of association with CNV at the gene region level using the 
continuous LRR by applying CNVtools. These plots display the Manhattan plots for the four models performed for 
the strategy conducted at the gene region level that used the continuous LRR by applying CNVtools. The models 
used either blood and saliva samples (A, B) or blood samples only (C, D), and are either unadjusted (A, C) or 
adjusted on covariates (age, gender, region and tobacco) (B, D). The red lines represent the Bonferroni corrected 
significance thresholds. 
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Figure 5.10 | Q-Q plots for the strategy of association with CNV at the gene region level using PennCNV calling. 
These plots display the Q-Q plots for the six models performed for the strategy conducted at the gene region level 
that tested for the effect of the presence of a CNV overlapping the gene according to the PennCNV calling. The 
models used either blood and saliva samples (A-D) or blood samples only (E, F), and are either unadjusted (A, E), 
adjusted on covariates (age, gender, region and tobacco) (B, F), adjusted on covariates and the first two PCs from 
the PCA on LRR (C), or adjusted on covariates and the source of DNA (D). 
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Figure 5.11 | Manhattan plots for the strategy of association with CNV at the gene region level using PennCNV 
calling. These plots display the Manhattan plots for the six models performed for the strategy conducted at the 
gene region level that tested for the effect of the presence of a CNV overlapping the gene according to the 
PennCNV calling. The models used either blood and saliva samples (A-D) or blood samples only (E, F), and are either 
unadjusted (A, E), adjusted on covariates (age, gender, region and tobacco) (B, F), adjusted on covariates and the 
first two PCs from the PCA on LRR (C), or adjusted on covariates and the source of DNA (D). The yellow lines 
represent the significance threshold of 5%. 
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Figure5.11 (continue). 
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3. Results of association analyses in GSTM1 

Because GSTM1 is a common CNV region which association with bladder cancer risk is well 

established (see Part2-Chapter1), we further explored the different strategies described above 

in this genomic region as a validation approach. PennCNV did not detect any deletion in the 

cases and controls of the SBC / EPICURO Study but found two duplications for a case and a 

control. Thus, when applying strategies using the CNV calls provided by PennCNV, either at the 

probe or at the gene region level, we were not able to replicate the association between 

GSTM1 and bladder cancer risk. On the other hand, when applying the strategies using the 

continuous LRR of the five Illumina 1M probes located within the gene, either at the probe 

level using logistic regression models or at the gene region level using CNVtools, we were able 

to detect the association between bladder cancer risk and GSTM1 (table 5.8). At the probe 

level, the SNP rs4147567 showed p-values lower than 10-4 regardless of the model applied, 

either adjusted or not. The gene was identified as an “interesting region” only when applying 

the non-adjusted model with all samples because two probes had p-values < 10-5. For all 

probes and all models, the estimated ORs were lower than 1, from 0.23 to 0.83 (table 5.8) as 

expected because the risk for bladder cancer is associated with homozygous deletions (CN=0) 

in GSTM1. Thus, having a greater LRR is protective against bladder cancer risk. At the gene 

region level using CNVtools, the signal for the GSTM1 was summarized across the five Illumina 

1M probes located within the gene and a single association test was performed for each 

model. CNVtools was not able to converge when adjusting on the covariates (age, gender, 

region and tobacco). When the model was not adjusted, CNVtools converged and a highly 

significant association was detected between the summarized LRR signal and bladder cancer 

risk with p-values of 5.35x10-6 and 8.10x10-6 respectively when considering all samples and 

when restricting to blood samples (table 5.8). 
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Table 5.8 | Summary of the results in the GSTM1 gene. This table displays the results at the GSTM1 gene obtained 
by the strategies at the probe level and at the gene region level using the continuous LRR. The p-values and the OR 
estimation is given for each SNP probe for the strategy conducted at the probe level and for the whole gene region 
for the strategy conducted at the gene region level. 

(a)
The SNPs are located in the chromosome 1. 

(b)
Covariates of 

the adjusted models are age, gender, region and tobacco. 

 

 

Population Adjustement SNP Position(a) p-value OR [CI95%]

Strategy at the probe level using the continuous LRR with CNVtools 

Blood+Saliva None rs12068997 110,032,359 9.38E-04 0.26 [0.12-0.58]

rs4147567 110,034,047 8.95E-06 0.48 [0.34-0.66]

rs1056806 110,034,670 0.3701 0.69 [0.30-1.57]

rs12562055 110,034,988 0.0175 0.43 [0.22-0.87]

rs2239892 110,035,809 5.90E-06 0.38 [0.24-0.58]

Blood+Saliva Covariates(b) rs12068997 110,032,359 5.16E-04 0.23 [0.10-0.53]

rs4147567 110,034,047 1.41E-05 0.47 [0.34-0.66]

rs1056806 110,034,670 0.5420 0.77 [0.33-1.80]

rs12562055 110,034,988 0.0619 0.51 [0.25-1.04]

rs2239892 110,035,809 4.74E-06 0.36 [0.23-0.56]

Blood+Saliva Covariates(b) + PC1 + PC2 rs12068997 110,032,359 0.0036 0.28 [0.12-0.66]

rs4147567 110,034,047 9.31E-06 0.46 [0.33-0.65]

rs1056806 110,034,670 0.1386 0.50 [0.20-1.25]

rs12562055 110,034,988 0.0073 0.35 [0.16-0.76]

rs2239892 110,035,809 3.16E-05 0.39 [0.25-0.61]

Blood+Saliva Covariates(b) + DNA source rs12068997 110,032,359 0.0012 0.25 [0.11-0.58]

rs4147567 110,034,047 4.85E-05 0.49 [0.35-0.69]

rs1056806 110,034,670 0.5886 0.79 [0.33-1.87]

rs12562055 110,034,988 0.1934 0.62 [0.30-1.28]

rs2239892 110,035,809 1.04E-04 0.41 [0.26-0.65]

Blood Covariates(b) rs12068997 110,032,359 7.47E-04 0.23 [0.10-0.54]

rs4147567 110,034,047 7.32E-05 0.50 [0.35-0.70]

rs1056806 110,034,670 0.6776 0.83 [0.35-1.98]

rs12562055 110,034,988 0.1536 0.58 [0.28-1.22]

rs2239892 110,035,809 2.18E-04 0.42 [0.27-0.67]

Strategy using at the gene region level using the continuous LRR

Blood+Saliva None 5.35E-06 0.65

Blood+Saliva Covariates(b)

Blood None 8.20E-06 0.66

Blood Covariates(b)

No convergence

No convergence
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Chapter 3 

Association of SNPs in CNVs: 

A joint analysis of copy number and allelic effects 

 

As discussed in Part4, SNP-array platforms provide information on both SNP and CNV. By 

simulation, we investigated the power of two strategies that simultaneously test for both the 

allelic and the copy-number effects: 1) the co-dominant model strategy that estimates the 

effect of each allele-specific copy number state and 2) the joint model strategy that tests for 

both effects through the sum and the difference of the numbers of A and B alleles. We showed 

that these strategies had a good power under all the scenarios investigated, especially the one 

based on the joint model. In order to test for the effects of SNPs located in CNVs, we used 

these two strategies on the SBC / EPICURO Study. For that purpose, we first needed to 

determine the allele-specific copy-number state at each SNP in each individual. We could only 

perform the association of SNPs in CNVs for SNP probes showing both allelic variation and 

copy number variation in the SBC / EPICURO Study samples. This chapter aims at describing 

the methodology applied to determine the allele-specific copy-number states for the SBC / 

EPICURO Study samples and to select the SNP probes suitable for the association tests, and the 

results obtained. 

Statistical analyses presented in this chapter were performed with R version 2.11.1. We used a 

modified version of the qq.chisq function from the snpMatrix package (http://www-

gene.cimr.cam.ac.uk/clayton/ software/) and a modified version of the mhtplot function from 

the gap package (http://www. mrc-epid.cam.ac.uk/~jinghua.zhao). 

 

1. SNP probe selection 

The Illumina 1M SNP-array platform contains 1,029,591 autosomal probes, among which 

14,716 are monomorphic specifically designed for CNV detection that do not present allelic 

http://www-gene.cimr.cam.ac.uk/clayton/
http://www-gene.cimr.cam.ac.uk/clayton/


Chapter 3. Association of SNPs in CNVs: a joint analysis of copy number and allelic effects 

166 

variation in the human population; thus, they were excluded from the analysis of SNPs in 

CNVs. Additionally, we were interested in those SNP probes that are located in CNV regions. 

We decided to consider only the SNP probes for which more than 5% of the SBC / EPICURO 

Study samples showed an abnormal number of copies according to PennCNV callings (from 0 

to 4 and different from 2). We ended up with 2,428 SNP probes. 

 

2. Allele-specific copy-number state calling 

The allele-specific copy-number state calling in the SBC / EPICURO Study samples was 

performed for each individual and each of the 2,428 SNP probes considered in this analysis, 

and based on both the CNV calling provided by PennCNV and the BAF information provided by 

the Beadstudio Illumina software. For a given individual, if the studied SNP was located in a 

homozygous deleted region (CN=0), there was only one possibility for the allele-specific copy-

number state, the NULL state, whereas if the SNP was located in a one-copy duplicated region 

(CN=3), four allele-specific copy-number states were possible (AAA, AAB, ABB or BBB). Thus, 

given the total number of alleles and the BAF value, we called the more likely allele-specific 

copy-number state. For instance, if the total number of allele was 1 (heterozygous deleted 

region), the possible allele-specific copy-number states were A and B that respectively had an 

expected BAF 0 and 1. If the BAF value was lower than 0.5 then the individual was assigned the 

allele-specific copy-number state A, whereas if the BAF value was greater than 0.5 he/she was 

assigned the allele specific copy number state B. 

After the allele specific copy number calling, 196 SNP probes were found to be monomorphic 

in the SBC / EPICURO Study samples and were excluded from the analysis. 

 

3. Statistical analysis using the joint model 

The joint model is a logistic regression model that tests simultaneously for the allelic and the 

copy number effects through two terms: the sum and the difference of the number of A and B 

alleles (Korn et al. 2008), respectively noted #A and #B. 

logit(p) ~ α + β1 (#A + #B) + β2 (#A - #B) 

As shown in part 4 (Marenne et al. 2012a), the effects of the allele and the number of copies 

can be estimated by transforming the two coefficients of the model: 
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βcopy number = β1 - β2 

βallele = 2 β2 

Both the allelic and the copy number effects are simultaneously tested by using a likelihood 

ratio test with two degrees-of-freedom comparing the joint model to the null model with the 

intercept only. 

Similarly to what we did for the association with CNV, several models were used to test for the 

association adjusting or not on covariates. We also performed the analysis either on the entire 

sample or on the subset of individuals with blood extracted DNA (table 5.9). 

 
Table 5.9 | Results of the genome-wide association of SNPs in CNVs. This table displays the results of the 
association with SNPs in CNVs, the number of SNPs tested according to the model, either adjusted or not, and either 
using all the blood and saliva samples or the blood samples only, and the number of SNPs showing significant result 
of association at several thresholds, 5%, 1%, 10

-3
 and the Bonferroni corrected threshold. *Covariates were age, 

gender, region and tobacco. 

 

4. Results 

Depending on the adjustment, the sample size decreased and thus some SNPs had to be 

further excluded from the analysis because of no allelic variation. Thus, between 2,220 and 

2,232 SNPs were tested depending on the model. No SNP showed highly significant result but 

some had p-values < 10-3 (table 5.9). In particular, the SNP rs8188311 located on the 

chromosome 7 showed consistent association in several models with p-values from 0.0002 to 

0.0008 when using all samples (table 5.10). The Q-Q plots of the five models testing the 

association of SNPs in CNVs highlighted an excess of significantly associated SNPs compared to 

the distribution expected under the null hypothesis (figure 5.12). The Manhattan plots 

highlighted the region on chromosome 7 (far from any gene) and a region on chromosome 6 

(near HLA) associated with bladder cancer risk (figure 5.13). 

Population Adjustement Cases Controls # test (m) # p<0.05 # p<0.01 # p<10-3 # p<0.05/m

Blood+Saliva None 1072 1027 2232 150 33 2 0

Blood+Saliva Covariates* 1025 946 2227 182 42 6 0

Blood+Saliva Covariates* + PC1 + PC2 1025 946 2227 182 43 6 0

Blood None 1054 971 2225 139 27 0 0

Blood Covariates* 1009 890 2220 161 33 1 0

Sample size
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Table 5.10 | SNPs in CNVs showing significant association with bladder cancer risk. This table displays the results 
of the association with SNPs in CNVs, for those SNPs that showed a LRT p-value lower than 10

-3
 with the Joint 

model. By transforming the coefficients of the joint model, we obtained the estimates of the OR, jointly with their 
95% confidence interval (CI), respectively for the number of copies and for the allele. *Covariates were age, gender, 
region and tobacco. 

 

Population Adjustement Name Chr Position p-value ORcopy number [CI95%] ORallele [CI95%]

Blood+Saliva None rs8188311 7 61,792,309 0.0007 0.70 [0.56 - 0.88] 1.23 [1.04 - 1.44]

rs1380975 15 19,395,070 0.0009 0.71 [0.56 - 0.89] 1.36 [1.15 - 1.62]

Blood+Saliva Covariates* rs9354411 6 67,076,651 0.0010 1.26 [0.99 - 1.60] 0.74 [0.63 - 0.88]

rs8188357 7 61,789,417 0.0008 0.81 [0.62 - 1.06] 0.83 [0.70 - 0.98]

rs8188515 7 61,789,558 0.0004 0.66 [0.52 - 0.84] 1.24 [1.04 - 1.47]

rs8188311 7 61,792,309 0.0001 0.65 [0.51 - 0.83] 1.26 [1.06 - 1.50]

rs13236833 7 61,796,606 0.0007 0.81 [0.62 - 1.07] 0.82 [0.68 - 0.99]

rs4451192 7 61,797,361 0.0006 0.82 [0.63 - 1.08] 0.82 [0.69 - 0.97]

Blood+Saliva Covariates* + PC1 + PC2 rs4713549 6 32,604,890 0.0006 1.28 [0.82 - 1.99] 1.31 [1.09 - 1.58]

rs9354411 6 67,076,651 0.0009 1.27 [1.00 - 1.62] 0.74 [0.63 - 0.88]

rs8188515 7 61,789,558 0.0007 0.67 [0.53 - 0.86] 1.24 [1.04 - 1.47]

rs8188311 7 61,792,309 0.0002 0.66 [0.52 - 0.84] 1.26 [1.06 - 1.51]

rs13236833 7 61,796,606 0.0006 0.84 [0.64 - 1.11] 0.80 [0.66 - 0.96]

rs4451192 7 61,797,361 0.0007 0.83 [0.63 - 1.09] 0.82 [0.69 - 0.97]

Blood Covariates* rs9354411 6 67,076,651 0.0006 1.30 [1.02 - 1.65] 0.73 [0.62 - 0.87]
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Figure 5.12 | Q-Q plots for the association of SNPs in CNVs. These plots display the Q-Q plots for the different 
models used to test the association of SNPs in CNVs. The models used either blood and saliva samples (A-C) or 
blood samples only (D, E), and are either unadjusted (A, D), adjusted on covariates (age, gender, region and 
tobacco) (B, E), or adjusted on covariates and the first two PCs from the PCA on LRR (C). 
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Figure 5.13 | Manhattan plots for the association of SNPs in CNVs. These plots display the Manhattan plots for the 
different models used to the association of SNPs in CNVs. The models used either blood and saliva samples (A-C) or 
blood samples only (D, E), and are either unadjusted (A, D), adjusted on covariates (age, gender, region and 
tobacco) (B, E), or adjusted on covariates and the first two PCs from the PCA on LRR (C). The yellow lines represent 
the significance threshold of 5%. 
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Figure5.13 (continue). 
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Chapter 4 

Discussion 

 

The genome-wide association analysis with CNVs was conducted by performing different 

strategies previously described in the Part 1. In particular, we performed the analysis both at 

the probe level and at the gene region level, using both the continuous allele intensity 

measures (LRR) and the discrete number of copies (from 0 to 4) assessed by the PennCNV 

algorithm. We also used several models to test for the association, either with or without 

adjusting on the covariates classically used in the SBC / EPICURO study (age, gender, 

geographic region and smoking status) and eventually on the source of DNA (blood or saliva) 

or on the first two principal components obtained from the principal component analysis in 

order to take into account potential batch effects. The analysis at the probe level adjusting on 

covariates only allowed us to identified 26 genomic regions potentially associated with bladder 

cancer risk. Among these regions, 11 were also found significantly associated with bladder 

cancer risk in independent series of cases and controls in the replication analysis, and 6 (4 are 

among the 11 replicated regions) were selected for further validation of the detected CNVs in 

that regions using the PCR technique that provides more accurate CNV callings than the SNP-

array platforms (on-going). The analysis at the gene region level identified several genes for 

which the number of copies could potentially be associated with bladder cancer risk. By 

summarizing the LRR across the probes of the gene regions and by applying the CNVtools 

method (Barnes et al. 2008), we identified four genes: GPR103 (chromosome 4), C10of91 

(chromosome 10), SYT4 (chromosome 18) and GSTM1 (chromosome 1). By using the CNV 

calling results provided by the PennCNV algorithm and testing the association between the 

presence of CNVs overlapping the gene and the bladder cancer risk, we also identified another 

gene: ADAM8 (chromosome 10). 

Several different regions of the genome or genes potentially associated with bladder cancer 

risk were thus identified by the different screening strategies but none of these regions were 

detected by more than one of the strategies, highlighting a lack of concordance between the 

different strategies. This discrepancy could be explained by the fact that these different 
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strategies are more powerful at detecting different kinds of CNVs associated with a trait.. In a 

recent work, Breheny et al. (2012) showed that testing for association at the probe level using 

the continuous intensity measure has greater power to detect association with small and 

common CNVs, whereas testing for association between a shared CNV region using the 

discrete number of copies has greater power for large and rare CNVs. If we cannot exclude 

that the detected signals could in fact be false positives, we believe that at least some of them 

might be truly associated with bladder cancer. Indeed, we were able to replicate some of the 

results obtained at the probe level in large and independent series of cases and controls. 

Concerning the results at the gene level, it is interesting to note that one of the identified 

genes (C10orf91) was expressed in 22 out of 43 bladder cancer tumors from the SBC/EPICURO 

study (collaboration with Enrique Carrillo and Francisco Real, Epithelial Carcinogenesis Group, 

CNIO, Spain), indicating that the expression level of this gene could play a role in bladder 

carcinogenesis. 

In this work the genome-wide association analysis with CNVs at the region level was 

performed at the gene level, assuming that genes overlapped by CNVs could produce an 

abnormal amount of protein, or even no protein and participate in this way in bladder 

carcinogenesis. However, we defined the gene region by the exact breakpoints of the genes. 

Thus, we did not consider the regions surrounding the genes that could be involved in the gene 

regulation process. Also, and as discussed in the Part 1 of the thesis, regions that regulate the 

gene protein production can be located far from the gene, but the knowledge of these regions 

is currently limited and we could not use this information in this work. At the gene region level, 

we also performed the association analysis using the LRR, but the fact that the LRR was 

summarized across the whole gene region can be a major limitation if the CNV overlaps only 

part of the gene. In this situation, the LRR level would not well reflect the number of copies of 

the CNV and the association test would loss power. In the literature, association with CNVs at 

the region level is usually performed at the level of shared CNV regions. In this work, this 

strategy was not performed as we did not defined shared CNV regions across the 

SBC/EPICURO study individuals. Recently, a tool for association test with CNV was developed 

that integrates an algorithm to determine the shared CNV region breakpoints before 

conducting the genome-wide association analysis (Kim et al. 2012). We have not use this tool 

yet on the SBC/EPICURO study but it could be interesting to see how it performs on this data 

and if some others or the same CNV regions associated with the disease can be evidenced. 

In this work, we also took advantage of both information on CNV and SNP provided by SNP-

array data. We conducted a genome-wide association study of SNPs located in CNV regions by 
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applying the model proposed by (Korn et al. 2008) described in Part 1 and studied in Part 4 

(Marenne et al. 2012a). We identified one CNV region (on chromosome 7) that contain SNPs 

and for which both the number of copies and the allele are potentially associated with bladder 

cancer risk. This result was consistently found for most of the models we used, either adjusted 

or not. However, further investigations are required to replicate this result in independent 

series of controls and bladder cancer cases, as well as to validate the CNVs detected by more 

accurate techniques. 
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The fact that SNP-array is a cost-effective technology popularized this approach in the last 

decade and several genome-wide association studies have been conducted for a large range of 

complex diseases. In 2007, algorithms to detect CNVs using genome-wide SNP data were 

proposed that analyze the allele intensity measurements. Rapidly, genetic epidemiologists 

showed interest in taking advantage of their genome-wide available data to conduct 

association studies with CNVs. Consequently, in the last three years, many of these studies 

were published. However, few reported significant association results and even less replicated 

their results in independent studies. Surprisingly, very few studies have investigated the 

reasons of the lack of results and the potential limitations of these strategies. 

This work was motivated by the same interest that many researchers had in taking advantage 

of GWAS data generated using SNP-array to test for CNV association. Genome-wide SNP data 

were generated with the Illumina 1M array in the Spanish Bladder Cancer (SBC) / EPICURO 

Study, in collaboration with the National Cancer Institute, USA. In 2008, we started to assess 

CNVs using the SNP data with the objective of conducting the genome-wide association study 

to identify potential CNV regions associated with the risk of bladder cancer. While several 

calling algorithms were available, their performances were not compared. Thus we conducted 

an accuracy analysis of three available algorithms (cnvPartition, QuantiSNP and PennCNV) 

using duplicated samples of the SBC/EPICURO Study and validated some detected CNVs with a 

gold-standard technique for CNV detection, MLPA. This work highlighted a low reliability 

(around 60%) and sensitivity (around 20%)of the three investigated algorithms (Marenne et al. 

2011). Meanwhile, other works investigating several CNV algorithms for Illumina or Affymetrix 

SNP-array platforms reached the same conclusion, reporting sensitivities between 0.1% and 

52% (Winchester et al. 2009; Dellinger et al. 2010; Koike et al. 2011; Pinto et al. 2011; Zhang, 

D. et al. 2011). 

The low sensitivity of the calling algorithms may lead to either a loss of power to detect real 

association or to spurious significant association results due to misclassifications in CNV 

assessment. Another important limitation when calling CNV from SNP-array data is the 

definition of shared CNV regions. To avoid both limitations, we conducted the association 

between bladder cancer and CNV at the probe level using the raw intensity measure (LRR) 

provided by Illumina, a continuous measurement that correlates with the number of copies of 

the CNV. Applying this strategy at the GSTM1 locus, we were able to replicate the well-

established association between the homozygous deletion at GSTM1 and bladder cancer risk 

while this was not possible when using the outputs of the calling algorithms (Marenne et al. 

2012b). In that specific region, the lack of association signal using the CNV calling algorithm 
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was due to its complete lack of sensitivity in detecting any CNVs from the SNP-array data. 

Indeed, we showed that the LRR was inflated in that region because of the very high frequency 

of the CNV in the Spanish population. Because CNV calling algorithms expect some given 

values of LRR for 0, 1, 2, 3 or 4 copies that were not the ones observed in that region, the 

calling was completely wrong. Using the LRR as a continuous CNV measurement in the 

association test was more efficient and suggests that this could be an interesting strategy to 

use to scan the genome for CNV associated with disease risk and this is one of the strategies 

we used in our study on Bladder Cancer. 

By using the LRR continuous measurement to assess the CNV association with bladder cancer 

risk at the genome-wide level we identified several regions of potential interest. Further 

replication of these findings with data from a large consortium of independent case-control 

studies - the Cancer Genetics Markers of Susceptibility (CGEMS), NCI, USA -, supported the 

potential role of several of the identified regions in bladder cancer susceptibility. However and 

because the independent series of bladder cancer cases and controls were genotyped with a 

lower resolution SNP-array (Illumina 610K platform), these results need to be further 

replicated before being considered as real. In parallel, the CNVs detected in the SBC/EPICURO 

samples are being validated in the Epithelial Carcinogenesis laboratory at the molecular level 

and the biological interpretation of the potential association signals will need to be 

investigated. 

In this work, we also explored strategies to combine both SNP and CNV information in 

association testing. Indeed, although researchers have investigated CNV through SNP data, 

little interest was given to the study of SNPs located in CNV regions. By simulations, we 

assessed the performances of strategies that test for both the effect of the allele and the 

effect of the number of copies for SNPs located in CNV regions, and we compared these 

strategies to those focusing only on one of the two effects. We concluded that the model 

proposed by (Korn et al. 2008) that test simultaneously for both effects through a two term 

model containing the sum and the difference of the number of each allele was the more 

powerful over the large range of situations we investigated. Additionally, we showed that this 

model provided unbiased estimations of both effects (Marenne et al. 2012a). Applying this 

model to the SBC / EPICURO Study, we identified several SNPs for which both the allele and 

the number of copies were associated with bladder cancer risk, though these results need to 

be replicated in independent series of cases and controls. 



Discussion 

181 

A lot of genome-wide association studies with CNVs using SNP-array data have been published 

in the last few years. Some focused on common CNVs (Craddock et al. 2010) and others on 

rare CNVs (The International Schizophrenia Consortium 2008). The majority used a CNV calling 

algorithm to detect shared CNV regions for which the association test was performed using the 

discrete number of copies. Rather than reporting all identified CNVs, the published studies 

generally focused on only one significantly associated CNV region for which the presence of an 

abnormal number of copies in the individuals found to carry the CNV was validated. But 

usually authors did not discuss the low sensitivity of the CVN detection algorithms. 

The genome-wide association study with CNV we performed, either with CNV only or 

combining SNP and CNV, as well as the already published studies, faced many limitations. 

When using a SNP-array platform, even one of the higher-resolution currently available 

(Illumina 1M), results are indeed constraints to the location of the probes over the genome. 

Efforts were made to add probes in already reported CNV regions but this is only helpful for 

known CNVs and can’t really help in the detection of rare and novel CNVs. Thus, when applying 

a CNV calling algorithm to test for the association with the discrete number of copies, it is 

likely that several CNV regions are missed and/or that the number of individual with an 

abnormal number of copies is underestimated. The alternative of using the LRR in the 

association test also faces limitations and is also subject to the probe location. Additionally, 

because many CNV regions contain several probes, results of association tests performed at 

the probe levels are highly correlated. This could present a statistical problem for multiple 

testing as usual corrections such as the Bonferroni one might not be appropriate and could be 

too conservative. Appropriate corrections should then be considered, such as those that 

calculate the number of effective tests when testing for association with SNPs in linkage 

disequilibrium (Nyholt 2004; Li, J. and Ji 2005). In this work, we identified another issue faced 

in genome-wide CNV analyses which regards to the excess of significantly associated probes at 

the whole genome level. This pattern was highlighted through the Q-Q plots we presented in 

the part 5 of this thesis. Through a principal component analysis, we identify a batch effect in 

our sample in relation to the source of DNA, either blood or saliva. But the problem of the 

excess of significant probes was maintained after adjusting our analysis for the principal 

components, or for the source of DNA, or when restricting the analysis to blood samples. This 

issue was not previously discussed in the literature but we suspect it was also faced by other 

already published similar works, as the majority of them did not provide the Q-Q plot of their 

analysis in the publication. A potential explanation of this pattern could be the high correlation 

of the tests and a solution could be to focus on known and common CNV regions. Indeed, the 



Discussion 

182 

Wellcome Trust Case Control Consortium made a huge effort to identify such CNV regions and 

design a platform that specifically genotypes those CNVs (Craddock et al. 2010). In their large 

CNV analysis, they present the Q-Q plots in which the observed distributions of the test 

statistics almost perfectly fitted the expected distribution under the null hypothesis. However 

this methodology prevents of detecting association with less frequent and non-described CNV 

regions. 

Alternatively, many genome-wide association studies focused on rare CNVs. To this end, they 

applied a CNV calling algorithm to SNP-array data and tested the association for CNV regions 

with less than 1% or 5% of abnormal number of copies in their sample. This methodology is 

based on the assumption that rare variants would be associated with a larger risk of disease 

than common variants and thus, the power of detecting the association would be higher. 

However, given the low sensitivity of CNV calling algorithms we observed in this work, we can 

suspect this methodology would lead to a high proportion of misclassified individuals that 

could highly affect the association results. Additionally, rare events rarely fulfill the parametric 

assumptions and thus other statistical methods than the regression models have to be applied. 

In this regard, a recent work investigated several alternative methods by simulation and 

concluded that none of them exhibited sufficient power to detect association with rare 

variants (Mahachie John et al. 2011). 

Further insights in the study of CNVs in complex diseases might also soon be gained with the 

new generation sequencing (NGS) technologies. Many hopes are put in this approach that 

promises to provide access to the whole genetic information, and in particular to small CNVs 

that are difficult to detect by aCGH and SNP-array platforms. Even if some limitations are still 

currently faced with the NGS technology (Alkan et al. 2011) such as the choice of the assembly, 

the length of the reads and the high costs, the technique is evolving so quickly that accurate 

genetic information will be soon available for large individual cohorts. Several algorithms have 

already been published to detect CNVs using NGS data, claiming a high accuracy of the results 

(Chen et al. 2009; Klambauer et al. 2012). Thus, the NGS technology will probably contribute to 

improve the knowledge of the human genome and allow new genotyping platforms to be 

designed and used to genotype the newly discovered variations, probably rare SNPs and all-

size structural variants, in large cohorts of individuals in order to conduct cost-effective 

genome-wide association studies and explain at least part of the remaining missing heritability. 
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1. The detection of CNVs from SNP arrays using calling algorithms shows a low reliability 

with a global Kappa index of 0.6. PennCNV presents a slightly better reliability than 

QuantiSNP and cnvPartition. DNA from blood provides more reliable CNV detection than 

DNA from saliva. 

2. The detection of CNVs through SNP-array data presents a low sensitivity, around 20%, and 

a high specificity, around 98%. 

3. To assess the association using the allele intensity measurement (Log R ratio, LRR) may be 

an alternative approach to overpass the CNV calling limitations. By applying this strategy 

we replicated the association between the homozygous deletion at GSTM1 and bladder 

cancer risk with the Spanish Bladder Cancer / EPICURO Study resources whose genetic 

data were generated by the Illumina 1M SNP-array. Thus, LRR could be used as a first step 

to screen the genome for CNVs implicated in complex diseases. 

4. For SNPs located in CNV regions, SNP-arrays are a cost-effective technology to gain access 

to the information on both the allele and the number of copies. Through a simulation 

study, we showed that the two term model proposed by Korn et al. 2008, containing the 

sum and the difference of the number of copies of each allele, was the more powerful 

strategy from a large range of scenarios investigated. We also showed that this model 

provided unbiased estimations of both effects of the allele and of the number of copies. 

5. By conducting a genome-wide association of CNVs using the Spanish Bladder Cancer / 

EPICURO Study genetic data generated with the Illumina 1M SNP-array, we were able to 

identify several CNV regions potentially implicated in bladder cancer susceptibility. These 

regions are currently under investigation in validation and replication studies. 

6. By conducting a genome-wide association of SNPs located in CNV regions, testing the 

effect of both the allele and the number of copies, using the Spanish Bladder Cancer / 

EPICURO Study data generated with the Illumina 1M SNP-array, we were able to identify 

several SNPs for which both the allele and the number of copies could be involved in 

bladder cancer susceptibility. 
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1. La détection des CNV à partir des puces de SNP a une faible fiabilité avec un indice Kappa 

d'environ 0,6. PennCNV présente une fiabilité légèrement meilleure que QuantiSNP et 

cnvPartition. La détection des CNV est meilleure avec l'ADN extrait du sang qu’avec l'ADN 

extrait de la salive. 

2. La détection des CNV par le biais de données de puces de SNP a une faible sensibilité, 

environ 20%, mais a une forte spécificité, environ 98%. 

3. L’utilisation du LRR dans le test d’association comme mesure continue des CNV peut être 

une alternative aux limites rencontrées par les algorithmes de détection des CNV. Cette 

stratégie nous a permis de répliquer l'association entre la délétion homozygote de GSTM1 

et le risque de cancer de la vessie sur les données obtenues à partir de la puce de SNP 

Illumina 1M dans l’étude espagnole du cancer de la vessie / EPICURO. Cela pourrait donc 

être une première étape pour cribler le génome à la recherche de CNV impliqués dans les 

maladies complexes. 

4. Pour les SNP situés dans des régions de CNV, les puces de SNP permettent d’accéder à la 

fois à l'information sur l'allèle et sur le nombre de copies. Par simulations, nous avons 

montré que le modèle proposé par Korn et al. 2008, basé sur la somme et la différence 

entre le nombre de copies de chaque allèle, est le plus puissant, et ce dans de nombreux 

scénarios que nous avons étudiés. Nous avons également montré que ce modèle fournit 

des estimations sans biais des effets de l'allèle et du nombre de copies. 

5. Par une étude d’association pangénomique avec les CNV en utilisant les données Illumina 

1M de l’étude espagnole du cancer de la vessie / EPICURO, nous avons identifié plusieurs 

régions de CNV potentiellement impliquées dans la susceptibilité au cancer de la vessie. 

Ces régions sont actuellement en cours de validation et de réplication. 

6. Par une étude d’association pangénomique des SNP situés dans des régions de CNV, en 

testant à la fois l'effet de l'allèle et du nombre de copies et en utilisant les données 

Illumina 1M de l’étude espagnole du cancer de la vessie / EPICURO, nous avons pu 

identifier plusieurs SNP pour lesquels à la fois l'allèle et le nombre de copies pourraient 

être impliqués dans la susceptibilité au cancer de la vessie. 
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1. La detección de CNV con datos de SNP-array tiene una fiabilidad baja con un índice de 

Kappa en torno a 0,6. PennCNV tiene una fiabilidad ligeramente mejor que QuantiSNP y 

cnvPartition. La detección de CNV es más fiable con AND de la sangre pro que con ADN de 

la saliva. 

2. La detección de CNV con datos de SNP-array muestra poca sensibilidad, en torno al 20%, y 

mucha especificidad, alrededor del 98%. 

3. Usar el LRR en los tests de asociación como medida continua de la CNV podría ser una 

alternativa a las limitaciones de la detección de CNV. Esta estrategia nos permitió replicar 

la asociación entre la deleción homocigótica en el gen GSTM1 y el riesgo de cáncer de 

vejiga usando los datos del Estudio Español de cáncer de vejiga / EPICURO cuyos datos 

genéticos se generaron con la plataforma de SNP Illumina 1M. Por lo tanto, podría ser un 

primer paso para examinar el genoma en búsqueda de CNVs implicadas en enfermedades 

complejas. 

4. Para SNP localizados en regiones de CNV, las plataformas de SNP son una tecnología 

rentable para tener acceso a la información tanto del alelo como del número de copias. 

Mediante simulaciones, mostramos que el modelo propuesto por Korn et al. 2008, que 

contiene la suma y la diferencia del número de copias de cada alelo, es el más potente en 

numerosos escenarios que investigamos. También mostramos que este modelo estima 

ambos efectos del alelo y del número de copias sin sesgo. 

5. Mediante un estudio de asociación pangenomico de CNV usando los datos del Estudio 

Español de cáncer de vejiga / EPICURO cuyos datos genéticos se generaron con la 

plataforma de SNP Illumina 1M, pudimos identificar varias regiones de CNV 

potencialmente implicadas en la susceptibilidad al cáncer de vejiga. Estas regiones están 

actualmente investigadas en estudios de validación y replicación. 

6. Mediante un estudio de asociación pangenomico de SNPs localizados en regiones de CNV, 

testando tanto el efecto del alelo como del número de copias, usando los datos del 

Estudio Español de cáncer de vejiga / EPICURO cuyos datos genéticos se generaron con la 

plataforma de SNP Illumina 1M, pudimos identificar varios SNPs para los cuales tanto el 

efecto del alelo como el efecto del número de copias parecen implicados en la 

susceptibilidad al cáncer de vejiga. 
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Appendix 1 

Additional works in relation to CNV analysis 

 

1. Detection of copy number variations using SNP-arrays: impact of algorithm performances 

on association tests. 

In the part 3 of this thesis, we showed that the CNV calling algorithms we investigated applied 

to SNP-array data have a low sensitivity (around 20%). We also reported an example of a highly 

frequent CNV region overlapping the GSTM1 locus and which is well-established to be 

associated with bladder cancer risk. In this region, we reported a complete lack of sensitivity 

and thus we were not able to replicate the well-established association between the number 

of copies at GSTM1 and the risk of bladder cancer with SNP-array data and using a CNV calling 

algorithm. In order to further investigated the performances of the several CNV calling 

algorithms developed for SNP-array data, regarding characteristics of the samples and the CNV 

regions, as well as to investigate the impact of the poor performances of these algorithms on 

association tests, we used HapMap genetic data generated on the Illumina 1M jointly with the 

cases and controls of the SBC/EPICURO study (presented in the part 2 – chapter3), and public 

data on CNV for the same HapMap samples as validation data (Conrad et al. 2010). This work is 

on-going and a manuscript is in preparation for publication in an international scientific 

journal: 

Gaëlle Marenne, Stephen J Chanock, Luis Pérez-Jurado, Nathaniel Rothman, Benjamin 
Rodríguez, Manolis Kogevinas, Montserrat García-Closas, Debra T Silverman, Francisco X 
Real, Núria Malats*, Emmanuelle Génin*. Detection of copy number variations using SNP-
arrays: impact of algorithm performances on association tests. In preparation. *Equal 
contributors. 

We present here an abstract of this work: 

SNP-arrays developed to perform genome-wide association studies are also used to detect 

copy-number variants (CNV) by applying CNV calling algorithms, but it was previously shown to 

have a low sensitivity. However, results from CNV-association studies strongly depend on the 

accuracy of CNV assessment, mainly if it is different between cases and controls. 
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In this study, we used data on 21 HapMap samples genotyped on Illumina 1M array to 

evaluate the performance of four CNV detection algorithms using an agnostic approach 

(cnvPartition, PennCNV-agnostic, QuantiSNP and cnvHap), and one algorithm using a candidate 

approach (PennCNV-candidate). As a validation dataset, we used public data of CNV regions 

genotyped for the same samples. The sensitivities observed for the investigated algorithms 

were low (<0.24) and the false positive rate (FPR) were moderate ([0.11–0.36]). We observed 

that the FPR for the agnostic-approach algorithms could be decreased by discarding detected 

CNVs using their density of probes, but not their length or their number of probes. By using an 

analytical approach, we could not identify any parameters that predict well if a CNV really exist 

and decrease the FPR. However, the characteristics of an individual within a CNV region were 

shown to be important, and differences between cases and controls could exist. By simulating 

such a scenario with differences depending on the phenotypic status, we observed a bias in 

the risk estimation and an inflation of the type-1-error, but we could not correct this bias in 

the association analysis by down-weighting both the discoveries and the non-discoveries more 

likely to be false. 

In conclusion, we confirmed the low sensitivity of the CNV detection algorithms applied to 

SNP-array data. We showed that some post-calling filtering that were proposed to reduce the 

FPR, such as discarding detected CNVs using their length, do not improve the reliability of CNV 

callings. Instead, we found that filtering out the regions with the smallest probe density can 

improve it. We were unable to find good predictors of the CNV accuracy that could have been 

used in association studies to account for possible differences in the calling accuracy between 

cases and controls. 

 

2. Report of CNV-specific limitations in genome-wide association studies 

In collaboration with Matthias Macé and Maria Martinez from Inserm UMR 1043, Toulouse, 

France, we further investigated the excess of significant association results comparing to the 

expected distribution under the null hypothesis we obtained by performing genome-wide 

association studies with CNVs. We observed this pattern with the SBC/EPICURO study as 

presented in the part 5 of this thesis and highlighted in the Q-Q plots, but also with other 

datasets of case-control studies on Alzheimer and Parkinson disease from France for which the 

genetic data were generated with the Illumina 610K SNP-array platform. In the French 

genome-wide datasets, we had three groups of individuals: Alzheimer cases [1], Parkinson 

cases [2] and controls free of any type of dementia [1]. Using these data, we further 
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investigated the artifacts that could lead to the excess of significant association results when 

studying CNVs. We explored potential differences in individual-related variables used for 

quality control with CNVs (described in the part 1 – chapter 3 – 3.1.1), as well as in CNV-related 

characteristics such as the length, the number of probes or the density of probes. Then we 

explored if adjusting on the principal components obtained from the principal component 

analysis on LRR data could reduce the excess of significant association results comparing to the 

expected distribution under the null hypothesis. 

This work is on-going and highlights specific care that should be given to microarray SNP 

genetic data provided with an objective of studying CNV, investigating additional corrections 

that may be used to avoid bias when screening the genome for CNV association. Preliminary 

results were presented in the International Genetic Epidemiology Society meeting in 

September 2011, and a manuscript is currently in preparation for publication in an 

international scientific journal: 

Matthias Macé*, Gaëlle Marenne*, Jean-Charles Lambert, Suzanne Lesage, Jean-François 
Dartigues, Christophe Tzourizo, Philippe Amouyel, Alexis Brice, Maria Martinez, 
Emmanuelle Génin. Genome-wide CNV association with Alzheimer and Parkinson disease 
with shared controls in France: a report of CNV-specific limitations. International Genetic 
Epidemiology Society (IGES) meeting 2011, September 18-20. Heidelberg, Germany. 

Matthias Macé*, Gaëlle Marenne*, Jean-Charles Lambert, Suzanne Lesage, Jean-François 
Dartigues, Christophe Tzourizo, Philippe Amouyel, Alexis Brice, Maria Martinez#, 
Emmanuelle Génin#. Genome-wide CNV association with Alzheimer and Parkinson disease 
with shared controls in France: a report of CNV-specific limitations. In preparation. 

* # Equal contributors. 

 

[1] Lambert et al. (2009) Nature Genetics 41:1094-1099 

[2] Saad et al. (2011) Human Molecular Genetics 20:615-627. 

 

3. Genome-wide prognostic study (GWPS) of bladder cancer with CNVs 

In addition to explore the genetic and environmental factors involved in the etiology of 

bladder cancer, the SBC/ EPICURO study, also aims to explore the factors involved in bladder 

cancer prognosis. To this aim, 836 non-muscle invasive tumor cases and 235 muscle invasive 

tumor cases with genetic data available were followed during ten years, for which several 

clinical information were collected such as treatments, recurrences, progression to muscle 
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invasive tumor for non-muscle invasive tumors, progression of stage and grade for muscle 

invasive tumors, or the living status. In the Genetic and Molecular Epidemiology group at CNIO, 

Antonio Picornell and Jesus Herranz conducted the genome-wide prognosis study with SNPs. 

We collaborated in order to conduct the genome-wide prognosis study with CNVs. Similarly to 

the GWAS I conducted with CNVs, and which is presented in the part 5 of this thesis, we 

performed Cox regression models using the continuous intensity measurement (LRR), as well 

as using the CNV calling provided by PennCNV, both at the probe level, to screen the genome 

for potential CNV regions associated with bladder cancer prognosis. Several outcomes were 

considered in this work, two among non-muscle invasive tumors, the recurrence and the 

progression to muscle invasive tumors, and two among muscle invasive tumors, the 

progression to higher stage and grade tumors and the death for bladder cancer. These 

analyses were all adjusted on region and treatment, and some specific other variables were 

considered according to the outcome. The prognosis of recurrence among non-muscle invasive 

tumors was additionally adjusted on gender, stage and grade, multiplicity of the tumors, and 

tumor size. The prognosis of progression among non-muscle invasive tumors was additionally 

adjusted on age, stage and grade, multiplicity of the tumors, and the number of recurrences. 

The prognosis of progression and death among muscle invasive tumors was additionally 

adjusted on stage and the number of affected nodes, and also on the presence of metastasis 

for the outcome of death. This work is on-going and some preliminary results were obtained, 

but further investigation and description of the results are needed. 
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REPORT

Mosaic Uniparental Disomies and Aneuploidies
as Large Structural Variants of the Human Genome

Benjamı́n Rodrı́guez-Santiago,1,2 Núria Malats,3,15 Nathaniel Rothman,4,15 Lluı́s Armengol,5

Montse Garcia-Closas,4 Manolis Kogevinas,6,7,8,9 Olaya Villa,1,2 Amy Hutchinson,10 Julie Earl,3

Gaëlle Marenne,3 Kevin Jacobs,10 Daniel Rico,3 Adonina Tardón,7,11 Alfredo Carrato,12 Gilles Thomas,10

Alfonso Valencia,3 Debra Silverman,4 Francisco X. Real,1,3,16 Stephen J. Chanock,4,10,16

and Luis A. Pérez-Jurado1,2,13,14,16,*

Mosaicism is defined as the coexistence of cells with different genetic composition within an individual, caused by postzygotic somatic

mutation. Although somatic mosaicism for chromosomal abnormalities is a well-established cause of developmental and somatic disor-

ders and has also been detected in different tissues, its frequency and extent in the adult normal population are still unknown. We

provide here a genome-wide survey of mosaic genomic variation obtained by analyzing Illumina 1M SNP array data from blood or buccal

DNA samples of 1991 adult individuals from the Spanish Bladder Cancer/EPICURO genome-wide association study. We found mosaic

abnormalities in autosomes in 1.7% of samples, including 23 segmental uniparental disomies, 8 complete trisomies, and 11 large (1.5–37

Mb) copy-number variants. Alterations were observed across the different autosomes with recurrent events in chromosomes 9 and 20.

No case-control differences were found in the frequency of events or the percentage of cells affected, thus indicating that most rearrange-

ments found are not central to the development of bladder cancer. However, five out of six events tested were detected in both blood and

bladder tissue from the same individual, indicating an early developmental origin. The high cellular frequency of the anomalies detected

and their presence in normal adult individuals suggest that this type of mosaicism is a widespread phenomenon in the human genome.

Somatic mosaicism should be considered in the expanding repertoire of inter- and intraindividual genetic variation, some of which may

cause somatic human diseases but also contribute to modifying inherited disorders and/or late-onset multifactorial traits.

Genetic mosaicism results from a postzygotic mutation

during development that is propagated to only a subset

of adult cells. It can occur in either or both somatic and

germline cells, the latter with the potential of passage to

offspring.1 Among the somatic or germline mutations

described in genetic mosaicism are point changes and

small rearrangements, as well as structural and numerical

chromosome aberrations.1,2 The most common form of

mosaicism detected by karyotyping in pre- and perinatal

diagnosis involves chromosomal aneuploidy, found in

~50% of preimplantation embryos, 1% of chorionic villous

samples, 0.2%–0.3% of amniotic fluids, and 0.1% of

newborns.3,4 In single differentiated neurons, the average

frequency of aneuploidy has been determined as 1.25%–

1.45% per chromosome (30%–35% overall), with perhaps

lower frequency in other cell types.5,6 Acquired monosomy

of the X chromosome is a common type of mosaicism

observed in normal individuals that is associated with

aging.7 For large chromosomal structural variants, such

as copy-number variations (CNVs), mosaicism has been

more recently described on the basis of comparative anal-

ysis of differentiated human tissues from adult individ-

uals8 as well as divergence between identical twins;8,9 the

estimated frequency of postzygotic CNV could approach

5%. Molecular karyotyping with microarrays has also

been used to detect mosaicism for chromosomal rearrange-

ments and predict mutational mechanisms in clinical

samples referred for routine diagnostic analysis.10–15

Although the frequency of uniparental disomy (UPD),

the occurrence of two copies of a particular chromosome

from the same parent, is unknown, it has been invoked

as an important mechanism in carcinogenesis.16

The consequences of mosaicism nominally depend on

the altered genetic architecture and specifically how it

affects developmental and cell-specific pathways. So far,

the majority of somatic mutations have been described

in relation to clinical samples with a known phenotype,

thus representing mosaic aberrations with strong effect,

even though the mosaicism may result in either a milder

or unusual disease phenotype.10–15,17,18 However, mosaic

somatic changes can have no apparent phenotypic

effect, and their occurrence can go undetected with most

1Departament de Ciències Experimentals i de la Salut, Universitat Pompeu Fabra, E-08003 Barcelona, Spain; 2Centro de Investigación Biomédica en Red de

Enfermedades Raras (CIBERER), E-08003 Barcelona, Spain; 3Centro Nacional de Investigaciones Oncológicas, E-28029 Madrid, Spain; 4Division of Cancer

Epidemiology and Genetics, National Cancer Institute, Bethesda, MD 20852-4907, USA; 5Quantitative Genomic Medicine Laboratory, qGenomics, E-08003

Barcelona, Spain; 6Municipal Institute of Medical Research (IMIM-Hospital del Mar), E-08003 Barcelona, Spain; 7Centre for Research in Environmental

Epidemiology (CREAL), E-08003 Barcelona, Spain; 8Centro de Investigación Biomédica en Red en Epidemiologı́a y Salud Pública (CIBERESP), E-08003

Barcelona, Spain; 9National School of Public Health, G-11521 Athens, Greece; 10Core Genotyping Facility, SAIC-Frederick, Frederick, MD 21702, USA;
11Departamento de Epidemiologı́a y Medicina Preventiva, Universidad de Oviedo, E-33003 Oviedo, Spain; 12Grupo de Oncologı́a Molecular, Hospital

General Universitario de Elche, E-03203 Elche, Spain; 13Programa de Medicina Molecular i Genètica, Hospital Universitari Vall d’Hebron, E-08035 Barce-

lona, Spain; 14Department of Genome Sciences, University of Washington, Seattle, WA 98195, USA
15These authors contributed equally to this work
16These authors contributed equally to this work
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high-throughput methods of genome analysis applied to

DNA obtained from samples containing large numbers of

cells. Thus, the frequency and relevance of mosaicism are

likely underestimated.

We provide here a survey of mosaic UPDs and segmental

and complete aneuploidies of the human genome by

molecular karyotyping with SNP arrays in 1991 adult indi-

viduals included in the Spanish Bladder Cancer/EPICURO

study: 1034 patients and 957 hospital-based controls with

a mean age of 63.7 years (range 20–82 years), 87% of whom

were male.19,20 Cases were patients newly diagnosed with

urothelial cell carcinoma of the bladder (MIM 109800).

Controls were age-, sex-, and hospital-matched inpatients

mainly recruited from the general surgery and traumatol-

ogy departments with diagnoses not associated with

bladder cancer risk factors. The study was approved by

the institutional ethics committees of each participating

hospital and the institutional review board of the National

Cancer Institute (NCI, USA). Written informed consent

was obtained from all individuals. DNA was extracted

from peripheral blood with the Puregene DNA Isolation

Kit (Gentra Systems) for most cases (n¼ 1107) and controls

(n ¼ 1032) included in the analysis. DNA from an addi-

tional 43 cases and 117 controls was extracted from

mouthwash samples with phenol/chloroform. Formalin-

fixed paraffin-embedded tissue blocks of tumors obtained

at surgery were also available from several cases.

Native genomic DNA was screened and analyzed at the

NCI according to the sample handling process of the Core

Genotyping Facility prior to analysis with the HumanHap

1M BeadChip (Illumina, Inc.) via the Infinium Assay

following manufacturer recommendations. Overall, 2.6%

of controls were performed in duplicate, with SNP calling

concordance greater than 99.94%. Good-quality data were

obtained from 1991 samples, 1034 patients and 957

controls. Following a set of standard quality-control metrics

that used a hidden Markov model-based method21 with

stringent filtering criteria,22 we identified 26,198 presum-

ably nonmosaic CNVs (see Figure S1 and Table S1 available

online). Among the samples discarded by filtering, we

observed a few with an unusually high number of putative

CNVs concentrated across a single chromosome (n ¼ 20).

Inspection of the signal intensity log R ratio (LogR) and frac-

tion of the total signal that was due to a specific allele (B

allele frequency, BAF) value plots of the affected regions re-

vealed single large aberrations with abnormal average BAF

value for heterozygous SNPs (not centered at 0.5) and either

(1) normal average LogR value around 0, indicating prob-

able copy-number neutral change with allelic imbalance

suggestive of a segmental UPD in mosaicism, or (2) altered

LogR values not reaching the chosen threshold for hetero-

zygous deletions or duplications (LogR > 0.2), suggesting

mosaic CNVs (Figure 1). We validated the predicted mosaic

rearrangements by multiplex ligation-dependent probe

amplification (MLPA) and microsatellite analysis (see Table

S5 for sequence details) on the same source of DNA used for

the SNP array in all samples studied. We then performed

a specific analysis to capture all BAF anomalies that might

correspond to large mosaic rearrangements in the entire

sample set in an unbiased manner (Figure S2). We used R

software (version 2.8.1) and the zoo package by basically as-

sessing B deviation values> 0.05 with LogR< 0.2. By using

a sliding-windows system (250 SNPs), we analyzed the

genome hybridization output of each sample with the es-

tablished cutoff fixed parameters (R75 SNPs with desig-

nated B deviation and LogR values) to identify trend

changes along the chromosome analyzed (Figure S2). The

analysis parameters were first set up with the 20 samples

known to harbor mosaic abnormalities already confirmed

by other techniques, and the tool was then applied to the

whole data set. The performance of the method was tested

by the reanalysis of samples with previously defined mosaic

rearrangements, obtaining a 95% detection rate without

false positives in the remaining chromosomal regions.

We detected 23 potential UPD regions in 13 different

chromosomes from 20 individuals (13 patients and 7

controls). All UPDs involved segmental and terminal chro-

mosome fragments ranging in size from 6 Mb on chromo-

some 2p to ~96 Mb on 13q. Large CNVs with mosaicism

were identified in 11 samples (5 cases and 6 controls),

ranging in size from 1.1 to 37.7 Mb. Only one was a duplica-

tion-type mosaic CNV, 26.3 Mb in size, interstitial but adja-

cent to a terminal region of mosaic UPD on 1p. Eight entire

chromosome gains suggestive of mosaic trisomies (or other

polysomies) affecting six autosomes were identified in 7

samples (3 cases and 4 controls). Six individuals (4 cases

and 2 controls) showed more than one large mosaic rear-

rangement. Some rearrangements were complex, with adja-

cent regions showing different degrees of mosaicism or

combination of CNV and UPD (Table 1; Table S2; Figure 2).

In order to estimate the proportion of cells with mosai-

cism in every case, we used BAF values from central popu-

lations of data points according to Illumina technical

notes. A sample with central populations of data points

at 0.55 and 0.45 BAF values for heterozygous SNPs was

considered to have 55% of chromosomes with a specific

allele and 45% of chromosomes with the other allele

(best estimates). We then used the B deviation (Bdev, devi-

ation from the expected BAF value of 0.5 for heterozygous

SNPs) to calculate the proportion of cells with the rear-

rangement depending on the type of mosaic rearrange-

ment: loss (deletion/monosomy; genotypes A/� and A/B),

gain (duplication/trisomy; genotypes AA/B and A/B), or

copy-number neutral change (UPD; genotypes A/A and

A/B). The simplified formulae used were as follows:

L ðproportion of cells with a lossÞ ¼ 2Bdev=ð0:5 þ BdevÞ
G ðproportion of cells with a gainÞ ¼ 2Bdev=ð0:5� BdevÞ
U ðproportion of cells with copy-

number neutral change; UPDÞ ¼ 2Bdev

In order to avoid false positive results due to experi-

mental data of poor quality, we discarded samples with

an average standard deviation of the BAF value above
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0.05. Given that the B deviation cutoff chosen for mosaic

rearrangement calling was then >0.05, our method can

be estimated to detect mosaicism only when the propor-

tion of affected cells is above 10%, 18%, or 23% for UPD,

deletions, and duplications and/or trisomies, respectively.

In theory, for samples yielding high-quality data (i.e.,

with standard deviation of BAF < 0.025), it would be

possible to detect much lower levels of mosaicism with

SNP arrays (about half of the above figures). The percentage

of cells carrying each rearrangement ranged from 17% to

82% in UPDs, 39% to 89% in deletions, 74% in the only

mosaic duplication, and 62% to 98% in trisomies (Table

1). The high proportion of affected cells in most detected

rearrangements suggests either the arousal of mutations

early in development or a positive selection for the rear-

ranged cells. Furthermore, a significant proportion of

mosaic rearrangements might remain undetected, mainly

those present in a lower proportion of cells, smaller than

1 Mb in size, or involving copy-number gains. Formal

testing for case-control differences in the frequency of rear-

rangements, divided by broad category of event or

percentage of cells affected, was clearly null in all cases,

thus suggesting that most rearrangements found are prob-

ably not central to the development of bladder cancer

(Table S3).

We validated by MLPA and microsatellite analysis on the

same source of DNA all 42 predicted mosaic rearrange-

ments (Table 1; Figure S3; see also Table S5 for sequence

details). We further analyzed tumor DNA and tumor tissue

sections from four cases of bladder cancer in which we had

Figure 1. Examples of Different Types of Mosaic Rearrangements, Including Complex Rearrangements
The plots show the signal intensity log R ratio (LogR) (black dots, scale on the left side) and B allele frequency (BAF) (red dots, scale on the
right side) values along the entire chromosome carrying the rearrangements in selected samples. The length of the aberration is desig-
nated by the dashed blue lines; the type of rearrangement is annotated below.
(A) Mosaic uniparental disomy (UPD) in distal 1p characterized by unchanged LogR and abnormal heterozygous BAF in the indicated
interval; the interstitial mosaic duplication of the adjacent fragment shows elevated LogR (lower than the 0.2 cutoff for heterozygous
duplication calling) and abnormal heterozygous BAF.
(B) Large mosaic deletion in chromosome arm 9q showing decreased LogR and abnormal heterozygous BAF without complete loss of
heterozygosity.
(C) Mosaic trisomy 12 with a pattern similar to that of duplications along the entire chromosome.
(D) Mosaic UPD with different degrees of mosaicism for two adjacent regions of chromosome arm 7q.
(E) Large mosaic deletion in chromosome arm 20q (decreased LogR > �0.2 and abnormal heterozygous BAF). The complete loss of
heterozygosity of a genomic region overlapping with the mosaic deletion suggests the presence of complete UPD or homozygosity re-
sulting from identity by descent (IBD).
(F) Mosaic trisomy for the entire chromosome 9 (increased LogR). The different B deviation value between 9p and 9q with identical LogR
ratios in this sample also suggests the presence of UPD for 9p in addition to the trisomy.
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Table 1. Summary of Mosaic Rearrangements Detected

Sample Rearrangement Source Chr Start End Size (Mb) Validation % of Cells Bladder

Control 468a UPD blood 1p pter 31,505,375 31.5 Mi, MLPA 55%

duplication blood 1p 31,508,099 58,012,249 26.5 MLPA 74%

UPD blood 7q 69,769,236 qter 89 MLPA 48%

Case 197 deletion blood 5q 107,759,583 131,769,397 24 MLPA 39%

Control 771 deletion blood 9q 70,096,379 107,838,079 37.7 MLPA 39%

Case 1044 deletion blood 9q 82,074,397 104,355,425 22.2 MLPA 76%

Control 1014a deletion blood 11q 93,126,656 116,093,059 22.9 Mi 39%

trisomy/polysomy blood 12 pter qter 132 Mi, MLPA 69%c

Control 1017 deletion blood 16p pter 3,888,919 3.8 MLPA 58%

Case 1079 deletion blood 20q 30,488,149 31,745,200 1.2 MLPA 60%

Case 571 deletion blood 20q 30,491,175 48,812,965 18.3 Mi, MLPA 44%

Control 837 deletion blood 20q 30,824,044 48,140,963 17.3 Mi, MLPA 40%

Control 191b deletion blood 20q 30,489,196 48,819,540 18.3 Mi, MLPA 53%

Case 426a deletion blood 20q 33,993,320 53,443,077 19.4 Mi, MLPA 89% Mi, MLPA, FISH

trisomy/polysomy blood 9 pter qter 140 Mi, MLPA 95%c FISH

Control 577 trisomy/polysomy blood 8 pter qter 146 Mi, MLPA 62%c

Control 152 trisomy/polysomy blood 9 pter qter 140 Mi, MLPA 63%c

Case 1185a trisomy/polysomy blood 9 pter qter 140 Mi, MLPA 72%c Mi, MLPA, FISH

UPD blood 9p pter 38,987,691 38.9 Mi, MLPA d

trisomy/polysomy blood 22 pter qter 49.7 Mi, MLPA 74%c FISH negative

Case 511 trisomy/polysomy blood 15 pter qter 100 MLPA 60%c

Control 541 trisomy/polysomy blood 19 pter qter 63.8 Mi, MLPA 98%c

Control 776 UPD blood 2p pter 5,974,108 5.9 MLPA 28%

Control 196 UPD blood 2q 210,673,136 qter 32.3 Mi, MLPA 51%

Case 954 UPD blood 2q 218,476,667 qter 24.5 MLPA 22%

Case 155 UPD blood 3p pter 43,770,009 43.3 MLPA 18%

Case 1105e UPD blood 7q 62,401,114 96,812,073 34.4 MLPA 29%

UPD blood 7q 96,934,617 qter 61.9 MLPA 18%

Control 586 UPD blood 9p pter 39,102,964 39.1 MLPA 83%

Control 843 UPD blood 11q 65,547,103 qter 69.2 MLPA 22%

Case 125 UPD blood 12q 55,481,646 qter 82.3 MLPA 17%

Case 234 UPD blood 13q 17,956,717 qter 96.2 MLPA 18%

Case 962a UPD blood 13q 19,554,439 qter 94.5 Mi 28%

UPD blood 17p pter 18,649,825 18.6 Mi 39% Mi

Case 787 UPD blood 14q 23,303,146 qter 83 Mi 34%

Case 758 UPD blood 14q 74,454,224 qter 31.9 MLPA 18%

Case 1205 UPD buccal 16p pter 14,565,117 14.5 Mi, MLPA 25%

Case 815 UPD blood 17p pter 4,724,664 4.7 Mi, MLPA 34% Mi, MLPA, FISH

Case 369 UPD blood 17q 37,339,650 qter 41.4 MLPA 28%

Control 1007 UPD blood 17q 53,007,738 qter 25.8 Mi, MLPA 21%
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detected alterations in blood DNA (cases 962, 426, 815,

and 1185). Using microsatellite analysis, we confirmed

the allelic imbalances in tumor DNA indicative of the

17p UPDs, 20q deletion, and chromosome 9 trisomies

(Figure 3); by contrast, the chromosome 22 gain was not

detected in the tumor cells. The mosaic rearrangements

were also confirmed by fluorescence in situ hybridization

(FISH) with specific probes in tumor cells of three samples

(Figure 3). Therefore, mosaicism was present in two tissues

from the same individual with different embryonic origin,

suggesting that the 17p UPDs, 20q deletion, and trisomies

9 (5 out of 6 tested rearrangements) must have arisen early

in development. A previous report identified mosaic CNVs,

ranging in size from 82 to 176 kb, in a diverse range of

organs and tissues, some cell-type specific and some

present in all tissues.9 Therefore, mutational events and

chromosome instability leading to mosaicism can occur

early in embryonic development but also in late mitosis

affecting a single tissue.23–26

Although none of the mosaic UPD regions detected in

different individuals were identical in size and/or break-

points, shared genomic intervals occurred at 2q, 7q, 13q,

17p, and 17q. Interestingly, mosaic UPD including almost

the entire 13q arm was found in blood DNA from two unre-

lated bladder cancer patients who also had deletion-type

heterozygous CNVs overlapping ~833 kb at 13q14

(Figure 4). This deletion maps in the vicinity of the RB1

locus commonly deleted in bladder tumors, encompasses

several candidate cancer genes (DLEU1, DLEU2, and

DLEU7), and could alter expression of two cancer-related

microRNAs (miR-15a and miR-16-1) located in an intron

of DLEU2.27–29 The co-occurrence in two unrelated patients

with bladder cancer of two rare chromosome abnormalities,

germline 13q14 deletion and mosaic UPD 13q, suggests

that these abnormalities could be mechanistically linked

and/or related to disease. Heterozygous deletions can repre-

sent susceptibility factors for mitotic instability leading to

UPD, as shown for some meiotic rearrangements.30 The

potential pathogenic involvement of these rearrangements

may depend on the proportion of UPD, susceptibility to

nullizygosity, or tissue-specific gene effects.

Whereas 10 of 11 mosaic CNVs were interstitial, all 23

segmental UPDs detected were terminal, likely resulting

from a postfertilization error during early mitotic divisions

mediated by single events of somatic homologous recom-

bination. The mechanisms of somatic reshuffling leading

to UPD are not well defined, and some argue that hot spots

Table 1. Continued

Sample Rearrangement Source Chr Start End Size (Mb) Validation % of Cells Bladder

Control 670 UPD blood 19q 48,312,997 qter 15.7 MLPA 21%

Case 138 UPD blood 21q 31,600,986 qter 14.9 MLPA 20%

A total of 42 rearrangements were found in 34 individuals (19 cases and 15 controls). All observations (42 of 42) were confirmed on the original DNA used for SNP
arrays. The start and end point of each rearrangement correspond to the coordinates of the first SNP or probe located within the rearrangement, based on B allele
frequency (BAF) and signal intensity log R ratio (LogR) DNA segment values detected with described tools (see text and Figure S2). Additional studies on bladder
tumor DNA and tissue were performed in a subset of samples (column ‘‘Bladder’’). The following abbreviations are used: UPD, uniparental disomy; pter and qter,
p-terminal and q-terminal ends of chromosomes; Mi, microsatellite markers; MLPA, multiplex ligation probe-dependent amplification; FISH, fluorescence in situ
hybridization.
a Samples with more than one rearrangement.
b Complete loss of heterozygosity with identical LogR values in an overlapping region (Mb 27–44) in 20q, suggestive of complete UPD and/or identity by descent
and mosaic (distal) deletions (Figure 1).
c Mosaicism estimation assuming all the cells with the rearrangement are trisomic for the indicated chromosome. The proportion may differ from the estimation if
there are cells with other polysomies (tetrasomic or other) in the samples.
d Different BAF and identical LogR values between 9p and 9q, suggestive of 9p UPD in addition to whole chromosome 9 trisomy.
e Different BAF value between the two regions of 7q with similar average LogR, suggestive of different degrees of mosaicism for UPD.

Figure 2. Genomic Distribution of Mosaic Events Detected
The illustration summarizes the chromosomal location and
approximate size of all the mosaic events detected along the auto-
somal chromosomes: 23 UPDs (blue lines), 8 trisomies (red lines),
one duplication (pink line), and 10 deletions (green lines). No
alterations involving chromosomes 4, 6, 10, or 18 were found.
Chromosomes are drawn to scale (tick marks indicate 10 Mb).
Asterisks (*) indicate events found in a bladder cancer patient.
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can play a role.31,32 We defined the breakpoint intervals for

all segmental rearrangements as the regions between two

informative SNP probes (within and outside the rearrange-

ment) and analyzed whether they shared any genomic

features, including their overlap with recombination hot

spots of the human genome,33 segmental duplications,

or structural variation.34,35 We calculated permutation

p values by randomizing the positions of breakpoints

across the genome 1000 times and measuring the number

of times that the breakpoints overlapped with different

genomic features; p values were calculated as the number

of times that the observed value equaled or exceeded the

expected value in the randomized set, divided by the total

number of permutations plus one. Six UPD breakpoint

intervals localized to segmental duplications (28.5%, ~53

enrichment, p ¼ 0.003), six overlapped with meiotic

crossing-over hot spots (~4.33 enrichment, p ¼ 0.209),

and ten mapped within copy-number-variable regions

(~23 enrichment, p ¼ 0.035), suggesting that mitotic rear-

rangements are mediated by mechanisms similar to those

Figure 3. Representative Mosaic Rearrangements Validated by Independent Methods
Validation was performed on the same source of DNA used for the SNP array (multiplex ligation-dependent probe amplification [MLPA]
and microsatellites) as well as on DNA (microsatellites) and tumor tissue sections (fluorescence in situ hybridization [FISH]) from bladder
tumor tissue. The plots at left show the LogR ratio (black dots) and BAF (red dots) values along an entire chromosome in selected samples
(bottom) compared to the wild-type pattern (WT, top).
(A) Segmental UPD of 17p terminal in case 815. MLPA (P060 panel) confirmed the disomic state at the UPD loci with no gain or loss of
genetic material (1.0 relative peak height [RPH]), microsatellite analysis ratified the allelic imbalance both in blood and bladder tumor
DNA reflected by an aberrant ratio between allelic peaks with respect to the control sample, and FISH showed two signals corresponding
to disomy in all nuclei (tan arrowheads in panel at right).
(B) Full trisomy 9 with additional UPD of 9p. MLPA confirmed a gain of genetic material at the trisomic locus (1.3 RPH), and microsa-
tellite analysis ratified the allelic imbalance without detecting third alleles in both blood and bladder tumor DNA (shown by upward and
downward arrows in middle panel). Right panel: FISH on bladder tumor tissue revealed a mosaic pattern of interphase cell nuclei with
two (disomic, tan arrowheads), three (trisomic, white arrowheads; ~30%), or four or more (tetrasomic or polysomic; ~10%) signals.
(C) Large (19.4 Mb) deletion-type copy-number variation (CNV) on chromosome 20q. MLPA confirmed a loss of genetic material at three
loci within the interval, and microsatellite analysis ratified an allelic imbalance in both blood and bladder tumor DNA. Right panel: FISH
on bladder tumor tissue revealed a mosaic pattern of interphase cell nuclei with either one (monosomic, white arrowheads) or two
(disomic, tan arrowheads) signals. The percentage of cells carrying the rearrangement was higher in blood than in tumor cells in all three
cases, as revealed by the greater degree of allelic imbalance.
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of meiotic recombination (Table S4). No significant

enrichment of sequence motifs was identified in the 19

breakpoints of the large CNVs. However, we found five

overlapping deletion-type CNVs in chromosome 20q,

some of which shared breakpoints (Figure 5; Table S4).

Interestingly, similar deletions that may harbor tumor

suppressor genes have been recurrently reported in myelo-

dysplastic syndromes and in Philadelphia chromosome-

negative myeloproliferative disorders.36,37 These findings

further indicate the existence of hot spots for somatic

recombination in chromosome 20q.

In our survey, chromosome 9 had the highest rearrange-

ment rate (two large 9q deletions, two 9p UPDs, and three

complete trisomies), suggesting an increased somatic insta-

bility for this chromosome, but further studies are needed to

evaluate this observation. It is plausible that chromosome 9

structural variants, such as the polymorphic pericentric

inversion present in ~0.85% of the population, may behave

as susceptibility factors for somatic instability.38

Although large-scale mosaic events have been detected

before, they were primarily observed in subjects from

clinic-based studies, where screened individuals have high

prior likelihood for one or more genetic causes associated

with their condition. Our findings provide evidence for

a greater complexity of the human genome with respect to

structural events. Somatic mosaicism for large structural

autosomal chromosome abnormalities, including CNVs,

aneuploidies, and copy-number neutral changes due to

segmental UPD, appears to be present in blood or buccal

cells, both DNA sources with a spectrum of well-differenti-

ated cell types, of 1.7% of the adult population. The high

cellular frequency of most mosaic anomalies detected and

their presence in normal adult individuals suggest that this

type of mosaicism is a widespread phenomenon of the

human genome with possible phenotypic consequences,

though almosthalf of ourobserved events occurred in other-

wise healthy elderly controls. Somatic mosaicism should be

considered in the expanding repertoire of inter- and

Figure 4. Overlapping Rearrangements in Leukocyte DNA Samples from Two Patients with Bladder Cancer
The plots on the bottom show the mosaic UPDs including almost the entire chromosome 13q found in blood DNA of two bladder cancer
patients who also shared deletion-type heterozygous CNVs overlapping ~833 kb at 13q14 (chr13 coordinates: 49539177–50372054).
Analysis of the average LogR of the probes within the CNV yielded below-average LogR ratio for heterozygous deletion values in case
234 (left) and average values in case 962 (right); loss of heterozygosity was also found in case 234, whereas case 962 displayed values
compatible with heterozygosity in 1/3 of SNPs within the interval, indicating that the disomic chromosome was the one carrying
the CNV in case 234 whereas the other chromosome carried the CNV in case 962. The size of the deletions and overlapping fragment
is represented by green bars illustrating their relative location with respect to the chromosome 13 ideogram and showing related
genomic features: gene content (including distant RB1 gene), CNVs (Database of Genomic Variants, March 2010 version), and segmental
duplications.
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intraindividual genetic variation, some of which causes

somatic human diseases but also modifies penetrance and/

or expressivity of inherited disorders and late-onset multi-

factorial traits. When affecting the germline, these abnor-

malities could also contribute to infertility, recurrent miscar-

riages, or recurrent anomalies in offspring.39

It is highly possible that the mosaic occurrence of

genomic variants, especially UPD, may have been missed

previously with the standard analytical procedures applied

to CNV detection in published studies with SNP arrays.

Moreover, our quality-control metrics could also lead to

an underestimation of the events, even within our study.

It is also plausible that some of the CNVs registered in

the database of genomic variants might correspond to

mosaic rearrangements. Thus, optimization of the analysis

of data obtained with SNP arrays, as well as the develop-

ment of similar algorithms for the analysis of high-depth

coverage data obtained with next-generation sequencing,

is required to improve the accurate detection of these

events in human populations. Capturing and classifying

all relevant genomic variation features in cells from

different tissues, and at different developmental stages,

constitutional or acquired, should lead to a better under-

standing of the complex and evolving human genome

and its relation to both diseases and traits.

Supplemental Data

Supplemental Data include three figures and five tables and can be

found with this article online at http://www.cell.com/AJHG.
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Figure 5. Overlapping Mitotic Interstitial Deletions of Chromo-
some 20q in Five Unrelated Individuals
Aligned plots of LogR ratio (black) and BAF (red) values along the
entire chromosome 20 of the five individuals, showing the rear-
rangements and the similar breakpoints (joined by dashed vertical
red lines).
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Web Resources

The URLs for data presented herein are as follows:

Database of Genomic Variants, http://projects.tcag.ca/cgi-bin/

variation/gbrowse/hg18/

Illumina Beadchip information, http://www.illumina.com/

documents/products/appnotes/appnote_cytogenetics.pdf

NCI Core Genotyping Facility, http://cgf.nci.nih.gov

Online Mendelian Inheritance in Man (OMIM), http://www.ncbi.

nlm.nih.gov/Omim/

OXSTATS Recombination Map, http://mathgen.stats.ox.ac.uk/

Recombination.html

R software, http://www.r-project.org

Segmental Duplication Database, http://humanparalogy.gs.

washington.edu/build36/build36.htm

zoo package, http://cran.r-project.org/web/packages/zoo/index.

html
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Menzel, U., Sandgren, J., Poplawski, A., von Tell, D., Crasto,

C., Bogdan, A., et al. (2008). Somatic mosaicism for copy

number variation in differentiated human tissues. Hum. Mu-

tat. 29, 1118–1124.

10. Ballif, B.C., Rorem, E.A., Sundin, K., Lincicum, M., Gaskin, S.,

Coppinger, J., Kashork, C.D., Shaffer, L.G., and Bejjani, B.A.

(2006). Detection of low-level mosaicism by array CGH in

routine diagnostic specimens. Am. J. Med. Genet. A. 140,

2757–2767.

11. Cheung, S.W., Shaw, C.A., Scott, D.A., Patel, A., Sahoo, T., Ba-

cino, C.A., Pursley, A., Li, J., Erickson, R., Gropman, A.L., et al.

(2007). Microarray-based CGH detects chromosomal mosai-

cism not revealed by conventional cytogenetics. Am. J. Med.

Genet. A. 143A, 1679–1686.

12. Conlin, L.K., Thiel, B.D., Bonnemann, C.G., Medne, L., Ernst,

L.M., Zackai, E.H., Deardorff, M.A., Krantz, I.D., Hakonarson,

H., and Spinner, N.B. (2010). Mechanisms of mosaicism,

chimerism and uniparental disomy identified by single nucle-

otide polymorphism array analysis. Hum. Mol. Genet. 19,

1263–1275.

13. Lu, X.Y., Phung, M.T., Shaw, C.A., Pham, K., Neil, S.E., Patel,

A., Sahoo, T., Bacino, C.A., Stankiewicz, P., Kang, S.H., et al.

(2008). Genomic imbalances in neonates with birth defects:

High detection rates by using chromosomal microarray anal-

ysis. Pediatrics 122, 1310–1318.

14. Menten, B., Maas, N., Thienpont, B., Buysse, K., Vandesom-

pele, J., Melotte, C., de Ravel, T., Van Vooren, S., Balikova, I.,

Backx, L., et al. (2006). Emerging patterns of cryptic chromo-

somal imbalance in patients with idiopathic mental retarda-

tion and multiple congenital anomalies: A new series of 140

patients and review of published reports. J. Med. Genet. 43,

625–633.

15. Scott, S.A., Cohen, N., Brandt, T., Toruner, G., Desnick, R.J.,

and Edelmann, L. (2010). Detection of low-level mosaicism

and placental mosaicism by oligonucleotide array compara-

tive genomic hybridization. Genet. Med. 12, 85–92.

16. Tuna, M., Knuutila, S., and Mills, G.B. (2009). Uniparental dis-

omy in cancer. Trends Mol. Med. 15, 120–128.

17. Erickson, R.P. (2003). Somatic gene mutation and human

disease other than cancer. Mutat. Res. 543, 125–136.

18. Hall, J.G. (1988). Review and hypotheses: Somatic mosaicism:

Observations related to clinical genetics. Am. J. Hum. Genet.

43, 355–363.

19. Guey, L.T., Garcı́a-Closas, M., Murta-Nascimento, C., Lloreta,

J., Palencia, L., Kogevinas, M., Rothman, N., Vellalta, G., Calle,

M.L., Marenne, G., et al; EPICURO/Spanish Bladder Cancer

Study investigators. (2010). Genetic susceptibility to distinct

bladder cancer subphenotypes. Eur. Urol. 57, 283–292.

20. Samanic, C., Kogevinas, M., Dosemeci, M., Malats, N., Real,

F.X., Garcia-Closas, M., Serra, C., Carrato, A., Garcı́a-Closas,

R., Sala, M., et al. (2006). Smoking and bladder cancer in

Spain: Effects of tobacco type, timing, environmental tobacco

smoke, and gender. Cancer Epidemiol. Biomarkers Prev. 15,

1348–1354.

21. Wang, K., Li, M., Hadley, D., Liu, R., Glessner, J., Grant, S.F.,

Hakonarson, H., and Bucan, M. (2007). PennCNV: An inte-

grated hidden Markov model designed for high-resolution

copy number variation detection in whole-genome SNP geno-

typing data. Genome Res. 17, 1665–1674.

22. Itsara, A., Cooper, G.M., Baker, C., Girirajan, S., Li, J., Absher,

D., Krauss, R.M., Myers, R.M., Ridker, P.M., Chasman, D.I.,

et al. (2009). Population analysis of large copy number vari-

ants and hotspots of human genetic disease. Am. J. Hum.

Genet. 84, 148–161.

23. Frank, S.A. (2010). Evolution in health and medicine Sackler

colloquium: Somatic evolutionary genomics: Mutations

The American Journal of Human Genetics 87, 129–138, July 9, 2010 137

http://projects.tcag.ca/cgi-bin/variation/gbrowse/hg18/
http://projects.tcag.ca/cgi-bin/variation/gbrowse/hg18/
http://www.illumina.com/documents/products/appnotes/appnote_cytogenetics.pdf
http://www.illumina.com/documents/products/appnotes/appnote_cytogenetics.pdf
http://cgf.nci.nih.gov
http://www.ncbi.nlm.nih.gov/Omim/
http://www.ncbi.nlm.nih.gov/Omim/
http://mathgen.stats.ox.ac.uk/Recombination.html
http://mathgen.stats.ox.ac.uk/Recombination.html
http://www.r-project.org
http://humanparalogy.gs.washington.edu/build36/build36.htm
http://humanparalogy.gs.washington.edu/build36/build36.htm
http://cran.r-project.org/web/packages/zoo/index.html
http://cran.r-project.org/web/packages/zoo/index.html
aamaral
Tachado



during development cause highly variable genetic mosaicism

with risk of cancer and neurodegeneration. Proc. Natl. Acad.

Sci. USA 107 (Suppl 1), 1725–1730.

24. Liang, Q., Conte, N., Skarnes, W.C., and Bradley, A. (2008).

Extensive genomic copy number variation in embryonic

stem cells. Proc. Natl. Acad. Sci. USA 105, 17453–17456.

25. Mkrtchyan, H., Gross, M., Hinreiner, S., Polytiko, A.,

Manvelyan, M., Mrasek, K., Kosyakova, N., Ewers, E., Nelle,

H., Liehr, T., et al. (2010). Early embryonic chromosome insta-

bility results in stable mosaic pattern in human tissues. PLoS

ONE 5, e9591.

26. Vanneste, E., Voet, T., Le Caignec, C., Ampe, M., Konings, P.,

Melotte, C., Debrock, S., Amyere, M., Vikkula, M., Schuit, F.,

et al. (2009). Chromosome instability is common in human

cleavage-stage embryos. Nat. Med. 15, 577–583.

27. Lee, S., Jeong, J., Majewski, T., Scherer, S.E., Kim, M.S., Tuziak,

T., Tang, K.S., Baggerly, K., Grossman, H.B., Zhou, J.H., et al.

(2007). Forerunner genes contiguous to RB1 contribute to

the development of in situ neoplasia. Proc. Natl. Acad. Sci.

USA 104, 13732–13737.

28. Lerner, M., Harada, M., Lovén, J., Castro, J., Davis, Z., Oscier,

D., Henriksson, M., Sangfelt, O., Grandér, D., and Corcoran,

M.M. (2009). DLEU2, frequently deleted in malignancy, func-

tions as a critical host gene of the cell cycle inhibitory micro-

RNAs miR-15a and miR-16-1. Exp. Cell Res. 315, 2941–2952.

29. Migliazza, A., Bosch, F., Komatsu, H., Cayanis, E., Martinotti,

S., Toniato, E., Guccione, E., Qu, X., Chien, M., Murty, V.V.,

et al. (2001). Nucleotide sequence, transcription map, and

mutation analysis of the 13q14 chromosomal region deleted

in B-cell chronic lymphocytic leukemia. Blood 97, 2098–2104.
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Classically, genetic mosaicism is defined as the coexistence of cells 
with two or more distinct karyotypes within an individual, resulting 
from a post-zygotic event during development that can occur in both 
somatic and germline cells1,2. Errors in chromosomal duplication and 
subsequent transmission to daughter cells may lead to aneuploidy, 
the gain or loss of chromosomes or segments of chromosomes, and 
reciprocal gain and loss events that appear as copy-neutral loss of 
heterozygosity or acquired uniparental disomy. Somatic mosaicism 
has been established as a cause of miscarriage, birth defects, develop-
mental delay and cancer3–9. Because mosaicism can be benign or may 
occur with diverse clinical phenotypes, there are no accurate estimates 
of its frequency in the general population3,6. On rare occasions, the 
propensity to develop chromosomal abnormalities is inherited and 
leads to multiple phenotypic abnormalities, including cancer predis-
position, as reported in families with mutations in the BUB1B and 
CEP57 genes10,11. Recently, two groups have identified somatic mosaic 
mutations in IDH1 and IDH2 in tumors of individuals with Ollier 
disease and Maffucci syndrome12,13, and another group has character-
ized somatic mosaicism of an HRAS mutation in an individual with 
urothelial cancer and epidermal nevus14. Recent work in a population 
of twins has suggested that the detection of somatic structural variants 
in blood increases with age and may be related to a reduction in blood 
cell clonality15. In this report, we broadly define mosaic chromosomal 
abnormalities as the presence of both normal karyotypes as well as 
those with large structural genomic events resulting in alteration of 
copy number or loss of heterozygosity in distinct and detectable sub-
populations of cells, regardless of the clonal or developmental origin 
of the subpopulations.

Recently, we reported on 1,991 individuals from the Spanish Bladder 
Cancer Study (SBCS) population-based case-control study in which we 
had performed a genome-wide association study (GWAS) of adult-onset 
bladder cancer using DNA obtained from blood or buccal samples16.  

The SNP array data generated for the GWAS were subsequently used to 
detect clonal mosaic abnormalities in the autosomes of 1.7% of study 
subjects, suggesting a higher frequency of these abnormalities in adults 
than was previously suspected. Even though somatic mosaicism has 
been implicated in several cancers, this study did not find a signifi-
cant difference in the frequency of large chromosomal abnormalities 
between cases and controls. We used a computational algorithm to 
detect 42 large mosaic events involving two or more distinct clones 
in DNA extracted from blood or buccal samples, and we experimen-
tally validated the findings using multiplex ligation-dependent probe 
amplification (MLPA) and microsatellite analysis (as well as FISH 
in one subset), establishing the robustness of the software detection 
method. We found a similar proportion of cells carrying each event 
for five of six events (four individuals with bladder cancer in whom 
three had one event and one had three separate events) in which it was 
possible to examine more than one tissue (whole blood and bladder 
mucosa), suggesting an early embryonic origin of the somatic muta-
tion leading to the observed mosaic chromosomal abnormalities16.

RESULTS
Study overview
In this report, we extended our analysis of clonal mosaic abnor-
malities in the autosomes to 57,853 individuals (including those 
previously published16). We tested 31,717 cancer cases and 26,136 
cancer-free controls for evidence of mosaic abnormalities using 
genome-wide SNP array data generated as part of 13 distinct cancer 
GWAS drawn from 48 epidemiological case-control and case-cohort 
studies (Supplementary Table 1). DNA samples were extracted from 
blood or buccal samples using a variety of collection and extrac-
tion techniques and were genotyped using one or more Infinium 
Human SNP array from Illumina (including versions of Hap300, 
Hap240, Hap550, Hap610, Hap660, Hap1, Omni Express and Omni1;  
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In an analysis of 3�,7�7 cancer cases and 26,�36 cancer-free controls from �3 genome-wide association studies, we observed 
large chromosomal abnormalities in a subset of clones in DNA obtained from blood or buccal samples. We observed mosaic 
abnormalities, either aneuploidy or copy-neutral loss of heterozygosity, of >2 Mb in size in autosomes of 5�7 individuals (0.89%), 
with abnormal cell proportions of between 7% and 95%. In cancer-free individuals, frequency increased with age, from 0.23% 
under 50 years to �.9�% between 75 and 79 years (P = 4.8 × �0−8). Mosaic abnormalities were more frequent in individuals 
with solid tumors (0.97% versus 0.74% in cancer-free individuals; odds ratio (OR) = �.25; P = 0.0�6), with stronger association 
with cases who had DNA collected before diagnosis or treatment (OR = �.45; P = 0.0005). Detectable mosaicism was also more 
common in individuals for whom DNA was collected at least � year before diagnosis with leukemia compared to cancer-free 
individuals (OR = 35.4; P = 3.8 × �0−��). These findings underscore the time-dependent nature of somatic events in the etiology of 
cancer and potentially other late-onset diseases.
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see Supplementary Data). Genotype clusters were empirically  
estimated in 45 batches to optimize accuracy while minimizing 
potential batch effects (Online Methods).

Detection of clonal mosaic events was based on assessment of allelic 
imbalance and copy-number changes. We used the B-allele frequency 
(BAF) measurement, derived from the ratio of probe values relative 
to the locations of the estimated genotype-specific clusters, for initial 
segmentation using the mosaic alteration detection (MAD) algorithm 
implemented in R Genomic Alteration Detection Analysis (R-GADA) 
software with modifications17,18. The BAF and log2 relative probe 
intensity ratio (LRR), which provides data on copy number, were used 
to classify each event as copy altering (gain or loss) or neutral (recip-
rocal gain and loss resulting in loss of heterozygosity, LOH) and to 
assign the proportions of abnormal (p) and normal (1–p) cells. Mosaic 
proportions were required to deviate from levels expected from consti-
tutional (non-mosaic) changes in order to exclude homozygous chro-
mosomal segments inherited identical by descent and non-mosaic 
instances of trisomy, monosomy and uniparental disomy. A minimum 
event size threshold was set to detect only clonal mosaic events greater 
than 2 Mb to minimize the false discovery of constitutional copy-
number variants. Copy-neutral LOH and copy-loss events could be 
detected for mosaic proportions between 7% and 95% (Fig. 1), with 
sensitivity that was affected by the signal-to-noise ratio characteristic 
of each microarray assay and sample quality. There was reduced sensi-
tivity to distinguish between copy-neutral LOH and copy-loss events 
for mosaic proportions less than 15% across the autosomes. The mag-
nitude of BAF differences for single-copy gain events was one-third 
of the magnitude of that for copy-neutral LOH or copy-loss events, 

reducing the sensitivity for calling copy-gain events. As a result, single 
copy-gain events could only be reliably detected for mosaic propor-
tions between 22% and 88%, with ambiguity in distinguishing copy-
gain from copy-neutral LOH for mosaic proportions of less than 20%. 
Because DNA was obtained for the purpose of performing a GWAS, it 
was not possible to further explore the developmental and clonal char-
acteristics of mosaic events detected in these individuals (for example,  
by studying DNA from fractionated blood and other tissue types or 
determining cell composition of buccal samples or effect of DNA 
collection and extraction methods on detection and accuracy of the 
estimation of mosaic proportions). We report only autosomal chro-
mosomal abnormalities, as analysis of the sex chromosomes presents 
distinct technical and interpretative challenges.

We observed 681 mosaic segments of size greater than 2 Mb on 641 
autosomal chromosomes in 517 individuals, for an overall frequency 
of individuals with detectable mosaicism of 0.87% (Tables 1 and 2). 
The most frequent type of event observed was copy-neutral LOH 
(48.2%), whereas copy gains and copy losses constituted 15.1% and 
34.8% of mosaic events, respectively (Table 1). A small proportion 
(1.9%) of mosaic chromosomes were complex, harboring more than 
one type of event. Of mosaic chromosomal events, 18.7% spanned 
the entire chromosome, including 62 complete trisomies, predomi-
nantly of chromosomes 8, 12 and 15. We found that 47.9% of mosaic 
chromosomal events began at a telomere and extended across some 
portion of the chromosomal arm (Fig. 2 and Table 1). The majority 
of telomeric events were mosaic copy-neutral LOH (85.7%), most fre-
quently on chromosome 9p (Table 3). The remaining mosaic chromo-
somal events were interstitial (31.5%), spanning neither telomere nor 
centromere, whereas an additional small proportion (1.8%) spanned 
the centromere or had more complex structure (for example, distinct 
events involving both telomeres but not the whole chromosome). The 
majority of interstitial events were mosaic copy loss (91.6%), which 
was most frequently observed within specific regions of chromosomes 
13q and 20q (Fig. 2). We observed 69 individuals (46 cancer cases 
and 23 cancer-free controls) with clonal mosaic events on multiple 
chromosomes. Among cancer-free individuals, the greatest number of 
mosaic chromosomal events observed was five, whereas six individu-
als with cancer had more than five events, including two individuals 
with gastric cancer who each had 20 events. A list of mosaic events 
with phenotype data is provided (Supplementary Data).

Mosaic abnormalities increase with age
The strongest predictor of mosaic autosomal abnormalities was age at 
DNA collection. We examined the effect of increased age on the fre-
quency of mosaicism across all studies, which predominantly included 
individuals over the age of 50. The frequency of cancer-free indi-
viduals with detectable clonal mosaic events increased with age from 
0.23% for those under 50 to 1.91% (P = 4.8 × 10−8) for those between 

the ages of 75 and 79, with slightly higher fre-
quencies occurring in individuals with can-
cer (Fig. 3). In individuals with early-onset 
cancer (under age 40), which constituted 
less than 5% of analyzed cases (for example, 
testicular cancer and osteogenic sarcoma), 
we did not observe an increase in mosaic 
abnormalities. Further studies are needed to 
investigate the relationship between mosaic 
abnormalities and cancer in children and 
young adults, particularly because of the 
strong association between mosaicism and 
many developmental disorders. There did 
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Figure 1 Characteristics of detectable clonal mosaic events. Detectable 
clonal mosaic events plotted by proportion of abnormal cells (p) and LRR 
for 681 events in 517 individuals.

table 1 count and frequency of mosaic chromosomal events by event type and location
Mosaic chromosome count Mosaic chromosome frequency (%)

Event location Gain Loss CN LOH Mixed Total Gain Loss CN LOH Mixed Total

Chromosome 62 11 42 5 120 9.7 1.7 6.6 0.8 18.7

Telomeric p 11 13 114 1 139 1.7 2.0 17.8 0.2 21.7

Telomeric q 9 10 149 0 168 1.4 1.6 23.2 0.0 26.2

Interstitial 14 185 2 1 202 2.2 28.9 0.3 0.2 31.5

Span centromere 1 1 2 0 4 0.2 0.2 0.3 0.0 0.6

Complex 0 3 0 5 8 0.0 0.5 0.0 0.8 1.2

Total 97 223 309 12 641 15.1 34.8 48.2 1.9

CN LOH, copy-neutral loss of heterozygosity.
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not seem to be a relationship between age at DNA collection and the 
number or size of mosaic events or the proportion of abnormal cells 
(Supplementary Figs. 1 and 2).

We regressed the presence of detectable clonal mosaicism in 
26,136 cancer-free individuals on age at DNA collection (in 5-year 
intervals), sex (male versus female), DNA source (buccal cells ver-
sus blood), smoking (ever versus never) and admixture coefficients 
for African and east Asian ancestry in a logistic model to identify 
additional factors that influence the frequency of detectable clonal 
mosaicism. The source of DNA was known for 87% of individuals, 
with 19% of samples derived from buccal cells and the remainder 
derived from blood. DNA source was not significantly associated 
with mosaicism (OR = 0.83, 95% confidence interval (CI) = 0.55–
1.26; P = 0.39). In admixture analysis, 75% of subjects were deter-
mined to be of European ancestry, 9% of African ancestry and 16% 
of east Asian ancestry. Although power was limited, we determined 
that cancer-free individuals with African admixture were at a lower 
risk of being mosaic (OR = 0.43, 95% CI = 0.20–0.92; P = 0.03), but 
those with east Asian admixture were not (OR = 0.60, 95% CI =  
0.32–1.15; P = 0.12). We did not observe an association between 
smoking and the frequency of mosaic abnormalities (OR = 1.04, 95% 
CI = 0.75–1.44; P = 0.81).

In 26,136 cancer-free controls and 23,093 cancer cases drawn 
from cancer sites that were non-sex specific and non-hematological 
(excluding 8,470 individuals with leukemia, lymphoma, multiple 
myeloma and cancers of the breast, endometrium, ovary, testis and 
prostate), we observed a higher frequency of males with mosaic 
abnormalities than females. In cancer-free individuals, we observed 
mosaic events in 0.56% of females and 0.87% of males (OR = 1.35, 95% 

CI = 0.98–1.88; P = 0.07); for individuals with cancer, we observed 
mosaic events in 0.79% of females and 1.21% of males (OR = 1.48, 
95% CI = 1.08–2.03; P = 0.015); and, overall, 0.65% of females and 
1.04% of males had mosaic events (OR = 1.42, 95% CI = 1.14–1.80; P = 
0.002) in logistic models adjusted for cancer diagnosis (if applicable), 
age at DNA collection, ancestry, DNA source and smoking. These 
differences could be due to a true sex-specific effect akin to different 
sex-specific mutation and recombination rates19; however, the com-
plex and heterogeneous nature of the inclusion of individual studies 
and the differences in their entry and selection criteria could result 
in spurious associations. Although this observation was consistent 
across cancer types, it should be confirmed in additional studies that 
are better designed to address this question.

Mosaic abnormalities and cancer risk
To determine the relationship between detectable mosaic autosomal 
abnormalities and non-hematological cancers, we regressed the pres-
ence of detectable clonal mosaicism on cancer diagnosis, age, sex, 
DNA source, smoking and ancestry in a logistic model. We observed 
a modest increase in cancer risk for mosaic individuals (OR =  
1.27, 95% CI = 1.05–1.52; P = 0.012) (Table 2 and Supplementary 
Table 2). Notable associations were observed in stratified analyses 
of lung (OR = 1.56, 95% CI = 1.18–2.08; P = 0.002) and kidney (OR 
= 1.98, 95% CI = 1.27–3.06; P = 0.002) cancers, both of which are 
tobacco-associated malignancies. However, no cancer site–specific 
associations were observed for bladder, esophageal, stomach and 
pancreatic cancers, which are also typically associated with tobacco 
use. There was no significant association in non-hematological 
cancer cases overall between smoking (ever versus never) and the 

table 2 count and frequency of individuals with detectable clonal mosaic events for cancer-free individuals and by first diagnosed 
cancer site

Mosaic counts Non-mosaic counts Mosaic frequency (%)

Site of first cancer
Likely  

untreated
Possibly  
treated Total

Likely  
untreated

Possibly  
treated Total

Likely  
untreated

Possibly  
treated Overall

Overalla 498 57,201 0.86

 Cancer free 194 25,942 0.74

 First non-hematologic cancer 185 119 304 13,865 17,394 31,259 1.32 0.68 0.96

  Bladder 37 6 43 2,240 973 3,213 1.62 0.61 1.32

  Breast 4 8 12 1,060 1,753 2,813 0.38 0.45 0.42

  Endometrium 3 6 9 247 624 871 1.20 0.95 1.02

  Esophagus 1 6 7 53 1,855 1,908 1.85 0.32 0.37

  Glioma 7 2 9 1,279 441 1,720 0.54 0.45 0.52

  Kidney 21 3 24 1,241 325 1,566 1.66 0.91 1.51

  Lung 73 26 99 4,647 2,605 7,252 1.55 0.99 1.35

  Osteosarcoma 0 3 3 0 760 760 0.39 0.39

  Ovary 1 3 4 260 283 543 0.38 1.05 0.73

  Pancreas 2 29 31 379 3,513 3,892 0.52 0.82 0.79

  Prostate 32 11 43 2,116 1,410 3,526 1.49 0.77 1.20

  Stomach 2 13 15 99 2,194 2,293 1.98 0.59 0.65

  Testis 2 0 2 144 503 647 1.37 0.00 0.31

  Other sites 0 3 3 100 155 255 0.00 1.90 1.16

Any hematologic cancer 8 11 19 34 62 96 19.05 15.07 16.52

 Leukemia 8 9 17 34 11 45 19.05 45.00 27.42

  Lymphoid 4 5 9 14 5 19 22.22 50.00 32.14

  Myeloid 4 3 7 16 5 21 20.00 37.50 25.00

  Otherb 0 1 1 4 1 5 0.00 50.00 16.67

 Lymphoma 0 2 2 0 42 42 4.55 4.55

 Multiple myeloma 0 0 0 0 9 9 0.00 0.00

Non-hematological cancers are listed by first cancer site and exclude individuals diagnosed with a hematological cancer, who are shown separately.
aOverall total of cancer-free individuals and those with non-hematologic cancers. bSubtype not specified in leukemia diagnosis code.
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frequency of mosaicism (OR = 1.19, 95% CI = 0.92–1.54; P = 0.19) 
or when stratified by cancer site (data not shown).

In an analysis of the subset of 14,050 individuals with cancer for 
whom it was possible to determine that DNA was likely obtained 
before or at the time of diagnosis and before treatment with radiation 
or chemotherapy for a primary tumor (designated as likely untreated), 

we observed a stronger association between mosaic abnormalities 
and diagnosis with non-hematological cancer (OR = 1.45, 95% CI =  
1.18–1.80; P = 0.0005). The associations for lung and kidney can-
cers were also increased in significance (Table 2). It is notable that 
the evidence for association with non-hematological cancer was 
diminished in individuals who were potentially treated (OR = 1.03,  
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Figure 2 Circular genomic plot of detectable clonal mosaic events. Genomic location of detectable clonal mosaic events. Outer rings are the autosomes 
1 to 22. Yellow region, events of copy-neutral LOH; blue region, copy-gain events; red region, copy-loss events. (a) Events in cancer-free controls.  
(b) Events in cancer cases. The distribution of the number of clonal mosaic chromosomal events per individual is shown in supplementary table 3.

table 3 Distribution and frequency of recurrent detectable clonal mosaic events
Mosaic counts Mosaic frequency (%)

13q (del) 20q (del) 9p (CN LOH) 14q (CN LOH) Other Total 13q (del) 20q (del) 9p (CN LOH) 14q (CN LOH) Other

Overall 33 77 56 35 480 681 5 11 8 5 70

Cancer free 10 30 28 7 150 225 4 13 12 3 67

Cancer diagnosis 23 47 28 28 330 456 5 10 6 6 72

First non-hematologic cancer

 Bladder 2 4 2 7 35 50 4 8 4 14 70

 Breast 1 1 0 1 13 16 6 6 6 81

 Endometrium 0 1 3 1 6 11 9 27 9 55

 Esophagus 0 1 1 1 6 9 11 11 11 67

 Glioma 0 2 2 0 6 10 20 20 60

 Kidney 1 3 0 4 20 28 4 11 14 71

 Lung 9 14 10 7 90 130 7 11 8 5 69

 Osteosarcoma 0 0 1 0 6 7 14 86

 Ovary 0 2 0 0 2 4 50 50

 Pancreas 1 4 1 1 29 36 3 11 3 3 81

 Prostate 4 10 4 1 33 52 8 19 8 2 63

 Stomach 0 1 4 3 55 63 2 6 5 87

 Testis 0 0 0 0 4 4 100

 Other sites 0 0 0 1 3 4 25 75

Any hematologic cancer

 Leukemia 5 3 0 1 20 29 17 10 3 69

 Lymphoma 0 1 0 0 2 3 33 67

Del, deletion; CN LOH, copy-neutral loss of heterozygosity.
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95% CI = 0.81–1.30; P = 0.80). We had approached this analysis with 
the hypothesis that there could be an increased frequency in detectable 
clonal mosaicism in non-hematological cancers induced by chemo-
therapy or radiotherapy. Thus, the observation that the frequency of 
mosaic events was reduced by treatment to virtually the same level 
seen in the cancer-free population was unexpected. Although this 
observed attenuation could have many explanations (for example, 
related to the diagnosis and treatment of a solid tumor leading to a 
decrease in the populations of cells with mosaic alteration), we had 
limited capacity to model and control for treatment effects, as many 
of the studies did not provide any information on treatment or only 
provided incomplete, retrospective ascertainment of the specifics. 
Although many of the participating studies were prospectively ascer-
tained cohorts, DNA collection often occurred after cancer diagnosis. 
Additional studies are needed in prospectively ascertained cohorts, in 
addition to longitudinal studies in which multiple DNA samples are 
collected before and after diagnosis, in order to explore the effects of 
treatment and disease on mosaicism.

For the 43 individuals with hematological cancers for whom DNA 
was obtained at least 1 year before diagnosis, the frequency of detect-
able clonal mosaicism was 20% for those with myeloid leukemia and 
22% for those with lymphocytic leukemia (predominantly chronic 
lymphocytic leukemia; Table 2) compared to 0.74% in 26,136 cancer-
free controls (overall OR = 35.4, 95% CI = 14.7–76.6; Fisher’s exact 
P = 3.8 × 10−11). Of the eight mosaic individuals with leukemia for 
whom DNA samples were collected at least 1 year before diagnosis, 
four were diagnosed with chronic lymphocytic leukemia (CLL), of 
whom two had a mosaic deletion in a region of chromosome 13q14 
previously described to be deleted in CLL20. DNA was obtained 
more than 5 years before diagnosis for six mosaic individuals, with 
the longest interval being 14 years, suggesting that detectable clonal 
mosaicism could be a marker of hematological cancer or its precur-
sors, such as monoclonal B cell lymphocytosis (MBL) for CLL and 
myelodysplastic syndrome for acute myelogenous leukemia. Recent 
work shows that the majority of individuals with MBL have mono- 
or biallelic 13q14 abnormalities21. However, further studies will be 
needed, preferably with serial sampling before and after diagnosis, 
to investigate the predictive nature of detectable clonal mosaicism, 
especially for events involving regions of chromosomes 13 and 20 in 
leukemia risk20.

We further explored the four most recurrently altered regions , those 
detected in more than 20 individuals, which also harbored well-known 
cancer genes (as noted in the Catalogue of Somatic Mutations in Cancer 
(COSMIC)22 and Mitelman databases; these were on chromosomes 9p 

(copy-neutral LOH), 13q (deletion), 14 (copy-neutral LOH) and 20q 
(deletion) (Table 3). Notably, the most recurrent mosaic events were 
observed in cancer-free individuals as well as across multiple individu-
als with solid tumors. We observed a comparable frequency of mosaic 
events in non-hematologic cancer cases and cancer-free controls for 
three of the regions, whereas chromosome 14 copy-neutral LOH 
abnormalities were more frequent in non-hematological cancer cases  
(OR = 3.32, 95% CI = 1.42–9.00, Fisher’s exact P = 0.003), particularly 
in individuals with bladder or kidney cancer. Copy-neutral LOH in 
this region of chromosome 14 has been associated with increased 
susceptibility to sporadic cancers, and this region includes imprinted 
genes, such as the tumor suppressing non-coding RNA, MEG3 
(encoding maternally expressed gene 3)8,23. The recurrent segmen-
tal deletion of 13q14 was observed in 5 leukemia cases but also in  
18 individuals with solid tumors (9 with lung cancer and 4 with pros-
tate cancer) and in 10 cancer-free individuals. This region includes the 
tumor suppressor gene DLEU7 (encoding deleted in leukemia 7) and 
the related genes, DLEU1 and DLEU2, the latter of which encodes two 
microRNAs within one of its introns (miR-15a and miR-16-1)24–26. 
The retinoblastoma gene RB1 was also included within the affected 
region in a subset of cases with a mosaic deletion of 13q14. It cannot 
be ruled out that these individuals have either undiagnosed CLL or 
MBL. We observed the 20q deletion in two individuals with myeloid 
leukemia, as has been described previously27, but also in cancer-free 
individuals and in individuals with solid tumors.

The accuracy of our software methods in detecting clonal mosaic 
abnormalities has previously been addressed, and we were able 
to validate 100% of 42 events in 34 individuals from the Spanish 
Bladder Cancer Study using confirmatory cytogenetic assays16 
(Supplementary Fig. 3). We also performed a comparison of mosaic 
events in samples from the EAGLE and PLCO lung cancer studies, 
which were independently analyzed as part of the Gene-Environment 
Association Studies (GENEVA) consortium report on mosaic events28. 
A total of 83 mosaic events in individuals from the Environment and 
Genetics in Lung Cancer Etiology Study (EAGLE) and Prostate, Lung, 
Colorectal, Ovarian Cancer Screening Trial (PLCO) lung cancer stud-
ies were detected in common, 20 additional events of less than 2 Mb 
in size and 8 events of greater than 2 Mb in size were detected by 
GENEVA and not by our study, and we detected 20 additional events 
(of >2 Mb in size) that were not detected by GENEVA. Although 
additional cytogenetic or molecular validation was not performed, 
neither method detected notable false positive events, according to 
manual review of the data. The concordance rate was 75% if consid-
ering events of >2 Mb in size (the cutoff for this analysis) or 63% if 
considering all events, both of which are considerably better than 
the 25–50% concordance rates observed across CNV detection 
methods29–31. Our method is more conservative in the size of events 
detected, whereas the GENEVA method is more conservative with 
respect to sample quality but provides calls for smaller events when 
assay quality is sufficient. Better approaches are needed to accurately 
characterize events of smaller size as either mosaic or constitutional 
and to estimate their frequency. Further improvements to data nor-
malization, segmentation and event classification methods will also 
likely reduce false negative detection rates.

DISCUSSION
Our study has important implications for the design and analysis 
of molecular epidemiology studies in cancer, as well as the somatic 
characterization of cancer genomes, such as The Cancer Genome 
Atlas32 and the International Cancer Genome33. Investigators will 
need to carefully analyze samples used as exemplars of germline 
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DNA for somatic alterations, such as detectable clonal mosaicism. 
Otherwise, comparisons between “somatic cells” (used as a surrogate 
for germline) and tumors may result in implausible somatic changes 
(for example, large gains of heterozygosity), and it may be impossible 
to determine whether somatic events predate changes secondary to 
driver mutations. Because the method to detect mosaic events with 
next-generation sequencing technologies is neither routine nor well 
understood, for the near future, it may be prudent to continue to 
use SNP microarrays for such analyses. As a result of the increased 
frequency of detectable clonal mosaicism with age, this will be par-
ticularly important for the analysis of epithelial cancers, which char-
acteristically occur in the older population. For future large-scale 
GWAS in prospective studies, it may be wise to consider analyzing the  
earliest DNA samples before diagnosis and to consider the  
time from collection to diagnosis in the analysis of longitudinally 
collected biospecimens.

We have extended our initial observation that detectable clonal 
mosaicism of the autosomes is present in the population with unex-
pectedly high frequency, particularly in the aging genome. A recent 
study of detectable clonal mosaicism in twins reported an increase in 
frequency with age and suggested that this could lead to a less diverse 
blood cell population and immune system15. These emerging data 
identify a number of critical issues in the mechanisms underlying a 
possible shift in the repertoire of clones with large structural abnor-
malities. For example, cells with abnormal karyotypes could have an 
early developmental origin in which a somatic event in a single stem 
cell progenitor during embryogenesis could become apparent when 
cellular diversity decreases with age and cell populations become 
increasingly oligoclonal. Higher rates of detectable clonal mosaicism 
in older cancer-free individuals could also be due to increased rates of 
somatic mutation or diminished capacity for genomic maintenance, 
such as with telomere attrition34, leading to proliferation of somatically 
altered cell populations. A survival bottleneck of cellular progenitors 
could also lead to observable mosaic alterations that were previously 
below the threshold of detection but subsequently expanded due to 
positive selection. Further work is required to unravel the underly-
ing mechanisms that result in mosaic abnormalities, particularly in 
respect to how and when altered clones are created, tissue specificity 
and the timing of expansion of distinct populations of cells with age. 
Finally, these findings underscore the importance of considering the 
role and time-dependent nature of somatic events in the etiology of 
cancer and other late-onset diseases.

URLs. Mitelman Database of Chromosome Aberrations and Gene 
Fusions in Cancer, http://cgap.nci.nih.gov/Chromosomes/Mitelman; 
Database of Genomic Variants, http://projects.tcag.ca/variation/; 
R, http://www.R-project.org/; GLU, http://code.google.com/p/glu-
genetics/; supplementary data for this study, http://cgf.nci.nih.gov/
supplementarydata/NGA31644R2SupplementaryData.zip.

METhODS
Methods and any associated references are available in the online 
version of the paper.

Note: Supplementary information is available in the online version of the paper.
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ONLINE METhODS
Study design. The US National Cancer Institute’s Division of Cancer 
Epidemiology and Genetics (DCEG) and Core Genotyping Facility (CGF) 
have performed multiple GWAS in collaboration with many groups from 
around the world to detect heritable genetic risk factors for a range of solid 
tumor cancer sites (Supplementary Table 1). We extended analysis of large 
autosomal abnormalities to a bladder cancer study from Spain, which included 
laboratory confirmation of all large mosaic events16, to examine the autosomes 
of 64,789 human DNA samples from 57,853 individuals who were genotyped 
using Illumina Infinium BeadArray assays (including the 1,991 individuals 
previously studied). Although relatively rare, large-scale chromosomal abnor-
malities were routinely detected previously; those samples were excluded from 
analysis to find common SNPs that contribute to cancer susceptibility. An ana-
lysis of sex chromosomes is not presented in this report. All subjects included 
were recruited under the supervision of an Institutional Review Board and 
provided informed consent though their respective study centers.

Data analysis. Analysis began using fluorescence signals imported into 
Illumina GenomeStudio software to compute affinity-normalized probe inten-
sities and to call genotypes using standard methods. Genotype clusters were 
empirically derived from study data in 45 batches to maximize the power to 
estimate accurate clusters for each genotype state and to minimize batch effects 
due to arrays, DNA collection and laboratory processing (see ref. 35 for more 
details). Data on called genotype, genotype call quality and genotype probe 
intensities for each assay were exported from GenomeStudio and imported 
for analysis into a custom software pipeline.

Detection of mosaic chromosomal events used information on copy-
number changes and allelic imbalance. The LRR value for each SNP or CNV 
assay provided data on probe intensity relative to that of the estimated geno-
type-specific cluster location. Information on allelic ratio was provided by 
BAF, which is derived from the ratio of probe values relative to the locations 
of the estimated genotype-specific cluster locations. LRR and BAF were esti-
mated by the GenomeStudio software, but these estimates can suffer from 
bias due to the properties of the assay chemistry and fluorescent dyes used in 
the probes, which can reduce precision in estimating copy-number and allelic 
imbalances. We implemented a method similar to one that was previously 
described36 to re-estimate LRR and BAF after applying quantile normaliza-
tion with an enhanced multiple regression model, incorporating within-chip 
signal rescaling terms and a polynomial correction for GC and CpG waves. The 
correction model was an extension to a previously published method37 with 
terms for multiple window sizes for the proportion of GC and CpG content 
around the genomic location of each set of probes. The CG and CpG cor-
rection model was estimated per sample, as the phenomenon is modulated 
primarily by the concentration of DNA input. Finally, LRR and BAF were 
recomputed using the resulting quantile-normalized and GC- and CpG-cor-
rected values, as described38. Reduction in variance of the LRR values is shown 
(Supplementary Fig. 3). Additional mathematical details of these methods 
are available in the Supplementary Note.

Each subject, sample and assay included in this analysis had (i) sufficient 
informed consent to participate in this analysis and were not withdrawn from 
the study at the request of the principal investigators; (ii) identity consistent 
with duplicate samples; (iii) diagnosis as cancer free or available information 
on the first site of diagnosed cancer; (iv) a minimum array completion rate of 
88% for only SNP assays that passed GenomeStudio thresholds for calling; and  
(v) assays with LRR s.d. (σLRR) < 0.33 and heterozygote BAF s.d. (σBAF AB) < 0.05 
after quantile normalization, GC and CpG wave correction and BAF and LRR  
re-estimation. These liberal thresholds were chosen to exclude low-quality assays 
that would result in large numbers of false positive mosaic segment calls and yet 
retain samples with one or more highly abnormal chromosome that may have 
resulted in inflated missing genotype call rates and LRR and/or BAF variance.

Renormalized LRR and BAF values from qualifying assays were then 
analyzed with the MAD method implemented in the R-GADA software 
 package16,17 to detect whole-chromosome and large segmental events greater 
than 2 Mb in size. The MAD method applies the sparse Bayesian learning 
(SBL) algorithm to the B-deviation, which is derived from the BAF and gen-
otype states. R-GADA was modified to compute the B-deviation, as origi-
nally defined39, and used the minimum of the heterozygote and homozygote  

B-deviation values for probes with uncalled genotype, differing from the 
default version that excludes values with uncalled genotype. After initial seg-
mentation, a backward elimination step then ranked the statistical signifi-
cance of each breakpoint and excluded segments with weak evidence to control 
false positive detection rates. We applied the MAD method with the following 
parameters: T statistic of >9, SBL hyperparameter of 0.8 and segment length 
of ≥ 75 contiguous probes.

The default method implemented in R-GADA assigns event type based on 
LRR value and, separately, the proportion of mosaic and normal cells from 
Bdeviation values. This approach can be quite variable, so a Gaussian mixture 
model was fit to the BAF values of each segment with 2–4 Gaussian compo-
nents, and the best-fitting model was chosen using the Akaike information 
criterion40. Each event was assigned a copy-number state and mosaic pro-
portion based on fitting a Gaussian mixture model to estimate the location 
of heterozygote BAF bands and applying a classification method to choose 
the state that minimized the absolute distance between each state model and 
expected values, given the observed LRR mean and location of BAF bands for 
the segment. Additional details are available in the Supplementary Note. This 
mixture model approach was applied, because it is conservative when differ-
entiating mosaic events from constitutional monosomy, trisomy, uniparental 
disomy, segmental copy-number variants and loss of heterozygosity due to 
chromosome segments inherited identical by descent.

Each event detected was classified as copy altering (gain or loss) or neutral 
(reciprocal gain and loss resulting in loss of heterozygosity), and the mosaic 
proportion of abnormal cells was estimated. False positive calls due to noisy assay 
data and non-mosaic copy-number variants and events resulting in constitutional 
loss of heterozygosity due to homozygous segments inherited by descent and uni-
parental disomy were also excluded from analysis based on manual review by two 
blinded, independent investigators; in rare circumstances, putative events were 
compared to established CNVs in the Database of Genomic Variants and subse-
quently excluded. We edited 33 putative events as a result of this manual review, 
typically to adjust segment boundaries or the estimated mosaic proportions.

Circular genomic plots of all mosaic events were generated using Circos 
software41 for cancer-free individuals and those with cancer. Confidence inter-
vals on frequencies were reported using asymmetric 95% confidence bounds 
from the Wilson Score Interval42 method. Unadjusted analysis of count data 
and frequencies was performed using Fisher’s Exact test for contingency tables, 
as implemented in the R software package. Logistic regression models were fit 
using the GLU software package, which was also used to estimate admixture 
coefficients for each subject. Admixture analysis was performed after removing 
chromosomes that contained putative mosaic events and was used three refer-
ence populations drawn from the International HapMap Project43: (i) 45 Han 
Chinese individuals from Beijing, China, and 45 Japanese from Tokyo, Japan 
(CHB and JPT); (ii) 60 unrelated Yoruba individuals from Ibadan, Nigeria 
(YRI) and (iii) 60 unrelated individuals of Northern and Western European 
ancestry from Utah (CEU). This analysis resulted in estimates of admixture 
coefficients for east Asian, African and European ancestry and gave almost 
identical results to those from principal-components analysis, also used to 
estimate ancestry and population structure.

To determine the relationship between individuals having one or more 
mosaic event and their sex, age at DNA collection, smoking behavior, DNA 
source, ancestry and cancer diagnosis, we fit several models that regressed the 
presence of mosaicism for each individual on relevant covariates in a logis-
tic model. The following covariate terms were defined for each individual:  
(i) sex (0 for females, 1 for males); (ii) age at DNA collection (in 5-year inter-
vals, as a series of categorical variables with terms for ages between 45–49, 
50–54, 55–59, 60–64, 65–69, 70–74, and 75 or older; the referent category 
included all individuals under age 45); (iii) smoking (1 for individuals who 
ever smoked (current, former or occasional) and 0 otherwise); (iv) unknown 
smoking status (1 for individuals with unknown smoking behavior and  
0 otherwise); (v) DNA source (1 for individuals who contributed DNA derived 
from a buccal sample and 0 otherwise); (vi) unknown DNA source (1 for 
individuals for whom DNA was obtained from an unknown tissue type and 0 
otherwise); (vii) east Asian ancestry (a continuous measure of admixture esti-
mate); (viii) African ancestry (a continuous measure of admixture estimate); 
(ix) cancer diagnosis (1 for individuals diagnosed with one or more cancers 
and 0 if no cancer diagnosis was provided by study) and (x) possibly treated  
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(0 if subject had DNA collected at least 1 year before diagnosis of their first 
cancer or before treatment with chemotherapy or radiation could have 
occurred and 1 otherwise). This latter variable is highly heuristic due to the 
lack of available data on treatment. It is intentionally conservative, in the sense 
that many subjects will be listed as possibly treated, even though it is unlikely 
that they would have had sufficient time or stage/grade of cancer to warrant 
treatment with radiation or chemotherapy.

When modeling mosaicism in controls, adjustments terms were included 
for age at DNA collection, sex, study, DNA source, smoking and ancestry. 
When modeling the relationships between mosaicism and sex, individuals 
diagnosed with sex-specific cancer sites were excluded. In models to deter-
mine the association between mosaicism and articular sex-specific cancer 
sites, only controls relevant to the cancer site were included in the model  
(for example, only male controls were used in models of prostate cancer 
cases). Models of mosaicism for early-onset cancer sites (testis and osteogenic  
sarcoma) excluded controls over the age of 45.

35. Petersen, G.M. et al. A genome-wide association study identifies pancreatic cancer 
susceptibility loci on chromosomes 13q22.1, 1q32.1 and 5p15.33. Nat. Genet. 
42, 224–228 (2010).

36. Staaf, J. et al. Normalization of Illumina Infinium whole-genome SNP data improves copy 
number estimates and allelic intensity ratios. BMC Bioinformatics 9, 409 (2008).

37. Diskin, S.J. et al. Adjustment of genomic waves in signal intensities from whole-
genome SNP genotyping platforms. Nucleic Acids Res. 36, e126 (2008).

38. Peiffer, D.A. et al. High-resolution genomic profiling of chromosomal aberrations 
using Infinium whole-genome genotyping. Genome Res. 16, 1136–1148 (2006).

39. Itsara, A. et al. Population analysis of large copy number variants and hotspots of 
human genetic disease. Am. J. Hum. Genet. 84, 148–161 (2009).

40. Akaike, H. A new look at the statistical model identification. IEEE Trans. Automat. 
Contr. 19, 716–723 (1974).

41. Krzywinski, M. et al. Circos: an information aesthetic for comparative genomics. 
Genome Res. 19, 1639–1645 (2009).

42. Agresti, A. & Coull, B.A. Approximate is better than “exact” for interval estimation 
of binomial proportions. Am. Stat. 52, 119–126 (1998).

43. Frazer, K.A. et al. A second generation human haplotype map of over 3.1 million 
SNPs. Nature 449, 851–861 (2007).


	Portada
	Índice
	Introducción
	Parte I 
	Parte II
	Parte III
	Parte IV
	Parte V
	Discusión
	Conclusiones
	Bibliografía
	Anexo

	Button 2: 
	Page 1: Off

	Button 4: 
	Page 1: Off



