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CHAPTER 1
INTRODUCTION

Complex diseases have a major impact on the Western world; diseases like cardiovasculardisorders and cancer are the most important causes of death. Unraveling the geneticbackground of these diseases helps with early detection and development of therapiesand cures. Although great progress has been made in the discovery of genetic factors thatcause Mendelian disorders (Motulsky, 2006; Taylor et al., 2001), the genetic basis of manycommon complex diseases still remains unresolved. Contrary to monogenetic diseases,which are caused by a defect in one gene (e.g. sickle-cell anemia), complex diseases arecaused by alterations within several loci. They are therefore also called multifactorial.With the growing amount of obtained information on genetic risk factors by microarraytechnology (proteomics, gene expression, single nucleotide polymorphisms (SNPs), copynumber variations (CNVs), etc.), the identification of the genetic risk factors of complexdiseases seems closer than ever. However, good statistical methods that can deal with thecomplexity of this high dimensional data are rare and many statistical challenges remain.
Importance of statistics in geneticsBecause our knowledge about the genetic background of complex diseases is still in its in-fancy, expensive and time-consuming biological studies are yet unable to focus on relevantdata. Statistical methods can be used to help focus the biological researcher on a smallerset of genetic markers, by e.g. decreasing the number of suspicious genetic markers; i.e.eliminating the number of noise variables. Statistical studies can sometimes even excludethe use of biological research, e.g. in cancer studies the classification performance of geneexpression data has shown to be superior to standard morphological criteria (Mramor et
al., 2005), where only a few genes were necessary to clearly separate the cancer diagnosticclasses.
Statistical challengesComplex diseases have no clear-cut pattern of inheritance, and many interacting factors,both genetic and environmental can play an important role in the onset and progression ofthese diseases. Therefore, studies of the genetic basis of complex diseases often deal withhigh dimensional, complex data, caused by the fact that on forehand we have a very limitedidea about which genetic markers are associated with the disease under study. Moreover,the complexity of the data is caused by relationships between the different factors, e.g.co-regulated genes or genetic markers closely located on the genome. Within the searchfor models of genetic markers that best depict the complexity of the diseases, differentproblems can arise which might complicate the interpretation of the results. (I) Due tothe high amount of suspicious markers compared to the number of subjects, the models
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are instable, which can result in the misinterpretation of the importance of each separatemarker. (II) Multicollinearity, caused by the presence of highly correlated variables, alsoleads to misinterpretation of the importance of the single markers. (III) Due to the highnumber of variables it is difficult to see which markers can be ignored, i.e. do not play arole in the disease.To better understand the models, we need more stable results, such that the importanceof each marker is clear. And to make the models easier to understand, we need to reducethe number of markers in the final models.
Dimension reduction

By diminishing the number of variables beforehand, i.e. before modeling, the modelscan get more stable and easier to understand. This can be achieved by prefiltering ofthe data, based on a measure of outcome. Each genetic marker is associated with anoutcome measure (the phenotype of the disease) and only the markers that have thehighest association are included in the final modeling process. There are different waysto determine the cut-off for which markers to include and which to exclude. A drawback ofthis prefiltering is that the choice of genetic markers is based on univariate studies, whichdisregard the influence of the other markers. More information can be gained by observinga set of markers as a group, rather than summarizing their individual effects (Mramor et al.,2005). Other dimension reduction methods, like principal component analysis, regard theinfluence of the other markers, but do not exclude any markers and are therefore difficultto interpret.But even if the number of markers can be reduced, there can still be the problemof multicollinearity. It is sometimes suggested to eliminate all variables except one, outof a group of highly correlated variables; however, preprocessing the data and makingdecisions about which variables to select are obscure, it is better to find a method whichautomatically, without any prior knowledge, groups highly correlated variables into thesame results.
Regularization

Via regularization methods all markers can be included into the model while the penaltyin the model takes care of certain problems. Ridge regression (Hoerl, 1962) makes suremulticollinearity no longer forms a problem, and the importance of each marker becomesclearer, since markers that are highly correlated with each other and with the outcomemeasure get comparable weights. The lasso (Tibshirani, 1996) performs a continuousvariable selection, such that the final model includes far less variables and the modelis easier to understand. However, the lasso has problems with multicollinearity, it oftenselects only one variable out of a group of highly correlating variables. To overcome thisproblem Zou and Hastie (2005) introduced the elastic net which combines ridge regressionwith the lasso, such that highly correlated variables are in or out of the model together.These penalization methods are widely used in genetic studies.
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Phenotype definitionBefore one can start searching for disease markers, the single most critical step is defin-ing the phenotype (Rodriguez-Murillo and Greenberg, 2008). Most studies divide theirstudy population into cases and controls, and look for variations in genetic markers thatare present in the cases and not in the controls. However, this classification could causeheterogeneity within the groups. Especially in the case of complex diseases, where combi-nations of different genetic markers cause the ’same’ disease, thereby making it difficult tochoose cases to maximize genetic homogeneity, even among cases with similar phenotypes.Due to this heterogeneity, the genetic markers responsible for, or involved in the onset ofthe disease are difficult to identify (Buchanan et al., 2006; Nica and Dermitzakis, 2008).In order to overcome these problems, rather than dividing the study population intocases and controls, it is preferred, to identify the phenotype of a complex disease by a setof intermediate risk factors, for example, lipid profiles as a risk for cardiovascular diseases.Because of the high diversity of causes (and thus developmental pathways) that can leadto a complex disease, such intermediate risk factors have a much stronger relationship withthe measured genetic markers.
Multivariate analysisDue to the diversity of intermediate risk factors that are present in patients with a complexdisease and the diversity of combinations of genetic markers leading to these intermediaterisk factors, we do not expect one model of genetic markers to explain the disease. Thereare probably different combinations of genetic markers associated with certain combina-tions of intermediate risk factors. Moreover, the expression of intermediate risk factors canbe caused by multiple genetic markers and vice versa: one genetic marker can influencethe expression of multiple intermediate risk factors. Because of this complicated relation-ship between the intermediate risk factors and genetic markers, univariate studies cannotcapture this complexity; therefore, multivariate studies have to be used.Canonical correlation analysis (CCA) (Wold, 1975) is a well-known method which isused to associate two (or more) sets of variables; i.e. associate a group of intermediaterisk factors with a group of genetic markers. CCA finds a weighted linear combinationof all the variables within one set which maximally correlates with a weighted linearcombination of all the variables in the other set. These weighted linear combinations arealso called canonical variates; CCA finds multiple sets of canonical variates. Based uponthe weights we would like to draw conclusions about which genetic markers and whichintermediate risk factors are the crucial factors in the model, i.e. the variables that causethe high correlation between the canonical variates. However, CCA is also sensitive forhigh dimensional, complex, data and adaptation of the CCA is necessary to identify whichgenetic markers are associated with which intermediate risk factors.
OutlineIn this thesis, penalized canonical correlation analysis (PCCA) is introduced together withits extensions and its applications. In chapter 2, PCCA is introduced as an adaptationof the two-block Mode B of Wold’s original partial least squares algorithm (Wold, 1975;
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Wegelin, 2000). Wold’s algorithm converts the CCA problem into a regression framework,where two-sided regression (one for each set of variables) is performed. Known penal-ization methods, like ridge regression (Hoerl, 1962), the lasso (Tibshirani, 1996) and theelastic net (Zou and Hastie, 2005), can be easily adapted into these regression models, andgeneral problems that arise when dealing with high dimensional genetic data can thus besolved. Within this chapter, this method is applied to a glioma dataset, by integrating theinformation from gene expression and gene copy number variations (CNVs). The effect ofalterations in copy number on gene expression levels is investigated, and so, co-expressedand co-regulated genes are identified which can be associated with the progression ofglioma. Due to the high number of variables in both sets, both regression models arepenalized using univariate soft-thresholding.In chapter 3 an application of PCCA is given; PCCA is used to identify missing genesof known pathways. A dataset containing the expression levels of genes contained in aknown pathway is associated with the expression levels of a large set of genes. Differentpenalization methods are used to obtain the different canonical variates; within the knownpathway set the ridge penalty is applied to overcome overfitting and multicollinearity, andthe set containing the remaining genes is penalized with univariate soft-thresholding todecrease the number of candidate genes. This method is applied to identify the missinggenes in the glioma-pathway.So far, only continuous data could be incorporated in the PCCA. In chapter 4 theso-called penalized nonlinear canonical correlation analysis (PNCCA) is introduced, thismethod makes it possible to apply PCCA when one of the sets contains qualitative vari-ables, with a special focus on SNP data. Optimal scaling is incorporated into the PCCAsuch that each categorical variable is transformed into a continuous variable, such thatthe measurement characteristics of that variable are preserved. A glioma dataset is usedto illustrate the method: a high dimensional set of gene expression data is associatedwith a high dimensional set of SNP data. The variables of the SNP set were optimallytransformed, whereafter, both sets were penalized using univariate soft-thresholding.In chapter 5 the focus lies on incorporating longitudinal data into PNCCA. Phenotypes-like cholesterol - may vary over time and are therefore often measured at different timepoints. To account for the correlation between the repeated measures, each repeatedlymeasured variable is summarized into a random intercept and a random slope throughrandom effects models. These summary measures are then associated with a large set ofSNP variables. Due to the low number of summary measures, this set did not have to bepenalized, however, the SNP set was penalized using univariate soft-thresholding.
Chapter 6 describes an application of the generalized form of PNCCA, within thischapter multiple sets of variables are associated with one another. Each set can bepenalized according to its needs. An application is presented of the generalized PNCCAto data of a cohort of 217 patients with renal failure (Stenvinkel et al., 1999), existing ofthree sets of variables.




