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I. Genetic Association studies 

The quickly decreasing cost of performing genotype analysis on more and more samples and loci 

have ushered in an era where even smaller research groups can perform genetic association studies. 

These studies are quickly becoming limited by univariate association analysis [1], as most single-

gene diseases and mutations have already been tied to known mutations. Univariate analysis does not 

provide an efficient and knowledge rich method of uncovering multiple interactions and pathway 

level overviews.  

Partial genetic association studies (PGAS) are commonly performed with the aim of uncovering 

associations with a particular phenotype or measurable trait by determining the genotypes of a set of 

loci selected on genes that are suspected to be a part of the biological pathway which plays a role in 

determining the phenotype. Genome wide association studies (GWAS) genotype millions of tag 

SNP's per genome, where the tag SNPs are selected to provide maximum linkage disequilibrium 

based coverage of the genome. While GWAS studies have a lower price per SNP genotyped, they 

require thousands of samples while measuring millions of loci. PGAS studies present a more 

focused, narrow search of associations with a specific trait.  

II. The genetics of trait impulsivity 

The genotyping capabilities provided by the Semmelweis University enabled us to design a genetic 

association study to map the underlying genetics of trait impulsivity. Trait impulsivity is a complex 

construct which is measured through a questionnaire called the Barratt Impulsivity Scale [2] (BIS), 

containing 30 questions which are subdivided into three groups, which measure  three components of 

impulsivity, non-planning, motor impulsivity and cognitive impulsivity. 

We used the genotyping system to measure 96 single nucleotide polymorphisms that covered 16 

genes along various neurotransmitter pathways. The SNP's were selected in order to provide 

maximum coverage, while also including SNP's that were previously shown to be associated with 

trait impulsivity. 

A Probabilistic genotyping 

The measurements provided a low call rate which is typical of most genotyping systems, in our 

case there were eight SNP's which did not return any recoverable data. The remainder of the samples 

had a 79% call rate. The high number of missing samples made it impossible for us to run Bayesian 

multilevel analysis [3] on the data set, because the method requires a complete set of variables for 

each sample. Discarding samples with one or more SNP's missing would have resulted in an 

extremely small data set. I investigated the underlying cause of the high failure rate for each 

measured SNP, and found that some of the results were recoverable through manual clustering. I also 

found that data concordance was around 99% even in the case of the high quality measurements.  

I was able to utilize the fact that measurements were not of tag SNP's only, but were rather 

intended as a high coverage mapping of the measured genes. Using the linkage disequilibrium (LD) 

present between loci that were in physical proximity (Fig. 1.), it is possible to recover most of the 

failed measurements.  
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I developed a tool that allows the analysis of the raw measurement data, which is recorded as a 

digital image. First the high-frequency noise is eliminated from the image while the background 

noise level is calculated as well, then the best well alignment is found using an image difference 

based classifier. Low-frequency noise components, such as wipe marks, specks of dust and residual 

chemicals are then removed by checking for the evenness of intensity inside each well. After 

subtracting both low and high frequency noise components I obtained accurate intensity data for the 

entire set, as well as quality parameters which gave a distribution of possible genotypes for each 

sample. This intensity data was in concordance with the intensity data supplied by the measurement 

system itself, only showing marked differences where there were low-frequency noise components 

and physical artifacts visible on the measurement plates. 

 
Figure 1. LD  for an entire set of measurements, 96 SNPs across 16 genes. The image represents a 

covariance matrix with its main diagonal plotted horizontally. Dark squares mark high linkage.  

B Recovery using LD 

Using the software package Impute2 [4], which incorporates multiple heterogeneous data sources, 

including data from the 1000 Genomes project [5] as well as the HapMap project, it is possible to 

impute missing genotypes if we have measured other SNP's which are in linkage disequilibrium. 

I tested the software by imputing a single SNP without supplying any measurement information 

about the SNP to the impute software package. I then combined the output of impute with the 

accurate intensity data obtained by my image processing algorithm, and the two independent results 

showed a remarkable concordance (Fig 2.). This meant that even though the clusters on most of the 

failed measurements were hard to separate, they still contained valid and useful information. 

 

Figure 2. The left image plots the green and blue intensity data from a single SNP. The right plot 

shows the fusion of imputed values (RGB) plotted independently of the intensity data. 

III. Analysis 

Analysis of this recovered data set presented multiple problems when I attempted to use Bayesian 

networks in Bayesian multilevel analysis to uncover the strongly relevant associations between the 
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SNP's and the impulsivity target variables. The Bayesian method searches in the space of graph 

structures, and for computational reasons each node has a limited number of parents. The imputed 

data contained many SNP's in tight linkage, which meant that if one SNP was selected as a parent of 

a target variable while searching in the space of graph structures, all the other linked SNP's would 

also enter as parents. This violated the limit on the maximum number of parents for each node, 

resulting in inconsistent results. 

 

A Tag SNP selection 

Multiple sets of tag SNP's were selected using various r
2
 values. This method was used to 

overcome the instability of the MCMC algorithm [6] by trimming redundant and tightly linked 

variables from the data set. Analysis of these results were most stable with an r
2
 value of 0.5. 

Unfortunately this resulted in reducing our initial set of 96 SNP's to 52. Much of the information loss 

in this way flattened the posterior probabilities of association for the analysis (Fig. 3.). 

 

Figure 3. The Y axis shows the MBM posterior probabilities, while the X axis contains the genes 

sorted in descending order. Tag SNP’s show the flattest posteriors, while the haplotype level shows a 

more peaked distribution.  

B Haplotype reconstruction 

The central concept in converting SNP’s to haplotypes is centered around exploiting the linkage 

disequilibrium that exists between close loci to transform sets of SNP’s to haplotypes. The sets are 

most often defined by the genes that the SNP’s are located on. In case of large genomic regions 

spanning more than 50 kb, that are likely to be in separate haplotype blocks (the haplotype blocks 

can be identified with software like HaploView [7] each block is defined as a separate set), allowing 

separation of non-tightly linked regions. 

Haplotype reconstruction provides a reduction in the dimensionality of the data [8], because SNPs 

inside a haplotype block are represented as a single variable, at the cost of an increase in cardinality. 

SNPs have a cardinality of 3 (homozygous wild, heterozygous, homozygous mutant), where the 

theoretical cardinality of a haplotype block is 4
n
, where n is the number of SNP’s in the block. The 

limited number and approximate stability of recombination hotspots creates linkage disequilibrium. 

This results in mutations being passed on together. Exploiting this linkage allows us to greatly reduce 

the resulting cardinality.  

The question whether a heterozygous SNP has a mutant allele on the paternal or the maternal 

chromosome (the phase of the SNP) can also be resolved with haplotype reconstruction – but only on 

the haplotype level. This allows us to get a complete picture of the mutations on both copies of the 

gene in the genome. Inter-gene phase remains unknown, but it does not have a major effect. 

Haplotype reconstruction also allows us to aggregate rare variants in a knowledge rich fashion [9], 

as well as allowing higher-level aggregations such the gene or pathway levels. 

C Data averaging in Bayesian model averaging 

Haplotypes are at a higher abstraction level than singular SNP’s and the ability to incorporate 

phase information into a genetic association study can prove very useful. Bayesian model averaging 
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is used to overcome the limitations presented by moving to a higher abstraction level, as well as 

allowing us to use probabilistic phased data.  

We use a probabilistic genotyping model p(DN) based on image processing and clustering. Next 

we apply an existing phasing method to generate probabilistic phased genotype data p(D'N |DN). 

Finally, as unifying framework we overview the use of uncertain datasets in statistical data analysis, 

which is summarized as Eq. (1). 
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This shows the embedded averaging over genotyping uncertainty and phasing uncertainty, and 

additionally Bayesian model averaging (assuming that )(M denotes an important feature of model 

M, e.g. a direct causal relation between two variables). Averaging Markov blanket membership 

values is trivial, while averaging over phasing uncertainty presents a unique challenge in averaging 

the model features such as Markov blanket sets and Markov boundary graphs. 

IV. Results 

Fusion of uncertain measurements with the linkage disequilibrium known from publicly available 

data makes it possible to recover most of the failed measurements, while also allowing us to quantify 

the uncertainty present in our recovery. 

Figure 3 shows that the posterior probabilities are the most peaked when using haplotype 

reconstruction while also showing that the loss of information when using only tag SNP's is 

unacceptable. Data averaging results in a large increase in the computational requirements for the 

BMV MLA method, as it requires the sampling of the sources of uncertainty and then running 

multiple instances of the analysis. Depending on the number of samples produced, this ranges from 

10-100 fold increase in computational time, limiting this option to cases where there is a high level 

of aggregation, a low number of variables or if sufficient computational resources are present.  

The results of my research are under review for publication in the journal Artificial Intelligence in 

Medicine. My work is supported by TAMOP-4.2.1/B-09/1/KMR-2010-0002, TAMOP - 4.2.2.B-
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