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Abstract 

Complex diseases impact millions of people worldwide, caused by a variety of genetic and 

environmental factors. Genome-wide association studies have done an adequate job of 

identifying genetic variants associated with these complex diseases. Subsequently, polygenic 

risk models have been used to predict the disease risk of individuals with meaningful accuracy. 

However, the association studies and risk modelling cannot determine nor predict the 

underlying genetic architecture of the associated variants. In this thesis, I have developed a 

computational approach that integrates complex disease variants, their related tissue-specific 

gene regulation information, and individual genotype data. The essential information was 

selected from the combined data by the Mann Whitney U test and machine learning 

regularization. This information was then evaluated by a series of logistic regression predictor 

models to predict individual disease risk. With validation across multiple genotyped 

populations, the best predictor model was used to identify the most predictive regulatory 

elements conferring the complex disease risk. Applying this computational approach to study 

T1D and PD, my regularized predictor models revealed tissue-specific gene regulation 

impacting T1D and PD disease risk. The regularized logistic regression models supported a 

clear platform for interpreting the molecular mechanisms underlying the genetic components 

of the predictor model. These analyses implicate important insights into the mechanisms acting 

on different tissues to modulate T1D and PD onset and development. 

The novelties of the regularised predictor modelling approach are the ability to distinguish trans 

and cis eQTL regulatory effects of disease-associated SNPs across tissues. Using Mann 

Whitney U Test filtering controlled by Benjamini Yekutieli FDR and machine learning 

regularisation, I can establish the curated associations of the eQTL regulatory effects in 

different tissues. Furthermore, my predictor models can estimate the risk contribution of each 

tissue-specific eQTL regulatory effect for identifying the crucial tissues and their essential SNP 

modulated eQTL elements. 
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Chapter 1: General Introduction 

 

1.1 Complex diseases 

Complex diseases result from the combined effects of a variety of causes that include 

genetic, ageing, lifestyle, and environmental factors1,2. Examples of complex diseases include 

obesity, diabetes, auto-immune diseases, and neurodegenerative disorders1,2. These diseases 

impact millions of people globally3–5, including in NZ, where more than 30% of adults are 

obese6. Genetically, determining the underlying cause of each complex disease can be difficult, 

as they are typically polygenic and do not follow a strict mendelian inheritance pattern1,2. 

Additionally, the impact of genetics on each complex disease varies widely based on a number 

of variables, such as age at onset. It is believed that early onset complex disorders (e.g. Type 1 

Diabetes) have a strong genetic influence, while late onset (e.g. Parkinson’s disease) have a 

much weaker genetic basis7,8. 

 

Type 1 diabetes (T1D) is an early onset complex disease that affects over 6 million children 

under 15 years of age (as of 2019)9,10. The rates of T1D are increasing worldwide9,10. T1D is 

characterized by T cell mediated auto-immune destruction of pancreatic beta cells leading to 

insufficient insulin secretion11. T cells play a major role in adaptive immune defence, directly 

assaulting and concerting other immune insults to foreign invaders12. In T1D, the T cells 

mistakenly attack and destroy self-pancreatic beta cells9,10. This auto-immune attack is 

preceded by a long developmental period, with damage to the pancreas progressing slowly, 

gradually reducing the mass of pancreatic beta cells13. Eventually, a critical point is reached 

where the beta cell mass drops below a level from which there is no hope for recovery13. While 

the exact cause of T1D onset and progression are unknown, around 50% of the disorder risk is 

heritable14, indicating a strong genetic component. For example, it has been shown that T1D 

associated genetic variants participate in tissue-specific regulation of genes across multiple 

tissues15.  
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There are a wide number of recognized environmental components influencing T1D onset, 

consistent with a myriad of possible triggers, including viral exposure16,17. From the 

BABYDIET Study, Beyerlien et al. have found evidence to support the associations of T1D 

with respiratory infections at early childhood16. George and colleagues also found T1D patients  

with 62% increased risk for having respiratory infections17. Therefore, genetic susceptibility to 

seemingly disconnected phenotypes (e.g., viral infections) may also promote T1D risk. As 

such, the genetic contributions to T1D are complex. Currently, more than 60 loci have been 

associated with T1D18,19. In addition, many T1D associated genes have been identified, using 

familial studies, including PTPN22, CTLA-4, PTPN2, INS, IL2RA, IFIH1 and CLEC16A14. 

 

Parkinson’s disease (PD) is a late onset complex disease, the second most prevalent 

neurodegenerative disorder of ageing20–22. In 2016, 6.1 million patients were diagnosed with 

PD globally, with the incidence rate increasing every year23. PD development is slow and 

progressive20,22,24,25, characterized by the loss of dopamine-producing neurons and the presence 

of intracellular protein aggregates (Lewy bodies) in brain tissues20,26. The disease involves a 

variety of motor and non-motor symptoms (e.g. the signature hallmark tremoring, sleep 

disorders, constipation, depression, heart rate variation and smell dysfunction)20,24,25. Studies 

show that non-motor features could appear more than 5 years before the motor symptoms20,24,25. 

The motor and non-motor PD features suggest the involvement of multiple-tissue interplays in 

the disorder pathogenesis20,24,25.  

 

The genetic contribution to PD risk has been estimated at over 30%20,27,28. Mutations of the 

SNCA gene, which encodes the α-synuclein protein, were the first genetic variations that were 

recognized to play a vital role in PD pathogenesis and the formation of Lewy bodies26,29. 

Subsequently, many other genes (e.g. PINK1, LRRK2, GBA and INPP5F) have been associated 

with the risk of developing PD20,26,30–33. Despite the recognized genetic contributions to PD, it 

is clear that there is also a strong environmental contribution to the aetiology of the disorder22,34. 
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1.2 Genome Wide Association Studies 

Advances in DNA sequencing technologies following the completion of the human genome 

project in 2003 have led to the collection of human genomic data at an exponential rate35–38. 

This sequencing has identified millions of single nucleotide polymorphisms (SNPs, also known 

as genetic variants) in the human genome39.  

 

 

Figure 1-1: Schematic figure of GWAS SNP association 

 

 

 

Genome Wide Association Studies (GWAS) compare the genomic information of the case 

and control individual samples in a population to identify SNPs that are statistically associated 

with a phenotype40,41 (Figure 1-1). Genome-wide associations are determined as being 

significant if the p-value < 5x10-8 as a typically acceptable threshold. Often the level is 

dependent on the number of SNP investigated. Nevertheless, this threshold is considered by 

many to be too conservative42,43. This leads to the use of more relaxed p-value thresholds (e.g. 

1x10-5)44–46. 
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Using large cohorts, GWAS have successfully revealed insights into how polygenic 

mechanisms affect complex disease development across different complex disorders, including 

diabetes, Parkinson’s disease, auto-immune diseases, and schizophrenia, in the past ten 

years40,41,47–51. As of May 2021, the GWAS catalog (a publicly available database of GWAS 

SNP information) contains 2,518 published studies52. Notably, most complex diseases are 

influenced by hundreds of SNPs, each imparting a small per-SNP effect size40. Of note, the 

majority of these SNPs are located in non-coding regions and thus must be indirectly involved 

in their disease association, likely through tissue-specific regulatory activities40,53. New 

methods to understand these regulatory activities include the incorporation of spatial and 

temporal aspects of gene expression data15,54–56. These approaches are providing insights into 

the impacts of genetic variants that can be incorporated into new approaches to create 

population-based risk models for predicting individualised risk. 

 

1.3 Predicting Risk Scores and AUC 

Population-based risk prediction models serve a robust purpose in disease prediction and 

prognosis. Specifically, they are especially useful in choosing efficacious treatments without 

the need for costly and potentially adverse medical screening procedures (e.g. invasive 

biopsies)57,58. Thus, the main focus of developing genetic risk models is to achieve accurate 

predictive power for recognising at-risk individuals in a robust manner57. Traditional 

epidemiological models of disease risk (with limited predictive power) have been primarily 

informed by lifestyle risk factors such as family history59,60. Recently, the inclusion of genetic 

risk factors, including disease or phenotype associated SNPs, into risk modelling has improved 

the accuracy of individual disease prediction59,60. However, disease and phenotype associations 

from GWAS inform on genetic contributions to risk at a population level. Therefore, the 

incorporation of GWAS SNPs into a risk prediction model requires their translation to 

individual disease risk. The translation of disease related SNPs into individualised risk scores 

can be achieved by integration of GWAS model weights into risk models to score an 

individual’s genotype and estimate total individual risk.  
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Genetic risk prediction models are typically constructed by: 1) Regression-based 

Polygenetic Risk scoring ; or 2) Machine Learning modelling57,61. For simplicity, regression-

based Polygenetic Risk Scoring is referred as Polygenetic Risk Scoring (PRS) from this point 

on. PRS sums the impact of a set of risk alleles weighted or unweighted by their odds ratios or 

effect sizes related to a specific disease57,61,62. By contrast, machine learning approaches adapt 

sophisticated statistical algorithms (e.g. Support Vector Machine or Random Forest) to 

mathematically map the predicted complex associations between a set of risk alleles to disease 

phenotypes57,61,63. The predictive performance of both model types can be evaluated by receiver 

operating characteristic curves (ROCs)59,60,64, where the sensitivity and specificity of the 

predictions are tested at various cut-off values59,60,64. The area under a ROC curve (AUC) 

reflects the probability of the examined model correctly identifying a dichotomous phenotype, 

e.g. the presence or absence of the disease, from a randomly selected sample59,60,63,64. AUC 

results range from 0 to 1. When the AUC = 0.5, the risk model randomly chooses the 

dichotomous phenotype and is correct 50% of the time. On the other hand, when the AUC = 1, 

the model recognises the correct phenotype with 100% accuracy59,60,64.  

 

1.4 Factors for Improving the Predictive Power 

Despite initial promise, the predictive performance of PRS for complex diseases has only 

been moderately successful57,61,63. A significant contributor to this relatively poor performance 

revolves around the finding that experimental GWAS data suggest risk allele contributions to 

complex diseases have average odds ratios of between 1.1 – 2, as shown by Wray et al.58 

However, GWAS analyses are typically underpowered and detect risk SNPs with odds ratios 

greater than 1.3 65,66. Thus, improving the predictive power of disease risk models could be as 

simple as increasing GWAS sample sizes57,61,67. Rapidly decreasing DNA sequencing costs 

have led to GWAS sample sizes increasing from a few thousand to nearly half a million per 

meta-analysis68–70. These increased sample sizes have increased the frequency of detection of 

SNPs with small effect sizes, resulting in an increase in accuracy for complex disease 

predictions57,61. Many future disease risk prediction models can be built on big datasets that 

could not be acquired before. 
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Big data is a critical element in machine learning modelling. Training datasets need to be 

sufficiently large to ensure the good accuracy of the prediction models. Wei et al. illustrated 

the impacts of training sample size on the predictive power of a machine learning classification 

algorithm for Inflammatory Bowel Disease71. The dataset used in the study contained 60,828 

individual genotype samples from 15 countries in Europe71. A machine learning prediction 

model created from a small subset of the dataset only performed moderately. Nevertheless, the 

predictive power of the same model consistently improved with increases in the training data 

sizes until the predictive performance reached the maximum with the full training dataset71. 

Therefore, machine learning model performance is based on the size and quality of the data 

from which the model is created.  

 

Technological advances are constantly improving the quality and quantity of the complex 

integrative datasets that are collected on human phenotypes and diseases. Integration of these 

highly dimensional genomic data within computational models can lead to improvements in 

genetic risk prediction over that achieved for PRS67. PRS predictions are based on a linear 

parametric regression model which incorporates strict assumptions that include additive and 

independent predictor effects, normal distribution of residuals, and the data observations being 

non-correlated57,61,72.  
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Figure 1-2: The strengths and weaknesses of Polygenic Risk Scoring and Machine 

Learning Model 

 

 

These PRS regression model assumptions may not hold true for the fundamental genetic 

structures of complex polygenic diseases, thus leading to greatly reduced predictive 

efficacy57,61. Furthermore, linear additive regression modelling is incapable of accounting for 

complex interactive effects between associated alleles57,67, which have been reported to make 

major contributions to phenotypes73. Thus linear additive regression based modelling leads 

PRSs toward biased and less effective predictions57,67,74,75. By contrast, machine learning 

algorithms employ multivariable, non-parametric methods that robustly recognise patterns 

from non-normally distributed and strongly correlated data57,61,67. The capacity of machine 

learning algorithms to model highly interactive complex data structures has led to these 

approaches receiving increasing levels of interest for complex disease prediction57,61,67. The 

strengths and weaknesses of both PRS and machine learning models are shown in Figure 1-2. 

 



 

8 

1.5 Machine Learning Disease Prediction Models 

Machine learning data modelling approaches that describe the associations of genetic 

information with different complex diseases are either supervised or unsupervised76. Although 

unsupervised machine learning methods and non-genetic data are useful in disease 

predictions77,78, we will focus on supervised modelling that is informed by genetic variant 

(SNP) data.  

 

Supervised machine learning predictions are classification (estimation of a binary phenotype 

categorical variable, e.g., case/control) or regression (estimation of a continuous variable, e.g., 

the probability of a case). Supervised disease prediction models are generated by training the 

pre-set learning algorithms (training phase) to map the relationships between individual sample 

genotype data and the associated disease67,76. The learning algorithms define the structure of 

the independent data variables (features) in the data mapping and produce models to predict 

the target disease status. The models then represent a set of features (with their 

interrelationships) that confer the disease risk. Optimal predictive power for the target disease 

is achieved by mapping the pattern of the selected features within the training genotype 

data57,67. Some model optimizations use gradient descent procedures with iterative steps to 

search for optimised predictive power79,80. This recursive process continues until the optimal 

predictive performance is reached79,80. At the end of the training stage, the models with the 

maximum predictive power on the training dataset are selected for validation57,81. A generalized 

workflow for creating a machine learning model from a genotype dataset is illustrated in Figure 

1-3. 
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Figure 1-3: Workflow for creating a supervised machine learning model from a genotype 

dataset 

 

 

During the validation stage, the performance of the predictive machine learning models is 

evaluated to determine their power for generalised prediction. As with polygenic risk scoring, 

the validation stage is accomplished by evaluating the algorithm on an independent dataset. 

The validation stage is essential for checking whether the prediction models overfitting the 

training data57,67,76. Cross validation is a commonly used procedure for validating the models' 

performance using the original dataset 63,81–84. However, external validation (testing) using an 

independent dataset is required to finally confirm the predictive power of a machine learning 

model. The utility of the algorithm is finally determined through randomised controlled 

comparisons to current clinical best practices. Only if the algorithm adds information to more 

accurately stratify populations, predict disease risk or treatment responses does it ultimately 

prove its clinical utility. 
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1.6 Feature Selection and Regularisation 

The selection of data features during the training phase is the major factor that impacts on a 

machine learning model’s predictive performance67,85,86. Data features can be selected 

manually, by embedded machine learning modules, or by wrapper methods63,67,85. For building 

models predicting complex polygenic disease, SNPs are currently considered the most 

informative data features within genetic data71,87. The SNPs present in the data enable the 

model to recognise a genetic signature key to predicting the disease. Notably, it is assumed that 

the SNPs that are selected for inclusion (e.g. GWAS SNPs) are associated with loci that 

contribute mechanistically to the underlying disease etiology88. However, how the SNP relates 

to the disease may or may not pass through currently understood disease related biological 

mechanisms.  

 

Regularisation is a technique used for tuning the feature selection process by adding an 

additional error term. This process maximises the generalised predictive power of machine 

learning models by keeping them simple and preventing extreme feature weights within the 

model. This prevents models so closely fitted to a dataset that they cannot generalise to other 

datasets67. The most common types of regression-based regularisation are L1 (Lasso), L2 

(Ridge), and Elastic net. L1 and L2 regularisations both use a penalised loss function to 

minimise weight (model coefficient) values for adjusting data feature effects and keep the 

regression models from complexity67.  

 

L1 penalised loss function:    λ ∑ |𝑊𝑛
𝑘=1 k|   in which λ is the regularization strength, n is 

the number of model weights, and W is the model weight67
.  

L2 penalised loss function:    λ ∑ (𝑊
𝑛

𝑘=1
k)2  in which λ is the regularization strength, n is 

the number of model weights, and W is the model weight67.  
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L2 regularisation shrinks model weights to non-zero small value sizes67 for non-essential 

data features. By contrast, L1 regularisation sets the weights of non-informative data features 

to zero for eliminating the effects and allowing only essential and valuable data feature effects 

to be included into the model67. Regression-based L1-regularisation is one of the most 

commonly used machine learning feature selection methods, with Lasso and Elastic Net being 

the most popular regularisation modules67. Elastic net is adopting a regularisation approach in-

between L1 and L2 using both their penalised loss functions, which removes non-informative 

features but retains some redundant valuable information in the modelling67,89,90. 

 

There are many examples where L1-regularization of machine learning applications has 

enhanced the algorithm’s predictive performance for different diseases71,87,91,92. Wei et al. 

implemented a two-step model training process in the development of an L1-regularized 

algorithm for Crohn’s disease prediction71. Firstly, the Lasso-logistic regression method 

identified a set of essential and informative SNPs. Subsequently, the selected SNPs were 

applied to a Support Vector Machine (SVM) and a logistic predictor for Crohn’s disease. 

Following SNP optimisation by L1-regularization, both the non-parametric and parametric 

predictors achieved similar outstanding results with an AUC of 0.86 compared to the simple 

PRS prediction, which had an AUC of 0.73. This example highlights the important role of data 

feature selection in helping predictive models to achieve enhanced disease predictive power. 

  

A Lasso–SVM integrated model was also reported for celiac disease on multiple European 

genotype datasets, with an AUC of 0.9 93. A disease prediction model with an AUC this high 

could be considered for clinical use and has already led to the exploration of possible clinical 

applications for the celiac disease predictive model57. The predictive power of the celiac 

disease predictor is further adjusted and evaluated by various clinical factors (e.g. disease 

prevalence rate) in therapeutic decision making93. In addition, the identification of the essential 

SNPs by the Lasso-SVM model provided a genetic basis for deciphering the etiologic pathways 

of Celiac disease pathogenesis.  
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1.7 Regression- and Tree-based algorithms 

Supervised learning algorithms can be classified as regression-based or tree-based 

methods67,76. The regression-based supervised learning methods employ polynomial 

parametric or non-parametric regression methods to map the associations of the 

multidimensional input data to the outputs67,76,79. The popular regression based supervised 

algorithms are logistic regression, linear regression, neural networks and SVM63,76. By 

contrast, tree-based supervised learning algorithms utilise binary decision splitting rule 

approaches to model the relationships between the input and output data67,76,79. The most 

popular tree-based learning methods are Decision tree and Random forest63,76. Common 

supervised learning models are listed in Table 1-1. 
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Table 1-1: Types of machine learning algorithms 

Regression Based:  

Logistic regression • Use parametric regressions to estimate the probabilities of 

dichotomous outputs76,94–96 

Neural Network • Use multi-layers of non-parametric regressions and 

transformations to model input data to outputs79,97–99 

Support Vector 

Machine (SVM) 

• Use non-parametric regressions to model input data for 

creating multi-dimensional hyperspaces to discriminate 

the outputs93,100–102 

Regression Based Regularization: 

Lasso • Apply L1 penalised loss functions in regression67,71,103,104 

Elastic Net • Apply L1 and L2 penalised loss functions in 

regression67,87,90,105 

Tree-Based and Ensemble-Learning: 

Decision Tree • Utilise binary decision splitting rule approaches to model 

the relationships between input data and outputs79,106–108 

Random Forest • Utilise an ensemble of randomised decision trees to model 

input data to outputs78,79,109,110 

AdaBoost • Utilise the linear combined predictive power of a group of 

weak classifiers with weighting to model the relationships 

between input data and output111,112 
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Regression-based machine learning has been widely employed in the risk prediction of 

many disease risks, including cancer, Alzheimer's disease, cardiovascular disease, and 

diabetes100,113–116. An SVM regression-based non-parametric machine learning model of the 

genetics of type 1 diabetes was built and trained from 3,443 individual genotype samples117 

achieving an AUC of 0.84, which is significantly higher than the PRS model AUC of 

0.7159,61,75. Notably, the non-parametric SVM consistently outperformed the parametric control 

prediction model (logistic regression) on two independent datasets in predictive power 

validation61. 

 

Tree-based machine learning is largely an implementation of the Random Forest 

algorithm88,118–120. The Random Forest algorithm constructs prediction models using an 

ensemble method with many decision trees, and the algorithm selects for and evaluates SNPs 

that are informative in the decision-tree building83,118. A strength of Random Forest models is 

their ability to effectively handle missing data and highly dimensional data structures that 

contain complex interactions83,118. For example, in a recent study, the Random Forest algorithm 

was used to predict Type 2 diabetes risk (AUC = 0.85), outperforming both SVM and logistic 

regression models88. Similar to Lasso-SVM modelling, the Random Forest model identified a 

set of relevant SNPs that are strongly associated with type 2 diabetes and can be used to 

interrogate the aetiology of the disease83,88,118. The accumulated evidence supports the utility 

of the Random Forrest algorithm as a useful machine learning method for complex disease risk 

modelling88,118,121,122. 

 

Ensemble learning is a method to combine the power of a group of weak classifiers and 

deliver good prediction111,123. AdaBoost first constructs a base prediction model and then 

recursively creates models to focus on correcting the errors of the previous models111,123. In the 

end, all the models are combined linearly with the weighting of their contribution to form a 

strong model that delivers outstanding prediction111,123. Makarious et al.124 applied the 

AdaBoost Classifier algorithm to build a predictor model for Parkinson’s Disease from 598 

case and control samples with their extensive data including genotype, transcriptomic, clinical, 

and demographic information124. AdaBoost classifier was selected for the best performance 

and delivered PD prediction with AUC = 0.85 on the validation data124. Critically, the ability 

to handle multiple data types and models meant that the AdaBoost classifier outperformed 

classifiers that were based solely on one or a subgroup of the data types (genotype, 

transcriptomic, clinical, and demographic). 
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1.8 Spatial Contacts Reveal the Underlying Mechanism of DNA Variant 

Modulated Gene Regulation 

The expression of different genes is tightly regulated and controlled in order to orchestrate 

sufficient and appropriate gene products for carrying out a variety of biological and 

physiological functions125. Gene regulation can be executed specifically in different organs and 

tissues to support local cell activities126,127. The deregulation of gene expression will lead to 

different kinds of diseases128,129. 

 

Spatial genome organisation represents the impact of all nuclear functions (e.g. 

transcription, repair, and replication) that are occurring within a cell or tissue on the DNA 

structure. As such, the spatial organisation of genomes represents the key to unlocking genome 

biology. Chromatin is organized into cell-type specific three-dimensional structures within 

nuclei. These structures emerge from the totality of functions that are present within the 

nucleus, including gene regulation and their responses in different physiological 

environments130–133 Hi-C experiments are designed to describe 3D genomic organizations in 

cells with proximal DNA ligation fragments paired with high-throughput parallel 

sequencing134. Chromatin structures form loops and provide platforms for bringing various 

distance regulatory elements to their target genes130,132,135 (Figure 1-4). Rao et al.132 employed 

Hi-C experiments to analyse nine cell types and detected 4.9 billion DNA interactions. They 

also discovered around 10,000 loop DNA structures that involved enhancer and promoter 

elements coupled with gene activation132. The results support that 3D chromatin conformation 

is a vital mechanism of gene regulation and Hi-C data can effectively capture the distal and 

proximal DNA regulatory elements interacting with their target genes.  
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Figure 1-4: Schematic figure of DNA loops 

 

 

 

The SNPs associated with gene expression changes are called expression quantitative trait 

loci (eQTLs) and those genes modulated by the eQTLs are called eGenes. When the SNPs are 

more than 1Mb apart from their eGenes, they are called trans-eQTLs. Otherwise, the SNPs are 

cis-eQTLs (SNPs < 1 Mb from their eGenes). One form of eQTL effect is measured as 

normalized effect size (NES)127, where NES is the normalized linear ratio of the tissue-specific 

gene expression changed by the alternative SNP allele count relative to a reference allele 

(https://gtexportal.org/home/faq). For example, when NES = 1.26 and the normalised 

expression = 1, the target gene expression increases 26% when the SNP allele count = 1. The 

Genotype-Tissue Expression project (GTEx) analysed 15,201 RNA-sequencing samples of 49 

different post-mortem tissues collected from 838 individual donors in the USA with a variety 

of ethnicities including (85.3%) European, (12.3%) African, (1.4%) Asian, and (1.9%) 

Hispanic and Latino136. GTEx found that GWAS SNPs were significantly enriched with trans- 

and cis-eQTLs across tissues136. Moreover, the trans-eQTL gene regulation was highly tissue 

specific136. The results illustrate that GWAS SNPs act through trans and cis gene regulation 

within various tissues to impact complex diseases. 

 

 



 

17 

 

Using the information on genomic organisations captured by Hi-C experiments131,132,137, 

disease-related SNPs can be mapped to tissue-specific physical proximity with genes, 

modulating expression133. Thus, we can postulate that a subset of GWAS SNPs dysregulates 

gene functions in different tissues and organs via disruption of the physical proximity between 

the GWAS SNP and a disease gene. The Contextualising Developmental SNPs in three-

dimensions (CoDeS3D) algorithm133 maps DNA variants, associated with disease by GWAS, 

to their tissue-specific regulated genes. CoDeS3D takes a set of SNPs and uses information on 

the genomic organisation, captured by Hi-C in various cell lines and tissues, to identify the 

trans and cis regulated eGenes using tissue-specific expression data from the GTEx study133,138. 

The output is a dataset with tissue-specific NES information modulated by the disease-related 

variants. By applying the NES information to individuals in a case and control cohort, machine 

learning methods can evaluate the associations of the GWAS SNPs to eQTL effects to model 

complex disease risk. 

 

1.9 Insufficient research for individual disease-associated tissue-specific risks 

Although PRS and machine learning approaches have been extensively used in complex 

disease prediction, little attention has been given to the utility of machine learning applications 

in calculating tissue-specific disease risk in individuals. This is largely because GWAS studies 

identify relationships between SNPs and their associated phenotypes without attributing those 

associations to causative underlying molecular mechanisms40. However, GWAS-identified 

SNPs are likely to be modifying regulatory mechanisms which affect gene expression in a 

tissue-specific manner127,139. Therefore, by expanding GWAS methodology to include 

expression measures (i.e. eQTLs), genetic analyses could help to interrogate the inter-related 

biological networks between cell and tissue types that propagate the causal effects to complex 

diseases127,140.  
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For example, incorporating eQTL data led to the identification of adipose-specific gene 

expression patterns that could have an inferred causal role in obesity141. Similarly, genes with 

liver-specific expression are now thought to be a major contributor to Type 2 diabetes (T2D)142. 

By extending eQTL analyses to include chromatin spatial interaction (Hi-C) data, it was shown 

that T2D and obesity associated SNPs have spatial-eQTLs which implicate dysfunction of 

specific regulatory actions in various tissue types133. These studies strongly suggest that by 

aggregating biological data types (e.g. DNA, RNA, and epigenetic data), the accumulated result 

becomes a tissue-specific network analysis of associated dysfunctionally regulated genes. 

Thus, specific disease risk to individuals should be calculated using a tissue-by-tissue 

approach, concluding with tissue-specific networks and pathways that are particular to the 

development of a disease.  

 

In so doing, it may be possible to leverage the tissue-effect heterogeneity of patients by 

identifying the correct genes and tissue loads to provide essential targets for potential 

therapeutic interventions leading to enhanced therapeutic effectiveness. The tissue-effect 

heterogeneity could also help to recognise individual subtypes of complex disease, facilitating 

personalised treatments. By targeting the causal associated SNP tissue-specific effects, 

predictions of patient specific tissue-effect disease risks could provide informative biomarkers 

for early disease prevention, bringing about a substantial reduction of later disease burdens and 

costs. Zhou and Troyanskaya have utilised the machine learning algorithm to predict the 

functional effects of non-coding variants by modelling the pattern of genomic and chromatin 

profiling information82. They have been able to employ this method to distinguish important 

eQTLs and disease-related SNPs from various eQTL and SNP databases. Nevertheless, despite 

the immense promise of machine learning, it is important to recognise that at present, there is 

insufficient research in their application for the identification of disease-associated tissue-

specific risks.  
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1.10 LDSC and Mendelian Randomization  

LDSC (linkage disequilibrium score regression) is a popular method143,144 developed by 

Finucane et al.145 to quantify the genetic risk enrichment of tissue types related to complex 

diseases from GWAS SNP summary statistics data145. The basic assumption is that the effect 

size attributed to each GWAS SNP results from a number of tagged SNPs with various linkage 

disequilibrium (LD) strengths145,146, calculated as LD scores. In terms of LDSC for quantifying 

tissue contributions, the LD scores of GWAS SNPs are calculated by the sum of r2 (correlation) 

of the SNPs within the gene region plus 100kb surrounding each set of the tissue specific 

genes145,146. Using gene expression data derived from various tissues, a set of genes expressed 

significantly in each tissue is identified, and the risk enrichment of each tissue is measured by 

the regression of the LD scores of GWAS SNPs with their effect sizes145,146. LDSC is a useful 

tool to implicate related tissues and their genetic effects with complex diseases. However, this 

method cannot reveal the risk contribution of each genetic element in the related tissues.  

 

The GTEx project has shown a disease related SNP can have multiple eQTL effects across 

tissues136. However, identifying the disease causal associations of eQTLs is not 

straightforward147. Mendelian Randomization (MR) can be applied to validate the causal 

effects138.  MR is a statistical method to assess the causal impacts of genetic influenced features 

to diseases138. In my research context, the genetic element is a SNP and the influenced feature 

is a tissue specific eQTL effect. MR can use the SNP and eQTL effect association in addition 

with the SNP and disease-outcome association to validate the causal impact from a SNP 

modulated eQTL effect to a disease of interest138. However, MR assumes a disease related SNP 

has no other effects directly influencing the disease except through the eQTL effects and no 

direct effects to confounders that impact the target gene expression138. In other words, the 

disease related SNP only affects the disease through modulating the target gene expression. 

Under the MR assumptions, the disease causal association of the eQTL effect (target gene 

expression) can be validated statistically by the SNP association with the target gene expression 

and the SNP association with the disease138. Nevertheless, MR assumptions are not easy to 

confirm. MR is a method of choice for recognising a group of the disease causal eQTL 

effects138,147,148, but it is not designed to evaluate the risk contributions of eQTL effects and 

distinguish the major eQTL effect risk contributors.  
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Although LDSC and MR are two useful methods for understanding disease-associated 

tissue-specific risks, they both have their own limitations. Better approaches are required to 

elucidate a clear view of the tissue specific eQTL regulatory networks for mediating complex 

diseases. 

 

1.11 Summary 

GWAS has identified hundreds of SNPs for each complex disease which are playing a 

crucial role in diseases aetiology. The majority of these disease-associated SNPs are enriched 

in tissue-specific gene regulation. Applying this information to an individual’s SNPs to predict 

disease risk is an essential element for delivering the fuller promise of precision medicine. PRS 

is a straightforward model for assigning genetic risk to individual outcomes but has achieved 

only limited success in complex disease prediction due to its model limitations. The PRS 

method is ineffective in modelling highly dimensional genotype data with complex 

interactions. By contrast, the strength of machine learning data modelling in complex disease 

prediction lies in its handling of interactive high-dimensional data. Coupled with large new 

population datasets with high-quality phenotyping at different stages in the life course, machine 

learning models can classify individual disease risks with higher precision. Notably, machine 

learning predictors that include tissue-specific disease risks for individuals show even greater 

promise of insights that could and ultimately provide cost-effective and proactive healthcare 

with great efficacy.  

 

1.12 Hypothesis and the aim of my research 

GWAS identified disease-related genetic variants are successfully utilised in predictive 

models to assess the individual risk of various different disorders57,98,115,149,150. Nevertheless, 

the mechanism of those genetic variants impacting disease development is still unclear. The 

interpretation of thousands of disease-associated SNPs and their associated tissue-specific gene 

expression modifications is a complex challenge but necessary to elucidate how genetic 

variation impacts on complex diseases. My hypothesis is that machine learning models can 

identify the generalised patterns and associations between disease-associated SNPs and tissue-

specific eQTL effects and in so doing implicate the essential tissues and genetic elements that 

contribute to individual disease risk.   
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The aim of my research is to develop a novel computational approach that can reveal the 

tissue-specific eQTL elements and their contributions to the risk of developing T1D and PD.  

 

The aim will be achieved through the following objectives: 

1. To apply the CoDeS3D algorithm with Hi-C captured SNP-gene interactions and GTEx 

NES information to integrate complex disease SNPs and their related tissue-specific 

gene regulation information. 

2. To integrate tissue-specific gene regulation information with genotype data from large 

case and control cohorts. 

3. To apply machine-learning computational methods for building credible predictor 

models to predict individual disease risk from analyzing the integrated data.  

4. To utilize the predictor models to explicate the risk effects of the disease-associated 

SNP related gene regulation in tissues and organs.  

 

The results of my computational approach will be mainly drawn based on statistical 

associations. They will require further experiments to validate the causality, which are beyond 

the scope of this research. On the other hand, the assumption of my approach is that the selected 

important genetic elements, by my predictor models for contributing to the disease risk 

prediction, also have essential roles in promoting and contributing to the development of the 

disease of interest. 
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Chapter 2: Procedures for Reproducibility 

 

2.1 Introduction 

Reproducibility of research is the ability for other independent scientists to obtain the same 

results by repeating the research experiments and data analyses151,152 Non-reproducible results 

have become a significant and widespread concern in different scientific research areas151,152. 

Although many reasons and factors are contributing to the problem151,152, it is essential and 

critical for a study design to address this issue from the beginning to protect the credibility of 

the results.  

 

Data security and code management is the foundation of reproducible and reliable data 

analyses153,154. Without appropriate procedures in place to protect the data and code used in 

research, valuable research results could be lost or become non-reproducible by simple and 

accidental errors153,154. Hence, data security and code management are essential factors to 

ensure the reproducibility of my studies in future examinations of the results and hypotheses 

that are generated from this work. Two key processes were implemented to protect the integrity 

of data and programming codes in this thesis. 

 

2.2 Data security 

All the data used in this research was stored and used in the Nectar Cloud 

(https://nectar.org.au/cloudpage/) hosted by The National eResearch Collaboration Tools and 

Resources project (Australia). The Nectar Cloud provides a secure and comprehensive 

computational infrastructure for effectively managing research data153. The Nectar Cloud 

platform is supported locally by The Centre for eResearch, a cross-faculty research centre at 

the University of Auckland. Access to the research data was key protected by two-factor 

authentication153. 
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Datasets that were received or downloaded from original sources (e.g. Wellcome Trust Case 

and Control Consorium70, and UK Bio bank155) were individually maintained in read-only and 

write-protected directories153. The original data were only copied out for data analyses to avoid 

accidental alterations153. Intermediate result data were co-located in directories with the source 

code to preserve the steps of the data changes. 

 

 

2.3 Programming code management 

Programming codes used in the research were grouped and placed in directories organised 

according to the sequential steps of the various analyses with clear step description 

labelling153,154. Directories of the individual analysis steps were self-contained with 

subdirectories to store the required data, code, generated transient data, and results. The self-

contained directory arrangement became a form of self-explained documentation of the 

research analyses and provided a convenient platform to repeat and validate analyses at 

different stages. Moreover, this structure also enabled the easy detection of errors and 

redeployment of analyses on other datasets. A Readme.txt file was included in each analysis 

step directory to describe the requirements, code functions and results of the step module 

operations153. 

 

Program code was preserved after producing validated results153. The code was named with 

appropriate functional and step sequential information153. This practice created the 

programming script descriptions of their roles in each analysis (for example, 

https://github.com/Genome3d/T1D_logistic_lasso_predictor). Each script included clear 

documentation of data and software requirements, script functionalities, and expected 

results153. Version control (git) was also employed to protect script integrity across the analysis 

step directories153,154. 
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2.4 Conclusions 

Reliability and repeatability are essential to protect the validity of scientific studies and were 

achieved in my research by ensuring the quality of data and code used in each different analysis. 

The research data were secured with a good IT platform and write-protected directories. The 

quality of scripts was guaranteed through the procedures of effective programming code 

management with proper documentation and the self-contained step directories.  
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Chapter 3: Methods 

 

3.1 Machine learning modelling, feature selection and model validation in my 

research  

Machine learning employs statistical and computational algorithms to create models based 

on training data information and validate their generalisation power by making good 

predictions in novel (validation or test) datasets67,76.  

 

Supervised machine learning disease predictors can be trained by pre-set learning 

algorithms to describe the relationships between sample genotype data and the disease of 

interest67,76,156. From the machine learning perspective, a feature describes a specific type of 

information (e.g., specific SNP), which is encoded as a column within a feature matrix. Each 

row of the feature matrix (the so-called feature vector) summarizes all available information 

for a specific case/control genotype. The predictors obtain the optimal predictive power by 

selecting informative features (variables) within the training genotype data67. Supervised 

machine learning distinguishes classification (estimation of a categorical variable, e.g., has 

T1D / does not have T1D) or regression (estimation of a continuous variable, e.g., time since 

first symptoms of T1D)76,79. Logistic regression is a classification algorithm, which is based on 

generalised linear regression (basically the output of the linear regression is mapped to a value 

between 0 and 1 using the logit-function)157. 

 

3.1.1 Data feature selection 

Data feature selection is a major factor affecting model predictive performance as it removes 

irrelevant data during the model training67,89 Data feature selection also helps to create unbiased 

and non-overfitted predictors 67,89. Overfitting is a phenomenon whereby the predictor is so 

closely fitted to the training dataset that it lacks generalisable power to other independent data 

sets67,89. Feature selection algorithms, such as Mann Whitley U test158 in combination with 

control of false discovery rate (FDR)159 and regularisation90, can avoid model overfitting and 

enhance the generalised predictive power of the optimised model67,89.  
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3.1.1.1 Mann Whitley U test 

For logistic regression modelling, Mann Whitley U test158 is a non-parametric method used 

to evaluate the difference between the distributions of an independent variable with respect to 

two groups (case and control phenotype). The test does not assume the normality of the 

associated independent feature. Mann-Whitney U tests the null hypothesis that the data feature 

distributions with respect to the two groups (cases or controls) are not different and the feature 

is not relevant for predicting the target (disease). It is a powerful tool to evaluate the association 

between an independent feature with the dependent phenotype (categorical variable). In 

combination with a procedure to control the false discovery rate for multiple association testing 

(e.g. Benjamini Yekutieli)159, it can effectively remove non-informative data columns 

(features) from the training dataset.  

 

3.1.1.2 Regression-based machine learning regularisation 

The most common types of regression-based machine learning regularisation are L1 (lasso), 

L2, and Elastic net. Well established regression-based machine learning regularisation 

approaches use gradient descent procedures with iterative steps of model weight estimation for 

optimised predictive power 79,80. L1 and L2 regularisations both use a penalised loss function 

to assign weights that adjust data feature effects and reduce the complexity of the regression 

models67,76,89. L1 regularisation sets the weights of non-informative data features to zero, thus 

eliminating effects and allowing only essential and valuable data feature effects to be included 

in the machine learning regression modelling67,89,160. By contrast, L2 regularisation minimises 

non-essential data features using non-zero weights67,76,89. The Elastic net adopts a 

regularisation approach in-between L1 and L2, which removes non-informative features but 

retains some redundant valuable information in the modelling67,89,90.  
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3.1.2 Predictor model-validation 

Cross-validation is commonly used for model performance optimisation during the training 

process76,79. Cross-validation is performed by partitioning the dataset into N equal parts (N 

fold)161. It withholds one part of the data for model testing and uses the other N - 1 parts for 

training161. This process is repeated until every single part of the data is tested with a model. 

The cross-validation result is the mean predictive performance of the N time testings161. Once 

the optimal model has been selected, the performance of the optimal predictive machine 

learning model is evaluated to estimate its power for prediction across novel (independent) 

data57,67,89. External validation (testing) using an independent dataset is essential to ensure that 

the prediction models are not overfitted with the training data. External validation also confirms 

the generalised predictive power of the optimal machine learning model57,67,89.  

 

I have developed regularised logistic regression predictors in my research which 

incorporated: 1) Univariate feature selection for removing irrelevant information; and 2) a  

multivariable prediction step that considers all features in context and removes redundant 

information. This approach allowed me to identify the best combination of features for the 

prediction of complex diseases (Type 1 Diabetes and Parkinson’s disease). Regularised logistic 

regression was incorporated into the models to enable the features that contribute to the final 

score to be identifiable. The developed predictors were intensively validated by cross-

validation and external validation. 

 

3.2 My methodological approach 

In this thesis, I established and validated credible independent predictor models for 1) Type 

1 Diabetes (T1D) and 2) Parkinson’s Disease (PD). For each disease predictor model, I 

employed supervised machine learning in the form of logistic regression76 with Mann Whitney 

U test feature selection158 and regression-based regularisation67,89. These algorithms analysed 

the tissue-specific gene expression information by mathematically estimating the complex 

associations of related SNPs and tissue-specific eQTL effects to complex disease phenotype 

binary labels (e.g. case or control) using individual genotype data89.  

 

 

 



 

28 

The method I developed follows the basic algorithm: 

1. Select disease-related variants, SNPs from GWAS studies 

2. Use Hi-C data132 to map the disease-related SNPs to their tissue-specific eQTL 

regulated genes and calculate the NES effect sizes127 using CoDeS3D162 

3. Integrate the tissue-specific gene eQTL information obtained from CoDeS3D162 as gene 

regulation weights (the NES effect sizes127) on case and control individual genotype 

data, e.g., Welcome Trust Case and Control Consortium (WTCCC)70  

4. Use Mann Whitney U test158 hypothesis tests in combination with Benjamini Yekutieli 

(BY)163 procedure to control the false discovery rate (FDR)158,159 and select informative 

data features 

5. Create predictor models using logistic regression implemented with Elastic net 

regularisation67,89,90 and the integrated eQTL data as the training dataset 

6. Use repeated internal cross-validations to evaluate and identify the optimised model 

parameters (hyperparameters)161  

7. Create the final predictor model with the optimised hyperparameters from the full set 

of the integrated tissue-specific gene eQTL data for accurate estimations of data feature 

weights in the regression model 

8. Establish the model performance by evaluating and validating the final predictor model 

using the tissue-specific gene eQTL information integrated with independent case and 

control individual genotype (testing) cohort (e.g. UK Biobank)155  

9. Analyse the final disease predictor model to reveal the tissues and their related elements 

that significantly contribute to the disorder.  

 

Please refer to chapters 4 and 5 for full descriptions of the methods that were developed 

specifically for the T1D and PD analyses. In the following sections of chapter 3, I will 

concentrate on explaining the differences in the predictors and the critical choices I made 

in their development. 
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3.3 Considerations for data integration in the T1D and PD studies 

3.3.1 Hi-C data 

Hi-C data132 were used by CoDeS3D162 to detect SNP-gene interactions for the SNPs that 

were associated with T1D and PD studies. The Hi-C data were obtained from different 

published cell libraries (see Methods of Chapters 4 and 5) generated from a variety of 

immortalized cell lines and primary tissues. The primary tissue cells covered a range of tissues 

and captured an extensive range of potential trans and cis SNP-gene interactions. 

 

3.3.2 Tissue-specific eQTL data 

GTEx tissue-specific eQTL data were used in the two studies. The GTEx database contains 

the largest variety of tissues with their eQTL effect information126,136. GTEx collected post-

mortem tissue samples from donors aged 21 to 70 with different ethnicities126,136. The GTEx 

tissue-specific eQTL data enabled me to examine the genetic disease impacts acting through 

multiple tissues and reveal the putative tissue contributions to complex diseases, which was an 

important feature of my research.   

 

Because of the timing of my PhD, I could only use GTEx v7 data126 from 635 donors in the 

T1D study. GTEx v7 included 44 different tissues in the T1D study. Nevertheless, I utilized 

the GTEx v8 data136 from 948 donors (33% increase) in the PD study. This enabled me to 

extend the number of tissues to 49 in the PD study and thus increased the power of my 

predictors to identify the disease-related tissue-specific effects.  

 

3.3.3 Choice of SNPs 

The T1D and PD associated SNPs were chosen from a range of GWAS studies19,52,164–171 

with a more relaxed threshold42,43 (association p-values < 10-5) that allows incorporation of 

SNPs associated with the disorders at a suggestive level of significance.  
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3.3.4 WTCCC case and control genotype data for creating model training datasets 

Wellcome Trust Case and Control Consortium (WTCCC) was designated for using GWAS 

to interrogate the full human genetic impacts on different diseases with considerable cohort 

sizes in the UK50,70. The WTCCC case and control genotype datasets50,70, for T1D and PD, 

were acquired and combined with the disease-associated tissue-specific eQTL information to 

create predictor model training datasets in the T1D and PD studies. These cohorts were 

obtained because of their cohort sizes (n >= 5000).  

 

Due to the design of the microarray genotyping, the WTCCC datasets only contained a 

limited number of SNPs (~500k) and were designed to cover the whole genome through the 

use of LD blocks172. The majority of the T1D and PD SNPs of interest in my studies were not 

present in the un-imputed WTCCC datasets. Genotype imputation is a cost-effective and 

reliable way to discover a wider range of SNPs from microarray variants173.Therefore, 

genotypes were imputed to: T1D, 16,722,059 SNPs (399%); and PD, 27,590,399 SNPs (524%) 

SNPs using Sanger imputation service (https://imputation.sanger.ac.uk) with EAGLE+PBWT 

pipeline174,175 using Haplotype Reference Consortium(r1.1)176 especially for European 

genotypes. The imputed T1D genotype data contained 253 of the 313 T1D SNPs with 60 

missing SNPs. And, the imputed PD data included 281 of the 290 PD SNPs with 9 missing 

SNPs. 

 

3.3.5 Choice of human reference genome sequence 

Prior to imputation, the WTCCC datasets were cleaned and prepared according to the 

instructions listed in (https://imputation.sanger.ac.uk/?instructions=1). This cleaning required 

all the preprocessed genotype data in GRCh37 genomic coordinates. The imputed genotype 

data from the Sanger service also used GRCh37 genomic coordinates. Hence, GRCh37 

coordinates were adopted as the standard in the analyses of both the T1D and PD studies.  

  

https://imputation.sanger.ac.uk/?instructions=1
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3.3.6  UKBiobank and NeuroX-dbGap for independent predictor model validation 

datasets 

The UK Biobank is a database collected from half a million participants for comprehensive 

biomedical information, including genotype, phenotype, lifestyle and medical history155. UK 

Biobank phenotype and imputed genotype data were obtained for generating test datasets to 

validate the final predictor models (T1D model-2 and PD model-1) in the T1D and PD studies. 

Using the medical records, I selected the case and control individual participants for the 

examined diseases using specific medical criteria (see methods of chapter 4 and 5). I then used 

their genotype data to create the independent validation datasets.  

 

Due to the low prevalence rate of T1D and PD and the genotype quality issues in the UK 

Biobank individual samples, limited numbers of cases were found in both of the T1D (415 

cases) and PD (928 cases) studies. Thus, I created 30 sets of test cohorts with the same set of 

cases and 30 different sets of randomly chosen controls for making test datasets to validate the 

final predictor models in both studies. In addition, the 30 AUC validation results of the UK 

Biobank derived test data were also utilized to reveal the range of the AUC test performance 

variations of the predictor models 177.  

 

NeuroX-dbGap was the largest PD single array study with 5,353 cases and 5,551 

controls33,51, and the NeuroX-dbGap genotype data was used to create a second independent 

test dataset in the PD study. The microarrays for generating the NeuroX-dbGap case and 

control genotype data were specially designed to assay only the genomic regions highly 

associated with PD, which were not suitable for genotype imputation33,51,178. Hence, the SNPs 

of interest which were not included in the NeuroX-dbGap data were replaced with proxy SNPs 

using linkage disequilibrium information (r2> 0.5)51,178 
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3.3.7 NES eQTL effect sizes 

In the PD study, CoDeS3D-v2 used the GTEx v8 data to map the PD associated SNPs to 

their tissue-specific effects with two options (NES and aFC) for the eQTL effect size 

calculations136,162. NES is the normalized linear ratio of the tissue-specific gene expression 

changed by the alternative SNP allele count relative to a reference allele 

(https://gtexportal.org/home/faq)127. aFC is the log ratio of the haplotype expression with an 

alternative allele (SNP) to the haplotype expression with a reference allele. 

(https://gtexportal.org/home/faq)179. aFC effect sizes are specially optimized for SNP allele 

count179 = 1 which may not be ideal for my logistic regression predictors models that account 

for SNP allele count = 0, 1 or 2. Hence, NES values127 were used in the PD data integration. 

 

3.3.8 SNPs with unknown eQTL effects in the predictor models 

In order to enhance the predictive power and account for the SNP effects that modulate 

disease risk by non-tissue-specific eQTL pathways180,181 in the regularized predictor approach, 

the disease associated SNPs presented in the imputed genotype that did not have detectable 

tissue-specific eQTL effects were retained in the integrated eQTL data. These SNPs 

represented the genetic disease impacts that occurred through non tissue-specific gene 

regulatory mechanisms.  

 

 

3.4 Considerations for the data modelling and differences between T1D and 

PD analysis 

3.4.1 Python programming language 

Python is a high-level, easy to use, open-source and powerful computer language with 

extensive libraries and packages to support advanced machine learning programming 

development182. Moreover, it is one of the most popular computer languages in machine 

learning182. Thus, Python was chosen as the primary computational language to provide robust 

and concise programming for data processing and machine learning predictor modelling in both 

the T1D and PD studies.    

 

https://gtexportal.org/home/faq
https://gtexportal.org/home/faq
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3.4.2 The Sci-kit learn machine learn package 

The Scikit learn machine learning package183,184 for Python was used as the machine 

learning programming platform, for the regularized logistic regression predictor modelling, in 

the T1D and PD studies. Scikit learn is a freely available python package that has many useful 

modules and libraries to support advanced machine learning developments183,184.  

 

LogisticRegression implemented with Elastic net regularization67,89,90 was the primary 

Scikit learn module183,184 used in both studies for developing disease status predictors with an 

option l1_ratio to control the regularization strength. The range of the l1_ratio can be from 0 

to 1. When l1_ratio = 0, the regularization is equivalent to L2 regularization67,76,89. With 

l1_ratio = 1, the regularization is in maximum strength that is equal to L1 regularization67,89,160. 

During the predictor model development, I intentionally did not build predictors with l1_ratio 

= 0 in order to ensure the developed predictor models use regularization that can remove non-

informative features. The option C of LogisticRegression is another parameter for adjusting the 

inverse of regularization strength to minimise model parameter values. The values of C must 

be positive and have stronger regularization closer to zero183,184.  

 

Another option, solver of LogisticRegression is used to select an optimization algorithm for 

supporting regularization184. In both studies, solver was set to ‘saga’ for using the saga 

algorithm, a kind of gradient descent procedure and the only optimization algorithm supporting 

Elastic net regularization185 available for LogisticRegression. The max_iter option is to specific 

the maximum number of iterations for the solver to coverage183,184.   

 

GridSearchCV was used for model optimization by identifying the best set of the model 

hyperparameter values for optimum predictive power. The algorithm tested and evaluated the 

assigned predictor model performance with different combinations of given hyperparameter 

values exhaustively using cross-validation183,184.  

3.4.3 AUC model performance measurement 

The widely popular predictive measurement AUC59,60,63,64 was adopted for evaluating the 

performance of the developed predictors. The use of AUC makes performance comparisons 

with other genetic disease status predictor models from different studies19,124 much simpler.  
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AUC is an effective measurement to evaluate the predictive power of logistic regression 

predictors157. that produce continuous predictive values between 0 and 1. The predictive power 

of logistic regression predictors can be varied depending on the predictive value cut off points 

by dichotomous classification (case /control) measurements. AUC predictive measurements 

are calculated by ROC curves where the sensitivity and specificity of the predictions of a 

predictor are evaluated at many cut-off predictive values59,60,64. Hence, AUC could fairly and 

accurately reflect the predictive power of the regularized logistic regression predictors 

developed in both the T1D and PD studies.  

 

3.4.4 Controlling Type 1 errors 

In my research, statistical testing was used to assess the associations of elements of interest.  

Situations arose and multiple statistical comparisons were conducted in analyses that greatly 

promoted Type 1 errors (falsely discovered as positive results). False discovery rate (FDR) 

controlling procedures, Benjamini–Hochberg (BH) and Benjamini-Yekutieli, (BY) were 

adopted and implemented in the software applications used in the predictor modelling analyses 

for minimizing Type 1 error rates159,163. Compared to familywise error rate controlling 

procedures (e.g. Bonferroni), FDR controlling adjustments are less conversative with balanced 

controlling of Type 1 and Type 2 (falsely discovered as negative results) errors163.  With the 

independent test statistics assumption, Benjamini–Hochberg is a procedure using unadjusted 

statistical p-value ranking to control the expected percentage of the falsely discovered positive 

results (the number of false positive results/ the total number of positive results) within a given 

FDR threshold163. Benjamini-Yekutieli, is an improved version of BH procedure that controls 

FDR of multiple statistical testing for correlated data with dependent test statistics by 

resampling based method159. 
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3.4.5 The tsfresh package  

tsfresh is a python package that contains modules libraries for time series analysis, and the 

package works smoothly with the Scikit learn machine learning package.  The tsfreah package 

also includes feature selection modules that have a nice implementation of Mann Whitney U 

hypothesis tests in combination with the BY procedure for controlling FDR158,159,163. Thus, 

tsfresh was utilized to conduct Mann Whitney U test filtering with the BY control to remove 

non-informative features in the regularized logistic regression predictor modelling of the T1D 

and PD studies.  

 

Because of a bug in tsfresh version 0.12.0 in the implementation of the Benjamini-Yekutieli 

procedure (https://github.com/blue-yonder/tsfresh/pull/570), used in the T1D study leading 

to overly conservative rejection of features, I adopted a relaxed FDR threshold of 0.2 in the 

Mann Whitney feature filtering. To avoid the conservative feature rejection problem, the 

tsfresh package was changed to version 0.16.0 in the PD study and a much stronger FDR 

filtering threshold = 0.05 was also adopted. 

 

 

 

 

  

https://github.com/blue-yonder/tsfresh/pull/570
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Figure 3-1:T1D model-2 development 

 

 

3.4.6 The different approaches for creating the final predictor models 

In the T1D data modelling (Figure 3-1), I split the integrated T1D eQTL data into two parts 

with 80:20 proportions to obtain an additional independent dataset for validating the predictive 

model performance during early model development. First, I created the T1D model-1 from 

the 80% training data after the identification of the optimized model hyperparameters. Then, I 

created the final T1D predictor (T1D model-2) with the optimized model hyperparameters from 

the full set of integrated T1D eQTL data. Following this, I validated model-2 with the test data 

derived from an independent genotype dataset, UK Biobank155.  

 

PD is a late-onset disease with a weaker genetic component in pathogenesis when compared 

to T1D. Therefore, I used the whole integrated PD eQTL data in model training to take 

advantage of the full embedded genetic information for enhancing the disease risk prediction 

power. Subsequently, I used two independent genotype datasets, UK Biobank155 and NeuroX-

dbGap33,51,178 for the final PD predictor model (PD model-1) validation. The PD model-2 was 

built for comparison from the 90 SNPs of Nalls et al.33 with the same procedures and 

validations to create PD model-1. 
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3.5 Summary 

To understand the effects of disease-related genetic variants acting on different tissues, I 

developed a computational approach to integrate disease related SNPs and their tissue-specific 

gene regulatory effects with case and control individual genotype data. I employed the Mann 

Whitney U test158 with the BY163 control feature filtering to remove the non-informative data 

from the integrated eQTL data. Then, I utilized machine learning Elastic net regularization to 

select the essential tissue-specific eQTL effects for building logistic regression predictor 

models to predict disease status risk. The predictor models were extensively validated by cross-

validation and independent case and control genotype data derived test datasets. The best 

predictor model was chosen to reveal the disease impacts of the related SNPs and their 

modulated gene regulatory effects acting through different tissues.  

 

The computational approach was applied to study T1D and PD. WTCCC case and control 

genotype data for T1D and PD cohorts were utilized in the eQTL data integration to generate 

predictor model training data. The WTCCC datasets required imputation by the Sanger service 

to obtain the SNP genotype data of interest. UK Biobank and NeuroX-dbGap data were 

acquired for creating the independent test data for validating the final predictor models. The 

Scikit learn python package was chosen to support machine learning regularisation and logistic 

regression predictor building in both of the studies. The tsfreah package was used to implement 

the Mann Whitney U test with the BY control feature filtering. The predictive power of the 

developed predictors in both of the studies was measured by AUC for the measurement can 

fairly and precisely evaluate the prediction of logistic regression predictor models.   

 

In the T1D predictor modelling, 80% of the integrated T1D eQTL data were used to create 

T1D model-1 after searching for the best optimized hyperparameters. The final predictor T1D 

model-2 was built with the best optimized hyperparameters from the full integrated T1D eQTL 

data. By contrast, in the PD study, the entire integrated PD eQTL data was utilized to identify 

the best optimized hyperparameters and then to create the final predictor model PD model-1 

with the identified best optimized hypermeters.   
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Chapter 4: Machine learning identifies the lung as a susceptible 

site for allele specific regulatory changes associated with 

risk for type 1 diabetes 

 

Computational methods are capable of providing unparalleled insights into potential 

mechanisms by which genetic variants regulate disease risk. As the aetiology of type 1 diabetes 

(T1D), an early onset complex disease, remains complex and poorly defined, I have applied 

my machine learning approach that integrated T1D case and control genotypes from the 

Wellcome Trust Case Control Consortium (WTCCC) and UK Biobank (UKBB) with tissue-

specific expression quantitative trait loci (eQTL) data on T1D SNPs. The integrated data were 

selected and analyzed by regularized logistic regression predictors models. My results identify 

key genetic factors influencing the conversion of genetic factors into T1D risk and may help 

explain the reported association between respiratory infections and risk of islet autoantibody 

seroconversion reported in young children.  

 

4.1 Introduction 

Type 1 diabetes (T1D) is characterized by immune-mediated destruction of insulin-

producing pancreatic beta cells leading to loss of insulin production and hyperglycemia. 

Population level data have enabled genome-wide association studies (GWAS) that have 

identified ~60 genetic loci that are associated with the risk of developing T1D186. In addition 

to the GWAS studies, a number of highly phenotyped prospective birth cohort studies have 

investigated potential early determinants of T1D risk187–189. Notably, the transition from genetic 

risk to T1D onset is hypothesized to require an environmental trigger event, such as infection, 

in those individuals who go on to develop the disorder13. However, the mechanisms responsible 

for this transition remain poorly characterized, limiting strategies for optimizing treatment and 

furthering therapeutic development. 
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One hindrance to characterizing the genetic mechanisms responsible for T1D development 

is the finding that the majority of SNPs are within intergenic regions of the genome. Previously, 

our lab used information on the spatial organization of the genome (captured by Hi-C) to 

identify the tissue-specific gene regulatory impacts (i.e. eQTLs) of SNPs associated with 

T1D15. Consistent with our understanding of T1D pathology, we reported that the differentially 

expressed genes were enriched for immune activation and response pathways15. However, we 

did not investigate which specific eQTLs were responsible for the conversion of risk to 

pathology.  

 

In the present study, we assigned SNPs associated with T1D to the genes they modulate 

through Hi-C chromatin interactions captured from primary tissues (i.e. pancreas and spleen) 

and immortalized cells. We integrated a regularized logistic regression model on European 

ancestry genotypes of T1D case and control to identify transcriptional changes in the lung 

involving AP4B1-AS1 and CTLA4 (associated with rs6679677) as the greatest individual 

contributors to the conversion of the genetic risk for the development of T1D. Finally, a 

plasmid-based luciferase reporter expression assay was performed to validate the allele specific 

enhancer activity of the locus marked by rs6679677 in lung cells. 

 

4.2 Methods 

4.2.1 Identification of genetic variants associated with the development of T1D 

In total, 313 genotyped and imputed SNPs associated with T1D, and those associated with 

time-to-event development of islet autoimmunity and T1D, were retrieved from the GWAS 

catalog (www.ebi.ac.uk/gwas, downloaded 8th February 2019; p-value < 1.0 x 10-5), 

prospective studies164–167, TrialNet PTP cohort168, adult-onset169, and GRS prediction 

studies19,170,171 (Appendices: Supplementary Table 1). All genomic positions for SNPs and 

genes are annotated according to reference human genome hg19/GRChr37.  
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4.2.2 Identification of SNP-gene pairs and expression QTL associations in human 

tissues 

The CoDeSS3D analysis was performed by Dr Denis Nayaga, in Justin O’Sullivan’s 

lab group in late 2018 

The Contextualizing Developmental SNPs in three-dimensions algorithm (CoDeS3D162) 

was used to identify genes that physically interact with loci marked by the T1D associated 

SNPs. Briefly, the CoDeS3D modular python scripts integrate Hi-C contact libraries from 

published sources (Appendices: Supplementary Table 2) to identify spatial co-localization of 

two DNA fragments, with one fragment marking the queried SNP. Gene-containing restricted 

fragments that are in physical contact with fragments containing the queried SNPs are 

identified as spatial pairs to the SNPs. Finally, the resultant spatial SNP-gene pairs are queried 

in the Genotype-Tissue Expression database (GTEx) to identify SNPs that are associated with 

transcript levels of genes through physical interaction at FDR < 0.05162.  

 

In the present study, spatial interactions were identified in Hi-C chromatin contact libraries 

captured from: 1) immortalized cell lines that represent the embryonic germ layers (i.e. 

HUVEC, NHEK, HeLa, HMEC, IMR90, KBM7, and K562); 2) B-cell derived lymphoblastoid 

cell line (GM12878); and 3) primary human tissues (i.e. spleen and pancreas) (Appendices: 

Supplementary Table 2). The identified putative spatial interactions aggregated from different 

Hi-C libraries were utilized to select tissue-specific eQTL effects. Of note, the summary 

statistics for the CoDeS3D run include the Hi-C cell line/tissue in which the interaction was 

observed (Appendices: Supplementary Table 3; column=cell lines). The regulatory potential 

of the spatial connections was identified by incorporating eQTL information from 44 human 

tissues (Genotype-Tissue Expression database [GTEx] v7; www.gtexportal.org)126. Spatial 

eQTLs were deemed significant and recorded if the q < 0.05 after correcting for multiple testing 

using the BH procedure163. Finally, genes whose transcript levels were associated with a 

spatial-eQTL were denoted as eGenes. The eQTL-eGene interactions were defined as either: 

cis, the eQTL and eGene are separated by a linear distance of <1Mb on the same chromosome; 

or trans, eQTLs and their eGenes were separated by >1Mb on the same chromosome or located 

on different chromosomes. 

 

  



 

41 

4.2.3 Genotype imputation for T1D cases and controls 

Genotypes from T1D cases (n=2000) and controls (n=3000) were obtained from the 

Wellcome Trust Case Control Consortium (WTCCC)70. SNPs within individual genotypes 

were converted to rsIDs and genomic positions mapped (GRCh37, hg19). PLINK (v1.90b6.2, 

64-bit) was used for quality control. Genotypes were cleaned using the Method-of-moments F 

coefficient estimate to remove homozygosity outliers (F values < -0.04 or 0.025 < F values). 

Related individuals were identified and removed using proportion IBD (PI_HAT > 0.08). 

Ancestry outliers (identified by principal component analysis [PCA] plotting), individuals with 

sex genotype errors (identified by PLINK), or individuals with missing genotype data (missing 

rate > 5%) were also removed. Finally, SNPs that were not in Hardy-Weinberg Equilibrium (p 

< 10-6) or had a minor allele frequency < 1% were removed before SNP data imputation (Sanger 

imputation server; https://imputation.sanger.ac.uk)176. Following imputation, the T1D 

genotype data was cleaned to remove SNPs with an: impute2 score < 0.3; missing data rate > 

5%; or a minor allele frequency < 1%.  

 

4.2.4 Creation of a WTCCC genotype T1D-eQTL matrix 

The machine learning only used SNPs (quantified or imputed) that did not have any missing 

data across the cohort and thus were present within each of the genotypes that were used. From 

the total 313 T1D SNPs included in the study, 253 SNPs were present within each of the 

WTCCC genotypes (Appendices: Supplementary Table 1). Of these 253 T1D SNPs, 224 had 

detectable eQTLs, connecting to 758 eGenes (6307 tissue-specific eQTL effects). The tissue-

specific eQTL normalized effect size for each T1D-associated SNP within the imputed 

WTCCC genotypes was extracted from the GTEx eQTL summary table of significant eQTLs 

(Appendices: Supplementary Table 3). The normalized effect size for each tissue-specific 

eQTL was weighted by the number of alternative alleles at the eQTL SNP position in each 

individual’s genome. The 30 T1D-associated SNPs that were not eQTLs were unweighted, 

using solely SNP allele count from the imputed genotype. 
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4.2.5 Generation, training and validation of the regularized logistic regression 

models 

In order to identify the optimized predictor model parameters, the weighted WTCCC 

genotype T1D eQTL matrix was randomly split (80:20) into two groups that contained case 

and control genotype data for model training and validation. The Mann-Whitney U test158 with 

the BY control163 (tsfresh version 0.12.0 190) was used to select the individual feature columns 

within the 80% training dataset that were the most relevant attributes for predicting the T1D 

status (i.e. the relevant subset; FDR = 0.2) 191. Note the large FDR of 0.2 was probably caused 

by a bug in tsfresh 0.12.0 in the implementation of the Benjamini-Yekutieli 

procedure https://github.com/blue-yonder/tsfresh/pull/570, which caused a much too 

conservative rejection of features. The relevant subset was then used to train a multiple logistic 

regression algorithm (Scikit-learn version 0.21.3; 183,184) implemented with elastic net 

regularization using the SAGA solver to predict T1D disease status. The training was optimized 

using a Grid Search algorithm with 10-fold cross-validation to identify the best predictor with 

the optimised parameters and created T1D model-1. Hence, T1D model-1 was created from 

80% of the data with the optimised parameters (hyperparameters: C=1, l1_ratio=1, 

max_iter=500, penalty='elasticnet‘, random_state=1, solver='saga‘) from the search of 

following: 

• 'C':[1e-4,1e-3,1e-2,1e-1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,1e0,3,5,7,8,10,     

15,20,25,30,40,50, 100]' 

• ‘max_iter':[1,5,70,100,130,150,170,180,200, 

300,500,1000,1200,1400,1600,1800,2000,2200,2400,2600,3000] 

• 'l1_ratio':[1,0.9,0.8,0.7,0.6] 

 

‘C’ is the inverse of regularization strength that must be positive and specify stronger 

strength with smaller values183,184. ‘solver’ is the algorithm used in the optimization. ‘max_iter’ 

is the maximum number of iterations for the solvers to converge183,184. ‘penalty’ is the penalty 

function183,184. ‘l1_ratio’ is the elastic net regularization strength183,184. When l1_ratio = 0, the 

regularization is equivalent to L2 regularization183,184. When l1_ratio = 1, the regularization is 

equivalent to L1 regularization183,184. 

  

  

https://github.com/blue-yonder/tsfresh/pull/570
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Prediction performance (measured by area under the curve [AUC]) for T1D model-1 was 

tested using the relevant subset from within the 20% validation dataset. The optimal 

hyperparameter l1_ratio=1 effectively reduces the elastic net regularization to a lasso 

regularization. We used Elastic net regularization and found via hyperparameter optimization 

that the limit case of lasso regularization was the most performant.  

 

To calculate a measure of the variation in AUCs of the modelling with the optimised 

parameters from the above model optimization; we undertook 10 repeats of 5-fold cross-

validation of model generation and validation using the Scikit-learn RepeatedKFold 

algorithm183,184 with the full weighted WTCCC genotype T1D-eQTL matrix, starting with the 

random generation of the 80:20 training:validation data sets and without Grid Search 

optimisation. This resulted in 50 T1D logistic regression predictors derived using the same 

general parameters as T1D model-1. 

 

4.2.6 Calculation of tissue-specific contributions to T1D risk 

The 50 T1D regularized logistic regression predictors created from the 10 repeats of 5 fold 

cross-validation were used to test the predictive power of tissue-specific eQTL effects on 

individual genotype risk scores. Tissue-specific contributions to the T1D risk were extracted 

from each predictor as the sum of the absolute values of the weights associated with each tissue. 

 

4.2.7 Validation of the importance of the lung eQTLs in UK Biobank data (T1D 

model-2) 

A second model T1D model-2 (Figure4-1) was created and trained using the full WTCCC 

training dataset with the optimised parameters. This model did not use the 80:20 split that was 

used in T1D model-1.  
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Figure 4-1: T1D model-2 development workflow 

 

T1D model-1 was then validated using 30 cohorts of 993 individual samples (415 cases and 

578 controls) derived from the UK Biobank. The 415 cases were selected, using a modification 

of Sharp et al.19, from the UK Biobank imputed (487,411 individual samples) BGEN format 

dataset using the following criteria: 

1. European Caucasian by genetic clustering methods 

2. Clinical diagnosis of diabetes at ≤ 20 years of age 

3. On insulin within one year from the time of diagnosis 

4. Still on insulin at the time of recruitment 

5. Never self-report as having type 2 diabetes (T2D) 

6. All SNPs included in the model 2 predictor were present within each individual imputed 

genotype data 

The 578 control individual samples, without missing data for any of the SNPs included in 

the model 2 predictor, were randomly selected from the healthy controls within the UK 

Biobank data for each of the 30 test datasets. The genotype data for the 993 case and control 

UK Biobank samples in each test dataset was used to build a weighted eQTL-genotype matrix 

as outlined for model 1.  
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Table 4-1: Primer sequences used for plasmid DNA amplification and Sanger sequencing 

Primer Sequence 

RVprimer3 (forward primer)  CTAGCAAAATAGGCTGTCCC  

EBV-rev (reverse primer)  GTGGTTTGTCCAAACTCATC  

Luciferase (forward primer)  GAGATCGTGGACTATGTGGC  

MPRA_SfiI_F (forward primer)  GCTAAGGGCCTAACTGGCCGCTTCACTG  

MPRA_SfiI_R (reverse primer) GTTTAAGGCCTCCGTGGCCGACGCTCTTC  

 

 

4.2.8 Reporter assay for validating the regulatory effects of genetic sequences  

The Reporter assay analysis was performed by Dr Denis Nayaga, in Justin 

O’Sullivan’s lab group in early 2020 

Luciferase reporter assays (Figure 4-3) were performed using a modification of 192. Briefly, 

DNA sequences flanking rs6679677 (i.e. 74bp 5’ – ref/alt allele – 75bp 3’ [chr1:114303734-

114303884; GRCh37]) containing the reference and alternative sequences) were synthesized 

by Integrated DNA Technologies (IDT). To ensure compatibility with the pMPRA vectors 

(pMPRA1 [Addgene: plasmid #49349] and pMPRAdonor2 [Addgene: plasmid #49353]), each 

sequence was designed using the following template: 5’-ACTGGCCGCTTCACTG-var-

GGTACCTCTAGAAGATCGGAAGAGCGTCG-3’ (i.e. var denotes the 150bp sequence to 

be assayed) (Figure 4-2). The variable region (var) was separated by a pair of KpnI (GGTACC) 

and XbaI (TCTAGA) restriction sites to enable directional insertion of a reporter gene. PCR 

amplification was performed using primer sequences (MPRA_SfiI_F [forward], 

MPRA_SfiI_R [reverse]; Table 4-1) to add two distinct SfiI (GGCCNNNNNGGCC) tails to 

enable directional ligation of the oligonucleotide into pMPRA1 (Figure 4-2). An aliquot of the 

amplification product was electrophoresed (2% agarose, 100V, 45 min) to visualize and verify 

that the product was the correct size (~200bp) and that there were no non-specific amplification 

products. PCR amplicons were digested with SfiI (50°C, 2 hours), purified (QIAquick PCR 

Purification Kit; Qiagen), and quantified by Nanodrop.  
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Figure 4-2: A flow chart of the plasmid-based reporter assay methodology 

(a) Simplified maps of pMPRA1 and pMPRAdonor2 plasmid vectors. The pMPRA1 plasmid 

contains two SfiI restriction sites for directional ligation of the oligonucleotide sequences. The 

pMPRAdonor2 contains KpnI and XbaI restriction sites to facilitate directional ligation of the 

luciferase (luc2) reporter gene fragment, together with the minimal TATA-box promoter 

(minP) within the oligonucleotide sequences. (b) Oligonucleotide sequences used in the 

reporter assay are synthesised DNA sequences flanking the T1D SNPs (i.e. reference and 

alternative sequences) and containing a pair of KpnI (GGTACC) and XbaI (TCTAGA) 

restriction sites for directional ligation of the reporter gene fragment. PCR amplification is 

performed to add two distinct SfiI tails for directional ligation of the oligonucleotide sequences 

into the pMPRA1 backbone. Transformation of the plasmid containing the oligonucleotide 

sequences is performed in competent E. coli cells. The plasmid DNA is extracted from E. coli 

following successful transformation (i.e. presence of colonies). The extracted plasmid DNA is 

digested with KpnI and XbaI, and the luciferase gene (luc2) fragment is ligated within the 

sequence. Transformation of the plasmid is again performed using competent E. coli cells. 

Following a successful transformation, plasmid DNA is extracted and sequenced to confirm 

the absence of indels. The plasmid DNA is transiently transfected into A549 and HepG2 cells, 

and luciferase activity is assessed after 48 hrs in a luminometer. This assay is a modification 

of 192. Figure part (a) is modified from https://www.addgene.org/; and part (b) is redrawn 

from193. pMPRA1 – Addgene: plasmid #49349. pMPRAdonor2 – Addgene: plasmid #49353. 
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pMPRA1 was linearized by digesting with SfiI (50°C, 2 hours), electrophoresed (0.8% 

agarose, 60V, 1 hour), the 2.5kb linearized vector backbone excised, gel purified 

(ZymocleanTM Gel DNA Recovery Kit; Zymo Research), and quantified by Nanodrop. 

 

SfiI-digested oligonucleotides (100 ng) were mixed with linearized pMPRA1 vector 

backbone (50 ng) and ligated by T4 DNA ligase (1U, 16°C, min) to create pMPRA1: 

rs6679677_ref and pMPRA1: rs6679677_alt. The ligation reaction was stopped by heating 

(65°C, 20 min). 

 

pMPRA1:rs6679677_ref and pMPRA1:rs6679677_alt were amplified and selected by the 

transformation in competent E. coli DH5-alpha cells (Mix & Go competent cells) according to 

the manufacturer’s instructions (www.zymoresearch.com/). Briefly, competent E. coli DH5-

alpha cells (100 μL) were thawed on ice before the addition of ligation products (1-5 μL), gentle 

mixing (by flicking), and incubation on ice (5 min). Immediately following incubation on ice, 

the transformed competent cells (100 μL) were spread onto pre-warmed LB agar plates 

supplemented with ampicillin (100 µg/mL) and incubated (37°C, overnight). Single colonies 

were picked and inoculated into LB:Ampicillin media (5 ml containing 100 μg/mL Ampicillin) 

and incubated (37°C, overnight) with shaking (~ 200 rpm). Plasmid DNA was extracted using 

a QIAprep Spin Miniprep Kit, according to the manufacturer’s instructions. Plasmids were 

Sanger sequenced (Massey Genome Service; Massey University) using RVprimer3 (forward) 

and EBV-rev (reverse) primers in (Table 4-1) to confirm the sequences of the inserts.  

 

pMPRA1:rs6679677_ref, pMPRA1:rs6679677_alt were linearized with KpnI (10 U, 37°C, 

1 hour) and purified using the QIAquick PCR Purification Kit (Qiagen). Samples were 

subsequently digested with XbaI (10 U) in the presence of Shrimp Alkaline Phosphatase (1 U, 

37°C, 2 hours) prior to heat-inactivation (65°C, 5 min) and purification using the QIAquick 

PCR Purification Kit (according to the manufacturer’s instructions).  

 

A luc2 open reading frame (ORF) was prepared from pMPRAdonor2 (1 μg) by KpnI (20 U) 

XbaI (20 U) double digestion (37 °C, 1 hour), electrophoresis (0.8% agarose, 60V, 1 hour), and 

gel purification of the 1.7 kb band using the ZymocleanTM Gel DNA Recovery Kit (Zymo 

Research). 

 

http://www.zymoresearch.com/
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The luc2 open reading frame was cloned into the KpnI and XbaI digested 

pMPRA1:rs6679677_ref, pMPRA1:rs6679677_alt plasmids, transformed and selected as 

described earlier. The resultant plasmids (pMPRA1:luc_rs6679677_ref, 

pMPRA1:luc_rs6679677_alt) were Sanger sequenced (Massey Genome Service; Massey 

University) using the luciferase primer in (Table 4-1) to confirm the luc2 gene insertion.  

 

A549 (lung epithelial carcinoma; ATCC) and HepG2 (human liver carcinoma; ATCC) cells 

were maintained in DMEM and RPMI 1640 (ThermoFisher), respectively, supplemented with 

10% fetal bovine serum, 1% GlutaMAX, and 1% penicillin/streptomycin at 37°C in a humid 

incubator purged with 5% CO2. Cells were routinely tested for mycoplasma contamination. For 

transfection, ~1.0 × 105 cells were seeded in a single well of a 24-well plate, followed by the 

addition of 500 μL of the appropriate complete media. On the day of transfection (24 hours 

following cell plating), ~75% confluent wells were co-transfected with luciferase plasmid 

DNA (i.e. 800 ng of pMPRA1:luc_rs6679677_ref, pMPRA1:luc_rs6679677_alt, or 

pMPRAdonor2 luciferase control) and a beta-galactosidase control plasmid (200 ng) using 

lipofectamine 3000 (ThermoFisher; according to the manufacturer’s instructions).  

 

At 48 hours following transfection, cells were lysed using the Glo lysis buffer (Promega) 

and luciferase activity assessed using the ONE-GloTM Luciferase Assay System (Promega) in 

a VarioskanTM LUX multimode microplate reader (according to the manufacturer’s 

instructions). For the beta-galactosidase assay, 20 µl beta-galactosidase reagent (i.e. 0.2M 

phosphate buffer (pH 7.4), 2 mM MgCl2, 100 mM β-mercaptoethanol, and 1.3 mg/ml ortho-

Nitrophenyl-β-galactoside) was added to 20 µl of transfection cell lysate (prepared using the 

Glo lysis buffer) in a 96 well plate and incubated at 37°C for 30 minutes. The absorbance was 

then read at 420 nM in a VarioskanTM LUX multimode microplate reader following the 

manufacturer’s instructions. 

 

4.2.9 Data analysis 

All statistical testing was performed using R software (version v3.6.3) 194, Scikit-learn 

(version 0.21.3; 183,184), tsfresh (version 0.12.0 190), and pymc3 (version 3.8; 195). Visualization 

for the luciferase luminescence was performed using GraphPad Prism (v8.4.3). 
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4.2.10 Code Availability 

CoDeS3D pipeline is available at: https://github.com/Genome3d/codes3d-v1. 

Python scripts used for machine learning are available at: 

https://github.com/Genome3d/T1D_logistic_lasso_predictor.git/  

Python version 3.7.3 was used for all the python scripts.  

 

4.3 Results  

4.3.1 T1D SNPs impact an extensive gene regulatory network 

The methodology used for the characterization of the regulatory networks for T1D-

associated SNPs is summarized in Figure 4-3. Briefly, we used the CoDeS3D162 algorithm to 

analyze 313 T1D-associated SNPs (Methods; Appendices: Supplementary Table 1) using Hi-

C chromatin contact libraries (Appendices: Supplementary Table 2) and GTEx (v7) RNAseq 

data (Methods). The Hi-C libraries that were used in this study included immortalized cell lines 

and primary human tissues (Appendices: Supplementary Table 2) and were chosen to ensure a 

range of known and possible interactions were included in the analysis. We define a spatial 

eQTL as SNP that tag a locus that: 1) physically interacts with a gene; and 2) explains a fraction 

of the genetic variance of the interacting gene transcription level. According to our definition, 

the eQTL variant can sit anywhere within the genome. This includes within the boundaries of 

the gene, as long as the gene is covered by ≥3 restriction fragments in the Hi-C library. Of the 

313 SNPs, 57 SNPs had no identifiable eQTLs, resulting in 256 T1D-associated SNPs 

connecting to 822 genes (1479 spatial eQTL-eGene associations; FDR q < 0.05; Appendices: 

Supplementary Table 3). As expected from our previous study15, the 822 genes were enriched 

for immune activation and response pathways (Appendices: Supplementary Table 4). 
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The eQTL-eGene interactions were categorized as either: cis, the eQTL and eGene are 

separated by a linear distance of ≤1Mb on the same chromosome; or trans, eQTLs and their 

eGenes were separated by >1Mb on the same chromosome or located on different 

chromosomes. Notably, of the 256 T1D-associated SNPs with spatial-eQTLs, 190 affected the 

trans-regulation of 361 genes, while 201 affected the cis-regulation of 493 genes. Some genes 

(n= 32) were regulated by different eQTLs in both cis and trans (e.g. TRIM26, RNF5, PSMB9, 

and NOTCH4; Appendices: Supplementary Table 2). Notably, the 112 trans-regulated genes 

(e.g. FOXP1, CAMTA1, and ROBO2) we identified are enriched for being less tolerant of 

inactivating (i.e. Loss-of-Function) mutations (Figure 4-4; Appendices: Supplementary Table 

5).  

 

 

 

 

Figure 4-3: Overview of the methods used to predict the regulatory effects of genetic 

variants associated with the development of T1D 
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Figure 4-4: Loss of function analysis for spatially regulated genes 

Analyses of the loss of function intolerance of the genes that are spatially regulated by T1D 

SNPs using the Genome Aggregation Database (gnomAD)196. Trans-regulated genes are less 

tolerant of inactivating mutations. No eQTLs – gnomAD genes with no significant eQTL 

associations with T1D SNPs; cis – genes with significant eQTL associations with T1D SNPs 

< 1 Mb window; trans-intrachromosomal – genes with significant eQTL associations with T1D 

SNPs > 1Mb but within the same chromosomes; trans-interchromosomal – genes with 

significant eQTL associations with T1D SNPs > 1Mb but on different chromosomes. 

Probability of Loss of Function-Intolerance is the probability for genes to loss their biological 

functions with a single genetic mutation. 

 

 

 

4.3.2 Machine learning identifies transcriptional changes in the lung as key for 

conversion of risk to T1D risk  

Based on our eQTL analysis, we determined that T1D SNPs form an integrated gene 

regulatory network across tissues and immune cell types. We reasoned that we could use a 

machine learning approach to integrate the tissue-specific spatial eQTL-eGene associations 

with thousands of individual genotypes from large T1D cohorts to convert population level risk 

(i.e. GWAS SNPs) to individualized risk (i.e. the burden for an individual’s genotype).  
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We trained and validated the predictive accuracy of a regularised logistic regression 

predictor (Methods; Figure 4-1), which predicts the T1D disease status. This model was used 

to estimate the additive tissue-specific contribution of the spatial eQTLs within genotypes from 

individuals who developed T1D (WTCCC; 1960 T1D cases and 2933 controls). Individual 

genotypes were weighted using the tissue-specific spatial eQTL effect sizes from the CoDeS3D 

analysis (Appendices: Supplementary Table 3). Of the 313 T1D-associated SNPs, 253 were 

present within each of the WTCCC genotypes (Appendices: Supplementary Table 1 and 6). Of 

the 253 SNPs, 224 had identifiable eQTLs, connecting to 758 eGenes (6307 tissue-specific 

eQTL effects). 

 

Essential feature selection was performed using the Mann-Whitney U test158 with the BY 

control163 (selected 2048 data features from 6307 eQTL features and 29 SNP features with 

unknown eQTL effects) and lasso regularization of the logistic regression. T1D regularised 

logistic regression predictor training (80% of the WTCCC derived eQTL dataset) was 

implemented with Grid search and 10-fold validation to identify the optimized hyperparameters 

(Methods). In this study, the AUC was used to identify the top performing predictor developed 

using the additive tissue-specific contributions of the spatial eQTLs within genotypes from 

individuals who developed T1D. As such, our predictor AUC is not directly comparable to 

AUCs generated by polygenic risk scores on the same datasets. The T1D regularised logistic 

regression predictor with the optimized hyperparameters (T1D model-1 with 135 selected data 

features) delivered an AUC 0.76 prediction performance with the validation data (20% of the 

WTCCC derived eQTL dataset) (Methods). T1D model 1 was trained by 80% and validated 

by 20% of the WTCCC derived eQTL dataset. Thus, T1D model-1 was further validated by 10 

repeats of 5-fold cross validation. We estimated the variation in predictor performance using 

the AUCs for 50 T1D regularised logistic regression predictors that were created with the 

optimised hyperparameters of T1D model 1 on randomized subsets (10 repeats of 5-fold cross-

validation [80% training and 20% validation]) of the WTCCC derived eQTL dataset (Figure 

4-5 (Methods). The mean AUC prediction, calculated from the 50 T1D regularised logistic 

regression predictors, was only 1.7% different (i.e. [0.76-0.747]/0.76) and the distribution 

encompassed the original AUC (min = 0.712, max = 0.771, standard deviation of 0.14; Figure 

4-5, [95% confident interval (0.743,0.751)]).Therefore, we concluded that the predictors 

created with the optimized hyperparameters performed well across different data sets generated 

from the 10 repeats of 5-fold cross-validation. 
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Figure 4-5: AUC distribution of the 50 predictors 

Kernel Density Estimate plot of AUC distribution created from the 10 repeated 5-fold cross-

validations (50 predictors) of the T1D regularized logistic regression predictors with the 

optimised hyperparameters of T1D model-1. The AUC mean is 0.747 with a standard deviation 

of 0.14. [X axis: AUC (percentage/100), Y axis: frequency of AUC (%)] [95% confident 

interval (0.743,0.751)]    

 

 

In the regularised logistic regression predictors, the absolute values of the model weights 

(coefficients) of the eQTL effects or SNPs were used as proxies of their contributions to the 

predicted disease risk. Tissue-specific contributions to the T1D risk  were extracted from each 

of the 50 T1D regularised logistic regression predictor models as the sum of the absolute values 

of the model weights (coefficients) of the selected eQTL or SNP features associated with each 

tissue group (Figure 4-6; Appendices: Supplementary Table 7) (Methods). We then ranked the 

tissue-specific contributions to the 50 regularised logistic regression predictors. This ranking 

identified the lung as the top average contributor to the relative risk (case:control) of 

developing T1D. Across all 50 regularised logistic regression predictors, the lung explained a 

mean of 13.6% (standard deviation of 2.51%) of the relative risk of developing T1D (Figure 4-

6; Appendices: Supplementary Table 8).  
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Figure 4-6: Tissue specific contributions of 50 regularised logistic regression predictors 

created with T1D model-1’s hyperparameters 

Kernel Density Estimate plot of AUC distribution created from the 10 repeated 5-fold cross-

validations (50 predictors) of the T1D regularized logistic regression predictors with the 

optimised hyperparameters of T1D model-1. The AUC mean is 0.747 with a standard deviation 

of 0.14. [X axis: AUC (percentage/100), Y axis: frequency of AUC (%)] [95% confident 

interval (0.743,0.751)] The distributions were created from the 50 T1D regularised logistic 

regression predictors that were created using the optimised hyper-parameters of model 1. These 

regularised logistic regression predictors integrated four different forms of biological 

information: 1) GWAS or fine mapping; 2) Hi-C; 3) eQTL; and 4) genotype data. SNPs denote 

T1D-associated SNPs for which no eQTLs were identified. X axis is the total value of the 

model weights (no units). 
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4.3.3 CTLA4 contributes to the risk associated with the lung and testes 

When training our T1D regularised logistic regression predictors, we identified a split 

distribution for the lung that was dependent upon the lasso regularization inclusion or exclusion 

of the rs3087243-CTLA4 spatial eQTL within the two tissues where it was identified (i.e. lung 

or testes; Figure 4-7). Since lasso regularization keeps only one of a group of highly correlated 

features, we sought to validate the possibility that rs3087243-CTLA4 has significant effects on 

the contribution of the lung and testis to T1D risk.  

 

To test the effects of specifically removing the rs3087243-CTLA4 feature, we created two 

alternative weighted WTCCC genotype T1D eQTL models in which this eQTL was removed 

from either the lung or the testis within the weighted WTCCC genotype T1D-eQTL matrix. 

The AUCs and tissue-specific contributions from 50 T1D predictors with the optimized 

hyperparameters from each of the alterative matrices were evaluated by Mann-Whitney U 

test158  controlled by Benjamini Yekutieli FDR191 and Bayesian estimation (Figure 4-8 and 4-

9;197). The Mann Whitney U Test method was used to assess the differences of the risk 

contribution distributions of tissue groups and the AUC results from the two sets of the 50 

predictors of the two alternative models (Figure 4-8). On the other hand, the Bayesian 

estimation method was only used to evaluate the differences of the AUC results from the two 

sets of the 50 predictors (Figure 4-9)197. The distribution of the AUC result differences was 

prior descripted as Student-T. with the mean ~ N(sample mean, sample std * 2), stand deviation 

~ U(0,1) and degree of freedom ~ (Exp(1/29) +1). With 2000 iterations of MCMC stimulation 

with the prior parameter distributions, the Bayesian estimation method pulled out all the 

creditable combinations of the parameters and created the posterior distributions of each model 

parameter given the AUC result difference data197. There was a 94% chance that the mean was 

between -6.7 x 10-5 and 3.6 x 10-5 including zero, and the stand deviation was between 1.5 x 

10-3 and 2.3 x 10-3.  
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The results indicated that no other tissues were affected, consistent with the rs3087243-

CTLA4 spatial eQTL only being detected in the lung and testes. The lung rs3087243-CTLA4 

eQTL contributed an average of 4% to T1D risk (Appendices: Supplementary Table 9). The 

lung eQTL involving rs3087243 and CTLA4 is also notable as: 1) rs3087243 has also been 

linked with progression from single to multiple autoantibodies in the TrialNet PTP cohort168; 

2) CTLA4 encodes an immunoglobulin protein crucial for modulating T cell function and 

mediating autoimmunity; and 3) immune intervention trials targeting CTLA4 have reported 

significant but short-term positive metabolic outcomes198. 
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Figure 4-7: Tissue contributions of the T1D logistic lasso regression models 

The tissue contributions with eQTL rs3087243 either at testis (a) or at lung (b) created from 

10 repeated 5-fold cross-validations (50 predictors). (c) Overlap of (a) and (b) highlighting the 

lung and testes differences. The SNPs category denotes T1D-associated SNPs that are not 

eQTLs. The X axes are the total value of the model weights (no units). 

 

 

 

 

 

Figure 4-8: P-values (-log10) of the tissue-specific contribution and AUC differences of 

50 T1D predictor pairs with eQTL rs3087243 at testis or at lung 

Most of the GTEx tissue-specific contributions and AUCs of the predictor pairs are not 

significantly different. However, the contributions at lung and testis have significant 

differences (Mann Whitney U Text controlled by BY FDR <0.01). 
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Figure 4-9: AUC difference distribution between 50 T1D regularised logistic regression 

predictor pairs with the eQTL rs3087243 either at testis or at lung evaluated by Bayesian 

estimation supersedes the t-test (2000 iterations of model simulation) 

The simulated AUC difference data mean is 1.4e-05 with the standard deviation of 0.00019. 

[Y axis: posterior distribution; X axis: Mean of AUC difference and Standard deviation of 

AUC differences; AUC; Area under the Curve. HPD; highest posterior density interval]. 

Informed prior was modelled as Student-T with mean ~ N(sample mean, sample std * 2), stand 

deviation ~ U(0,1) and degree of freedom ~ (Exp(1/29) +1).  

 

4.3.4 Predictions from T1D model-1 were confirmed using a second model T1D 

model-2 trained with more data 

To enable more precise data-feature risk estimations, a second T1D regularised logistic 

regression predictor (T1D model-2) (134 tissue-specific eQTL effects across GTEx tissues and 

six SNPs with unknown eQTLs) was created (Methods) and trained with the optimised 

hyperparameters using the full WTCCC cohort (In-sample AUC = 0.774). (T1D model-2 

differed from T1D model-1, which used an 80:20 split for internal WTCCC validation.) T1D 

model-2 was validated against the UK Biobank (UKBB) (30 subsets of T1D datasets of 415 

cases and 578 controls). T1D model 2 achieved a mean AUC = 0.754 (Table 4-2; Figure 4-10; 

Table 4-3) and was used to rank the eQTLs that impacted on the lung contribution to T1D risk 

(Table 4-4). It should be noted that this T1D model-2 excluded the rs3087243-CTLA4 eQTL, 

which contributed an average of 4% to T1D risk in the 50 T1D regularised logistic regression 

predictors (calculated with the optimised hyperparameters of T1D model-1; see above).  
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Table 4-2: A summary from the Bayesian analysis of the validation AUCs from the model 

2 predictor on the 30 UK Biobank dataset 

 Mean SD HPD_2.5% HPD_97.5% 

μ 0.754 0.002 0.749 0.758 

σ 0.011 0.002 0.009 0.014 

μ - mean of the simulations (1000) from the model created using 30 AUC prediction results; σ 

- standard deviation from the simulations; SD - standard deviation; HPD - highest posterior 

density interval; AUC - Area Under the Curve. Uninformed prior distribution was normal with 

mean ~ U(0,1) and standard deviation ~ HalfNormal(std=0.01). [X axis: mean AUC and 

standard deviation of AUC, Y axis: posterior distribution]. From the 1000 simulation iterations 

with the uninformed prior distributions, the posterior distributions of parameters showed there 

was a 95% chance that the mean (µ) AUC was between 0.749 and 0.758, and its SD (σ) was 

between 0.009 and 0.014. 

 

 

 

 

The major contributor eQTL (rs6679677) down-regulated AP4B1-AS1 transcript levels in 

the lungs and conferred a 13.3% contribution to the T1D risk prediction model. This was 

comparable to the mean predictor weighting (13.6%) of the 50 models created with T1D model-

1’s hyperparameters. Notably, rs6679677 also down-regulates AP4B1-AS1 expression in whole 

blood samples (eQTLGen; Table 4-5) as well as modulating the expression of genes associated 

with immune regulation, including FOXP3, CTLA4, IL2RA, and SLAMF1 in whole blood 

(eQTLGen; http://www.eqtlgen.org 199; Table 4-5).  
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Figure 4-10: Validation of AUC results from T1D model-2 on the 30 UK Biobank test 

dataset 

a) Kernel density estimate (KDE) plot of the 30 AUC results (mean=0.754; SD=0.0011. [X 

axis: AUC, Y axis: frequency of AUC values (%)] b) The posterior estimation results from the 

Bayesian analysis (1000 iterations of model simulation) of the 30 AUCs. From the Bayesian 

estimation, there was a 95% chance that the mean (µ) AUC was between 0.749 and 0.758, and 

its SD (σ) was between 0.009 and 0.014. SD; standard deviation, AUC; Area under the Curve. 

HPD; highest posterior density interval. Uninformed prior distribution was normal with mean 

~ U(0,1) and standard deviation ~ HalfNormal(std=0.01). [X axis: mean AUC and standard 

deviation of AUC, Y axis: posterior distribution] 

 

 

 

  



 

62 

 

 

Table 4-3: AUC results of the validating final T1D predictor on the 30 UK Biobank test 

dataset 

UKBIO T1D AUC  
0.7318  
0.7373  
0.7387  
0.7402  
0.7408  
0.7414  
0.7421  
0.7443  
0.7464  
0.7480  
0.7503  
0.7513 range from 0.732 to 0.772 
0.7526 mean: 0.754 
0.7531 std: 0.011 

0.7548  
0.7558  
0.7558  
0.7572  
0.7583  
0.7590  
0.7607  
0.7609  
0.7614  
0.7622  
0.7633  
0.7685  
0.7692  
0.7700  
0.7709  
0.7719  
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Table 4-4: Ranking of eQTLs on tissue-specific contribution to T1D risk using the final 

T1D classification model 

The major contributor eQTL (rs6679677) modulates AP4B1-AS1 transcript levels in the lung and 

contributes 13.3% to T1D risk. (Data features are the features selected in the T1D classification model. 

Weights are the model weight of the data features in the T1D regularised logistic predictor model. The 

Lung eQTL risk contribution is calculated by ([abs(-2.3626)/sum(abs(weights)] *100). 

Data feature weight 
Lung--rs6679677_A--AP4B1-AS1 -2.3626 

rs9272346_G -1.2298 

Breast_Mammary_Tissue--rs947474_G--ZNF365 -0.9106 

Ovary--rs11711054_G--CCRL2 -0.4915 

Testis--rs3087243_A--CTLA4 -0.3969 

Pancreas--rs10795791_G--CD300A -0.3949 

Vagina--rs12927355_T--RP11-848P1.9 -0.3843 

Brain_Frontal_Cortex_BA9--rs743777_G--MYO18B -0.3742 

Brain_Cortex--rs17388568_A--KIAA1109 -0.3291 

Cells_Transformed_fibroblasts--rs2269241_C--RN7SL130P -0.3149 

Artery_Aorta--rs2269241_C--RN7SL130P -0.2727 

Esophagus_Mucosa--rs16956936_T--CHRNB1 -0.2653 

Brain_Hypothalamus--rs1250563_C--CCAR1 -0.2641 

Brain_Amygdala--rs17388568_A--KIAA1109 -0.2362 

Artery_Aorta--rs13415583_G--AFF3 -0.1911 

Skin_Sun_Exposed_Lower_leg--rs16956936_T--EFNB3 -0.1878 

Adipose_Visceral_Omentum--rs2069762_C--36951 -0.1865 

Adipose_Subcutaneous--rs16956936_T--EFNB3 -0.1842 

Spleen--rs151234_C--SULT1A2 -0.1798 

Thyroid--rs12927355_T--RMI2 -0.1613 

Brain_Cerebellar_Hemisphere--rs7221109_T--KRT24 -0.1521 

Thyroid--rs16956936_T--KCNAB3 -0.1362 

Stomach--rs11711054_G--OSBPL10 -0.1344 

Colon_Sigmoid--rs193778_G--RMI2 -0.1157 

Testis--rs231775_G--CTLA4 -0.1092 

Artery_Tibial--rs16956936_T--CNTROB -0.0964 

Brain_Spinal_cord_cervical_c-1--rs11052552_T--CLECL1 -0.0860 

Artery_Tibial--rs2542151_G--RP11-973H7.1 -0.0857 

Stomach--rs9924471_A--SULT1A2 -0.0793 

Esophagus_Mucosa--rs7221109_T--KRT24 -0.0784 

Adipose_Visceral_Omentum--rs151234_C--SULT1A2 -0.0779 

Brain_Frontal_Cortex_BA9--rs10947332_A--HLA-DQB2 -0.0777 

Whole_Blood--rs151234_C--SULT1A2 -0.0750 

Brain_Frontal_Cortex_BA9--rs13415583_G--AFF3 -0.0701 

Minor_Salivary_Gland--rs1052553_G--KANSL1-AS1 -0.0685 

Brain_Cerebellum--rs2292239_T--RPS26 -0.0672 

Brain_Cerebellar_Hemisphere--rs757411_C--KRT24 -0.0650 

Nerve_Tibial--rs11052552_T--CLECL1 -0.0641 

Brain_Cortex--rs13415583_G--AFF3 -0.0572 

Cells_EBV-transformed_lymphocytes--rs3135002_A--HLA-DRB6 -0.0562 

Brain_Hippocampus--rs9924471_A--SULT1A2 -0.0545 

Skin_Not_Sun_Exposed_Suprapubic--rs2292239_T--RPS26 -0.0500 

Spleen--rs151234_C--ZNF423 -0.0483 

Brain_Hypothalamus--rs917911_C--CLECL1 -0.0439 

Heart_Atrial_Appendage--rs9924471_A--SULT1A2 -0.0430 
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Nerve_Tibial--rs917911_C--CLECL1 -0.0417 

Brain_Cerebellar_Hemisphere--rs231775_G--FMNL2 -0.0406 

Artery_Aorta--rs2542151_G--RP11-973H7.1 -0.0392 

Brain_Anterior_cingulate_cortex_BA24--rs10947332_A--HLA-
DQB2 -0.0374 

Colon_Sigmoid--rs2542151_G--RP11-973H7.1 -0.0363 

Brain_Hypothalamus--rs4505848_G--ELF2 -0.0329 

Colon_Transverse--rs2542151_G--RP11-973H7.1 -0.0326 

Esophagus_Muscularis--rs2542151_G--RP11-973H7.1 -0.0314 

Nerve_Tibial--rs151234_C--SULT1A2 -0.0309 

Heart_Atrial_Appendage--rs2292239_T--RPS26 -0.0299 

Brain_Spinal_cord_cervical_c-1--rs2292239_T--RPS26 -0.0292 

Brain_Cortex--rs416603_A--RMI2 -0.0288 

Pituitary--rs2292239_T--RPS26 -0.0266 

Esophagus_Mucosa--rs72727394_T--RP11-275I4.2 -0.0262 

Nerve_Tibial--rs10947332_A--HLA-DQB2 -0.0229 

Artery_Tibial--rs1052553_G--CRHR1-IT1 -0.0225 

Minor_Salivary_Gland--rs10947332_A--HLA-DQB2 -0.0216 

Cells_Transformed_fibroblasts--rs2476601_A--AP4B1-AS1 -0.0215 

Adrenal_Gland--rs917911_C--CLECL1 -0.0198 

Brain_Caudate_basal_ganglia--rs17388568_A--KIAA1109 -0.0175 

Lung--rs1052553_G--KANSL1-AS1 -0.0162 

Colon_Transverse--rs2251396_A--PSORS1C1 -0.0150 

Artery_Aorta--rs2292239_T--RPS26 -0.0147 

Esophagus_Muscularis--rs2292239_T--RPS26 -0.0123 

Thyroid--rs2292239_T--RPS26 -0.0112 

Brain_Putamen_basal_ganglia--rs2292239_T--RPS26 -0.0082 

Cells_EBV-transformed_lymphocytes--rs11203203_A--CDC42BPA -0.0069 

Cells_EBV-transformed_lymphocytes--rs9268645_G--HLA-DQB2 -0.0066 

Ovary--rs2292239_T--RPS26 -0.0062 

Brain_Cerebellar_Hemisphere--rs917911_C--AC091814.2 -0.0058 

Brain_Cerebellum--rs3135002_A--HLA-DRB6 -0.0058 

Colon_Sigmoid--rs10947332_A--HLA-DQB2 -0.0037 

Esophagus_Gastroesophageal_Junction--rs2542151_G--RP11-
973H7.1 -0.0032 

Adrenal_Gland--rs2251396_A--PSORS1C1 -0.0028 

Cells_EBV-transformed_lymphocytes--rs10947332_A--HLA-DQB2 -0.0020 

Uterus--rs11171739_T--RPS26 0.0014 

Esophagus_Muscularis--rs45450798_G--RP11-973H7.1 0.0021 

Brain_Spinal_cord_cervical_c-1--rs3135002_A--HLA-DQB1 0.0045 

Esophagus_Gastroesophageal_Junction--rs45450798_G--RP11-
973H7.1 0.0059 

Heart_Left_Ventricle--rs3129889_G--HLA-DRB5 0.0062 

Pituitary--rs3135002_A--HLA-DQB1 0.0073 

Brain_Cerebellum--rs1689510_C--SUOX 0.0074 

Artery_Tibial--rs9981624_C--XRRA1 0.0101 

Small_Intestine_Terminal_Ileum--rs2251396_A--MICA 0.0103 

Skin_Sun_Exposed_Lower_leg--rs3129889_G--HLA-DRB5 0.0108 

Spleen--rs62447205_G--FIGNL1 0.0124 

Spleen--rs3129889_G--HLA-DRB5 0.0125 

Pituitary--rs62447205_G--FIGNL1 0.0150 

Muscle_Skeletal--rs10947332_A--HLA-DQB1 0.0162 

rs2647044_A 0.0188 

Thyroid--rs3129889_G--HLA-DRB5 0.0190 

Thyroid--rs2903692_A--HNRNPCP4 0.0192 
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Spleen--rs478222_T--CACNA2D3 0.0202 

Nerve_Tibial--rs1689510_C--SUOX 0.0225 

Colon_Sigmoid--rs45450798_G--RP11-973H7.1 0.0274 

Brain_Cerebellar_Hemisphere--rs4763879_A--AC091814.2 0.0287 

Spleen--rs2251396_A--MICA 0.0307 

Brain_Cerebellum--rs9653442_C--AFF3 0.0368 

Testis--rs2269241_C--PGM1 0.0459 

Brain_Cerebellum--rs1270942_G--C4A 0.0464 

Brain_Cerebellar_Hemisphere--rs9653442_C--AFF3 0.0468 

Artery_Tibial--rs45450798_G--RP11-973H7.1 0.0483 

Prostate--rs62447205_G--FIGNL1 0.0592 

Brain_Cerebellar_Hemisphere--rs2153977_C--TSPAN2 0.0596 

Brain_Cerebellar_Hemisphere--rs62447205_G--FIGNL1 0.0608 

Uterus--rs2903692_A--COTL1 0.0664 

Testis--rs3129889_G--HLA-DRB5 0.0713 

Nerve_Tibial--rs4763879_A--CLECL1 0.0737 

Esophagus_Gastroesophageal_Junction--rs12722495_C--ITIH5 0.0759 

Adrenal_Gland--rs4763879_A--CLECL1 0.0780 

Skin_Sun_Exposed_Lower_leg--rs72727394_T--RASGRP1 0.0841 

rs2187668_T 0.0988 

Brain_Hypothalamus--rs4763879_A--CLECL1 0.0988 

Brain_Cerebellum--rs2857595_A--MICB 0.1029 

Brain_Cerebellar_Hemisphere--rs2857595_A--MICB 0.1097 

Brain_Cerebellum--rs10758593_A--PDCD1LG2 0.1101 

rs9469200_C 0.1147 

Testis--rs193778_G--RP11-485G7.5 0.1172 

Brain_Cerebellum--rs62447205_G--FIGNL1 0.1310 

Skin_Not_Sun_Exposed_Suprapubic--rs72727394_T--RASGRP1 0.1460 

rs2327832_G 0.1568 

Artery_Aorta--rs9653442_C--AFF3 0.1655 

Brain_Cortex--rs4505848_G--KIAA1109 0.1740 

Thyroid--rs12927355_T--HNRNPCP4 0.1763 

Brain_Spinal_cord_cervical_c-1--rs11203203_A--XKR6 0.1769 

Heart_Atrial_Appendage--rs9981624_C--XRRA1 0.1782 

Whole_Blood--rs478222_T--ADCY3 0.1845 

Vagina--rs8056814_A--CFDP1 0.1854 

rs9269173_A 0.2252 

Colon_Transverse--rs6534347_A--KIAA1109 0.2547 

Cells_Transformed_fibroblasts--rs7020673_C--EIF4ENIF1 0.3010 

Brain_Hippocampus--rs12444268_T--RP11-525K10.3 0.3070 

Brain_Cerebellar_Hemisphere--rs61839660_T--RIN2 0.3162 

Esophagus_Gastroesophageal_Junction--rs61839660_T--ITIH5 0.3463 

Heart_Left_Ventricle--rs8056814_A--RP11-252K23.2 0.3544 
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Table 4-5: Regulatory effects of rs6679677 from the blood eQTL database (http://www.eqtlgen.org) 

SNP Chr Pos (hg19) Gene Gene_Symbol Chr Pos (hg19) 
Z-
score Assessed Other 

Nr 
Cohorts 

Nr 
Samples P-value FDR 

Interaction 
type 

rs6679677 1 114303808 ENSG00000163599 CTLA4 2 204735596 6.1673 A C 34 29781 6.95E-10 2.041E-05 Trans 

rs6679677 1 114303808 ENSG00000111728 ST8SIA1 12 22403341 6.0496 A C 33 29741 1.45E-09 5.764E-05 Trans 

rs6679677 1 114303808 ENSG00000013725 CD6 11 60763482 5.8645 A C 34 29781 4.51E-09 0.0001048 Trans 

rs6679677 1 114303808 ENSG00000134460 IL2RA 10 6078470 5.6158 A C 33 29741 1.96E-08 0.0002454 Trans 

rs6679677 1 114303808 ENSG00000049768 FOXP3 X 49114092 5.5337 A C 15 9188 3.14E-08 0.0004083 Trans 

rs6679677 1 114303808 ENSG00000198821 CD247 1 167443862 

-
5.4182 A C 34 29781 6.02E-08 0.0008063 Trans 

rs6679677 1 114303808 ENSG00000117090 SLAMF1 1 160597487 5.3696 A C 34 29781 7.90E-08 0.0009991 Trans 

rs6679677 1 114303808 ENSG00000110324 IL10RA 11 117864629 5.0145 A C 34 29781 5.32E-07 0.0046849 Trans 

rs6679677 1 114303808 ENSG00000226167 AP4B1-AS1 1 1.14E+08 

-
6.0837 A C 12 4988 1.17E-09 1.313E-05 Cis  

rs6679677 1 114303808 ENSG00000134262 AP4B1 1 1.14E+08 

-
5.5585 A C 32 28851 2.72E-08 0.0001148 Cis  

 

 

 

 

 



 

67 

 

 

Table 4-6: HLA SNPs used in the study 

HLA region SNPs 
that are present 
in the WTCCC 
cohort data 

HLA region SNPs that passed 
Mann Whitney feature 
selection Tissue interactions that are represented in T1D models 1 and 2 

rs12153924 rs2187668* Adrenal_Gland--rs2251396_A--PSORS1C1 

rs17211699 rs2251396 Colon_Transverse--rs2251396_A--PSORS1C1 

rs1980493 rs3129889 Small_Intestine_Terminal_Ileum--rs2251396_A--MICA 

rs2187668 rs9268645 Spleen--rs2251396_A--MICA 

rs2251396 rs9272346* Heart_Left_Ventricle--rs3129889_G--HLA-DRB5 

rs3129889 rs9469200* Skin_Sun_Exposed_Lower_leg--rs3129889_G--HLA-DRB5 

rs660895 * SNPs with no eQTL effects Spleen--rs3129889_G--HLA-DRB5 

rs9268645  Testis--rs3129889_G--HLA-DRB5 

rs9272346  Thyroid--rs3129889_G--HLA-DRB5 

rs9378176  Cells_EBV-transformed_lymphocytes--rs9268645_G--HLA-DQB2 

rs9469200   

 

 

 

 

4.3.5 Regulatory changes in the HLA locus associate to the risk of developing T1D in 

both T1D model-1 and model-2 

The HLA-region is strongly associated with the development of T1D, accounting for 40-

50% of the familial aggregation200. We observed spatial eQTLs involving HLA (Table 4-6) 

within T1D models 1 and 2. The significant HLA spatial eQTLs involved SNPs rs2251396-

PSORS1C1, rs2251396-MICA, rs3129889-HLA-DRB5, and rs9268645-HLA-DQB2 and were 

observed as contributing to the risk of developing T1D in multiple tissues (e.g. adrenal gland, 

transverse colon, small intestine, spleen, heart left ventricle, sun exposed skin, testis, and 

thyroid). 
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4.3.6 Validation of lung cell allele-specific enhancer activity of locus marked by 

eQTL rs6679677 

Our results indicate that eQTL (rs6679677) down-regulates AP4B1-AS1 transcript levels in 

the lung. Therefore, we performed a luciferase enhancer assay to experimentally validate that 

the top ranked eQTL (rs6679677) marks an allele and tissue specific enhancer. DNA sequences 

flanking rs6679677 (i.e. 74bp 5’ – ref/alt allele – 75bp 3’ [chr1:114303734-114303884; 

GRCh37]) were cloned into the 3’UTR of a minimal TATA-box promoter and luciferase gene 

construct to test whether the cloned sequence contain enhancer elements for gene expression 

(Methods; Figure 4-2)192. Transient transfection of the plasmid vector containing the reference 

locus (i.e. the major allele for rs6679677) resulted in a fold increase in luciferase activity when 

compared to the control vector in A549 (lung) and HepG2 (liver) cells (~11 and ~5 fold 

increase, respectively). This is consistent with the existence of H3K9ac histone modifications 

at the locus tagged by rs6679677 in both the lung and liver tissues (see HaploReg; 

https://pubs.broadinstitute.org/mammals/haploreg/haploreg.php). Notably, a significant allele 

specific reduction in enhancer activity (i.e. nucleotide change from C>A) was observed only 

in the A549 cells (p = 0.005; Figure 4-11), consistent with the identification of an eQTL 

involving this locus in the lung but not the liver. Collectively, these results support the allele 

specific enhancer activity for the locus marked by rs6679677 in the lung. 

 

 

 

 

 

 

 

 

 

 

 

 

 

https://pubs.broadinstitute.org/mammals/haploreg/haploreg.php
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Figure 4-11: rs6679677 is an allele specific enhancer (i.e. nucleotide change from C>A) 

in lung (A549) but not liver (HepG2) epithelial cells 

The locus tagged by rs6679677 was cloned within the 3’ UTR of a luciferase gene driven by a 

minimal promoter and transiently transfected into A549 and HepG2 cells. The relative 

enhancer activity for the ref and alt versions of the rs6679677 locus was calculated compared 

to the empty control vector (pMRAdonor2). Relative luminescence units (RLU) for the 

luciferase assay were normalized using the absorbance values for the beta-galactosidase assay. 

Results were plotted as the percentage of the ref alleles enhancer activity. Transfection 

experiments were repeated three times across 3 or 9 technical replicates in A549 (lung) and 

HepG2 (liver) cells, respectively. Representative results are shown for one transient 

transfection of A549 and HepG2 cells. 
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4.4 Discussion  

In the present study, we have used a logistic lasso regression model to integrate T1D case 

and control genotypes with spatial eQTL data to predict the relative tissue-specific 

contributions for the conversion of genetic risk to T1D. Notably, the predictor models validated 

across two independent case-control cohorts and identified the lungs and an eQTL involving 

rs6679677 as the largest single contributor of the risk for developing T1D. These observations 

are consistent with an environmental event impacting on the largest single interface between 

the body and environment to precipitate the development of T1D16,201,202. Moreover, our results 

are consistent with the association of respiratory infections (i.e. influenza-like illness) with an 

increased risk of islet autoantibody seroconversion in young-onset T1D study cohorts16,203.  

Collectively, our results demonstrate that tissue-specific approaches can improve our 

understanding of disease aetiology, potentially aiding therapeutic development in preventing 

T1D onset.  

 

It is widely recognized that the vast majority of measurable genetic risk for T1D is 

associated with the HLA region and polymorphisms of the class II HLA DQ, DR, and DP 

genes200. Typically these effects are ascribed to polymorphisms within the HLA genes that 

affect the shape of the peptide binding grove and the scope of the peptides that can bind to the 

allele and thus be presented on the cell surface200. Our analysis focused on the identification 

and ranking of the tissue-specific regulatory changes, and thus it does not capture variants that 

change the function or structural properties of a gene encoded protein. Therefore, it is notable 

that the HLA locus variants that were retained within our models (rs3129889-HLA-DRB5, and 

rs9268645-HLA-DQB2) regulated the expression of DRB and DQB alleles. In addition 

rs2251396 was associated with expression of PSORS1C1, which has been associated with 

T1D204. Similarly, rs2251396 was associated with the expression of MICA, which has 

previously been identified as part of an extended HLA haplotype that associates with TID 

risk205, Collectively these observations support the hypothesis that changes in HLA gene 

expression contribute to T1D risk, in addition to the recognized role for HLA polymorphisms. 
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In the lung, our eQTL analysis revealed a significant association between rs6679677 and 

the expression of AP4B1-AS1. The allele specific enhancer activity of the rs6679677 tagged 

region in lung cells was confirmed using a plasmid-based luciferase assay. However, 

rs6679677 also: 1) has eQTLs with AP4B1-AS1 and immune regulation genes (i.e. FOXP3, 

CTLA4, IL2RA, and SLAMF1206–209) in whole blood; 2) has been associated with the 

development of multiple persistent autoantibodies (including islet autoantibody), but not 

progression to T1D development in the TEDDY prospective cohort167; 3) has been associated 

with the development of other autoimmune disorders (i.e. juvenile idiopathic arthritis and 

rheumatoid arthritis)210,211; and 4) was reported as the top non-HLA SNP associated with T1D 

from WTCCC studies70. Collectively, these results support an important molecular role for the 

locus tagged by rs6679677 in a lung-specific increase in the risk of the development of T1D. 

However, our results do not prove the effect is exclusively due to the impact on lung cells. As 

such, future work should dissect if the lung-specific regulatory impact of rs6679677 actually 

contributes to the mechanism of T1D risk.  

 

AP4B1-AS1 is located in a genomic region that is recognized as being strongly associated 

with autoimmune disorders186. PTPN22, which is on the antiparallel DNA strand to AP4B1-

AS1, encodes a lymphoid-specific intracellular phosphatase (LyP), from the non-receptor class 

4 subfamily of the protein-tyrosine phosphatases, that acts as a critical negative regulator of T 

cell activation and T cell receptor signalling pathways212. Notably, rs6679677 down-regulates 

AP4B1-AS1 expression in whole blood samples. Similarly, C1858T-rs2476601 (in complete 

linkage with rs6679677) has been linked with reduced protection against the influenza virus213. 

Therefore, we propose that future studies should ascertain the regulatory roles of rs6679677 on 

AP4B1-AS1 in T cells, particularly in response to viral infections in the lungs. We contend that 

this will help untangle the genetic mechanisms that connect respiratory infections and the 

induction of islet autoantibodies that has been observed in young children16,203. 
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This study has limitations. Firstly, the genetic data used in the analyses are predominantly 

from people of European ancestry, which limits the immediate translation of our findings to 

populations with different genetic structures (e.g., variable haplotypes in this region). 

Secondly, thirty SNPs identified as being associated with T1D did not have identifiable eQTLs 

in any of the GTEx tissues studied, consistent with the presence of alternative methods or 

developmental stages through which SNPs can mediate their effects on phenotypes. Thirdly, 

not all of the eQTLs we identified were represented in the individual genotypes we analysed 

(i.e., SNPs were unable to be imputed), meaning we could have missed effects. Fourthly, the 

reporter assay does not take into account the genomic context through which chromatin looping 

influences the enhancer-promoter interactions that mediate transcriptional activity214. Fifthly, 

the use of a lung cancer cell line may limit the interpretation of the transcriptional control of 

genes in normal lung tissue. Lastly, most of the spatial chromatin interactions were identified 

from immortalized cancer cell lines or primary tissues. By contrast, the eQTL associations were 

obtained mostly from post-mortem samples taken from a cross-sectional cohort (20- 70 years 

of age). Therefore, it is possible that the Hi-C interactions and eQTL sets were not 

representative of the tissues in which they were tested. Nevertheless, the reproducibility of the 

prediction model, across independent cohorts, supports the utility of the approach and its use 

with expanded datasets for T1D as well as other immune and non-immune diseases.  

 

The novelty of the approach we undertook lies in: 1) the integration of T1D-associated SNPs 

with their tissue-specific eQTLs (in both cis and trans); 2) interpreting individual case and 

control genotypes in terms of these tissue-specific eQTL effects; 3) including effects from 

variants that do not have detectable eQTLs in the reference library that is used in the assay; and 

4) the application of machine learning to select and rank the tissue-specific eQTL effects that 

confer disease risk. This approach moves T1D research away from a candidate gene approach 

to include gene regulatory changes, including within the HLA locus, as possible contributors 

to the risk of developing T1D. However, all results are putative until they are followed up by 

integrative empirical methods that prove the link between gene expression in the lung and other 

tissues, and the conversion of T1D risk.  

 

In conclusion, our work provides novel insights into the role of variation in gene regulation 

in the risk of developing T1D. The transcriptional changes (including the changes to AP4B1-

AS1 and CTLA4) we identified in the lung may help explain the reported association between 

respiratory infections and risk of islet autoantibody seroconversion reported in young children.  
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Chapter 5: Machine learning identifies six genetic variants and 

alterations in the Heart Atrial Appendage that are 

important for PD risk predictivity 

 

 

Parkinson’s disease (PD) is a globally prevalent complex disorder of ageing influenced by 

a range of genetic and environmental causes. Genetic variants have been found to predispose 

individual risk to develop Parkinson’s disease, yet the impact of these variants has not been 

fully elucidated. I hypothesized that genetic variants associated with PD modulate disease risk 

through tissue specific eQTL effects. In this study, machine learning was used to understand 

the genetic architecture of PD risk by identifying and ranking the pivotal variants and tissue-

specific eQTL effects that contribute to such risk. A regularized logistic regression predictor 

model for predicting individual PD risk was created from PD related SNPs integrated with the 

Wellcome Trust Case and Control (WTCCC) genotype and GTEx tissue specific eQTL effect 

data. The findings reveal the genetic impacts acting through heart tissues to modulate PD 

disease and provide new insights into the involvement of cardiovascular function in the risk of 

PD. 

 

5.1 Introduction 

Parkinson’s disease (PD) is a complex neurodegenerative disease with a range of causes and 

clinical presentations. The diagnosis of PD is based on the presence of the cardinal motor 

symptoms, (bradykinesia; muscular rigidity; 4-6 Hz resting tremor; postural instability)215 

which typically manifest many years after initial disease onset. This long period between 

disease onset and the presentation of noticeable symptoms, known as prodromal PD, provide 

optimal years for therapeutic intervention216. However, diagnosing PD in the prodromal phase 

remains problematic, with no PD-specific manifestations, and no accurate biomarkers for 

diagnosis28. Genetic/genomic datasets offer an option to help facilitate early detection and 

stratification of patients, as has been shown for other complex diseases217,218.  
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Despite initial conceptions that PD is predominantly a sporadic disease, genome wide 

association studies (GWAS) have identified human genetic variants that are associated with 

many complex diseases40,51,219,220, including PD33,50. Chang et al. utilized PD related variants 

to predict individual PD risk with a PRS model (AUC = 0.652)221. In the most recent PD GWAS 

meta-analysis, Nalls et al. identified 90 independent single nucleotide polymorphisms (SNPs) 

that are significantly associated with PD risk and used for creating a PRS model to predict 

individual PD risk (AUC = 0.651)33. However, given that the majority of the GWAS identified 

PD SNPs are located in non-coding regions of the genome, understanding the mechanisms by 

which these SNPs contribute to PD remains challenging40,41,222. In order to understand the 

potential impact of the PD SNPs, they need to be considered in the context of the three-

dimensional genome.  

 

Chromatin is organised into cell-type specific, hierarchical, three-dimensional structures 

within nuclei. These structures emerge from the essential functions that are present within the 

nucleus, including gene regulation and their responses in different physiological 

environments130–133. Chromosome conformation capture techniques (e.g. Hi-C) provide a 

method to capture interacting loci within the three-dimensional chromatin structure, including 

interactions that are associated with gene regulation. The physical interactions occurring 

between the loci and gene provide one method by which regulation of gene expression can 

occur. Such regulatory loci are known as expression quantitative trait loci (eQTLs), and their 

target gene, eGene133,135,162,223,224. eQTLs typically act in a tissue specific manner, and thus the 

target eGenes can be used to identify biological pathways that putatively contribute to disease 

etiology126,225. 

 

In the past decade, machine learning has been successfully used to develop predictor models 

for estimating an individual’s disease risk98,100,226. If PD associated SNPs contribute to disease 

development through gene regulatory effects, then the tissue-specificity of these eQTLs is 

important for the aetiology of PD126,140. As such, developing a machine-learning predictor 

model for PD disease status that utilises and selects the informative tissue-specific eQTL data 

may reveal the most essential SNPs and their tissue-specific regulatory effects that are 

associated with PD risk.  
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In this study, we used a matrix of: 1) PD associated SNPs that act as eQTLs, 2) their 

regulated eGenes and 3) the tissues in which these effects were observed, to build a logistic 

predictor that was validated using genotype data from three independent studies50,51,155. The 

best PD risk status predictor, with the highest predictive ability, was selected using the WTCCC 

cohort50. The predictor model was then validated using two datasets derived from UK 

Biobank155 and NeuroX-dbGap51. The top contributors to the PD risk predictor model included 

six PD SNPs without related known eQTL information and SNP modulated gene regulation 

specific to the heart atrial appendage.  

 

5.2 Methods 

5.2.1 Workflow for developing the PD predictor 

We developed a machine learning approach, which incorporates feature selection with cross 

validation, to calculate the additive tissue-specific contribution of spatial eQTLs within 

genotypes from individuals who developed PD (Figure 5-1). 
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Figure 5-1: Data integration and workflow the regularised logistic regression modelling 

a) Schematic diagram for data integration to become disease risk feature ranking. b) Workflow 

for creating the PD disease status predictor using a regularised logistic regression model. 
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5.2.2 Generation of tissue specific PD eQTL reference table  

SNPs associated with PD (n=290; Appendices: Supplementary Table 10) were obtained 

from the GWAS catalog 

 (www.ebi.ac.uk/gwas, downloaded 27th August 2020; p-value <1.0 x 10-5). This SNP set 

included young adult-onset Parkinsonism SNPs227 and the 90 SNPs identified by Nalls et al.33  

 

The PD associated SNPs (Table 5-1) were analysed using the Contextualize Developmental 

SNPs in 3-Dimensions (CoDeS3D) algorithm222, with the beta effect calculation option (no-

afc), to identify: a) the genes that physically interact with the PD associated SNPs; and b) which 

of these SNP-gene interactions are eQTLs. Physical interactions between PD associated SNPs 

and genes were identified using Hi-C chromatin contact libraries (Appendices: Supplementary 

Table 11) captured from: 

1. Cell lines from primary human tissues (e.g. brain, skin and spinal cord) 

2. Immortalised cell lines that represent the embryonic germ layers (i.e. HUVEC, 

NHEK, HeLa, HMEC, IMR90, KBM7, K562, and GM12878) 

 

Table 5-1: 290 PD SNPs used in the study 

rs112485576 has been merged with rs504594, and they both in the PD SNP set. 
 

rs504594 rs12637471 rs2042477 rs4130047 rs73656147 

rs10121009 rs12726330 rs2086641 rs4140646 rs74335301 

rs10221156 rs12817488 rs2102808 rs415430 rs7479949 

rs10256359 rs12921479 rs2209440 rs4266290 rs7577851 

rs10463554 rs1293298 rs2230288 rs429358 rs75859381 

rs10464059 rs12951632 rs2242330 rs4538475 rs76116224 

rs10501570 rs12959200 rs2248244 rs4653767 rs7617877 

rs10513789 rs1296028 rs2251086 rs4698412 rs76763715 

rs10519131 rs13016703 rs2269906 rs4713118 rs76904798 

rs10746953 rs13117519 rs2270968 rs4771268 rs76949143 

rs10748818 rs13153459 rs2275336 rs4778720 rs7702187 

rs10756907 rs13294100 rs2280104 rs4784227 rs77351827 

rs10767971 rs1362858 rs2292056 rs4837628 rs78736162 

rs10788972 rs138017112 rs2295545 rs4954162 rs78738012 

rs10797576 rs1384236 rs2296887 rs4964469 rs7938782 

rs10847864 rs141128804 rs2338971 rs5019538 rs79503702 

rs10877840 rs141863958 rs2395163 rs55818311 rs7984966 

rs10906923 rs14235 rs2414739 rs55961674 rs8005172 

rs10918270 rs143918452 rs246814 rs57891859 rs8017172 
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rs10929159 rs144074972 rs26431 rs5910 rs8070723 

rs10958605 rs1442190 rs2694528 rs591323 rs8087969 

rs11012 rs144755950 rs2736990 rs601999 rs8118008 

rs11026412 rs144847051 rs2740594 rs61169879 rs816535 

rs11060180 rs1450522 rs2823357 rs620513 rs8180209 

rs11150601 rs1474055 rs2839398 rs62053943 rs823114 

rs11158026 rs1480597 rs28903073 rs62120679 rs823118 

rs11186 rs148294058 rs2904880 rs62333164 rs823128 

rs11248051 rs1491942 rs2921073 rs6416935 rs823156 

rs11248060 rs1536076 rs2942168 rs6430538 rs849898 

rs112485576 rs1555399 rs3027247 rs6449168 rs850738 

rs11343 rs1564282 rs3104783 rs6465122 rs873786 

rs113434679 rs162227 rs3129882 rs6476434 rs896435 

rs114138760 rs1630500 rs316619 rs6482992 rs9261484 

rs11557080 rs16846351 rs329648 rs6497339 rs9267659 

rs11578699 rs17000647 rs34025766 rs6500328 rs9275152 

rs11610045 rs17115100 rs34043159 rs6532194 rs9275326 

rs11658976 rs17425622 rs34311866 rs6532197 rs9323124 

rs11683001 rs17497526 rs34372695 rs6599388 rs9356013 

rs117073808 rs17565841 rs344650 rs6599389 rs943437 

rs11707416 rs17577094 rs34637584 rs6658353 rs9468199 

rs11711441 rs17649553 rs34656641 rs666463 rs947211 

rs11724635 rs17686238 rs34778348 rs6679073 rs9516970 

rs117267308 rs17767294 rs353116 rs6710823 rs9568188 

rs117615688 rs17833740 rs35541465 rs67383717 rs959573 

rs117896735 rs181609621 rs356182 rs67460515 rs979812 

rs11865038 rs183211 rs356203 rs6783485 rs983361 

rs11868035 rs1867598 rs356219 rs6808178 rs9858038 

rs11931074 rs1879553 rs356220 rs6812193 rs9912362 

rs11950533 rs1887316 rs356228 rs6825004 rs9917256 

rs12063142 rs188789342 rs35643925 rs6826785 rs997277 

rs12147950 rs190807041 rs35749011 rs6854006 rs997368 

rs12185268 rs1941184 rs365825 rs687432  

rs1223271 rs1941685 rs3742785 rs6875262  

rs12278023 rs199347 rs3773384 rs7077361  

rs12283611 rs199351 rs3793947 rs7118648  

rs12431733 rs1994090 rs3802920 rs7134559  

rs12456492 rs199453 rs393152 rs7221167  

rs12497850 rs199498 rs3935740 rs7225002  

rs12528068 rs199515 rs4073221 rs72840788  

rs12600861 rs199533 rs4101061 rs73038319  
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The potential regulatory effects (beta or NES calculated by no-afc option in CoDeS3D) of 

the spatial connections were mapped by leveraging the eQTL information from 49 human 

tissues (Genotype-Tissue Expression database [GTEx] v8; www.gtexportal.org). GTEx 

derived eQTL significance levels were adjusted for multiple testing [Benjamini–Hochberg 

FDR]163 and considered significant if q<0.05. 

 

5.2.3 PD genotype imputation 

The PD genotype dataset was acquired from the Wellcome Trust Case Control Consortium 

(WTCCC; Request ID 10584). The WTCCC PD genotype dataset, generated using the Illumina 

microarrays, contained one case cohort (2197 individual samples) and two control cohorts 

(58C: 2930 individual samples and NBS: 2737 individual samples). Thus, the total number of 

control samples was 5667, more than double the number of cases. It is likely that the use of 

imbalanced training data would create biased disease status predictors. Therefore, only the 58C 

1958 (British Birth cohort) of control samples was used in this study.  

 

SNPs and individual samples that were of poor quality and were recommended for study 

exclusion by the WTCCC were removed (Appendices: Supplementary Table 12). SNPs within 

individual genotypes were converted to dbSNP rsIDs and genomic positions mapped 

(GRCh37, hg19) by Python scripts. PLINK (v1.90b6.2, 64-bit)228 was used for quality control. 

Genotypes were cleaned using the Method-of-moments F coefficient estimate to remove case 

homozygosity outliers (F values < -0.02 or 0.02 < F values) and the control outliers (F values 

< -0.016 or 0.19 < F values). Related individuals were identified and removed using proportion 

IBD (PI_HAT > 0.08). Ancestry outliers (identified by principal component analysis [PCA] 

plotting), individuals with sex genotype errors (identified by PLINK), or individuals with 

missing genotype data (missing rate > 5%) were also removed. Finally, SNPs that were not in 

Hardy-Weinberg Equilibrium (p < 10-6) or had a minor allele frequency < 1% were also 

removed. 

 

  

http://www.gtexportal.org/
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The WTCCC PD case and control genotype data were obtained using two different Illumina 

microarrays (Human670-QuadCustom and Human1-2M-DuoCustom_v1_A)50. Therefore, we 

only used the 526,576 SNPs that were present in both microarrays for imputation. SNP data 

imputation was performed to recover a total of 27,590,399 SNPs using the Sanger imputation 

service (https://imputation.sanger.ac.uk), EAGLE+PBWT pipeline174,175 and Haplotype 

Reference Consortium(r1.1)176. Imputation was performed according to the default instructions 

(https://imputation.sanger.ac.uk/?instructions=1). Following imputation, PLINK was used to 

update the genotype data with rsIDs and remove SNPs with an: impute2 score < 0.3; missing 

data rate > 5%; or those that were not in Hardy-Weinberg Equilibrium (p < 10-6). The genotypes 

for 281 of the 290 PD SNPs used in this study (Table 5-1) were extracted from the imputed PD 

genotype data. 

 

5.2.4 Creation of a weighted WTCCC PD genotype eQTL matrix 

We created a matrix that combined each individual’s genotype with the eQTL effects for 

the PD associated SNPs. There were three groups of data fields in the PD genotype eQTL 

table: 

1. Individual sample information (sample id, sex, and disease status) 

2. Individual sample PD associated SNP genotype (SNP minor allele count) weighted by 

GTEx tissue-specific eQTL normalised effect sizes 

3.  Individual PD associated SNP genotype for the SNPs with no eQTL effect 

information  

 

The tissue-specific eQTL normalised effect size (NES) for the PD associated SNPs were 

extracted from the GTEx eQTL summary table of significant eQTLs (Appendices: 

Supplementary Table 13). The NES for each tissue-specific eQTL was weighted by the number 

of alternative alleles (0, 1 or 2) at the eQTL SNP position in each individual’s genome. 54 of 

the 290 PD associated SNPs had no identifiable eQTL effects (Appendices: Supplementary 

Table 14) and were input into the model unweighted, using solely SNP allele count from the 

imputed genotype.  

 

https://imputation.sanger.ac.uk/
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We created two regularised logistic regression models (see below): for PD model-1, we 

created a weighted WTCCC PD genotype eQTL matrix for all 290 SNPs that were imputed 

and represented in the PD eQTL reference table. By contrast, for PD model-2, we created a 

weighted WTCCC PD genotype eQTL matrix for the subset of 90 SNPs from the PRS analysis 

in Nalls et al.33 

 

5.2.5 Generation, training, and validation of the regularised logistic regression 

models (PD model-1 and PD model-2) 

We developed a regularised logistic regression predictor that incorporated: 1) a Mann-

Whitney U tests in combination with Benjamini-Yekutieli procedure for controlling false discovery 

rate (FDR)  to identify relevant information158,163,190; and 2) a multivariate prediction step that 

considers all features in context, and removes redundant information, to identify the best 

combination of features for prediction of PD. Regularised logistic regression was incorporated 

into the models to enable the features that contribute to the final score to be identifiable67. 

 

The weighted WTCCC PD genotype eQTL matrix that contained all the case and control 

genotypes that passed quality control (4366 individual samples: 1698 cases and 2668 controls) 

was used to train PD model-1 (using all 290 SNPs), or PD model-2 (using the 90 Nalls et al. 

SNPs).  

 

The Mann-Whitney U test with the BY control163 (tsfresh version 0.16.0)190 was used to 

select the individual feature columns within the full training dataset that were the most relevant 

attributes for predicting PD status (i.e. the relevant attribute subset; FDR = 0.05)191. The 

relevant attribute subset was then used to train a multivariate logistic regression model (Scikit-

learn version 0.23.2)183,184 implemented with elastic net regularisation using the SAGA solver 

to predict PD disease status. The machine learning elastic net regularisation prevented 

overfitting the predictor model by further sub-selecting the essential features for delivering the 

best prediction. 
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The training was optimised (measured by area under the receiver operating characteristic 

curve [AUC])81 using a Scikit-learn Grid Search algorithm93,184 with 10-fold cross-validation 

setting to select the optimised model hyperparameters from the training stage (90% of the 

cohort used for training, 10% used for cross-validation). The optimised hyperparameters for 

PD model-1 were: C=0.5, l1_ratio=0.6, max_iter=800, penalty='elasticnet‘, random_state=1, 

solver='saga‘ from the search space of following: 

• 'C': 0.01, 0.05, 0.1, 0.5,1, 10, 20, 30, 

• 'max_iter': 200, 500, 800, 1000, 1200, 1400, 1500, 1600, 

• 'l1_ratio': 1, 0.9, 0.8, 0.7, 0.6, 0.5, 0.4, 0.3, 0.2, 0.1. 

The optimised hyperparameters for PD model-2 were: C=0.6, l1_ratio=0.1, max_iter=130, 

penalty='elasticnet‘, random_state=1, solver='saga‘ from the search of following: 

• 'C': 0.0001, 0.001, 0.01, 0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8, 1, 3, 

• 'max_iter': 1, 5, 70, 100, 130, 150, 170, 180, 200, 300, 500, 1000, 1200, 1400, 1600, 

1800, 2000, 2200, 2400, 2600, 3000, 

• 'l1_ratio': 1, 0.9, 0.8, 0.7, 0.6, 0.5, 0.4, 0.3, 0.2, 0.1. 

‘C’ is the inverse of regularization strength that must be positive and specify stronger 

strength with smaller values183,184. ‘solver’ is the algorithm used in the optimization. ‘max_iter’ 

is the maximum number of iterations for the solvers to converge183,184. ‘penalty’ is the penalty 

function183. ‘l1_ratio’ is the elastic net regularization strength183,184. When l1_ratio = 0, the 

regularization is equivalent to L2 regularization183,184. When l1_ratio = 1, the regularization is 

equivalent to L1 regularization183,184. 

 

The search space of model-1 and 2 did not include l1_ratio = 0 for excluding L2 

regularization and implementing feature selection. To calculate the variation in AUCs of the 

models with the optimised parameters; we undertook 5 repeats of 10-fold cross-validation of 

model generation and validation by Scikit-learn RepeatedKFold algorithm183,184. The 10-fold 

cross-validation started with the random generation of 10 equal parts from the full dataset. Nine 

parts of the data were used for training, and the remaining data were for validation. Mann 

Whitney U test158 filtering controlled by FDR = 0.05 with the BY procedure163 was applied to 

the training set. Subsequently, the filtered training data were modelled by the multiple 

regularised logistic regression algorithm with the optimised hyperparameters of (PD model-1 

or PD model-2). This process was repeated until all parts of the data were used for validation.  
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5.2.6 Calculation of tissue-specific contributions to PD risk 

The 50 PD regularised logistic regression predictors created from the 5 repeats of 10-fold 

cross-validation above were used to test the predictive power of the model created with the 

optimised hyperparameters from the tissue-specific eQTL effects. Tissue-specific 

contributions to the PD risk were extracted from each of the 50 PD regularised logistic 

regression predictors as the sum of the absolute values of the model weights associated with 

each tissue.  

 

5.2.7 Validation of PD model-1 and PD model-2 

PD models-1 and -2 were validated by two independent test datasets derived from the 

genotype data of UK Biobank and NeuroX-dbGap for testing the generalising PD predictive 

power. Since the UK Biobank only has a small number of PD case samples, we created 30 

different test cohorts of individual samples (without missing data for those SNPs included in 

PD model-1 or 2) using the same PD cases with 30 independently and randomly chosen non-

PD diagnosed controls. Each cohort was used to create a weighted eQTL-genotype matrix for 

testing the predictive power with AUC. The mean AUC of the 30 predictive tests was used as 

the validation result of the models. NeuroX-dbGap was the largest PD single array study33,51,178, 

and we selected all the PD case and control samples of NeuroX-dbGap (without missing data 

for those SNPs included in PD model-1 or 2) to build a weighted eQTL-genotype matrix for 

validating the PD predictive power of each model.  

 

PD model-1 was validated using the following two independent datasets: 1) 30 cohorts of 

2384 individual samples (928 cases and 1456 controls) derived from the UK Biobank; and 2) 

the 5,224 cases and 5,563 controls from NeuroX-dbGap (the largest PD single array 

study)33,51,178. 
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PD model-2 was also validated by the same two independent datasets: 1) the 30 cohorts of 

3812 individual samples (1484 cases and 2319 controls) derived from the UK Biobank; and 2) 

the cases and control from the NeuroX-dbGap dataset (5,224 cases and 5,563 controls) 33,51,178. 

Note the number of cases in the UK Biobank differed as there were fewer cases excluded due 

to missing data (see below). 

 

Genotypes that were used from the UK Biobank (BGEN format dataset) were selected as 

follows. European Caucasian samples identified by genetic clustering methods were selected 

from the UK Biobank and imputed (487,411 individual samples). The genomic analysis and 

relatedness analysis excluded SNPs that the UK Biobank recommended were removed from 

the selected case and control data.  

 

The cases (model-1: 928 cases or model-2:1484 cases) were selected using the following 

criteria: 

1. PD patients identified by the UK Biobank developed algorithm (field 42033) 

2. PD patients identified by hospital records G20 

3. PD patients had no missing data for any SNPs within the predictor model (model-1 or 

model-2). The greater number of SNPs used in PD model-1 meant that more cases 

were excluded due to missing data.  

Control genotypes, not having records of Parkinsonism and without missing data for any of 

the SNPs included in the final predictor, were randomly selected from the healthy controls 

within the UK Biobank data for each of the 30 test cohorts. 

 

Genotype data of the UK Biobank case and control samples in each test cohort were used to 

build a weighted eQTL-genotype matrix for testing PD model-1 or 2 to recognise the disease 

statuses of individual samples correctly. 
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Genotypes were also obtained from the NeuroX-dbGap dataset. Genotypes were cleaned by 

removing all insertion and deletion variants. SNP IDs were converted to dbSNP rsIDs. Variants 

in chromosome 24(Y), 25(XY) and 26(MT) that are not included in the study due to the 

inconsistency with the Sanger imputed SNP data were also removed. Ancestry outliers 

(identified by principal component analysis [PCA] plotting), individuals with sex genotype 

errors (identified by PLINK), or individuals with missing genotype data (missing rate > 5%) 

were also removed. Finally, SNPs that were not in Hardy-Weinberg Equilibrium (p < 10-5) or 

had a minor allele frequency < 1% were removed. All the variants in the final model (model-

1or model-2) which were not present in the NeuroX-dbGap data were replaced with proxy 

SNPs using linkage disequilibrium information (r2> 0.5)178 calculated by PLINK from 

European 1000 genome genotype data (https://www.internationalgenome.org/about)39. The 

European 1000 genome genotype data were downloaded from 

(https://ctg.cncr.nl/software/magma)229 on 10th August 2020. 

5.2.8  Mann-Whitney U test filtering on 290 PD and 313 T1D SNPs derived eQTL 

matrix 

We have previously developed regularised logistic regression models for Type 1 Diabetes 

(T1D; see chapter 4). We used the 313 T1D SNPs (Appendices: Supplementary Table 1) and 

their GTEx eQTL summary table of significant eQTLs (Appendices: Supplementary Table 3). 

We mixed the 290 PD and 313 T1D SNPs to create a weighted WTCCC PD and T1D genotype 

eQTL matrix, as outlined above. Mann-Whitney U test filtering (controlled by FDR = 0.05 

with the BY procedure163) was applied to the weighted WTCCC PD and T1D genotype eQTL 

matrix to determine the filtering power for removing non-related PD features.  

5.2.9 Data analysis 

All statistical tests were performed with Scikit-learn (version 0.23.2)183,184, and tsfresh 

(version 0.16.0)190 

5.2.10 Code Availability 

The CoDeS3D pipeline is available at: https://github.com/Genome3d/codes3d-v2. 

The Python scripts and machine learning code used in this analysis are available at: 

https://github.com/Genome3d/PD_lg_predictor_analysis 

Python version 3.7.3 was used for all the python scripts.  

https://www.internationalgenome.org/about
https://ctg.cncr.nl/software/magma
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5.3 Results 

5.3.1 PD associated SNPs act as tissue specific eQTLs for 1,334 eGenes 

We hypothesised that PD SNPs modulate disease risk through tissue-specific eQTL 

effects126,140. We therefore analysed 290 PD GWAS associated SNPs (Table 5-1) for spatial 

eQTL interactions131,133,137 across 49 GTEx tissues126. 231 of the 290 (79.7%) PD SNPs tested 

were involved in 18,041 tissue-specific eQTL associations (Benjamini–Hochberg FDR < 0.05 

163; Appendices: Supplementary Table 15), regulating 1,334 eGenes across the 49 GTEx tissues. 

Gene ontology analysis (David Functional Annotation)230 identified that the regulated genes 

were enriched for intracellular signal transduction and antigen processing & presentation of 

peptides (Appendices: Supplementary Table 16).  

 

5.3.2 Modelling genotype data to identify the genetic risk associated with tissue-

specific eQTL effects for PD disease status 

Understanding the impacts and complex networks associated with eQTLs is challenging. 

We hypothesised that regularised logistic regression models could be used to identify and rank 

the eQTLs that were significant contributors to PD risk.  

 

We integrated the CoDeS3D eQTL analysis of the 290 PD SNPs with the genotype data for 

individuals within the Wellcome Trust Case and Control Consortium (WTCCC)70 PD cohort 

(4366 individual samples: 1698 cases and 2668 controls; methods)50. Of the 290 PD SNPs 

retrieved from the GWAS catalog, 281 SNPs were present in the WTCCC data. This resulted 

in the generation of a PD SNP derived eQTL effect matrix containing 17,829 tissue-specific 

eQTL-eGene pairs (227 SNPs, 1310 eGenes, 49 tissues) and 54 SNPs that had no known eQTL 

effects following our CoDeS3D analysis. Uninformative features for PD prediction were 

removed using a Mann-Whitney U test158 (FDR < 0.05 with the BY procedure163) (Methods). 

After filtering, 11,288 PD SNP derived features (53 SNPs, 245 eGenes, 49 tissues) remained 

within the PD variant derived eQTL effect matrix.  
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To test the effectiveness of the Mann-Whitney U test158 with the BY control163 filter, we 

generated a PD and type 1 diabetes (T1D) SNP derived eQTL effect matrix(Ho et al.) using a 

mixed set of 290 PD and 313 T1D associated SNPs and integrating with the WTCCC PD cohort 

genotypes (Appendices: Supplementary Table 1; Table 5-1). The PD + T1D SNP derived 

tissue-specific eQTL effect matrix included 25,052 SNP related data fields (556 SNPs, 1927 

eGenes, 49 tissues). After the Mann-Whitney U test filtering (FDR < 0.05 with the BY 

procedure163), 11,147 of the data fields (45 SNPs, 209 eGenes, 49 tissues) were selected using 

PD as the phenotypic outcome. Only one T1D-associated SNP, rs1052553, remained following 

the Mann-Whitney U test with the BY control filtering. Although rs1052553 has not previously 

been associated with PD in GWA studies, it has been implicated in PD as part of a PD risk 

haplotype231,232. Therefore, these results confirm that the Mann-Whitney U test with the BY 

control filters uninformative data while preserving valuable PD information for our modelling.  

 

We created regularised logistic regression models for PD risk using the Mann-Whitney U 

test with the BY control filtered PD variant derived eQTL effect matrix (11,288 variant derived 

features). The AUCs of 50 logistic regression predictor models had a mean of 0.565 (distributed 

from 0.516 to 0.637) and a standard deviation of 0.024 (generated with the optimised predictor 

model hyperparameters by 5 repeats of 10-fold cross validation). The final PD predictor model 

(for PD model-1) was created with the optimised predictor model hyperparameters using 100% 

of the WTCCC PD cohort for training. After the Mann-Whitney U test with the BY control 

filtered WTCCC PD variant derived eQTL effect matrix contained 17,829 variant derived 

features. PD model-1 selected for 827 tissue-specific eQTLs and 6 SNPs with no eQTL effect 

(Appendices: Supplementary Table 17). PD model-1 had an enhanced diagnostic ability as 

represented by an in-sample (training data) AUC of 0.627. 

 

We validated the predictive power of PD model-1 using two independent PD cohorts (UK 

Biobank155 (30 datasets of 923 cases and 1456 controls ) and NeuroX-dbGap51,178). PD model-

1 was validated in both cohorts, producing a mean AUC of 0.572 (distributed from 0.555 to 

0.587), and an AUC of 0.571 in the UK BioBank and NeuroX-dbGap cohorts respectively. 

These two validation results are highly consistent and within the range of the model AUCs 

estimated by the 50 optimised predictor models created from the randomised WTCCC derived 

training data using the same hyperparameters as PD model-1. 
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5.3.3 eQTLs specific to the heart atrial appendage contribute to genetic risk in PD 

PD model-1 was used to rank the genetic elements that associate with PD disease risk. In 

this analysis, we used the magnitude of the model weights (coefficients) for the genetic 

features, grouped by tissue-specificity of the effects, in the logistic regression PD model-1 as 

proxies for the contribution of the features to PD risk. Six SNPs that had no known eQTL 

effects (from CoDeS3D analysis of GTEx) made the most significant group contribution (18% 

of the total model weight) to the risk of PD development (Table 5-2). The non eQTL SNP set 

contained rs117896735, rs144210190, rs35749011, rs12726330, rs356220 and rs5019538 

(Table 5-2). Note that rs356220 and rs5019538 were removed from the tissue-specific eQTL 

data of the GTEx study126 due to QC processing, and therefore we were unable to test if these 

SNPs were eQTLs. rs117896735 also has no eQTL effect information found in the GTEx 

database. The other three SNPs rs144210190, rs35749011 and rs12726330 were not detected 

by CoDeS3D to have spatial eQTL and eGene interactions. eQTLs that affected the Heart Atrial 

Appendage (9%) and Brain Cerebellum (4%) made the next biggest contributions to the risk 

of PD development (Figure 5-2). Conversely, eQTL gene regulation specific to the Substantia 

Nigra contributed ~1.5% of the risk of PD development. The tissue-specific contribution 

ranking obtained from the 50 optimised predictor models, generated with model-1’s 

hyperparameters by 5 repeats of 10-fold cross validation (randomizing the full Mann-Whitney 

U test with the BY control filtered PD variant derived eQTL effect matrix), were consistent 

with these findings, identifying the SNPs without eQTL effects, Heart Atrial Appendage, and 

Brain Cerebellum as the top three genetic contributors to the risk of PD development (Figure 

5-3). 
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Figure 5-2: The rank order of tissue-specific risk contributions to risk of developing PD 

calculated using PD model-1 

Tissue PD risk contributions were the sum of the absolute values of the model weights 

(coefficients) of the features used in the logistic regression predictor (PD model-1) according 

to their tissues. The SNPs/eQTLs that contributed to each category are listed (Table 5-2). 
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Figure 5-3: The rank order of tissue-specific risk contributions calculated across 50 

predictor models created from randomised modelling and PD model-1’s 

hyperparameters 

The tissue ranking was consistent with that observed for PD model-1. 

 

Fifteen eQTLs impacted on the Heart Atrial Appendages contribution to the risk of 

developing PD measured in model-1 (Table 5-2). However, SNPs rs7617877 and rs6808178 

each contributed approximately 3% to the total weights calculated by model-1. rs7617877 and 

rs6808178 are in high linkage disequilibrium (R2 = 0.86)233 within European populations. 

rs7617877 and rs6808178 do not regulate their nearest genes and instead act as eQTLs for a 

gene > 13Mb downstream, EAF1-AS1, in the Heart Atrial Appendage. EAF1-AS1 is a long 

antisense non-coding RNA gene that undergoes an isoform switch and has a significantly 

different transcript usage in the brains of patients with Parkinson’s disease234. rs6808178 also 

acts as an eQTL for TMEM161B-AS1 transcript levels in the Heart Atrial Appendage. Notably, 

there is evidence indicating a possible role for TMEM161B-AS1 in neurodegeneration235. 
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Table 5-2: SNP and eQTL-gene contributors to the impact of the SNP set and Heart atrial 

appendage on PD model-1 

SNP and eQTL-gene contributors to the impact of the SNP set and Heart atrial appendage, 

respectively, on the final PD logistic regression predictor (PD model-1). The model weight is 

the coefficient assigned to each variant or eQTL in the logistic regression predictor model. Abs 

(model weight) indicates the absolute value of the model weight. ‘*’ indicates the non eQTL 

SNP is in the 90 SNPs of Nalls et al. 

SNPs without detected eQTLs     model weight 
abs(model 

weight) 

*rs117896735_A     0.42436 0.42436 

rs1442190_A   0.40106 0.40106 

*rs35749011_A     0.24949 0.24949 

rs12726330_A   0.18701 0.18701 

rs356220_T     0.17507 0.17507 

*rs5019538_G   -0.08418 0.08418 

          

Heart_Atrial_Appendage  SNP (rsID_major allele) eGene  model weight 
abs(model 

weight) 

Heart_Atrial_Appendage rs7617877_A EAF1-AS1 0.28996 0.28996 

Heart_Atrial_Appendage rs6808178_T EAF1-AS1 0.25261 0.25261 

Heart_Atrial_Appendage rs6808178_T TMEM161B-AS1 0.16339 0.16339 

Heart_Atrial_Appendage rs11707416_A P2RY12 0.01163 0.01163 

Heart_Atrial_Appendage rs26431_G EIF3KP1 0.0089 0.0089 

Heart_Atrial_Appendage rs17577094_G RP11-259G18.3 0.00703 0.00703 

Heart_Atrial_Appendage rs365825_G RP11-259G18.3 -0.00467 0.00467 

Heart_Atrial_Appendage rs17577094_G LRRC37A4P -0.00434 0.00434 

Heart_Atrial_Appendage rs17577094_G KANSL1-AS1 0.0036 0.0036 

Heart_Atrial_Appendage rs8070723_G RP11-259G18.3 -0.00294 0.00294 

Heart_Atrial_Appendage rs365825_G LRRC37A4P 0.00237 0.00237 

Heart_Atrial_Appendage rs365825_G KANSL1-AS1 -0.00128 0.00128 

Heart_Atrial_Appendage rs17577094_G DND1P1 0.00116 0.00116 

Heart_Atrial_Appendage rs17577094_G MAPK8IP1P2 0.00058 0.00058 

Heart_Atrial_Appendage rs199515_G RP11-259G18.3 -0.00011 0.00011  



 

92 

 

 

5.3.4 Creating a PD logistic regression predictor model using the 90 SNPs of Nalls et 

al.  

Nalls et al. identified 90 SNPs that contribute to a PRS model for PD risk33. We, therefore, 

sought to understand the PD risk contribution in our model that was specific to these 90 SNPs 

and thus created a separate logistic regression predictor model using only this subset. 88 of the 

90 variants passed quality control (post-imputation data cleaning and quality checking). The 

88 SNPs were integrated with the WTCCC PD genotype data to create a PD SNP derived eQTL 

effect matrix of WTCCC individual samples (4,366 individual samples: 1,698 cases and 2,668 

controls). The PD SNP derived eQTL effect matrix contained 3,206 features consisting of 

related tissue-specific eQTL-eGene pairs (76 SNPs, 518 genes, 49 tissue types) and 12 SNPs 

that lacked CoDeS3D detectable eQTL effects. Mann-Whitney U test filtering (FDR < 0.05 

with the BY procedure) left 920 features (12 SNPs, 95 genes, 49 tissue types) that were used 

in the subsequent logistic regression modelling158,183,190. Model training was repeated using the 

optimised hyperparameters and the eQTL effect matrix for the full WTCCC cohort to create 

predictor PD model-2. PD model-2 achieved in-sample PD prediction with an AUC = 0.604 

using 311 features (12 SNPs, 46 genes, 49 tissue types) (Appendices: Supplementary Table 18) 

that included 308 tissue-specific eQTLs and 3 SNPs without known eQTL effects. PD model-

2 was validated using the UK Biobank155 (AUC = 0.554) and NeuroX-dbGap51,178 (AUC = 

0.568) genotype data. 

 

We determined the tissue-specific distribution for the 50 predictors that were created with 

PD model-2’s hyperparameters. The results we observed were consistent with what we 

observed using PD model-1 (Figure 5-4). Specifically, three SNPs (rs117896735, rs35749011 

and rs5019538) with non-identifiable eQTL effects (Table 5-3) and the eQTLs within the Heart 

Atrial Appendage were the top contributors to the risk of developing PD (Figure 5-4 and Table 

5-3). The three non-eQTL SNPs in the 90 SNPs were observed to have similar effect sizes 

(both magnitude and direction) as in the six non-eQTL SNPs in PD model-1. Also consistent 

with PD model-1, PD model-2 identified rs6808178 as the top eQTL contributing to the Heart 

Atrial Appendage signal.  
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Figure 5-4: The group contributions of 50 predictors created with PD model 2 

hyperparameters by 5 repeats of 10 fold cross-validation 
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Table 5-3: The variants (with known eQTL effects) and eQTLs (Heart Atrial Appendage) 

of the final PD logistic regression predictor (PD model 2) 

SNPs without detected eQTLs     model weight 
abs(model 

weight) 

rs117896735_A     0.54172 0.54172 

rs35749011_A   0.47224 0.47224 

rs5019538_G     -0.04028 0.04028 

     

Heart_Atrial_Appendage SNP (rsID_major allele) eGene  model weight 
abs(model 

weight) 

Heart_Atrial_Appendage rs6808178_T EAF1-AS1 0.53154 0.53154 

Heart_Atrial_Appendage rs26431_G EIF3KP1 0.0079 0.0079 

Heart_Atrial_Appendage rs504594_A HLA-DQA2 -0.00333 0.00333 

Heart_Atrial_Appendage rs62053943_T RP11-259G18.3 -0.0014 0.0014 

Heart_Atrial_Appendage rs62053943_T DND1P1 -0.00092 0.00092 

Heart_Atrial_Appendage rs62053943_T KANSL1-AS1 -0.00064 0.00064 

Heart_Atrial_Appendage rs62053943_T LRRC37A4P 0.00061 0.00061 

 

 

5.4 Discussion 

The mechanisms by which PD-associated genetic variants40,51,236,237 contribute to disease 

risk and development have not been fully elucidated. Yet, it is critical that we identify the 

mechanisms by which they impact on PD because this will allow patient stratification and the 

development of therapeutics that target disease progression and not just pathology. We used 

machine learning to understand the genetic architecture of PD risk, by identifying and ranking 

the pivotal risk variants and tissue-specific eQTL effects that contribute to such risk.  
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Curated PD-associated SNPs from the GWAS catalog52 were analysed to identify their 

tissue-specific eQTL effects. Regularised logistic regression predictor models that evaluated 

PD risk were built and validated across three independent case and control cohorts50,51,155. PD 

model-1 achieved superior predictivity in comparison to PD model-2, and delivered an in-

sample predictive AUC = 0.627, and was subsequently validated in two independent test 

datasets derived from the UK Biobank155 (AUC = 0.572) and NeuroX-dbGap51 (AUC = 0.571). 

Although greater PRS predictivity has been achieved for PD by other groups, our main aim 

was to determine the SNPs-genes-tissue combinations that have the greatest contribution. PD 

model-1 (generated from 290 SNPs) identified 6 SNPs without known eQTL effects and the 

SNP modulated gene regulation within the Heart Atrial Appendage as being the major 

contributors to the predicted risk of developing PD. A second model (PD model-2) that was 

generated using only 90 SNPs33 (which were previously identified to have the greatest 

predictive power with a PRS analysis) confirmed a subset of the top predictors we observed 

with PD model-1. Collectively, our results confirm roles for SNPs that are significantly 

connected with INPP5P, CNTN1, GBA and SNCA in PD and separately suggest a key role for 

transcriptional changes within the heart atrial appendage in the risk of developing PD. Effects 

associated with eQTLs located within the Brain Cerebellum were also recognized to confer 

major PD risk in the more extensive model (PD model-1), consistent with current hypotheses 

suggesting the Brain Cerebellum plays a role in PD development238–240. 

 

For the top six contributing SNPs to the model, our analyses did not identify any spatial 

eQTL interactions. However, previous research has shown connections between these SNPs 

and three well-known PD-associated genes (INPP5F, GBA, SNCA)30,31,241,242, and an additional 

gene (CNTN1). rs117896735, the top contributor to PD model-1, is an intronic variant of 

INPP5F and has previously been identified as eQTL for INPP5F transcript levels (the IPDGC 

locus browser243). INPP5F is a known risk gene for PD31 that regulates STAT3 intracellular 

signalling pathways244 and has functional roles in cardiac myocytes and axons245,246. rs1442190 

is an intronic variant within CNTN1, a known risk gene for dementia with Lewy bodies247,248 

that encodes a cell adhesion protein, which is important for axon connections and nervous 

system development249. rs35749011 and rs12726330 are linked to the well-known PD-

associated gene GBA241 through strong linkage disequilibrium connections (R2 = 0.77 233) with 

rs2230288241,250, a missense coding variant located within GBA. rs35749011 has eQTL effects 

on GBA identified by the IPDGC database243.  
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The final two SNPs, rs356220 and rs5019538, are located downstream of SNCA. SNCA 

encodes α-synuclein, which is central to PD pathogenesis242. The IPDGC database243 indicates 

that rs5019538 has eQTL effects on SNCA. Notably, rs356220 had the strongest association to 

PD in the original WTCCC GWAS50. Therefore, there is sufficient evidence that has previously 

associated these six variants with PD through connections to PD risk genes.  

 

5.4.1 Allele-specific regulatory changes in the heart atrial appendage conferring PD 

risk  

We also identified that eQTLs specific to the heart atrial appendage make a reproducible 

and substantial contribution to the risk of developing PD. There is an increasing research 

literature that is indicating a close relationship between cardiovascular health and PD 

development251–256. Notably, the use of antihypertensive drugs and physical exercise both 

significantly lower PD risk255,256. Studies of PD patients have also identified abnormal blood 

flow patterns in brains257, with atrial fibrillation (AF) being strongly related to early-stage 

PD251. Moon et al. identified that patients with PD have an increased risk of AF, with a threefold 

increased risk (HR: 3.06, 95% CI: 1.20-7.77) of AF in younger PD patients (age: 40-

49 years)258. The heart atrial appendage is a trigger site of AF259 and highly associated with 

hypertension and stroke260–263. Finally, it is argued that the perturbation of the brain blood 

supply networks by AF promotes tissue inflammation and damage264, leading to PD 

pathogenesis.  

 

Amongst the 15 eQTL features that combined to make the Heart Atrial Appendage’s 

contribution to the risk of developing PD, the up-regulation of EAF1-AS1 (a long non-coding 

mRNA) made the greatest contribution. Elevated EAF1-AS1 transcript levels have previously 

been identified by differential gene expression analyses in brain tissue samples from PD 

patients234. It is interesting to speculate that the impact of this change is mediated through the 

interaction of EAF1-AS1 with EAF1. Notably, EAF1 has been associated with both neural 

development265 and TGF-β signalling266, which is a key pathway in many cardiac physiological 

processes267. As such, the deregulation of EAF1-AS1 might impact on cardiac health. We 

propose that future studies should investigate the regulatory impacts of EAF1-AS1 on EAF1 

and the consequences of alterations in expression levels on heart function and PD disease. We 

contend that understanding this relationship may help to decipher the complex interactions 

connecting cardiovascular fitness and PD pathogenesis.  
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Similar to our work, Li et al.268 used LD score regression (LDSC) analysis145,146 to identify 

enrichments of PD risk signals in six GTEx126 central nervous system tissue types. However, 

three subsequent studies using LDSC have failed to reproduce Li et al.’s results144,269,270. LDSC 

focuses on measuring the risk enrichment of genes uniquely expressed in each GTEx 

tissue145,146. In contrast, the advantage of our model is that it does not contain this constraint 

and instead identifies the risk associated with the expression of all genes modulated specifically 

by PD SNPs in different or multiple GTEx tissues. We therefore hypothesise that the fact that 

Li et al. did not identify any signals in heart tissues is likely due to the differences of starting 

presumptions and employed methodologies. 

 

5.4.2 PD models 1 and 2 identify the same contributors to PD 

Comparing the results from PD model-1 and 2, which were generated using 290 and 90 PD 

SNPs respectively, yielded informative findings. The higher predictive power observed for PD 

model-1 (Appendices: Supplementary Table 17) can potentially be explained by the fact that 

the final model included more features (827 vs 308). However, given that PD model-1 

leveraged 290 PD associated SNPs to start, the result also suggests that the 90 SNPs, originally 

identified as part of the Nalls et al. PRS analysis33, do in fact contain the major genetic 

components that are associated with the risk of developing PD. The finding that both models 

consistently identified the same SNPs and heart atrial appendage eQTLs as the top contributors 

to the risk of developing PD further confirms the significance of these weak but informative 

results.  

 

5.4.3 Constraints of our work 

We acknowledge several limitations within our work. Firstly, the low predictive power of 

the models, in part, is due to the sample sizes and SNPs that were present within the cohorts 

we used to train and validate our models. We also acknowledge that the individuals in the 

included datasets are predominantly of European descent, and thus the significance of our 

findings are limited to this ethnicity. One limitation that impacts the vast majority of PD 

research is the lack of consistency in diagnostic criteria from one cohort to the other, and our 

study is not exempt from this.  
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The limitations within our study do not detract from the strengths of our model which 

included the fact that contributing features were: 1) easily identifiable; 2) validated across three 

independent cohorts; and 3) consistently identified genomic regions that are unanimously 

recognised as being associated with PD (e.g. SNCA).  

 

Our approach provides a significant advance over other previously reported methods. The 

novelty revolves around the ability of our method to: 1) rank the contributions that SNPs make 

to a phenotype through regulatory changes; 2) identify the tissues in which these changes are 

occurring; and 3) include effects from variants that do not have detectable eQTLs in the 

reference library that is used in the assay. Finally, the consistency between models and the 

ability to filter extraneous SNPs (e.g., T1D eQTLs) out of the final predictor is another strength 

of this study. The higher predictive power observed for PD model-1 (Supplementary Table 17) 

may be explained by the observation that the final model included more features (827 vs 308). 

However, given that PD model-1 leveraged 290 PD-associated SNPs, the result also suggests 

that the 90 SNPs, originally identified as part of the Nalls et al. PRS analysis33, do in fact 

contain the major genetic components that are associated with the risk of developing PD. 

Therefore, while other genetic signals clearly remain to be identified, the finding that both 

models consistently identified the same SNPs and heart atrial appendage eQTLs as the top 

contributors to the risk of developing PD further confirms the significance of these 

observations.  

 

5.4.4 Conclusion 

In conclusion, we applied machine learning algorithms to predict the risk of developing PD 

by integrating PD-associated SNPs with information on genome organisation, tissue-specific 

eQTLs and the genotypes of PD cases and controls. This enabled us to identify and rank the 

pivotal variants and tissue-specific eQTL effects that may contribute to the risk of developing 

PD. We also identified a novel association between variation in EAF1-AS1 gene regulation in 

the heart atrial appendage and the risk of developing PD risk. We contend that our findings 

provide new insights into the involvement of cardiovascular function in the risk of PD.  
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Chapter 6: General Discussion 

 

The onset and progression of complex diseases such as T1D and PD are influenced by a 

combination of genetic and environmental factors34,188,271–273, where genetic elements provide 

the underlying platforms for the environmental factors to result in disease188,273. The machine 

learning approach I took was designed to deconstruct the relative contributions of SNPs to the 

risk of developing two disparate diseases: T1D and PD. T1D is an early-onset disorder with a 

strong genetic component271. Alternatively, PD is a late onset disease that results from a strong 

environmental influence and weak genetic influence20. For both diseases, the associated 

variants are located in non-coding DNA regions. Therefore, it is likely that these SNPs have an 

indirect impact on gene expression that results in a cumulative impact on complex gene 

regulation processes40. 

 

Every individual’s phenotype is the result of a delicate balance of inputs and outputs from a 

network of different tissues and organs274 and their interaction(s) with the environment. 

Therefore, the risk of developing both T1D and PD can be considered the cumulative result of 

the impact of disease associated genetic variants (through gene regulation) on each tissue or 

organ275. Insights into the functional aspects of tissue/organ-specific gene regulation, and the 

impact of genetic variants, can be ascertained using publicly available data obtained using 

disparate methods (e.g. Hi-C and eQTL assays)131,137,140,276. However, each method 

individually provides only a limited snap-shot of the total picture. Using machine learning 

predictor models, information from each data type can be interpreted as layers of information, 

whereby the impact of each genetic variant can be interrogated for its influence on each layer, 

resulting in a complex individualized understanding of disease risk83,98,277. 
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In this thesis, I have developed a regularized logistic regression predictor model which 

integrates biologically relevant information from four forms of biological input data: disease-

associated variants (GWAS), genome structure (Hi-C), tissue-specific gene expression (eQTL), 

and individual genotype data. My model uses two levels of feature selection to apply the most 

relevant features from the GWAS, Hi-C, and eQTL layers to the individual genotype data to 

best predict tissue-specific impacts on gene expression and disease risk. This results in the 

discovery and assignment of crucial disease- and tissue-specific risk for each disorder with the 

potential to establish personalized tissue-specific biomarkers for early detection and 

intervention in T1D and PD. 

6.1 Data integration and building the predictor models 

6.1.1 T1D 

For my investigation into the genetics of T1D risk, 313 T1D SNPs from a collection of 

GWAS studies19,164–170 were used as the starting point of the investigation. CoDeS3D133 was 

then used to map the potential regulatory interactions of the T1D SNPs and genes. This 

mapping identified 8005 tissue-specific SNP-gene associations. To characterize the impacts of 

these T1D related tissue-specific eQTL effects is challenging. Using normalized effect size 

(NES) information from the GTEx study275, the T1D variant modulated tissue-specific eQTL 

effects were estimated in individual samples from the Wellcome Trust T1D genotype data70 

(1960 cases and 2933 controls), which included 253 of the 313 T1D SNPs and their 6307 eQTL 

effects. Of the 253 T1D variants, 29 did not have any eQTL associations detected. However, it 

remains possible that these 29 T1D associated variants modulate T1D risk through gene 

regulation in tissues, cell types, at developmental stages, or by non-gene regulatory processes 

(e.g. protein-protein interactions) that are not represented within the GTEx study275.  

 

In my predictor model building, I applied two levels of data selection to identify only the 

informative data from the T1D individual eQTL effect matrix: 1) the Mann Whitney U test158 

in combination with the BY163 procedure for controlling the FDR158 was used to evaluate the 

association independently for each T1D variant (removing 4288 non-related features); and 2) 

elastic net regularization90 was used to pick the subset of essential features that together deliver 

the best prediction67. Logistic regression models were chosen to generate the predictor, as the 

models that are generated by this platform can be assessed for result interpretation and 

evaluation of the component contributions157. 
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The final T1D predictor model (T1D model-2) was built with the T1D optimized 

hyperparameters from the complete filtered eQTL matrix, selecting 134 tissue-specific eQTL 

effects and 6 SNPs without known eQTL effects (Figure 1). This model delivered an AUC of 

0.774 with training data. While the AUC result was lower than other regularized predictors 

based on SNP data67, my T1D model-2 mainly utilized eQTL effects across tissues to model 

T1D risk, and it was chosen as the best predictor from my modelling with the WTCCC derived 

eQTL data.  

 

6.1.2 PD 

In my PD study, 290 PD variants from a collection of GWAS studies were downloaded from 

the GWAS catalog database278. CoDeS3D133 was used to identify 18,041 tissue-specific SNP-

gene associations. Layering the Wellcome Trust PD genotype data50 (1698 cases and 2668 

controls) with the GTEx275 tissue-specific NES information resulted in the inclusion of 281 

from the 290 PD SNPs and their 17,829 regulated eQTL effects. After Mann-Whitney U test158 

with the BY control filtering163, 11,288 variant derived features were selected. The final PD 

predictor used optimized hyperparameters (PD model-1) from the whole eQTL matrix that 

achieved an in-sample prediction AUC of 0.627 from 827 tissue-specific eQTLs and 6 SNPs 

with no eQTL effect (Figure 6-1).  
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Figure 6-1: Schematic of data integration and predictor model building for the T1D and 

PD studies performed in this thesis 

 

 

 

6.2 Predictor model validations 

Overfitting predictors is a common problem for predictor modelling89. An overfitted 

predictor lacks generalizing power and achieves excellent prediction with training data but has 

poor prediction accuracy with independent datasets89. To prevent overfitting, I employed 

internal cross-validation followed by independent dataset validation in my predictor modelling 

approach. Cross-validation and validation using independent test datasets can confirm the 

predictor performance76,79,161. I incorporated extensive validations in my predictor model 

building using cross-validation and external independent test datasets to ensure the developed 

predictors were not overfitted and retained good generalizing power in disease predictions. 

Conversely, many machine learning predictor developments employed only cross-validation 

or validations without external data67,279,280. 
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The list of validation steps in the T1D study: 

• 10 fold cross-validation with the training data for searching the T1D optimized model 

hyperparameters 

• 20% of the T1D eQTL matrix was used as independent data for validating T1D 

model-1 

• 10 repeated 5-fold cross-validation to create 50 predictors with the T1D optimized 

model hyperparameters for calculating the variation of the AUCs 

• The T1D model-2 was validated using the UK Biobank155 derived test dataset (30 test 

cohorts) 

 

The list of validations performed in the PD study: 

• 10 fold cross-validation with the full PD eQTL matrix for searching the PD optimized 

model hyperparameters 

• 5 repeated 10-fold cross-validation to create 50 predictors with the PD optimized 

model hyperparameters for calculating the variation of the AUCs 

• The PD model-1 was validated using the UK Biobank155 derived test dataset (30 test 

cohorts)  

• The PD model-1 was validated using the NeuroX-dbGap51 derived test dataset 

 

 

6.3 Regularized predictors identify genetic elements conferring complex 

disease risk 

6.3.1 T1D model results 

For each disease predictor, the absolute values of the feature model weights were used as 

the data feature contributions to the individual risk prediction. Ranking the tissues in T1D 

model-2 by their risk contributions, the results show that the eQTLs at lung (rs6679677 down-

regulated AP4P1-AS1 transcript levels in the lung, providing 13.3% to the risk prediction) and 

SNPs without detectable eQTL effects were the top two major T1D risk contributors.  

 

  



 

104 

Notably, the deterioration of lung functions has long been observed with T1D, known as 

diabetic lungs281. This is due to lungs acting as the primary interface for environmental factors 

in T1D16,201,202, where respiratory infections might play a direct role in the onset of T1D16. 

Beyond T1D, lung-environment interactions could play a key role in promoting a variety of 

autoimmune diseases201, such as auto-reactive T cells in Multiple Sclerosis282. Odoardi et al. 

experimented with green fluorescent protein tagged myelin basic protein reactive T cells in 

Lewis rats282,283. After stimulation, the tagged T cells were observed to reside in the lung for 

being reprogrammed of their gene expression profiles282. Subsequently, the reprogrammed 

auto-reactive T cells invaded the brain and caused inflammation282. The results reveal lungs 

could be involved in regulating auto-immune T cell activities. Nevertheless, the lung regulation 

functions have not been demonstrated with human models. The results were not attracting a lot 

of interest.  

 

rs6679677 was the top variant associated with T1D reported from the original WTCCC 

GWAS study70. It is highly related to persistent multiple auto-antibody elevations including 

islet autoantibody167 and has eQTL regulation effects with multiple immune regulating genes 

in whole blood samples206–208. rs6679677 is in significantly high LD (r2 > 0.9)284 with the well-

studied R620W missense mutation of PTPN22213,285–287. Hence, the disease contributions of 

rs6679677 are overlooked and much of the focus is on R620W and PTPN22. Therefore, the 

disease contributions of rs6679677 could be shared between its regulatory role found here and 

the confounding genetic association with the R620W variant and its resulting effect on PTPN22 

function.  

 

Studies show that long coding RNAs often participate in the regulation of genes located on 

opposite strands288,289. Employing small interfering RNAs, Stojic et al. have demonstrated that 

the suppression of GNG12-AS1transcription in cancer cells could up-regulate the transcription 

of DIRAS3 located at the opposite strand showing the gene regulatory functions of antisense 

long coding RNAs.  
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AP4P1-AS1, a long non-coding RNA gene, is located in the opposite strand of PTPN22 and 

in a DNA region reported to be strongly associated with a variety of autoimmune diseases186. 

PTPN22 is involved in regulating T cell activation and receptor signalling290 and its SNPs are 

highly associated with many autoimmune diseases such as Rheumatoid Arthritis 

(RA)213,285,287,291. We need further in vitro experiments with T cells to investigate the regulatory 

relationship between AP4P1-AS1 and PTPN22, especially in immune cells in the lungs. For 

example, CRISPR-Cas9 experiments292 altering rs6679677 or knockdown of AP4P1-AS1 and 

qPCR293 of PTPN22 to measure changes in its transcription in T cells. 

 

6.3.2 PD model results 

Tissue ranking from PD model-1 indicated that eQTLs in Heart Atrial Appendage and 6 

SNPs with unknown eQTL effects were the top two groups conferring PD risk. The top two 

rankings were also confirmed by the 50 regularized predictors created with the optimized PD 

model hyperparameters and PD model-2 created from the 90 variants of Nalls et al.33 The 

model tissue ranking results imply a vital role for heart functions in PD pathogenesis, which 

has previously been shown heart disorders and PD as closely related251–256. The Heart Atrial 

Appendage is a trigger site of atrial fibrillation (AF)259 and plays a crucial role in AF related 

stroke261. Moreover, AF is associated with early PD development251. With 15,375 PD patients, 

Hong et al. have studied the associations of AF within PD two-year before onset and two-year 

after. The results show that AF is significantly related to the before and early PD onset (adjusted 

odd ratio 1.15, 95% confidence interval: 1.04 - 1.28) but not the after. Evidence shows that AF 

can disrupt blood flow networks in brains promoting inflammation and tissue damage264. PD 

patients have been shown to have abnormal brain blood flow patterns257. I reason that the SNP 

modulated eQTLs in the Heart Atrial Appendage could promote AF leading to brain blood flow 

alterations and PD related brain tissue damages.  

 

The 6 SNPs with unknown eQTL effects are all related to critical PD and Lewy body risk 

factor genes, including INPP5F, GBA, SNCA and CNTN130,31,242,247,248. The two main eQTL 

risk contributors in Heat Atrial Appendage (rs7617877 and rs6808178) both up-regulated 

EAF1-AS1, a long non-coding RNA gene. Elevated EAF1-AS1 transcript levels have been 

observed in PD patient brain tissues234. The opposite EAF1 gene is involved in many critical 

cardiac biological pathways265–267.  
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6.4 From GWAS SNPs to target genes 

Many genetic variants have been discovered recently that are associated with the risk of 

developing complex diseases. These analyses have used large conglomerated case and control 

cohorts19,51,171,294. These genetic variants were selected and incorporated into predictor models 

to model individual complex disease risk and achieved acceptable predictive power19,93,295. By 

analyzing six different sets of European variant data (24,454 individual samples), Abraham et 

al.93 applied the Lasso-SVM machine learning algorithm to select informative SNPs and create 

a model to predict the personal risk of Crohn’s disease with AUC = 0.9 93. In another study, 

Sharp et al.19 analyzed 6481 cases and 9247 controls from the Type 1 Diabetes Genetics 

Consortium and found 67 SNPs highly associated with T1D risk19 and created the GRS2 

predictive model that delivered T1D predictions with AUC = 0.92 19. Both predictive models 

above were developed for medical applications19,93. However, despite predicting individual 

disease risk accurately, these models were not designed to deconstruct how the related SNPs 

act to influence complex disease risk.  

 

Makarios et al.124 leveraged a mixture of three types of data (SNPs, Transcriptomics, 

Clinical and demographic) to develop a powerful predictor model that was used to distinguish 

essential genetic elements conferring PD risk. Twelve machine learning algorithms were tested 

on 49 different data combinations124 and built an AdaBoost classifier model that achieved an 

impressive prediction performance (AUC = 0.85) on the validation data124. However, 

interpreting the model components became problematic. Firstly, the predictor contained 71 

SNPs and 596 protein-coding transcripts124. Secondly, most of the predictive power was 

derived from the clinical and demographic data124. Notably, there were no clear connections 

between the selected SNPs and protein-coding transcripts. Hence, the predictor failed to shed 

light on the SNP modulated mechanisms. By contrast, the logistic regression modelling 

approach adopted in my regularised predictor modelling provides a clear and straightforward 

platform to evaluate the combinatorial relationships between my model elements.  
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GWAS have shown that more than 90% of the GWAS identified SNPs are located in 

intergenic regions40,296, and they are most likely involved in gene regulation to influence 

diseases40,296. My modelling approach was focused on deciphering complex disorders through 

tissue-specific gene regulation associated with disease-related SNPs. Today, most studies still 

connect the related SNPs to their target genes based on cis-regulation (+/- 1 Mb from the 

genes)33,51,147,294. After analysing around 8 million SNPs from 13,708 cases and 95,282 

controls, Nalls et al.51 detected 26 risk variants for PD. Subsequently, they assessed the 

associations of the risk SNPs with genes surrounded by 1Mb apart in the methylation and 

expression data of brain tissues for locating the risk SNP targeted regulation51. The Nalls et 

al.51 results implicated the cis regulated genes of the 26 crucial PD risk SNPs51, but the study 

missed out on the other equally important trans regulated genes.  

 

Although cis gene regulation is an essential component of disease aetiology, many studies 

demonstrate that SNPs can be involved in trans and cis gene regulation297–299. And, both SNP 

related trans and cis regulation have vital roles in promoting disorders297–299. Hi-C experiments 

are designed to describe the genomic 3D structural organization by capturing the proximal and 

distal DNA interactions that occur within cells131–133. And, the DNA interactions are 

significantly involved in gene regulation132,223. Fadason et al.133 utilised Hi-C data to identify 

the putative SNP-gene contacts and thus calculate the trans and cis acting eQTL-gene 

regulatory connections involving SNPs related to obesity and diabetes in various tissues133. 

Fadason et al.133 found evidence to support the hypothesis that SNPs located within IGF2BP2 

act as cis eQTLs in the regulation of IGF2BP2 within thyroid tissues133. The SNPs were also 

associated with trans-regulation of three genes that were previously linked with obesity and 

diabetes (i.e. RBM47, KIAA1430 and DIS3L2) in three different tissue types (Whole Blood, 

Hypothalamus, and Lung)133. The Fadason et al.133 results of eQTLs in IGF2BP2 have depicted 

a comprehensive view of the SNP controlled regulatory networks that impact both obesity and 

diabetes133. Using the same Fadason et al.133 approach of recognizing the SNP-gene contacts, 

I used Hi-C data in my studies to identify the genes that were physically interacting in cis and 

trans for eQTL testing with the T1D- and PD-associated risk variants in order to discerning 

their tissue-specific genetic regulatory functions. 
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6.5 From GWAS SNP to tissue effects 

GTEx studies have established that disease-associated SNPs can act as eQTLs to affect gene 

regulation in various tissues, and thus they can impact disease development126,127,140,275. It is 

well recognized that Type 2 diabetes is modulated by adipose tissue and the liver300,301. Lungs 

have been shown to promote auto-reactive T cell infiltration into brains during multiple 

sclerosis282.  

 

To estimate tissue-specific disease impacts, Gamazon et al.143 applied LDSC to estimate risk 

contributions using disease-associated SNP information143. In their analysis, GTEx tissue-

specific expression data were analysed to identify groups of genes that were expressed significantly 

only in one GTEx tissue. These genes were then used as the proxy for the contribution of each 

GTEx tissue in the risk evaluation143. The SNPs in the identified gene regions plus 100kb 

surrounding in each GTEx tissue were mapped to a full set of GWAS SNPs using LD scores143. 

The risk contributions were assigned to each GTEx tissue by regression of the LD scores143. 

Gamazon et al. examined the WTCCC T1D genotype data by LDSC with HLA and non-HLA 

genes143. Their non-HLA gene analysis identified the lung as the top tissue risk contributor to 

T1D143, which is consistent with my T1D regularised predictor model results.  

 

LDSC and my regularised predictor model method fundamentally differ in their starting 

presumptions and approaches for qualifying the tissue-specific disease risk. LDSC tissue risk 

estimations were calculated based on the LD strengths of the SNPs inside the selected tissue 

expressed only genes with GWAS SNPs143. LDSC only can assess tissue risk as a whole of each 

tissue type, but not the individual genetic elements. On the other hand, in my modelling approach, 

the risk contributions of each identified tissue-specific eQTL effect were first estimated with the 

case and control individual genotype data. Subsequent to this, the tissue risk contributions were 

calculated as the sum of the tissue-specific eQTL effect contributions within each tissue. Hence, 

my regularised predictor models also reveal the critical eQTL risk elements inside the related 

tissues.  
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Mendelian Randomisation (MR) is a computational method that is often used to confirm the 

causal relations of eQTL or mQTL effects with diseases33,138,302. MR utilises disease-associated 

SNPs and SNP-QTL effect associations to assess the connections of QTL effects and 

disorders33,138,302. In a meta-analysis of 17 PD GWAS datasets, Nalls et al.33 identified 90 SNPs 

that were significantly associated with PD risk33. PRS analysis was employed to validate the 

risk contributions of the 90 SNPs33. The cis-regulation approach was adopted to recognise the 

associated QTL effects33. 237 genes near 70 of the 90 SNPs were nominated to evaluate their 

QTL effects in the brain and whole blood on PD risk by MR33. The method confirmed 151 of 

the 237 genes impacting PD through the expression or methylation changes were regulated by 

the SNPs of interest33.  

 

In my PD study, I applied a regularised predictor model analysis to interrogate the 90 SNPs 

discovered by Nalls et al. Using Hi-C data, I established trans and cis SNP-gene connections 

for 76 of the 90 SNPs and selected 3194 related eQTL effects with 518 genes across 49 GTEx 

tissues. The Mann Whitney U test158 with the BY control163 filtering and machine learning 

elastic net regularisation90 selected 308 related tissue-specific eQTL effects (9 SNPs 

connecting to 95 genes across 49 GTEx tissue) as having causal impacts on PD risk. By 

applying logistic regression modelling, I could estimate the PD risk contributions of each 

inferred tissue-specific effect using the case and control genotype data. My final model, PD 

model-2, recognised seven PD risk contributors (7 eQTL effects: 4 SNPs connecting to 6 genes) 

of the heart atrial appendage tissue. The eQTL effects modulated by the PD SNPs in the heart 

atrial appendage were consistently shown to have substantial PD risk contributions by 50 

regularised logistic regression predictors created from randomisation of the WTCCC50 derived 

training data. The results suggest that the PD associated SNPs modulate heart functions to 

impact PD development. My analysis has deconstructed the impact of the 90 SNPs on PD and 

enabled the identification of potential tissue-specific mechanisms for PD genetic architecture. 
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6.6 Limitations of my study 

The approach I took to implement the regularized predictor modelling analysis has several 

limitations. The first limitation arises from the use of the WTCCC case and control genotype 

datasets50,70 in the predictor model training. The WTCCC associated limitations are largely due 

to the microarray technology used to produce the genotype data set, the sample biases within 

the data set, and sample size. Predictor models interpret and reveal the information within the 

training data89. Hence, the models will get all the predictive power but also incorporate the 

biases and errors that are inherent to the training data89. WTCCC T1D and PD genotype 

datasets50,70 were acquired for training the regularized logistic predictors. Both case and control 

datasets were created more than ten years ago50,70, and the genotyping microarrays used for 

measuring the genotypes was only able to handle 500k SNPs that are less powerful relatively 

to the genotyping arrays used in more updated GWAS studies measuring more than 2 million 

SNPs172,303. In the WTCCC studies50,70, two cohorts (1958 Birth Cohort and UK Blood 

Services) of genotype data were used to generate common control datasets for various GWAS 

studies. Since the two control cohorts are not specifically selected and matched to each disease, 

they might include control samples that are less suitable as controls (e.g., undetected disease). 

This would decrease the predictive power of the models by including incorrectly phenotyped 

samples into the training set. The sample sizes of the WTCCC data50,70 used in both studies 

were below 5000. This is sufficient to detect significant effects but may be underpowered to 

identify minor signals from data features in the training data. This would bias feature selection 

and weighting in the final models. 

 

Another limitation to my model training is that its ability to be used to generalize to trans-

ethnic datasets remains unclear. The WTCCC individual samples50,70 were mainly collected 

from the UK, as well as the UK biobank and PD samples used for validation. Thus, the sample 

data could be overfitted or biased towards T1D and PD effects specific to the European 

populations that dominate these cohorts. Ideally, a training dataset with bigger sample size and 

better genotype coverage generated by high density microarrays could help improve the 

predictive power of my algorithm and increase its ability to utilize the rich SNP information to 

explain the individual disease risk. Nevertheless, the WTCCC T1D and PD cohorts were the 

best datasets available to me when I started my research. 
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Another limitation of my approach is that the regularized predictor modelling utilizes tissue-

specific eQTL effects to model disease risk. Genetic variants can influence diseases through 

many different mechanisms180,181 (e.g., protein-protein interactions304, missense coding 

mutation305 and DNA methylation306). While the predictor modelling includes SNP genotype 

data when the disease-related variants have no known eQTL effects, the modelling cannot 

account for the disease signals other than eQTL effects if the related SNPs have multiple 

pathways/mechanisms through which they modulate diseases (e.g., a variant could act through 

both a gene- and protein-regulatory mechanism but only the gene-level was captured here). 

The limited scope of the eQTL gene regulation results in a lower predictive performance of my 

models when compared to those of PRS, but with the advantage of capturing the potential gene 

regulatory mechanisms behind my disease risk predictions. Moreover, my models were built 

based on the eQTL information from GTEx tissues275 with limited tissue types (44 or 49 

depending on the version used). As such, my predictor modelling cannot capture the risk 

signals from the related SNPs acting through eQTL effects in tissues or cell types not included 

in the GTEx database275. Additionally, the GTEx tissue sampling protocol includes whole 

tissues, meaning multiple cell types (including blood infiltration) are captured in each “tissue”. 

Moreover, the GTEx tissue samples were mainly taken from white European males with old 

age which could make my results biased to a biologically special group. However, GTEx data 

was the largest tissue-specific eQTL database available to me for my research.  

 

My modelling approach only relies on genetic information to estimate the disease risk of 

individuals, which becomes a limitation when the targeted disease only has weak genetic 

influence/heritability like PD. In the PD study, the PD regularized predictors resulted in limited 

predictive power, implying the models had less information available to them to predict the 

individual disease risk. This limitation has also affected other PD studies using LDSC to 

identify the disease risk enrichments in GTEx tissues145,146. A literature review of studies 

utilizing GTEx for tissue-specific enrichments found that three out of four PD studies could 

not find any risk enrichments in GTEx tissues144,268–270. By contrast, tissue prediction by LDSC 

in T1D with WTCCC T1D genotype data was able to detect strong risk enrichment in lungs143. 

Of course, this may also represent a limitation due to the conglomeration of the cases and 

controls within the cohorts225. 

 

  



 

112 

The simple logistic regression algorithm employed in my approach could be considered to 

be another limitation because the regression models only assume the addition of the data feature 

effects as independent weights on the prediction model76,79,157. Thus, as the genetic features 

might not be entirely independent (e.g., linked features, complex interactions between SNPs, 

multiplicative effects), the regression models may not fully account for the linked risk signals, 

leading to lower predictive power89. Nonetheless, the logistic regression model provided a 

straightforward platform for interpreting the eQTL effects in the T1D and PD studies, which 

illustrated the mechanisms underpinning the genetic architecture of both diseases.  

 

Finally, all the conclusions and results of the regularized predictor modelling were drawn 

based on the estimated statistical disease associations of the genetic data in the combined eQTL 

matrices of the T1D and PD studies. Most of the SNP-gene interactions used as inputs in my 

models have not been empirically or independently validated. My models mitigated this 

limitation by ranking the effects of the data associations and conservatively only choosing the 

top-ranked genetic elements for interpreting the model results. Further future experiments are 

required to validate the findings from the predictor modelling of the T1D and PD studies. 

6.7 Future directions 

In the T1D study, my final model-2 identified eQTL rs6679677 as downregulating AP4B1-

AS1 in the lungs and that this was associated with conferring significant T1D risk. AP4B1-AS1 

could have a regulatory role on the opposite strand gene PTPN22. The eQTL rs6679677 locus 

has been shown to have enhancer activities in lung cells using a luciferase enhancer assay. Yet, 

many questions still need to be answered. Lungs are an organ that contains many different 

types of cells including T cells that play an important role in autoimmune disorders290,307,308. 

Evidence also suggests that resident T cell activities can be modulated in lungs282. In vitro 

experiments that investigate the regulatory effects of AP4B1-AS1 transcription levels on 

PTPN22 expression in lungs and T cells could be performed, using plasmids to up-regulate 

AP4B1-AS1 transcription and RNA interference to knock down AP4B1-AS1 transcription. 

Ideally, cells would be generated from autopsy samples of lungs and immune cells could be 

taken from deceased T1D patients to verify the effect of rs6679677 on AP4B1-AS1 expression 

in T1D diseased lung tissue. These studies should also utilize the genotype and gene expression 

data to validate the causal impact of the eQTL effect on T1D by Mendelian randomization 

experiments138,148. 
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Similarly, in the PD study, PD model-1 recognized rs7617877 and rs6808178 as both up-

regulating EAF1-AS1 transcript levels within the Heart Atrial Appendage. EAF1-AS1 may also 

have a gene regulatory role on EAF1 which is located on the opposite strand. I propose to use 

luciferase enhancer assay experiments with human cardiomyocyte cell lines (e.g., AC16) to 

validate the enhancer activity of the loci marked by rs7617877 and rs6808178. Furthermore, 

plasmid and RNA interference experiments should be performed to overexpress and 

knockdown EAF1-AS1 and thus investigate the effects of these putative regulatory regions on 

human heart cells and EAS1 gene regulation. Again, autopsy samples from the heart and heart 

atrial appendage from deceased PD patients (e.g., follow-up on IPDGC subject data) could be 

collected for a Mendelian randomization study to understand the relationship between EAF1-

AS1 transcription, organ remodelling and PD disease85.The PD model-1 results suggest a strong 

association of heart atrial appendage function with PD risk. Currently, heart atrial appendage 

resection or occlusion surgery is a treatment of choice for atrial fibrillation patients to lower 

stroke risk. To validate my findings, a prospective epidemiological study could be performed 

to determine whether heart atrial appendage surgery changes the blood flow patterns in brains 

in a way that would promote tissue damage leading to PD or other neurodegenerative disorders. 

The study could employ magnetic resonance imaging to monitor the blood flow pattern changes 

in brains and their effects on PD development, providing invaluable insights into how heart 

functions impact brains, leading to disorders. 

 

There are four key ways to improve my regularized predictor modelling analysis: 1) using 

bigger and better case and control genotype data for model building; 2) improving the selection 

of informative disease related SNPs; 3) increasing the eQTL tissue or cell types in modelling; 

and 4) employing advanced machine learning models to capture the full complexity of the 

genetic data.  
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For example, in my PD study, the NeuroX-dbGap51 genotype data that was used for PD 

model-2 validation was designed and created in 2014 with 5,353 cases and 5,551 controls51. 

The microarrays used to generate the NeuroX-dbGap51 genotype data were specially designed 

to cover only reported PD associated DNA regions, which makes the SNP imputation of the 

microarray variants very difficult. The missing SNPs only can be searched for using strong LD 

related proxies. However, this is imperfect, and a future dataset with this many samples but 

whole genome variant coverage would help with the evaluation of the PD predictive power, 

whilst providing more accurate estimates of the model results. Furthermore, the GWAS PD 

SNPs were mainly from European samples. In future studies, including SNPs discovered from 

other ancestries in future studies can improve the robustness of the disease predictions over 

different heterogenous populations86, and also using advanced statistical platforms with SNP 

knockout procedure for selecting informative independent SNPs will help identify casual SNPs 

and their physiological impacts85. Similarly, many newly created eQTL datasets are publicly 

available for research use. For example, DICE is an immune cell eQTL database including 13 

various immune cell types276. If DICE eQTL data276 can be integrated into my modelling, my 

predictors would be able to utilize the eQTL information to identify the related immune cell 

types and estimate their contributions to disease risk. Many advanced machine learning 

algorithms (e.g., SVM, Random Forrest and Deep Learning61,309,310) have been explored in 

biological data analysis applications and have achieved good results88,98,120. Adopting these 

advanced machine learning algorithms could help my predictors utilize the complex and 

interrelated genetic information more efficiently to enhance the risk predictive power. 

 

My regularized predictor modelling analysis aims not to develop the most powerful 

predictors but to use good predictor models to interpret the functional roles of disease-related 

tissue-specific genetic elements in promoting individual disease risk. One of the applications 

is to employ my disease predictor models to reveal tissue-specific genetic elements according 

to individual genotypes. Other methods (e.g., LDSC or PRS) can develop more refined 

predictor models to select individuals at risk with complex diseases. However, they lack the 

molecular understanding of why those model features were biologically relevant to the disease. 

Thus, integrating those methods within my predictor could leverage the benefits of better 

prediction while also exposing the important biological features underpinning those 

predictions. This would help to develop personalized healthcare bio-makers, specific to the 

tissues impacted early in the disease onset, for early detection and intervention to minimize the 

disease risk of individuals. 
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6.8 Conclusion 

Complex disorders are the result of many genetic and environmental factors273. Genetic 

variants have been successfully used to reveal the disease risk of individuals but fail to illustrate 

the mechanisms promoting the diseases. In this thesis, I have developed a computational 

approach that integrates complex disease variants and their related tissue-specific gene 

regulation information with individual genotype data. The combined data were selected and 

analyzed by regularized logistic regression predictor models to estimate individual disease risk. 

After extensive validation, the best predictor model was chosen (according to the highest AUC) 

to reveal the essential variant related elements contributing to the complex disease risk. I 

applied the computational approach to study T1D and PD variants. My models have been able 

to identify major tissues, variants, and their patterns of tissue-specific gene regulation that were 

significantly associated with the T1D and PD disease risk. The regularized logistic regression 

models provided a clear platform for interpreting the genetic components of the model. These 

analyses implicate important insights into the genetic mechanisms acting on different tissues 

to modulate T1D and PD development.  

 

The novelties of the regularised predictor modelling approach are the ability to distinguish 

trans and cis eQTL regulatory effects for disease-associated SNPs across tissues. With Mann 

Whitney U Test filtering158 and machine learning regularisation, I can select and confirm the 

causal associations of the eQTL regulatory effects in multiple tissues. Moreover, my modelling 

can approximate the risk contribution of each tissue-specific eQTL regulatory effect for 

identifying the crucial tissue and their essential SNP modulated eQTL elements. 

 

I suggest using in vitro experiments and autopsy patient tissue samples to verify my T1D 

and PD study findings. I also propose conducting an epidemiological study to investigate the 

impacts of heart atrial appendage functions on PD and neurodegenerative disorders to illustrate 

the interplay between dysfunction in the heart and subsequent disease manifestation in the 

brain. In conclusion, my model results provide novel and reproducible insights into the genetic 

underpinnings of T1D and PD, which can help to develop personalized tissue-specific bio-

makers to identify and/or treat at risk individuals. 
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Appendices 

 

The following tables are available on Figshare 

 

Supplementary Table 1 to Table 9:  

https://figshare.com/s/9d2ba00ca3bce4f24d47 

 

Supplementary Table 10 

https://figshare.com/s/421584a63292f1e4a6c7 

 

Supplementary Table 11 

https://figshare.com/s/a1bc5fd0d71b416d59c7 

 

Supplementary Table 12 

https://figshare.com/s/c2d4f9d38fd738d71c1d 

 

Supplementary Table 13 

https://figshare.com/s/7ac4eb48f3d57767165d 

 

Supplementary Table 14 

https://figshare.com/s/8f3138e94f2b1ad7dd3f 

 

Supplementary Table 15 

https://figshare.com/s/7ac4eb48f3d57767165d 

 

 

https://figshare.com/s/9d2ba00ca3bce4f24d47
https://figshare.com/s/421584a63292f1e4a6c7
https://figshare.com/s/a1bc5fd0d71b416d59c7
https://figshare.com/s/c2d4f9d38fd738d71c1d
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