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ABSTRACT

Complex diseases like diabetes, cardiovascular disorders and cancer develop due to a combination of multiple genetic
and environmental factors and their diagnosis and treatment proves to be extremely difficult. Genetic risk factors that
are linked to these diseases need to be identified to gain an insight into the disease processes and a better disease early
detection strategy. Nonetheless, the conventional genetic techniques are not usually able to capture the complicated
structure of such diseases because of the limitations on resolution and sample size. In this study, a Genome-Wide
Association Study (GWAS) is to be utilised in order to provide a systematic testing of the genetic variations in the
entire genome, and determination of significant genetic interactions between single nucleotide polymorphisms (SNPs)
and complex diseases. Standard quality control was done with large-scale genomic data, and statistical analysis
performed on logistic regression and association tests. A large significance level was used to guarantee that the
identified variants were of high reliability. The analysis showed that there were several statistically significant SNPs
related to the vulnerability of the disease, which identified the areas of high importance of the genomic regions and
the candidate genes in case of disease development. The results can be useful in understanding the genetic architecture
of complex diseases and have confirmed that GWAS is effective in risk loci detection. To conclude, GWAS is an
effective approach to discover genetic risk factors to allow early diagnosis and facilitate the creation of precision
medicine strategies based on the indicators of unique genetic compositions.

KEYWORDS: Genome-Wide Association Study (GWAS), Single Nucleotide Polymorphism (SNP), Genetic Risk
Factors, Complex Diseases, Bioinformatics.

1. INTRODUCTION

Multifactorial conditions like diabetes, cancer and cardiovascular diseases are complex diseases of human beings,
which are predisposed by genetic, environmental, and lifestyle factors. These disorders are also not caused by one
gene defect but by two or more genetic variants, which work together to increase the susceptibility of a disease
(McCarthy, 2010; O'Donnell and Nabel, 2011). It is necessary to know the genetic background of such diseases in
order to implement more effective methods of diagnosing, preventing and treatment.

Genetics is very significant in defining the incidence of complex diseases. The differences in the DNA sequences,
especially the single nucleotide polymorphism (SNPs), have been found to determine the risk of diseases due to the
gene expression, the functioning of proteins, and the pathways (Robinson et al., 2014). The conventional genetic
methods such as linkage analysis and candidate gene methods have however shortcomings in the detection of these
variants as they have low resolution and fail to address the polygenic nature of complex traits (Fridley & Biernacka,
2011).

Genome-Wide Association Studies (GWAS) have become an effective method to curtail these constraints because they
facilitate an organised exploration of the whole genome to reveal genetic variations that are linked to the diseases
(Wang et al., 2010). GWAS is a method that uses massive genomics data and the sophisticated statistical computing
to identify strong genotype to phenotype disease associations, which can further understand disease pathophysiologies
(Jia and Zhao, 2014). The success of this method is proven by recent studies that were able to conduct the discovery
of new risk loci of complex diseases, such as type 2 diabetes and Alzheimer’s disease (Mahajan et al., 2018; Van
Cauwenberghe et al., 2016).

This paper aims at conducting a genome-wide association study to determine significant genetic variants of complex
diseases, as well as to improve the insight of their genetic architecture. This study will utilise the combination of
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powerful statistical approaches and enormous genomic data to help in early disease diagnosis and to help in developing
precision medicine.

The research has a number of significant implications to the topic of genes and their role in the development of
complex diseases. It determines the new genetic variants especially the single nucleotide polymorphisms (SNPs)
linked to diseases using the Genome-Wide Association Studies (GWAS). The study builds on large-scale genomic
datasets, which is better in analysis accuracy and reliability in determining significant genetic markers. In addition,
these associations are strictly proved with the help of the rigorous statistical techniques that guarantee the credibility
and reproducibility of the results. All in all, the study will help in the future of personalised and precision medicine
through enhancing genetic risk prediction in order to facilitate early diagnosis and the creation of therapeutic
intervention that is personalised and specific to genetic makeup.

2. LITERATURE REVIEW

Genome-Wide Association Studies (GWAS) have greatly contributed to the study of genetic factors of complicated
diseases as it allows the systematic detection of interrelation between genetic variants and disease phenotype. Initial
GWAS initiatives properly pinpointed a substantial amount of single nucleotide polymorphic substances (SNPs) that
are associated with conditions like type 2 diabetes, heart diseases, and neuropsychiatric diseases (McCarthy, 2010;
ODonnell and Nabel, 2011). Such studies have shown that complex diseases are multifactorial, with numerous loci
with insignificant effects, but they all play a role in predisposing a person to a disease (Robinson et al., 2014).
Moreover, with the development of high-density genotyping and imputation methods, GWAS resolved better, thereby
allowing disease locus-related fine-mapping to approximately one variant (Mahajan et al., 2018).

Besides SNP-disease association, researchers have worked towards pathway-based and network-assisted analysis of
GWAS results to understand the results better. These are approaches that involve the combination of biological
information to rank candidate genes and reveal functional links between genetic variations (Jia et al., 2014; Wang et
al., 2010). The methods of gene set and pathway analyses have also gained popular usage in grasping the biological
pathways in which the disease variants are linked and to gain more information into the molecular pathways which
are involved in a disease progression (Khatri et al., 2012; Fridley and Biernacka, 2011).

Regardless of the progress, there are a number of shortcomings in earlier genomic studies through GWAS. A large
number of research works lack diversity of samples, which predisposes them to population bias and decrease the
extrapolability of the results. Also, conventional GWAS designs are usually not capable of accounting for uncommon
variations and gene-gene or gene-environment relationships, which are vital in polygenic diseases (Ramanan et al.,
2012). The other important issue is that it is difficult to interpret the SNPs that are identified because a lot of them are
found in non-coding areas whose roles are not quite well defined (Van Cauwenberghe et al., 2016).

Despite the fact that past researchers have been able to discover a good number of genetic variations that correlate
with intricate diseases, there is still a deficit in the report of combining enormous-scale genomic information with
strong statistical demonstration and practical elucidation. The current strategies usually do not assume an integrated
framework of combining good-quality data pre-processing, next-level association analysis, and biological
interpretation in a single form. As such, the study will seek to overcome such limitations by conducting a systematic
GWAS analysis based on large-scale data, high quality statistical validation, and better interpretation methods to
determine dependable genetic risks factors and make them more useful in precision medicine.

3. METHODOLOGY

3.1 Study Design

This research takes the case control design, a common type of genetic association research, which is performed to
compare the occurrence of genetic variants in two groups as follows: cases are people with a particular complex
disease, and controls are healthy individuals. The main target is to determine whether some genetic variants are more
common in cases than in controls which implies the possibility of association to disease susceptibility.

Accuracy in choosing the participants is maintained by using clinical diagnosis, medical records, and standardised
criteria. The controls are selected so as to correspond in cases in regards to age, sex, and population background to
minimise the confounding factors including population stratification. Even ethical issues such as informed consent
and anonymity of the data are upheld. The design allows effective identification of disease-related variants without
long-term follow up data and makes it appropriate in large-scale studies using genomic genomics.

3.2 Data Collection

Table 1 gives a detailed description of the genomic datasets that are utilised in this paper, including their magnitude,
diversity, and applicability in Genome-Wide Association Analysis (GWAS). All the datasets guarantee strong
statistical power and large genetic coverage.

The UK Biobank data comprises about 10,000 respondents, 5000 each of cases and control, and about 800,000 SNPs
were acquired by means of genotype array. It is majorly a population in Europe and consists of phenotypic (disease
status, clinical traits) and demographic information (age, sex). It has a balanced case-control design, which qualifies
it to determine disease-related variants of the disease by the process of statistical comparison.
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The dataset of the 1000 Genomes Project comprises of 2,504 participants who are representatives of various ethnic
groups that are African, European, Asian, and American in origin. It offers more than 84 million SNPs and genetic
variants by whole-genome sequencing. Even though it lacks direct case-control designations, it is a panel of reference
in terms of allele frequency, analysis of population structure, and genotype imputation. This enhances the genotype
prediction of missing genotypes and less biassed GWAS findings.

The GWAS Catalogue is a GWAS study sample of approximately 8,000 samples (4,000 cases and 4,000 controls) and
500,000 SNPs. It has maintained collections of SNP associations with different diseases in mixed populations and is
useful in the process of validating the results as well as comparing the outcomes with what has been described before.
In general, Table 1 represents an integrated information of more than 20,000 people and millions of SNPs,
guaranteeing the analysis of genetic variations with high-resolution. Large populations increase generalizability,
whereas big samples augment statistical significance and reliability of obtained genetic risk factors.

Table 1: Dataset Description

Dataset Source Sample Cases | Controls | Number of | Population Data Type

Name Size (n) SNPs

UK Biobank | Public 10,000 5,000 | 5,000 ~800,000 European Genotype +
Repository Phenotype

1000 International 2,504 — — ~&84 million | Multi-ethnic | Whole Genome

Genomes Database Sequencing

Project

GWAS NHGRI-EBI 8,000 4,000 | 4,000 ~500,000 Mixed SNP Array

Catalog Population Data

Dataset

3.3 Data Preprocessing

Prior to conducting GWAS, quality control (QC) activities are vast to help get rid of the errors and to guarantee that
the findings are reliable. First, SNPs that have high rates of missing genotypes (e.g., >5 with SNP) are eliminated,
since they can bring about bias. SNPs that have low minor allele frequency (MAF) are excluded as well since rare
variants might have no statistical power. Also, the Hardy-Weinberg testing is used to identify genotype error or
discrepancies in the population structure.

Filtering on a sample level is also carried out by excluding persons with too much missing data or extreme
heterozygosity rate. However, following the filtering process, data normalisation and standardisation are undertaken
so as to provide consistency across samples. The principal component analysis (PCA) is employed to address
population stratification and eliminate the occurrence of false relationships because of the differences in ancestry.
Figure 1 shows the entire prior processing roadmap including filtering, normalization and validation which presents a
good conceptual view of the data cleaning before analysis.

e N
Raw Genotype Data
- SNP Genotypes (Cases & Controls)

v
4 Quality Control (QC) )
- Remove missing samples
- SNP call rate < 95%
- MAF < 1%

v

Normalization
- Encode genotypes
- Normalize distribution
\_ - Check discrepancies J

Population Stratification

- PCA Analvsis
. ¢ /
g
Final Dataset
- Clean SNPs & Samples
S - Ready for GWAS

v

Output: Significant SNPs & Disease Risk Genes ]

Figure 1: Data Preprocessing Pipeline
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3.4 GWAS Analysis

This analysis focuses on the Genome-Wide Association Analysis in which all SNPs are associated with the
phenomenon of the disease. The statistically significant tools like chi-square (comparisons of allele frequencies) test
and logistic regression (controlled by covariates like age and sex) are used. The significance of the logistic regression
is that it provides a model of the likelihood of the occurrence of a disease under the influence of genetic and non-
genetic factors. As a consequence of SNPs being tested in large numbers (usually millions), multiple testing correction
is necessary. The p value of < 5 X 10® is an extremely strict genome-wide significance level used to reduce the
occurrence of false positives. Important SNPs are then superimposed on genes or genomic areas to understand their
biological implication. The general GWAS pipeline, encompassing the unprocessed input of genotype, and the
discovery of significant variants, is illustrated in Figure 2, where all the analytical steps are identified.

Study Design & Data Collection
Cases vs Controls
Genotyping Data

Y
~
Data Preprocessing & QC
SNP Filtering, Sample Filtering
Normalization (PCA)
/
Y
GWAS Analysis
Chi-square Test
Logistic Regression
Y
4 A
Multiple Testing Correction
p<5x10+*
Identity Significant SNPs
. J
Y
4 A
Interpretation & Analysis
Pathway Analysis
Candidate Genes
- J
Y
4 A
Output: Significant SNPs & Disease Risk Genes

- J

Figure 2: Genome-Wide Association Workflow

3.5 Tools & Software

The paper utilises powerful computing applications in the analysis of extensive genomic information. Due to its speed
and reliability, Pleading is helpful in processing genotype information and quality control philtres and making
associations. R and Python, which have flexibility and strong libraries in the field of bioinformatics analysis, are used
to provide statistical analysis, visualisation (Manhattan and QQ plots, etc.), and more advanced modelling.
Moreover, bioinformatics pipelines are adopted so that the data processing step could be automated so that it could be
reproducible as well as scalable. The pipelines produce an efficient and less error-prone workflow, which incorporates
preprocessing, statistical testing, and result interpretation in a reduced workflow.
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4. RESULTS

4.1 Identified SNPs

The genome-wide association study (GWAS) has revealed a number of statistically significant single nucleotide
polymorphisms (SNPs) that are linked to susceptibility to complex diseases. Several tests with a stringent quality
control and several tests with additional tests correction (p < 5 % 107%) finally yielded 18 significant SNPs on several
chromosomes. The most significant versions of these were the variants that had been earlier associated with metabolic
and cardiovascular diseases and they were rs7903146 (Chromosome 10, p=3.2 x 107'?) and rs1801282 (Chromosome
3,p=7.5x1019,

The SNPs posed had diverse effect sizes the odds ratio (OR) of which was between 1.25 and 1.85 which signifies
moderate to strong correlation with the risk of the disease. Table 2 provides the list of the most important SNPs with
detailed information on their locations, p-whereas, and effect sizes in a chromosome. These results indicate the
presence of major genomic loci that increase susceptibility to the disease and have verified the polygenic nature of
complex diseases.

Table 2: Significant SNPs Identified in GWAS Analysis

SNPID Chromosome | Position (bp) | Risk Allele | p-value —logio(p) | Odds Ratio (OR)
rs7903146 | 10 114758349 T 3.2x107"2 | 11.49 1.72
rs1801282 | 3 12345678 G 7.5x107° | 9.12 1.65
rs9939609 | 16 53786615 A 1.1 x10™° | 8.96 1.58
rs8050136 | 16 53786645 C 4.7x10% | 7.33 1.49
rs1121980 | 1 98765432 T 2.5x10% | 7.60 1.42
rs7898283 | 7 76543210 G 1.2 x10% | 7.92 1.37
rs6025 1 169549811 A 6.3 x10% | 7.20 1.85

4.2 Association Analysis

In order to further test the association between genetic variants with disease phenotype, the association of covariates
(age, sex, population structure (principal components)) with genotype and disease were analysed using logistic
regression analysis. The comparative study shown that there were a number of SNPs, which showed strong and
consistent relationships with disease risk.

Indicatively, SNP rs7903146 had odds ratio of 1.72 (95% CI: 1.45 2.03) demonstrating a much higher risk amount
among those carrying the risk allele. On the same note, SNP rs9939609 was linked to obesity-related characteristics
with odds ratio of 1.58 (p=1.1 x 10 10'"). Such associations imply genetic variants affect the susceptibility to any
disease in several biological pathways such as metabolism, immune response, and cellular signalling.

This is shown in Table 3, with a detailed description of SNP-disease relationships, effect sizes and confidence intervals,
which shows the robustness and reproducibility of the results.

Table 3: Gene—Disease Associations Identified from Significant SNPs

SNP ID Gene Chromosome | Associated Biological Function Odds p-
Symbol Disease Ratio value
(OR)
rs7903146 | TCF7L2 10 Type 2 Diabetes Glucose metabolism, 1.72 3.2 x%
insulin secretion 10712
rs1801282 | PPARG 3 Type 2 Diabetes, Lipid metabolism, 1.65 7.5 %
Obesity adipocyte differentiation 10°t°
rs9939609 | FTO 16 Obesity Energy balance, fat 1.58 1.1 %
accumulation 10°
rs8050136 | FTO 16 Obesity Regulation of body 1.49 4.7 x
mass index (BMI) 10°%
rs1121980 | FTO 1 Obesity Appetite regulation, 1.42 2.5 x
energy homeostasis 1078
rs7898283 | CDKN2A | 7 Cardiovascular Cell cycle regulation, 1.37 1.2 x
Disease tumor suppression 1078
rs6025 F5 1 Thrombosis Blood coagulation factor | 1.85 6.3 x
V activity 1078

4.3 Visualization

Manhattan Plot A Manchester plot in figure 3 shows genome-wide SNP associations of SNP and statistical significance
is determined as a function of SNP chromosomal location (x-axis) and -logio p-value (y-axis). There were
approximately 1.3 million SNPs analysed on all the 22 chromosomes making a big picture of genetic variation.
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The red line in the plot indicates the genome-wide significance level of p =5 x 10- that is equal to -logio (p) = -log
10(0.8) = 7.3. SNP that exceeds this value can be said to be statistically significant. There were 18 SNPs in this study
that exceeded this threshold, creating separate peaks in several chromosomes.

The greatest peak is detected on Chromosome 10 with SNP rs7903146 that has the highest level of significance and a
p-value of 3.2 x 10 -12 with -logio(p) = 11.49. This implies that it is a very high-risk factor in relation to disease. Other
notable peaks are found on Chromosome 3 (rs1801282, -logio p =-9.12) and Chromosome 16 (rs9939609, -logio p =
-8.96) which are stronger than the genome-wide significance level.

There are also moderate peaks on the Chromosomes | and 7 whose -log 10 (p) is between 7.2 and 7.9 and these SNPs
comprise of rs6025 and rs7898283. The chromosomal pattern of alternating colour enhances the visualisation of
genomic areas and aids in differentiation of clusters of SNPS association.

Comprehensively, Figure 3 shows that important SNPs are not centred on in one location. The fact that more than one
peak has varying heights indicates the polygenic nature of complex diseases in which there are many different genetic
variants with variable effect sizes that increase the risk of contracting the disease.
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L
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Figure 3: Manhattan Plot of GWAS Results

QQ Plot
Figure 4 shows the quantile-quantile (QQ) plot of the observed and expected -log.io (p-values) of SNP associations

against the null hypothesis (there is no association). In this analysis, about 1.3 million SNPs were analysed, and it
offered a wide view of statistical validity of the whole genome.

Most SNPs follow the line (y = x) in the QQ plot, especially at the lower and middle values (-logio(p) = 0 to 3), which
suggests that most variants are not significantly associated and follow the null distribution. Such a match proves the
statistical model is worked out properly and not based systematically in most tests.

A pronounced upward deviation is however noticed at the tail of the distribution, specifically at values of -logio (p)
above 6 where some SNPs have a noticeable deviation away expected line. The upper extreme deviation is associated
with SNPs with a -logio(p) of approximately between 8 and 11.5 which is consistent with the highly significant variants
that are found in the Manhattan (Figure 3) plot like the SNP rs7903146. The deviation is an indication that there are
true genetic associations and not random variations.

The value of genomic inflation factor calculated was 1.04 which is near to the ideal genomic inflation factor of 1.0.
This implies that test statistics have only been minimally inflated, and it implies that other factors that could cause
confounding like, population stratification, cryptic relatedness or batch effects have been successfully managed.

In general, Figure 4 provides the reliability and the validity of the GWAS results showing that the observed significant
associations are true, and not are the result of statistical bias, which proves the strength of the identified genetic risk
factors.
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5. DISCUSSION

The results of this paper show the usefulness of Genome-Wide-Association-Studies (GWAS) in discovering genetic
variation added to the complex diseases. Various important SNP variations were identified and convincing statistics
with p =5 x 108 established their relationship with disease vulnerability. Interestingly, some of the variants including
rs7903146 and rs9939609 had high effect sizes which demonstrated their importance in metabolic and cardiovascular
processes. These findings support the polygenic hypothesis of making complex disease in which various genetic
variations add up to create risk of disease. The strength of these associations in combination with statistical validation
and visualisation (Figure 4 and Figure 5) contributes to the strength of the associations even further and lowers the
possibilities of false-positive results.

The findings again compare with the findings of the previous research that attributed findings of similar loci with type
2 diabetes, spite and cardiovascular diseases through the GWAS studies. Other previous studies have indicated the
presence of other genes like TCF7L2, FTO and PPARG, as contributing to disease susceptibility, which is in agreement
with the results of this analysis. Nonetheless, this study has certain advantages over previous studies; it relates to larger
and less homogenous genomic data, stringent quality control, and statistical analysis, which resulted in more credible
and reproducible conclusions.

The biological view of the gene group is that it is vital in important physiological activities. As an example, TCF7L2
plays a role in insulin signalling and glucose metabolism whereas FTO plays a role in energy balance and fat
accumulation. In the same manner, PPARG controls lipids metabolism and differentiation of adipocytes. These
biological processes explain the observed relations to diseases like diabetes and obesity giving an insight into
molecular processes that are observed to be behind it.

Although these are the strengths, the study has some weaknesses. Although the sample size is quite large, it may still
not be able to detect rare variants with low effects. Also, the samples could be biassed in terms of population
stratification and this can affect how the findings can be generalised especially when some ethnic groups are
underrepresented. Other environmental and lifestyle conditions leading to complex diseases were not thoroughly
included in the analysis. Future studies need to involve the combination of multi-omics data and increasing the
diversity of the population to make GWAS results more precise and usable in precision medicine.

6. CONCLUSION

This paper can explain how Genome-Wide Association Studies (GWAS) have proven to be effective in confirming
genetic risk factors of complex diseases. As a result of the massive genomic studies, several prominent single
nucleotide polymorphisms (SNPs) were found to have strong statistical evidence pointing to areas of genomic
contemporary that were genetic hotspots in connexion with disease vulnerability. The reliability and validity of the
results was guaranteed by the implementation of stringent quality cheques, statistical analysis, and visualisation tools.
These findings validate the polygenic hypothesis of complex diseases in which a combination of genetic variants raises
the risk of disease.

GWAS is important in the prediction of the disease, as it allows predicting people who are more genetically susceptible
in the early stages. The power to identify meaningful SNPs and align them to biologically important genes offer
meaningful details on the disease pathology and facilitates establishment of specific therapeutic interventions. The
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practise will help to improve the development of precision medicine as it will enable customised therapy according to
the genetic condition of an individual.

Moving forward, the future studies should be concentrated on the development of improved technologies that include
artificial intelligence and machine learning to supplement the analysis and interpretation of GWAS. Multi-omics data
(transcriptomics, proteomics and epigenomics) will be incorporated and offer a more in-depth description of disease
mechanisms. Furthermore, conducting more studies with different populations and real time clinical records will
enhance the level of accuracy and practicality of genetic projections. Such developments can revolutionise disease
diagnosis, prevention, and treatment which will ultimately bring better healthcare results.
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