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Abstract

Lifestyle diseases are present in multitudes and strike indiscriminately, leading to chronic
ilinesses. There are no precise answers to many of the questions that perplex the general
populace. Identifying individuals who need additional surveillance to prevent the onset of these
diseases is increasingly becoming a major priority. The big data era and the advent of high-
throughput technologies have led to a significant reduction in the cost of genotyping thousands
of individuals to identify genetic markers associated with complex diseases. Searching for tiny
genetic signals amidst millions of DNA variants means analyzing tediously large data sets. We
discuss big data analytics as* a solution for the identification of genetic markers associated
with lifestyle diseases. Given the limitations of predictive modeling of complex diseases despite
having powerful predictive tools, we propose a new matrix-based gene-gene variant
association test called Mod-Log. Using this approach, we identify thousands of genetic markers
that are predictive of health-related traits in a large data set of 15,000 aging men, showing a
strong association between gene-gene interactions and complex diseases.
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1. Introduction

The focus of big data initiatives related to human health was initially on sequencing individual
genomes to find genetic variants predisposing to disease. A more comprehensive understanding
of disease mechanisms, emerging novel treatment options, and recognizing interactions of
genetic susceptibility variations with lifestyle choices and environmental exposure requires
combining single nucleotide variations and structural variations from entire genome
sequencing with many other data sources. For most conditions of interest, a thorough
investigation of big data resources exposes a continuum of sophistication, ranging from specific
studies focusing on a particular question to comprehensive national big data resources of
extensive scale and scope. Several countries have made substantial investments in health big
data for general health surveillance to maintain a comprehensive overview of citizens' health
and well-being. The main focus of health surveillance is on information in the public health
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domain, from a disease perspective. Investing in extremely large-scale resources for various
health issues will identify key questions synthesizing an array of studies for in-depth
investigation. A key aim is to provide value for money and high data quality, by recognizing
that the best methods for data handling and analysis are data-driven and require input from a
wide array of core competencies. Interoperability is key for the survival of systems aiming to
solve broad health information objectives related to monitoring and analyzing citizens' health
and well-being. Awareness and implementation of advanced analytical techniques and methods
to enable desired outcomes from integrated combined health data should be facilitated by
government involvement.
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Fig 1 : Genomics and Big Data Analytics for Personalized Medicine and Health Care

1.1. Background and Significance

Genetic markers can be effectively mapped using the DNA sequences of populations from
multiple countries that have been made publicly available. However, most of the currently used
marker mapping systems do not provide the associated weights of genetic marker groups that
are needed as inputs for the creation of classification models that can detect lifestyle diseases.
In this paper, four extraction systems are compared based on two classes of widely used model-
free variable weight extraction methods for establishing genetic marker groups associated with
lifestyle diseases. To make the results more relevant, a primary study is conducted separately
for 101 Asians, 131 Africans, 345 Europeans, 204 Mexicans, and 463 Americans of African
ancestry using 71,888 DNA data. The results for people of the same ethnic group are compared,
and a sensitivity analysis is conducted to determine the best extraction method that could guide
further research to minimize the high cumulative percentage of lifestyle diseases.

It is well known that the environment and the genes of humans can affect whether or not a
person can have lifestyle diseases, such as diabetes, coronary heart disease, obesity,
hypertension, and certain cancers and cardiovascular diseases. The genes that are involved in
regulating vital biological pathways and their interactions have been identified. However, even
using big data, the effects of multiple gene-gene interactions and the effects of the genetic
markers of different populations on lifestyle disease predictions are unclear. The mission of
this paper is to solve such problems so future precision health scientists can understand the
genetic factors that predict lifestyle diseases and develop diagnostic methodologies that can be
translated to different populations.

1.2. Research Aim and Objectives

The research aims to provide an overview of current big data solutions for mapping genetic
markers associated with lifestyle diseases. The objectives of the research include developing
an analysis and comparison of the main statistical and software tools used to search for genetic
markers; theoretical refinement of the developed methods, and the formation of approaches to
address the identified disadvantages of software tools. Review of public software and packages;
analysis and development of a classifier based on publicly accessible programs and data for
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various problems of lifestyle disease prediction. During the research, special emphasis will be
given to statistical methods and software packages related to solving selected analysis problems
using ready-made tools, such as SNP, histograms, or other big data sets. To implement analysis
tasks, program modules based on a set of tools and scripts providing integration of all prepared
parts will be developed. After the simulation, an efficient software package will be
implemented.

Such a study is important due to its practical significance, as it will be possible to apply the
received recommendations to real problems of predicting lifestyle diseases and developing
treatment methods. The developed software will be tested on available data, and the obtained
results will be analyzed. The implementation base of the project includes state-of-the-art
statistical software such as SNP, histograms, and a set of statistical tests for SNP associations.
It is expected that the implementation of the project will allow for the development of a
comprehensive and automated computational solution aimed at predicting the results of
lifestyle diseases that can be used by a wide range of researchers engaged in related issues. The
developed software package should be freely distributed and installed at genome analysis
centers.

2. Understanding Lifestyle Diseases

Lifestyle diseases are defined as those that are linked to a person’s lifestyle. They include heart
disease, obesity, and cancer, among others. Increases in population and wealth contribute to
the growing demand for food products such as meat. This increase, combined with recent
productivity improvements, may compromise dietary guidelines and, consequently, human
health. A source of this challenge arises from the tension between breeding and genetic
matching of livestock for production versus choosing breeds of animals and animal products
that have attributes characteristic of a healthy diet. On the other hand, many patients with
lifestyle diseases (or their families) request guidance on what to eat or on what symptoms can
be relieved through eating a healthier diet. Scientists have developed methods for genetic
matching of meat attributes to human dietary guidelines.
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Fig 2 : Prediction and Prognosis of Lifestyle Diseases
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Fatty acids are concentrated in milk and meat. In general, consumption of foods rich in essential
fatty acids has beneficial effects on human health. However, in specific situations, some fatty
acids have been linked to negative effects, such as the increase in LDL cholesterol in the blood,
which is associated with an increased risk of developing heart disease. In this context, many
studies aim to quantify genetic influences on milk fatty acid content to control the increasing
prevalence of dairy cattle rich in harmful fatty acids. How the genetic influence of a breed
affects meat or milk content with favorable fatty acids and thus benefits human health supports
a dual objective: to breed informed livestock while providing a health-oriented dietary guide —
laboratory and nutritional data at the same time. By continuously identifying DNA blocks
involved in final phenotypes composed of high genetic values, quantitative trait locus methods
increase the success of predicting complex traits for genomic selection while determining the
genetic basis of traits. Fast and efficient detection of trait-associated DNA fragments calls for
comprehensive sequence resources linking DNA markers to genomic positions and providing
unique sequence information within the incorporated species.

1!
Sg = Zw,::z:,- + b
i—1

Equation 1: Genetic Marker Association Score
Sg: Genetic marker association score.

x;: Genetic feature or variant 2.
w;: Weight for genetic feature 4.

b: Bias term.

2.1. Definition and Types

Human diseases are caused by a variety of reasons. Many are directly related to the lifestyle of
the individual. All lifestyle diseases have underlying genetic factors, which make certain
individuals more susceptible to the diseases. Identifying these genetic markers would be the
key to developing genetic tests to assess the risk for lifestyle diseases. Identifying the genetic
markers could help us to be proactive in preventing children at risk from adopting lifelong
damaging habits that one or both parents possess. It could also be a way to fine-tune the
supplements, diet, and lifestyle habits by our genetic risk. The purpose of the study is to
illustrate a big data problem, to test the usage of leading processor technology, and to make it
cheaper and faster for researchers in biotechnology to extract more information about the
human genome.

The explosion in the amount of discovered data will need large-scale data analytics platforms
to discover insights and find associations that have not been found. To use the potentially
increased knowledge in the biotech industry, it is important to be able to make sense of the
astonishing amounts of parallel data. This study will explore mapping markers with significant
influence on four lifestyle diseases — cancer, diabetes, heart diseases, and obesity — and use
them as examples to show how the processing could be done more efficiently by exploiting
technologies. The rate at which massive datasets are generated for genomics research motivates
the exploration of scalable and performant solutions for genetic marker set analysis. We discuss
the typical exploratory nature of genetic marker set studies that test a variety of derived genetic
marker associations in search of phenotype-dependent effects.
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2.2. Epidemiology and Impact

Epidemiology of Type 2 Diabetes

The epidemic of diabetes has increased disturbingly in recent years, both in situations of pre-
diabetes stages, and subsequently manifested the horrible epidemic in deficiency of insulin
secretion accompanied by impairment of glucose metabolism. There are up to 400 million
diabetics worldwide in 2014, and this number is projected to double by 2040. Asian ethnic
groups have one of the highest diabetes susceptibilities, and it is projected to take a large
proportion of the global diabetes burden. With the surge of the aging population and the
increased impact of gestational diabetes and prediabetes, it is necessary to propagate the lessons
from the past and provide a more aggressive strategy for diabetes prevention in Asian
communities. The Asia-Pacific region comprises several countries with profound ethnic
diversities, so implementing effective means of prevention or intervention is challenging.
However, more activities in lifestyle intervention, like nutrition-related studies for high-risk
groups, should be adopted before insulin resistance establishes type 2 diabetes.

Epidemiology of Hyperglycemia

More than a quarter of Chinese adults have glucose levels qualifying them to be diabetic.
However, even at fasting plasma glucose slightly above 95 mg per deciliter, the adverse and
expanding spectrum of blood pressure and cardiovascular disease that has been widely
discussed for increasing fasting glucose is not attenuated by the therapeutic measures used to
reduce fasting glucose levels to within the conventional normoglycemic range, including diet
and various medications. Therefore, it is suggested that fasting plasma glucose concentrations
be lowered from the highest end of the accepted normoglycemic range.

3. Genetic Markers and their Role in Lifestyle Diseases

Lifestyle diseases are a class of non-communicable diseases that are associated with the way a
person or a group of people live. They are usually developed as a result of their lifestyle, which
is their characteristic behavior patterns, associated with the way they can afford to live — for
example, what they eat, their physical activity levels, what they drink, whether they smoke,
and their satisfaction in their working environment. Lifestyle diseases are diseases that appear
in higher numbers as countries become more industrialized and people live longer. They are
thought to be developing as a result of an increasing sensitivity of genes to the environment,
particularly to changes in diet. The contributions of human genetic variation underlying these
disease conditions are not as simple as originally thought. There are no simple relationships
between disease and genes. Genes are not even necessary or sufficient for a condition to occur.
The relationship between genes and their effect is more complex.

Genome-wide association studies focus on relatively common genetic variants that are
expected to have small effects, whereas rare variants are expected to have larger impacts on
common diseases. These studies are predicated on the assumption that genetic variation in a
sufficient number of cases and controls will be found to be associated with specific diseases
and that the underlying genetic effects are approximately equivalent among different
backgrounds. Today, the relationship between genetics and lifestyle diseases is not well
understood, with much information coming from these studies. There is not a complete
understanding of all the polymorphisms that can influence lifestyle diseases, and of those that
are known to have an influence, much of the relationship to the lifestyle disease is not
understood. There are also environmental and epigenetic processes to consider.
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Fig 3 : Implications in chronic disease

3.1. Overview of Genetic Markers

In this section, we would like to introduce several big data-driven solutions available for
mapping genetic markers associated with lifestyle diseases. We will start with a brief
introduction to genetic markers and the study of genetic markers and lifestyle diseases. Genes
are the building blocks of heredity. They are passed from parents to children and contain the
instructions for building and maintaining the body’s cells, tissues, and organs. Unlike lifestyle
diseases that result from complex interactions among lifestyle behaviors and environmental
exposures, conditions, and genetic variants, lifestyle disease risk assessment has been
considered as the individual’s lifetime risk. Major research has been conducted to study
markers for lifestyle disease prediction.

Given the enormous amount of data readily available, easy and efficient data access is required
for building lifestyle disease risk prediction models. Big data technologies provide high-level
solutions to challenges in accessing and analyzing the data. A large number of known genetic
markers are available for public use. An elastic data warehouse can handle many users and
terabytes of data and has been proven to support quick response times. This project lifecycle
has the characteristics of big data and requires collaborative problem-solving through the use
of advanced runtime infrastructures.

3.2. Association with Lifestyle Diseases

Big data solutions facilitate the determination of potential arrays whose marker distribution can
be associated with lifestyle diseases. Recent work within the big data domain has been designed
to provide results at a much lower cost and possibly lower the gold standard for genetic
variation assessment. Most of this work has taken on the dimension of a case study and has
focused on generating results in response to a specific scientific question or challenge. Given
the outstanding technological progress and the relatively crude phenotypic measures employed
in some of the published work, carefully designed and significantly larger scale projects can
provide important clues as to how to interrogate the complex issue of genetic risk scores
calculated from a wide range of validated genetic variants.

Current big data bioinformatics and genome-wide technology advances provide fast and cost-
efficient generation of a large amount of variant data at an individual level. One promising
approach to pinpoint new risk factors is to leverage and integrate this amount of data to identify
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genetic variation by association with expression profiles of disease-relevant tissues. These
methods include the global biologic assay combined with next-generation sequencing
solutions, allele-specific silencing, mapping, and RNA sequencing. Integration of SNP
genotype with mRNA transcript abundance level yields gene expression guantitative trait loci,
which represent genetic polymorphisms regulating mRNA expression of target genes. In this
review, we introduce a wide range of methods captured by the functional genome-wide
association study and the translational genomics for the potential to translate arrays generating
data for applied findings that will further improve public health.
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Fig 4 : Potential Therapeuti(f Interventions in Metabolic Diseases

4. Big Data in Genomics Research

The cost-cutting of next-gen sequencing, as well as the even faster data generation, are pushing
molecular medicine into the big data era. It is suggested that in 2020, the data volume of
genomic information archived on tape will reach 2.6 zettabytes. This might be an
underestimate. The fact is, over the past 14 years, between 2001 and 2015, whole-genome
sequencing alone generated 20 zettabytes of raw data. For the study of diabetes, one popular
big data project is the TIDGC-T1D Genome and Microbiome projects for the primary
prevention of type 1 diabetes. Four major projects under the umbrella use various sequencing
techniques to collect genetic data on thousands of diabetic patients and control subjects. In
collaboration with industry, the researchers are also planning machine learning for feature
extraction from the microbiome datasets.

One solution to efficiently manage big data from human genomics research is a distributed
infrastructure. The next-generation genome analyzer is designed to be used as a grid, composed
of a cluster of nodes dynamically balanced by the data manager. Other similar horizontally
scalable platforms with elastic storage include next-generation sequence analysis platforms and
commercial clouds with an on-demand fee. They can all manage petabyte-size data storage.
Even among many computing platforms, there exist several open-source and commercial
software solutions for the quality management of big genomics data obtained from the next-
gen sequencer. Genomics researchers can compare the QC tool of their choice for specific
diseases.
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Equation 2: Gene-Gene Interaction Prediction
I4,: Gene-gene interaction score.

x;: Genetic variant ¢ from gene 1.
«v;: Interaction coefficient for variant 1.

e Number of genes involved in the interaction.

4.1. Definition and Scope

Lifestyle diseases, usually a consequence of an unhealthy lifestyle, are a passive consequence
of a person's way of life and include type Il diabetes, obesity, atherosclerosis, ischemic heart
disease, and hypertension, among others. These conditions trigger the onset of several other
serious and persistent illnesses, such as chronic kidney disease, retinopathy, and neuropathy.
The detailed study of the genetic markers linked to lifestyle diseases may improve the
identification of at-risk individuals, contribute to personalized therapy, offer clear insights into
the etiology of the disease, evaluate the environmental and genetic contributions throughout a
lifetime, from pregnancy through prenatal to childhood and adulthood years, and facilitate the
design of clinical studies, including clinical trials. Furthermore, genetics-based approaches
offer the potential to modify the negative outcomes that result from adopting an inappropriate
lifestyle and to contain healthcare costs, mainly those negative outcomes predicted to escalate
rapidly.

The field that studies the connection between genes and lifestyle has its roots in genetics and
the correlation of genetic content with specific behaviors. According to a widely adopted
approach, a phenotype can be modified in response to a specific form of environmental
stimulus during the lifetime of the individual. The association between a specific gene marker
and the mode of life modification is the subject of lifestyle genetics, whose goal is the dissection
of the genetic, epigenetic, transcriptomic, and metabolomic contributions to phenotypic
adaptation. In the last 25 years, personalized medicine-oriented research has catalyzed
substantial advancements in biotechnology and bioinformatics, leading to the emergence of big
data in genetics or genomics, the study of the complete set of genes within and related to the
organism or system holistically or globally.

4.2. Importance in Genetic Marker Mapping

One of the main goals of current genetics and biometry is to map the genetic markers that are
related to susceptibility to the most common complex diseases. Discovering such regions might
improve how we can fight them. One of the current preferences is to use the association of
genetic markers with phenotype values, that is, to analyze how variations in the genetic markers
influence the phenotype values. The set of variations of a DNA sequence among individuals is
called a polymorphism, and can be a variation in the sequence that may alter the proteins, by
one or more base pairs inserted, deleted, or replaced; or it may be a silent polymorphism that
does not alter proteins but may change the way that the region is recognized and/or transcribed.
Knowing the locations and the values of these polymorphisms is an important stage before the
effect of polymorphisms on the trait is studied.

The large number of genetic markers analyzed now leads to what is called the problem with
multiple tests, or a large number of comparisons, in which the hypothesis tests for all the
genotypic effects for each polymorphism must be done to correct the type I error. Due to the
high level of association between these tests, p-value adjustments based on the number of
comparisons must reach a very low p-value to detect a significant result. It is possible that
markers with a moderate contribution to the trait are not detected because of this. It is common
to observe many markers strongly associated, something that would be expected only from
spurious associations. A set of methods to extract important information by analyzing large
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volumes of data has been proposed, and this review presents the importance of using techniques
designed for the analysis of large data in the discovery of genetic markers.

5. Big Data Technologies for Genetic Marker Mapping

It is well known that major genes can underlie a large proportion of the heritability of complex
chronic diseases, but poor coverage of their effect sizes and the complexity of nurture or
environmental parameters make it difficult to track down the markers associated with lifestyle
diseases in individual populations. A growing number of health observation studies around the
world have promoted research into the areas of genotype-phenotype association and lifestyle-
related diseases. Several methodological improvements in the large-scale acquisition of
phenotype data on the host side further help unravel the complexity of human genetics. Genetic
epidemiology tools developed to establish associations between genetic markers and lifestyle
diseases further help contribute to advances in personalized healthcare. These computational
methods and newly discovered genetic markers have boosted the development of personalized
medical treatments.

Lifestyle diseases are genetic diseases but are also associated with a variety of outside factors.
Despite the mixed influence of genetics and environment in the incidence of lifestyle diseases,
the mapping of genetic markers associated with such diseases is still an important stepping
stone in preventive personalized medicine. Many previous studies have mentioned solutions
that have made gene-disease association studies achievable. The strategies to identify genetic
elements that make individuals more or less susceptible to common diseases include genes that
modify lifestyle traits, such as height or time sleeping. This chapter presents the solutions that
are used to develop and identify genetic markers associated with common diseases under
different strategies and discusses the application of these genetic markers. Such studies are
pivotal to effective preventive personalized strategies for common chronic health problems.
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Fig 5 : Genetic Diversity, QTL Mapping, and Marker-Assisted Selection Technology

5.1. Machine Learning and Al

Machine learning methods and artificial intelligence tools could be considered for finding the
mapping of genetic markers associated with lifestyle diseases. Most of the novelty of genetics
in identifying health risks may be related to lifestyle diseases. Thus, the future tipping point for
genomics may center on health improvements through the early identification of multifactorial
diseases, leading to earlier treatment. Health improvements are surely related to trait prediction
through the formulation of genomic selection models. Both tasks are confined to the category
of supervised learning, while deep learning, unsupervised learning, and reinforcement learning
may or may not be related to topics of interest in the prediction tasks related to solving
biological problems associated with mutations and disease-causing factors.
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The overall evaluation of the performance of models results from tests of observed and
expected relationships. Previous conclusions, taken from cross-validation and inference on
independent assessments, are based on cohort or trait distributions in the training cohort.
Therefore, one major source of evaluation for model development comes from the
interpretation of gene expression, biomarkers, and the application of findings. The extraction
of knowledge to generate insights that can further explain the functioning of the genotype-to-
phenotype relationship is a task expected from the interpretation of machine learning models
built with human genomics data. These last steps are inherent to every analytical path in
genomics medicine and can be taken from methodological proposals produced with biases in
the development of predictions.

5.2. Data Mining Techniques

Data mining is a subfield of computer science that tries to find interesting patterns from large
and complex databases. It is often described as the nontrivial process of identifying valid,
novel, potentially useful, and ultimately understandable patterns in the data. In the process of
solving complex computational problems, if there is big data, then parallel computing is to be
used, which can be classified into two types: the problem parallel model and the data parallel
model. Because of the use of distributed architecture in big data, the data parallel model is to
be implemented, and in the data parallel model, several simple parallel operators are to be
applied. The parallel operators used in the data set are called data mining primitives.

Data Mining Primitives: The primitive set for data mining includes support, join, and prune or
filter. These primitives are useful for almost all types of data mining algorithms: support, which
is to filter all the transactions having frequent itemsets; join, which is to join the frequent
itemsets of n items to find frequent itemsets of n + 1 items; and prune or filter redundant
itemsets, which is to filter the infrequent itemsets. These primitives can also be used to
implement various data mining algorithms. Data mining is applied to the output of large and
high-dimensional data from various data sets such as gene expressions, SNPs, gene regulatory
pathways, clinical data, tumor pathology, and statistical data. Data mining techniques may
group genes based on their expression-function relationships, disease progression, or sample
types. The application field of data mining algorithms also varies from microarray data to
clinical outcome data. The steps required to apply data mining are as follows.

Data Cleaning: It is to improve the quality of data by preprocessing.

Attribute Selection: It is to neglect unimportant attributes from the data set.

Clustering: It is to group similar objects, thus knowing more about the data set.

Association Rule Mining: This is to identify the frequent patterns and mine the relationships in
the data set.

Classification: It is to classify the data sets to assigned models or existing data sets.
Regression: It is mainly used to build the outcomes such as clinical trials for future predictions.
Prediction: For example, decision tree pruning involves removing the terminal nodes of the
tree. If the relative proportion of error reduction, the relative error of the two child nodes plus
the parent node is less than the delta, then the prune will be conducted.

Outlier Detection: When the outliers are labeled as anomalies or noise in the data set, they
should be detected and possibly removed.

Translation: It is to transform a functionally related or associated group of genes to show its
enriched biological significance.

5.3. Cloud Computing

The availability of numerous cloud-based solutions has made data storage, computing capacity,
and software capabilities easily accessible. Setting up an on-premises computational
environment is being gradually replaced by using rented computational resources as and when
required. Various cloud service providers offer different forms of platforms as a service,

Migration Letters



1198 Big Data Solutions For Mapping Genetic Markers Associated With Lifestyle Diseases

software as a service, and infrastructure as a service model, thus providing a service to meet
the end user's computational and software needs.

With an increased focus on big data analytics, healthcare research projects are making use of
public, private, and consortium cloud-based solutions. Cloud computing provides researchers
with various systems as well as inexperienced programmers with the infrastructure required,
provided they are given some kind of efficient mechanism to distribute their jobs and their data
in one of the many forms of validation protocol testing. However, the industry is very much in
a state of rapid development, and the full potential of this utility has yet to be realized,
especially regarding the increase in storage requirements and associated costs. They also
address an overlapping tool set; therefore, it is not clear to all the users which solution is the
best one for their needs.

6. Case Studies and Applications

Genetic variations, mainly single nucleotide polymorphisms (SNPs), constitute the majority of
human genetic markers. Their role in human traits and diseases is of high interest. SNP data is
made available through various efforts that present millions of SNP locations in the human
genome. The role of big data infrastructure in managing and analyzing such large datasets has
allowed the development of efficient tools that can handle genetic data, including data
management tools, imputation methods, association analysis, visualization, and query systems.
Moreover, big data allows combining genotypic and phenotypic data for effective research.
The 1000 Genomes data, for example, comes as phased haplotypes at most SNPs. Its usage
provides researchers with new information and opportunities for large-scale association
analysis. Many of the common variants were imputed and made available through imputation
services. Since the application of statistical association testing for a genome-wide set of
biological markers is computationally expensive, a single test can require several minutes or
even hours. Such tests have become feasible only recently, facilitated by powerful
computational infrastructures. With the drop in genotyping costs, millions of genetic markers
per individual can currently be analyzed. Such studies typically require analysis that takes
advantage of the big data character of genetic data, whether they are piggybacked on other
public datasets or intrinsic to the dataset, such as in gene expression or GWAS data. In this
section, we describe a few data repositories and possible analysis pipelines available to
researchers in genomics interested in detecting and utilizing genetic variation.
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Fig 6 : Machine-Learning-Based Genome-Wide Association Studies

6.1. Real-world Examples of Big Data in Genetic Marker Mapping

More detailed big data applications for mapping lifestyle disease genetic markers are provided
by real-life examples in research. The examples were based on a platform that details over
70,000 human genomes, all described by over 200,000 SNPs. This translates to over 14
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petabytes of data that need real-time manipulations, such as reduction via PCA, large-scale data
extraction for specific categories of subjects, machine learning for disease mapping, and
association with clinical markers. Out of over 70,000 subjects, about 34,000 had expressed
their consent to use the genotype and phenotype and took part in the first analysis. A Data
Controller Request system was designed and implemented. A variant of the Generalized
Pearson Association algorithm was implemented, and examples were applied in identifying
associations between SNPs and the Body Mass Index, coronary heart disease, T2DM, cancer,
internal vestibular implants, and age of disease onset.

15,000 SNPs from Chromosome 1 have been extracted from the larger dataset and were further
used to train an sGBDT model as the general BMI predictor for subsequent personal
genotyping. The data preparation time and the model training time were measured at several
minutes and were less than 1 hour, respectively. The model can estimate if the correlation
associations are stronger or weaker than the PCA non-correlated association. The binned mean
for each BMI class can further be used to find the SNP frequencies for each BMI class in the
training set and deduce the BMI intervals for a subject with an unknown genotype. Our model
can predict BMI, CHD, and T2DM with real-world speed and accuracy, using a very small
amount of genomic data, and is compliant with the next-generation healthcare concept of a
validated personal service prototype.

7. Challenges and Future Directions

As an interdisciplinary research work, we needed to deal with several challenges mostly related
to data analysis to identify reliable genetic markers associated with lifestyle traits using a high
number of living beings under study. In this way, the most challenging aspect is related to the
high number of phenotypic measures available for the HRS and f:m diagnosis. Since these
high-dimensional feature sets can be very noisy, we adopted feature selection in all data
analyses. We understand that this is beneficial to the performance of classifiers and to evaluate
the impact of different cardinality feature sets in the way we use the selected genetic markers
to accomplish our specific goals. However, issues related to class imbalance inherited in living
beings also influenced the biomarker selection.

Since we are still analyzing the full collection of the phenotypic measures, such as the family
of group classes we created from a random and equal split of the f:m class and using the group
time of minimum temperature responses, we have several other challenging issues related to
the fact that some of the considered features are known to be highly correlated and have
minimal clinical effects. To understand and see the impact of these analyses aimed at
identifying such predictors, we made use of several predictive models avoiding arbitrary splits
in our feature sets to embrace the temporal domain, such as well-known single and ensemble
machine learners like Random Forest, Naive Bayes, kNN, SVM, and Artificial Neural
Networks.

7.1. Ethical Considerations

The deployment of big data technologies in healthcare, coupled with the establishment of huge
biobanks, has promoted a wave of analysis to identify, examine, and track genetic markers. The
advances come with a spike in data-driven research on neurological disorder subtyping, both
for autism spectrum disorder and Alzheimer’s dementia. Additionally, research is migrating as
the costs of data collection from fewer genes have given way to collection on full-genome
sequencing. The dynamics can lead to associations between more genes with lower marginal
impacts or the same with neurobehavioral traits. However, these toolkit generalizations do
demand that specific tinkerings be updated and bespoke for the particularities of these diseases.
Their biological relevance is now more pertinent than ever before. The use of neuroimaging
genetics in particular opens up a territory that requires novel ethical considerations for
managing, analyzing, and distributing results. These considerations are focused on the realms
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of data privacy, the sensitivity of results, and informational risk. They are substantially more
pronounced when applied to neurological health data due mostly to the increased scale of
potential harm and the increased nature of selectivity. The research further probes mental health
inequalities and the stigmatization of potentially harmful genetic information that could be
calculated and used to discriminate. These big data-driven analytics could uncover a final layer
of ethical issues related to machine learning and the optimization of clinical decision-making.
Its algorithmic biases raise doubts of an operational nature, and it could also deliver the chancy
implications of rectification by neuronal pathway manipulation, rekindling memories of
unsavory control feelings.
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7.2. Data Security and Privacy

The applications of big data for disease-related research will produce big privacy and security
challenges to protect shared data and guarantee the privacy of individuals. Genomics studies
conduct significance tests on large quantities of potentially sensitive data to understand the
pattern of a disorder at the molecular level and to enable personalized treatments for a particular
individual. In doing so, these studies have raised important security and privacy concerns and
motivated serious consideration of the trade-offs between privacy risk and scientific and
clinical benefits. This chapter surveys the proposed solutions to illustrate some of the trade-
offs and to present their strengths and weaknesses. It is our opinion that the database
infrastructure will need to provide secure computing capabilities in the search for associations
between genetic markers and phenotypes. These capabilities should be applied selectively and
audited for efficiency. In addition, we believe that regulations and collaborations should be
able to handle the downstream processes of epidemiological investigations, including testing
for the replication of association results and integration with other data sources. The current
state of the art and open problems are summarized that have the promise of bridging the gap
between the growing body of genetic and clinical data and powerful research programs. As a
secondary contribution, this study simplifies and reconciles the earlier structuring of the
challenges and solutions presented in the literature focusing on human genomics. This echoes
similar efforts in the related areas of cryptographic constructions that would accommodate
bioinformatics research and provide control over how the gene expression studies in which the
biological samples are potentially identified.

Equation 3: Disease Prediction Based on Genetic Markers
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1
8= + exp (— E:’ 1 Bizi)

Pj: Probability of disease occurrence.

[3;: Coefficient for genetic marker i.
a;: Value of genetic marker .

exp: Exponential function.

7.3. Future Trends in Big Data Solutions

We are on the cusp of a post-genomics era marked by sequencing data acquisition in the
gigabyte and terabyte scales, which is quite unlike what any other big data domain encounters.
Many researchers are using cloud-based and non-cloud-based big data platforms to handle the
growing data size, while others are using neural networks to analyze large raw genomic data.
In the post-genomic era, we will see thousands and millions of genomes sequenced and
possibly billions too, with multi-terabyte to petabyte range data. Other areas that see hundreds
of data include exome data, RNA-seq, ChIP-seq, methyl-seq, metabolomics, proteomics, etc.
Nearly all the experimental workflows of biologists and clinicians lead to big genomics or
epigenome datasets. Gathering large-scale genomic and multi-omics data is the main bottleneck
in current biomedical research. A wide range of diseases are considered to be major societal
challenges, and in the longer term may present a risk to the sustainability of our healthcare
systems. Many of these diseases, including some common types of cancer, obesity, diabetes,
and conditions linked to environmental factors, poverty, and lifestyle, can be seen to be strongly
correlated to environmental factors.

Recent and ongoing advances in personalized genomics-related areas of research have begun
arriving at a more detailed and molecular depiction of an individual's genetic makeup. The
dramatic advances in genomics, associated data resources, and technology have led to a wealth
of precision or personalized medicine approaches. This new era of healthcare involves the
analysis of individual patient omics and phenotypic data to provide the right treatment at the
right time to the right patient through predictive, preventive, personalized, and participatory
practices. One of the grand goals of precision medicine is the detection, diagnosis, and
treatment of lifestyle diseases. Data generated for personalized medicine research is made
available to the public in various formats and scales by both government and commercial
entities. The establishment of a large heterogeneous dataset infrastructure is an active research
focus of personalized medicine. A small portion of this data is standardized, and the resulting
data warehouses have made possible many large cross-study analyses of gene-trait associations
by various researchers. The majority of data are still not provided in a usable fashion or are in
complex formats and are not easily accessible, which hinders analysis. Thus, the correct patient
data is not utilized in alignments, lowering the significance and impact of the resulting big data
analysis.
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Fig 8 : Disease—gene curation

The current scene in the analysis of disease is that its progress is in the area of managing, rather
than resolving public health challenges. For example, the incidence of lifestyle diseases such
as obesity, along with associated diseases of type 2 diabetes and some types of cancer, has been
increasing rapidly throughout the world. Greater than 90% of those studied are a result of both
genetic and environmental factors over the last 25 years. The genomics era's many studies have
determined a set of genetic traits that increase susceptibility to these diseases with the help of
a few environmental influencers. However, the association that exists between environmental
and genetic factors rarely involves any direct interactions between the two. For such direct
studies to occur, a very large, deep set of both environmental and genetic data would be needed
to carry out associations across the selected research domains, and this is one of the major goals
of future research. Complete and accurate generation of both sorts of data would allow meta-
studies over not only different diseases across the globe but also the analysis of a much wider
range of topics than that of current studies, leading to the development of new therapeutic
approaches to tackle these complex diseases.
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