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Abstract of Thesis

On the Dependability of Experimental Data in Bio-Medical Explorations

The Big Data era has introduced many complications concerning the quality of
information and experiments due to several factors considered in this research.
Microarray technology is one of the tools that generate extensive amounts of biological
data. The results of this technology can help in finding patterns and relations within
biological data, in addition to assisting with the development of diagnostic systems. This
research uses Weka to apply multiple machine-learning algorithms to a Leukemia dataset
that was produced using microarray technology. The results of this data mining
application and its underlying concerns are also discussed. Furthermore, it is clear that
irreproducible biomedical studies are at a high level of magnitude, which is problematic
as these studies serve as the infrastructure of information for other research. The placebo
effect is also discussed in this paper as it poses a threat to the quality of biological
information. Additionally, biomedical outcomes could contribute to skepticism about the
effectiveness of “Evidence-based Medicine,” which will be discussed in this research.
Moreover, this research discusses some unexpected results of biological experiments;
these results are then directly linked to the complex and extensive amount of biomedical
data. In addition, I claim that the results of applying data mining methods to this data
would generate erroneous and inaccurate conclusions and decisions. One of the
promising applications for data mining towards biomedical computing, which exploits
users’ search queries to test the effect of adverse drugs based on real time, is also

discussed briefly.
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Glossary of Terms

Genome: “An organism’s complete set of DNA, including all of the genes, makes up the genome. Each

genome contains all of the information needed to build and maintain the organism.”*

Epigenetic: “The study of factors that influence gene expression but do not alter genotype, such as
chromatin methylation and acetylation involved in tissue-specific patterns of gene expression, or the

parental imprinting of genes.?

Biomedicine: “The study of the ability of organisms to cope with environmental stress, and the application

of basic sciences to problems in clinical medicine."?

Single Nucleotide Polymorphisms (SNPs): “A variation in the base sequence occurring at any given
single position in the genome (for example A instead of C) that is found in more than 1% of the population.

It thus differs from a point mutation only in its greater frequency. "2

DNA: “The genetic material of most living organisms, which is a major constituent of the chromosomes
within the cell nucleus and plays a central role in the determination of hereditary characteristics by
controlling protein synthesis in cells. DNA is a nucleic acid composed of two chains of nucleotides in

which the sugar is deoxyribose and the bases are adenine, cytosine, guanine, and thymine. "?

Genes: “The fundamental unit of inheritance, comprising a segment of DNA that codes for one or several

related functions and occupies a fixed position (locus) on a chromosome. "2

! Definition from the U.S. National Library of Medicine, http://www.nIm.nih.gov/.

2 Definitions were quoted from a dictionary of biology in Oxford Reference,
http://www.oxfordreference.com/view/10.1093/acref/9780199204625.001.0001/acref-9780199204625.
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Chapter 1: Introduction

In recent years, advances in technology and methodology within biological
experiments have resulted in the production of a tremendous amount of information [1].
All of which necessitate a broad field of disciplines, such as biology, chemistry, computer
science and engineering, to work in synergy in order to achieve further rapid advances.
Computer scientists attempt to address the new challenges of this data from areas, such as

biomedicine.

Biological data is produced through a variety of different means, such as
genomics and epigenetics experiments. Genomics involves the identification of an
organism’s genes and understanding how these genes work using new biotechnological
approaches [2]. Furthermore, this biological and genomic data can be used to elucidate
the genetic and molecular basis of human variation in health and disease. Therefore, it is
necessary to develop advanced levels of analytical methods to cope with the complex,
massive amounts of data and allow scientists and researchers to extract knowledge,

develop hypotheses, and produce further research.

Since data analysis is an important aspect of producing useful biological findings,
there are currently many attempts to enhance the analytical tools available for studying
biological data. However, there are certain peculiarities in analyzing biological data that
make it challenging to develop data analysis methods. These peculiarities are related to
the quality of the data produced from biomedical experiments and the natural complexity
of the information. Thus, it is essential to address these peculiarities in order to advance

our data interpretation methods to a higher level.



The scope of the scientific view today is more global due to the advent of high-
throughput techniques, such as microarray technology, that require a combination of
expertise from biologists, engineers, chemists, and computer scientists. Researchers and
scientists from different fields are motivated to contribute to the field of genome research
as it could potentially have a great impact on human life [3]. Currently, a great deal of
research and experiments are being conducted using different methods in order to better
understand DNA sequences. Although these experiments are progressing, unsolved
mysteries still remain and demand further research and attention. DNA contains genes
that play a major role in heredity; proteins are also contained in their structure. However,
scientists found that these genes occupy only approximately 2% of DNA. The remaining

98% of the DNA is considered to be “silent” as its functions have yet to be discovered

13].

Identifying genome functions and finding patterns and relations that can be
collected from different genome experiments would help us improve the quality of health
care and treatment options in many ways. Understanding the genome and its multifaceted
functions would allow researchers and biologists to develop methods to prevent and treat
diseases, such as cardiovascular conditions, diabetes, arthritis, and cancer. In addition to
the sizable impact that this would have on treatment and preventative medicine, the
analysis of genome experiment data could lead to surprising discoveries related to

agriculture, DNA Forensics (ID), and environmental applications [3].

However, there are some peculiarities and complications that may prevent or slow
the advancement of genome research. The main principle to bear in mind is that

biological aspects of multicellular living organisms are unpredictable and complex. Part



of the uncertainty inherent in our understanding of biological organisms and processes
stems from the impact of the outside world and environmental factors. Thus, we should
take into account external factors that may impact the human body and the genome.
Additionally, biomedical results are highly dependent on each other; imprecise data
produced from one experiment might lead to the erroneous results of another.
Considering these potential influences might help computer scientists and information
technicians to develop better data analysis techniques that provide precise, accurate

assessments of the data.

The major goal of this study is to address the dependability of biomedical
outcomes and peculiarities inherent in biological data analysis in order to contribute to
further research directions and methodology. The peculiarities of biological data analysis
affect the development of genome and epigenetics experiments and can lead to erroneous
results; thus, this is a vital topic of study in order to mitigate future setbacks. In addition,
this study will apply machine-learning algorithms using Weka software [62] on a
Leukemia dataset that was generated using microarray technology by Golub et al. [61].
The application of machine learning algorithm helps in making sense of the data
produced by microarray technology. This study will address the results of the application

of data mining techniques and their underlying concerns.

If we do not address the complex nature of biomedical information and its inner
dependency, erroneous results in genome experiments may continue to occur. Having
inaccurate or faulty results can lead to severe consequences, especially if these findings
concern high-risk issues, such as drugs and therapies, which affect human lives. The

development of data mining and machine-learning techniques can help researchers to find
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patterns and relations between genes in different experiments after considering the issues

in analyzing biological data.

Having accurate data analysis methods could also lead to a decrease in drug side
effects, as well as the creation of drugs that do not harm the human body. In recent years,
the majority of pharmaceutical companies and researchers are relying on data from
genome experiments to design new drugs and treatments. Because of this reliance on
genome data to craft innovative treatment strategies, it is imperative that the results from
the data analysis conducted on the genome experiments be as accurate as possible. The
tremendous amount of biological data has attracted the attention of computer scientists in

recent years and requires cautiousness as this data leads to sensitive results.

As the hierarchal data within the field of science might be unstable, scientists and
researchers must consider peculiarities—some of which will be discussed in this
research—when they develop analytical data methods to produce useful, accurate results.
In addition, these peculiarities produce large amounts of data that are related to
biomedicine. Making sense of the data produced from microarray technology also
becomes a necessity, so it will be addressed in this study. The points that will be covered
in this research paper are as follows: certain unexpected results of biological phenomena
(Chapter 3.1), the wave genome experiment (Chapter 3.2), irreproducibility (Chapter
4.1), the placebo effect (Chapter 4.2), evidence-based medicine (Chapter 4.3), and
exploiting collected search queries to detect adverse drug effects (Chapter 4.4). In
addition, the results of an analysis of a microarray data set are illustrated in Chapter 5.
Before delving into these specific cases, a literature review of basic knowledge of the

biological field and the impact of data mining upon it will be discussed.
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Chapter 2: Literature Review and Methodology

2.1 Modern View on Biological Organization

The extensive amount of genome experimental data directs researchers to many
different phenomenon and unexpected results. However, this direction proves that there is
much to be discovered and analyzed, and some researchers believe that certain
observations will not be solved in the near future. The number of genes in human beings
is considered surprising compared to what was anticipated. It was predicted that human
genes would number 100,000 or more; whereas, it was discovered that there are only
23,000. Sequencing single and multicellular organisms reveals that the complexity of the

living organism is not related to the number of genes or DNA identified [5].

For example, the reason why the number 23,000 is surprising is that it is too few
compared to much simpler species, such as fruit flies, which have 17,000 genes [5]. Other
studies attempting to study the human genome, like an attempt by the chimpanzee
genome project, have failed. The chimpanzee project attempted to pinpoint the difference
between the human genome and that of animals, but it did not succeed [5]. The
differences in the genome sequence in human and some other animals are considered

small; thus, they cannot reveal the reason for complexities in human nature.

Recent research has been able to identify the variations in an individual’s genome
as indicated by Single Nucleotide Polymorphisms (SNPs). Each person has unique
genome variations via the inheritance of genes from their parents. Identifying SNPs is a
crucial indicator of biological factors that have had an impact on the human genome. In

studies concerning the diversity of the human genome, it has been noted that there are



some genome regions that have increased more than the average. SNP mapping is an
essential method to detect the relationships between individual genes and disease [6].

The importance of understanding the gene variation lies in the development of
medicine. For example, it was found that incompatible tissues and organs cannot lead to a
successful organ transplant. Furthermore, there are some inherited diseases, such as cystic
fibrosis, whose effects and causes can be studied through rare gene variants. Also,
variations in the human genome make human beings different in their immunity towards
diseases and in their manner of response to treatments [6].

Researchers are able to identify the SNPs that are related to certain diseases by
comparing patterns and frequencies of SNPs in patients and controls. This knowledge
will develop the genetic medicine. In order to further understand relations between SNPs
and diseases and make further progress in medicine based upon them, computational and
data analyses are needed to understand the effects of SNP variation in the human
genome, as well as their relations to diseases.

These computational and data analysis methods can help in classifying SNPs,
which can increase knowledge about them. Furthermore, computational methods should
not only be helpful in regards to qualitative knowledge, but they should also assist in the
development of quantitative knowledge, which can be useful in studying certain complex

diseases [6].

2.2 Biological Data Analysis Techniques

Various aspects of technologies, including data storage and data analysis
techniques, have been developed in order to help biologists conceptualize the huge

amount of data that is produced from biological experiments and develop further
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hypotheses and research. There are several new technologies that study the expression,
functions, and structure of the massive number of genes produced from a variety of

experiments [7].

One factor that contributes a great amount of biological data is the availability of
technologies, such as microarray, that sequence genes and DNA (See Figure 1).
Extracting knowledge from microarray technology attracted the attention of researchers
recently. Chapter 5 will address the results of the application of classification methods to

the data produced from this technology.

Data analyses vary in their complexities from simple to advanced analytical tools.
Statistical data analysis can process simple, important operations on genome data, such as
searching for a particular gene or genes through several experiments to detect up- or
down-regulated genes [8]. Data mining is the process of discovering knowledge and

making sense of raw data [9].

Figure 1: Microarray technology requires extracting mMRNA from the control and test cell, which
then converted to cDNA using reverse transcriptase. Pattern can be identified though using fluorescent

colors. The result will be saved as an image for later analysis [58].



Each tool or technique used in data mining is helpful in extracting certain aspects
of knowledge from the data. Thus, choosing the appropriate algorithms and data mining
techniques for analysis is crucial. Computer scientists and researchers have not yet settled
on the best method to find relationships and patterns within genome and biological data
[8].

Some existing methods, such as clustering, do not yield the same result each time
the analysis method is applied [10]. Additionally, these methods are expected to yield
different information and clusters when different algorithms, normalization, or distance
metrics have been applied to the data. Although clustering methods help in analyzing data
to some degree, they might produce irrelevant clusters that do not provide good insight
concerning the genome and biological data [8].

There is both a demand and a necessity to develop advanced knowledge discovery
techniques. For example, it is still far-fetched to understand the function of the entire cell
from the initial components of DNA sequences [11]. Although understanding and
identifying the functions of each cell could not reveal the answers of the most open-ended
questions, it is important to identify them to detect the relationships among these cells
and molecules as an interactive system. There are many existing approaches to predict the
biochemical functions of proteins, including sequence-based approaches. Many of these

approaches have lost their efficacy due to the rapid growth of biological data [11].

Furthermore, because there are a lot of accessible online databases for biological
information, many studies attempt to suggest better utilization of these resources by
representing, organizing, and making it readily accessible for researchers with greater

accuracy [12], which involves methods such as extracting knowledge from the medical



published literature for HIV/AIDS patients [13] and for protein-protein interaction [14].
Organizing the published biological resources and databases is essential for extracting
knowledge and applying data mining techniques for the published literature, yet
extracting useful knowledge from huge amounts of data is a challenging process.

The data produced from different types of biological experiments must be stored
efficiently in order for the data to be reused and analytical methods to be applied. In
addition to that, large projects such as the human genome project or clinical trials include
details and descriptions for each step in those experiments, which are useful for the
reproducibility of those experiments. Having published biological data organized and
managed will help in providing a suitable environment to apply data mining techniques
and machine-learning algorithms [15].

In addition to data storage and accuracy, there are several challenges that have
become barrier for having better data mining results. The high dimensionality data
produced from different biological experiments is stored in different formats, such as
images and videos. That leads to difficulties in integrating data from different resources,
which causes the process of mining the data to progress slowly [15] [16]. There are many
studies that attempt to mine medical images, such as classifying tumors in digital
mammography [9] [17] [18].

In [19], a “Big Data” computational model, an advanced method for clustering
heterogeneous stream data that is combined from different resources has been suggested.
Also, it is indicated that there are some challenges to the current organization of big data
that need to be addressed, such as fuzziness, fault-tolerance, keyword-based algorithms,

difficultly in measuring the accuracy of results, difficulty in integrating data, limitations



in current data mining techniques, and the difficulty in addressing complex research [19],
such as genome and biological experiments.

Another obstacle to analyzing data is the analysis of multimedia. Many promising
attempts were developed to maximize the benefits of data mining algorithms and
overcome certain obstacles. A study that tries to “predict the outcome of a future
observation or to assess the potential risk in a disease situation” was developed to group
genes according to Gene Ontology (GO) and show the relations between the groups and
genes themselves [20].

Other attempts were focusing on mining the electronic organization of medical
records and applying machine-learning algorithms [21]. Some applied CART to discover
the influences of diabetes. Through this algorithm, it was found that it is necessary to
manage diabetes at a younger age. Data mining techniques are also effective in adverse
drug events (ADE), such as detecting drug side-effects earlier before applying traditional
methods [22]. Another problem that can face data mining technique developers is the
sensitivity of medical knowledge. Therefore, the help of experts and doctors is needed in
order to corroborate the results of data mining techniques; this is both time and effort

consuming [9].

2.3 Methodology

This research was conducted using two methods, a literature review and an
interview, in order to provide analytical data technique developers with strong evidence
and examples of the challenges that might face them. In order to provide different
perceptions and points of view on this topic, | have examined different studies and

research, and I will discuss and analyze their findings and the implications for this study.
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Moreover, this study addresses the results of applying data mining techniques and
machine-learning algorithms on a Leukemia data set, which was conducted and prepared
by Golub et al. [61]. The software tool Weka, which contains a collection of machine-
learning algorithms written in Java [61] was also used in order to apply machine-learning

algorithms to the data set.

In addition, | contacted a researcher who has extensive experience with recent
advancements in genome and epigenetics experiments, in addition to insight concerning
how the field of medicine could benefit from further research and new analytical
techniques. Due to the time constraint and research capability, only one doctor was
interviewed.

Dr. Frederick Hausheer, a medical doctor and the founder and CEO of
BioNumerik Pharmaceuticals, Inc., was interviewed via e-mail in order to obtain
preliminary information on this topic. Dr. Hausheer uses “quantum mechanics and
statistical mechanics simulations...based on the laws of physics” in order to “characterize

molecular systems’ physicochemical properties” (Personal communication, 23 November

2012).

2.4 Impact of Mining Methods on Biological Data

When Dr. Hausheer was asked about things that he was not satisfied with in
regards to data analysis methods that he employs in his pharmaceuticals company, he
indicated that the major problem that he faces is that although data analysis methods

might produce useful data to be performed in the lab and “in vivo,” these methods do not
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have the capability of validating the target of the experiments (Personal Communication,

23 November 2012).

Moreover, the process of mutation in a given tumor is not very straightforward.
The role of heterogeneity in the “genomic expression/silencing (e.g., DNA methylation)”
makes it a multifactorial condition that must be identified in order to attack the tumor.
Also, “statistical probabilities” are a potential limitation that cannot be ignored during
data analysis as the process is determined by sequencing and observation of
expression/gene silencing. There is a need to develop better statistical methods, as well as
expression/silencing methods of detection with sufficient accuracy and precision in order
to improve data analysis. Furthermore, although the existing data analysis methods
narrow the focus of research and experiments to a smaller focus, they do not have the
capabilities that make doctors rely on them without further experiments and efforts
(Personal Communication, 23 November 2012).

Computer scientists have been working on developing different data analysis
methods that attack specific issues and extract knowledge at different levels of
complexities in biological information. Some of the biological issues have been solved
using simple statistics or simple data mining methods. However, there is still a huge gap
between our capabilities in analyzing biological data and the tremendous amount of data

at hand.

Furthermore, artificial intelligence has played a major role in recent technology
through extracting knowledge from biological data and learning through examples and
past knowledge. Some technologies that are based on artificial intelligence and deep

learning are developed according to theories of how the brain works and identifies
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patterns. There are still attempts to solve problems, such as information retrieval to
mimic the brain behavior, as well as efficiency and effectiveness in solving problems.
Recently, many accomplishments have been recognized for technology based on artificial
intelligence and data mining techniques, including designing software that helps in

identifying molecules that might lead to the discovery of new drugs [23].

Some experts have indicated that thousands of people are dying annually as a
consequence of adverse drug reactions. These drugs were approved and have been
prescribed by doctors for patients as safe and effective drugs for their medical cases [24].
In the EU-ADR project, which “aims to explore and understand adverse drug reactions by
integrative mining of clinical records and biomedical knowledge” [25], it was found that
data mining techniques are capable of detecting those adverse drug reactions in earlier

stages by the patients’ health records [24].

For instance, researchers indicated that the cardiovascular complications resulting
from the arthritis drug Vioxx (Rofecoxib) caused the drug to be banned from the market.
Indeed, many people have faced injury and/or death as a consequence of drug testing
according to traditional procedures. The drug reactions of Vioxx (Rofecoxib) could have
been detected from the patients’ medical records in earlier stages through applying data
mining techniques. It is also important to recognize that the majority of new drugs pass
the animal tests as initial tests for the drugs, but the tests are unsuccessful when

conducted through clinical trials [24].

Most importantly, there are many cases of people that have died or been injured in

clinical trials. A reasonable amount of animal tests have failed to accurately predict the
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efficacy of the medicine. Medicines might be efficient on animals, but they are not
applicable to humans [24]. This leads to the necessity of developing efficient
organization for the biological and genome data and applying data mining techniques on
it as a preliminary step before experimenting with a new drug or procedure on human

beings.
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Chapter 3: Unordinary Results Related to Biological Issues

3.1 Certain Unexpected Findings

There have been a number of debates and unexpected results throughout the
history of genome and biological experiments. These perplexing results underscore the
need for better data interpretation to assure accurate knowledge. The relationship between
the human body and mind, as well as the impact of environmental conditions on the
human genome, serve as the framework by which scientists evaluate unexplained
experimental results. Moreover, there are some phenomena that cannot be explained
through current scientific reasoning, but some believe and observe these phenomena in
different aspects of our lives. This section will briefly introduce some of these
phenomena.

Genes for specific phenotypes, such as tallness, have not been fully identified.
This is called missing heritability. For example, geneticists have only identified a small
amount of the genes responsible for a given individual’s height. Additionally, researchers
have not been able to identify all the genes related to heritable diseases [5]. Therefore,
characteristics without identified genetic explanation could possibly be explained through

epigenetics or influenced by psychological aspects.

Whether heredity encompasses only genes or can be extended to include acquired
characteristics is debatable. Some scientists and researchers believe that genetic
information is influenced by factors other than genes. This belief is bolstered by many
studies and experiments. Epigenetic inheritance has propelled a further need to answer
questions that genetic experiments have been unable to resolve. Some researchers have
indicated that the behavior of living organisms and their responses to environmental
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factors could influence changes in a living organism’s body; these changes can be
inherited by multiple generations. Therefore, the living organisms’ changes toward

environmental factors eventually become heritable characteristics [5].

Jean-Baptiste Lamarck’s well-known example concerns the giraffe that inherited
a long neck from his ancestors who used to stretch up in order to eat the leaves of trees
over many generations. Additionally, when living organisms are exposed to toxins, the
toxic effects on these living organisms re-occur in many generations. This idea was
proven in a study conducted with pregnant rats. Pregnant rats were exposed to
agricultural fungicide; consequently, their children had a low sperm count when they
grew older. This effect was observed for four generations. Moreover, in a study
conducted in Sweden, the nutrition of men born between 1890 and 1920 was a factor in

diabetes and heart disease that affected many ancestors [5].

Another case of unexpected phenomena is the case of allergies towards particular
things. Allergies become part of our lives whether we have allergic reactions, or we
witness those of a friend or relative. This phenomenon has been treated as sickness for
many years, and many hypotheses were developed based on this belief. What is strange is
that each human is allergic to different things although allergens are useful towards other
people. Researchers from Yale University, School of Medicine, have raised many
important questions; among these questions is the possibility of having allergies to serve

as evolutionary purposes [27].

Another phenomenon that needs more study and explanation in order to prevent

diseases is the rise of deaths during the winter that are related to heart disease. The
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strange issue here is not only that the death rate rises in winter, but also that this trend is
observed during the same time, no matter what the climate is according to studies
conducted in seven different climate states. A director of this study that was conducted at
Good Samaritan Hospital in Los Angeles indicated that one hypothesis that might be
related to this issue is that people might have adjusted to the climate temperature of their
own towns [28]. The aforementioned phenomena, in addition to other existing
unexpected results, could be answered through mining the biomedical data, including

patient records and available genetic and biological data.

Additionally, it is quite strange that thoughts and the formation of new ideas and
opinions are processed in our mind in a way that we cannot observe or conclude from the
human genome [5]. As indicated in [29], it is surprising to realize that, algorithmically,
the performance of the information retrieval and processing for the computer system is
superior to the brain. However, in real life, it is obvious that the brain works much better
than a computer. Advanced and successful technologies have progressed based on the
simulation that occurs in the brain. Hence, there is still undiscovered knowledge of the
brain’s mechanisms, as well as its interactions with the environment and subconscious

memory, which might lead to further advancements in technology.

3.2 Wave Genome Experiment

One of the experiments that help investigators to search for greater understanding
of the human genome is the wave genetics experiment. A sequence of especially
groundbreaking wave genetics experiments have been conducted by the directors from

the department of Theoretical Matters at the Russian Academy of Science with a member
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of the Institute of Physics from the Russian Academy of Science. In this experiment, they

have explored the portion of human DNA that is considered junk [30].

The results of this experiment claim that the junk DNA can achieve major
accomplishments in treating diseases and transplanting organs. For instance, the wave
carriers in the multicellular living organism can be detected through the genes and
solitons, which are generated by either the organism’s genome or its components under
consideration, on DNA that have distinctive acoustic and electromagnetic waves.
Furthermore, the waves included in the DNA solitons can be used to exchange cells,
tissues, and organs [30].

The junk DNA is the primary target of the wave genome theory. As the wave
genome experiment claim, this part of the DNA is capable of transferring information on
the wave in ideal conditions. They indicate that the unknown part of the DNA is
responsible for assuring the life force, development, and natural dying methods of all
living-beings [30].

The procedure of transferring information between organs and tissues from one
living organism to another has been used to build pancreatic glands in rats, and it is still
under consideration for human applications. The wave genetic experiment uses quantum
computers that adjust laser beams with certain wavelength and frequency characteristics
[30]. Quantum computers or quantum machines are “a mathematical framework or set of
rules for the construction of physical theories” [31]. Quantum machines have many
advantages to use in genome experiments and pharmaceutical companies. The
computational methods in quantum machines function at a very high level, and the speed

of quantum machines is very high compared to computers in use today [31].
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In order to manage the stem cells in the living organisms, the quantum computers
initiate wave/field-based commands, which are given to cells and tissues of the
donor/recipient; accordingly, the stem cells are exposed to the wave/field leading to the
emergence and development of planned new organs and tissues. This phenomenon would
help in increasing the life expectancy of humans. The significance of wave genetics helps
to regenerate the pancreas of rats that have been previously devastated by alloxan, a
chemical substance [30].

The wave genome experiment might revolutionize the way we think about
biology and its capabilities. If it succeeds in providing us with further evidence and
applications, our medicine will be greatly enhanced, not to mention the many innovations
and new technology, which may be based upon such a discovery. | assume that this
experiment will contribute to our understating greatly, even if it is not 100% successful,
since it has given promising results.

The procedure for the wave genetics experiment is described in the following. A
group of rats is injected with a poison called alloxan in order to initially destroy their
pancreas. As a consequence of this injection, the rats die due to diabetes. Then, waves or
images of the healthy pancreas of newborn rats are scanned in order to be used to
generate new pancreas in the sick rats. The injection was repeated with another group of
rats. When these rats were about to reach the critical condition, light waves or images
were produced from quantum computers [30].

This procedure of generating organisms could constitute a potentially efficient
contribution to the development of research on the human aging process and that of

increased life expectancy. The development and applications of this technology are far-
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reaching, and they are substantiated by experimental data obtained from numerous tests,
experiments, and observations. Thus, a quantum computer is capable of treating some
diseases and eliminating certain viruses, bacteria, and vermin parasites without any
chemical substances [30].

Most of the data analysis methods are developed to handle the known 2% of
functions and structures. Therefore, there is a strong need to back up experiments that
analyze ‘junk’ DNA with data analysis techniques in order to help this kind of
experiment to further progress. Considering the results of these wave genetics
experiments, | think it is obvious that we still know very little about the human genome.
In addition, the methods for understanding the human genome and accomplishing major
goals must be paved by data analysis techniques. Thus, innovative methods are needed to

make further progress in the human biological aspect.
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Chapter 4: Consideration of Biomedical Outcome

4.1 Irreproducibility

Science is the fundamental pillar from which to develop new and advanced
technologies for the benefit of multiple disciplines. In other words, developing
revolutionized and effective technologies is based mainly upon science. However, it is
unfortunate to note that a crucial amount of published scientific research is not
reproducible. This phenomenon makes us skeptical about the data available to us.
Therefore, inaccurate or faulty science will affect the results after the application of data

mining techniques.

In [46], “a fellow at the Competitive Enterprise Institute and a Boston-based
venture capitalist” has raised some important questions and described possible reasons
that lead scientists to publish inaccurate or faulty data. He also pointed out that the
current amount of genome data is growing exponentially while simultaneously aging

without noticeable progress that makes sense of this data [46].

Since some data from biological research is either inaccurate or has produced
questionable results, these studies should be replicated so that accurate data can be
obtained. The issue of faulty information being generated is serious because further
research might be developed based on the fact that not enough experiments have been
replicated. Indeed, there are a reasonable number of published studies in different crucial
fields, such as cancer and psychology that are not reproduced [47]. It has been estimated

that the majority of biomedical research is not replicated [48]. Furthermore, there are
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attempts to conduct programs, such as “Reproducibility Initiatives,” that focus on

replicating published studies in order to ensure their validity [47].

As we know, the scientific method was built upon maintaining a skeptical
mindset about all data; another characteristic involves performing experiments many
times to ensure the validity of all results (see Figure 2). However, some researchers are
not following the scientific method as it was meant to be followed. The reasons for the

continued existence of so many un-replicated experiments and drugs are not clear

| claim that the data produced by some researchers may be accurate, but there are
additional factors that still need to be examined as we can deduce from the perplexing
results of preliminary research, such as placebo and psychology. Moreover, it is
important to know that whatever inaccuracies may occur in research data may not be due

to human error; rather, it may indicate the influence of factors that demand further study.
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Figure 2: The Process of Scientific Method.

22



4.2 The Placebo Effect

Investigating the genome of human beings alone would not add to our knowledge
if other factors have not been accounted for, such as epigenetic impact and psychological
factors. It is important to realize that even though researchers have progressed in
understanding the human genome and its interactions, there is still a large gap that should
be fulfilled in order to make further progress in medical treatments and other important

fields.

This gap is the relationship between the human body and the mind, and recent
studies have shown that the mind can affect changes in human health, causing them to
have diseases. One aspect that would impart some information regarding the mind-body
relationship is the placebo effect. It is important to realize that the influences of the
placebo are not just expectations; this has become a rule which we must comprehend
when we rely on data analysis results as the below indications and observations
discussed.

A placebo can be any type of fake medicine given to patients in trials as a control
to test the efficacy of real medicine. Placebos, such as sugar pills, acupuncture, and saline
injections, do not have the chemical ingredients that contribute to the reduction of pain
[32] [33]. There are several ways to administer a placebo, which include telling patients
that they are receiving the actual drug when they are actually given a placebo, telling
patients that they are receiving a placebo, and telling them that recent studies have shown
that placebos work as effectively as real drugs [34]. When conducting a clinical trial, it is
also important to tell patients that there is a possibility that they will receive a placebo

instead of the actual drug [34].
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In order to test a new drug, patients may be divided into the following groups:
patients who receive the new drug, patients who receive a placebo, which looks identical
to the new drug, and patients who are given no treatment. The rationale for including
patients without treatment is to distinguish the placebo effect from other factors, such as
the natural course of a disease, regression towards the mean, and the passage of time [35].
These clinical trials provide highly descriptive documentation, which produces a large
amount of data. Therefore, this detailed, massive amount of data must be stored and
managed efficiently in order for data analysis methods to be applied.

There are several definitions for the placebo effect in the published literature. An
updated definition is published in the PubMed, which reads “An effect usually, but not
necessarily, beneficial that is attributable to an expectation that the regimen will have an
effect, i.e., the effect is due to the power of suggestion” [36]. The placebo effect is
considered as a neurobiological phenomenon that includes changes in the mind and body.
As experiments proved, placebo effects have the capability of overturning the results of
many clinical trials, such as those for antidepressant drugs. If the placebo effects have not
been detected during the clinical trial, the efficacy of the therapeutic drug treatment tested
during the clinical trial will be incorrect or imprecise [37].

The placebo effect among patients varies widely from non-responses to large
responses. The reason for this phenomenon is still unclear. However, the placebo effect is
a controversial aspect in the scientific and medical community. Not all medical
professionals and scientists agree that the placebo when given with positive comments
concerning of its efficacy can have the same consequences and results as a therapeutic

drug; whereas, if it was given with negative comments, then this could have an adverse

24



effect called “Nocebo”. However, leaders in the medical and scientific community agree
that there are some factors related to the placebo effect, which influence the results of a
clinical trial, and they are as follows: individual patient responses and attitudes, clinician
behaviors and attitudes, and interactions among patients, clinicians, and the treatment
environment [37].

There are some factors that may influence the perception of a placebo treatment,
which are the relationship between the patient and healthcare provider and the verbal
comments about the medication’s effectiveness. In addition to the factors that influence
the perception of a patient, there are some other factors related to the experience of
painkilling treatments and placebo responses, which are the expectations and desires of
patients, as well as neurophysiological changes that occur during placebo treatment [38]
[39].

A conditional stimulus (CS), the physical appearance of the placebo, such as
verity of colors or branded bills, conveys information about the unconditional stimuli
(US), the effect of the drug on a symptom like pain. Presentation of the conditional
stimuli leads to an anticipation of the unconditional stimuli that may result in a placebo
response, such as a reduction in pain, and it also leads the individual to experience a
beneficial outcome [40].

The relationship between the patient and clinician is also an important factor,
which results in different impacts on patients. The very presence of the physician may
increase the magnitude of the placebo effect. It is generally believed that a good
relationship between the physician and the patient is characterized by an empathetic,

optimistic, and competent physician with a motivated and cooperative patient. Patients
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focus on the physicians’ like-ability, credibility and competency, which in turn, may
strengthen expectations that the treatment will be efficacious. Patients may get better,
even without treatment, if the physician makes positive comments about the treatment
[38].

There are obstacles that delay the development of placebo effect studies.
Although research on placebo effects has progressed, placebo effect studies are still being
devised, and mysteries still remain. It is still not known how the placebo works and how
the mind impacts patient outcomes [4]. One of the obstacles that prevent the fast
development of placebo effect studies is that it is hard to distinguish between the placebo
effect and other factors that may influence the result, such as response biases and
regression to the mean [41]. Furthermore, there are ethical issues in such studies since
they include human beings, and it may harm them in one way or another [35]. For
example, a study conducted to test the efficacy of Abiraterone (Zytiga) when used before
chemotherapy in treating cancer patients was prevented when they noticed that a number
of people were dying [42].

One of the well-known drugs that were initially proven to be successful before the
opposite was proven in placebo effect studies are antidepressants. An associate director
of the Placebo Studies Program at Harvard Medical School conducted meta-analysis for
previous studies of the placebo effect. As he indicated, the difference between the effect
of the placebo and the effect of an antidepressant is minimal for most people. Although
antidepressant drugs work for most patients, antidepressant drugs do not cure people

because of their chemical ingredients, but rather because of the placebo effects [43].

26



He also added that patients might get better because of changes in their life
circumstances or because the original cause of their depression was a short-term cause,
and the patients recovered naturally. Furthermore, using an active placebo, which is a real
drug that treats something other than depression and has the same side effects of the
actual drug, will be better than an inert placebo such as sugar pills. Experiencing side
effects, such as dry mouth, makes the patients feel that they are getting the real drug, and
this makes them get better. A placebo might produce side effects, but they are less severe
than the actual drug’s side effects [32] [43].

Expectations can strongly interfere with the response to painkillers, even
reversing their potential painkilling properties [40]. It could be hypothesized that the
expectation of having received effective treatment reduces nervousness and anxiety,
which, in turn, reduces unpleasant symptoms like pain. This seemingly simple hypothesis
has been difficult to investigate since stress levels are generally low in healthy volunteers
[38].

Verbal, conditional, and observational cues can create strong expectations that
influence the brain and the placebo response, and they can lead to the release of
chemicals in the brain. In order to study the brain while being influenced with the
placebo, doctors and researchers used certain tools, such as Neuroimaging techniques and
functional Magnetic Resonance Imaging (fMRI) [44].

It has also been found that a cortisone injection is nothing more than a saline
injection—which is a placebo—in treating tendon pain. The same patients who had
tendon pain participated in the clinical trial with the real drug and reported recovery, and

after a period of time underwent the same test, but they were placed in the placebo group
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and also reported recovery. This speaks to the strong effects of the patient’s mind on their
recovery [45].

Since the placebo effect is difficult to be studied because it includes human
beings, we should find the association between the placebo, the psychological factors and
the drug treatments thorough mining users’ input through social networking sites and
queries [59]. Furthermore, we could mine medical images produced from fMRI, for
example, while patients are possibly under the influence of the placebo effect. This might
undercover increased information regarding how the brain works under the influence of

the placebo effect.

4.3 Evidence-Based Medicine

The diseases and symptoms of many patients worsen and lead them to death due
to the mistakes and improper judgments of doctors. It is estimated that only 50% of lung
cancer treatments decision are accurate [50], which is unacceptable when it comes to the
value of a human life. Some doctors indicated that these mistakes could be prevented if
the doctors look up information before performing procedures, prescribing treatments, or
giving advice to patients. The reason behind this phenomenon is that not all published
medical studies are based on the results of new experiments. The majority of the studies
on this subject are based upon other studies, which were not tested for reproducibility
through repeated experiments and re-testing of the results.

The idea of evidence-based medicine was developed according to the necessity of
preventing medical mistakes. One of the main problems that cause doctors to be wary of

taking the time to read other studies is simply the massive amount of published medical
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literature [51]. Furthermore, although there are many effective and useful medical
findings, integrating such results into medical practice takes a long time [53]. Therefore,
there is a need to develop a system that allows medical professionals to search for
information based on the scientific method in a highly efficient manner [51].

Evidence-based medicine is “the conscientious, explicit and judicious use of
current best evidence in making decisions about the care of individual patients” [54]. The
procedure of finding evidence for medical treatments is conducted in a variety of ways,
such as meta-analysis. Furthermore, in order to provide doctors with useful knowledge
about their cases, it is essential to use quantitative methods, such as biostatistics [52].
Evidence-based medicine would enhance the efficiency and effectiveness of medicine
and minimize doctors’ mistakes. It could prove certain treatments and acts while rejecting
others used in the past. For example, the traditional treatment for lower back pain is bed
rest. However, it has been revealed through the scientific method of evidence-based
medicine that the best method to treat this condition is light exercise and return to daily
life [51].

Computer technology can play a major role in enhancing the functionality of
evidence based medicine. Evidence-based medicine requires a database that combines all
the published medical literature review in order to allow doctors to look up all papers
related to specific condition and provide them with evidence that can support them in
treating health conditions and diseases [51]. Integrating such technology into the medical
practice would have disadvantages, as well, since we are relying on the capabilities of the
computer to analyze said data. Also, the human brain would have the capabilities of

analyzing such data more effectively if doctors produce analysis based on evidence
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through a different experience, and they are knowledgeable of studies related to the
disease and conditions at hand [55].

In the medical literature review, there are a variety of methods doctors can use in
order to treat certain conditions, such as heart attacks. Additionally, treatments for such
conditions are always updated due to new experiments. However, the majority of doctors
continue using the methods they know based on their own judgments. Doctors are the
ones who choose the method of treatment, as well as the time [55].

International Business Machines Corporation (IBM) has developed a
supercomputer, called Watson, which serves as evidence-based medicine in the
healthcare practice. They claim that the accuracy of this technology to suggest lung
cancer treatments is 90%, which would be much better than the accuracy of doctors’
judgments on the same disease. There is great enthusiasm to provide Watson to the
majority of western hospitals over the cloud. Several selections are provided through
Watson with “a degree of confidence,” which gives the doctor the privilege of making the
final decision. This technology has been integrated and trained by a great deal of medical
resources so it could give decisions based on a sufficient amount of knowledge [50].

Despite the improvement we would receive in our medical practice if evidence-
based medicine were accomplished, the question is: could we rely heavily on evidence-
based medicine when there are so many papers that are irreproducible? Besides, could we
rely on it while psychological, genomic, and epigenetic influences still remain ambiguous
and further research is needed in these fields? Given the status of science today, I

personally have skepticism towards this data as it would have plenty of faulty
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information and irreproducible experiments, which might undermine the efficacy of

medicine instead of enhancing it.

4.4 Exploiting Collected Search Queries to Detect Adverse Drug Effects

In addition to the substantial medical errors, the side effects of drugs are not being
fully discovered for several reasons, including the involvement of human factors in
testing the drugs. What further complicates the situation is that using a particular drug
alone might be helpful in treating the disease, but using it with other drugs develops
certain conditions and diseases. Data mining techniques have showed significance in
making discoveries and finding associations within drugs by mining users’ web queries.
A cooperative study between Microsoft Research, Columbia University, and Stanford
University has led to encouraging results for this idea, and their work was based on data
mining techniques used by Google Flu Trends, which monitor human health through the
implementation of sensor networks [59].

Their hypothesis is to detect adverse drug events through users’ online queries,
which believed to have insights regarding several side effects of drug-drug interactions.
In their work, they focused on finding the association between an antidepressant
(Paroxetine) and a cholesterol-lowering drug (Pravastatin). The interactions of these two
drugs were discovered to be the cause of hyperglycemia. After they identified users who
were looking for hyperglycemia or any related symptoms or keywords, they identified
three groups among those users: one group who searched for both Paroxetine and
Pravastatin, the second group who searched only for Paroxetine, and the third group who
searched only for Pravastatin [59]. Their results are significant for future enhancement in

regards to pharmacovigilance.
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Mining the web to find adverse drug reactions has superior advantages to mining
electronic health records in that it is inexpensive to collect the data and apply data mining
techniques to it. Furthermore, mining the web for clues about drug reactions would reveal
human worries and real-time symptoms. They would search for certain symptoms and
diseases as soon as they experienced the symptoms or certain changes. The cooperative
study has indicated that it is necessary to develop analysis techniques to more deeply
understand the information collected from the web and identify noises and outliers. This
study also emphasized the possibility of finding some reasons behind this severe
interaction if certain information, such as age, gender, and location distribution, is
known. Moreover, as psychological factors might play a role in influencing diseases, it is
also assumed that this influence might be predicted through mining users’ queries. This
data mining application is a promising ground to enhance the design of drugs and the

development of medicine [59].
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Chapter 5: Significance of Microarray Technology on Cancer Treatments

As discussed earlier, many recent technologies, such as microarray technology,
have produced an extensive amount of genetic and biological data. The data that has
been produced through microarray technology is progressing slowly in terms of the
quality analysis that makes sense of this data and extracts knowledge. The overgrowth of
such data has directed researchers to focus on better understanding the genome in order
to answer a wide variety of questions concerning gene functions, regulations,
interactions, variations within different diseases, and their potential treatments for
diseases like cancer [63]. As discussed previously in this research, the quality of data is
an important factor that makes us rely on the results of the application of data mining
methods. Furthermore, the analysis of such data may help in many ways, such as
developing treatments based on gene expressions, designing new drugs, and identifying

drugs that are suitable for specific types of genes [63].

Microarray technology monitors and scans the expressions of thousands of genes
in parallel. The tremendous amount of genes adds further challenges to the analysis
process [63]. A microarray is “a glass slide on to which DNA molecules are fixed in an
orderly manner at specific locations called spots (or features)” [64]. The thousands of
spots in the microarray glass slide might correspond to a gene. There are many platforms
for microarray technology that differ in the method they follow in monitoring gene

expressions [63].

One method of this kind of experiment is to compare mRNA abundance in two

different samples or a sample and a control. Two different fluorescent labels, such as red
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and green dyes, are used to differentiate between RNA from the sample and control cells
[63]. The array is then excited by a laser in order to quantify the relative abundance of
RNA. For example, if the RNA in the sample is greater than RNA from the control, the
spot will be red; it will be green vice versa, yet it will be yellow if they are equal in their
abundance and black if none are able to bind. Thus, the intensity of spot colors is a
factor to quantify the results of microarrays when “compared to the background intensity
and to these intensities for other channels” [63]. The results of microarray are stored as
images, and they have to be transformed into matrices in order for the data to be
analyzed [64]. The rows of this matrix correspond to genes, and columns correspond to
samples, such as tissues [63]. In the resulting matrices, supervised and unsupervised
machine-learning algorithms can be applied in order to address several problems, such

as predicting cancer classes based on gene expressions.

The reliability of measuring (quantifying) spots of microarrays is undetermined
and unclear. One solution for this problem might lie in experimenting with microarrays
according to different methods and normalization to identify the standard errors and the
quality of each measurement. A few studies have been published in regards to the
reliability of gene expression measurements by replicating experiments and comparing
produced images [63]. The quality of measurements is an important factor because it
measures the levels of gene expression under various conditions in order to understand

gene functions, interactions, and treatments.

Classifying and identifying cancer is an important step to prescribe the best
treatment for a patient. Analyzing gene expressions that are produced from microarray

technology helps in identifying genes that best classify tissues and develop diagnostic
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systems [61]. Furthermore, with the successful and efficient analysis of such data, we
can prepare ourselves to develop drug treatments that suite these sets of genes and
samples. The complex nature of gene expressions that are related to cancer necessitate
the development of methods that extract relevant and helpful information to further

contribute to this disease [65].

5.1 Data Set and Problem Definition

The leukemia data set contains expression levels of 7129 genes taken over 72
samples; 25 samples are AML (acute myeloid leukemia), and the other 47 samples are
ALL (acute lymphoblastic leukemia) [61]. The source of these samples was taken from
bone marrow and peripheral blood tissues. The objective of this experiment was to
classify these samples based on genes to either AML or ALL and to compare between
the efficiency of different machine-learning algorithms on this data set with a variation

of attribute selections.

5.2 Challenges of Analyzing Microarray Data Set

Classifying samples from microarray technology leads to the challenge of analyzing
high-dimensional data (7129 dimensional data) with few samples. Thus, it is preferable in
order to have high accuracy to select genes that best discriminate samples to the two
classes [63]. There is a huge difference between the number of genes in the data set and

samples, and many of these genes are not relevant to classification of the diseases.

Thus, it is essential to identify a small set of attributes that are informative in the
purpose of classifying different kinds of cancerous cells or differentiating between
normal and cancerous cells [65]. Not accounting for feature selection, which lies in
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identifying and removing irrelevant and redundant attributes [71], produces high
dimensional problems that include lower accuracy and noises within the classification
process. Genes that best classify samples and tissues to the given class underline the

“biological significance” of such genes [65].

5.3 Related Work

The classifying of the leukemia data set described in the previous section has
received great attention from researchers and computer scientists. Numerous studies
have been conducted to classify tissues and samples of different cancerous classes or
normal/disease classes. One study conducted by [65] has been performed on three
different cancerous data sets, including the leukemia data set that was used in this
experiment of gene expression, and different machine-learning algorithms, such as the
Nearest Neighbor Classifier, Support Vector Machine (SVM), AdaBoost, and
Classification via Clustering techniques, were applied to them. In order to validate their
experiment, they performed Leave-One-Out Cross Validation (LOOCYV) as a test option

[65].

Golub et al. (1999) have applied neighborhood analysis to classify leukemia
samples to AML and ALL. They have selected attributes (genes) that best classify tissues
to the binary classes. The number of genes they have selected based on their analysis is
50 genes out of 6817 [61]. Many studies have been conducted in order to address the
issue of selecting features for genomic microarray data. One study that addressed the
problem of feature selection is the study by [63], who developed a sequence method of

attribute selections. In [61], they selected a set of informative genes and used LOOCYV as
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a test option to test the leukemia data set. Their results represented a respectable accuracy
of classification based on a small set number of genes. Almost the same results were

obtained from the experiment conducted by [65].

Clustering can be used to classify tissue samples into different clusters based on
the gene expression profiles [65]. It involves unsupervised learning techniques, which
require no labels for the data set to classify tissues and samples. As will be seen from the
results of the experiment, Classification via Clustering shows positive performance and
high accuracy. Hierarchal clustering has been used to analyze colon cancer and it has
shown significance in its accuracy [73]. Thus, hierarchal clustering has been used in this

experiment as well.

In [65], it was indicated that AdaBoost selects attributes by the weights associated
with the decision stumps of each gene that best classify samples in each iteration. In the
case of the leukemia data set, AdaBoost has a high accuracy without an additional
method to select attributes [65]. In [68], they used a combination of genetic algorithm and
SVM,; the accuracy they achieved was 100% when using 20 genes for this classification.
The attribute selection method for the work of [69] increased the accuracy for the SVM
to reach a higher level in the nineties using a combination of reliefF and mMRMR attribute

selection.

5.4 My Approach

The leukemia data set was used for this experiment in order to apply multiple
machine —learning algorithms using a software program called “Weka,” which is a

collection of machine-learning algorithms that apply data mining techniques. These
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algorithms, which will be described in the next section, include: Nearest Neighbor
Classifier, Classification via Clustering (Hierarchal Clustering), AdaBoost, Logistic
Regression, Support Vector Machine (SVM), and a decision tree (Random Forest).
Comparison and analysis between these algorithms has been performed with various
feature selection methods, mainly CFS (Correlation Feature Selection) and wrapper
methods. The search algorithm that was used is best-first search with forward selection.
In addition, the results between this experiment and other previous studies for the same

dataset have also been compared.

Many test options to validate the results of this experiment have been used; these
test options include Cross Validation, Leaving-One-Out-Cross-Validation (LOOCV), and
supplied. Although we have a small number of samples to divide into the training and test
data set, it is better to supply the training set with the test set in order to make the
classifier draw from data that has not appeared during the construction of the learning
model [65]. Cross Validation partitions the samples into the same size and uses one
portion as the test set and the others as a training set. The accuracy is the average of these
k Cross-Validation trials [65]. LOOCYV is a special case of Cross Validation where k is

equal to the number of samples and is helpful whenever there are small amounts of data.

5.5 Description of Machine-Learning Algorithms

Nearest Neighbor Classifier:

This algorithm is considered the simplest algorithm among all algorithms that try
to classify a set of data. It works by identifying the label for each example in the training

set. Afterwards, it measures the distance between a test example and every training
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example in the model. This procedure allows it to retain the K closest training examples
in order to assign the test example the most common labels in the K closest examples

[75].

Hierarchical Clustering:

This type of clustering is an unsupervised machine-learning algorithm, which can
be used as a classification method to predict the labels of the data. It is an agglomerative
clustering method that builds a hierarchy of clusters. Hierarchical clustering intends to
show the relationships between each attribute and merging clusters using similarity
measures. It takes the two most similar data points as a start and merges them to a new
cluster. It then calculates the average and continues to add similar data points while

constructing new clusters if necessary.

AdaBoost:

AdaBoost is a type of boosting algorithm. Boosting “generates a sequence of
hypotheses and combines them with weights” [76]. Therefore, it makes a decision to
identify this sequence of hypotheses and assigns the proper weights to them. Having
weights for each attribute causes the model to concentrate on different samples and
identify different classification decisions. To finalize the decision of these different

classifiers, a voting scheme is performed [76].

Random Forest:

Decision trees, in general, divide the data set in order to find a rule that best classifies

the data set. Thus, they need a small number of informative features, which would be
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helpful in avoiding over-fitting the data [71]. @ Random Forest is a collaborative
classification trees “created by using bootstrap samples of the training data and random
feature selection in tree induction. Prediction is made by aggregating (majority vote or

averaging) the predictions of the ensemble” [78].

5.6 Attribute Selection

Most of these machine-learning algorithms do not work well using the full set of
attributes (genes). This indicates the negative influence that irrelevant and redundant
genes have on the results. There are two kinds of attribute selections: wrapper methods
and filter methods. Wrapper methods extract attributes from the full data set based on
algorithms that will be used to build the classifier [66]. They use resampling techniques,
such as cross validation, in order to test the accuracy of applying the algorithm for the
given data. Thus, the data is called forth repeatedly, which makes wrapper methods
computationally slow. In addition to being slow, they do not work well when applied to

large amounts of data [71].

Conversely, the filter method extracts attributes from the data set, and these
attributes will be standard use for all algorithms [66]. Moreover, using wrapper methods
leads to the risk of relying on attributes that have been extracted based on chance alone
due to the repetitive use of Cross Validation in finding the best attributes for a particular

algorithm [5]. Many studies, such as [61], have used filtering methods to select attributes.

CFS examines the ability of each feature to predict classes. In other words, the
hypothesis of CFS is that “good feature subsets contain features highly correlated with

(predictive of) the class, yet uncorrelated with (not predictive of) each other” [71]. It
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starts with no features and uses a best-first search to look for genes that are informative to
classify the data set [71]. CFS has proved effective in previous research [71, 72], which
makes it significant for use in the selecting attributes of this experiment. As indicated by
[74], CFS works as effectively as a wrapper method with less computational time as will

be seen from the results of this experiment.

5.7 Results and Discussion

From the results of this experiment, we can observe that selecting attributes is an
important factor increasing the accuracy of classifying genes for the given binary classes
concerning the majority of the algorithms. Table 1 shows the accuracy for some of these
algorithms without selecting particular genes (attributes) and by using cross-validation to
validate the results. Most of the algorithms, which do not have a selecting attribute
process as a step in performing the algorithm, do not work well in classifying the data set

without attribute selection.

Moreover, Table 4 shows that the supplied test resulted in a lower accuracy for
the same set of algorithms without attribute selection. The supplied test appeared to be
more accurate than cross-validation since it supplied the training model with samples that
the training model had not faced before. As previously discussed, attribute selection can
improve the accuracy of applying machine-learning algorithms to microarray data. For
example, Random Forest improved from 76.3889% without selecting attributes to 100%

with attribute selection.

The attribute selection CFS, provided by Weka, has been applied. CFS chose 81

features as attribute selection (the most predictive features). This CFS algorithm was
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applied to the full set of data (72 samples). As a property of CFS, all algorithms can be
applied to the same set of features. Reducing the genes using CFS yielded a higher

accuracy (given in table 2) than the use of full features.

Hierarchical clustering was used to classify data with “complete” as the link type
and Euclidean as a similarity measure. Table 2 shows that hierarchical clustering
improved the accuracy from 63.8889% using full attributes to 97.2222% using 81
features identified by CFS attribute selection. This is a sizeable increase, which proves
that there are noises, which the irrelevant features can produce and thereby lead

researchers to the misclassification of tissues.

The SVM had the worst accuracy when using the full attributes, and it did not
show any improvement while using the same set of features (81 features). Examining the
confusion matrix, it was found that most errors occurred as a result of incorrectly
classifying classes as ALL. In other words, the SVM classified all classes as ALL, and it
did not count for AML classes. However, the SVM resulted in greater accuracy within

the work of [65] when different attributes were selected.

As can also be seen from Table 2, use of the wrapper method varied in progress
compared to CFS attribute selection. The Random Forest algorithm and classification
using Hierarchal Clustering decreased the accuracy slightly when used with wrapper
selection. The number of genes selected by the wrapper method is shown between
parentheses in Table 2. Wrapper methods select only four genes in hierarchical clustering
to classify the samples. On the other hand, they used only 5 genes for the Random Forest

algorithm. Although it resulted in a high accuracy, this algorithm probably considers a
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small number of features to be relied upon. AdaBoost, K Nearest Neighbors, and Logistic
algorithms perform better by using the wrapper method as opposed to using a standard set
of genes identified using CFS attribute selection. SVM requires a great amount of time in

order to specify the attributes using wrapper methods.

With the selection of appropriate features, Table 2 shows the highest accuracy
that we can acquire using some of these algorithms with cross-validation (Random
Forest, Logisitc, and K nearest neighbor) is 100%. AdaBoost has also showed a good
classification accuracy of 98.6111 %. As Table 3 shows, the accuracy for LOOCV is
almost the same as that of cross-validation, with the exception of AdaBoost, which

resulted in an accuracy higher than one percent.

Furthermore, to ensure the validity of the results, the leukemia data set was
divided into a training set, which constitutes 66%, and the rest is the test set. Validating
the accuracy of the result would be more reliable if the test set had disjoint values
compared to the training set; this makes it more accurate than the accuracy achieved
through cross-validation. Table 5 shows how the supplied test changes the accuracy for
the algorithms. Some algorithms grow considerably worse, such as classification via
hierarchal clustering, which transformed from 97.2222% to 54.1667% using the same
attribute selection. K nearest neighbors, logistic, and AdaBoost had a higher accuracy
that reached 100% when using the supplied test.

Using the hierarchical clustering method, the work of [67] indicated that
clustering is able to divide their data set (colon cancer samples) into their binary classes
(tumors and normal tissues). In [67], they indicated that distinguishing the tumor from

the normal classes did not depend on the informative genes alone. They applied the same
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algorithm to their data set, removing the informative genes, and the clustering method
helped in separating the classes. This observation was not found in my experiment as
shown in Table 5. The clustering method has a low accuracy when tested by disjoint data.
However, this might be due to the nature of the leukemia data set, the classes of which
are all forms of cancer, abnormal results and tumors.

In Table 6, | added the lowest accuracy for the best method that | could get using
the three test options: cross-validation, supplied test, and Leave-One-Out in order to show
more reliable results. We can see that AdaBoost has the same accuracy as [65] using
cross-validation with selecting attributes although the manner of selecting the attributes is
different. On the other hand, using the attribute selection of [65], SVM showed very high
accuracy compared to the attribute selection we selected for the study although the
attribute selection worked well with the rest of the algorithms used.

K Nearest Neighbor showed better results using the attribute selection used in this
study (CFS). In [61], they used neighborhood analysis, and they reached 100% accuracy
using cross-validation. In this study, 100% accuracy was achieved using the supplied test
to ensure the validity, but when it was used with cross-validation the result was 98.6%.
This might be due to different methods of selecting genes.

In general, K Nearest Neighbors and Logistic algorithms worked well on the
given data set. They showed an accuracy of 100% using wrapper methods to select
attributes, as well as 98.61% and 97.22% using CFS attribute selection. The next best
algorithm was AdaBoost, which resulted in 98.61% when using cross-validation to

ensure its effectiveness and 100% when supplied with the test set. SVM resulted in the
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lowest accuracy even though the literature has indicated its significance. This might be

due to the choice of attribute selections that were used in this experiment.

Algorithm The Result Accuracy
SVM 65.2778%
Random Forest 76.3889 %
Hierarchical Clustering 63.8889%
K Nearest Neighbors 86.1111 %
Logistic 93.0556%

Table 1: Accuracy for full attributes — Cross-Validation

Algorithm The Result Accuracy The Result Accuracy -
CFS (81 features) Wrapper
SVM 65.2778% -
Random Forest 100 % 94.4444% (5)
Logistic 97.2222% 100% (3)
K Nearest Classifier 98.6111% 100% (2)
Hierarchical Clustering 97.2222% 94.4444% (4)

Table 2: the accuracy for the results for algorithms performed with CFS
attribute selection and wrapper methods (features are included within parentheses)

Algorithm Result Accuracy
Random Forest 100%
AdaBoost 98.6111%
K Nearest Neighbors 100%
Logistic 100%
Hierarchal Clustering 97.2222%

Table 3: Leave-One-Out Cross-Validation test option accuracy for applied algorithms

Algorithm Result Accuracy — Full Attributes
Random Forest 58.2941%
AdaBoost 91.1765%
K Nearest Neighbor 70.5882%
Logistic 91.1765
Hierarchal Clustering 58.8235%

Table 4: The accuracy results for the same algorithm tested by supplied test with full
attributes selection
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Algorithm

The Result Accuracy —
Supplied TEST

The result Accuracy —
Cross-Validation

LibSVM 54.1667% 65.2778%
Random Forest 95.8333% 100%
Classification via clustering- 54.1667% 97.2222%
Hierarchical
K Nearest Neighbors 100% 98.6111%
Logistic 100% 97.2222%
AdaBoost 100% 95.8333%

Table 5: Supplied Test to test the accuracy of the training model

Algorithm My [4] [61]
Result
AdaBoost 95.8% 95.8% -
SVM 65.3% 93.0% -
K nearest 98.6% 91.6% 100%
neighbor

Table 6: comparisons for the accuracy between this study and previous work
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Chapter 6: Conclusion

As indicated in this study, the unexpected results and interactions of different
influences have merged into our study of science. This follows due to the majority of
researchers and scientists who have realized the drawbacks and limitations of our existing
information. For example, the findings of the genome wave experiments were
astonishing, and if they prove fruitful, it would not only change our treatment of human
disease and the design of new drugs, but it would also help us to eliminate inadequate

medicine and procedures in addition to many other profitable benefits.

A wide spectrum of the biomedical and genomic results has proven irreproducible
for a variety of reasons; some of these reasons have been indicated in this thesis. In
addition, various drugs have claimed to be ineffective after proving successful since their
efficacy is equal to the placebo effect, which can reduce symptoms and treat patients as

positively as the tested drugs or even better.

As for the unstable infrastructure affecting current usage of the scientific method,
which yields many unpublished studies, and in addition to the psychological influences
towards human health, | remain skeptical about the effectiveness of the notion
“Evidence-based Medicine.” Evidence-based Medicine would then be a collection of
irreproducible experiments and trials, which contradict the scientific method. Thus, it
would be misguiding to medical professionals. A solution to this problem might lie in

replicating results before including them in the database as Evidence-based Medicine.

Hence, | claim that using data mining techniques must be a mandatory step for

pharmaceutical companies for the below reasons—although not exclusively—which
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would result in many benefits for human life. First, because an extensive amount of data
is produced and updated every day, it is valuable to apply data mining techniques to this
data in order to gain insight about potential drug reactions and direct researchers to
possible areas for testing. Thus, big data storage and other related issues of big data must

be solved in order to help in applying these data mining techniques.

Secondly, data mining techniques need to be applied to accurate data in order to
be efficient and valuable. Thus, the peculiarities that have been discussed in this research,
in addition to others, must be addressed and taken into consideration when applying data
mining methods. The heterogeneous, extensive amount of biological data adds more
challenges to data mining techniques, which makes the development of sophisticated data
mining tools a necessity. Additionally, decisions and hypotheses would be built upon the
results of data mining techniques. Therefore, we should make progress towards having

accurate and manageable data.

As indicated in this research, one study applied data mining on users’ queries to
study the drug-to-drug reactions based on real time queries. The results of such a study
should be a motive for researchers to conduct experiments on other existing drugs in
order to answer some of the many problems in question today since the Internet has

become a large repository for undiscovered and hidden information.
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