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Abstract

World’s data is increasing at a tremendous rate, and many domains are becoming data-
rich. New technological trends like the internet of things, cloud computing, smart devices
etc. are responsible for this unprecedented data growth in several domains. Every domain
is interested in gaining valuable insights by implementing knowledge discovery methods on
the generated data to improve overall outcome or for some scientific breakthrough. How-
ever, gaining valuable insight from this big data comes with several challenges due to its
inherent properties like carrying heterogeneous formats like structured, semi-structured
or unstructured, growth rate and huge volume. The traditional machine learning and
predictive analytics techniques face some significant limitations in terms of efficiency and
accuracy when it comes to big data. The limitations of traditional tools and techniques
have opened up vast opportunities for researchers worldwide to develop efficient machine

learning techniques for big data problems.

There is no single machine learning algorithm that fits all scenarios, so there is a vast
amount of research developing efficient machine learning techniques for different big data
problems. Researchers are using different approaches like ensemble or a hybrid approach
for developing a more accurate, efficient and reliable machine learning system for the
problem in hand. Hybrid approaches usually involve integrating one machine learning
technique with some other machine learning, heuristic, meta-heuristic or soft comput-
ing technique. On the other hand, ensemble machine learning techniques are build by
combining various machine learning algorithms using grouping techniques like bagging,

boosting and stacking.

In this thesis, hybrid and ensemble machine learning techniques are developed for big
data problems in bioinformatics, material science and particle physics domains. In the
first case study, hybrid machine learning techniques are developed to predict different
types of human T-cell lymphotropic virus (HTLV) from semi-structured data, compro-
mising protein sequences of different HTLVs and non-HTLV viruses. Hybrid machine
learning techniques are built by combining supervised and unsupervised machine learn-
ing algorithms with greedy search and heuristic techniques. The machine learning system
developed in this case study aims to assist the current diagnostic system for detecting
HTLV-1 virus and gaining better insights about the virus by exploring the protein se-

quences’ physicochemical properties extracted in this work.

In the second case study multi-criteria decision making (MCDM) based machine learning

techniques are developed to predict the kinematic viscosity of three commercial grades

vil



of lubricants namely gear oil, hydraulic oil and transmission oil deployed in heavy earth-
moving vehicles. The experimental data for each lubricant category was collected by
adding two different types of nano-particles at varying temperature and particle volume
fraction. Four different machine learning techniques were trained on each category of
nano-lubricants’ experimental data, and their predictive efficiency was evaluated based
on different model evaluation parameters. In the final step for finding the best predictive
model in each category, the ranking of machine learning techniques is done basis on
the model evaluation parameters using MCDM technique called Technique for Order of
Preference by Similarity to Ideal Solution (TOPSIS).

In the third case study, multilevel ensemble classifier is developed for dealing with the
binary classification problem in the massive volume of data generated by particle colliders
like Large Hadron Collider (LHC). In this work, four different supervised machine learning
techniques are stacked to build ensemble classifier. Moreover, for dealing with the massive
volume of data, the ensemble classifier is implemented using popular big data distributed
platform Apache Spark on the AWS cloud. The multilevel ensemble classifier’s efficiency
is evaluated based on different model evaluation parameters, and comparative analysis of

the results is done with the existing benchmark techniques.

The results obtained in all three case studies have proved the efficiency of hybrid and

machine learning techniques developed for the respective problem in hand.

Keywords: Big Data, Machine Learning, Ensemble Models, Hybrid Models, Heuristic
Techniques, MCDM, Apache Spark
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Chapter 1

Introduction

This chapter carries the introduction of the task conducted in this thesis. It underlines big
data’s fundamental concepts, challenges involved in handling big data, big data analytics,
introduction to machine learning techniques and tools; their limitations in dealing with
big data. The chapter also includes the brief introduction recently prevailing machine
learning approaches like ensemble learning and cluster computing environments to deal

with big data problems.

1.1 Background

The beginning of this new century, the intensity of data growth surpassed Moore’s Law,
and the better research paradigm was born as Data-Intensive Scientific Discovery (DISD),
also known as the Big Data problem. Approximately every field, from economic and
business practises to policy making, from national security to scientific research, from
healthcare to evolutionary biology, from social networking to astronomy, involve the Big
Data problems [1]. Data sets are multiplying, from diverse data provisions, such as sensor
networks, telescopes, science studies, high-performance tools, business data, tablets, and
the Internet. Similarly, vast amounts of publications classify the data as a structured,

semi-structured or unstructured.

With a fall in prices of data storing devices and wider accessibility of high-performance
computers, there are a significant increase in usage of machine learning (ML) techniques in
various fields and sectors, including healthcare, bioinformatics, material sciences, banking,
and finance, law enforcement, entertainment, and multimedia. It is seen that machine
learning tools are increasingly becoming an integral part of many business and scientific
operations. Machine learning helps make future predictions by an enabled smart system
that learns from the existing past or current events. In the case of a supervised machine
learning process there are three phases: create the model, testing and fine tuning the
model and then bring it into development. The data is the basis that drives the models

of machine learning, which is at the forefront of applications for science and industry

[2].



The exponential growth of data in this last decade has given rise to data-intensive com-
puting problems commonly, known as Big Data problems. It is observed that 90% of
the world’s data was generated in the last five years and this rapid data growth is mak-
ing trouble to people in all the sectors ranging from business to public administration,
scientific research to sentimental social analysis and many more. As predicted by Inter-
national Data Corporation, data on our planet’s storage devices is estimated to reach 44
zettabytes by 2020, and it is said to be ten times larger than it was in 2013. However,
the massive volume of data generated by diversified heterogeneous sources like sensors,
the internet, trade databases, government databases, high throughput scientific experi-
ments, etc., possess significant hidden values and knowledge. This massive data need to
be explored by efficient and fast analytics systems for evolutionary breakthroughs and

increased productivity in different fields [3] [4].

Machine learning techniques possess the characteristics that can help discover knowledge,
hidden values and making an automatic decision from this data. However, because of
its distributed storage, this excessive data accumulation presents a challenge to exist-
ing machine learning techniques to effectively process and learn from big data. Com-
monly used machine learning tools like R or Weka do not support distributed storage
and processing [2]. Apache Hadoop, an open-source implementation of the most popular
Big Data processing framework MapReduce, helps solve scalability problems by offering
distributed storage and processing [5]. Although Hadoop is a big data processing ar-
chitecture and now has a RHadoop kit, which is just a R programming language API
that can be deployed at the top of the Hadoop ecosystem to apply the machine learning
algorithms available on the R platform to create better machine learning models from
high-dimensional distributed data. Apache Mahout is another library on the top of the
Hadoop ecosystem, which is mainly developed for creating scalable machine learning
systems [6]. However, due to the iterative nature of machine learning algorithms and
the MapReduce framework’s inefficiency in dealing with iterative tasks, these big data

machine learning platforms lack performance.

On the other hand, Apache Spark another open-source big data platform capable of
efficiently dealing with streaming data and iterative tasks with its inherent architectural
properties of in-memory computation is gaining more popularity these days over Hadoop.
Moreover, Spark provides the flexibility of writing applications in different programming
languages by providing APIs in Scala, Java, Python, and R [7]. Spark also has a robust
machine learning library called MLLib, which includes commonly used supervised, semi-

supervised and unsupervised machine learning algorithms.



1.1.1 Big Data

Big Data is a vast volume of data about a single system which is too huge and too
complicated to manage. In 2012, Gartner defined Big Data as a high-volume, high-speed
and high-variety information resource that requires a new processing mode to enable
improved decision-making, insight-making and process optimization [8]. More broadly,
where it is impossible to collect, curate, interpret and model data utilising state-of-the-
art data analysis methods or technologies, a dataset can be called as Big Data. In
doing business, management and science, Big Data has totally modified the way its been
applied. This data-intensive computation has appeared in the world and promises to have
the resources needed to deal with Big Data issues. Data-intensive research appears as the
fourth empirical model after the preceding three, namely empirical science, theoretical
science, and computational science [1, 9]. It has arisen because we live in a world where
data-intensive systems are increasingly used. Often it becomes Big Data because we have
a huge number of dataset resources that are very complicated and difficult to process on-
hand information processing tools. Laney [10] used volume, velocity and variety, defined
as 3V’s (Figurel.1l), to define Big Data and claimed that another V might be extended
according to the particular requirements of the data analytics domain. The fourth V can
be value, veracity, volatility, or validity. Following are the fundamental characteristics of
the dataset to be called Big Data:

<>

Big Data Variety

Volume Terabytes - Zettabytes

Structured (Tabular Data)
Semi-structured (Text, E-mails,
Genes sequences)
Unstructured (Audios, Videos)

Real-time data streams
(Social networking websites,
Intelligent Transport System)

[ 1]

Velocity

Figure 1.1: 3V’s of Big Data

1. Volume - The amount of data that is generated is significant. It is the size of data,
which determines the data values, and the potential size of the data underuse, and
whether it can actually be considered Big Data or not. Entitled ”Big Data,” which
itself contains a related feature size and, therefore, it is a term. When it is in the

context of the size of data, the datasets range from petabytes to zettabytes.

2. Variety - Big Data’s next feature is its diversity. Variety refers to both the various



forms of data and the various origins of data. It is possible to structure, unstructure
and semi-structure. This variety of data available in the form of texts, audio, video,
tabular and json format carries hidden knowledge and insights. This diversified
variety in data creates issues for researchers and data scientists for storage, mining

and study.

. Velocity - Velocity refers to the velocity or rate of induced or processed data.
Datasets expand exponentially with different data provisions, such as sensor net-
works, telescopes, science studies, high-throughput equipment, cell phones, social
networks, and the internet. Big Data is often used in web-based applications; so-
cial computing hot spots is a suitable example of this case; it involves study of
social networks, online forums, recommendation mechanisms, credibility systems,
and markets for prediction. In addition, there are various sensors around us that
create sum-less sensor information that needs to be used; for example, the Intelli-

gent Transport System (ITS) is focused on vast quantities of complex sensor data.

. Veracity: The biases, noise, and abnormality in data are referred to as Veracity.
The data is reserved and extracted under the problem that is being analyzed. The
reality is about the quality of the data, but as people are using Big Data, they are

still committed and able to participate in optimally cleaning up data at the source.

. Validity: When data has become accurate by correcting it following the intended
use, it becomes valid data, and the term is referred to as validity. It plays a signifi-
cant role in making the right decision as it guarantees the uncorrupted transmission
of data.

. Variability: The inconsistent flow of data with periodic event-triggered peaks is
referred to as variability. The case gets more complicated when unstructured data

involved.

. Volatility: It refers to how long the data can be stored. It has to deal with the
retention policy of structured data that we implement every day in our businesses.
We will quickly destroy it until the preservation time expires. For instance, if an
online e-commerce firm may not wish to retain a one year purchasing history for
consumers. Since there is little chance that these data would ever be recovered after

one year and default warranty expires on their items.

. Value: As a consequence of extracting value from large data, it has a low-value
density. Useful information and a large volume of data must be retrieved from every
data type. For this, we need to check for the true value of knowledge in which the

value of data must outweigh its expense or management. Therefore, priority needs



Use of data
Statistical Analysis
Exploratory or Predictive Model

Gain Insights
Acts on complex issues

Figure 1.2: A brief overview of data analysis process

to be paid to the investment in data storage. At the time of acquisition, storage
can be cost-effective and comparatively inexpensive, but such under-investment
may destroy precious records. For example, for inexpensive and insecure storage,
saving clinical trial data for a new medication will save money today and place data

at risk tomorrow.

9. Visualization: Big Data’s hard part makes all the massive volume of knowledge clear
and easy to comprehend and read. In order to make data-driven decisions simpler,
data visualisation allows data interpretation with the aid of graphical representation

of the raw data so that it becomes understandable.

1.1.2 Big Data Analytics

Analytics is typically the method of finding and sharing useful data patterns, important
in areas rich in historical knowledge. To measure efficiency, analytics depends on the
simultaneous applications of statistics, computer programming, and operations analysis.
In order to communicate insight, analytics also prefer data visualisation. The method of
storing, arranging, and reviewing vast collections of data to find correlations and other
valuable knowledge [11] applies to big data analytics. Big Data were analysed to discover
secret patterns, unidentified associations and other important knowledge that can be used
to make smarter decisions. Big data analytics can help companies better interpret the
data found in the data and help determine the data most important to the corporate
domain for future business decisions [12]. Figure 1.2 gives a brief overview of the data

analysis process. Analysis of large data can be further divided into the following types:

1. Descriptive or Exploratory Analytics: It is also called a fact analysis and has the
lowest complexity level as compared to another kind of data analytics. In this

analysis, past events and performances, including successes and failures, are taken



into account to know what had happened.

2. Diagnostic Analytics: It is another kind of data analysis and has a more complex
level than descriptive analytics. In this type of analysis, past events and perfor-
mances, including successes and failures, are taken into account to know why that

event has happened.

3. Predictive analytics: This kind of analysis uses historical information and facts to
predict the future outcome. It has a higher complexity level than the previous two
data analytics techniques and is used to know what will happen based on records.
Predictive analysis is quite beneficial in several business domains to gain insight

into future opportunities and risks.

4. Prescriptive Analytics: This type of analysis has the highest complexity level, and
it makes use of factual information to recommend specific action about the situation
that has already happened or will happen in the future. Several business domains
and natural resource management organizations use this type of analysis to increase
their productivity and take safety measures for upcoming natural disasters and

climatic change.

1.1.3 Applications of Big Data Analytics

In order to increase productivity in industries and evolutionary breakthroughs in scientific
sciences, big data is highly valuable; this gives more possibilities in many areas, such

as:

1.1.3.1 Big Data Analytics for bioinformatics and healthcare

The healthcare and human welfare industry is the sector of application where Big Data
analytics is most important. This area shows some of the most significant and biggest
datasets available. Seemingly, the global scale of clinical data in 2011 stood at about
150 exabytes with an expected growth of 1.2 to 2.4 exabytes annually [13]. Medical data
consists mainly of, electronic medical records (EMR) and imaging data. Just a few cat-
egories of data exist for healthcare: prescription data, such as medication molecules and
composition, drug goals, bio-molecular data and clinical studies, data on specific activ-
ities and interests, financial or action reports. Integrated data will include changes in
intervention delivery, well-being and quality of life. According to McKinsey, healthcare
analytics would add about $300 billion in revenue, annually per analyst forecast [14].
In reference to healthcare data analytics, the problem is how to combine heterogeneous

databases situated in various areas of the world with differing access capacities. In addi-



tion to data consistency, timeliness, and data privacy and protection, a third major issue

is the appropriateness of data sets.

1.1.3.2 Big Data Analytics for scientific research and natural processes

As analytical sciences progress, many academic disciplines are turning into highly data-
driven fields. The foundation for data-intensive scientific study is astronomy, computer
science, computational biology, and others. Significant quantities of data are produced
within these regions over time. Even on a single day, the Large Synoptic Survey Telescope
(LSST) has 30 trillion bytes of data. Scientists utilise statistical methods and advanced
analysis strategies to learn how the cosmos came to be. Likewise, 60 TB of data is
produced per day by the Large Hadron Collider (LHC). In different academic areas such
as oceanography, geology, genetics, and sociology, several potential e-science projects
are arriving [15]. To discover knowledge from the databases generated effectively, a

centralised repository and organised analysis method is needed.

Activities such as polar ice cap mapping, glaciers, and severe weather conditions in-
volve collecting large databases from satellite imagery, atmospheric radars, and terrestrial
surveillance and sensing equipment. A different collection of considerations are included
in analysing insights from these datasets. Space-time scale, the magnitude of data and
validation of long-term predictions focused on models are some of the most critical prob-
lems for these datasets [13]. Another barrier to data mining is a timely transfer of

processed data into distributed networks for performing analysis activities.

1.1.3.3 Big Data Analytics for business and economic systems

In a landscape of data, even huge companies have come across Big Data issues. It
is projected that by 2020 the amount of market data would double every 1.2 years.
Businesses handle large volumes of multi-modal data through costumer orders, order
tracking, shop related video streams, advertising, consumer perceptions and feelings,
revenue management infrastructure and financial reports [16]. For example, 267 million
transactions happen per day inside 6,000 Walmart retail outlets across the world. To
take advantage of machine learning strategies they use vast amounts of data to benefit

about what people are involved in purchasing.

1.1.3.4 Big Data Analytics for government and public sectors

Public government still needs to work with Big Data. In 2011, the Library of Congress
received 3 Terabytes, or 3 trillion bytes, of records. Underneath the Obama presidency,

the US government launched a big data research and development programme. This



programme requires the involvement of six independent agencies. Successes were also
registered in Europe. Public agencies across the globe are deeply involved in proper
public management. For instance, the annual health care fraud costs $60 billion to the
US tax payers according to data gathered by the FBI [17]. Identifying tax avoidance and
irregular purchases through electronic means presents the government with an ability to
raise its tax revenue.According to a study by The McKinsey, Big Data functionality, such
as reserving expertise and information habits, gives a public sector an ability to boost

competitiveness and enhance total performance and effectiveness.

1.2 Machine Learning

Machine learning is the study of learning frameworks that incorporate principles and
strategies from the fields of bothstatistics and mathematics. The area addresses the
creation and the implementation of intelligent systems capable of learning from data
without being directly programmed. The models are used to uncover secret patterns
and developments in the data that contribute to meaningful observations and helpful in
making data-driven decisions [18]. As the model learns from data and is able to execute
activities from that data, the consistency and quantity of data accessible can dictate how
much the model will learn. Machine learning approaches are frequently related to data
processing, predictive data analysis and computer science processes, but on the actual
ground these concepts vary in nature. Data mining relates to the practise of searching to
see trends in databases and data warehouses [19]. Predictive analytics refers to the use of
data in order to anticipate possible results and is used mainly in corporate environments to
characterise practises such as revenue forecasting and anticipating the buying behaviour
of a consumer. The word data science became common at the same period that big data
appeared, data science covers how to derive values from big data in addition to processing
big data in a number of ways [20]. The method of identifying patterns is identical no

matter what since it uses the same methods and algorithms.

Machine learning techniques are broadly classified as unsupervised or supervised learning
techniques depending on the learning process of the model (Figure 1.3). Classification
and regression are supervised methods where the labelled instances are used to train
the algorithm, and the outcomes are expected from the model. However, clustering
and association analysis are unsupervised learning methods in which the unlabelled data
is used by the learning algorithm to prepare the model. Supervised approaches involves
classification and regression analysis, while unsupervised strategies include clustering and

association analysis.
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Figure 1.3: A broad categorization of Machine Learning Techniques

1.2.1 Supervised Learning

In the classification problems, where an algorithm is to be predicted, the inputs are intro-
duced to the machine learning model. The goal is to predict the algorithm relative to the
information. The classification assignment’s objective is to achieve a categorical variable
to indicate the target’s class provided the input data. There are many descriptions of
how computers might forecast the weather for a given day and decide potential values to
be bright, windy, snowy, and gloomy. The input data can consist of weather data, such
as the air pressure, temperature, humidity levels, peak or moderate wind speed, peak or
average wind direction, etc. So, with any specified values for air pressure, temperature,
relative humidity, and the day of the week, the model would inform us whether or not
it’s going to be bright, windy, snowy, or gloomy. Another widespread concern in the field
of offences, particularly when it comes to credit cards, is the difficulty of discriminating
between valid and fraudulent purchases [19]. A classification problem may be binary or
multiclass. In a scenario weather forecast problem, there are more than two alterna-
tives (sunny, windy, snowy, or cloudy). The outcome of the prediction problem is binary
(sunny, windy, or cloudy). The issue with credit card purchases was that there are just

two different categories in when and when an individual buys.

In the model, the predictors have to reveal a numeric meaning instead of only categories.
This helps the model to predict a numeric value. An indication of regression is to be able
to predict the price of a stock. Instead of having a set of addresses, a stock number is
used. This is something like a regression task, or in other words, a sorting task instead of a

classification task. In comparison to this argument, may be determining how much stock



would pay in the future, will be a classification problem. Provided the stock’s actual price
is a regression challenge, which refers to the significant discrepancy between estimating
the stock’s actual cost and past stock results. Some other examples of regression estimate
the demand for a product based on the time of the year. Forecasting a score on a test,
calculating how successful a drug will be for a particular patient, predicting the amount

of rain for a region.

1.2.2 Unsupervised Learning

In clustering or cluster analysis, the aim is to arrange related objects into categories.Each
data point in group may have a stronger similarity in the characteristics of the artefacts
than the other cluster. To be able to organise the data into clusters, some method for
grouping data is used. Many widely employed methods of similarity include Euclidean
distance, Manhattan distance, and Cosine similarity. Clustering has a broad variety of
uses ranging from market or customer segmentation to enterprise system planning [21].
One of the most common application of clustering is to split a client into categories
depending on their shopping background and then to give them specialised deals based
on that section. Any other forms of cluster analysis include characterising various weather
trends within a city, grouping the current news stories into topics to recognise the trending
topics of the day and identifying hot spots for different forms of crime from media records

in order to have appropriate police presence for troubled areas.

The aim in association analysis is to establish a collection of rules that will help predict
correlations between items or events. Special rules are used to decide when things occur
concurrently. A common application of association analysis is market basket analysis
is used to understand customer’s shopping pattern. The supermarket chain discovered
an association by using data analysis to examine the relation between two apparently
different products. They noticed that many people who shop late on Sunday night to buy
diapers often prefer to buy beer. This data was also used to put beer and diapers together
and they noticed an increase in sales in both goods. Other applications of association
analysis include suggesting related products to consumers based on search background,
or buying behaviour. Look for clusters of products that are normally bought together
and providing discounts on certain similar items at the same time to boost sales on both
[20]. Identifying websites that are frequently viewed together, so that you can put up a

consolidated list of similar websites.
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1.3 Machine Learning techniques for data modeling

As various types of input data are collected, different models are used to solve complex
problems. Earlier onwards, statisticians used statistical approaches in which they noticed
that data mining was the creation of efficient statistical models from which the underlying
distributions could be obtained. E.g., we've found a collection of data and a statistician
found that the data comes from the Gaussian distribution that would be considered a
data model. The researcher can then use different Gaussian parameters, such as mean,
standard deviation, to represent the results’ nature. Machine learning algorithms are
the foundation for data mining. Modeling techniques like decision trees, secret Markov
structures, etc. If deep learning tackles greater and more complicated challenges, the
difficulty of concentrating on the important knowledge and discarding the remainder has
become progressively meaningful. It is also regarded as function reduction. Function
collection gauges the suitability of the samples for training and discarding samples that

are unacceptable. The influential machine learning strategies are discussed as below:

1.3.1 Decision Tree

The rationale behind the decision tree’s methodology is to divide data into categories that
apply to only one class. The method divides the input space into pure regions where only
samples from one class exists. With real data, however, certain subsets are not possible.
The goal is to divide the data into subsets that have as much purity as possible. Each
subset contains as many samples as possible from a single class. It is best performed
by graphing the input values and identifying regions where the values are as pure as
possible. These regions are separated by boundaries called as decision boundaries. The
decision tree classifies the at on the behalf of these decision boundaries [22]. A decision
tree is a hierarchical tree structure with nodes and directed edges. The root node is the
first node in the path. The leaf nodes are at the bottom-most nodes of the tree. Nodes
in between the root node and the leaf nodes are called internal nodes. For each root
and internal node, there is a test condition and a class label. An intelligent decision is
made by utilising the tree to find the best action. At each node, the answer to the test
condition determines the route to take. When a leaf node is reached, the category at the
leaf node will determine the classification decision. The depth of a node is the number
of levels from the root node and other nodes. The depth of the root node is zero. The
depth of a decision tree is the number of parent and child nodes in the path between the

root and the leaf. The number of nodes in a decision tree is the size of the tree.
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At a high level, it involves some basic decision making steps. All samples are brought
together at the beginning, and then are separated by the variables being tested. It aims
to create a subset of samples which contain all of the samples that belong to just one
class. The subsets should be as homogeneous as possible or as pure as possible. A process
for subsampling data into progressively more pure subsets is iterative until the stopping
criterion is met. For the purpose of the decision tree model, an induction algorithm is
utilised [23]. A greedy algorithm is used in the division of the specified portion of the
data. Greedy algorithms are applied to solve a portion of the problem at a time, while
more comprehensive approaches are applied when the approach is complete. The tree
is built by finding the optimal method to partition the current node at every step and
merging these decisions with each other to form the final decision tree. The best split
is determined from a set of possible splits based on the impurity measures such as Gini
Index and Entropy which compare subsets of the resulting mixture. Lower the value of
these impurity measures, more homogenous would be the class labels in the constructed

tree.

1.3.2 Support Vector Machine

SVM can also be used for all classification and regression purposes. Support vector ma-
chine algorithms are ideal for linear and non-linear data classification. SVM generates a
collection of hyperplanes in a high dimensional space for classification or regression pur-
poses. The hyperplane with the largest operating margin from the training data is used
as the classifier’s final hyperplane. The more significant, margin lower will be the clas-
sifier’s generalisation error. Transforms feature vectors through high-dimensional space
features via a kernel element [24]. The SVM models depict the samples as points in the
space and map them such that simple gaps can be found between various classifications.
The latest research sample is expected dependent on the same representation. SVM’s are

widely utilised by researchers for image classification and text categorisation.

1.3.3 Bayesian Networks

Bayesian belief networks are guided acyclic graphs of information. Therefore, they are
called Bayesian probabilistic machine learning models [25]. For purposes like classifying
diseases and monitoring signs, Bayesian classification may be used. If we know the symp-
toms of an illness, then we can predict the risk of anyone developing the disease. Bayesian
networks are used everywhere, in areas like computational biology, bio-informatics, infor-

mation retrieval, semantic search, etc.
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1.3.4 Artificial Neural Networks

Artificial neural network algorithms are widely regarded as neural networks. Neural
network algorithms and structure rely on the way the human brain functions. A neu-
ral network-based computational model that involves several processing units that are
connected across a communication network. Processing units are classified as neurons
that function together to produce the required output. The theory functions like the
way trillions of nerve cells, or synapses, function within a human brain. Neural net-
work algorithms are typically chosen because the interaction between input features and
output variables will express itself as a complex network. These subject knowledge are
well developed in the area, like in speech recognition, image analysis, biology and etc.
26].

1.3.5 Hierarchical Clustering Techniques

Hierarchical clustering combines data objects into groups that, within such groups, inte-
grate into broader groups, and so forth, forming a hierarchy. A tree demonstrating this
hierarchical pattern is known as a dendrogram. Specific data artefacts are the leaves of
the (graph) tree, and the nodes inside the clusters are nonempty. Sibling nodes on the
same branch create a partition. This allows practitioners to see data at various levels of
granularity. Hierarchical clustering strategies are grouped into two types: agglomerative
and divisive [27]. An agglomerative strategy begins with a single-point cluster, and the
most related clusters are then combined [28]. A divisive clustering begins by collecting
all the data and breaking the data into a series of clusters. Clustering persists until a

stopping criterion (most commonly, the requested amount k of clusters) is met [29].

1.3.6 Partition Relocation Clustering Techniques

Unlike the conventional hierarchical approaches, the partition relocation algorithms are
able to boost clusters when new points are introduced. When suitable data are used,
results are good quality clusters [27]. Iterative distribution strategies require replacing
points in each of the k clusters. One way to divide data is to think of a cluster of data as
a certain model whose undefined parameters have to be defined. Different mathematical
methods presume that the data come from various populations whose distributions we
choose to describe. One benefit of probabilistic clustering is that the effects can be easily
interpreted. Getting cluster representations that are concise often makes for inexpensive
calculation of intra-cluster metrics of fit as well as the derivation of a global objective func-

tion. Through evaluating a partition, an objective function can be described. Pairwise
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distances or correlations may be used to distinguish clusters inside or between clusters.
In the iterative improvement method, there will be so many pairwise similarities. The
k-means and k-medoids also use the idea of special, distinct cluster members. The com-
putation of an objective function is now linear with respect to the number of clusters,

and the number of clusters is less than N.

1.3.7 Density Based Partitioning Clustering Techniques

An open set in space may be separated into its related elements, or points. The application
of this concept involves a diversity of ideas in fields of consistency, density, accessibility
and boundaries. Definitions of these terms are in near proximity to one another. A
cluster, described as a linked dense part, grows in any direction that the density leads.
Therefore, shape-based clustering algorithms can detect clusters with arbitrary shapes
[30] [31]. Often, these characteristics offer the best defence against outliers. A graph
reveals certain cluster shapes that pose problems for k-means, but can be mitigated by
density-based algorithms. Density-based methods are modular. Inconvenient premises
go together with the excellent characteristics. Since a single dense cluster composed
of two neighbouring areas with substantially different densities is not very insightful, I
recommend collecting height data from several places [27]. Another shortcoming is that
the video loses interpretability.. There are two forms of density-based techniques. The
first solution utilises one point of data to evaluate the density. Algorithms reflect such
items as: DBSCAN, GDBSCAN, OPTICS and DBCLASD. The second method explores
density in a basic, linear manner and is clarified in the article . DENCLUE is a linear

classifier that is not negatively influenced by data dimensionality.

1.4 Machine Learning for Big Data Analytics

The rise in the usage of technology such as wireless sensor networks, internet of things,
intelligent transport system, high throughput science experiments, social networking, and
e-commerce web-sites has provided hint of generation of colossal volumes of data world-
wide [32]. The tremendous volume of data that is being processed, preserved and evalu-
ated presents the major obstacle to the information and technology sector to gain bene-
fits. With the emergence of this data specific age the mathematical intelligent machine
learning systems came into limelight over the past decade in large number of complex
data-intensive fields such as astronomy, particle physics, material sciences, agriculture,
bio-informatics, finance and economy. And as a consequence, these machine learning

frameworks are not ideal for processing massive volumes of data. One inherent prop-
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erty is that most non-parametric and model-free methods, when scaled to deal with
high-dimensional results, are found to be computationally costly [33]. The need for de-
velopment of more effective and reliable machine learning techniques to enhance energy

modelling for data-intensive areas.

1.4.1 Ensemble Machine Learning Methods

Ensemble learning methods blend several base models to yield a more effective and accu-
rate approach for making predictions. The ensemble approaches have become extremely
common because they do a better job than the individual models. Ensembles tech-
niques are widely utilised at several weather prediction facilities around the globe, such
as the National Center for Weather Prediction, the U.S., European Centre for Medium-
Range Weather Forecasting, United Kingdom Met Office, Metro France, Climate Canada,
Japanese Meteorological Service, and so forth [33]. Ensemble learning also acts as an im-
portant technique in machine learning. It utilises several classifiers and optimises the
output of the base classifiers separately. While it does not always work optimally, a
technique with various classifiers produces a stronger outcome than a single classifier.
Choosing a particular collection of laws, including the plurality vote strategy, aids in

scrutinising the possibility of producing bad outcomes from a single model.

Any of the three methods widely used to integrate various machine learning models to

combine the models into one predictive model are as follows:

1. Bagging: It is based on bootstrapping. In this approach, multiple models are cre-
ated by using the random sub-samples of the training data and integrating multiple
homogenous models, i.e. the models that are all of the same kind. A sample is ran-
domly produced and then pulled to create a new sample. Decreasing the scale of
the data used in a predictive model decreases the uncertainty in the expected result.
When decision trees, neural networks, etc., are unpredictable, minor variations in

the training dataset will influence how the classifier performs.

2. Boosting: Boosting is an iterative procedure that guarantees a weight is modified
after each observation is classified. If an observation was wrongly categorised in a
certain field, it seeks to raise this observation’s degree of significance. The method
boosts poor or untrained models to stronger and better predictive models. In this
method, an ensemble of models is developed using subsets of the training data
and their mixture results in an average model. However, unlike the bagging that
happened, the sub-samples were not uniformly dispersed. The next sub-sample

generation depends on the previous models’ results, i.e. it includes the records
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misclassified by the previous model. The training data sub-sample generates a
set of average value models, and then merge them using a particular cost feature
like majority voting to improve further models. The biggest benefit of boosting is
to increase accuracy. An example of an ensemble technique using this method is
AdaBoost.

3. Stacking: In this technique, many process are clustered to get desired outcomes.
The combining process is unique because the output of a classifier of Level (N-1)
would be compared with the output of Level N’s classifiers to approximate the goal
function. Either prejudice or variance error is minimised when mixing learners are

being used.

1.4.2 Scalable Machine Learning Methods

Machine learning relates to the usage of machines to learn from past or current results.
The usage of machine learning algorithms to capture and gather data has driven its
popularity in science and business applications. According to the Digital Universe report,
the world’s data by 2020 would be ten times greater than in 2013. That would be 44
zettabytes or 44 trillion gigabytes. To this degree, there is no one entity struggling with
data; numerous organisations often produce data that is too large to be analysed easily
through traditional techniques. With the growing amount of data, the machine learning
group must learn from large data and how best to analyse and utilise it for applications.
Famous machine learning frameworks like R and Weka were not initially developed to
operate at these kinds of scale. The increased need to process data has caused them to
revisit the architecture of machine learning systems. A successful way of coping with large
data in machine learning is to operate parallel algorithms. Data parallelism is usually
implemented in two ways: either the data is partitioned into more workable bits. Each
subset is calculated separated into smaller chunks to allow concurrent task execution.
Apache Hadoop an open source implementation of most popular Big Data processing
framework MapReduce is helpful in solving scalability problem by offering distributed
storage and processing. The other popular data processing engines for Big Data like
Spark, Flink, Storm and H,O also have the machine learning frameworks for scalable
machine learning. Few of the Big Data machine learning frameworks associated with

these data processing engines are as follow:

1. Mahout: Apache Mahout is an open-source project mainly used for developing
scalable machine learning algorithms that can be used in data mining projects.
Mahout’s core algorithms involve sorting, clustering, and collective filtering, which

are successful for broad data sets. The methods include hardcoded subjects, di-
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mensionality reduction, vectorization, resemblance tests, algebra, and more. One
of Mahout’s biggest cited assets is its versatility. It is noted for providing a large
range of algorithms and successful implementations, but with long and insufficient
runtimes due to the slow MapReduce engine. Mahout’s most cited strengths are
its elasticity, and others have found performance utilising the baseline algorithms.
Mahout 0.10 was launched in summer of 2015, which aims to expand upon previous
models. The update emphasises Samsara’s math setting, with emphasis on linear al-
gebra and statistical operations. The Mahout-Samsara project aims to provide the
consumer with the resources to build their own algorithms, rather than simply offer-
ing pre-written implementations. Several experiments have applied Mahout-based
mathematical learning approaches for functional machine learning. Honeywell [34],
for instance, has its own cloud infrastructure platform where HBase, Mahout, and
other analytics technologies are leveraged. They used Mahout’s Random Forest
and Naive Bayes’ principles and algorithms to forecast auxiliary power unit out-
ages and breakdowns. This system was able to increase the chance of executing
an auto-shutoff by more than three. Using Mahout in the automotive sector pro-
duces strong results. However, it is noteworthy cases of huge data companies like
Mendeley [2], and LinkedIn [35] that, as part of their big data communities, use
their suggestion tools. Overstock substituted a commercial unit, bringing back on

prices by a considerable sum.

. MLIlib: MLIib covers the same set of learning tasks as Mahout does, plus adds
regression models that Mahout does not provide. They validated and published
algorithms for topic modelling and routine pattern mining. Additional knowledge
retrieval techniques require reduction of dimensions, growth characteristics, trans-
formation and simple statistics. In general, MLIlib’s reliance on Spark, streaming
operations and iterative batches, and in-memory computing allow it to run far faster
than Mahout. Zheng and Dagnino [36] noticed that the extension of the existing
algorithm or the writing of a parallel version is relatively straightforward. These
support various algorithms, including Decision Trees, Random Forest, Naive Bayes,
and Logistic Regression. Cluster design algorithms include k-means, Gaussian mix-
ture, and clustering. For online research, algorithms like Linear Regression, Isotonic
Regression, Alternating Least Squares and so forth are used. Streaming Logistic
Regression, Linear Regression, and K-Means Clustering methods are used for online
research. Internet forecasting algorithms can be learned offline from past data and
applied to current streaming data. Internet forecasting algorithms may be known
offline from past data and spread to new streaming data. Building sophisticated

machine learning pipelines will prove difficult at times. In version 1.2, Spark Ma-
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chine Learning, was implemented to resolve these problems, enabling many machine
learning algorithms into one workflow. This kit contains approaches for processing
and optimising algorithm. The pipeline defines a sequence of changes affecting the
dataset. One illustration is studying how to transform a data frame into a format
that provides forecasts and functionality. This package is structured to assist users
in importing data from a source, preliminary function extraction, model training
and assessment. This package is structured to help users import data from an

authority, initial function extraction, model training and evaluation.

. H,0O: This tool is noteworthy for its graphical user interface (GUI), deep learning
applications, and other features. With Java, Python, R, and Scala, programming is
possible with HyO . College students, who are not acquainted with programming,
also use this function. Thanks to the availability of several pre-tuned configurations,
it is easy to set up, needing less learning curve than any other free available solu-
tions. Numerous activities, including sorting, clustering, generalized linear models,
predictive analysis, assemblies, optimization approaches, data preprocessing, and
deep neural networks, are covered by the machine learning assistance offered. Other
algorithms and instruments that conform to the standards and requirements exist,
but are still in the production stages. For incorporation of Spark and MLIib it has
an API called Sparkling water|[2].

. SAMOA: SAMOA started as a project within Yahoo in 2013 and was taken into
the Apache Incubator in 2014. Huge Online Analysis of Scalable Advanced ap-
plies to the study. This software framework can be run locally or on a few stream
processing engines, including Storm, Samza, S4. Using a minimal API, users can
easily write bindings that build new stream processors on top of the SAMOA port
for a generally distributed stream processing engine. SAMOA’s algorithms are de-
scribed as directed, tree-like structures, or as directed graphs [37]. For sorting,
clustering, regression, regular template mining and boosting, bagging, and ensem-
ble forming, established algorithms can be exploited. Several standard protocols
for streaming are usable and a platform for the consumer to write their custom dis-
tributed streaming algorithms [38]. This model is planned for large-scale database
consumers with regular upgrades. Streaming frameworks are commonly utilized in
programmes that aim to discover current patterns, although input happens in real-
time. They have CluStream for cluster forming, and the Vertical Hoeffding Tree
for grouping, which utilizes vertical parallelism on top of the Very Quick Decision
Tree, or Hoeffding Tree. Many streaming classifiers are achieved using a decision

tree. The Adaptive Model Rules Regressor may be achieved by regression on several
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real-world instances. When using DSSFIM, PARMA is included inside the library,
which is focused on DSSFIM [39]. Post-hoc measurement is also possible and helps
one evaluate model consistency either from the beginning or over time. To con-
struct classifiers for a collection of data, Bagging, Adaptive Bagging, and Boosting
are used. An programme named SAMOCT [40]. Additional learning algorithms

are required for the MOA clustering algorithm, which allows using the algorithm in
the SAMOA platform.

1.5 Thesis Organization

Chapter 1: This chapter carries the introductory discussion on the concepts of big data,
big data analytics, and machine learning techniques for data modeling and data analyt-
ics. A brief introduction of several fields producing big data and using data analytics

techniques is also provided in this chapter.

Chapter 2: This chapter presents the exhaustive literature survey on the thesis topic.
It carries a detailed description of the work done, current scenarios, significant data
analytics trends, and machine learning for big data. The chapter covers a detailed study
of work done and advancements in common BDA areas such as cloud computing for BDA,
map-reduce paradigm, and fuzzy-based BDA. Further, this chapter covers the study of

machine learning approaches and platforms for BDA.

Chapter 3: This chapter is a case study on the classification of the type of Human T-cell
Lymphotropic Virus (HTLV), one of the prominent viruses for a life-threatening disease
like adult T-cell leukemia. 64 hybrid machine learning techniques have been proposed for
predicting the type of HTLV from protein sequences of different human viruses (which is
semi-structured data). This chapter describes the proposed techniques, their implemen-
tation details, model evaluation, and comparison. Further, the best predictive technique

out of the proposed techniques is also identified in this work.

Chapter 4:This chapter is a case study on predicting the kinematic viscosity of nano-
lubricants employed in heavy earth-moving vehicles. The historical data of three grades
of lubricants, namely engine oil, gear oil, and hydraulic oil with the composition of AlyO5
andC'eOy nano-particles, has been used in this work. Multi-criteria decision-making
(MCDM) machine learning techniques have been proposed to predict nano-lubricant kine-

matic viscosity in each category.

Chapter 5: This chapter is a case study on searching the exotic particles in particle
physics Big Data generated from the Large Hadron Collider (LHC). The data generated
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is enormous in volume. In this work, a scalable multilevel ensemble (MLE) classification

technique has been proposed for classifying the exotic particles and non-exotic particles

from the massive volume of data. This chapter describes the proposed technique, its

implementation details, model evaluation, and comparison with existing techniques.

Chapter 6: This chapter concludes the thesis and lists the possible future research

directions.

1.6 Thesis Contribution

In this thesis, an attempt has been made to solve the Big Data predictive-analytics

problems using hybrid and ensemble machine learning methods. The main contribution

of the thesis is as follows:

1.

A comprehensive study of current status and trends of machine learning techniques
and platforms for Big Data is carried which includes cloud computing environment
for BDA, the map-reduce paradigm for processing big data, and use of fuzzy logic
in BDA.

. Hybrid machine learning techniques and multilevel ensemble classification tech-

nique have been proposed for semi-structured data and high volume structured
data, respectively. The hybrid ML techniques include feature extraction, unsuper-
vised learning, feature weighting, optimal feature selection, and supervised learning
methods. On the other hand, the multilevel ensemble technique is the combination
of the different classifiers in a multi-tier fashion to improve the process’s overall

efficiency.

Different V’s of Big Data like volume, variety, veracity, and value are considered in
this work. For example, the protein sequences of HTLVs and other human viruses,
semi-structured data, are downloaded from bio-informatics benchmark database
Uniprot. On the other hand, high volume particle physics data of the Large Hadron
Collider (LHC) is downloaded from the UCI machine learning repository.

For evaluating the efficiency of the proposed hybrid ML techniques are implemented
on a case study from bio-informatics domain, i.e., predicting the type of HTLV from

the protein sequences of different human viruses.

The efficiency of the multilevel ensemble classification technique has been evaluated
on the case study from the particle physics domain. The data set involved in testing
the efficiency of this technique is high in volume. A cloud-based platform offered by

Amazon web services (AWS) and Databricks Spark data analytics services is used
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for implementing the technique. This technique’s scalability has been evaluated by

increasing the number of Amazon EC2 instances on the AWS cloud platform.

. Multi-criteria decision-making-based machine learning techniques have been used to
predict the kinematic viscosity of different categories of nano-lubricants employed in
heavy earthmoving machinery. The historical experimental data of nano-lubricants
has been used to build a machine learning-based system that can skip the need
for repeated experimentation to predict the lubricant’s kinematic viscosity with the

particular composition of nano-particles.

. The experimental results obtained for all three works show the efficiency and use-
fulness of the hybrid machine learning techniques, multilevel ensemble classifier,
and MCDM machine learning techniques for bio-informatics, particle physics, and
nano-lubricants domains, respectively. The experimental results for proposed hy-
brid techniques have shown their usefulness in assisting the traditional confirma-
tory test for adult T-cell leukemia. On the contrary, the MLE classifier has efficient
scalability, greater accuracy, and fast processing in dealing with a high LHC data
volume. Simultaneously, MCDM machine learning techniques are the first state of
artwork to predict nano-lubricants’ kinematic viscosity from historical experimental

data generated.
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Chapter 2

Literature Review

This Section reviews the research work of various researchers in big data analytics and
machine learning. Various essential research contributions in the field of machine learning,

ensemble and hybrid machine learning are presented in detail.

2.1 Big Data Analytics

When learning from data is involved, Big Data has been one of the emerging topics
and has attracted tremendous interest from academics in knowledge sciences, policy, and
decision-makers in governments and companies[41]. It is one of Gartner’s present and
potential study frontiers in the top 10 strategic technology developments for 2013 and
the top 10 essential technology trends for the next five years [8]. The various researchers
have given different definitions for Big Data from 3V’s to 7 V’s [42]. They presented
various problems when discussing Big Data concerns in data collection, storage, security,

retrieval, interpretation and visualisation [43].

While some of the researchers identified that the current hardware and software platforms
are incapable of handling Big Data due to its huge size and diversified data sources, [13]
[41]. They demand some technological change in current hardware and software stacks
for efficiently dealing with Big Data problems [44] [45]. On the other side, several scholars
say that cloud infrastructures are a powerful option for computing and processing large

data applications [44].

In contrast to this, few authors have addressed the variety of challenges for processing Big
Data in cloud computing environments, such as suitability of cloud platform for current
Big Data analytics tools, transfer of massive data on cloud infrastructure, data security,
and legal issues [13] [46]. Then some authors have given the survey on different tools
and techniques being developed and implemented on Big Data applications and their
advantages, and limitations [1]. They have discussed the popular MapReduce paradigm

and its open-source implementation Hadoop.

While some authors have criticized MapReduce as it is an index and schema-free [47].

Others have addressed that Hadoop is suitable for batch analysis applications while it
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is not much efficient for stream analysis and interactive analysis applications [1]. Some
authors have done optimization on MapReduce and Hadoop to achieve better efficiency,
which is purely domain-specific [44]. Some authors have identified that a cloud IoT

environment is more suitable for Big Data applications.

However, some authors have identified that classic artificial-intelligence (AI) techniques
like machine learning algorithms and artificial neural networks (ANNSs) consume large
memory and time to perform common statistical operations like classification, clustering,
and regression when it comes to large-scale datasets [48]. They identified the need to
scale up traditional machine learning algorithms [49] and implement parallel artificial
neural networks. With the idea of implementing parallel ANNs, they have also identified
the limitations of large memory consumption and training time. Some authors have con-
cluded that Fuzzy and Big Data clustering techniques are more efficient than traditional
clustering methods and even better if merged [50] [51]. The following sub-sections address
studies in the field of Big Data Analytics.:

2.1.1 Cloud based BDA

Assuncao et al. [52] discussed Cloud analysis methods and environments for Large Data
systems across four main fields of analysis and Big Data, including data processing and
design help, model creation and scoring, simulation and user engagement, and finally
market models. They also listed emerging technological challenges and proposed possible
directions for cloud-based Big Data storage and analytics technologies. Domenico et
al. [53] identified cloud computing infrastructure is efficient for the computational and
storage needs of Big Data Analytics. They have also discussed cloud services’ suitability,
such as laaS, SaaS, and PaaS, for easy and timely Big Data Analytics and storage.
Inukollu et al.[46] discussed security concerns relevant to Big Data in cloud computing.
Various security loops linked to the MapReduce paradigm and Hadoop are also described.

Possible solutions for handling those security breaches have been proposed.

Ji et al. [44] addressed the critical issues regarding Big Data management and processing
in a cloud environment, cloud infrastructure platform, software architecture, cloud stor-
age, and online database schemes, for example. Architecture of Big Data Processing Sys-
tems from the Distributed File System, Unstructured and Semi-Structured Data Storage
and Open Source Cloud Technologies is explored and given a summary of many optimiza-

tions of the MapReduce programming model for large-scale distributed systems.

Agrawal et al. [54], and others have described many obstacles to the effectiveness of data

management systems in the Cloud. Design issues for designing and integrating modern
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technologies for a seamless transfer of software from conventional business architecture to
next-generation cloud infrastructure are addressed. Hashem et al. [55] reviewed the rise
of Big Data in cloud computing. The authors have discussed the relationship between
Big Data, cloud computing, data storage and Hadoop. The research challenges are based
on the size, affordability, consistency, credibility, transformation, and heterogeneity of
the data are also investigated. Chang et al. [56] have demonstrated that the Big Data
framework implemented for biomedical sciences was quicker on Cloud relative to non-
Cloud systems. Previous research determined that network latency, file size, and job
failures would affect efficiency, so the tests were carried out to explore their consequences.
Organizational Sustainability Modelling (OSM) is used for proper comparisons, with
targets in mind. OSM provides the current and predicted results and reveals the variations

between the Cloud and non Cloud settings.

2.1.2 MapReduce paradigm for BDA

Dean et al. [57] authored an article on the MapReduce programming model’s context
and how it is integrated into a cluster-based infrastructure. A discussion of MapReduce’s
output on various tasks is provided. The usage of Google’s MapReduce has also been
discussed. Lee et al. [47] published a survey on the MapReduce system’s specifics,
including the framework’s respective design. The MapReduce system’s advantages and
drawbacks are addressed, and practical solutions for its output tuning are given. Ranger
et al. [58] created an API and a runtime for MapReduce called Phoenix, which ran on
shared memory systems. Its performance potentials and error recovery features were
tested on multi-core and symmetric multiprocessor systems. Yang et al. [58], suggested
a new model based on MapReduce called Map-Reduce-Merge that introduces a merge
step after reducing phases that integrates two reduced outputs from two different MR
jobs into one, which can effectively merge data that is already portioned and sorted by
the MapReduce modules. As proposed by Nykiel et al. [59], a distribution method with
MapReduce named MRshare converts a batch of queries into a new set that can be done

more efficiently by grouping workers into groups and analysing each category as a single

query.

Dittrich et al. [60] proposed a new variant of Hadoop called Hadoop++ by injecting
their new technologies via UDFs in Hadoop without modifying Hadoop. Their findings
indicate the dominance of their method on indexing and manipulating joint tasks. Wang
et al. [61] suggested a MapReduce-based approach called MapDup-Reduce that can
identify close duplicates through broad datasets. Cordeiro et al. [62] suggested the Best
of All Worlds (BoB) clustering approach for multidimensional datasets, which is a hard
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clustering method that enables the automated and complicated trade-off between disc
latency and network delay. Zhou et al. [63] suggest a parallel MapReduce dependent K-
mean algorithm. The algorithm runs on Hadoop, and it is more efficient and reliable in
large-scale automated text classification. Li et al. [64] has suggested an efficient K-mean
algorithm utilising ensemble learning process bagging and distributed computing system

MapReduce as an alternate solution to cluster databases.

Collins et al. [65] carried the SWOT analysis of Big Data Analytics in domains like health
economics, epidemiology and public health. O’Driscoll et al. [66] provided an overview
of the use of Big Data technology, especially Hadoop and cloud computing in biology’s
Big Data set (genomic data sets), constitutes data warehouses in petabytes exabytes.
Gani et al. [67] has provided the taxonomy of indexing techniques for extracting and
handling Big Data and categorised indexing techniques based on their approaches, such
as non-artificial intelligence, artificial intelligence, and collective synthetic intelligence
indexing methods. The study evaluates the importance of various styles and addresses
the efficiency drawbacks and advantages of each methodology. Gandomi et al. [11]
proposed that an effective and efficient analytics approach is required to process the
large amounts of heterogeneous unstructured datasets and pointed out the need to create
computationally efficient algorithms for heterogeneous, noisy, and vast structured data
to prevent Big Data pitfalls. Mohamed et al. [68] introduced real-time analytics and its
opportunities in areas such as relief operations, battlefield strategies, decision making,

and financial operations.

2.2 Machine Learning trends for Big Data

Machine learning approaches are recorded to outperform most of the physical and com-
putational methods in predictive modelling in terms of precision, robustness, ambiguity
analysis, data performance, simplicity, and computation expense [69] [70]. Machine learn-
ing techniques have achieved tremendous traction in the last few years with implementa-
tions in a large variety of fields. Any of the most popular machine learning approaches
include artificial neural networks, decision trees, support vector machines, Bayesians,
neuro-fuzzy and wavelet neural networks. Neural network strategies and fuzzy propo-
sitional networks have been developed as a single intelligent algorithm [71]. The ML
approaches are continually changing to more efficient simulation methods. The hybrid
and ensemble approach also outperform single machine learning algorithms. Ensem-
ble and hybrid machine learning techniques are the two most widely employed machine
learning strategies. The prospect of ML rests in the development of novel ensemble and

hybrid computing strategies. This segment covers the literature of recent developments
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in machine learning, including many innovative implementations.

Ensemble approaches and hybrids are outperforming their single machine learning pre-
decessors with their precision and reliability. One method consists of combining the
hybridization of machine learning techniques with two or more ML techniques or/and
another soft computation, heuristic and meta-heuristic techniques, eventually contribut-
ing to a more robust final process. On the other side, where the ensemble aims to build
the classifier using bagging, boosting or stacking, this contributes to more than one clas-
sifier being trained. This hybrid and ensemble frameworks will result in improved ML
models in the future. Some of these high performing ensemble and hybrid techniques are

discussed in this literature.

2.2.1 Fuzzy based machine learning algorithms for BDA

Fernandez et al. [72] discussed problems relating to disseminating data and parallelizing
existing algorithms, and their association with data classification and representation. A
detailed review of the critical frameworks on the subject and how they apply to fuzzy
sets have been presented. Ayed et al. [50] briefly listed k-means algorithm, agglomerative
clustering process, fuzzy clustering process, and Big Data clustering methods, and also
explored an idea to create a scalable and noise responsive Big Data clustering framework.
Ludwig [73] has built a parallelized variant of the fuzzy C-means algorithm and illustrated
the implementation of the map and reduce primitives. A study of validity, scalability, and
efficiency is performed to demonstrate the project’s consistency and effectiveness in large
numbers. Garg et al. [74] evaluated performance of fuzzy k-means clustering algorithms
in MapReduce for separate datasets. They implemented fuzzy K-means algorithm on a
Hadoop cluster developed on the AWS server (EC2) to evaluate performance for various
datasets work. Ananthi et al. [75] has implemented a modern form of clustering algorithm
by reducing the time complexity and errors by the use of interval-valued intuitionistic
fuzzy sets. The approach’s usefulness is shown by contrasting it with other algorithms like
intuitionistic fuzzy C-means, fuzzy C-means type-2, and the K-means and fuzzy C-means
algorithms. Wang et al. [76] have suggested a clustering approach in which fuzzy data
are used to describe linguistic data. Then a fuzzy-compatible relation is constructed to
reflect the relationship between two linguistic data. Finally, a fuzzy equivalence relation
is extracted from the consistent fuzzy link, as the max-min operation. The linguistic
data sequences belonging to the fuzzy equivalence relation were conveniently grouped

into clusters.

Lopez et al. [77] suggest a linguistic ambiguous rule-based classification scheme that
further utilises the Chi-FRBC-BigDataCS algorithm on top of the MapReduce paradigm
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to fix imbalanced Big Data. Using the MapReduce structure, this approach spreads the
fuzzy model’s data operations and integrates cost-sensitive learning strategies to over-
come the variance in the data. After discussing the definition and computational models,
Mukkamala et al. [78] outlined a formal model focused on fuzzy set theory, and then
provided the organisational semantics of the particular framework with a Facebook il-
lustration of social data in the real world. The Social Data Analytics Tool (SODATO),
which is mostly used to collect social data from the Facebook wall of a premium brand,
H&M. Briefly examined the Social Data Analytics Tool (SODATO) and conducted a sen-
timent classification of comments and posts and then evaluated the type by creating crisp
and fuzzy artefact sets (posts, comments, likes, and shares). Eventually, they discussed
the analytical process and concluded the advantages of set-theoretical methods focused

on associational sociology’s social, conceptual methodology.

2.2.2 Ensemble machine learning algorithms for BDA

The Ensemble methodology is used to improve the precision of the model’s predicted
values by integrating multiple ML algorithms. Researchers around the world are imple-
menting innovative, adaptive machine learning for prediction and analytics. Dietterich
et al. [79] methodologies like ensemble methods like Adaboost and Random Forest were
used. It is discovered that ensemble approaches are more efficient than single classifiers in
accuracy. Street et al. [80] revealed an algorithm to identify streaming data in real-time.
Similar block of data is used with different classifiers to boost accuracy. Feng et al. [81]
developed an algorithm based on Online Accuracy Updated Emsemle (OAUE) to pro-
cess big data sets. The solution tackles the problem of short drift in large data sources.
Krawczyk et al. [82] suggested an integration-based nearest neighbour rule-based ensem-
ble approach for implementing analytics on large datasets. Classifiers performance were
incorporated via majority voting to speed up the computation. Jia et al. [83] developed
a gender classifier utilizing four million face photographs and more than 60,000 facial
features. Combining different classifications was used to enhance the precision of facial

recognition.

Haque et al. [84] established a multi-tiered ensemble-based approach to manage large
amounts when classifying the significant data sources. Three comprehensive Adaboost
experiments were conducted with Map Reduce-based processing to achieve scalability
and speed up the data analysis technique. Pui et al. [85] proposed a space vector
machine algorithm that uses SVMs to distinguish extensive data sets. The findings
revealed that greater precision of high-dimensional data could be obtained by integrating

several classifiers to make an ensemble. Cuzzocrea et al. [86] have proposed an ensemble
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classifier system for addressing big data workload classification and categorization issues
in the cloud. The system is used to assign workload and forecast the workload for
the next period. Ensemble Extreme Learning machine (ELM) proposed by Wang et
al. [87] registered an improvement in training pace of up to 4.6 times and a decrease
in test errors by 19%. Diversity among various classifiers is essential to the ensemble
building process and has become the focal point for numerous studies. Several different
ensemble integration types have been suggested, but no one method is yet defined to
be the strongest. Various methods utilized in preserving the biological diversity of the
ensemble have been analyzed in this presentation. The ensemble approach allows for
several classifiers to be combined tactfully. The homogeneous ensemble combines multiple
classifiers on the same training dataset, while heterogeneous ensemble utilizes a single

learning system using different sub-samples of training results.

Gorcezyca [88] modelled a Trauma Intensity Risk Estimation using Ensemble Machine
Learning. The research contrasted the methodology of this analysis with the Harbor
View Assessment in terms of precision, F-score ratings, mortality risk, the Bayesian
Logistic Injury Severity Score, and the Trauma Mortality Prediction Model. The sug-
gested Ensemble Approach may have yielded stronger outcomes than the currently chosen
framework. Results have shown that trauma has a dramatic effect on the likelihood of
this undertaking. Wang et al. [89] built a decision tree model set to forecast customer
turnover and engagement with search ads in the presence of dynamic and static features.
They used the Bing Ads dataset to ensure our established advertisement processes. The
findings have been positive and have been able to tackle the challenge of excellent sus-
tainability. Naghibi et al. [90] has created a rotational forest with decision trees as
an ensemble approach based on evidence-based belief mechanism and tree-based models
(EBFTM) to create possible groundwater maps. None of the methods used in the En-
semble Approach is considered to be considerably greater than each other in terms of the
operating characteristics and the region under the curve. The highest result was reached

using the EBFTM ensemble and random forest classifiers.

Ali and Prasad [91] built a novel ensemble mode decomposition method with adap-
tive noise combined with intense learning machines to accurately predict the signifi-
cant wave height. Several assessments were carried out under the suggested framework,
ICEEMDAN-OSELM and ICEEMDANRF, with an adaptive ensemble empiric mode de-
composition (Ensemble EM) method and random tree. The suggested ICEEMDAN-ELM
approach produced the greatest performance, with the greatest accuracy and the most
improved sustainability, according to other approaches. Yamanaka et al. [92] designed

a new range of method based on data assimilation-Kalman filter to estimate microstruc-
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ture estimation using three-dimensional multi-phase field as device state variables. The
proposed approach would improve the accuracy of the model and strengthen its ability
to predict the parameters of the system by using all training data. Yadav and Pal [93]
established a novel Bagging-Boosting method to estimating women’s thyroid gland in the
presence of root mean square error mean absolute error relative to decision tree overfitting
and neural network. (The DTEFNN). The booster bag kit model was around 65% more
reliable than the DTFNN model, based on the performance. In brief, the productivity of
higher precision and longer lifespans, accompanied by greater commitment to detail and
attention to detail, can contribute to the adoption of collaborative protocols by various

decision makers.

2.2.3 Hybrid machine learning algorithms for BDA

Generally, a hybrid approach integrates the projections from one variable to maximize
the second component’s coefficient. Hybrid techniques give the benefit of utilizing two
or three methods of processing, thus improving performance. These approaches are gain-
ing greater prominence owing to the possibilities they bring. Hu et al. [94] developed
the ARIMA-WNN approach for evaluating traffic flow using an application of advanced
hybrid machine learning technologies and wavelet neural network with an autoregressive
integrated moving average using a fuzzy method. The evolved computing approach has
been contrasted with the single type of each contributing mechanism in absolute per-
centage error, and root means square error. Results showed an improvement of about
60-70% in the hybrid approach’s accuracy over single methods. A novel hybrid system for
wind power calculation and optimization was proposed by Du et al. [95]. The process re-
quired an optimized empirical ensemble of adaptive noise technology to remove the noise,
then a wavelet neural network to take the highest precision measurement. The results
were compared using a standard deviation percentage error. The use of a hybrid method
boosts the accuracy of the prediction and optimization process based on the algorithm’s

output.

A novel hybrid algorithm focused on attribute and classifier choices was proposed by
Zhang et al. [96] solved the credit scoring dilemma, using the classifier ensemble and a
sophisticated multi-population niche genetic algorithm. The proposed method increased
overall precision of the calculation. The studies were conducted, and quantitative results
were drawn. The proposed hybrid solution successfully provided complex estimation and
optimization approaches over the single methods base on the data. To test landslide
susceptibility, Pham and Prakash [97] developed a novel bagging-based Naive Bayes tree.

The proposed hybrid method was correlated with single approaches; such as utilizing
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SVMs in terms of the area under the curve and statistical indices. The suggested hybrid
BAGNBT strategy contributed to more accurate calculations of landslide susceptibility,
which could be implemented as the most robust alternative paradigm for measuring

landslide susceptibility across single approaches.

A novel algorithm to boost power load forecasting has been developed by Wu et al. [98].
Sophisticated integration of ensemble empirical mode decomposition was employed in
the proposed method. The hybrid approach was contrasted with the other two models in
terms of root mean square error, mean absolute error and mean absolute percentage error.
The alternative suggested is more effective and more reliable than the criteria based on the
findings. A hybrid HybPAS, established by Albalawi et al. [99], includes integrating linear
regression-deep neural network models to estimate ply(a) signals in DNA in the presence
of sequence-based characteristics and signal processing-based statistics as inputs taken.
The hybrid solution was effective at improving precision and performance by 30.29%.
Due to their high potential and ability to enhance estimate and optimize performance,

hybrid approaches are expanding, and are becoming popular.

The ensemble and hybrid models are the latest and updated versions of machine learning
algorithms. They consistently do better than any of the traditional machine learning
models. Bagging and boosting strategies are the most common for constructing ensem-
bles. On the other hand, hybrid models are created through combination of machine

learning algorithms with heuristic, meta-heuristic, and soft computing techniques.

2.3 Research Gaps and Problem Formulation

This section presents the research gaps, problem statement and the research objec-

tives.

2.3.1 Research Gaps

The various research gaps identified after exhaustive literature review are as follows:

1. Accessibility of Big Data is on top priority for knowledge discovery process therefore
there is a need to break the restraint of CPU-heavy and I/O-poor fully or partially
for easy and quick data analysis. The under-developing storage technologies, such
as Solid state drives (SSD) and Phase change memories (PCM) can temporarily
alleviate the difficulties but they are not the permanent solutions [1].

2. The other important issue is regarding data staging which is related to the heteroge-

neous nature of data. Data gathered from different sources do not have a structured
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format. Transforming and cleaning such unstructured data before loading it into
the warehouse for analysis is a challenging task [55]. Efforts have been exerted to
simplify the transformation process by adopting technologies such as Hadoop and
MapReduce to support the distributed processing of unstructured data formats.
However, MapReduce lacks some of the features that have proven paramount to
data analysis in DBMS which are as follow [47]:

e MapReduce does not support any high-level language (like SQL in DBMS)
and query optimization technique.

e MapReduce is schema-free and index-free and therefore MapReduce job re-
quires parsing each item at reading input and transform it into data objects
for data processing, causing performance degradation.

e MapReduce provides the ease of use with a simple abstraction, but in a fixed
dataflow. Therefore, many complex algorithms are hard to implement with
MapReduce.

e With fault-tolerance and scalability as its primary goals, MapReduce opera-
tions are not always optimized for I/O efficiency.

. To accelerate the analysis of large-scale datasets various algorithms have been de-
veloped to cope up with the increasing volume of data but it is still necessary to
develop sampling, on-line and multi-resolution analysis methods to produce timely
results [1].

. For Big Data applications, it is difficult to conduct data visualization because of
large and high dimension datasets and state of the art data visualization tools
mostly lack performance in functionalities, scalability and response time. So it is
necessary to rethink the way to visualize Big Data [65].

. Big Data mining is more challenging compared with traditional machine learning
algorithms. For an instance if clustering techniques are taken into consideration,
natural way of clustering Big Data is to extend existing methods (such as hier-
archical clustering, K-Mean, and density based clustering) so that they can cope
with the huge workloads. But most of these extensions usually rely on analyzing a
certain amount of samples of Big Data, and vary in how the sample- based results
are used to derive a partition for the overall data, and so on [51].

. Machine learning algorithms which are used in classification and regression prob-
lems, suffers from serious scalability problem in both memory use and computa-
tion time. Similarly, there are many scale machine learning algorithms but several
important specific sub-fields in large-scale machine learning, such as large-scale
recommender systems, natural language processing, association rule learning and

ensemble learning face scalability problems [49].
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7. The learning process in Artificial Neural Networks (ANNs) over Big Data is severely
time and memory consuming. Neural processing of large-scale data sets often leads
to very large networks which leads to the degraded performance of conventional

training algorithms, high training time and memory limitations [48].

2.3.2 Problem Statement

Big Data has become one of the emergent topics when learning from data is involved. The
exponential growth of data has directed the attention towards the obtaining of effective
models that are able to analyze and extract knowledge from these huge data sources.
Based on research gap number five it is seen that the vast amount of data, the variety of
the sources and the need for an immediate intelligent response pose a critical challenge to
traditional machine learning algorithms. According to research gap number six when Big
Data is concerned then there is a need to scale up traditional machine learning algorithms.
Hybrid and ensemble machine learning methods can give better results than traditional
methods by using them on top of popular Big Data paradigm like MapReduce. They
have to be used when classical methods fail to meet appropriate scalability and efficiency
because these ensemble and hybrid methods have more complex implementation and use

require more computational resources.

2.3.3 Research Objectives

The following research objectives are formulated:

1. To study and analyze existing techniques for Big Data Analytics in data mining
and optimization on traditional classification and clustering algorithms.

2. To propose an efficient machine learning technique for Big Data Analytics on struc-
tured and semi-structured data.

3. To develop the proposed technique and apply it on a suitable application.

4. To evaluate the efficiency of the proposed technique for structured and semi-structured

data of high volume.
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Chapter 3

Hybrid machine learning models for predict-

ing types of Human T-cell Lymphotropic Virus

Life threatening diseases like adult T-cell leukemia, neurodegenerative diseases, demyeli-
nating diseases such as HTLV-1 based myelopathy /tropical spastic paraparesis (HAM /TSP),
hypocalcaemia, and bone lesions are caused by group of human retrovirus known as Hu-
man T-cell Lymphotropic virus (HTLV). Out of the four different types of HTLVs, HTLV-
1 is most prominent in scourging over 20 million people around the world and still not
much effort has been made in understanding the epidemiology and controlling the preva-
lence of this virus. This condition further worsens when most of the infected cases remain
asymptomatic throughout their lifetime due to the limited diagnostic methods; that are
most of the times unavailable for timely detection of infected individuals. Moreover at
present there is no licensed vaccination for HTLV-1 infection. Therefore there is a need
to develop the faster and efficient diagnostic method for the detection of HTLV-1.

Influenced from the outcomes of the machine learning techniques in the field of bio-
informatics, this is the first study in which 64 hybrid machine learning techniques have
been proposed for the prediction of different type of HTLVs (HTLV-1, HTLV-2 and
HTLV-3). The hybrid techniques are build by permutation and combination of four
classification methods, four feature weighting and four feature selection techniques. The
proposed hybrid models when evaluated on the basis of various model evaluation parame-
ters are found to be capable of efficiently predicting the type of HTLVs. The best hybrid
model has been identified of having accuracy, AUROC value and F1 score of 99.85%,
0.99 and 0.99 respectively. This kind of the system can assist the current diagnostic sys-
tem for the detection of HTLV-1 as after the molecular diagnostics of HTLV by various
screening tests like enzyme-linked immunoassay or particle agglutination assays there is
always a need of confirmatory tests like western blotting, immuno-fluorescence assay or
radio-immuno-precipitation assay for distinguishing HTLV-1 from HTLV-2. These confir-

matory tests are indeed very complex analytical techniques involving various steps.

The proposed hybrid techniques can be used to support and verify the results of con-

firmatory test from the protein mixture. Furthermore, better insights about the virus
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can be obtained by exploring the physicochemical properties of the protein sequences of

HTLVs.

3.1 Introduction

Human T-cell lymphotropic virus (HTLV-1) falls in the category of retroviruses and was
first identified in 1980 in the T-cell line derived from a patient diagnosed with cutaneous
T-cell lymphoma [100]. Soon after the discovery, HTLV-1 was found to be identical with
adult T-cell leukemia virus (ATLV) at sequence level [101]. A second category of the
human retrovirus identified after the discovery of HTLV-1 was designated as HTLV-2. It
was found to have resemblance in genome structure and about 70% similar nucleotide
sequence homology to HTLV-1 [102]. Later in the year 2005 the other related viruses
with HTLV-1, were reported in central Africa as HTLV-3 and HTLV-4 [103]. However,
currently only HTLV-1 is found to be linked with human diseases. Globally approximately
20 million people are estimated to be infected with this oncogenic retrovirus HTLV-1,

but still its epidemiology is not properly understood [104].

The three main routes for the transmission of HTLV-1 are mother to child transmis-
sion(primarily via breast feeding), parenteral transmission (through contaminated blood
transfusion or by sharing infected needles) and sexual transmission (male to female)[105].
However, all the transmission modes of HTLV-1 carries a vast similarity with transmis-
sion modes of human immunodeficiency virus (HIV-1), yet a very little effort has been
made to prevent or reduce its transmission. Furthermore, the infected person has a high
risk for adult T-cell leukemia (ATL), development of rapidly progressive malignancy,
myelopathy /tropical spastic paraparesis (HAM/TSP), debilitating and sometimes fatal
neurologic condition [106, 107].

In the family of retrovirus HTLV-1 falls in the sub-category of deltaretroviruses, which
also includes other viruses like bovine leukemia virus, simian T-cell leukemia virus (STLV)
and HTLV-2. Like HTLV-1, bovine leukemia virus and STLV also causes lymphoid ma-
lignancies in the host. The studies suggest that HTLV and STLV might have originated
from the common ancestors as they carries a similar molecular, virological and epidemio-
logical features and for this reason they are designated as primate T-cell leukemia viruses
(PTLVs) [108][109].

As per the geographic distribution; southwestern Japan, sub-Saharan Africa, few regions
of Central and South America and Caribbean islands are the areas of highest prevalence
of HTLV-1 [105]. Since there are various screening tests for HTLV-1 the estimation of

it’s prevalence is purely based on the serological screening method used in a particular
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region that might underestimate it’s prevalence in the population. The commonly used
screening methods for HTLV-1 includes enzyme-linked immunoassay (EIA) or particle
agglutination (PA) assays. EIA’s are helpful in joint testing of HTLV-1 and HTLV-2.
After that the confirmatory test is required for differentiating HTLV-1 and HTLV-2. On
the other hand PA assays test is only for the screening of HTLV-1. The most commonly
used confirmatory tets are immuno-fluorescence assay (IFA), western blotting (WB), or
radio-immuno-precipitation assay (RIPA) [110]. Further the studies have also shown
the uncertainty in the results of the confirmatory tests which may be due to various
reasons like the window period, an unspecific antigen (viral)- serum (patient’s) reaction
or presence of a viral variant. So the screening and treatment of HTLV-1 induced diseases
is still unsatisfactory [108, 111]. To overcome this situation, in the year 2014 the Global
Virus Network (GVN) launched a taskforce for promoting basic research on HTLV-1, to
develop novel methods for HTLV-1 prevention and treatment and to recommend new

public health measures [104].

Moreover, the recent technologies like artificial intelligence and machine learning have
shown quite a good efficiency in several areas of molecular biology and bio-informatics
like drug toxicity prediction, antibody classification, fusion peptide prediction etc. Wu
et al. [112] have developed a sequence-based fusion peptide (FP) model. In this hidden
markov method is combined with similarity comparison to predict new putative FPs.
The developed method have attained the classification accuracies of 91.97% and 92.31%

corresponding to 10-fold and leave-one-out cross-validation, respectively.

Moreover, the model has discovered 53,946 np-FPs after scanning sequences without FP
annotations. Mei et al. [113] proposed the negative data sampling method based on
one-class SVM to predict proteome-wide protein interactions between HTLV retrovirus
and Homo sapiens. The computational results of the proposed shows its suitability for
negative data sampling over two-class protein-protein interaction (PPI) predictor. Fur-
thermore, valuable insight regarding pathogenesis of HTLV retrovirus has also been ob-
tained after conducting the gene ontology based clustering of the predicted PPI networks.
Huang et al. [114] have combined least square regression (LSR) technique with several
feature vectorization techniques namely auto covariance (AC), conjoint triad (CT), local
descriptor (LD), moran autocorrelation (MA) and normalized moreaubroto autocorrela-
tion (NMB).

The combination of least square regression with these feature vectorization techniques
resulted in five different techniques which are collectively abbreviated as LSR+ (i.e.
LSRAC, LSRCT, LSRLD, LSRMA and LSRNMB) in the work. Further, in this work au-
thors have combined LSR+ techniques support vector machine (SVM) to predict protein-
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protein interactions (PPI) and PPI networks. The proposed technique when applied
on four datasets namely Saaccharomyces cerevisiae, Escherichia coli, Homo sapiens and
Caenorhabditis elegans showed the better efficiency with respect to existing algorithms.
Wang et al. [115] have developed a web service for KAT-specific acetylation site predic-
tion. This work is the extension of their previous work in which the authors have provided
the online tool and R package for the method of their previous study. Apart from this
other useful services such as the integration of protein—protein interaction information
to enhance prediction accuracy are also included in the web server. Zheng et al. [116]
have used the penalized matrix decomposition (PMD) for extracting metasamples for
clustering for gene expression data. The proposed method outperforms the conventional
methods such as hierarchical clustering (HC), self-organizing maps (SOM), affinity prop-
agation (AP) and nonnegative matrix factorization (NMF) to identify the samples with

complex classes.

Mota et al. [117] assessed the molecular diversity of gp21 and HBZ proteins in TSP/HAM
and healthy carriers. The molecular analysis of DNA samples of the individuals infected
with HTLV-1 were performed using bioinformatics tools after its polymerase chain reac-
tion (PCR) and sequencing. Yu et al. [118] have proposed normalized feature vectors -
adjacent amino acids (NFV-AAA) approach based on singular value decomposition (SVD)
method of the matrix for analyzing the similarity between different protein sequences.
The authors claim that the proposed technique efficiently analyzes the similarity between

the protein sequences of nine ND5 proteins with correlation of upto 99.70%.

Khanna et al. [119] developed a multilevel ensemble model for the prediction of IgA and
IgG from fixed and variable length epitopes. Hooda et al. [120] developed an ensem-
ble framework named as Better Balanced Feature Selection Ensemble (B*FSE) for the
classification of drug toxicity molecules. The developed framework is capable of handling
imbalanced and high dimensional complex data. Motivated from the initiative of GVN
and effectiveness of the machine learning techniques in the filed of molecular biology and
bioinformatics an effort has been made in this direction to detect HTLV-1 using machine
learning techniques. Here the multiple hybrid machine learning approaches have been
proposed. The proposed techniques are capable of efficiently predicting and classifying
HTLV efficiently. They can be helpful in the development of faster and efficient screening
methods, identification of better antigens for detecting the type of HTLV antibodies. Fur-
thermore in the development of novel therapeutic vaccines and drugs for the treatment

of the infected individuals.

Further this paper also include the hasty overview of the dataset and its features, fea-

ture extraction, feature weighting and feature selection techniques, that are presented in
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Table 3.1: Illustration of physicochemical features used for peptides

Feature Category | Information Category Count
Fy Aliphatic Index [123] 1
Fy Boman Index [124] 1
Fs Insta Index [125] 1
Fy Homent Index [126] 2
Fs Molecular Weight [127] 2
Fe Peptide Charge [128] 45
F; Hydrophobicity for 44 scales [129] [130] 44
Fg Iso Electric Point at 9 pKscale [128] 9
Fy Kidera Factors [131] 10
Fio aaComp [132] 18
Fi1 aaDescriptors: Mean, SD, Var [133] [131] 159

Section 5.2. In Section 3.3 methodology used for the proposed technique is explained.
Model evaluation parameters are discussed in Section 3.4. Section 3.5 describes the result
analysis and comparison of hybrid techniques proposed in this work. Section 3.6 includes
the discussion about the efficiency of the proposed (best) technique and its relevant use
in the field of medical sciences. Finally the outcome of the work is concluded in Section
5.5.

3.2 Methods and Materials

In this section the brief description of the dataset used and its features; feature extrac-
tion technique; labelling of the data using clustering technique and finally the feature

importance techniques is provided.

3.2.1 Data set and its features

The dataset consisting of protein sequences of HTLVs (HTLV-1, HTLV-2 and HTLV-3);
their similar proteins and protein sequences of random viruses other than HTLV (which
includes Hepatitis B, Hepatitis C, human Rotavirus A and Banna virus) are downloaded
in the fasta format from freely accessible protein sequence database UniProt [121] [122].
This resulted in the generation of four different fasta files as per for HTLV-1, HTLV-2,
HTLV-3 with their respective similar proteins and protein sequences of viruses other than

HTLV. Table 3.1 shows the physiochemical properties used in the study.

However, the protein sequences of HTLV-1, HTLV-2 and HTLV-3 are 60-80% homolo-
gous at amino acid level but they differ in their N-terminal and C-terminal parts of the

sequence. Also the length of protein sequences varies in different HTLV sequences. As
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Table 3.2: Glimpse of data of extracted features

F. F, |Fo |Fq | — | Fxa | Fxe | Fir | Fig
1709 | 3.77 | 3.12 | 0.51 | —— | 0.17 | 0.31 | 0.21 | 0.32
16.25 | 3.61 | 3.57 | 0.71 | —— [ 0.21 | 0.31 | 0.25 | 0.35
1861 | 3.35 212 | 048 | —— | 0.12 ] 0.23 | 0.16 | 0.43
2841 1436|431 069 | ——|0.25]0.21 | 0.22 | 0.61
18.57 1439 | 3.18 | 0.62 | —— | 0.19 | 0.37 | 0.25 | 0.29

the different protein sequences code for different genes they perform specific functions.
Some of them help in attachment of virus to host are known as envelope proteins. Few
are responsible for maintenance of structure of virus and are called structural proteins

and rest are non structural proteins which helps in replication of virus.

3.2.2 Feature extraction

The features (physicochemical properties) are extracted from four different fasta files con-
taining the protein sequences of HTLVs (HTLV-1, HTLV-2, HTLV-3) and other viruses
using an open source software R, licensed under GNU GPL. The feature extraction re-
sulted in a high-dimensional data with 292 features for each protein sequence present in
fasta file. Finally the data for all the protein sequences is merged in a single csv file for
further evaluation. Table 3.2 shows the glimpse dataset generated after feature extraction

from the protein sequences.

3.2.3 Clustering of dataset

After the generation of the common csv file the next step is to label the data and for
that partition based clustering has been used in this work. The challenges involved in

this phase of work are discussed below:

3.2.3.1 Finding optimal clustering algorithm

For finding the optimal clustering algorithm for our dataset the multiple clustering al-
gorithms (K-means, Clara, Pam and Fuzzy C-means) have been tested for the dataset,
which provided the K-means as the best clustering algorithm on the basis of cluster va-
lidity parameters like dunn index [134] and silhouette coefficient [135]. Table 3.3 shows

the score for optimal clustering algorithm.

40



Table 3.3: Optimal clustering algorithm score

Clustering Methods | Parameter Score
K-means Dunn Index 0.2476
Silhouette Coefficient | 0.4854
Clara Dunn Index 0.1151
Silhouette Coefficient | 0.1882
Dunn Index 0.1151
Pam . .
Silhouette Coeflicient | 0.1882
Fuzzy C-means Dunn Index . 0.1151
Silhouette Coeflicient | 0.1847

3.2.3.2 K-means for labelling the dataset

K-means is a simple and most popular partitioning clustering algorithm that separates
the data into pre-defined number of groups (i.e. k clusters) [136] [137]. It segregates
the data points or objects in different clusters in such a way that there must be high
intra-cluster similarity and low inter-cluster similarity i.e. data points in the same cluster
should be as homogenous as they can be with respect to the data points in the other
cluster. The most commonly used distance measure to compute similarity is Euclidean
distance. The squared Euclidean distance of every data point from each cluster center
is computed to allocate the data point to the closest clusters. Equation 3.1 shows the
evaluation of Euclidean distance between point o, and cluster ¢; with N data objects in

space and K clusters respectively:

d(o,c) = Z Z(oi —¢j)? (3.1)

i=1 j=1

The next challenge in the work was to find the optimal number of clusters (value of
K) for the dataset. This problem is resolved using data visualization technique called
elbow plot. This technique involves the method of plotting with in sum of sqaured errors
(WSSE) of clusters (Equation 3.2) formed by iteratively executing K-means algorithm for
a particular cluster range. The cluster range used for finding optimal number of clusters
for this work is 2 to 10. Figure 3.1 depicts optimal number of clusters used for labelling

the dataset in this work.

WSSE = Z Z(Oi — px)? (3.2)

k=1 o€k

where o; is a data point that belongs to cluster Cy and puy is the average (mean) of all
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the points assigned to cluster CY.

Optimal number of clusters
1.25e+131

1.00e+13
7.50e+12 1
5.00e+12

2.50e+12 1

Total Within Sum of Square

0.00e+00 1

1 2 3 4 5 6 7 8 9 10
Number of clusters k

Figure 3.1: Elbow plot showing optimal number of clusters

3.2.4 Feature importance

In this section the overview of the feature weighting and optimal feature subset finding
techniques used in this work is given. Since dataset is high dimensional consisting of
292 features and to increase the efficiency of the machine learning models used here, it
is necessary to assign weights to the features and to find optimal feature subset for the

work.

3.2.4.1 Feature weighting

For assigning weights to the features four different types of methods available in FSelector
package of R has been used. Table 3.4 illustrates the feature weighting techniques used

in this work.

3.2.4.2 Optimal feature subset

For optimal features finding two heuristic and two greedy search techniques namely hill
climbing search, best first search, forward search and backward search are used. The
results from these four techniques are separately provided to four types of classification
techniques namely decision tree (DT, random-forest(RF), support vector machine(SVM)
and neural networks(NN) . Table 3.5 provides the overview of the optimal feature search-

ing techniques used.
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3.2.5 Machine learning techniques

Four widely used classification techniques (DT, RF, SVM and NN) are used for develop-
ment of the final hybrid techniques proposed in this work. The purpose of considering
these different type of classification techniques is to use four different approaches at fi-
nal (classification) step of the proposed techniques for comparative study. As all the
four techniques used in final step uses their own inherent function to classify the data.
In general, decision tree uses the greedy approach for classification task. Random for-
est is the ensemble of the decision tree technique in which multiple decision trees are
generated and the final classification is done on the basis of the majority voting. On
the other hand, SVM classifies data by constructing the hyperplanes between the data
points. While in case of artificial neural networks the classification output depends upon
the activation function used for building the neural network. The brief description of all

the classification techniques used in this work is as follow:

e DecisionTree(DT): The decision tree algorithm follows a greedy approach to par-
tition the feature space using a recursive binary partitioner [22]. In decision tree
algorithm same label is predicted for the bottommost (leaf) partition and for that
each partition is greedily chosen from a set of possible splits by selecting the best

split, so as to maximize the information gain at a tree node.

e RandomForest(RF'): Random Forest algorithm was proposed by Breiman in 2001
as an ensemble of decision tree classification approach with a layer of randomness
in the bagging method [138]. A node in random forest is split by selecting the best

predictor from the set of predictors that are chosen randomly at that node.

e SupportVector Machine(SV M): In multiclass problem SVM creates a set of hy-
perplanes in a high dimensional space, for the purpose of classification or regression
task [139] [140]. The hyperpalne with greater functional margin (i.e. the largest
distance to the nearest training-data points of a particular class) is selected as the
final hyperpalne for classifier, as greater the margin lower will be the generalization

error of the classifier.

e NeuralNetwork(NN): Neural Network model used in this work is feed-forward,
back-propagation single layer network [141] [142]. In neural networks there are in-
terconnected information processing units that make use of some activation function
for transforming input to output. In back-propagation networks training process
usually involves some delta rule that calculates the difference between actual out-
puts and the desired outputs (i.e. error for the output produced). The error is then

back-propagated to all the units and the weights are optimized at each connection

43



Table 3.4: Illustration of feature weighting techniques

Technique

R package

Description

chi-squared (chs)

Fselector

Discrete attributes are assigned weights
based on a chi-squared test

gain-ratio (gr)

Fselector

Discrete attributes are assigned weights
based on their correlation with continu-
ous class attribute. formula : (H(Class)
+ H(Attribute) - H(Class, Attribute)) /
H(Attribute)

information-gain (ig)

Fselector

Discrete attributes are assigned weights
based on their correlation with continuous
class attribute.  formula : H(Class) +
H(Attribute) - H(Class, Attribute)

random-forest-importance (rfi)

Fselector

Weights are assigned to the attributes using
RandomForest algorithm

for better results.

Table 3.6 illustrates the machine learning techniques and their tuning parameters

used in this work.

3.3 Methodology used for the proposed techniques

This section carries the brief description of the methodology used for building the pro-

posed hybrid machine learning techniques by permutation and combination of four feature

weighting, four optimal feature selection techniques and four classification methods. The

proposed hybrid techniques include three phases for model building and prediction which

are discussed as follow:

e In the phase 1 of the technique the protein sequences of three different type of
HTLVs and other non HTLV viruses are downloaded in the fasta format from [121]
[122] as already quoted in Section 5.2.1. After that the features were extracted from

the protein sequences available in fasta files using feature extraction techniques

available in bioconductor package of R. This resulted in high dimensional data

with 292 features for each protein sequence. Finally the data generated during the

feature extraction process for the different fasta files is saved in common csv file.

After the generation of the common csv file the next step involved in this phase

is labelling of the dataset. For labelling the dataset clustering technique has been

used and the challenges involved for this process is to find the optimal clustering

algorithm and then optimal number of clusters for our dataset. Finding of optimal
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Table 3.5: Optimal feature finding techniques

Technique

Description

Hill climbing search (HCS) [143]

The HCS algorithm begins with the selection of random
attribute set and choosing the best one out of it after
evaluating all its neighbours.

Forward search (FS) [143]

The FS algorithm uses the greedy search approach for
finding the optimal results for the problem. The al-
gorithm begins with expanding the starting node and
evaluating its children then finally choosing the best one
which in turn becomes a new starting node. This pro-
cess is unidirectional and moves from an empty set of
attributes.

Backward search (BS) [143]

Similar to FS, BS algorithm also uses the greedy search
approach for finding the optimal results for the problem.
The algorithm begins with expanding the starting node
and evaluating its children then finally choosing the best
one which in turn becomes a new starting node. But in
BS, the process moves from an empty set of attributes
and is unidirectional.

Best first search (BF'S) [143]

The BFS algorithm is again somewhat similar to forward
search with a difference that it chooses the best node
from all already evaluated nodes and again evaluates it
and this This best node selection process is repeated ap-
proximately maximum backtracks times (default value
is 5) in case no better node found.

cluster algorithm has been discussed in Section 3.2.3.1. The selection of optimal
number of clusters for the dataset has been discussed in Section 3.2.3.2. This phase

is common for all the hybrid techniques proposed in this work.

The phase 2 of the work involves some series of steps which includes the assigning
weights to the features and finding optimal feature subset. After the labelling
of dataset via clustering technique in phase 1 the next step is to assign weights
to the features for the purpose of feature importance. For assigning weights to
the features 4 different feature weighting techniques are used that are discussed in
Section 3.2.4.1. Once the feature weighting is done the next step is to find the
optimal feature subset and for this 4 different optimal features finding techniques
are used that are discussed in Section 3.2.4.2. The output of each feature weighting
technique is separately provided to each feature selection technique and the resulting
output of each combination is utilized in the pahse 3 i.e used for training 4 different

classifaton models.
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Table 3.6: Machine learning techniques used

Model Method R Package Tuning parameters

Decision Tree [22] rpart rpart (usesurrogate=0, maxsurro-
gate=0)

Random Forest [144] randomForest | randomForest | ntree=1500,mtry=10

Support Vector Machine [139] | ksvm kernlab kernel="rbfdot”,
prob.model=TRUE

Neural Network [142] nnet nnet size=10

e The phase 3 of the technique starts with splitting the data with optimal features
(generated by the combination of each feature weighting and optimal feature se-
lection technique) in training set and testing set for the purpose of training and
evaluation of the machine learning models. The ratio of split is 70:30 i.e. 70%
of dataset with optimal features is used for training of the models and remaining
30% for making predictions. Once the models are trained using training datasets
then they are validated using evaluation parameters discussed further in Section
3.4. Finally to verify the consistency of trained models the K-fold cross validation

is preformed.

Figure 3.2 shows the methodology of the proposed techniques used in this work.

3.4 Model Evaluation

Model evaluation is the process of measuring the performance of the trained model using
various parameters. The various model evaluation parameters used in this work includes
accuracy, recall, specificity, precision, AUROC,F1 score and negative predicted value.
Furthermore the performance consistency and robustness of the models has also been
analysed using K-fold cross validation. This section carries the brief description of the
evaluation parameters used; where,

True Positive(TP) : when actual label or class is positive and is predicted as positive
True Negative(TN) : when actual label or class is negative and is predicted as negative
False Positive(FP) : when actual label or class is negative but predicted as positive
False Negative(FN) : when actual label or class is positive but predicted as negative

L is the set of M classes or labels,

L=1y,ls15, .. Lyt (3.3)
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Figure 3.2: Methodology used for proposed techniques

The actual label vector y consists of N elements

Y1,Y2,Y3, ----- 7yN€L (34)

and a prediction vector y of N elements is generated by a multiclass prediction algorithm

yAluyA%yAii """ 7?J}V€L (35)

and,

by =4t V=0 (3.6)

0 otherwise
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3.4.1 Accuracy

Accuracy is the measure of correctness of the model [119]. Tt tells how precisely the model
is able to predict the target value or class for the new data. Higher the accuracy more

precise are the predictions made by the model. It can be computed as follow:

TP
Accuracy = TP N 100 (3.7)

3.4.2 Recall or True Positive Rate(TPR)

Recall also known as sensitivity [145] is true positive rate of the model. It tells how many
correct predictions for a particular class are made by the classifier with proportion to

actual count for that class. It can be computed as follow:

TP TP
RGCCL”(TPR) = ? = m—m
or (3.8)
N &/A
TPR — Zz:l (5(y - ) *5(yl - l)

3.4.3 Specificity or True Negative Rate(TNR)

Specificity or TNR [145] is the measure of ability of the predictive method to correctly
identify the labels that actually do not belong to the particular class and it can be

computed using equation 3.9.

TN
Speci ficity(TNR) = TN + FP (3.9)

3.4.4 Precision or Positive Predicted Value(PPV)

Precision or PPV [145] is defined as the ratio of total number of true positives with the
sum of number of true positives and number of false positives predicted by classifier.

Equation 3.10 is used for computing PPV for the classifiers.

TruePositi
Precision(PPV) = Z i —
> PredictedCondition Positive (3.10)
TP '
= PPV = ——
TP+ FP
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3.4.5 Negative Predicted Value(NPV)

NPV [145] is defined as the ratio of total number of true negatives with the sum of number
of true negatives and number of false negatives predicted by classifier. Equation 3.10 is

used for computing NPV for the classifiers.

NPV — > TrueNegative
> PredictedConditionNegative (3.11)
TN ‘
NPV = ——
~ TN+ FN

3.4.6 F1 score

F1 score [145] is the harmonic average of precision (PPV) and true positive rate of the
predictive method. It’s values lies between 0 and 1, value 0 signifies the worst score and
the perfection of the classifier increases as this value approaches to 1. F1 score can be

computed using equation 3.12.

PPV xTPR
Flscore = 2 % m (312)

3.4.7 Area under ROC Curve (AUROC)

Area under ROC curve (AUROC) is another important parameter for measuring the
efficiency of the classifier. ROC curve is generated by plotting the true positive rate of
the classifier against its false positive rate. AUROC is just the area under the ROC curve.
Its value ranges between 0 and 1. Higher the value of AUROC (i.e. closer to 1) better is

the classifier.

3.4.8 K-fold cross validation

K-fold cross validation [146] is the one of the most popular technique used for analysing
the consistency and robustness of the predictive method. In K-fold cross validation, the
training dataset is split into k sub-samples of equal size. Then out of the k sub samples
the k-1 sub samples are used as the training data for training the model and the remaining
one sub sample is used as a testing data in each of the k iteration in such a manner that
each of the k sub-sample is used exactly once as the validation or testing data. Finally
the results generated in k iterations can be averaged for taking the estimate of the mean
accuracy of the predictive method or the k results produced can be plotted on graph

(scatter plot or box plot) for visualizing the fluctuation or variation in accuracy values of
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the predictive method or classifier. The method with less variation is considered as more

consistent method.

3.5 Result Analysis

The results obtained by implementing the different hybrid models on the high dimensional
dataset comprising of 292 features extracted from proteins of HTLV-1, HTLV-2, HTLV-3
and non HTLV have been discussed in this section. The comparison of different hybrid
approaches used in this work is also provided for the purpose of finding the overall best
performing hybrid approach and for that the evaluation parameters discussed in Section

3.4 are taken into consideration.

3.5.1 Analysis of accuracy

The accuracies of different hybrid approaches used are shown in Table 3.7. It can be
clearly seen from Table 3.7 that the decision tree performs well with all the feature
weighting and optimal feature selection techniques giving the accuracy of more than 95%
in all cases. The highest accuracy of 98.54% is achieved with the hybrid approach of
chi-squared(chs) and best-first search(bfs) in case of decision tree models. While on the
other hand random-forest turns to be the second best model in terms of accuracy with
all the feature weighting and optimal feature finding techniques with accuracy as lowest
as 73.4%, but it gives the highest accuracy of 99.85% with random-forest-importance
(rfi) and forward search (fs) technique from all other hybrid models used in this work.
Lastly, the hybrid SVM and hybrid neural network models provide the accuracy range
from 64.06% to 97.58% and 54.96% to 98.68% respectively. Figure 3.3 shows the variation
in accuracies achieved by all hybrid approaches of four machine learning techniques (DT,
RF, SVM and NN) used in this work. From this box plot it can be concluded that the

hybrid decision tree models have least variation as compared to other hybrid models.

3.5.2 Analysis of other parameters

For finding the best hybrid model accuracy is not the only parameter when it is a
multi-class problem; the other parameters like true positive rate(recall), true negative
rate(specificity), positive predicted value (precision), negative predicted value of a par-
ticular class, area under ROC curve (AUROC) and F1 score of the predictive method
also play a vital role. Table 3.8 shows the comparative results of all the other parameters
for the best hybrid models, achieved in this work. From table 3.8 it is clearly seen that

random-forest model in combination with random-forest-importance and forward search
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Table 3.7: Accuracy Comparison

Model Feature Weighting Optimal Feature Finding Techniques
Techniques Hill Climbing Backward Forward Best-First
Search Search Search  Search
chi-squared 98.44 96.88 98.44 98.44
Decision Tree random-forest importance 95.31 95.31 98.44 96.94
information gain 95.31 95.31 95.31 96.88
gain ratio 96.88 96.88 98.44 95.31
chi-squared 95.96 85.94 95.31 99.45
Random Forest random-forest importance 94.12 87.5 99.85 98.44
information gain 96.06 76.56 98.44 99.56
gain ratio 94.08 73.4 96.88 96.88
chi-squared 84.30 71.88 96.94 95.49
SVM random-forest importance 80.50 71.88 97.14 95.99
information gain 82.04 64.06 95.21 96.02
gain ratio 85.80 75 95.56 97.58
chi-squared 80.47 54.69 98.68 60.97
Neural Networks random-forest importance 79.25 65.62 97.78 80.83
information gain 84.08 56.25 96.65 62
gain ratio 86.21 57.81 98.42 55.93
100 { _—— : — __
90
S 80 .
g 7204 B
60
T —— T T
DT NN RF SVM
Model Name

Figure 3.3: Accuracy box-plot of models
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Table 3.8: Parameters comparison of best hybrid models

Model Avg TPR Avg TNR Avg PPV Avg NPV F1 Score AUROC
chs —bfs— DT! 0.71 0.99 0.75 0.74 0.73 0.91
rfi— fs— RF? 0.99 0.99 0.99 0.99 0.99 0.99
gr —bfs — SVM?3 0.87 0.97 0.79 0.97 0.74 0.89
chs — fs — NN* 0.89 0.98 0.95 0.99 0.91 0.98

Decisison Tree in combination with chi-squared and best-first search, 2Random Forest in combination
with random-forest-importance and forward search, 3SVM in combination with gain-ratio and best-first
search, *Neural Network in combination with chi-squared and forward search.

Table 3.9: Illustration of optimal features found by feature selection techniques

Feature Selection | Optimal Feature Subset Count
Technique
Hill climbing search | Fl-aliphaticIndex, F6-homentIndex1, Fo6- 155
homentIndex2, F7-molecularWeight2, ... F13.3-
aaDescriptorsVarb3

F7-molecularWeight2, F9-hydro28 2
F1l-aliphaticIndex, F6-bomanlIndex, F6- 189
instalndex, F7-molecularWeightl1, , F13.3-
aaDescriptorsVarb3

F7-molecularWeight2, F8pChargelb 2

Forward Search
Backward Search

Best first search

technique gives the best results in terms of all the parameters with F1 score and AUROC
value of 0.99. In contrast to hybrid decision tree models which are found better in terms
of accuracy, this hybrid random-forest approach shows quite better results in terms of
all other parameters, as all the decision tree hybrid models shows the poor prediction of
HTLV-2.

3.5.3 Analysis of K-fold cross validation

Another parameter which need to be analysed is reliability of the technique i.e. whether
the model is free from over-fitting and under-fitting issues. Over-fitting of the classifier
means that the classifier is giving the good accuracy with the training data but perform-
ing poorly with testing data. On the other hand under-fitting signifies that the classifier
is performing poorly for both the training and testing data. To analyse the reliability
and consistency of the used hybrid techniques, 10 fold cross validation of the best hy-
brid models is performed. Figure 3.4 shows the variation of accuracy results of 10 fold
cross validation for best hybrid models of decision tree, random-forest, SVM and neural
networks. It is clearly visible from the box-plot (Figure 3.4) that hybrid random forest

model shows the most consistent accuracy results with respect to other hybrid approaches.
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Figure 3.4: Accuracy box-Plot of K-fold cross validation for best hybrid models

3.6 Discussions

The four feature selection techniques are used for providing the optimal feature subset
for training the classification models. The feature selection techniques find the optimal
features according to their inherent objective function. Table 3.9 shows optimal features
found by different feature selection techniques. Based on these the optimal features
the models gets trained and predicts the type of HTLV from the testing (new) data. As
discussed in Section 3.5 the random forest in combination with random forest importance
and forward search (rfi-fs- RF) shows the most accurate and consistent results. This
model is able to predict all type of HTLVs from the data of HTLVs and non HTLV

protein sequences.

Also, by analyzing all the evaluation parameters it is found that rfi-fs- RF proves to
be the best predictive method in terms accuracy, TPR, TNR, PPV, NPV, F1 score,
AUROC and 10-fold cross validation. One of the reason rfi-fs-RF classifier outperforms
all other hybrid approaches is the use of random forest algorithm in the very first step
that is feature weighting and in the final step while predicting classes of the new (test)
data.

As random forest algorithm is the ensemble technique of decision tree in which several
decision trees are generated using random sample of features and data subset and the
final class is predict on the behalf of majority voting. This reduces the chances of over-
fitting and improves the overall efficiency of the classifier. Further the information gain,
gain ratio and chi-square algorithms which are being used in other hybrid techniques
have their own drawbacks. Information gain algorithm can get biased by giving more

weightage to feature with larger values which can result in over-fitting and selection of
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non-optimal features for training the classifier.

Similarly chi square feature weighting technique is at par with information gain technique.
However, gain ratio technique is somewhat better than information gain as it reduces bias
created in information gain technique by taking the intrinsic information of the split into
account. Due to this property it may provide higher weightage to the features just
on the basis of low intrinsic information and consider the features greater than average
information gain resulting in over compensation. So the performance of the final classifier
gets effected by feature weighting technique and optimal selection of the feature subset

to train the classifier.

The other reason for rfi-fs-RF to outperform the other hybrid techniques is the optimal
feature finding technique. If we compare the optimal feature subset finding techniques
of best hybrid technique in each category in turns out be forward search and best first
search. Both of these techniques follow the greedy approach for finding the final solution
but forward search algorithm does the more exhaustive search starting from the empty
node to complete feature set for finding the optimal feature subset. Another reason for
rfi-fs-RF to be the best predictive technique is the use of random forest algorithm in the
final classification step. This works includes the multi-classification problem to predict
the type of HTLV and random forest outperforms the decision tree hybrid approaches
as in random forest classification several decision trees are constructed and final class is
predicted on the behalf of majority voting which enhances the overall performance of the

classifier.

In case of SVM hybrid techniques for multi-classification problem SVM reduce it to
multiple binary classification problem. This results in maximizing the margin and have
to rely on the concept of distance between different points which needs to be converted to
the probability. For artificial neural networks hybrid technique smaller training dataset

can be one reason that it lacks in performance as compared to rfi-fs-RF.

In a nutshell it can be said that this kind of the system is capable of assisting the current
diagnostic system for the detection of HTLV-1. Since, after the molecular diagnostics of
HTLV by various screening tests like enzyme-linked immunoassay or particle agglutina-
tion assays there is always a need of confirmatory tests like western blotting, immuno-
fluorescence assay or radio-immuno-precipitation assay for distinguishing HTLV-1 from
HTLV-2. These confirmatory tests are indeed very complex analytical techniques involv-
ing various steps. The proposed hybrid techniques can be used to support and verify the
results of confirmatory test from the protein mixture. It can be widely used in medical
studies and for exploring the physicochemical properties of HTLVs for further research

and gaining better insights about the virus.
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3.7 Conclusion

Considering the need to understand the epidemiology of HTLV-1 and to control its preva-
lence efforts have been made using the machine learning techniques for gaining better
insights about the virus. In this work the 64 hybrid machine learning methods are
developed and tested for the prediction of different type of human t-cell lymphotropic
virus (HTLV) in high dimensional dataset of 292 features extracted from the protein
sequences of HTLVs (HTLV-1, HTLV-2 and HTLV-3), non HTLV and their similar pro-
teins. The dataset is firstly labelled using the K-means clustering algorithm, then the
feature weighting is done so as to identify the important features for training the machine
learning models. Finding of the optimal features to serve as an input to train the models

is done using two heuristic search and two greedy search techniques.

Finally the models are trained using the optimal features and are evaluated on the basis
of model accuracy, recall (TPR), specificity (TNR), precision (PPV), negative predicted
value (NPV), AUROC value and F1 score. Furthermore, the robustness of the best
models in each category is explored using 10-fold cross validation. Finally based on the
analysis of all the evaluation parameters it is found that random-forest in combination
random-forest importance and forward search is the most accurate and reliable predictive

method among other methods developed in this work.
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Chapter 4

Kinematic viscosity prediction of nanolubri-
cants employed in heavy earth moving ma-

chinery

Recent researchers widely used nanoparticle additives for improving thermal and rheo-
logical properties of machine lubricant. In present study the effect of AlsO3 and CeO,
nanoparticles on transmission oil (SAE30), hydraulic oil (HYDREX100) and gear oil
(EP90) of Heavy Earth Moving Machinery is investigated. Nano-lubricant samples are
prepared in 0.01% - 4% nanoparticle volume fraction range. Four machine learning tech-
niques namely decision tree (DT), random forest (RF), generalized linear models (GLM)
and neural network (NN) have been used to predict the kinematic viscosity for AloO3 and
C'eOs nanolubricants. Further, multi-criteria decision-making (MCDM) technique named
Technique for Order of Preference by Similarity to Ideal Solution (TOPSIS) have been
used to find the best predictive method in each category of the nanolubricants. Decision
tree (DT), random forest (RF) and neural network (NN) methods are found to be most
accurate in kinematic viscosity prediction of transmission oil (R?* = 0.861), hydraulic oil
(R? = 0.971) and gear oil (R? = 0.973), respectively. Eventually, this study provides
a new theoretical basis in nanolubricants for creating software programs that allow the
user to know the lubrication oil efficiency to suppress the operating costs for heavy earth

moving machinery.

4.1 Introduction

Rheological behaviour of lubricants significantly affect the performance of a machine.
Heavy Earth Moving Machinery (HEMM) like rope shovels, draglines, bucket-wheel ex-
cavator and hydraulic shovels, needed robust lubrication to perform in elevated off road
environmental condition. Engine, transmission, hydraulic and gear oil are majorally em-
ployed lubricants in HEMM. The properties of HEMM lubrication oil is indicative of
machine life and its performance [147]. The recent researches perceive nanoparticles ad-

ditives as a new approach for improvement in lubricant properties [148, 149, 150, 151].
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The suspension obtained with the addition of nanoparticles is termed as nanolubricant

152).

The dispersion of nanoparticles in base oil, significantly modify the rheological behaviour
of base oil. Viscosity, which is a prime rheological property, changes with nanoparticles
additives [153]. It infers the resisting force in between fluid layers in relative motion.
Temperature and nanoparticles concentration significantly changes base fluid viscosity
[154]. Researchers attempted numerical, experimental and intelligence methods to ac-
curately determine the viscosity of nanolubricants [152] [155] [156] [157]. The machine
learning methods provides solution for complicated engineering challenges within least
computational time. This provide the possible solution for the challenge of accurately

determination of thermophysical properties of nanolubricants.

Shahsavar et al [158] used ANN to evaluate the thermal conductivity of Fe3O,/paraffin
nanofluid. The accuracy of the model was assessed based on four known statistical indices
which includes root mean square (RMS), root mean square error (RMSE), mean absolute
deviation (MAE) and coefficient of determination (R?).They reported that the proposed
model of thermal conductivity could estimate the outputs with RMS, RMSE, MAE and
R? values of 0.0678, 0.0179, 0.0041 and 0.96 respectively. Esfe et al [157] tested MWCNT
(50%) - A1203 (50%)/10W40 hybrid nanofluid at temperatures and volume fraction range
of 5°C - 55°C and 0.05% - 1% respectively. They observed co-efficient of determination
for the proposed correlation and ANN are 0.9973 and 0.9944 respectively. Furether, they
used Genetic Algorithm-Radial Basis Function (GA-RBF) neural networks, Least Square
Support Vector Machine (LS-SVM) and Gene Expression Programming using artificial
intelligence methods to predict the viscosity of TiO3/SAE50 nanolubricant. They re-
ported RMSE values of 0.58, 1.28, 6.59 and R? values of 0.99998, 0.99991 and 099777 for
GA-RBF, LS-VM and GEP respectively [159]. Vakili et al [160] used genetic algorithm in
ANN to improve learing process for rheological property prediction graphene/deionized

water nanofluid. They observed model predict value with 0.985 R2.

[161] used temperature, shear rate, nanoparticle size, nanoparticle density and particle
concentration as input variables to develop ANN model and reported correlation coeffi-
cient as 0.9954. [162] analyzed the dynamic viscosity of MWCNT (40%) - SiO2(60%)/5W50
under temperature, volume fraction and shear rate range of 5°C - 55°C , 0% - 1% and
50-800 rpm respectively. Multi-layer perceptron algorithm is used in ANN to evaluate
relative viscosity and observed R? value of the proposed model as 0.9914. [163] used ANN
approach for irreversibility performance analysis of domestic refrigerator by utilizing LPG
with TtOy —lubricant as replacement of R134a. They found ANN model predictions con-

curred well with experimental results and brougth out an absolute fraction of variance of
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(0.989 - 0.990), RMSE of (0.831 - 1.061) and mean absolute percentage error of (1.734 -

2.056 %) respectively with experimental results.

In the present study, kinematic viscosity of nanolubricants, formed with Al;O3 and CeO,
nanoparticles in transmission oil, hydraulic oil and gear oil, is predicted using machine
learning technique. Previous studies shows hard AlsO3 nanospheres contributed in ball
bearing effect [153] and C'eO, nanoparticles have extreme pressure characteristics [164].
These anti-friction properties of AlsO3 and C'eOy nanoparticles, motivates to use with
heavy earth moving machinery lubricants. Viscosity and density of samples where mea-
sured with varying temperature and particle volume fraction. The four machine leaning
methods, Decision tree, random forest, neural network and linear model are used for
prediction of viscosity. Models are trained on the 70% experimental data and remaining
30% is used for testing. Further, the multi-criteria decision making technique, TOPSIS,
is used to determine the most suited machine learning method for each case. In this pa-
per the brief overview of material and experimentation, machine learning methods, model
evaluation parameters and MCDM technique TOPSIS is presented in Section 4.2. Section
4.3 carries the thorough analysis of the results obtained by experimentation and machine
learning techniques in the prediction of kinematic viscosity of the nano-lubricants used

in this work. Finally, the outcome of this work is concluded in Section 6.1.

4.2 Materials and Methods

4.2.1 Material and measurement

Commercial grade transmission oil (SAE30), hydraulic oil (HYDREX100) and gear (EP90)
has been used as a base oil in the present study. Base oils are widely employed as lu-
bricants in HEMM. Al,O3 and CeOy are widely used environment friendly nanoparticle
additives [164] [165]. The spherical morphology of AlyO3 improves anti-friction property
due to ball bearing effect [153] and C'eOs nanoparticles improves load carrying capacity
by third body effect. In present study, AloO3 and C'eOy has been used as nanoparticles
additives with nominal grain size of 60 nm. Figure 4.1 and 4.2 show the FESEM (Make-
Carl Zeiss AG, Model- Supra 55) images of Al,O3 and C'eOy nanoparticles respectively.
It can be noted that alpha AlyO3; nanoparticles have spherical morphology. Figure 4.2
clearly depicts plate shaped morphology of C'eOy nanoparticles. Nanolubricant samples
have been synthesised using two step method. Dry nanoparticles dispersed in base oil in
the particle volume fraction range of 0.01% to 4% and weight of the appropriate volume
fraction measured from equation 4.1, where w and p indicates weight and density [153].

The wide range of nanoparticle volume fraction is taken to incorporate all possible particle
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Figure 4.1: FESEM microgrph for AloO3 nanoparticles

volume fraction used in existing studies. The suffix p and [ indicates particle and lubri-
cants, respectively. The uniform dispersion of nanoparticles is performed by magnetic
stirrer at 500 rpm for 45 minutes magnetic stirrer followed by intensive ultra-sonication
(20 kHz). The existing studies show that the used duration of magnetic stirrer with
ultra-sonication produced homogeneous dispersion of nanoparticles [166] [167]. Aging
test indicates that samples are fairly stable for test duration. The viscosity and density
of nanolubricant samples has been measured by using Stabinger Viscometer (Make - An-
ton Paar, Model - SVM3000) in temperature range of 20°C - 50°C. The temperature from
20°C to 50°C was chosen in the current study to simulate the warm-up phase, which was
a critical operating condition in automobile engines [168]. In SVM 3000 a lightweight
magnetic rotor floats in a liquid filled tube, which rotates at constant speed. The rotor
is centred by the centrifugal forces. The relative speed of rotor is calibrated in terms of

™ measures the dynamic viscosity and density of oils

viscosity. Stabinger Viscometer
according to ASTM D7042. From this result, the viscometer automatically calculates the
kinematic viscosity and delivers measurement results which are equivalent to ISO 3104 or
ASTM D445. All the measurements are performed under steady state conditions. Repet-
itive measurement indicates that the test results of viscosity and density have uncertainty

of £2% and +0.5% respectively.
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Figure 4.2: FESEM micrograph for C'eO, nanoparticles

Wp/pp
= 4.1
¢ Wp/Pp + Wi/pi (4.1)

4.2.2 Machine Learning Techniques

In this work the machine learning methods available in an open source software R licensed
under GNU GPL are used. The brief description of four machine learning techniques used

is as follows:

1. Decision Tree (DT): The decision tree algorithm follows a greedy approach to parti-
tion the feature space using a recursive binary partitioner [22]. In the decision tree
algorithm same label is predicted for the bottommost (leaf) partition and for that
each partition is greedily chosen from a set of possible splits by selecting the best
split, so as to maximize the information gain at a tree node. For constructing the
decision tree for regression problems standard deviation reduction is used instead

of information gain for partitioning the data.

2. Random Forest (RF): Random Forest algorithm was proposed by Breiman in 2001
as an ensemble of decision tree approach with a layer of randomness in the bagging
method [144]. A node in random forest is split by selecting the best predictor from

the set of predictors that are chosen randomly at that node.
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3. Neural Networks (NN): Neural Network model used in this work is feed-forward,
back-propagation single layer network. In neural networks there are interconnected
information processing units that make use of some activation function for trans-
forming input to output [142]. In back-propagation networks training process usu-
ally involves some delta rule that calculates the difference between actual outputs
and the desired outputs (i.e. error for the output produced). The error is then
back-propagated to all the units and the weights are optimized at each connection

for better results.

4. Generalised Linear Models (GLM): It uses linear models to carry out regression,

single stratum analysis of variance, and analysis of covariance [169].

4.2.3 Technique for Order Preference by Similarity to Ideal So-
lution (TOPSIS) Method

The TOPSIS method [170] is the most commonly used MCDM technique in wide range
of applications. Generally in MCDM problems, there exist the cases in which alternative,
with minimum Euclidean distance from the positive ideal solution (PIS), has the shorter
distance from the negative-ideal solution (NIS), than the other alternative(s). For such
situations, the TOPSIS method provides complete ranking with closeness scores by calcu-
lating closeness to the ideal solution and distance from the negative ideal solution. In this
work we have used the TOPSIS method available in an open source software R licensed
under GNU GPL for ranking and finding the best predictive model for each category of

nanolubricant [171].

4.2.4 Model Evaluation Parameters

1. Correlation (r): Correlation is used to describe the statistical relationship between

actual and predicted values. It is defined as in equation 4.2.

r= 2ia (i = 7i)(si — 5i) 5
VI — i L (s — 5 (42)

where, r is the actual value, s is the predicted value, 7 is the mean of the all actual
values, § is the mean of the all predicted values, and n is the number of instances.
The range of correlation value lie between [-1,1]. The correlation value tending

towards 1 or -1 is considered to be good.

2. Coefficient of determination (R?): It (R?) is used to recapitualte the explanatory
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power of the regression model. R? | describes the proportion of variance of the
dependent variable explained by the regression model. If the R? value tends towards
1 it signifies perfection of the regression model and if R? is 0 then it signifies that
the regression model is a total failure i.e. no variance is explained by regression.
To compute coefficient of Determination the square of r (i.e. correlation) value is

taken. It is defined as in equation 4.3.

R*=rxr (4.3)

. Mean Absolute Error (MAE): For a regression model MAE is used to measure the
average absolute difference between the predicted and actual values. Equation 4.4
is used to calculate the MAE value, where, r is actual value, s is predicted value,

and 7 is the total number of instances..

MAEZZi:l’Si_ri
n

(4.4)

. Root Mean Square Error (RMSE): The average error rate of a regression model is
measured by RMSE. However, the models whose errors are measured in the same
units can only be compared using this parameter. Equation 4.5 is used to calculate
RMSE, where, 7 is actual target, s is predicted target, and n is the total number

of instances..

RMSE = \/ Z?l(z —ri)* (4.5)

. K-fold cross validation: It is the one of the most popular technique used for
analysing the consistency and robustness of the predictive method. In K-fold cross
validation [146], the training dataset is split into k& sub-samples of equal size. Then
out of the k subsamples the k-1 sub samples are used as the training data for train-
ing the model and the remaining one sub sample is used as a testing data in each
of the k iterations in such a manner that each of the k& subsample is used exactly
once as the validation or testing data. Finally the results generated in k iterations
can be averaged for taking the estimate of the mean values of model evaluation
parameters of the predictive method. The method with less variation is considered

as more consistent method.
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Figure 4.3: Viscosity and Density of transmission oil nanolubricant

4.3 Results and Discussion

Figure 4.3a shows the viscosity variation for transmission oil nanolubricants with Al,O3
and Ce(O, nanoparticles. It can be clearly observed from Figure 4.3a that viscosity
of nanolubricants decreases with increase in temperature which is due to weakening of
intermolecular force of attraction in between base fluid molecules. Also, there is increase
in relative movement in nanoparticle and base fluid molecules with rise in temperature.
Viscous friction reduces with decrease in the viscosity, but it also limit load carrying
ability of the fluid. The dispersion of Al,O3 cause initial increment (1.3% at 40°C & 0.01%
Al5O3) in viscosity, but with further minor increment in particle volume fraction, viscosity
decreases (4.5% at 40°C & 0.02% AlyO3). The reason for this viscosity is nanoparticles
coming between the lube oil layers leading to the ease of relative movement between
nanolubricant layers [172]. However further increasing nanoparticles beyond a certain
limit, there is increment (1.5% at 40°C & 0.5% Al,Os) in viscosity with particle volume
fraction. It can be observed that dispersion of C'eOy nanoparticles causes continuous
increment in viscosity, which is due to its plate shaped morphology. The variation in
density for transmission oil nanolubricants with Al,O3 and C'eO5 nanoparticles is shown
in Figure 4.3b. It can be noted that density of nanolubricants decreases the increase in

temperature.

Figure 4.4a shows the viscosity variation for gear oil nanolubricants with Al,O3 and C'eOy
nanoparticles. Here also, it can be clearly observed from Figure 4.4a that viscosity of

nanolubricants decreases with increase in temperature. Gear oil is beaing a dense oil, it
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Figure 4.4: Viscosity and Density of gear oil nanolubricant

shows only minor variation in viscosity at lower particle volume fraction (2.6% at 30°C &
0.01% AlyOs; 2.7% at 30°C & 0.02% AlyOs; 2.67% at 30°C & 0.01% CeOq; 3.7% at 30°C
& 0.02% CeOs). The variation in density for gear oil nanolubricants with Al,O3 and
C'eO, nanoparticles is shown in Figure 4.4b. It can be noted that there is 2.8% increment
in density with 1% volume fraction of Al,Os; nanopartices, where as 0.48% increment
in density reported for 4% volume fraction C'eO, nanoparticles. The lesser variation in
viscosity with the dispersion of C'eO; nanoparticles is due to its higher density 7.132
g/cm? as compared to Al,O3 nanopartices 3.965 g/cm?.

Figure 4.5a shows the viscosity variation for hydraulic oil nanolubricants with Al;O3 and
CeOy nanoparticles. Again, it can be observed from Figure 4.5a that viscosity of nanol-
ubricants decreases with increasing temperature. The viscosity of hydraulic oil nanolu-
bricants increase with dispersion nanoparticles at higher particle volume fraction. The
variation in density for hydraulic oil nanolubricants with AloO3 and C'eOy nanoparticles
is shown in Figure 4.5b. It can be observed that density of nanolubricants decreases with

increase in temperature.

Further, the result analysis of the four machine learning techniques used for the prediction
of kinematic viscosity in each category has also been discussed in this section. For the
purpose of finding the effectiveness of machine learning techniques in the prediction of
kinematic viscosity, the experimental data collected in each category (gear oil, hydraulic
oil and transmission oil) are distributed into training and testing dataset. The ratio of

split of training and testing dataset for each category is 70:30 i.e. training the machine
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Figure 4.5: Viscosity and Density of hydraulic oil nanolubricant

Table 4.1: Performance comparison of machine leaning methods in prediction of
kinematic viscosity of gear oil, hydraulic oil and transmission oil

Model Gear oil (EP90) [ Hydraulic oil (Hydrex100) | Transmission oil (SAE30)
r R? MAE RMSE r R? MAE RMSE r R? MAE RMSE

Decision Tree 0.955 0912 31.211 36.879 0.915 0.837 26.632 29.059 0.928 0.861 16.865 19.508

Random Forest 0.972 0.944 19.737 27.613 0.985 0.971 12.842 16.664 0.713 0.508 27.377 38.056

Generalised Linear 0.963 0.927 38.056 41.145 0.946 0.894 23.531 26.554 0.984 0.968 27.824 29.920
Neural Network 0.986 0.973 11.802 19.746 0.983 0.966 13.398 17.430 0.917 0.842 16.457 24.311

learning models on the 70% of the experimental data and then predicting the kinematic
viscosity of the remaining 30% data, then comparing the predicted values with the actual
values in order to evaluate the efficiency of the trained models. Finally, the results of
model evaluation parameters have shown that the best predictive model selected for each
category of nanolubricants supports the fact that machine learning models are ready
for production purpose to predict the kinematic viscosity of the untested lubricants by
providing the data with same parameters on which they have been trained. The efficiency
of the trained models is evaluated on the basis of evaluation parameters discussed in
Section 5.4.1. Table 4.1 show the average of model evaluation parameters after 5 fold
cross validation of all four machine learning techniques in prediction of kinematic viscosity
of gear oil, hydraulic oil and transmission oil. Figure 4.6 shows the comparison between
the experimental (observed) values and predictive values of the best machine learning

technique in each category.

The correlation value shows the statistical relationship between the actual (experimental
values) and predicted values by machine learning techniques. In case of gear oil the

correlation values are 0.95, 0.97, 0.96 and 0.98 for decision tree, random forest, linear
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Table 4.2: TOPSIS score and rank of the machine learning methods in each category

Model Gear oil ‘ Hydraulic oil ‘ Transmission oil
Score Rank Score Rank Score Rank
Decision Tree 0.242 3 0.000 4 0.865 1
Random Forest 0.676 2 1.000 1 0.019 4
Generalised Linear Model 0.015 4 0.226 3 0.532 3
Neural Network 1.000 1 0.951 2 0.777 2

model and artificial neural networks respectively. So it is clearly seen that artificial
neural network model gives the highest correlation value in case of gear oil which is
reasonably acceptable. On the other hand for hydraulic oil and transmission oil the
highest correlation value is provided by random forest model and decision tree model
(i.e. 0.98 and 0.92) respectively.

The coefficient of determination (R?) is another important parameter for evaluating the
performance of the regression models. It determines how close the predicted data values
are to the fit regression line. Figure 4.7 shows the R? value and fit regression line of
best predictive model in each category. The artificial neural network, random forest and
decision tree model gives the best R? value of 0.97, 0.97 and 0.86 for gear oil, hydraulic

oil and transmission oil respectively.

Further, for finding the best predictive model in each category ranking of the machine
learning models is done on the basis correlation, R?, MAE and RMSE values, by the use
of MCDM technique TOPSIS. Table 4.2 shows the TOPSIS score and rank of machine
learning models used. The neural network model, which is found to be the best predictive
model in case of gear oil provides the least MAE and RMSE values of 11.80 and 19.74
respectively. For hydraulic oil random forest is ranked as a best predictive model, provides
the MAE and RMSE values of 12.84 and 16.64 respectively. Similarly, for transmission oil
decision tree model is ranked as a best predictive model, provides the MAE and RMSE
value of 16.84 and 19.50 respectively.

4.4 Conclusion

In the present study, the effectiveness of four machine learning techniques for viscosity
prediction of transmission oil, hydraulic oil and gear oil nanolubricant has been visual-
ized. Base fluids are widely used lubricants in HEMM. The morphology of the dispersed
nanoparticles is analyzed by FESEM micrographs and it has been observed that Al,O3
nanoparticles are spherical in shape, whereas C'eO, is of plate shaped. Test samples are

prepared by the dispersion of nanoparticles are base oil and thermophysical properties
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are tested at varying temperatures. Further, the four machine learning techniques are
employed to predict viscosity of transmission oil, hydraulic oil and gear oil based nanolu-
bricant. All the machine learning models are trained on 70% of the experimental data is
used. The remaining 30% is used as the test data for evaluating the efficiency of the four
machine learning technique in each category of nanolubricant. Finally, the MCDM based
technique TOPSIS is used on the model evaluation results to find the best predictive

method in each category. Following are the key findings of present work:

e Density of all samples increases with particle volume fraction and decreases with

temperature.

e Variation in the viscosity of the samples is a function of particle volume fraction and
size. Spherical morphology of Al;O3 nanoparticles makes decrement in viscosity at

lower particle volume fraction.

e NN, RF and DT come out to be best predictive method for gear oil, hydraulic oil

and transmission oil nanolubricant respectively.

There is still plenty of work for further development. Researchers can use similar machine
learning models for prediction of tribological properties of nanolubricants. Further, the
work can also be extended in developing the ensemble or hybrid machine learning models

for various other nanolubricants.
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Chapter 5

Multilevel ensemble classifier for particle physics
Big Data

In high-energy physics the modern particle colliders like Large Hadron Collider and Teva-
tron produces a huge amount of experimental data that exceeds to petabytes in a period
of a year. High-energy physicists need to explore this huge amount of data as it can
lead to new scientific breakthrough related to origin of the universe. The data gener-
ated by particle colliders is quite fruitful source for the discovery of exotic particles. To
track down these exotic particles from the huge volume of generated data is a trivial
problem. High-energy physicists are trying hard through different machine learning ap-
proaches to single out these particles from the huge decay products. However, they are
finding difficulty in efficiently training the machine learning models on the available data
due to the complexity involved in consequential variation in decaying process. Recently
the deep learning techniques have also been implemented in this area that showed some
improved results than traditional machine learning techniques with accuracy upto 88%.
In this work a novel multilevel ensemble machine learning technique has been developed
for differentiating the signal and background in such huge complex data. The proposed
technique is capable of dealing with this huge volume and complexity of data more effi-
ciently than the existing techniques with the accuracy as high as 98.57%. Moreover for
timely and faster classification of this huge volume of experimental data the most popu-
lar Big Data platform Apache Spark has been used for the deployment of the proposed

technique.

5.1 Introduction

The tremendous growth of data in the past decade exacerbated data intensive computing
problems commonly known as Big Data problem [1]. It is observed that 90% of the total
data globally accumulated in the past five years. The rapid data growth is making trouble
to people in variety of sectors and one such field is the high-energy or particle physics.
It aims to study the elementary constituents of matter [173]. The data generated by

the high throughput scientific experiments primarily from modern accelerators is huge
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in volume and have high velocity. This poses the significant challenge to traditional
statistical techniques and machine-learning tools for gaining the insights from this data
[173]. The primary goal of these high-throughput experiments is to allow the scientists
to explore the fundamental nature of matter and the laws regulating its interactions in
order to gain a better understanding of the universe [174]. The modern accelerators like
Large Hadron Collider (LHC) [175] [176] and Tevatron [177] [178] can cause head to head
collision of two beams of protons and /or antiprotons. This collision results in the creation
of exotic particles occurring at high-energy densities of 13 TeV or more. The particles
generated at such high-energy densities are the detected by the particle detectors present
in the particle colliders. The properties of these particles are then measured and observed
by high-energy physicists so as to gain deeper insights about the very nature of matter.
For the purpose of gaining better and fruitful insights physicists make use of sophisticated

statistical and machine-learning techniques [179] [180].

Furthermore, the discovery of a new particle involves a trivial signal-versus-background
classification problem. It has been seen that wide majority of particle collisions does not
result in production of exotic particles. For an instance, in LHC there are approximately
10" collisions per hour and out of those Higgs boson is produced in approximately 300
collisions on an average [173]. Therefore, to differentiate the collisions that generates par-
ticles of interest (signal) from collisions generating other particles (background) requires

a powerful data analysis techniques [181, 182].

Moreover, data generated from the collisions ranges to petabytes per year so there is a
need for faster and efficient analytical tools and techniques [33] that can directly boost
particle discovery potential of the particle colliders. The work has been done in [173] using
a deep neural networks to search the exotic particles in two benchmark datasets HIGGS
and SUSY. The authors have used the deep neural network consisting of five layers with
300 hidden units in each layer to classify the signal and background in two benchmark
datasets and have achieved better results in comparison to shallow neural networks and
boosted decision tress. In this work an efficient multilevel ensemble classifier to classify the
huge collision data in signal and background is proposed and developed on a distributed
computing platform. For the purpose of developing the multilevel ensemble classifier in

a distributed environment cloud based cluster platform has been used.

Apache Spark, an efficient Big Data framework is used for developing ensemble clas-
sifier. The efficiency of the ensemble classifier has been verified using two benchmark
datasets, HIGGS and SUSY. Further this paper includes brief description of machine
learning techniques, processing platform and datasets used in this work in Section 5.2.

The description of the proposed technique has been given in Section 5.3. Section 5.4
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carries the details of the model evaluation parameters used for evaluating the efficacy of
the proposed technique, discussion about the results obtained and the comparison with
the existing techniques. Finally the outcome of this work has been concluded in Section
5.5.

5.2 Methods and Materials

This section includes the brief description of the particle physics benchmark datasets, the

Big Data platform and implementation architecture used in this work.

5.2.1 Dataset and its features

HIGGS Dataset: The HIGGS dataset is downloaded from [183]. The dataset consists of
28 features in which the first 21 features are kinematic properties of the Higgs Bosons
measured by the particle detectors in the accelerator and are termed as low-level features.
The next 7 features are termed as high-level features and are the function of the first 21
features. It has been considered as the benchmark classification to classify the particles
generated by simulated collision into theoretical Higgs Bosons (signal) and the decay
products (background) with different kinematic features. The dataset consist of 11 million
instances [173] and is of capacity 7.48 GB.

SUSY Dataset: The SUSY dataset is downloaded from [184]. The dataset consists of
18 features in which the first 8 features are kinematic features measured by the particle
detectors in the accelerator and are termed as low-level features. The last 10 features
are termed as high-level features and are the function of the first 8 features. The dataset

consist of 5 million instances [173] and is of capacity 2.22 GB.

5.2.2 Processing Platform and Implementation Architecture

Apache Spark: Apache Spark is the one of the popular in-memory cluster computing
platform developed by the researchers at AMP labs of University of California, Berkeley
campus. It is used for faster and interactive data analytics. Spark with its approach
of Resilient Distributed Dataset (RDD) and in-memory computation has been actively
adopted by the people from industry and research community [7]. It abstracts APIs in
Python, Java, Scala, SQL and R. It integrates well with other tools falling under Big
Data umbrella for example Spark can run on the top of Hadoop clusters and access data
from any of the Big Data storage systems like HDF'S, Cassandra, MangoDB and HBASE.

Spark has its own cluster manager known as standalone scheduler and it can also work
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in conjunction with other resource managers like YARN and MESOS [2]. Apache Spark
has a super-active community of its contributors and in 2015 RDD API was extended
to include dataframes to allow its users to group the distributed data into columns as
in relational databases [185]. The best example is that an RDD of key-value pairs when
converted to a dataframe is represented as a table with different columns for key and

value.

Spark ecosystem compromises of several components that are tightly integrated. Spark
core is the fundamental component of Spark ecosystem. It monitors, distributes and
schedules the tasks across the cluster for the applications running on Spark cluster. With
its inherent speed Spark’s core engine empowers its other components designed for variety
of workloads, like machine learning, SQL and graph based computation. Figure 5.1
shows the various components of Spark’s ecosystem [185]. All components in Spark’s
ecosystem are tightly integrated to provide various benefits like building of applications
that can combine several processing models. For example in Spark it is possible to develop
an application that can use machine learning technique to classify data available from

streaming sources [185, 186].

In this work Apache Spark machine learning library MLIib is used for developing a scalable
multilevel ensemble classifier for searching the exotic particles in huge particle physics

datasets.

A typical Spark cluster has two major components, Master node (Driver program) and
Worker nodes (Executors). Node refers to the single machine in the cluster. The node
on which the Spark context is created in the cluster becomes the driver program (Master
node) which in consultation with cluster manager (that could be the Spark’s own stan-
dalone cluster manger or external cluster managers like YARN or MESOS) assigns jobs
to the other nodes in the cluster that serve as worker nodes [186] [185]. However, for this
work a unified Apache Spark data analytics platform Databricks [187] in integration AWS
cloud infrastructure is used. For the purpose of data storage Amazon Simple Scalable
Storage(S3) has been used [188]. Spark cluster architecture used for the deployment of
the ensemble classifier is shown in Figure 5.2. An auto scalable cluster of nodes ranging
from two to eight nodes is used. For the driver node amazon EC2 instance r4.2xlarge
having 61 GB of main memory, 8 cores and 1 Databricks Unit (DBU) and r4xlarge having

30.5 GB of memory, 4 cores and 1 DBU for worker nodes are used.
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Table 5.1: Machine Learning techniques and their tuning parameters used

Technique Method Tuning Parameters

Support Vector Machine | LinearSVC maxlter=10, regParam=0.1

Decision Tree dt maxDepth=5, minInstancesPerN-
ode=20), maxMemoryInMB=256,
impurity= "gini”

Gradient Boosted Tree | ght maxDepth=5, maxBins=32, minln-
stancesPerNode=1, maxMemory-
InMB=256, lossType="logistic’,
maxIter=20

Multilayer Perceptron MultilayerPerceptron | maxIter=100, layers=4, block-

Size=128, seed=1234, solver="1-bfgs’

5.2.3 Machine Learning Techniques

This section carries the brief overview of the various machine learning techniques used to

build the proposed ensemble classifier. Table 5.1 shows various tuning parameters used

for each machine learning technique. The four machine learning techniques used in this

work are as follows:

i. Support Vector Machine (SVM): In SVM hyperplane or set of hyperplanes is created

in a high dimensional space, for the purpose of classification or regression task. The

hyperplane with greater functional margin (i.e. the largest distance to the nearest

training-data points of a particular class) is selected as the final hyperplane for

classifier, as greater the margin lower will be the generalization error of the classifier
[24]. In Spark MLIib linear SVM classifier(LSVC) supports binary classification and
uses the Orthant-Wise Limited-memory Quasi-Newton (OWLQN) optimizer [189]

for optimizing the hinge loss function.

ii. Decision Tree (DT): The decision tree algorithm follows a greedy approach to partition

the feature space using a recursive binary partitioner. In decision tree algorithm

same label is predicted for the bottommost (leaf) partition and for that each par-

tition is greedily chosen from a set of possible splits by selecting the best split, so

as to maximize the information gain at a tree node [22]. For an instance at each

tree node the split is chosen from the set argmaz;IG(D,s); where IG(D,s) is the

information gain when a split s is applied to a dataset D.

iii. Gradient Boosted Tree (GBT): GBTs [190] [191] are the ensemble of decision tree

that iteratively trains a sequence of decision trees in order to minimize the loss

function. GBTs can efficiently deal with the categorical features even without

feature scaling. GBTs are also capable of capturing non-linearities and feature
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interactions. GBTs predicts the label of each training instance in a stage-wise
fashion similar to other boosting methods, and then it generalizes them by allowing
optimization of an arbitrary differentiable loss function. For the classification the
loss function currently supported by GBTs in Spark MLIib is log loss (Equation
5.1) function [185].

LogLoss = 2 Z log(1 4 exp(—2y; F(z;))) (5.1)

i=1

where N is number of instances, y; is label of instance i, z; is features of instance

and F'(x — i) is predicted label for instance i.

iv. Multilayer Perceptron (MLP): MLP in Spark MLIib is the multilayer feed-forward
back-propagation artificial neural network [142]. It consists of multiple layers of
interconnected nodes and each layer is connected to its next layer in the network.
The interconnected nodes in each layer are called processing units or neurons that
make use of some activation function for transforming input to output. The first
layer of MLP is the input layer and represents the input data. The nodes in the
other layers or intermediate layers maps inputs to outputs by the use of linear
combination of inputs with weight w, bias b and applying some activation function.
In Spark MLIib the nodes of the intermediate layer of MLP use sigmoid function
(Equation 5.2) as an activation function while the output layer uses the softmax
function (Equation 5.3)[185] .

(5.2)

f(z) = (5.3)

Zl]cvzl ek

5.3 Proposed Multilevel Ensemble Technique

The ensemble methods are in general used to increase the predictive power of the classifier
so as to deal with the worst case scenario. The proposed the multilevel ensemble technique
is discussed in this section, which is later developed for efficient classification of signal
and background for the benchmark datasets described in Section 5.2.1. In the proposed
Multi-Level Ensemble (MLE) classifier four machine learning techniques have been used
namely, Support Vector Machine (SVM), Decision Tree (DT), Gradient-Boosted Tree
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(GBT) and Multi-Layer Perceptron (MLP). In this technique all the models are trained
on 70% of data and the remaining 30% is used for testing. The technique is divided into

three phases which are discussed as follows:

i. Phase 1: In this phase of the technique SVM classifier is being trained on 70% of
data and the predictions are generated on the remaining 30%. After that the
true predictions generated by the classifier are separated from the false predictions

generated along with their actual labels.

ii. Phase 2: Here two classifiers, GBT and DT classifiers are used. GBT classifier is
trained on the data with false prediction and DT classifier is trained on the true
predictions generated in Phase 1. The split used for training and test data is 70:30
in both the cases. Thereafter, the process of separating the true predictions and
false predictions made by two classifiers (i.e. is GBT and DT) is repeated again.

Then we move to the Phase 3 of the technique.

iii. Phase 3: The Phase 3 of the technique starts with generating the dataframe by con-
catenating the true predictions generated in Phase 1 and false predictions generated
by the two classifiers in Phase 2. Then the multilayer perceptron with 4 layers is

trained on the combined dataframe and the final predictions are generated.

Using this approach, both the true predictions as well as false predictions are refined to
increase the overall accuracy of the proposed classifier. In this technique false positive
results (background considered as signal) at each level are dealt by inputting the true
predictions of the previous level classifier to the next level classifiers. Since the data
travels through all the four models the classifier learns the data in a perfect manner and
hereby contributing to the robust and more accurate predictions. All the three phases
discussed in this section are combined in a single machine learning pipeline using Apache

Spark. Figure 5.3 shows the proposed machine learning pipeline .

5.4 Results

In this section the brief discussion about the results obtained by the ensemble classifier
in terms of different model evaluation parameters and its comparison with the existing

system is provided.

5.4.1 Model Evaluation Parameters

The brief description of the model evaluation parameters used for evaluating the proposed

ensemble classifier are as follows:
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i. Accuracy: Accuracy is the measure of correctness of the model. It tells how precisely
the model is able to predict the target value or class for the new data. Higher the
accuracy more precise are the predictions made by the model. It can be computed
as follows:

TP

Accuracy = TP FN " 100 (5.4)

ii. AUROC: Area Under ROC Curve (AUROC) [192] is another important parameter for
measuring the efficiency of the classifier. ROC curve is generated by plotting the
true positive rate of the classifier against its false positive rate. AUROC is just the
area under the ROC curve. Its value ranges between 0 and 1. Higher the value of
AUROC (i.e. closer to 1) better is the classifier. Equation 5.5 is used for calculating

AUROC.
TP FpP

TP—l—FNd(TN—l—FP)

1
AUROC = / (5.5)
0

where; True Positive(TP) : when actual label or class is positive and is predicted as
positive, True Negative(TN) : when actual label or class is negative and is predicted
as negative, False Positive(FP) : when actual label or class is negative but predicted
as positive and False Negative(FN) : when actual label or class is positive but

predicted as negative.

iii. AUPRC: Another parameter which cannot be ignored while evaluating the efficiency
of the classifier is area under precision recall curve (AUPRC). Precision-Recall curve
[193] is generated by plotting precision against recall and AUPRC is the area under
the PR curve. Similar to AUROC its value ranges between 0 and 1, higher it’s value
more efficient is the classifier. Generally this parameter is considered more reliable
than AUROC in the class imbalance classification problems. Since in this work

we are refining the false positives as well as true positives in three phases of the
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ensemble classifier it is necessary to consider AUPRC for evaluating the efficiency
of the ensemble classifier. Equation 5.6 is used to calculate the AUPRC.

TP d TP )
TP+ FP TP+ FN

1
AUPRC = / (5.6)
0

iv. K-fold cross validation: K-fold cross validation [146] is one of the most popular tech-
nique used for analysing the consistency and robustness of the predictive method.
In K-fold cross validation, the training dataset is split into k sub-samples of equal
size. Then out of the k sub samples the k-1 sub samples are used as the training
data for training the model and the remaining one sub sample is used as a testing
data in each of the k iteration in such a manner that each of the k sub-sample is
used exactly once as the validation or testing data. Finally the results generated
in k iterations can be averaged for taking the estimate of the mean accuracy of
the predictive method or the k results produced can be plotted on graph (line plot
or box plot) for visualizing the fluctuation or variation in parameter values of the
predictive method or classifier. The method with less variation is considered as

more consistent method.

5.4.2 Discussion and Comparison

This section carries the discussion about the results obtained by the proposed MLE
classifier and its comparison with the existing techniques on the basis of model evalua-
tion parameters discussed in Section 5.4.1. In terms of accuracy the MLE classifier has
achieved the mean accuracy of 97.82% and 98.57% for HIGGS and SUSY benchmark
datasets respectively. The mean AUROC values for the MLE classifier are 0.963 and
0.984 respectively which is higher than the mean AUROC values achieved in [173]. Ta-
ble 5.2 shows the comparative analysis of the AUROC values of the MLE classifier with
existing techniques used in [173]. In terms of AUPRC values the MLE classifier scores
the value of 0.985 and 0.967 for HIGGS and SUSY benchmark datasets respectively and
this parameter is not considered in [173]. Table 5.4 shows the mean accuracy, AUC and
AUPRC values achieved by the MLE classifier. Since the Big Data platform Apache
Spark is used for the implementation of the MLE classifier the another important pa-
rameter that cannot be ignored for evaluating the efficiency is the runtime for training
the model and generating the predictions. For evaluating the runtime efficiency of the
MLE classifier both datasets HIGGS and SUSY are split into number of small files which
are the subset of the complete dataset. The process of splitting the datasets is repeated
from 50000 instances split file to complete instances for both HIGGS and SUSY datasets.
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techniques
Technique AUROC
HIGGS | SUSY
Boosted Decision Tree | 0.81 0.863
Neural Network 0.816 0.875
Deep Neural Network | 0.885 0.876
MLE Classifier 0.963 | 0.984

Table 5.3: Runtime evaluation of different splits of datasets

Table 5.2: Comparative results of AUROC values for MLE classifier with other

. File size in KB | Runtime in minutes .
No. of rows in Dataset HIGAS SUSY [ HIGAS SUSY Cluster Size
50 K 35670 23343 1.1 1.1
100 K 71339 46686 1.43 1.3 3 Nodes
1000 K 713380 170954 8.59 3.7
2500 K 1783447 | 1167127 9.28 6.58
Complete dataset 7847166 | 2334256 14.3 10.68 8 Nodes

Table 5.3 lists the number of rows, size of the file in bytes and the corresponding time
taken by the MLE classifier to generate predictions. For the split files with number of
rows upto 1000k three nodes cluster and for the split files more than 1000k rows eight

nodes cluster have been used in this work.

To verify the consistency and robustness of the MLE classifier 5 fold cross validation is
carried out on complete datasets. The MLE classifier shows the consistent performance
for both the datasets in terms all model evaluation parameters. Figure 5.4 shows the
5 fold cross validation results in terms of accuracy for HIGGS and SUSY datasets. For
HIGGS dataset MLE classifier’s accuracy ranges from 96.82% to 98.5% and for SUSY it
ranges from 98.2% to 98.89%. Figure 5.5 shows the AUROC cross valiadtion results for
both the datasets. In terms of AUROC the values ranges from 0.949 to 0.974 and 0.98
to 0.987 respectively for HIGGS and SUSY datasets. Figure 5.6 shows the AUPRC cross
validation results for the datasets. The AUPRC value ranges from 0.977 to 0.992 and
0.965 to 0.969 respectively for HIGGS and SUSY datasets. From Figures 5.4, 5.5 and 5.6

it is clearly seen that MLE classifier shows consistent performance for both the datasets.

Table 5.4: Mean values of model evaluation parameters for ensemble classifier

Evaluation Parameter | HIGGS | SUSY
Accuracy (%) 97.82 98.57
AUROC 0.963 0.984
AUPRC 0.985 0.967
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Figure 5.5: K-fold cross validation of AUROC

Moreover it is also seen that MLE classifier shows better results in terms of accuracy and
AUROC for SUSY dataset, while for HIGGS datasets AUPRC values are higher than
SUSY.

5.5 Conclusion

Considering the need of efficient machine learning techniques in the field of high-energy
physics that can enhance the search of exotic particles in huge experimental data gener-
ated by the particle colliders an effort has been made in this direction using four machine
learning techniques. A multilevel ensemble classifier has been developed that is capable
of searching the exotic particles in two huge particle physics benchmark datasets gener-
ated from the Monte Carlo simulations in LHC. The MLE classifier developed has shown
better and efficient results in terms evaluation parameters than the existing techniques

implemented so far. The proposed MLE classifier classifies the data into signal and back-
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Figure 5.6: K-fold cross validation of AUPRC

ground in three phases. In each phase the true predictions and false predictions are
generated which are further refined in the next phase of the classifier and thereby con-
tributing in achieving the overall accuracy of 97.82% and 98.57% for HIGGS and SUSY
datasets respectively. Furthermore the ensemble classifier has also achieved the excellent

result in terms of parameters like AUROC and AUPRC.
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Chapter 6

Conclusions and Future Works

This chapter is the concluding part of the thesis and proposes some suggestions towards
which the present work can be further extended. Section 6.1 brings out the overall
conclusions of the research work carried out in this thesis, and in section 6.2 suggestions
regarding the future research directions and possible extensions of the work presented in

the thesis are made.

6.1 Conclusion

In this research work, hybrid and ensemble machine learning approaches are proposed
and developed to solve Big Data predictive analytics problems in bioinformatics, ma-
terial science, and particle physics. This research work is motivated by the rise of a
new scientific paradigm known as data-intensive scientific discovery in many sectors like
healthcare, natural sciences, astronomy, bioinformatics, e-commerce, banking, social net-
working, and many more. One of the major reasons for this paradigm shift is the advent
of digital systems in almost every field of our daily life, leading to a huge volume of data
in some sectors. More interestingly, most of the generated data in the present day is
semi-structured or unstructured data. In several sectors like bio-informatics, material
sciences, and particle physics, the use of these data-intensive approaches is still challeng-
ing due to the nature and volume of data. Sometimes the traditional machine learning
techniques seem to behave in a limited fashion in the knowledge discovery process due to

the complexity of Big Data.

In this work, some research problems were identified in bioinformatics, material sciences,
and particle physics; they require some innovative machine learning solutions. The hybrid
and ensemble solutions developed in this work make use of unsupervised, supervised,
heuristic, and greedy approaches to provide an accurate and efficient solution for the
problem at hand. Moreover, we have also taken the leverage of the most popular Big
Data platform, Spark, for dealing with the scalability of the ensemble technique developed
in this work. One of the works’ multi-criteria decision-making technique has also been

used to find the optimal predictive analytics technique for the problem. The developed
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techniques’ efficiency was evaluated on various model evaluation parameters like precision,
recall, AUROC, AUPRC, RMSE, etc. Comparative analysis of the model evaluation

results is also done with the benchmark techniques available for that domain.

HTLVs type prediction (Case Study 1): In this work, the 64 hybrid machine learning
methods are developed and tested for the prediction of different type of human t-cell
lymphotropic virus (HTLV) in a high dimensional dataset of 292 features extracted from
the protein sequences of HTLVs (HTLV-1, HTLV-2, and HTLV-3), non-HTLV and their
similar proteins. The dataset is firstly labeled using the K-means clustering algorithm;
then, the feature weighting is done to identify the important features for training the
machine learning models. Finding the optimal features to serve as an input to train the
models is done using two heuristic search and two greedy search techniques. Finally,
the models are trained using the optimal features and are evaluated based on model
accuracy, recall (TPR), specificity (TNR), precision (PPV), negative predicted value
(NPV), AUROC value, and F1 score. Furthermore, the robustness of the best models in

each category is explored using 10-fold cross-validation.

Finally, based on the analysis of all the evaluation parameters, it is found that random-
forest in combination random-forest importance and forward search is the most accurate
and reliable predictive method among other methods developed in this work.The best
hybrid model has been described as having outstanding clinical accuracy, AUROC value
and F1 score of 99.85% from 0.99, and 0.99. This kind of method will assist the existing
diagnostic system for the identification of HTLV-1 such that after a molecular diagnosis of
HTLV by immunoassays like enzyme-linked immunoassay or particle agglutination assays,
there is still a need for confirmatory tests like western blotting, immuno-fluorescence
assay, or radio-immuno-precipitation assay to differentiate HTLV-1 from HTLV-2. This
confirmatory procedures are very elaborate and require a variety of complicated steps.
The proposed hybrid techniques enable the identification of the protein mixture in the

actual solution.

Kinematic viscosity prediction of nanolubricants (Case Study 2): In this work, the effec-
tiveness of four machine learning techniques for viscosity prediction of transmission oil,
hydraulic oil, and gear oil nanolubricant has been visualized. Base fluids are widely used
lubricants in heavy earthmoving machinery. The dispersion of nanoparticles prepares test
samples are base oil, and thermophysical properties are tested at varying temperatures.
Further, the four machine learning techniques are employed to predict transmission oil,
hydraulic oil, and gear oil-based nanolubricant viscosity. All the machine learning models
are trained on 70% of the experimental data is used. The remaining 30% is used as the

test data for evaluating the efficiency of the four machine learning techniques in each
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nanolubricant category. Finally, the MCDM based technique TOPSIS is used on the
model evaluation results to find the best predictive method in each category. A neural
network, random forest, and decision tree come out to be the best predictive method for
gear oil, hydraulic oil, and transmission oil nanolubricant, respectively. Eventually, this
study provides a new theoretical basis in nanolubricants for creating software programs
that allow the user to know the lubrication oil efficiency to suppress the operating costs

for heavy earthmoving machinery.

Multilevel ensemble classifier (Case Study3): Considering the need for efficient machine
learning techniques in the field of high-energy physics that can enhance the search of
exotic particles in huge experimental data generated by the particle colliders, an effort
has been made in this direction using four machine learning techniques. A multilevel
ensemble classifier has been developed to search the exotic particles in two huge particle
physics benchmark datasets generated from the Monte Carlo simulations in LHC. The
MLE classifier developed has shown better and efficient results in terms of evaluation
parameters than the existing techniques. The proposed MLE classifier classifies the data
into signal and background in three phases. In each phase, the true predictions and
false predictions are generated, further refined in the next phase of the classifier, thereby
contributing to achieving the overall accuracy of 97.82% and 98.57% for HIGGS and SUSY
datasets, respectively. Furthermore, the ensemble classifier has also achieved excellent
results in terms of parameters like AUROC and AUPRC.

6.2 Future Work

This work primarily focuses on developing hybrid and ensemble machine learning tech-
niques for Big Data problems, but plenty of work can be taken into consideration for
future development in this direction. Some of the suggestions for future work are as

follow:

1. The web-based hybrid machine learning platform can be commercially developed

to predict HTLV 1 to support existing diagnostic systems.

2. MCDM based machine learning techniques developed in this work can be used
for kinematic viscosity prediction of several other nanolubricants by developing
computer software that can work with a variety of nanolubricants data. This work
can also be extended by replacing the machine learning techniques with suitable

deep learning algorithms.

3. In recent years, several deep learning algorithms came into the limelight for solv-
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ing Big Data problems, but they still face scalability and efficiency issues. The
approaches adopted in this research work to build efficient machine learning tech-
niques to improve the efficiency of deep learning techniques and address scalability

1ssues.
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