
 

 
 

SU+ @ Strathmore 

University Library 
 

  
 

Electronic Theses and Dissertations 

 

 

This work is availed for free and open access by Strathmore University Library.  

It has been accepted for digital distribution by an authorized administrator of SU+ @Strathmore University. 

For more information, please contact library@strathmore.edu 

 

 
2021 

 

Robust statistical learning for optimal 

classification of imbalanced data. 

 
 

Juma, Samuel Wanyonyi 
Strathmore Institute of Mathematical Sciences  
Strathmore University 
 
 
 
 
 
 
 
 
 
 
 

 
 

 

Recommended Citation 

Juma, S. W. (2021). Robust statistical learning for optimal classification of imbalanced data [Thesis, 

Strathmore University]. http://hdl.handle.net/11071/12814 

 
 
 

Follow this and additional works at: http://hdl.handle.net/11071/12814 

https://su-plus.strathmore.edu/
https://su-plus.strathmore.edu/
http://hdl.handle.net/11071/2474
mailto:library@strathmore.edu
http://hdl.handle.net/11071/12814
http://hdl.handle.net/11071/12814


Robust Statistical Learning for Optimal Classification of

Imbalanced Data

Samuel Wanyonyi Juma

A Research Thesis Submitted to the Graduate School in partial fulfillment of the

requirements for the Award of Master of Science Degree in Statistical Sciences at

Strathmore University

Strathmore Institute of Mathematical Sciences (SIMS)

STRATHMORE UNIVERSITY

SEPTEMBER, 2021

NAIROBI, KENYA

This thesis is available for Library use on the understanding that it is copyright
material and that no quotation from the thesis may be published without proper

acknowledgement.



DECLARATION AND APPROVAL

DECLARATION

I declare that this work has not been previously submitted and approved for the award

of a degree by this or any other University. To the best of my knowledge and belief, the

thesis contains no material previously published or written by another person except

where due reference is made in the thesis itself.

© No part of this thesis may be reproduced without the permission of the author and

Strathmore University

Samuel Wanyonyi Juma

Signature:

Date: 14th September, 2021

APPROVAL

The thesis of Samuel Wanyonyi Juma was reviewed and approved by the following:

Dr. Ojwang Collins Odhiambo,

Senior Lecturer, Strathmore Institute of Mathematical Sciences (SIMS),

Strathmore University

Dr. Bernard Shibwabo,

Director of Graduate Studies,

Strathmore University

ii



ABSTRACT

Neurobiological disorders such as Learning Disabilities (LD) are increasing becoming

a major concern in education and health sectors, hence, precise identification of these

disorders is critical. While neuropsychological assessments play an important role in

diagnosis, there is limited conventional methodologies for test administration, scoring

and interpretation of results. Consequently, there is frequent misclassification of children

due to imprecise distinction between children with learning disabilities and those with

learning difficulties. This research sought to apply statistical and Machine Learning

(ML) approaches to strengthen the LD diagnostic process. This research addresses

the challenges of learning from imbalanced data, a characteristic often associated with

LD data due to low prevalence of the disorder. Imbalanced data poses a challenge in

designing efficient ML solutions since standard classification models assumes fairly

distributed classes. The study used experimental design to identify a suitable base

learner, and corrective technique to tackle the challenge of imbalanced data. Statistical

experiments performed were based on secondary data obtained from a Baseline Survey

on Learning Disabilities conducted by Kenya Institute of Special Education in 2019. It

was found that Support Vector Machine (SVM) is the best base learner for imbalanced

data with the highest classification efficiency compared to other classification models.

For data with high dimensionality, it was found that the classification power of Artificial

Neural Network (ANN) was better than that of SVM despite the need for significantly

higher computational effort. When data dimensionality is reduced, it was observed

that classification power of ANN reduces significantly. SVM was also found to be a

more flexible model whose classification power is least affected by changes in data

dimensionality. It was found that both Adaptive Boosting (AdaBoost) and Adaptive

Synthetic Sampling (ADASYN) equally perform well in tackling the imbalanced data,

with AdaBoost performing slightly better, although the difference was not statistically

significant. The study concludes that SVM and ANN can be used to model highly

imbalanced data to achieve the highest classification accuracy with respect to the

minority class. ADASYN and AdaBoost methods can be used jointly to built a more

robust corrective algorithm to tackle highly imbalanced data.
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CHAPTER ONE

1 INTRODUCTION

1.1 Background of the study

Over the last few decades, there has been a rapid increase in the production, acquisition

and storage of data in different fields such as business, communication, education

among others, resulting into what is described as the era of big data. The rapid

growth in the production of massive, voluminous, variety and high velocity data

is attributable to advanced modern computer infrastructure to store and process the

data. Availability of machine learning (ML) toolkits such as R, Python, TensorFlow

and Hadoop provide opportunities to synthesize data into useful information. The

advancement in computational and data processing infrastructure provides opportunities

to apply these ML methodologies in different domains of life (Hyde et al., 2019). One

such area of life that statistical and ML methodologies can be applied is diagnostic

assessment of neurodevelopmental disorders such as cognitive or learning disabilities

(LD).

Diagnostic assessment of cognitive or learning disabilities (LD) closely resembles

supervised machine learning tasks. A typical conceptual model for a supervised machine

learning problem is characterised by both input space of the attribute set X and a

predefined outcome, Y . Thus, historical data points (xi, yi) are used to train a machine

learning model. LD data has both attribute set variables (scores from the psychometric

tool) and predefined binary outcome which shows whether the individual has LD or not,

thus, with appropriate Mathematical definition of LD data, the diagnostic process can

be modelled using supervised machine learning approaches.

In general, learning disability (LD) is a rare condition a low prevalence in a normal

population. The prevalence of LD vary significantly across different parts of the

world. For instance, in 2016, the Centres for Disease Control and Prevention (CDC)

estimated that 1 in 53 children has a learning disability in the USA. In 2019, the

Learning Disabilities Association of America (LDA) estimated that 1 in 45 children has
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a learning disability. In the same year, 2019, the Kenya Institute of Special Education

conducted a survey in Kenya (KISE, 2019) and found that at least 1 in 40 children in

public primary schools have a learning disability.

Learning disability (LD) manifests itself in heterogeneous forms such as dyslexia,

dyscalculia, dysgraphia, auditory processing disorder, language processing disorder,

nonverbal learning disabilities and visual perceptual/visual motor deficit (Sternberg,

2018) among others. The heterogeneous nature of LD with respect to its manifestation,

etiology, risk factors, severity and response to interventions has led some researchers to

cast doubt on the traditional analysis methods used to diagnose LD (Miciak & Fletcher,

2020). This situation causes one to wonder whether statistical and machine learning

approaches may contribute towards finding better solutions to diagnostic assessment of

LD.

Supervised machine learning (SML) tasks involve estimation of a predictive mapping

function f : A 7→ B such that;

∀ b ∈ B ∃ some a ∈ A (1.1)

so that, for a sample n, the f(a) = b for every ith instance (i . . . n) with the minimum

error. A typical SML task involves providing complete instances of input variables

and the corresponding target variable at model training stage from which the model

‘learns’. A supervised learning model is thought to be successful when it can; (a)

predict accurately the target outcomes of the training data to a reasonably high degree of

accuracy (in-sample performance) and (b) be used to generalise new datasets out of the

training sample (out of-sample performance). The training dataset is, thus, expected to

be as much as possible a full representation of all dynamics of the problem under study.

A binary bisector of data into one training and one testing datasets may not provide

sufficient dynamics to represent the problem under study, and thus, additional statistical

treatment of the data is needed during model training.
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One such statistical treatment is cross-validation (CV) technique (Raschka, 2018). The

CV technique is often used to improve the model’s predictive ability by recursively

separating sections of the data into training and testing datasets, until the model has

been trained and tested on all the available data (Gujar & Vakharia, 2019). Depending

on the size of data and the computational ability available, either K-fold cross-validation

or leave-one-out cross validation (LOOCV) may be used (Magnusson et al., 2020). A

K-fold cross-validation approach separates the data into K-folds (subsets) and trains

the model on all but one of the subsets and tests on the remainder, and the average of

scores on all the runs is computed. In LOOCV, all the data points except one are used

to train the model and tested using the left-out point. This process is repeated for each

of the data points, and average scores computed.

Classification and linear regression analysis are the two main approaches in the supervised

machine learning (SML) framework (B. Hou et al., 2017). The main difference between

the application of these two approaches lies in the nature of the outcome variable Y .

Linear regression analysis is used in the cases where the target variable is continuous

while classification is used where the target variable is categorical. Further, if the

target variable has only two possible outcome, the problem is described as a binary

classification. In cases where the target variable has more than two possible outcomes,

the problem is described as multi-class classification. This study focuses on binary

classification a SML methodology since the target variable (e.g., diagnosis) in the

learning disabilities (e.g. absence=0 or presence=1 of LD).

The concept of classification in ML has previously been considered in a broader sense

cross-cutting supervised learning (Zheng et al., 2018), unsupervised learning (L. Zhang

et al., 2019) and semi-supervised learning (B. Hou et al., 2017) approaches. In the

context of unsupervised learning, classification is used as pattern discovery technique.

Classification is used to model differentiable clusters or groups in the data ( e.g.,

segmentation tasks). In supervised learning, models are trained to classify objects based

on existing data points (xi, yi) to model statistical rules to generalize classification

criteria for unobserved data (i.e., prediction tasks).

The construction of a classification model is aimed at studying the underlying relationships

between the input set of attributes X and the class label yi, i ∈ [0, 1], and identifying a

3



function that best maps the input space of the training data points to the target variable. It

is hoped that the function so identified will correctly map a set of attribute to the correct

class label in any previously unseen data. The overall objective in supervised machine

learning is to build a function or data model with a reasonably good generalization

ability. For the best generalization, the model should properly fit the training dataset

(Nasteski, 2017). If the model poorly fits the training dataset, then both the training error

and generalization error are high, this phenomenon is described as model underfitting.

In such a case, a better learning approach should be sought to simultaneously reduce

both the training error and the generalization error.

There arises situations where the model fits the training dataset too well, increasing

performance on training dataset while the generalization error becoming worsen. This

phenomenon where a model performs well on training dataset and poorly on new

observation is described as model overfitting. According to Bilbao & Bilbao (2017)

overfitting happens when a model learns the detail and noise in the training data to

the extent that it negatively impacts the performance of the model on new data. To

avoid overfitting, regularity conditions such as Minimum Description Length (MDL)

may be introduced to limit exhaustive learning on the dataset. The MDL states

that given a limited set of observed data, the best model is the one that permits the

greatest compression of the data (Grünwald & Roos, 2019). That is,the more data is

compressed, the more we learn about the underlying regularities that generated the

data. Such a process generates an unavoidable maximum-generality bias favouring the

discovery of more general rules (Datta et al., 2017). However, such an inductive bias of

maximum-generality poses a serious challenges in learning from and classification of

imbalanced data.

The problem of imbalanced data in binary classification tasks arises when there are

significantly more instances of one class type than the other. According to Lin et al.

(2020), most of the contemporary works in class imbalance concentrate on imbalance

ratios ranging from 1:4 up to 1:100. In real-life applications such as fraud detection

or cheminformatics we may deal with problems with imbalance ratio ranging from

1:1000 up to 1:5000 (Lin et al., 2020). Diagnosis of a rare disease for instance is a

good illustration of a binary classification task, where the interest is to establish the
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presence or absence of the disease. In such a situation, the number of positive cases

will definitely be significantly lower compared to negative cases.

In practice, correct identification of individuals at risk (the positive cases) is crucial for

the purpose of prescribing interventions. In this application, a favourable classification

model would be one that provides a precise and higher identification rates of the

infrequently occurring class. A classification model that describes the attributes of the

rare classes with higher precision need to be more specialized rather than a conventional

simplification by use of general rules emanating from data compression techniques

as described by Grünwald & Roos (2019). Currently, classification rules that predict

the small classes tend to be rare, ignored or undiscovered; consequently, test samples

belonging to the small class are misclassified more often than those belonging to the

most prevalent class. Therefore, in this study, we argue that maximum-generality bias

works well for the large class but not for the small class.

Noisy data also contributes to difficulties experienced in learning from imbalanced data.

In practice, most data obtained from psychometric assessment tools contains various

types of errors. Stochastic errors, for instance, occur frequently in disciplines that

rely substantially on domain expert judgement to compliment the conclusions arrived

at through a rigorous scientific procedure, thus increasing the background noise in

the data. If the noise in the data is sufficiently high, a standard classification model

may fail to distinguish between genuine rare instances and the noise-induces instances.

Noise-tolerant models, as described by Bootkrajang & Chaijaruwanich (2020) are aimed

at minimizing the impact of noise in the training dataset also tend to treat the minority

class as noise. This is because the attribute set associated with these rare class may

appear to have an anomalous distribution, making it difficult to learn from imbalanced

data (Lin et al., 2020).

The classification task in machine learning poses difficulties when the distribution of

classes in the data is imbalanced. In most real world application, identification of

members of the minority class is of prime importance (Grünwald & Roos, 2019). For

example, diagnosis of neurobiological condition which is a rare event using machine

learning is important yet difficult because of imbalanced distribution in the data because

positive cases are the minority. Any dataset with an unequal class distribution is
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technically imbalanced. However, a dataset is said to be imbalanced when there is a

significant, or extreme, disproportion among the number of examples of each class of

the problem (Lin et al., 2020).

A slight within-class imbalance is not a concern for standard classification tasks using

well-known approaches such as ZeroR, Repeated Incremental Pruning to Produce

Error Reduction (RIPPER), K-Nearest Neighbours (KNN), Naive Bayes (NB), Logistic

regression (LR), Support Vector Machines (SVM), Decision Trees (DT) and Random

Forests (RF). This is because the problem can be assumed to be like a normal classification

predictive modelling problem. However, an extreme class imbalance can be challenging

to model, requiring the use of more specialized techniques. Several approaches have

been proposed to tackle the problem of class imbalanced. These approaches can be put

in three general categories namely: data level approaches, algorithm level approaches

and cost-sensitive approaches.

Sampling methods primarily constitute data-level approaches that attempt to rebalance

the distorted class distribution by either creating new instances of minority classes by

duplication (oversampling) or deleting instances of major classes (undersampling). Both

oversampling and undersampling uses the same logic of rebalancing the distribution

of classes. There are many existing undersampling approaches such as Random

Undersampling (Hasanin & Khoshgoftaar, 2018), One-sided Undersampling (Y. Hou

et al., 2019), Condensed Nearest Neighbour Rule (Siddappa & Kampalappa, 2019),

Cluster Based Undersampling (Rayhan et al., 2017), and NearMiss Undersampling

(Ishwaran & O’Brien, 2020). Similarly, there are many oversampling approaches such

as Random Oversampling (J. Zhang & Chen, 2019), Synthetic Minority Oversampling

Technique (SMOTE) (Elreedy & Atiya, 2019), Borderline-SMOTE (Smiti & Soui,

2020), Adaptive Synthetic Sampling (ADASYN) (Hasmita et al., 2019), and Cluster

Based Oversampling (CBO)(Gong et al., 2019).

Algorithm level approaches attempt to tackle the problem of imbalanced data by

modifying the learning procedure itself through a recursive process. Statistical boosting

is a popular class of algorithm level approaches to tackling imbalanced data problem.

While statistical boosting methodology was not primarily designed for imbalanced data

problem, adaptive boosting (AdaBoost) algorithm is has been widely used to tackle
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the imbalanced data problem (Baig et al., 2017). The AdaBoost Algorithm pay more

attention to examples of minor class or examples which are hard to classify by assigning

them higher weights than the majority class on each boosting round. Cost-sensitive

methods use a cost matrix with different misclassification costs for each class (Tao et al.,

2019) and try to minimize misclassification costs during learning instead of maximizing

accuracy. Typically, cost-sensitive approaches are a blend of data level and algorithm

level approaches to tackling imbalanced data problem.

1.2 Statement of the problem

Despite significant development in the field of machine learning, classification of

imbalanced data still poses significant challenges in the development of efficient

learning algorithms. Available research evidence suggest that standard classification

models perform poorly when applied to imbalanced data, yet we find imbalanced

data in most real life applications in areas such as fraud detection, medical diagnosis,

instruction detection among others. The field of cognitive neuroscience for instance,

frequently encounter imbalanced data in diagnostic assessment of individuals with

learning disabilities. Thus, robust statistical learning methods are required for successful

application of machine learning in predictive modelling of any rare event. Literature

reports a number of solutions to tackle the challenges posed by imbalanced data. These

solutions can be either algorithm-based or data-based approaches. Algorithm-based

approaches attempt to adapt a standard classifier to suit the case at hand, while

data-based approaches attempt to tackle the problem by rebalancing the distribution

between the majority and minority classes. To date, experts in different disciplines

choose either algorithm-based or data-based solutions in addressing merely based on

contextual convenience rather than conventional statistical principles. This may be

the case due to limited research evidence that blend rigorous statistical theory and

empirical data from the field of interest, thus lacking general guiding principles for

choosing a particular solution. This study, therefore, sought to bridge this knowledge

gap by providing a systematic statistical learning framework from imbalanced data,

with applications in diagnostic assessment of learning disabilities.
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1.3 Research Objectives

The main objective of this study is to analyse effectiveness of classification models

in a supervised machine learning context, with the aim to document a framework for

statistical learning from imbalanced data as applied to diagnostic assessment of learning

disabilities data.This study answers the following research questions;

1. Which classification model is best suited as a base learner classifier for imbalanced

data?

2. Which sampling technique is best suited to tackle the imbalance data problem?

3. How does the best sampling technique compare with statistical boosting in

tackling the imbalanced data problem?

1.4 Justification of the study

The challenge of imbalanced data classification continues to be a difficult problem

when designing and deploying machine learning solutions in modelling rare events.

This challenge is even worse when minority class also exhibit character heterogeneity

among individual members. The best illustration of this scenario is found in cognitive

neuroscience field, particularly in assessment of children with learning disabilities

(LD). LD manifests differently in different persons as dyslexia (difficulties in reading),

dyscalculia (difficulties in arithmetic), dysgraphia (difficulties in graphs interpretation)

among others. In classroom, one can easily mistake a child with LD to one with other

academic difficulties or vice versa. When the cause of the child’s difficulties is correctly

identified, appropriate intervention measures can be taken to support the child gain

compensatory skills to their inadequacies. In the era of artificial intelligence (AI), it

may be desirable and indeed beneficial to develop learning algorithms to detect LD

with the highest precision. To this end, literature suggest that application of machine

learning in diagnosis of LD is still at infancy stages especially in Sub-Saharan Africa

(SSA). It is against this backdrop that it was important to conduct this research, which

is founded on a rigorous statistical theory and a substantial understanding of diagnostic

assessment of LD.
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1.5 Thesis organization

This thesis is organised into five chapters as follows: Chapter one provides contextual

background information on imbalanced data classification. The chapter also highlights

the statement of the problem, research objective and research question, and the motivation

of using learning disabilities diagnostic assessment data under the justification section.

Chapter two presents a critique of literature on the nature of imbalanced data problem,

metrics of evaluating model performance, standard classification models and a review of

available techniques to tackling imbalanced data problem. Chapter three presents the

research methodology applied to address the research questions. The chapter presents a

detailed description of the data used, data transformation techniques, model selection

criteria, data analysis procedures and ethical considerations in research. Chapter four

presents the results and discussions of the study. The discussions presented in chapter

four are based on the research questions beginning with identification of the base learner

classifier, proceeds to identification the best sampling methods for tacking imbalanced

data and closes by presenting a comparative analysis of the performance of the best

sampling technique and statistical boosting method (Adaptive boosting) in tackling

imbalanced data problem. Chapter five presents conclusions and recommendation of

the study based on the analysis of data, and synthesis of contemporary literature on

imbalanced data classification techniques. The conclusions made herein are aimed at

advancing statistical knowledge on imbalanced data classification methodologies and

offer insightful recommendations on best practices in assessment of learning disabilities.
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CHAPTER TWO

2 LITERATURE REVIEW

2.1 Introduction

This chapter presents a review of literature on the context of imbalanced data in diagnosis

of rare events, classification models, model evaluation metrics and approaches to

tackling imbalanced data. The chapter begins by critiquing perspectives of imbalanced

data in machine learning, then proceeds to detail the theoretical, analytical and domain

applications of standard classification models and performance evaluation metrics. The

chapter ends by analysing approaches of tackling the imbalanced data problem with

more emphasis on data-based approaches.

2.2 Review of the imbalanced data problem

Classification and regression analyses falls within the context of supervised machine

learning category. Supervised machine learning tasks are characterised by ‘labelled’

datasets. The conceptual model of a labelled dataset suggest presence of both an

input space variances X and known or well-defined response variable Y . Broadly,

regression analysis is preferred when the response variable Y hold numerical values

while classification is preferred when the response variable Y is categorical in nature.

In constructing a classification model, a learning algorithm reveals the underlying

relationship between the attribute set and class label, and identifies a model that best its

the training data. The task of the constructed classifier is to predict the class labels for

any unseen input objects.

An imbalanced classification problem is an example of a classification problem where

the distribution of examples across the known classes is disproportional. According to

Rayhan et al. (2017), the disproportional distribution can vary from a slight imbalance to

a severe or extreme imbalance, where there is one example on the minority class type in

hundreds, thousands, or millions of examples on the majority class or classes.Imbalanced

classifications pose a challenge for predictive modelling as most of the machine learning
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algorithms used for classification were designed around the assumption of an equal

number of examples for each class (Rayhan et al., 2017). This results in models that

have poor classification performance, specifically for the minority class. This is a

problem because in many practical cases, identification of the minority class is more

important. Therefore the problem is more sensitive to classification errors for the

minority class than the majority class.

2.3 Classification models

Classification is a predictive modelling problem that involves assigning a class label to

each observation. When the classification task has a only two classes, this is referred to

as binary classification while in cases where there are more than one classes, then we

have a multi-class problem. There are many different classification models that are used

in machine learning for the purpose of classifying observations. These models can be

grouped into categories based on their computational frame such as covariance matrix

where linear discriminant analysis and logistic regression belong, similarity function

where k-nearest neighbour belong, tree based models where decision trees and random

forest belong and distance based models. This section presents a review of literature on

these models.

2.3.1 Naive Bayes

Naive Bayes (S. Chen et al., 2020) is a popular classification algorithm in in machine

learning and data mining. A Naive Bayes classifier is a basic probabilistic based

technique, which can foresee the class membership probabilities (Abellán & Castellano,

2017). As it computes the likelihood of membership for each class, it can handle the

missing attribute values by omitting the corresponding probabilities for those attributes.

In a Naive Bayes classifier, the effect of an attribute on a given class is also independent

of those of other attributes, which is known as class conditional independence. This

classifier computes the probability to classify or predict the class in a given dataset.

Granik & Mesyura (2017) used naive bayes in their study to detect fake news and

reported 74% accuracy.

11



Feng et al. (2018) used naive bayes classifier in predicting slope stability. Another

study discusses the performance of naive bayes within the context of deep learning

where the classifier was found to have a classification error of 13.85% (Shi et al., 2017).

Literature seems to suggest that this model is popular in multi-dimensional contexts. In

fact, some researchers argue that naive classifier can sometimes cause zero-probability

problems. Other draw backs that have been associated with naive bayes include high

computational cost when the explanatory variables are significantly high. Since there is

no guidance on how many input variables are considered to be significantly high, we

would like to see the performance of this model with disability assessment data will 88

input items which are collapsible to seven variables.

2.3.2 Decision tree

A very well-known and mostly discussed technique for classification and then used for

prediction is decision trees (Kamiński et al., 2018). According to some scholars such as

Triantafyllidis et al. (2020) and Cañete-Sifuentes et al. (2021), decision trees models

are popular classification models that resemble human reasoning. The popularity of this

model emanate from its simplicity in making stand-alone decision at every instance

node. However, the model may become overly complicated and slow to implement

in high dimensional data (Cañete-Sifuentes et al., 2021). While multivariate decision

trees (MDTs) have recently been thought to mitigate this problem, Triantafyllidis et al.

(2020) claims that the implementation have no statistical sustain and, hence, there is

a lack of general understanding of the actual capabilities of existing MDT induction

algorithms.

The core algorithm for building decision trees called ID3 proposed by Quinlan (Elaidi et

al., 2018). ID3 algorithm constructs a decision tree by employing a top-down approach

in which a greedy searching through the given training dataset is used to test each

attribute or context at every node. It calculates the entropy and information gain which

is a statistical property that is used to select which attribute to test at each node in the

tree (Elaidi et al., 2018). C4.5 builds decision trees from a training dataset in the similar

procedure as ID3. This algorithm generates contextual decision rules to predict mobile

user activity. C5.0 is another modified decision tree algorithm used for predictive
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modelling (Damanik et al., 2019). C5.0 decision tree is significantly faster and more

memory efficient than C4.5.

Despite progressive improvement in algorithmic development of decision tree algorithms

but fails to show how these algorithms performs on different data. The situation is

even worse when it comes to classification of imbalanced data where limited research

has been done to test the performance of different decision tree algorithms. It will be

important therefore to see how this turns out to be when applied to an empirical data

with extreme class imbalance.

2.3.3 Linear Discriminant Classifier

Linear Discriminant Analysis (LDA) is a simple classification rule, which presents

a low degree of overfitting, and is therefore useful for application in small-sample

cases. Provided that the underlying feature-label distribution is linearly separable,

LDA produces very good classifiers. Linear Discriminants is a statistical method

of dimensionality reduction that provides the highest possible discrimination among

various classes, used in machine learning to find the linear combination of features,

which can separate two or more classes of objects with best performance.

Linear Discriminant Analysis (LDA) has been widely used in many applications, such

as pattern recognition, image retrieval, speech recognition, among others. The method is

based on discriminant functions that are estimated based on a set of data called training

set. These discriminant functions are linear with respect to the characteristic vector, and

usually have the form;

f (t) = W tx+ bo, (2.1)

where W represents the weight vector, x the characteristic vector, and bo a threshold.

The criteria adopted for the calculation of the vector of weights may change according to

the model adopted. In de Jia et al. (2019), for example, the parameters were determined

by maximum-likelihood calculated from the training data. In terms of standardization,

LDAs are the classifiers used that most meet recommendations from various insurance

firms in Australia, being often chosen by the authors for their simplicity and the

emphasis that is wanted on the proposed characteristics (Rajaguru & Prabhakar, 2017).
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One of the most recent classifiers proposed with LDA was able to classify and accurately

differentiate normal and abnormal heartbeats through a simple, efficient, and rapid

method that did not require the use of complex mathematics (Kolukisa et al., 2018).

LDAs can easily overcome problems generated by the imbalance of the training set

a difficulty presented by approaches based on SVM. Another advantage is that the

LDA classifier, when compared to support vector machine, requires less training time,

because it simply calculates training data statistics, and then the classification model is

defined; so it is not iterative. The current study sought to evaluate performance of linear

discriminant analysis on classification of an imbalanced dataset in whose the minority

class exhibit additional heterogeneous characteristics.

2.3.4 Logistic regression

Logistic regression (De Caigny et al., 2018) is another probabilistic based classification

model that can be used in machine learning. Logistic regression estimates the probabilities

of class membership using a logistic function, which is also referred to as sigmoid

function. The hypothesis of logistic regression tends it to limit the function between

0 and 1. This classifier measures the relationship between the categorical dependent

variable and one or more independent variables for a given dataset. The dependent

variable is the target class to be predicted. The independent variables are the attributes

or contextual features to be used in the prediction.

In this study, teacher rating scores from learning disabilities evaluation scale will be

used as independent variables and a binary label assigned to the learner by the teacher

as either at risk or not will represent the dependent variable. Consider a typical linear

regression model;

p = α + βx, (2.2)

where a continuous dependent variable y is replaced with a probabilistic quantity

p restricted to taking values between 0 and 1. Model 2.2 can be made suitable by

introducing regularity conditions to transform variable −∞ < y < ∞ into a quantity

0 ≤ p ≤ 1.
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Suppose we define;

p = eα+βx. (2.3)

(De Caigny et al., 2018)

We would guarantee that p is positive since right hand side of model 2.3 cannot produce

a negative real value, however, it can result into a value greater than 1. To achieve our

final constraint of estimating a non-negative p equal to or below 1, we define;

p =
eα+βx

1 + eα+βx
(2.4)

(Dedeturk & Akay, 2020)

The right hand side of model 2.4 is a logistic function, which can be used to define the

probability of an event occurring. By definition, if an event occurs with probability p,

the odds in favour of the event are
p

1− p
to 1. By implication, the odds in favour of

success of an event occurring with a probability defined by model 2.4 are;

p

1− p
=

eα+βx

1+eα+βx

1
eα+βx

, (2.5)

= eα+βx

.

Taking the natural logarithm of each side of this equation,

ln

[
p

1− p

]
= ln[eα+βx], (2.6)

= α + βx

.

Thus, modeling the probability p with a logistic function is equivalent to fitting a linear
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regression model in which the continuous response y has been replaced by the logarithm

of the odds of success for a dichotomous random variable. Instead of assuming that

the relationship between p and x is linear, we assume that the relationship between

ln[p/(1− p)] and x is linear. The technique of fitting a model of this form is known as

logistic regression (De Caigny et al., 2018).

Logistic regression has been used in different fields for classification tasks. Limited

studies have used logistic regression method in classification. For instance, Dedeturk &

Akay (2020) considered logistic regression in their work to predict spam filtering trained

by bee colon algorithm. Major draw back of logistic regression classifier is its linearity

assumption. The model assumes that the classes are linearly separable which is not

always true in most practical application tasks such as diagnosis tasks. For this reason,

other extensions such as lasso logistic regressions and inverse logistic regressions have

been developed (Robles et al., 2019). It may be important therefore for other application

domains such as diagnosis of learning disabilities to study the applications of logistic

regression. This study might be an opportunity to provide insights on how to extend the

functionalities of logistic regression into the domain of disability assessment.

2.3.5 K-nearest neighbours

K-nearest neighbours (Cunningham & Delany, 2020) is a simplest classification technique

in machine learning. It is a type of instance-based learning, or lazy learning. In

this classification technique, it takes into account local approximation and all the

computation is deferred until classification. The classifier stores all the available cases

in the given dataset and classifies new cases based on distance functions like Euclidean

distance as a similarity measure.The Euclidean distance between two arbitrary points q

and p is defined by;

d(p, q) =

√√√√ n∑
i=1

(qi − pi)
2. (2.7)

After that the K most comparable occasions, called the neighbours, are controlled via

seeking through the whole preparing set for another test information point. Finally, the
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expectation result is made by abridging the yield variable for those K cases dependent

on larger part casting a majority voting of the neighbours. A number of researchers

use KNN classifier in different areas such as the study of fuzzy logic (Patel & Thakur,

2019), threat detection (Sarma et al., 2017) and detection of plant disease (Hossain et

al., 2019) among many other applications. In all these instances, researchers tend to

use k-NN with a boosting or sampling mechanism of some sort unless the event of

interest is thought to have a higher prevalence rate. These approaches seem to suggest

that k-NN tend to ignore the minority classes and thus a more robust solution need to

be sought in order to improve the performance of k-NN. Additionally, k-NN does not

seem to have had widespread application in the field of diagnosis such as disability

assessment. It will be interesting therefore to see the extension of k-NN in classification

tasks for disability assessment.

2.3.6 Artificial Neural Networks

According to an overview by Dick et al. (2019), as a sub-field of AI, machine learning

provides indispensable tools for intelligent data analysis. Three major branches of

machine learning have emerged since electronic computers came in to use during the

1950s and 1960s: statistical methods, symbolic learning and neural networks. ANN

have been successfully used to solve highly complex problems within the physical

sciences and as of late by scholars in organizational research as digital tools enabling

faster processes of data collection and processing. As practical and flexible modelling

tools, ANN have an ability to generalize pattern information to new data, tolerate noisy

inputs, and produce reliable and reasonable estimates (El-Khatib et al., 2019).

Artificial neural networks (ANNs) were originally developed as mathematical theories

of the information-processing activity of biological nerve cells, the structural elements

used to describe an ANN are conceptually analogous to those used in neuroscience,

despite it belonging to a class of statistical procedures The algorithm has three layers;

the input, hidden and output layers. This model has wide application in machine

learning, and could be used in medical diagnosis, including cognitive neuroscience

field. The era of artificial neural network (ANN) began with a simplified application in

many fields and remarkable success in pattern recognition (PR) even in manufacturing
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industries.Statistical pattern approach has been the most commonly studied and utilizes

in practice (Liu et al., 2018).

ANN belong to a wide class of flexible nonlinear regression and discriminant models,

data reduction models, and nonlinear dynamical systems. ANN are similar to statistical

techniques including generalized linear models, nonparametric regression and discriminant

analysis, or cluster analysis. ANN can be used to perform nonlinear statistical modeling

and provide new alternatives to logistic regression, the most commonly used method for

developing predictive models for dichotomous outcomes in medicine (Liu et al., 2018).

Although ANN do not require knowledge of data source, they require large training

sets due to the numerous estimated weights involved in computation. They may require

lengthy training times and the use of random weight initializations may lead to different

solutions.

Despite successful applications, ANN remain problematic in that they offer us little

or no insight into the process(es) by which they learn or the totality of the knowledge

embedded in them. Several limitations of ANN are identified in the literature: they are

limited in their ability to explicitly identify possible causal relationships (El-Khatib

et al., 2019), they are challenging to use in the field, they are prone to over fitting,

model development is empirical potentially requiring several attempts to develop an

acceptable model (Dick et al., 2019), and there are methodological issues related to

model development.

2.3.7 Support Vector Machines

Support Vector Machines (SVM) (Pisner & Schnyer, 2020), is a widely used classification

technique for various predictive and classification analysis. SVM was developed in the

1990s based on the theoretical considerations of Vladimir Vapnik on the development

of a statistical theory of learning: Vapnik-Chervonenkis theory (Prasad & Rao, 2017).

SVMs were quickly adopted for their ability to work with large data, the small number

of hyper parameters, their theoretical guarantees, and their good results in practice (Kim

et al., 2017). Since the scope of this study focuses on application SVM as a binary

classifier, consider a classification problem with labels Y , and k-dimensional features

space X . Let Y ∈ [0, 1] denote class label, and W and b are operationally defined

18



parameters

f(X) = W TX + b. (2.8)

For simplicity, W in equation 2.8 corresponds to a typical ‘best line of fit’ on a

two-dimensional Cartesian plane, and b defines the function bias. The function f(x)

denotes the hyperplane that separates the two regions and facilitates in classification of

the data set into distinct groups. Zendehboudi et al. (2018) describes SVM as a method

in statistical classification which is based on the maximization of the margin between

the instances and the separation hyperplane. This implies that the SVM algorithm solves

for parameter W in equation 2.8 then maximizes the margin of separation between

distinct classes.

Nalepa & Kawulok (2019) describes SVM as a non-probabilistic binary linear classifier,

that has the ability to linearly separate the classes by a large margin, it become one of

the most powerful classifier capable of handling infinite dimensional feature vectors.

To do this, a hyperplane is chosen in the vector machine, which is a line that can take

part into the variable space. Utilizing this hyperplane, the vector machine learning

computations finds the coefficients that brings about the best detachment of the classes.

The margin of the hyperplane W TX + b = 0 is given by Prasad & Rao (2017) as:

W

∥W∥
· (x+ − x−) =

W T (x+ − x−)

∥W∥

=
W T

(
(+1−b

WT )− (−1−b
WT )

)
∥W∥

, (2.9)

=
2

∥W∥
.
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There are many such hyperplanes which can split the data into two regions. But SVM

ensures that it selects the hyperplane that is at a maximum distance from the nearest data

points in the two regions. There are only few hyperplanes that shall satisfy this criterion.

By ensuring this condition SVM provides accurate classification results (Pisner &

Schnyer, 2020). Owing to this flexibility in application, SVM has been widely applied

in many binary classification tasks. For instance, Huang et al., (2018) used SVM in

cancer genomics and concluded that it is a powerful classification model. Zendehboudi

et al. (2018) used SVM in forecasting solar and wind energy resources. There are

many examples in literature that suggest that the performance of SVM outperforms

many classification algorithms. However, little attention has been given to study the

performance of SVM in classification imbalanced data, hence this study.

2.3.8 Random forest

Random forest (RF), which was formally proposed in 2001 by Leo Breiman and Adele

Cutler, is part of the automatic learning techniques. RF classifier is an ensemble

machine learning approach that takes into account multiple learning algorithms together

while generating a prediction result. Random forest combines bootstrap aggregation

(bagging) (Lee et al., 2020) and random feature selection (Barni et al., 2020) to construct

a collection of decision trees exhibiting controlled variation.

The random forest is part of the family set methods that take the decision tree as

an individual predictor, they are based on the methods of Bagging, Randomizing

Outputs and Random Subspace excusing boosting. The RF algorithm is one of the best

among classification algorithms - able to classify large amounts of data with accuracy

(Lakshmanaprabu et al., 2019). It is an ensemble learning method for classification and

regression that constructs a number of decision trees at training time and delivers the

class that is the mode of the classes output by individual trees.

Random forest algorithm begins by drawing a bootstrap sample Z∗ of size n from the

training data, then grow a random forest tree Tb to the bootstrapped data, by recursively

repeating the following three steps for each terminal node of the tree, until the minimum

node size nmin is reached; (1)Select m variables at random from the p variables, (2)

Pick the best variable/split-point among the m, and (3) Split the node into two daughter
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nodes. Once this recursive process is complete, an output ensemble {Tb1B} of trees is

produced (Lakshmanaprabu et al., 2019). To make a prediction of the new data point x,

a regression of the form;

f̂B
rf (x) =

1

B

B∑
b=1

Tb(x). (2.10)

(Petkovic et al., 2018) is used while for classification, we define a function ĈB
rf (x) such

that the bth random forest tree is define by Edla et al. (2018) as;

ĈB
rf (x) = majority vote {ĈB

rf (x)}B1 . (2.11)

In random forest classification method, many classifiers are generated from smaller

subsets of the input data and later their individual results are aggregated based on

a voting mechanism to generate the desired output of the input data set (Paul et al.,

2018). This ensemble learning strategy has recently become very popular. Before RF,

Boosting and Bagging were the only two ensemble learning methods used. RF has

been extensively applied in various areas including modern drug discovery, network

intrusion detection, land cover analysis, credit rating analysis, remote sensing and gene

microarrays data analysis. There are two ways to evaluate the error rate. One is to

split the dataset into training part and test part (Lakshmanaprabu et al., 2019). We can

employ the training part to build the forest, and then use the test part to calculate the

error rate. Another way is to use the Out of Bag (OOB) error estimate. Because random

forests algorithm calculates the OOB error during the training phase, we do not need to

split the training data (H. Zhang et al., 2017).

Overall, random forest generates a number of decision trees rather than a single decision

tree, to predict the final output activity class of the mobile phone users utilizing their

phone log data. By generating multiple decision trees for a given dataset, it reduces

the over-fitting problem causes in the single decision tree discussed earlier. Despite the

higher classification rates achieved by the above-mentioned algorithms, there is little

evidence to suggest how these models classify imbalanced data.
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2.4 Solutions to tackling imbalanced data problem

Data sampling has received significant attention among data mining researchers. Rayhan

et al. (2017) compare over and under sampling using C4.5 decision trees. Their

results show under sampling to be more effective than over sampling for improving the

performance of models built using decision tree algorithms such as C4.5. Hasanin &

Khoshgoftaar (2018) however, shows that under and over sampling result in roughly

equivalent models when using C5.0 (C4.5’s commercial successor) and Naive Bayes. In

addition to random over and under sampling, several more ‘intelligent‘ data sampling

techniques have been proposed to sample data in such a way that benefits the classifier.

Smiti & Soui (2020) and Fernández et al. (2018) examine the performance of some of

these ‘intelligent‘ data sampling techniques such as SMOTE, borderline-SMOTE, and

Wilson‘s Editing. Hasmita et al. (2019), examine the performance of seven different

sampling techniques including both random and ‘intelligent’ techniques.

Some literature suggests that undersampling methods have the advantage of decreasing

the amount of data which is good for learning with large data sets, however by deleting

many instances of major classes we lose information and classification performance

may decrease. A second drawback of many undersampling methods is that they are

designed for a binary case and a proper extension for the multi-class case is not always

possible. Oversampling methods are in general easily extendable to a multi-class case

since each minor class is oversampled separately, it is a beneficial to have all data for

learning. The way of new instances generation in oversampling may influence learning

performance. Random Oversampling clones instances of minor classes by duplication

of existing data points.

SMOTE, Borderline-SMOTE, ADASYN and CBO new instances are created by random

linear combinations of existing instances. There have also been proposed data cleaning

methods which might be combined with oversampling or undersampling methods.

Well-known data cleaning methods are Neighbourhood Cleaning Rule algorithm (Pereira

et al., 2020) and Tomek links (Vuttipittayamongkol & Elyan, 2020). Data cleaning

methods used to delete noise and border instances between classes may improve the

performance of learning algorithms.
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CHAPTER THREE

3 RESEARCH METHODOLOGY

3.1 Introduction

This chapter discusses the nature of the data that were used in the study, experimental

design, model selection,dimensionality techniques, data transformation, data analysis

approaches and ethical considerations in research.

3.2 Data sources and description

This study was based on the analysis of secondary data from a baseline survey on

‘Development of a Culturally Responsive Learning Disabilities Diagnostic Inventory‘

(LDDI) conducted by Kenya Institute of Special Education (KISE) between 2018 and

2019. The purpose of the survey was to establish the role of teachers in identification

and support of children with learning disabilities in primary schools in Kenya.Teachers

were interviewed on their awareness of characteristics of children who may be at risk

of learning disabilities (LD). After the interview, the teacher was asked to select some

learners they suspected might be at risk of learning disabilities based on their classroom

encounter with the learner.

Teachers were then given a Learning disabilities evaluation scale (LDES-R2) which

is psychometric tool with 88 test items. The test items are behavioural characteristics

established by cognitive neuroscience and psychology professionals to assess the risk

factors associated with learning disabilities. Table 3.1 shows an extract of some of the

test items as presented on the LDES-R2 psychometric tool. Each item is scored on a

three-point Likert scale where; 1=Rarely, 2=Inconsistently and 3=Consistently.

According to the report (KISE, 2019), 4,473 learners were assessed using the LDES-R2

because their teachers had suspected them to be at risk of learning disabilities (LD). In

addition, the learner‘s class performance in language and Mathematics was recorded on

the assessment sheets, and collected by the research team. A multidisciplinary team
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analysed and compared the scores on the assessment sheets and would label the child

as either being at risk of LD or not at risk of LD. All the data was then typed into an

excel file, including the diagnosis made by the multidisciplinary team. Based on this

methodology, it was found that 2.41% of children were labelled as being at risk of

learning disabilities.

Table 3.1: Sample test items from LDES-R2 psychometric tool

Test item 1 2 3
a). The child has difficulty classifying objects based on similarities
b). The child has a limited speaking vocabulary
c). The child uses inappropriate spacing between words or sentences
d). The child does not remember math facts
e). The child reverses letters and numbers when writing

The data used in this study therefore, has 89 variables; 88 attribute variables and 1

binary response variable (At risk or Not at risk). The attribute set is made up of 7

sub-scales namely; cognition (17 test items), listening (7 test items), speaking (9 test

items), reading (14 test items), writing (14 test items), spelling (7 test items), and

Mathematics (20 test items). Finally, this data is imbalanced since there are two classes

where one class dominates the other; Children at risk of LD (2.41%) form the minority

class while the rest who are not at risk of LD, yet experience academic difficulties

stemming from other heterogeneous reasons (97.59%) form the majority class.

3.3 Theoretical Foundation

This study was motivated by the Chaos theory by Edward Lorenz (1963). The theory

posits that within apparent randomness of chaotic and complex systems, there exist

underlying patterns, interconnectedness, self-similarity, fractals, and self-organization

(Gardini et al., 2020). The chaos theory provides a theoretical framework for Statistical

modelling of stochasticity in the behaviour of naturally occurring systems. The complex

system, Ω, in this study is a binary classification of a set of scores of n children some

of whom (minority) have neurobiological condition described as ‘At risk’ of learning

disabilities (LD), while the majority are ‘Not at risk’ of LD, but may exhibit similar

characteristics. As such, the scores from either groups overlap each other as presented

in Figure 3.1.
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Figure 3.1: Distribution of Scores from Assessment: A sample complex system

The chaos theory guarantees that despite the seemingly unrelated distributed of scores

of children ‘At risk’ relative to those of children ‘Not at risk’, there exist a pattern that

can be learned by training a robust statistical model. Clearly, the two groups are not

linearly separable and the overlaps observed between them is one of classic examples

of complex natural systems, chaos.

The concept of nearby trajectories diverging such as linear, geometric and exponential

growth rate plays an important role in describing chaotic systems (Gardini et al., 2020).

For binary classification tasks of this nature, trajectories can be described using sensitive

dependencies to initial conditions (SDIC), such that the current state xt is conditional

on the previous state xt−1. The non-linear distribution of scores presented in Figure

3.1 can be described in form of global Lyapunov exponents (Bruijn et al., 2012).

SDIC is a stochastic behaviour of a system with sufficiently large number of variables.

For instance, a construct measured using a psychometric tool with many variables

has inherent SDIC. Additionally, an increasing number variables (dimensionality) is

characterised by numerical complexity, hence, the need for machine computation.

25



To contextualize the application of global Lyapunov exponents in binary classification

of non-linear system as applied in this study, we consider the first-order, ordinary

differential equation (ODE) system dx/dt = F (x) and suppose that x∗ is an arbitrary

initial state such that F (x∗) = 0. Further, we suppose that the presence or absence of a

condition of interest (say At risk of LD or otherwise) can be described by a propagator

J(x(t)), a function that evolves trajectories x(t). The behaviour of trajectories near

x∗ can be studied by considering x(t) = x∗ + ε(t), where ε(t) is an infinitesimal

perturbation to every component of x. Substituting back into F and expanding to first

order in ε(t) (considering only the perturbations at t = 0 and dropping the explicit

dependence on t from ε(t)) yields

F (x∗ + ε) = F (x∗)+ J(x∗)ε+O(ε2), (3.1)

(Hansen et al., 2018)

where J(x) is the n× n Jacobian matrix of partial derivatives of F evaluated at the

point x. The time for time dependence of the perturbation of x can be obtained by

dε

dt
= J(x∗)ε+O(ε2). (3.2)

(Ma & Xie, 2018)

Further, consider a linear stability analysis results if we neglect terms of ε2 or higher

powers in equation 3.2. It follows that, if ε is a real-valued vector and J a real-valued

matrix, a solution of the form ε = λest can be assumed, and equation 3.2 reduces to the

eigenvalue equation

Jλ = sλ. (3.3)

(Abdeljabbar, 2021)
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If we define a binary outcome yi, i ∈ [0, 1], linear stability analysis results can be used

to characterize Lyapunov exponents for non-linear systems. For the initial condition

x(0) for ODE defined in equation 3.1 and an infinitesimal displacement from x(0) in

the direction of some tangent vector, y(0), the evolution of y according to equation 3.2

is given by

dy

dt
= J(x).y, (3.4)

(Hansen et al., 2018)

valid for only an infinitesimal neighbourhood about x(0). In this regard, supervised

machine learning techniques for classification can be used to train a model for diagnosis

of LD.

3.4 Dimensionality reduction

Dimensionality describes the number of input features in a dataset. Thus, high

dimensional data have more input variables while low dimensional data have few

input variables. As earlier described, the dataset used in this study has 88 input variables

and 1 response variable (diagnosis). According to Fusi et al. (2016), having a high

dimensional feature space drastically reduces performance of machine learning models

due to a problem described as permutationally invariant potential energy (Braams &

Bowman, 2009), of high dimensional data. As a result, in cases of high dimensional

data, it may be desirable to reduce the dimensionality as a means of minimizing model

failure rate attributable to high dimensionality.

The established dimensionality reduction techniques include feature selection methods,

matrix factorization methods (based on linear algebra) such as Principal Component

Analysis (PCA),manifold learning (based on mapping functions), and autoencoder

methods (based on neural networks). Fusi et al. (2016) observed that there is no single

best way for dimensionality reduction, instead, the application domain and the model

chosen dictates the best method based on best results within a given context. The linear

algebra methods of dimensionality reduction assumes that the input features are from

27



the same statistical distribution. Given that the data is drawn from a strictly defined

scale [1, 2, 3], this study adopted matrix factorization method, PCA.

Further still, it was described earlier that the attribute set of the data used is made up

of 7 sub-scales namely; cognition (17 test items), listening (7 test items), speaking (9

test items), reading (14 test items), writing (14 test items), spelling (7 test items), and

Mathematics (20 test items). In this study, it was assumed that each test item is equally

weighted (ωij) for every ith item and jth individual. The score S for each sub-scale (or

domain) is obtained by equal weighted strategy defined by Malladi & Fabozzi (2017)

as;

S =
n∑

i=1

ωiγi. (3.5)

Clearly, the total scores across the seven domains vary significantly due to the fact

that they have different number of test items. For instance, spelling has 7 test items

while Mathematics has 20 items. In this case, the total score for Mathematics may be

significantly higher compared to the total score in spelling, not as a result of better or

worse score in any, but as a result of dimension difference. If comparability is desirable,

data transformation may become inevitable.

3.5 Feature scaling

Feature scaling has been described as an important pre-processing task in machine

learning as it is required to learn an accurate classifier (Bollegala, 2017). Numerous

feature scaling (data transformation) techniques exist in literature, popular among

them being data normalization, data standardization and logarithmic transformation.

While each of these techniques have different Mathematical rigour underpinning their

applications, there is consensus that they are meant to unify the units of measurements

among different features. Without feature scaling, there is a tendency to give more

weight to input variables that have higher values (due to nature of their measurement)

and give less weight to variables that have less values. Feature scaling therefore plays a

critical role in providing a level ground for all input variables in the model.
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Bollegala (2017) argues that feature scaling can significantly improve the performance

of some machine learning algorithms, but may not have the same effects in other

algorithms. There is, however, limited evidence that feature scaling negatively affects

the performance of a machine learning model provided plausible assumptions are in

place. Gradient descent-based machine learning algorithms such as logistic regression,

neural network and linear regression require data scaling for easier convergence of the

parameter θj to the minima;

θj := θj − α
1

m

m∑
i=1

(
hθ

(
x(i)

)
− y(i)

)
x
(i)
j . (3.6)

The α value being the gradient, hθ the learning rate, x(i) the training data points

and y(i) class labels. When the input features x are updated at almost the same

rate, the gradient descent moves more smoothly towards the minima. This is made

possible by data transformation to stabilize the mean and variance across variables in

the model. Further-still, distance-based algorithms such as support vector machines

(SVM), k-nearest neighbour (k-NN), and K−means also require feature scaling because

they rely on distances (e.g., Euclidean) between points to establish their similarities.

Tree-based algorithms such as decision trees are insensitive to feature scaling (Le et al.,

2020).

Given a wide range of feature scaling techniques, there is limited general guidelines

on which of the available techniques is the best. However, there seems to be a debate

between choosing whether to standardize or normalize data. According to Huang et al.

(2019), data normalization involves shifting the original data and rescaling it such that

the new value X́ is between 0 and 1. Accordingly;

X́ =
X −Xmin

Xmax −Xmin

. (3.7)
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Huang et al. (2019) further states that data standardization involves rescaling the data

such that the new value is centred around the mean with a unit standard deviation.

Accordingly;

X́ =
X − µ

σ
. (3.8)

As a general guide, data standardization is preferred when the data is assumed to

follow a Gaussian distribution, while data normalization is preferred when no particular

distribution is assumed. In this study therefore, there was no reason to assume a

particular distribution, and hence, data normalization was chosen as a feature scaling

technique of choice.

3.6 Model selection

The process of model selection is aimed at choosing the most suitable models from

among a pool of candidate models given data. Available literature suggest many

different approaches to model selection, however, the context of the specific study or

the application domain takes prevalence in most studies. Sarker et al. (2019) used

benchmark model where the performance of each candidate model was compared

against the performance of ZeroR model. All models whose performance was poorer

than the ZeroR model were dropped while those whose performance was better than the

ZeroR models were selected and included in their study. A more recent study by Portet

(2020) used Akaike Information Criterion (AIC) as their in model selection. Other

practitioners prefer that an analysts should choose their favourite model and only tune it

by introducing appropriate hyperparameters that suit the situation.

In literature each classification model has a unique Mathematical grounding underneath,

however, classification models can be categorised into groups as follows; (1) Gradient

Descent Based Algorithms which include logistic regression and artificial neural

network, (2) Distance-Based Algorithms in which k-nearest neighbour, k-means and

support vector machines belong and (3) Tree-Based Algorithms in which decision trees

and random forest belong. In this study, eight models were selected to based on their

Mathematical foundations so that even the basic single ruled models such as Naive

Bayes and the complex machine learning models such as artificial neural network are
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represented. In testing the performance of the model, previous researchers have had it

as a practice to nominate a benchmark model. However, in this study, all models were

tested and their classification efficiency tested using a set of seven evaluation metrics in

order to identify a model that would be considered a base learner for classification of

imbalanced data.

3.7 Data analysis

This thesis research sought to analyse the performance of standard classification models

on imbalanced data and identify the best solution to tackle the imbalanced data problem

in machine learning with application to secondary data on learning disabilities. To

achieve this, data analysis was conducted in a systematic way as follows. First, different

models were compared and the best one identified as the base learner. Different

sampling methods were applied to the data and their performance on rebalancing the

data measured. This was used to select the best sampling technique that tackles the

problem of imbalanced data. The base learner model was then run on the same data

twice, in the first instance after applying the best sampling technique identified and the

second time after applying adaptive boosting. The classification accuracy of the model

was compared in each case.

3.7.1 Testing classification models

To test classification performance of different models, we compared their accuracy,

detection rate, sensitivity, specificity, F-measure and G-measure recall, F-measure and

the Kappa values of each model. All these evaluation metrics were deduced from the

confusion matrix as follows;

Accuracy =
TP + TN

TP + TN + FP + FN
(3.9)

Detection rate =
TP

TP + TN + FP + FN
(3.10)
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Failure rate = 1− Detection rate (3.11)

Sensivity =
TP

TP + FN
(3.12)

Specificity =
TN

TN + FP
(3.13)

F-measure = 2× Specificity × Sensitivity
Specificity + Sensitivity

(3.14)

G-measure =
√

Specificity × Sensitivity (3.15)

Accuracy answers the question,overall, how often is the classifier correct?. Model

sensitivity of recall is, when it’s actually positive LD case, how often does it predict

positive? Model specificity describes, when it’s actually child with no LD, how often

does it predict so? Detection rate describes, how often does the positive cases occur

in the sample under study. F-measure is harmonic mean of specificity and sensitivity

while G-measure is there geometric mean.

Classification task in this thesis research started by splitting the data into training and

testing dataset using caTools library package in R software. The training dataset was

75% of the data while the remaining 25% of the data was used for testing. To ensure

uniform samples for each model and promote reproducibility of the process, 1 was used

as a random seed set.seed(1) for each model. Implementation of machine learning

models requires specific R packages. Necessary R packages were installed and loaded

into the working environment.

For exploratory data analysis, visualization packages such as ggplot2 were used.

Additionally PerformanceAnalytics and tidyquant packages were used in computation

of skewness and kurtosis which are not included as default functions in base R
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software. Machine learning packages that were used in this study include caret, e1071,

randomForest,and neuralnet among others.

3.7.2 Testing sampling techniques and boosting algorithm

To test the ability of sampling methods in tackling the problem of imbalanced data,

Receiver Operating Characteristic’s (ROC’s) area under the curve (AUC) was used.

In this study, it is assumed that a base learner model that has good classification

performance on imbalanced data will in fact do much better when the data is fairly

balanced. The base learner was identified through experimentation on eight classification

models.

The data used in this study had 4,473 observations out of which only 108 were identified

as positive cases for LD (the minority class), giving an imbalance ratio of 1:42. It is

hoped that the sampling techniques considered in this thesis research such as random

undersampling (RUS), random oversampling (ROS), Synthetic Minority Oversampling

Technique (SMOTE), and Adaptive Synthetic Sampling (ADASYN) will reduce this

imbalance ration in the data. Logically, a sampling technique that reduces the imbalance

ratio significantly enable the base learner to classify the two classes more effectively.

The ROC curve is created by plotting the true positive rate (TPR) on the y-axis against

the false positive rate (FPR) on the x-axis at various threshold settings. Since the

emphasis in the case of imbalanced classification problems is placed particularly on the

predictive accuracy of minority class while retaining accuracy for the majority class,

AUC on the ROC was used as the indicator of such performance. In the previous

sub-section 3.6.1, it was emphasized that a random seed set.seed(1) was used to

draw the sample that was used to compare performance of different classification

models. However, for testing efficiency sampling techniques in tackling imbalanced

data problem, three different seeds were used for sampling. The purpose of varying the

sampling seeds in R was to draw independent samples from the data for comparison.

Accordingly, three independent samples were drawn from the data as follows; First, the

sampling ratio for model training and testing was retained as 75% and 25% respectively

for all the samples, hence equal in size, all drawn from full dimensional data. sample 1
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was drawn by setting set.seed (2), sample 2 by setting set.seed (3), and sample 3 by

setting set.seed (4). The sampling methods were only applied to the training sets of

each of the three independent samples. The model was then run using testing dataset

for each of the three randomly and independently drawn sample, and corresponding

AUC computed. The results were tabulated. Chi-square test was used to test whether

the difference in performance between the best and second best sampling method was

statistically different at (1− α) confidence level, (α = 0.05).

3.7.3 The boosting algorithm

Probably Approximately Correct (PAC) learning framework is a core theoretical foundation

to the development of statistical boosting methodologies (Cullina et al., 2018), whose

emergence can be traced in 1990s. A breakthrough in boosting methods is the invention

of adaptive learning algorithm ’AdaBoost’ that works on finite training data and has

controllable computational complexity because of its nature as a iterative algorithm

(Y.-F. Chen et al., 2016). Given the wide application of statistical boosting, different

types of boosting may be most applicable in some specific contexts than others. For

instance, extreme gradient boosting (XGBoost) perform extremely well in cases where

there is either too much noise in the data and/or missing values. CatBoost on the other

hand performs best when input feature space is made of categorical variables.

Further, it should be noted that the initial ideas in machine learning for boosting was to

improve classification of already existing weak classifiers by attempting simultaneously

reduce model bias and variance. However, statistical developments have led to the

extension of application of some types of boosting such as AdaBoost to correcting

skewed class imbalance. The paradigm shift from machine learning to statistical

modelling and application of boosting is motivated by the acknowledgement that

boosting is not algorithmically constrained (Lee et al., 2020).

Therefore, this study applied adaptive boosting (AdaBoost) algorithm, which is used to

tackle the problem of imbalanced data by introducing weighting recessively. Adaboost

is the first practical boosting algorithm, developed by Freund and Schapire (1996),

and achieves huge success in a wide range of applications according to Cullina et al.

(2018). This thesis research describes and apply Adaboost algorithm for the binary
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classification problem due to Freund and Schapire (1997). Suppose that X ∈
∏

and

Y ∈ Ω are predictor space and response space respectively. In binary classification,

the response variable Y ∈ {−1, 1} and X ∈ Rd is the predictor vector. A classifier is

a function G : Rd → {−1, 1}. And a base classifier satisfies E[I (G(X) ̸= Y )] < 1/2

where (X, Y ). The error rate of a classifier Gm(x) is

errm =
1

M

N∑
i=1

E[I (G(X) ̸= Y )], (3.16)

for m = 1, 2 · · · ,M . For Adaboost, we only consider the classifiers

G(x) = sgn (F (x)) , (3.17)

where F (x) is a real function standing for the classier boundary.

In Adaboost, the base learning algorithm trains M classifiers using the filtered sample

data in each iteration and then the weighted sum of all M classifiers is the strong classier

we want. The ultimate classifier boundary takes form

F (x) =
M∑

m=1

αmFm(x), (3.18)

where F (x) is the corresponding classifier boundary curve of Gm(x) and αm is the

classifier weight. The classifier boundary is computed from the training data.

3.7.4 Comparing the best sampling technique boosting algorithms

To compare the application of sampling technique and boosting approaches in tackling

the problem of imbalanced data, the best classification model termed an base learner

was then re-run on the same datasets when the best sampling technique has been applied

and in a different instant when the AdaBoost algorithm has been applied. The model

classification accuracy, detection rate, failure rate, sensitivity,specificity, F-measure

and G-measure will be computed. To this end, it would be possible to compare model

classification accuracy when no class rebalancing has been applied and when class

rebalancing has been applied using the best sampling technique and the AdaBoost

algorithm.
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3.8 Ethical Considerations

The LDDI-2019 data was collected by Kenya Institute of Special Education (KISE)

as part of collating empirical evidence to developing a culturally responsive learning

disabilities diagnostic inventory for Kenya. The candidate sought permission from

the institute to access and use LDDI-2019 data for academic purposes only, which

was granted on 6th July 2020, see (see Appendix 2). Further, the candidate conducted

research in compliance with national regulations on ethical considerations in research in

line with Strathmore University’s code of responsible conduct in research. Accordingly,

this research work was reviewed and approved by Strathmore University’s Institutional

Ethics Review Committee (SU-IERC), reference number SU-IERC1039/21, see (see

Appendix 4) and (see Appendix 5)
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CHAPTER FOUR

4 RESULTS AND DISCUSSIONS

4.1 Introduction

This chapter presents the results of the study, and statistical discussions with implication

to the best practices in diagnosis of learning disabilities. The chapter begins with

exploratory analysis which presents two general data preprocessing result; dimensionality

reduction and feature scaling. The chapter then proceeds to present the findings of

the study guided by the objectives; comparing performance of standard classification

models, comparing performance of sampling methods in correcting imbalanced data

and Adaptive Boosting (AdaBoost) solution for imbalanced data. The chapter ends by

analysing the effectiveness of the best sampling methods and the AdaBoost solutions

for imbalanced data.

4.2 Exploratory Analysis

Descriptive analysis forms a foundation of inductive research which is concerned with

discovery, exploration, and empirically detecting phenomena in data (Jebb et al., 2017).

Exploratory analysis adopted in this study blends descriptive summaries and visual

displays of the scores obtained by children. Table 4.1 presents numeric summaries

of the data such as mean, median, standard deviation, skewness and kurtosis. The

mean and median shows the measures of central tendency of the data. Some domains

such as Maths and Cognition have higher mean scores compared to others such as

spelling and speaking. Standard deviation measures dispersion in scores in each skill

area, skewness is measure of symmetry while kurtosis is a measure of peakedness.

For a normally distributed data, skewness and kurtosis values ought to be zero, with

negative values indicating fat tails while positive values showing high peakedness in

the data. As shown in Table 4.1, these values vary slightly in the neighbourhood of

zero, suggesting normality. Shapiro-Wilk test for normality was used and the p-values

(p < 0.05) confirm that the scores were not normally distributed.
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Table 4.1: Summary statistics of actual scores per domain area

Domain Distribution measures Shapiro-Wilk test
Mean Median Std Dev Skewness Kurtosis W P-value

Cognition 34.00 34.00 3.41 0.05 0.11 0.992 0.001
Listening 13.97 14.00 2.17 -0.03 -0.31 0.981 0.001
Speaking 18.00 18.00 2.51 0.02 -0.16 0.986 0.001
Reading 28.07 28.00 3.14 0.13 -0.03 0.990 0.001
Writing 28.14 27.97 3.13 -0.01 0.02 0.991 0.001
Spelling 14.05 14.00 2.15 -0.04 -0.15 0.981 0.001
Maths 40.12 40.00 3.81 0.12 0.06 0.993 0.001

To further understand the score distribution among the two groups of children (at risk

or not at risk), a kernel density graph was plotted and results presented in Figure 4.1.

Figure 4.1: Kernel density estimates of normalised scores per group of children

The results shows that the scores of the class of children who are not at risk has a greater

kurtosis than normal distribution. The scores of children who are at risk shows fat tails

on the right. While the two classes may seem separable on the basis on total scores,

there is a significant overlap between the two classes.

Figure 4.2 presents visual display of scores in seven skill areas; cognition, listening,

speaking, reading, writing, spelling and maths. As earlier described in Table 4.1, the
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Figure 4.2: Boxplot for actual total scores per domain
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average scores of each skill area varies significantly due to the total number of test items

used to measure the skill. For instance, 20 items are used to measure maths skills, hence

the average score is expected to be higher than spelling which has only 7 test items. As

shown by the ’Actual score’ axis in Figure 4.2, the average scores for each skill area

varies, highest being maths followed by cognition, while spelling and listening being

the lowest.

According to Bollegala (2017), when variables vary significantly in magnitude, it is a

good idea to scale the variables as part of preprocessing for building machine learning

models. While our exploratory analysis suggest that variables, are approximately

normally distributed, data normalization discussed in section 3.4 under feature scaling

was conducted with the aim of minimizing the variation among the attribute set, and

improve comparability. The boxplot shown by the ’Normalized score’ axis presents a

summary of scaled scores. Clearly, the variation among the scores in different skill area

was significantly minimized. However, general properties of the data is retained scaling.

For instance, cognition has heavy tails in both the actual and scaled data space.

4.3 Model Classification Performance on Imbalanced Data

In binary classification problem, the model can either correctly or incorrectly classify a

new observation. For this reason, a confusion matrix can be used to gain insights on the

performance of a model for binary classification task. A confusion matrix is useful in

computing model recall or sensitivity, specificity, accuracy and precision. In addition,

other performance indicators such as F-measure, G-measure, model detection rate and

misclassification error can be derived. In this study, model accuracy, detection rate,

failure rate, sensitivity, specificity, F-measure and G-measure were computed for eight

classification models; Naive Bayes (NB), Decision Trees (DT), Linear Discriminant

Analysis (LDA), Logistic Regression (LR), k-nearest neighbour (k-NN), Artificial

Neural Network (ANN), Support Vector Machines (SVM) and Random Forest (RF).
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4.3.1 Model Performance Based on Full Dimensional Data

This section presents results of classification model performance when full dimensional

data is used. As earlier described in Section 3.4 of this thesis, a full dimensional data

refers to the initial dataset with 88 input features from across all the seven domains,

without any statistical treatment. Table 4.2 shows performance analysis based on training

dataset while Table 4.3 shows performance analysis based on testing dataset. Table 4.4

shows marginal changes in model performance. The marginal changes describes the

increase or decrease in individual evaluation metric score of each classification model

on testing dataset with reference to scores obtained from training dataset as a baseline.

It can deduced from the theory of generalization (Kawaguchi et al., 2018), that a robust

learning model should have minimal error in the out of sample performance.

Table 4.2: Model performance based on full dimensional training dataset

Evaluation metric NB DT LDA LR kNN ANN SVM RF
Accuracy 0.98 0.98 0.99 0.98 0.98 0.98 0.99 0.99
Detection rate 0.39 0.39 0.63 0.53 0.39 0.80 0.78 0.39
Failure rate 0.61 0.61 0.37 0.47 0.61 0.20 0.22 0.61
Sensitivity 0.40 0.34 0.62 0.52 0.39 0.36 0.85 0.41
Specificity 1.00 0.99 1.00 0.99 0.99 0.89 0.89 1.00
F-measure 0.57 0.51 0.76 0.68 0.56 0.52 0.87 0.58
G-measure 0.63 0.58 0.78 0.72 0.62 0.57 0.87 0.64

Table 4.3: Model performance based on full dimensional testing dataset

Evaluation metric NB DT LDA LR kNN ANN SVM RF
Accuracy 0.97 0.97 0.99 0.98 0.96 0.97 0.99 0.97
Detection rate 0.00 0.35 0.56 0.47 0.00 0.71 0.69 0.03
Failure rate 1.00 0.65 0.44 0.53 1.00 0.29 0.31 0.97
Sensitivity 0.00 0.31 0.56 0.47 0.00 0.33 0.77 0.03
Specificity 1.00 0.99 1.00 0.99 0.99 0.96 0.98 1.00
F-measure 0.00 0.47 0.72 0.64 0.00 0.49 0.86 0.06
G-measure 0.00 0.55 0.75 0.68 0.00 0.56 0.87 0.18

As presented in Table 4.4 below, there were minimal changes in the accuracy and

specificity of classification model for both training and testing dataset. This implies

that there were negligible changes in the said evaluation metrics when applied on either

training or testing dataset. On the other hand, significant changes were observed in the

model detection rate, failure rate and sensitivity.
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Table 4.4: Marginal changes based on full dimensional dataset

Evaluation metric NB DT LDA LR kNN ANN SVM RF
Accuracy -0.01 0.01 0.00 0.00 -0.02 -0.01 0.00 -0.01
Detection rate -1.00 -0.09 -0.12 -0.12 -1.00 -0.12 -0.12 -0.92
Failure rate 0.63 0.06 0.20 0.13 0.63 0.47 0.41 0.58
Sensitivity -1.00 -0.09 -0.09 -0.09 -1.00 -0.09 -0.09 -0.93
Specificity 0.00 0.00 0.00 0.00 0.00 0.08 0.10 0.00
F-measure -1.00 -0.07 -0.06 -0.06 -1.00 -0.05 -0.01 -0.90
G-measure -1.00 -0.05 -0.04 -0.05 -1.00 -0.01 0.00 -0.72

These results shows that accuracy and specificity of a classification model are least

responsive to the minority class while detection rate and sensitivity or model recall are

most responsive metrics for minority class when the data is highly imbalanced. On

specific models, the results shows that k-nearest neighbour (kNN) and Naive Bayes

(NB) showed the highest reduction in both detection rate and sensitivity followed by the

random forest (RF) model. On the other hand, decision trees (DT) model shows the least

change in detection rate and sensitivity between training and testing dataset. This was

closely followed by linear discriminant analysis (LDA) model, logistic regression (LR)

model, artificial neural network (ANN) and support vector machine (SVM) models.

4.3.2 Model Performance Based on Reduced Dimensional Data

This section presents results of classification model performance based reduced dimensional

data. As earlier described in Section 3.4 of this thesis, reduced dimensional dataset

refers to a condensed dataset with 7 input feature space, each corresponding to a sum

scores for a particular sub-scale (or domain areas) namely cognition (17 test items),

listening (7 test items), speaking 9 (test items), reading (14 test items), spelling (7 test

items), writing (14 test items) and Mathematics (20 test items). Data reduction from 88

test items into 7 raw scores was based on the conventional practice that the test items

are equally weighted (ωij) for every ith instance and jth individual. The score S for

each sub-scale (or domain) was obtained by equal weighted strategy defined by Malladi

& Fabozzi (2017), refer to Equation 3.5 in Section 3.4. Table 4.5 shows performance

analysis based on training dataset while Table 4.6 shows performance analysis based

on testing dataset. For a robust learning model, it is expected that the error in the out

of sample performance relative to in-sample performance be as minimal as possible
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(Kawaguchi et al., 2018).

Table 4.5: Model performance on reduced dimensional data training dataset

Evaluation metric NB DT LDA LR kNN ANN SVM RF
Accuracy 0.98 0.98 0.98 0.98 0.98 0.98 0.98 0.98
Detection rate 0.79 0.45 0.50 0.53 0.45 0.45 0.78 0.45
Failure rate 0.21 0.55 0.50 0.47 0.55 0.55 0.22 0.55
Sensitivity 0.69 0.39 0.44 0.47 0.39 0.39 0.83 0.39
Specificity 0.89 0.99 1.00 0.99 0.99 0.89 0.89 1.00
F-measure 0.78 0.56 0.61 0.64 0.56 0.54 0.86 0.56
G-measure 0.78 0.62 0.66 0.68 0.62 0.59 0.86 0.62

Table 4.6: Model performance on reduced dimensional data testing dataset

Evaluation metric NB DT LDA LR kNN ANN SVM RF
Accuracy 0.97 0.98 0.98 0.98 0.97 0.98 0.98 0.98
Detection rate 0.70 0.35 0.44 0.47 0.00 0.24 0.69 0.37
Failure rate 0.30 0.65 0.56 0.53 1.00 0.76 0.31 0.63
Sensitivity 0.69 0.28 0.44 0.47 0.00 0.36 0.83 0.38
Specificity 0.98 0.99 1.00 0.99 0.99 0.97 0.98 1.00
F-measure 0.81 0.44 0.61 0.64 0.00 0.53 0.90 0.55
G-measure 0.82 0.53 0.66 0.68 0.00 0.59 0.90 0.61

The results shows that model accuracy and specificity are invariant for training and

testing datasets for highly imbalanced data. On the other hand, model detection rate,

failure rate and sensitivity are highly variant evaluation metrics between training

and testing datasets. For instance, it was observed that model detection rate and

sensitivity reduced for testing dataset compared to training dataset and model failure

rate increased. Table 4.7 shows marginal changes in model performance. The marginal

changes describes the increase or decrease in individual evaluation metric score of each

classification model on testing dataset with reference to scores obtained from training

dataset as a baseline. Comparing the variation in model evaluation metrics conducted

on full and reduced dimensional data, it was observed that there were significantly lower

variations in reduced dimensional data. Such observations may be used to conclude that

higher dimensionality in the data feature space increases chances of model failure.

On specific model performance, it was found that k-nearest neighbour (kNN) recorded

the highest reduction in model detection rate followed by artificial neural network

(ANN) and decision tree (DT) models respectively. A plausible reason why ANN

and DT exhibit this behaviour is their reliance on instance-based while kNN used
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Table 4.7: Marginal changes based on reduced dimensional dataset

Evaluation metric NB DT LDA LR kNN ANN SVM RF
Accuracy -0.01 0.00 0.00 0.00 -0.01 0.00 0.00 0.00
Detection rate -0.12 -0.22 -0.12 -0.12 -1.00 -0.46 -0.12 -0.17
Failure rate 0.44 0.18 0.11 0.13 0.81 0.38 0.41 0.14
Sensitivity 0.00 -0.28 0.00 0.00 -1.00 -0.07 0.00 -0.02
Specificity 0.10 0.00 0.00 0.00 0.00 0.09 0.10 0.00
F-measure 0.04 -0.21 0.00 0.00 -1.00 -0.02 0.05 -0.02
G-measure 0.05 -0.14 -0.01 0.00 -1.00 0.00 0.05 -0.02

distance-based approaches to model classification rules. Such classification algorithms

tend to perform better when the feature space provides flexible degrees of freedom.

Despite high deterioration in detection rate by ANN, the model still had a significantly

minimal reduction in model sensitivity or model recall compared to kNN and DT.

Further, kNN recorded the highest failure rate between training and testing dataset

results for reduced dimensional data. A plausible reason for this observation could

be that data reduction by equal weighted summation masks off essential relationship

within the structure of the original data.

4.3.3 Model Performance Based on Normalized Scores

This section presents results of classification model performance based normalized

dataset with 7 input feature space each corresponding to normalized scores of each

sub-scale (or domain area). As earlier described in Section 3.5 of this thesis, feature

scaling is a technique to standardize the independent features present in the data in a

fixed range. While there are many approaches to feature scaling, this study was based

on data normalization of domain scores, preferred over data standardization owing to its

non-parametric assumptions about data distribution, refer to Equation 3.7 and Equation

3.8 in Section 3.5. Table 4.8 shows performance analysis based on training dataset

while Table 4.9 shows performance analysis based on testing dataset.
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Table 4.8: Model performance on normalized scores of training dataset

Evaluation metric NB DT LDA LR kNN ANN SVM RF
Accuracy 0.98 0.98 0.98 0.98 0.98 0.98 0.98 0.98
Detection rate 0.79 0.47 0.50 0.53 0.47 0.47 0.78 0.50
Failure rate 0.21 0.53 0.50 0.47 0.53 0.53 0.22 0.50
Sensitivity 0.69 0.40 0.40 0.47 0.40 0.40 0.83 0.40
Specificity 0.89 0.99 1.00 0.99 0.99 0.89 0.89 1.00
F-measure 0.78 0.57 0.58 0.64 0.57 0.56 0.86 0.58
G-measure 0.78 0.63 0.64 0.68 0.63 0.60 0.86 0.64

Table 4.9: Model performance on normalized scores of testing dataset

Evaluation metric NB DT LDA LR kNN ANN SVM RF
Accuracy 0.97 0.98 0.98 0.98 0.97 0.98 0.98 0.98
Detection rate 0.70 0.35 0.44 0.47 0.00 0.35 0.69 0.44
Failure rate 0.30 0.65 0.56 0.53 1.00 0.65 0.31 0.56
Sensitivity 0.69 0.31 0.44 0.47 0.00 0.41 0.83 0.44
Specificity 0.98 0.99 1.00 0.99 0.99 0.97 0.98 1.00
F-measure 0.81 0.44 0.61 0.64 0.00 0.58 0.90 0.61
G-measure 0.82 0.53 0.66 0.68 0.00 0.63 0.90 0.66

The structure of variation in model performance between in Sub-Section 4.3.2 for

reduced dimensional data and Sub-Sections 4.3.3 for normalized data is similar, yet

different from the full dimensional data structure described in the earlier Sub-Section

4.3.1. Full dimensional data was characterised by large variations between training

and testing datasets compared to reduced dimensional data with actual raw scores and

normalized scores. Nonetheless, there are minor variations in the structure of reduced

dimensional actual scores and normalized scores as presented earlier in Table 4.7 and in

Table 4.10 below.

Table 4.10: Marginal changes based on normalized scores dataset

Evaluation metric NB DT LDA LR kNN ANN SVM RF
Accuracy -0.01 0.00 0.00 0.00 -0.01 0.00 0.00 0.00
Detection rate -0.12 -0.26 -0.12 -0.12 -1.00 -0.26 -0.12 -0.12
Failure rate 0.44 0.23 0.11 0.13 0.90 0.23 0.41 0.11
Sensitivity 0.00 -0.23 0.09 0.00 -1.00 0.02 0.00 0.09
Specificity 0.10 0.00 0.00 0.00 0.00 0.09 0.10 0.00
F-measure 0.04 -0.23 0.06 0.00 -1.00 0.04 0.05 0.06
G-measure 0.05 -0.16 0.04 0.00 -1.00 0.05 0.05 0.04

The results shows that most of the evaluation metrics such as model accuracy and

specificity remain the same for both actual scores data and normalized scores data.
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However, it was observed that model detection rate become worse by an average margin

2% for normalized data compared to actual data scores. Similarly, model sensitivity also

become worse by an average of 3% for normalized data compared to to actual data scores.

While these variations may be considered negligible in magnitude, the consistency with

which they appear across many classification models may be an indication that data

transformation is not necessarily a great idea in modelling imbalanced data problems,

unless context specific justification is unquestionable.

Naive Bayes (NB) Classifier

The results show that naives Bayes model performs poorly when the classification task

has a large number of input feature variables as shown in Table 4.3. When applied

to full dimensional data will 88 input variables, Naive Bayes models fails to learn

or recognize patterns between the two groups in the data. A plausible reason to this

observation is a possible violation of Naive Bayes classifier assumption of independence

of input variables. It is possible that among the 88 variables, there would be higher

correlation among some of them, leading to redundancy in the learning process. A

research conducted by Abellán & Castellano (2017) found that classification efficiency

of Naive Bayes model could be improved via a quick variable selection method using

maximum of entropy.

There is an improvement in the model’s detection rate from 0% to 70% as shown

in Table 4.6 and Table 4.9 after reducing the input variables from 88 to 7. With

reduced dimensionality, Naive Bayes ’ classification power increases due to its enhanced

ability to select the most informative variables without setting a threshold (Abellán &

Castellano, 2017). This study also established that classification efficiency of Naive

Bayes model is least affected by data transformation by normalization as shown by

similar results in Table 4.6 and Table 4.9. Despite the Naive Bayes model being a simple

classifier, it has applications in artificial intelligence especially in areas with limited

predictor variables. For instance, Granik & Mesyura (2017) used Naive Bayes to detect

fake news on social media with 74% accuracy. The current study, uses several model

performance evaluation metrics to ascertain a holistic view of Naive Bayes performance

since accuracy as a measure of model efficiency is misleading especially when the data
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is highly imbalanced. Further, Naive Bayes model may not guarantee high performance

when the attribute in a classification problem is relatively high. Assessment of learning

disabilities for instance is associated with a large number of test items, hence, Naive

Bayes may not be the best model when considering options to automate classification

of assessment process.

Decision Trees (DT) Classifier

The decision tree classifier starts at a random single point node in a dataset and

recursively splitting data at every instance until a classification decision is made at the

end of the tree (See Figure 4.3). The results in Table 4.3,Table 4.6 and Table 4.9 shows

that the detection rate of decision trees model is 35%. This shows that decision trees

model’s classification power on imbalanced data is low. However, the model accuracy

increases from slightly after the number of input variables is reduced from 88 to 7.

Similarly, the model sensitivity reduces from 31% as shown in Table 4.3 to 28% in

Table 4.6 and 4.9. Consequently, the F and G-measures reduces from 47% and 55% to

44% and 53% respectively.

Figure 4.3: Sample decision tree model from diagnostic assessment of LD
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The results imply that while dimensionality reduction increases classification accuracy,

reduce model sensitivity while model detection rate remains the same on imbalanced

data. Previous experiments with decision trees by Kamiński et al. (2018) indicates

that decision tree models are sensitive to dimensionality. This is in fact true based on

optimization of decision trees based on c4.5 algorithm (Elaidi et al., 2018). According

to the c4.5 algorithm, a dataset with n attributes would have 22
n recursions. On this

premise, it can be seen that increase in data dimensionality can increase the number of

recursions performed by a decision tree model.

High number of recursions in the decision tree model increases computational complexity,

however, in this study it was found that training and testing time for the model was

relatively small compared to other models such as ANN. In this study, when decision

tree model was applied to a full dimension data with 88 attributes, the model sensitivity

was 31% and 28% was applied to a reduced dimension data with 7 attributes, it would

be feasible (theoretically) to apply a decision trees uncompressed dataset. However,

there is immediate drawback on computational complexity with this approach, since the

user has to follow through a longer loop. With this dilemma therefore, decision trees

may not be the best option when considering options to automate assessment process.

after all, the failure rate of decision tree model for imbalanced data is 65% which is

undesirable.

Linear Discriminant Classifier

Linear discriminant analysis is a popular dimension reduction technique. Additionally,

LDA is a covariance matrix-based classifier that can be trained as a supervised learning

algorithm for classification tasks by maximizing the mean difference between distinct

groups in a dataset. The results presented in Table 4.3 shows that model detection rate

is 56%, while Table 4.6 and Table 4.9 shows that detection rate at 44%. Further, the

results show that LDA classifier has significantly higher model specificity relative to its

sensitivity. This shows that while this model has a considerably high detection rate, its

classification is biased towards the majority class, hence, the model may not be suitable

for classification imbalanced data.
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The F- and G- measures remain approximately the same regardless of data dimensionality

or transformation used. This is expected because the general properties of LD data

is not affected by reducing the data dimensions since all the initial variables are

retained. However, the arithmetic combination of variables in a psychometric tool

could potentially mask more informative indicators.Gyamfi et al. (2017) contends that

under normality and homoscedasticity assumptions, LDA is known to be an optimal

classifier in terms of minimising the Bayes error for binary classification. As earlier

described in Figure 4.1, the total scores for the two groups in the dataset can be described

to be approximately normally distributed, although the scores of the group At risk has a

slightly lower kurtosis compared to their counterparts Not at risk.

Logistic Regression (LR) Classifier

Logistic regression is also a covariance matrix-based classifier just like LDA classifier.

Unlike LDA classifier that can be extended into multiclass classification tasks, logistic

regression works only for binary classification tasks. The results presented in Table 4.3,

Table 4.6 and Table 4.9 indicate that the model’s detection rate is 47% regardless of

data dimensionality or transformation. In fact, all the evaluation metrics do not change

for a logistic regression classifier with different data structures. Plausible reason for

this observation is that logistic regression model is based on odds ratio,

logit (πi) = log
(

πi

1− πi

)
(4.1)

which is least affected by data dimensionality and feature scaling. The results show

that logistic regression a considerably high failure rate of 53% despite having a high

specificity of 99%. The high failure rate of logistic regression model in this study can be

described in the context of linearly separable decision boundary between the majority

and minority class. In exploratory analysis section particularly Figure 4.1, there is a

significant overlap in the scores between the two groups of children. As a result of

absence of linear boundary to separate the classes, this model is biased towards the

majority class while ignoring the minority class. This is no wonder the model has high

model specificity whose computation is highly influenced by the true negatives, which
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in this case are the majority. Despite the draw backs of logistic regression classifier,

some researchers such as Christodoulou et al. (2019) established that advanced machine

learning methodologies may not perform better than logistic regression when limited

number of predictors are considered. They claim that these advanced ML approaches

are only better at handling complex datasets with voluminous data.

k-Nearest Neighbour (kNN) Classifier

Results show that kNN classification model performs poorly based on detection rate

and sensitivity despite having high accuracy and specificity of over 96%. This shows

that the kNN model is highly biased towards the majority class and treats the minority

class as noise or outliers. Gao & Li (2020) contends that kNN is a distance-based model

that determines similarity between objects by measuring distance between them. Given

two arbitrary points i and j in a two-dimensional space, the k-NN classifier holds that

the rule;

Ri = {x : d (x, xi) < d (x, xj) , i ̸= j} (4.2)

is a primary distance metric undermining Euclidean, Manhattan, Minkowski or Hamming

distances in establishing similarities or dissimilarities between points of interest (Gao &

Li, 2020). In most cases, kNN is based on Euclidean distance between points, however,

Chebyshev, Manhattan and Minkowski distances are also commonly used. The results

presented in Table 4.3, Table 4.6 and Table 4.9 show that k-NN classification efficiency

is lowest among the eight classification models considered in this study. The model

detection rate, sensitivity, F-measure and G-measure are at 0%. The high accuracy and

specificity of kNN further advances the argument that the model is biased towards the

majority class in an imbalanced data problem.

Amra & Maghari (2017) reported that Naive Bayes model perform better than kNN

in prediction of student performance. Some of the reasons cited as being drawbacks

of kNN include its failure to handle large sample sizes, high number of dimensions

and also being sensitive to outliers in the data. The learning disabilities data used

in this study had a large sample and had many input variables. Additionally, most

of the total scores of children from the two classes would overlap.Since KNN is a

distance-based algorithm, the cost of calculating distance between a new point and each
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existing point is very high which in turn degrades the performance of the algorithm

(Amra & Maghari, 2017).Again, in higher dimensional space, the cost to calculate

distance becomes expensive and hence impacts the performance.

Artificial Neural Network (ANN) Classifier

The results presented in Table 4.3, Table 4.6 and Table 4.9 shows that classification

efficiency of artificial neural network is highest in full dimensional data with detection

rate at 71%. When the data’s dimension is reduced from 88 items to 7, the performance

of ANN model drops drastically, with detection rate 24%. This shows that when the

data has many input variables, the ANN model is able to learn the subtle underlying

structures leading to better classification. However, when the data dimension is reduced

by arithmetic summation of each domain area, the model detection rate is reduced. This

may be due to masking of important features of within the data.

The finding on classification efficiency in relation to the number of input variable was

further evident in pictorial form of the ANN model that was built using full dimensional

data and scaled data. Figure 4.4 presents two ANN models and their associated statistics.

The ANN models were built using one hidden layer with three nodes each, and a binary

classification shown in the output layer. In the full dimensional data with 88 input

variables, the model classifies at a small error of 33.01, while in the reduced dimensional

data with 7 variables, the model classifies with an error of 725.91, which is relatively

big. Given that the ANN configuration is the same, we conclude based on this findings

that ANN model performs better when the input variables are many. However, it should

be noted that minimizing an error in an ANN model requires heavy computational

strength. As shown in Figure 4.4, a small error of 33.01 is associated with very many

computational steps of about 99,338. The big error of 725.91 is associated with fewer

computational steps of about 46.

Further, the study established that data transformation through normalization improves

classification performance of ANN model as shown in Table 4.9. The model detection

rate improves from 24% to 35% after data normalization. This implies that data

normalization reveals the actual data structure, hence can improve the performance of

a machine learning algorithm. Similarly, sensitivity of an ANN model was found to
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increase after data scaling from 36% to 41%.

Figure 4.4: Artificial neural network model for diagnosis of learning disabilities
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Support Vector Machine (SVM) Classier

The results in this study shows that support vector machines performs classification

of imbalanced data better than all the eight models evaluated on 4 out of 7 evaluation

metrics used in the study. While model accuracy is a biased measure of classification

efficiency in imbalanced data, SVM shows high accuracy of over 98%. The detection

rate of SVM was also found to be fairly high and stable as data structure changes. When

the models were run on full dimensional data, ANN had the highest detection rate at

71% followed closed with SVM at 69% as shown in Table 4.3. When data dimension

was reduced, detection rate of ANN was negatively affected by SVM remained the same

at 69% but second to Naive Bayes. By implication, failure rate of SVM fell consistently

below 32% across all the dataset.

The results show that SVM had low failure rate consistently compared to all other

classification models. For instance, in full dimensional data, ANN had the lowest failure

rate at 29% followed by SVM at 31%. Other models had relatively higher failure rate

of upto particularly the random forest model and Naive Bayes. On reducing the data

dimensionality, ANN’s failure rate increased but SVM’s failure rate remained the same

at 31%, being the best model based on failure rate after Naive Bayes’ 30%. The same

failure rate is retained even after scaling the data.This shows that SVM is a stable

learning algorithm whose performance is not easily affected by structural changes in

the data.

Recent research studies have also confirmed that SVM are resilient models, for instance,

Zendehboudi et al. (2018) contends that SVM has been shown to perform well in many

real learning problems with a variety of settings and is often considered one of the best

‘out-of-the-box’ classifiers. Another study by Tao et al. (2019) found that SVM models

are effective in high-dimensional spaces, even when the number of dimensions is greater

than the number of samples. They are memory-efficient and versatile. However, if the

number of features is much greater than the number of samples, the method is likely

to result in poor performance (Tao et al., 2019). This means that SVM could have

been problematic if we had a sample size of less than 88 making the attribute set to be

higher than the sample size. In the premise of dimensionality, therefore, SVM can be
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used to model imbalanced data with high dimension such as the problem of diagnostic

assessment of learning disabilities.

Further still, the results show that SVM had the highest sensitivity for all datasets,

outperforming the rest of the classification models considered in this research thesis. By

definition, model sensitivity measures how often a model predicts a positive case, when

it is actually true. Thus, in the case of imbalanced data, model sensitivity measures how

responsive the model is in correctly classifying the minority class. By logic we conclude

that a model with high sensitivity is desirable in assessing the efficiency of classification

model in imbalanced data problems. Therefore, consistently higher sensitivity values

associated with SVM suggest that the model is less biased towards the majority class.

SVM also had considerably high values of model specificity, which is of course

expected due to high class imbalance ratio. However, the advantage of SVM is that

it produces high values for both model sensitivity and specificity, which are then

included in subsequent computation of F-and G-measures. Since both model specificity

and sensitivity are close to each other, the gap between F-and G-measures. Other

classification models that are biased towards majority class have significantly varying

values of F-and G-measures.

Random Forest (RF) Classier

A random forest is a meta estimator that fits a number of decision tree classifiers

on various sub-samples of the dataset and uses averaging to improve the predictive

accuracy and control over-fitting (Lee et al., 2020). This shows that decision trees form

the fundamental building blocks of random forest classifier, hence, this study attempts

to compare the classification performance of both of these closely related classification

models.

The results show that for imbalanced datasets, the accuracy of random forest is the

same as that of decision tree, they are all biased towards the majority class. Based on

model sensitivity and detection rate, random forest perform poorly in high dimensional

data compared to decision trees. Further, based on F-and G-measures, classification

performance of random forest classifier is among the poorest, only better than Naive
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Bayes and kNN model. However, when data dimension is reduced, it was observed that

detection rate and sensitivity of random forest improves beyond that of decision trees.

For imbalanced data problem where identification of the minority class is of interest,

model sensitivity and detection rate are superior indicators of model classification

efficiency. On this premise therefore, random forest classier can be considered a better

algorithm for imbalanced data com pared to decision trees, the building block.

The results presented in Table 4.3, Table 4.6 and Table 4.9 and the subsequent discussions

on each of the classification models leads us to conclude that support vector machine

(SVM) is the most suitable base learner for imbalanced data. SVM showed consistently

a fairly good sensitivity to the minority class compared to other classification models.

Therefore, SVM is the most suitable base learner for imbalanced data regardless of data

dimensionality. The next section of the experiment focusses on random undersamplin,

Synthetic Minority Oversampling

4.4 Performance of Sampling Methods for Imbalanced Data

Three independent samples were drawn from the data as follows; First, the sampling

ratio for model training and testing was retained as 75% and 25% respectively for all the

samples, all drawn from full dimensional data. sample 1 was drawn by setting set.seed

(2), sample 2 by setting set.seed (3), and sample 3 by setting set.seed (4) in R software.

The descriptive summaries of the three samples is presented in Table 4.11.

Table 4.11: Random samples drawn from full dimensional LDDI data

Random sample— Training dataset Testing dataset
Instances Positive IR Instances Positive IR

Sample 1 3354 81 1:40 1119 27 1:40
Sample 2 3354 80 1:41 1119 28 1:40
Sample 3 3354 72 1:46 1119 36 1:30

The results presented in Table 4.11 shows that the three random samples were of equal

size partitioned into 3,354 observations for training and 1,119 for testing. Sample 1 and

sample 2 present an approximately congruent structure as occasioned by their imbalance

ratios (IR) in both training and testing datasets, while sample three presents a high

imbalance ratio in the training dataset compared to its testing dataset.
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Receiver Operating Characteristics (ROC) curve is a graphical plot that illustrates the

diagnostic ability of a binary classifier system as its discrimination threshold is varied.

The ROC curve is created by plotting the true positive rate (TPR) on the y-axis against

the false positive rate (FPR) on the x-axis at various threshold settings. By definition;

TPR =
TP

TP + FN
(4.3)

which is model’s sensitivity, plotted along the y-axis

FPR =
FP

FP + FN
(4.4)

which is model’s (1− Specificity), plotted along the x-axis

In the case of imbalanced classification problems, emphasis is placed particularly on

the predictive accuracy of minority class while retaining accuracy for the majority

class. This would correspond to high TPR and low FPR, and thus reflected by a high

AUC. The perfect classifier would have an area under the curve (AUC) of 1, where

TPR = 1 and FPR = 0. Hence this study used AUC to compare performance of

different sampling techniques in tackling the imbalanced data.

Table 4.12: Average performance of ROS, RUS, SMOTE and ADASYN

Random sample Base Learner ROS RUS SMOTE ADASYN
Sample 1 0.58 0.71 0.61 0.78 0.79
Sample 2 0.59 0.72 0.63 0.79 0.81
Sample 3 0.64 0.74 0.69 0.86 0.86
Mean AUC 0.60 0.72 0.64 0.81 0.82

The results presented in Table 4.12 shows the AUC computed after running SVM model

under different conditions as follows; The base learner refers to the original SVM

model, whose average AUC on original imbalanced data was 0.60 or 60%. When

random oversampling (ROS) is used in training the model, the AUC increases from

0.60 to 0.72, 19.9% improvement on overall classification efficiency. ROS rebalances

the imbalanced data by duplicating examples from the minority class in the training

set. This approach enhances the learning process by providing more instances of the

under-represented. Since the training set ought to represent as much as possible the
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scenario being modelled, one can argue that duplicating example could inherently

mislead. A study by Kaur & Gosain (2018) on the behaviour of oversampling and

undersampling approaches revealed that duplicating examples from the data can result

into model overfitting, which is undesirable.

Applying random undersampling (RUS) improves the classification efficiency based

on AUC of the base learner from 0.60 to 0.64, a 6.6% improvement. RUS rebalances

the imbalanced data by deleting examples from the majority class such that the gap

between the counts in the minority and majority class is reduced. In this case, when

the imbalance ratio is very high, it would mean that a lot of instances in the majority

class would be dropped. Additionally, while this thesis research focussed on binary

classification, random undersampling might be a catastrophic attempt in a multi-class

setting due to enormous loss of information. As observed by Kaur & Gosain (2018),

random undersampling can result in losing information invaluable to a model during

training.

Synthetic Minority Oversampling Technique (SMOTE) improves the AUC of the base

SVM model from 0.60 to 0.81, an improvement of 34.3%. Compared to ROS and RUS,

using SMOTE to rebalance class sizes can significantly improve model classification

efficiency. The basic principle difference between ROS and SMOTE is that while

ROS duplicates already existing examples, SMOTE synthesizes new instances, thus

SMOTE adds new information in the data unlike ROS.SMOTE generates more minority

class samples so that they are positioned randomly between a minority sample and its

nearest neighbour (Fernández et al., 2018). SMOTE prevent over-fitting unlike ROS as

it populates empty data space instead of simply replicating existing samples (Kaur &

Gosain, 2018).

Adaptive Synthetic Sampling (ADASYN) improves the AUC of the base SVM model

from 0.60 to 0.82 accounting for 35.9% increase in classification efficiency. ADASYN

is similar to SMOTE, only featuring one important difference, it biases the sample space

towards points which are located not in homogeneous neighbourhoods. As a result of

this difference, some researchers suggest that ADASYN is more flexible than SMOTE

and can be extended to utilizes the density distribution of a minority sample as criteria

for how much synthetic data should be created (Alhudhaif, 2021). This is done so by
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finding the differing density distribution for each minority sample and supplementing

minority samples as much as each sample requires to become balanced with the majority

class. This approach helps focus attention on minority examples depending on how

difficult they are to learn.

As earlier presented in Figure 4.1, it is more difficult to distinguish the two classes of

children based on total score than it would to base on distribution of the class score.

(Kaur & Gosain, 2018) contends that class imbalance itself is not a problem but there

are certain other data distribution complexities, which when combined with the class

imbalance degrade the performance of classifier. One such complexities as brought out

in this study is failure to recognize difference in the underlying statistical properties

in the data from distinct groups, and over reliance on basic descriptives such as the

quartile measures.

Based on the results presented in Table 4.12, random undersampling (RUS) and random

oversampling (ROS) can tackle imbalance data problem, however, the margin of

improvement is small and the two approaches are prone to misleading results due

to risks of over fitting or loss of information. SMOTE and ADASYN are two robust

sampling techniques that can tackle the problem of imbalanced data to a satisfactory

level. However, ADASYN technique is 2.7% better than SMOTE at tackling imbalanced

data problem. A chi-square test was used to test whether the difference is statistically

significant. Under the null hypothesis that results from SMOTE and ADASYN are

not statistically different, the results χ2
0.025,2 = 1.00 < 7.38 do not provide sufficient

evidence to reject the null hypothesis at 95% confidence level. Thus, we conclude that

the two methods, SMOTE and ADASYN perform equally. However, for the purpose of

this thesis research ADASYN was considered better than SMOTE due to some marginal

positive difference it has over SMOTE.
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4.5 Comparison of Sampling and AdaBoost for Imbalanced Data

This section presents comparative results of classification of support vector machine

(SVM) model on imbalanced data under simple random sampling (SRS), Adaptive

Synthetic Sampling (ADASYN) and Adaptive Boosting (AdaBoost).Under random

sampling, a random sample is drawn from the population assuming homogeneity.

Model training for classification task is done assuming each class is equally distributed.

ADASYN and AdaBoost attempt to rebalance distribution among or between classes in

data. ADASYN approach improves learning with respect to the data distributions in

two ways: (1) reducing the bias introduced by the class imbalance, and (2) adaptively

shifting the classification decision boundary toward the difficult examples. AdaBoost

on the other hand rebalances the imbalanced data by assigning more weights to the

minority class and less weight to majority class during model training. Table 4.13 shows

the classification accuracy, detection rate, Failure rate, sensitivity, specificity, F-measure

and G-measure of SVM on the same dataset.

Table 4.13: Comparative performance of ADASYN and AdaBoost Techniques

Evaluation metric SVM under SRS SVM under ADASYN SVM under AdaBoost
Accuracy 0.99 0.99 0.99
Detection rate 0.69 0.88 0.91
Failure rate 0.31 0.12 0.09
Sensitivity 0.77 0.88 0.91
Specificity 0.98 0.99 0.99
F-measure 0.86 0.93 0.95
G-measure 0.87 0.93 0.95

Accuracy and Specificity of SVM

Both model classification and specificity are functions of true positives, hence, for

imbalanced data where the minority class constitute the positive while the majority class

constitute the negative, these evaluation metrics will be associated with high values. For

this reason, SVM has 99% accuracy and over 98% specificity under SRS, ADASYN

and AdaBoost as shown in Table 4.13. As such, both accuracy and specificity may not

be ideal in measuring classification performance for imbalanced data.
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Sensitivity and Minority Detection Rate of SVM

Model sensitivity and minority detection rate are the ideal measures of classification

efficiency since they are both functions of true positives. Hence, they all contain useful

information on how often the model detect a true positive given new dataset. As shown

in Table 4.13, SVM was fairly sensitive to the minority class at 77% under SRM with

a lower detection rate of 69%. ADASYN improve model detection rate by 27.5%

while AdaBoost improves model detection rate by 31.9%. ADASYN improves model

sensitivity by 14.3% while AdaBoost improves model sensitivity by 18.2%. Overall,

the results shows that AdaBoost improves model classification efficiency by 5.7% better

than ADASYN. The results presented in Table 4.13 shows that AdaBoost technique is

the best suited approach to the imbalanced data and can be embedded in support vector

machine (SVM) for automatic application to diagnostic assessment of neurobilogical

conditions.
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CHAPTER FIVE

5 CONCLUSIONS AND RECOMMENDATIONS

5.1 Introduction

This chapter presents the logical conclusions drawn from the experimental results of

this study and recommendations for action by practitioners and future research work by

scientific community in computational science and disability assessment.

5.2 Conclusion

5.2.1 Base learner models for classification of imbalanced data

One of the objectives of this thesis research was to evaluate the performance of standard

classification models on imbalanced data. As part of a robust statistical learning system,

a feasible classification model termed as a base learner ought to be identified for a

particular task, then modifications made to the base learner to adapt its functionality to

the specific situations. This thesis research evaluated performance of eight classification

models with the aim of identifying the most suitable base learner for a highly imbalanced

data collected from a baseline survey on learning disabilities. The following conclusions

are made as far as selection of a base learner is concerned;

(i) Naive Bayes, decision trees and logistic regression can be trained relatively fast

and their prediction speed is high. By implication, application of these models

may need small computer memory. These classification models may still have

a role in modern computing, however, their application could be limited. For

instance, logistic regression is suitable for small problems with linear decision

boundary while decision trees will be suitable for low dimensional data because

its prone to overfitting.

(ii) In general, k-nearest neighbour classifier (kNN) has the lowest classification

performance when the task has a considerably high number of input variables.
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The model also performs poorly when the sample size is high, and much worse

when the classes in the data are imbalanced. However, it should be noted that for

low dimensional data, with a small sample, kNN can be a robust classification

model of choice with easy implementation and interpretation.

(iii) Training an artificial neural network (ANN) can be extremely low especially when

the input variables are many, and by implication, building and using ANN may

require bigger computer memory. However, prediction speed is fair, not too slow

as training, but not as fast as Naive Bayes. Convergence of an ANN model is

based on a random algorithm, and thus, running the ANN model several times

can result into different outputs. However, the model error and training steps will

remain stable, with negligible variations provided the model converges.

(iv) Training support vector machine (SVM) takes relatively shorter time compared

to artificial neural network (ANN), however, SVM prediction speed takes longer

than ANN.

(v) Support Vector machine(SVM) and artificial neural network (ANN) are by far the

most flexible classification models that can be used for imbalanced data. ANN

performs slightly better than SVM when input variables are many, although the

difference is not statistically significant. However, ANN performs well below

expectation compared to SVM when the dataset has fewer variables or scaled.

This study therefore considers that while the two models are equally flexible,

SVM has an edge over ANN when the data structure changes drastically.

(vi) While decision tree are basic building blocks for random forest models, random

forest have higher sensitivity to minority class, and a reasonably higher detection

rate in high dimensional data. Therefore, in considering between the two models,

random forest would be a better option especially in cases where there is a

sufficiently large sample size to train the RF model
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5.2.2 Choosing a solution to tackle imbalanced data problem

(i) The challenge of imbalanced data is still a problem in designing machine learning

algorithms in assessment, thus, practitioners in the field will have to deal with the

problem in some way.

(ii) For developers with sufficient domain science knowledge, data-based solutions

would serve them better while for developers with different background other than

the domain science area, algorithm-based level solutions would be ideal.

(iii) Researchers and practitioners have statistical tools to treat the imbalanced data

problem. These methods could be at data level and algorithm level. However,

a blend of the two methods produces cost sensitive approaches for solving the

problem of imbalanced data. This study concludes that when deciding how to deal

with the problem of imbalanced data in practice, it would be a good idea to often

blend between data level and algorithm level. This recommendation stems from

full realization that either of these approaches have their own biases that need to

be complimented by a similar methodology.

(iv) For highly imbalanced data, model sensitivity and detection rate are distinct

evaluation metrics giving different values, however, for least imbalanced data, the

two metrics overlap, and one can easily be mistaken for another.

5.2.3 Model performance evaluation metrics

(i) There are many different model evaluation metrics to choose from when analysing

model performance. While some metrics may have received significant higher

criticism than others, this study concludes that reliance on a single evaluation

metric may be misleading. For instance, model specificity is sensitive to changes

in true negative value while model sensitivity is to false negative. None of these

two measures may provide sufficient information on model classification power as

a stand alone metric.The same could be said on model detection rate, prevalence

and precision.

(ii) F-measure and G-measure are composite functions of model sensitivity and
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specificity. This study concludes that a large disparity between model sensitivity

and specificity negatively affects the F and G measures, but F-measure is severely

affected. Plausible reason for this effect is the computation structure underpinning

the two measures; F-measure is computed by means of harmonic mean while the

G-measure is computed by means of geometric mean. Accordingly, simultaneously

application of the two measures would be a more robust indicator of model

classification performance, rather than any one of them.

(iii) Model accuracy and specificity are biased model evaluation metrics for imbalanced

data as they are skewed by the majority class. This is evidenced by consistently

high accuracy and specificity for most classification models even when their

detection rate was poorest. For learning disabilities, training an ANN model with

full dimensional data gives better results compared to reduced dimensional data.

This is possibly due to potential loss of patterns and subtle data structure when

the scores of every domain are obtained by arithmetic summation

5.3 Recommendations

5.3.1 Recommendations for action

(i) Assessment of learning disabilities for educational purposes is often done by a

team of professionals including teachers and psychologists. For medical reasons,

LD assessment could be done cognitive neuroscientist alone with the help of

specialized technologies such as EEG machines. In both cases of assessment,

data is generated which is then analysed for conclusions on final diagnosis is

made. This study recommends that computational scientists should be part of the

assessment process for proper conceptualization of measurements, and provide

support to avoid data contamination. This will go along way in generating data that

is more useful for machine learning, that would eventually result into development

of artificially intelligent assessment systems.

(ii) The study recommends that signal processing-based methodologies would be

more ideal is distinguishing children at risk of learning disabilities from those with

general academic difficulties. This is evidenced from the difficulties associated
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with training classification models based on total scores per domain compared

to training the model based on the score distribution between the two classes of

children.

5.3.2 Recommendations for further research

(i) This study recommends future research on analysis of algebraic and topological

structures underlying model detection rate and model sensitivity. This arises from

an unusual overlap between these two evaluation metrics observed in this study.

(ii) This study recommends further research to focus on understanding ensemble

learning approaches with a the aim of gaining a deeper understanding of how

to deal with imbalanced data with heterogeneity in both minority and majority

classes.

(iii) Since learning disabilities manifest in different ways such as dyslexia, discalculia,

and disagraphia among other, this study recommends that further research on

classification is needed focus on learning disability as a multi-class problem

rather than binary classification problem. It would be interesting to see how

the decision boundary that classify these subjects shifts, and whether the same

learning framework could be replicated.
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