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Abstract

Machine learning and deep learning algorithms work well where future estimations and

predictions are required. Notably, in educational institutions, machine learning, and

deep learning algorithms can help instructors predict learners’ learning performance.

Furthermore, the prediction of learners’ learning performance can assist instructors and

intelligent learning systems in taking preemptive measures/early engagement/early in-

tervention measures so that the learning performance of weak learners could be in-

creased, thus reducing learners’ failures/dropout rates.

In this study, we propose an intelligent learning system that provides adaptive feed-

back and support to learners. The main component of an intelligent learning system

is the mobile -learning (m-learning) model. Different m-learning models are created

for diverse learners according to their learning features (study behavior) and feature

weights. Before creating the m-learning model, learning features are elicited from

learners’ mobile learning activities and stored on persistent online cloud storage. For

a broader understanding of learners’ learning behavior, learning features were divided

into three categories: context features, behavioral features, and final performance fea-

tures. Context features manifest how the learner will use mobile devices as a learning

tool in different contexts. Context features include knowledge background, learning

time, learning time duration, places visited, learning content type (video, text), learn-

ing performance, etc. Behavioral features illustrate how the learner interacts with the

mobile device during the learning process. Examples of behavioral features include

online learner participation in discussion groups, the number of times problems posted

online, the number of times problem solved, topic repetition rate, and the number of

times attempted the quiz. Lastly, the final performance feature explains the learners’

performance in the final learning activity. The final performance feature is the depen-

dent feature, and context/behavioral features are the independent features. In this study,

we are interested in revealing how each independent feature contributes to increas-

ing a learner’s final performance. Knowing independent feature importance/weights in

improving final performance allows intelligent learning systems/instructors to provide

timely adaptive help, support, and feedback. Moreover, an intelligent learning system
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could take early engagement/early intervention measures to reduce dropout or failure

rates.

After features analysis and preprocessing steps, we created an m-learning model to

categorize learners into performance groups (grades). Because of the high accuracy of

deep learning algorithms, we used Artificial Neural Network (ANN) to classify learners

into five performance groups, whereas Random Forest (RF) algorithm was used to de-

termine each feature’s importance and weight in the creation of the m-learning model.

ANN-based m-learning model is dynamic, which means that once fully trained, the

model can predict new learner performance grades given his/her learning features. To

sieve the m-learning model from overfitting and underfitting problems, we trained it on

learners’ features instances iteratively until we gained maximum accuracy for learners’

grades prediction. For the training ANN-based m-learning model, we used techniques

such as forward propagation, back-propagation, ReLU, and Softmax activation func-

tion. We used the stochastic gradient descent technique for minimum error/cost in the

model. It is more efficient and impressive when dealing with high dimensional data,

and ANN synapses need suitable weight values for generating a minimum error.

In the last stage of this study, we performed an early intervention/engagement ex-

periment on those learners who showed weak performance in their study. The early

intervention experiment’s objective was to encourage and help vulnerable learners in-

crease their learning behavior by sending motivational and adaptive triggers/messages

on their mobile devices. For the early intervention experiment, 425 learners were se-

lected (learners having D and F grades). They were further divided into the control

group and experimental group learners (the control group had 212 learners, whereas

the experimental group received 213 learners). Two types of triggers were sent on ex-

perimental group learners, namely adaptive and motivational triggers. In contrast, the

control group learners were independent of receiving any adaptive content and moti-

vational/adaptive triggers. The early intervention experiment lasted for 50 days. Its

result concluded that intervened learners showed overall better performance than un-

intervened learners in the final learning activity (Intervened learners had overall 12.30

percent higher performance than un-intervened learners). Lastly, we used the End-

User Computing Satisfaction (EUCS) model questionnaire to measure learners’ atti-

tude towards using an intelligent learning system. EUCS questionnaire was shared only
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with 213 experimental group learners as the control group was independent of using

an intelligent learning system during the early intervention experiment. Six dimensions

of client-side application, namely learnit, were used to determine learners’ satisfac-

tion level towards it. The six dimensions of EUCS included usefulness, ease-of-use,

engagement, timeliness, adaptiveness, and attitude towards learning software applica-

tions. Overall, the scores recorded for all six dimensions of EUCS were greater than

4, which inferred that overall, the experimental group learners were satisfied with in-

telligent learning system functionalities and will use such software applications in the

future.
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INTRODUCTION

1.1 Intelligent Learning System and Mobile Learning
An intelligent learning system (ILS) considers learners’ behavior before providing

feedback, assistance, and learning content. ILSs adapt to the learning flow or pace of the

learners. The learners’ learning behavior is made up of learning features generated dur-

ing the learning process. Learning features include study time, location, background

knowledge, performance, social interaction, preferences, etc., of learners, [1]. ILSs

must know the real values of learning features as learning content and feedback are

given to learners by ILSs according to these features’ real values. Unlike traditional

classroom settings, ILSs provide customized instructions to different learners without

intervention from human instructors. ILS uses a variety of computer technologies to

make learning more effective and meaningful. The application of ILSs is everywhere.

They are used in formal learning environments, informal learning environments, pro-

fessional training, flight simulations, technical learning environments, etc. [2]. The

implementation of ILSs has demonstrated its strength and weaknesses [3]. The ongo-

ing research in academic settings and industries tries to improve the effectiveness of

ILSs. Unlike traditional classroom settings based on a one-size-fits-all approach, ILSs

try to provide one-to-one, personalized, and adaptive tutoring, thus making learning

more engaging and exciting. ILS, also known as Intelligent Tutoring System (ITS),

Intelligent Tutoring Tools (ITT), comprises four basics components based on general

agreement amongst researchers.

• The domain model

• The learner model

• The tutoring model

• The user interface (UI) model

The learning objectives of the subject of interest, along with its learning content,

are defined in the domain model [4]. The domain model also considers the necessary

steps that are required for understanding a problem. In ILSs, the domain model is

1



CHAPTER 1. INTRODUCTION

adaptive, designed to reflect the knowledge level of the learners. More specifically, a

comprehensive domain in ILS defines the learning objective, the knowledge required to

achieve that learning objective, learning content comprehension, analysis, application,

and evaluation. In an adaptive domain model, learning content is designed according to

the knowledge level of different learners; thus, in one domain model, different learning

content is designed reflecting the knowledge level of diverse learners [5].

The core component of ILS is the learner model. ILS pays special attention to

learners’ performance state, background knowledge, and how the learners’ knowledge

evolves in the learning process [6]. Step-by-step guidance is provided to learners by

ILS based on the learner model. Whenever the learner deviates from the domain model,

the ILS notifies the learner that s/he has shifted from the learning objective. As the

learning process progresses, the learner model stores information about the learner’s

understanding of its content. A more comprehensive learner model is formed when

the learner frequently interacts with ILS. ILS then uses this learner model to deliver

appropriate instructions and content to the individual learner [7].

In ILS, the tutoring model is the middleman taking input both from the domain

model and the learner model and, based on these inputs, make choices about learning

strategies and actions [8, 9]. The tutoring model tries to provide timely guidance and

feedback to learners to achieve the desired learning objective in less time. At any time

during the learning process, the learner may request guidance or what to do next, ac-

cording to their proficiency and skills. The outcome of the tutoring model is to decide

whether the learner is in a learned state or unlearned state. During the learning pro-

cess, the tutoring model keeps track of learner’s progress from problem to problem and

develops learners’ strengths and weaknesses.

The user interface (UI) model connects the learner model with the domain model

via a software application, i.e., web application, desktop application, mobile applica-

tion, etc. [10]. The learning objectives and learning content material are delivered to

the learner via the UI model. Moreover, the UI model provides customize software in-

terfaces to learners according to their interaction with the ILS. The UI model’s goal is to

provide an interface to the learner that is easy to use and enables learners to accomplish

her/his desired learning task.

For the last three decades, ILSs have been implemented in a variety of forms. In
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classroom settings, ILS is implemented as desktop applications to support traditional

learning where a learner is guided and supported by computer-assisted instructions.

When implemented in the form of electronic learning (e-learning), distance learning,

etc., ILS does not require instructors and learners to be present at the same time and

location. Instead, instructors and learners communicate via wired and wireless infras-

tructure. In comparison to desktop application systems, the popularity of e-learning has

increased rapidly to support learners using learning tools such as Learning Manage-

ment Systems (LMS), e-mails, learning content, and websites [11]. Recently, Massive

Open Online Courses (MOOCs) have gained tremendous popularity, and success [12].

MOOCs are based on an e-learning platform where learning content and education ma-

terial are widely available to everyone. Whether it is LMS or MOOCs, the learner only

needs to login into the system to access learning content. Most LMS and MOOCs fol-

low a one-size-fits-all approach where learning content and guidelines are not adaptive

[13]. The same learning material is available to all learners regardless of their learn-

ing behavior and performance state. The challenge for the current educational learning

environments is to make learning smart and adaptive where learning content and in-

structions adapt to the learning behavior of the individual learner [14].

Adaptive learning (AL) is an educational method that uses computer algorithms to

orchestrate the interaction with the learner and delivers tailored learning content accord-

ing to the needs and performance of each learner [15]. In AL systems, learning content

is presented according to each learner’s unique needs as indicated by learner responses,

interactions, and feedback. The need for AL has been driven by the realization that

adaptive learning content cannot be delivered on a large-scale using the traditional and

non-adaptive mechanisms. When properly implemented AL system can transform the

learning process from passive to active learning. Though the primary target of AL sys-

tems is education, they can be used in various areas, i.e., professional training, business

education, simulation, etc. AL systems have been designed primarily for desktop appli-

cations, web applications and recently have been the prime target for mobile learning

systems.

The use of mobile phones for learning purposes is called Mobile learning (M-

learning) which now is the prime target of ILS [16]. The use of mobile phones for e-

learning, u-learning, M-learning creates additional challenges for the delivery of adap-
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tive learning content [17]. First, the limited space on a mobile phone screen does not

allow learning content to be presented in the same way as shown on web and desktop

applications. Moreover, due to low and inconsistent Internet speed, mobile learners feel

frustration when accessing learning content during the learning process. Nonetheless,

M-learning has several advantages over traditional and web-based learning systems.

M-learning-based education has already reached many learners as it provides the pos-

sibility of an adaptation process that is difficult to achieve in conventional classroom

settings [18]. Mobile learners (M-learners) using mobile phone technologies can access

and study learning content at any time and from anywhere. Thus, M-learners are not

limited only to classroom learning. They have the freedom to learn unrestricted time and

location constraints. In m-learning settings, m-learners have the freedom to choose the

learning content they want to know, unlike traditional classroom settings where learners

are bound to the instructor’s provided learning content and instructions. ’On the move’

learning allows the M-learners to immediately apply the accessed information in their

learning settings rather than waiting to use the data later at some time. Despite the

numerous advantages of M-learning, M-learning’s practicality had been limited due to

not knowing about the exact behavior or learning features of M-learners and how these

learning features have different meanings and values for different M-learners. Eliciting

proper and right learning features in M-learning becomes more challenging as learn-

ing occurs across multiple contexts with diverse learning content and social interaction

[19].

ILS commonly uses M-learning for informal learning, self-learning, or u-learning.

In ILS, creating a learning model is a crucial step as the adaptation process is depen-

dent on it [20]. The learning model is made up of learning features that are produced

during the learning process. Learning features include learning time, learning context,

learning time duration, preferred learning content (video, text, quizzes, etc.), learner

performance, preferences, and content repetition rate, etc. [21]. Devices such as com-

puters and mobile phones are initially not programmed to interpret learning features

and context information the same way humans do during the learning and interaction

process. For transparently using learning features, these devices must store, analyze,

interpret, encode, and standardized learning features to respond and communicate ap-

propriately. In M-learning applications learning context and personal learning features
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have a strong relationship. Personal learning features define the learning behavior, and

learning behavior determines the learning context of the learner. The adaptation concept

comprises two elements: personalization related to M-learner and automatic learning

content customization about the adaptation process.

Personalization related to M-learner means that ILS knows the learning features,

their importance, features weights of each individual and adjusts to M-learner’s learn-

ing flow accordingly [22]. Adaptation means that ILS creates a learning model based on

the learner’s learning features automatically (machine learning) to provide the support

that suits the M-learner’s needs and situation. The adaptive learning system frequently

extracts, interprets, and uses learning features to adapt its services to learners’ current

learning situations. While the concept is simple, such an adaptive learning system’s

development becomes challenging due to a lack of proper learning features dataset and

their real values [23]. Moreover, the development of an adaptive M-learning system

becomes more challenging as the learner is on the move, and the context changes fre-

quently. In addition to extracting and processing learning features, the m-learning sys-

tem must reason and decide how to process learning features and deliver personalized,

meaningful, and useful services to m-learners. In an adaptive learning system, the most

challenging issue is adaptation due to imprecise learning features and rapid changes in

learning features. Due to this reason, some vital information in the learning features

dataset generated by the learning system is left unexplored. As a result, the exact learn-

ing behavior or needs of learners is often overlooked. The challenge for effective ILS

is to provide the right and suitable learning content at the right time and the right way.

1.2 Machine Learning in Intelligent Learning Systems
ILSs seek to draw conventions about individual learners based on their learning

features and interaction with the system. ILS integrated with machine learning (ML)

techniques can be used to create a learner model that properly reflects the learning

behavior of individual learners [24]. A carefully developed learner model based on

proper learning features can predict and identify learner strengths, weaknesses, pref-

erences, and performance. ML techniques that have been used to developed learner

model include K-Nearest Neighbors (KNN) [25], Linear Discriminant Analysis (LDA)

[26], Multi-class Logistic Regression (softmax regression) [27], Support Vector Ma-
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chine (SVM) [28], Decision Trees (DT) [29], Random Forest (RF) [30], and Artificial

Neural Networks (ANNs) [31]. Fundamental steps in developing a learner model in-

clude defining proper learning features (time, location, preferences, performance, etc.),

generating a dataset of learning features, features analysis, preprocessing, transforma-

tion into the appropriate form, choosing proper machine learning algorithm, training,

testing and re-evaluating the learner model. When developed and matured, the learner

model can be used as a part of ILS for intelligent guidance and adaptive support. The

learner model can tell us the current learning behavior and the predicted learning be-

havior of individual learners. Based on this fact, the likelihood of achieving learning

outcomes can be determined. The learner model can recommend additional learning

content during the learning process if they need it and let the learner move ahead if the

current topic is already covered. An adaptive M-learning system performs adaptation

based on the learner model and updates the learner model when new facts are driven

from M-learners’ learning features. Information gathered from M-learning systems’

interaction mechanism is often imprecise, and its interpretation is typically uncertain.

Machine learning algorithms are commonly used for learner modeling because of their

ability to represent complex feature relationships, feature weights, and combined fea-

tures’ effects on individual learners’ learning behavior in the learning environment.

Machine learning (ML) is a subset of artificial learning (AI) which gives the com-

puter the ability to learn without being explicitly programmed [32]. ML algorithms

build a mathematical model based on training data to make decisions or predictions

without being explicitly instructed to perform that task. With ML algorithms’ help,

ILSs can be designed to automatically extract meaningful patterns from learning fea-

tures data in educational settings. Whether the data generated from learning features are

fine-grained or less fine-grained, ML techniques leverage both types of data to discover

meaningful patterns about different kinds of learners and how they study, structure their

course, and the effect of instructional strategies embedded in the learning environment.

These learning patterns provide new insight into learners’ learning behavior that would

be very difficult to discern by looking at the raw data. As the research and development

in ILSs continued to grow, many ML techniques could be in a variety of educational

contexts. ML techniques can help ILSs translate raw data into meaningful informa-

tion related to the learning process to make improved decisions about the trajectory
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and design of learning objectives. For ML algorithms, the provision of proper learning

features and their corresponding instances is the key step [33]. Once suitable learning

features are provided, ML algorithms can discover the relationship in learning features.

This involves searching through a repository where learning features are stored to find

consistent relationships among learning features. Based on these learning feature re-

lationships, ML algorithms can perform feature classifications, clustering, regression,

social network analysis, and association rule mining, etc. [34]. After finding feature re-

lationships, ML algorithms can make predictions about future events in the learning en-

vironment. Predictions can help ILSs in making policy decisions and decision-making

processes.

Deep learning (DL) is a sub-field of machine learning that gives the computer the

ability to adapt to new data without human intervention [35]. Like machine learning

algorithms, deep learning algorithms extract new information from current features for

decision-making and predictions. DL algorithms are used to learn feature hierarchies,

weights, and interrelationships often based on Artificial Neural Networks (ANNs).

Models based on DL algorithms can focus on the right features by themselves, requir-

ing little intervention from human programmers [36]. ML and DL algorithms have the

single most important AI research goal: allowing computers to understand and model

our real world well enough to exhibit something identical to what we human beings

call intelligence. Some of the popular DL algorithms are Artificial Neural Network

(ANN) [37], Convolutional Neural Network (CNN) [38], Recurrent Neural Network

(RNN) [39], self-organizing maps (SOM) [40], deep Boltzmann machine (DBM) [41],

and deep autoencoder [42].

The use of the DL technique for personalized M-learning is an emerging field aimed

at optimizing the pace of learning and instructional sequence according to the needs of

each learner [43]. The learning features (learner performance, preferences, content

types, learning time, learning time duration, learning location, repetition rate, social

interaction, etc.) based dataset act as a fuel to DL algorithms based on which DL algo-

rithms can classify M-learners into different learning groups having differential interests

and needs. Sequencing instructions and course contents are essential in the m-learning

process as M-learners get a lot of random information from the Internet, Learning Man-

agement System (LMS), and mobile devices communications. Nevertheless, the devel-
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opment of the DL-based M-learning model is non-trivial for every m-learner and can

help them take the right learning path. Now m-learning has become a common learn-

ing trend for the last decade, and there has been a rapid increase in the numbers of

m-learners in colleges and universities who access information from the Internet to get

learning help. Yet, on the other hand, m-learning is still in infancy. Therefore, an effort

is needed to investigate how to change the learning paradigm from a one-size-fits-all ap-

proach to adaptive and personalized learning supported by mobile devices. M-learning

is inevitable as two-thirds of the learners are already on smartphones making it a handy

medium of gaining knowledge [44]. Mobile devices provide a more flexibility level,

and a course started on a PC or tablet can be completed on a mobile device. Moreover,

learning is more contextual and heuristic because learners are on the move and learning

can take without spatial and temporal constraints [45]. In m-learning settings, creating

a learner model and modeling learners accordingly to it is the most potent apparatus for

successful and effective adaptive m-learning.

1.3 Problem Statement and Objectives
In the m-learning environment, a research challenge exists to develop a learner

model that can deliver tailored learning content to the individual learners considering

their learning behavior features. Developing a learner model that intelligently selects

learning resources for individual learners to enhance their learning capacity is the prime

need for adaptive learning environments. Moreover, adaptive learning environments

also need learner models that recommend learning content to learners with high effi-

ciency and accuracy. To enhance the accuracy and efficiency of the learner model, dif-

ferent machine learning (ML) and deep learning (DL) algorithms exist that can help the

learner model make the right decisions with less time. It is also challenging to analyze

and select the best ML and DL algorithms for adaptive learning systems. In adaptive

learning environments, the learner model must control learners’ learning progress ac-

cording to their learning capabilities. Implementing the right ML and DL algorithms

can make a drastic transformation in how a learner can develop and learn. Considering

the challenges and problems, below are the objectives of this research thesis.

• To develop an intelligent learning system (ILS) for M-learning based on signifi-

cant learning features that contribute most to the M-learning process.
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• To develop a learner model (M-learner model, adaptive model, learning model)

based on significant learning features as a part of larger ILS.

• Using ML and DL workflows to process and transform learning features to create

a learner model.

• To develop an M-learner model that will predict learners’ performances with

maximum accuracy and precision using the weight difference among learning

features.

• To test and verify the learner model-based ILS’s effectiveness by state-of-the-art

evaluation method, i.e., End-User Computing Satisfaction (EUCS).

In the m-learning environment, it is often difficult to determine which features make

up a learner model and where these features should be logged or stored. Moreover,

it is also challenging to develop a learning system that perfectly represents learners’

interaction with the learning system.

1.4 Research Contribution
This study’s major research contribution is the development of an Artificial Neu-

ral Network (ANN) based intelligent learning system that provides adaptive support

and guidance to learners according to their learning behavior. The main component

of an intelligent learning system is the m-learning model that ANN creates through

learning features. The m-learning model is created by considering two factors: 1. Im-

portant learning features that define the learning behavior of m-learners. 2. What is

each feature’s weight in determining the learning behavior of m-learner? An impor-

tant disadvantage of contemporary learning models is that they do not consider weight

differences among different learning features while defining the learning behavior for

different m-learners. Therefore, in this study, an efficient and powerful m-learning

model is proposed and presented that intuitively classify m-learners according to their

learning features, weights, and interrelationship.

In this study, the m-learning model is introduced and developed particularly for the

m-learning system, online learning, and intelligent learning systems that use mobile

devices for user interaction. The working of the m-learning model is based on a deep
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learning algorithm (deep neural network). For the adaptive m-learning model, the most

important component is the learner dynamic learning context. One of the most signif-

icant applications of our m-learning model is to create a knowledge model of learners

that precisely represents their performance factors and learning context. The impor-

tance of learning features, relationships, and weights are different for different learners

in diverse contexts. Precisely the contributions of this study are:

• Creating an m-learning dataset. The dataset includes learning features in-

stances/records generated during the learning process and logged on an online

Firebase cloud. The dataset is used as an input to ANN for the development of

the m-learning model.

• M-learners behavior modeling. We used the m-learners’ dataset to model learning

in the m-learning environment i.e., creating the m-learning model. In modeling

m-learners, the important step is to determine the effect of independent learning

features on the dependent feature, i.e., m-learners performance (final grades).

• Using Artificial Neural Network (ANN) for learner’s classification. ANN (with

hidden layers) is a type of deep neural network or deep learning algorithm used

for m-learners classification, important features identification (learning features),

and feature weight determination.

• Deployment of the m-learning model on mobile devices. In this step, we de-

ployed the m-learning model on mobile devices of m-learners to determine how

accurately the learning performance of m-learners is predicted and how the m-

learning model helps m-learners in the learning process and making the right

decision.

• Performing early intervention/engagement experiment. This experiment’s objec-

tive was to determine whether early intervention by an intelligent learning system

motivates m-learners to improve their performance. This experiment revealed that

early intervention could be a beneficial technique in encouraging weak learners

to enhance their learning behavior.

Moreover, the key considerations of the proposed work are listed in table 1.1.
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Table 1.1: Key considerations of the proposed work

Key Considera-
tions

Current Literature The Proposed Work

Consideration of
learners’ learning
features

Most of the articles
related to machine
learning do not target
attributes weights and
their interrelationships

Important features like
learners’ performance, pref-
erences, time, learning time
duration, and environmental
context will be considered
in the adaptive learning
mechanism

Mobile learning
dataset

There is no proper
learning dataset that
records mobile learning
behavior during the
learning process

Data related to mobile learn-
ing behavior will be logged
on the cloud for input to the
learner model

Analyzing appli-
cations and per-
formance of deep
learning models

Classical and tradi-
tional machine learning
model is used in
adaptive online (web-
based learning) and
M-learning

Analysis and implementation
of cutting edge, state-of-the-
art deep learning algorithms
in predicting learner knowl-
edge model

Deep neural net-
work support on
mobile devices

Mobile devices cur-
rently are used for
image recognition,
character reading, etc.

Deployment and testing of
the learner model on mobile
devices

1.5 Organization of Thesis
The rest of the thesis is organized in the following chapters:

Chapter 2: In this chapter, the current literature about applying machine learning and

deep learning techniques in educational settings are discussed, emphasizing adaptive

learning systems. This chapter starts with a broader explanation of learning technolo-

gies, distance learning (d-learning), electronic learning (e-learning), mobile learning

(m-learning), context-aware learning, and it narrows towards more related work done

in the application of machine learning and deep learning in the adaptive learning envi-

ronment. This chapter also covers a detailed description of machine learning and deep

learning algorithms and how they can be trained and used in intelligent learning sys-

tems. Notably, we highlighted the most popular and common studies that discuss the

application of machine learning algorithms such as Decision Trees (DT), Support Vec-

tor Machines (SVM), Locally Weighted Linear Regression (LWLR), K-Nearest Neigh-
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bors (K-NN), and Random Forest (RF), etc., in the learning domain. At the end of this

chapter, we discussed various deep learning algorithms that are based on the neural net-

work architecture (Artificial Neural Networks (ANN), Convolutional Neural Networks

(CNN), Recurrent Neural Networks (RNN), etc.,) and their related studies that explain

how they can be applied in learning domains.

Chapter 3: In this chapter, we discussed the complete working of the proposed intel-

ligent learning system. Firstly, we discussed how learning features were collected from

m-learners and were stored on an online database cloud called Firebase for Artificial

Neural Network (ANN) processing. For learning features collection, we used an An-

droid app called learnit that interacts with the learners and presented different learning

content related to computer programming (JAVA, C++) and computer basics. While

m-learners interact and use the learnit app, their learning features are recorded, logged,

and stored on the persistent Firebase online database. Later, these learning features are

preprocessed and feed into ANN for the m-learners performance classification task.

Chapter 4: This chapter explains how ANN is trained to make the m-learning model

and is deployed on mobile devices to guide m-learners in their learning process. This

chapter further elaborates on how feature weights/importance is determined using the

Random Forest (RF) ensemble technique. The feature weight values are used for pro-

viding adaptive and tailored support to different m-learners. Later, we discussed how

early intervention could motivate m-learners in increasing their learning behavior. At

the end of this chapter, we discussed the End-User Computing Satisfaction (EUCS)

model and how we used it in determining the attitude/satisfaction of m-learner in using

intelligent learning systems.

Chapter 5: This chapter concludes our research study and gives future direction on

applying machine learning and deep learning techniques in educational settings.
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In this chapter, the fundamental concepts associated with online learning and its tech-

nologies are discussed. This chapter’s flow starts from the broader concepts related to

online learning, e-learning, mobile learning (M-learning) and narrows down to how ma-

chine learning techniques could be used to increase their usefulness. This chapter high-

lights the transition from e-learning to m-learning and describes the concepts related to

learner modeling, adaptation, personalization. This chapter ends with descriptions of

techniques used in adaptive learning and, more specifically, review the literature that

discusses machine and deep learning techniques used in adaptive learning.

2.1 Learning Technologies
The main goal of learning technologies is to assist both instructors and learners in

making the learning process easy, engaging, interesting, and productive. However, the

use of learning technologies in educational settings was minimal until recently [46].

In the past decade, the application of learning technologies has successfully enhanced

assessment, learning, and teaching experience. Learning technologies include comput-

ers, tablets, laptops, mobile devices, computer networks, communication technologies,

and multimedia technology to support learning. In the past, learning technologies have

been classified under various acronyms such as computer-based training (CBT) [47],

computer-aided learning (CAL) [48], computer-aided instruction (CAI) [49], computer-

based learning (CBL) [50], and computer-aided assessment (CAA) [51], etc. With the

advancement in learning technologies, the growth of distance learning (D-learning) and

electronic learning (e-learning) continue to increase, aiming at supporting learning par-

ticipants through the use of learning tools such as virtual classrooms, emails, websites,

electronic learning content, etc. Learning technologies also help learners in making

the learning experience more personalized. Learning technologies normally make the

learning experience personalized by recommending appropriate learning content to the

learner. With the emergence of machine learning, learning technologies could be used

to create personalized learning content and learning flow. Learning technologies mainly

rely on data for adaptive learning content recommendation. Enough data collected

from learners during the learning process and sufficient data collected from the na-
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ture of learning content can enable learning technologies to recommend adaptive learn-

ing experiences. Learning technologies tools such as Flipboard, Google classroom,

schoololgy.com, cloud-based word processors, etc., have removed classroom bound-

aries where learners and instructors can collaborate in real-time unrestricted time, and

spatial constraints [52]. The advancement in learning technologies has helped in mo-

bile learning’s rapid growth (M-learning) and distance learning (D-learning). The use

of the Internet has enabled instructors to reach learners across the borders, and learn-

ers from any country can register for online virtual classrooms. Learning technologies

have made education easy, affordable, and flexible where learners can take classrooms

during their free time free of cost and learners even can interact with other learners vir-

tually. Learning technologies have digitized traditional classrooms with learning tools

like smart electronic whiteboards, learning management systems (LMS), computers,

laptops, pads, tablets, smartphones, enabling increased learners’ engagement and mo-

tivation towards learning. Learning technological tools such as mobile devices and the

Internet gives the learner the chance to learn by him/herself and gives the learner the

freedom to discover learning content according to her/his needs and preferences.

2.2 Distance Learning (D-learning)
In D-learning, a learner can take college/university courses from anywhere [53]. A

learner can study from home, library, or anywhere without needing to come to college

or university. There is no identification and age restriction in enrolling in D-learning

courses. The advancement in communication and transportation technologies has made

possible the implementation of D-learning. Communication technologies are used to

bridge the gap between instructor and learner as face-to-face interaction is rare in D-

learning. Apart from a much higher degree of freedom, D-learning is very much like

traditional education as it covers all degree levels and subjects offered in colleges and

universities. A learner is D-learning taught by an instructor, receives support from a

tutor, takes examinations, and discusses the problems with classmates without a tight

schedule and physical presence constraints. D-learning gives the learners the advan-

tage of learning at their speed, from anywhere and at any time. Massive open online

courses (MOOCs), now offered by many universities, provide open access to learning

content through the World Wide Web (WWW) are recent developments in D-learning
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[54]. Generally, terms such as online learning, virtual classroom, distributed learn-

ing, e-learning, etc., are used interchangeably and synonymously with D-learning. The

widespread use of the Internet has made D-learning easy and affordable. Today, multi-

tudes of virtual schools, virtual colleges, and virtual universities offered full degree pro-

grams covering almost all subjects. Earlier D-learning was supported by technologies

such as telephones, video conferencing, television, the radio, and text-based education,

which have become somewhat redundant with the invention of the Internet. Advance-

ment on the Internet and wireless technologies have made D-learning more attractive

and easier with the support of video, voice, text, multimedia content, and immersion

teaching methods.

2.3 Electronic Learning (e-learning)
In D-learning, the distance between learners and instructors is a factor, whereas, in

e-learning, distance is not much of the factor [55]. E-learning is a supportive tool for

both instructors and learners, which helps both inside and outside the classroom. E-

learning is a kind of learning technology that allows the learner during his/her learning

process. Most people do not try to realize that e-learning can also happen right inside the

class. E-learning combines digitally delivered learning content with learning support

and services. All types of electronic media, including the Internet, extranet, intranet,

cloud support, audio/video files, and satellite broadcast, are used in e-learning to deliver

learning materials to learners. The term e-learning and online learning are almost the

same having the following characteristics:

• E-learning enables learners to take control and access what they need quickly and

easily.

• When it happens outside of a classroom, E-learning encourages the learner to do

independent learning, hence not waiting for the instructor’s instructions to move

ahead.

• The learning content provided for any targeted topic can be seen and rewind again

and again until the topic is wholly understood.

• E-learning enables instructors to ensure that learners are always synchronized
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with the latest learning material. This fact increases the learner’s motivation by

realizing that s/he is still accessing updated content.

• E-learning promotes easy and quick learning. E-learning helps instructors cre-

ate and communicate new lessons, contents, ideas, policies, and instructions to

learners, whether formal or informal.

• E-learning enables instructors to deliver the same learning material in a consistent

way to all the target learners. This ensures that all learners are treated equally and

receives the same type of learning material.

• As compared to traditional learning, e-learning is cost-effective as learning in this

mode happens quickly, easily, and effortlessly.

• As e-learning is supported by audio, video, and multimedia aid, it is easy to grasp

and understand the learning content, which positively influences educational in-

stitution profitability.

Research studies in [56, 57], proved that e-learning as compared to traditional learn-

ing has the following advantages:

• It results in improved scores on quizzes, certifications, and other types of evalua-

tions.

• Increased learners’ engagement in online courses and a higher number of learners

achieve a pass or good score.

• E-learning tools and technologies help the educational institution retain learning

content for a more extended period.

• E-learning tools give learners an enhanced ability to learn and implement new

knowledge at any time and from anywhere.

2.4 Mobile Learning (M-learning)
With the emergence of mobile devices (tablets, mobile phones, smartphones, etc.),

learners have shifted their learning experience to a broader level. Mobile devices have

16



CHAPTER 2. LITERATURE REVIEW

enabled learners to learn in diverse contexts, including continuous change in their learn-

ing location and environment. ShengQuan Yu et al. explains that M-learning is ”not

primarily for delivering learning content, courses and messages but to involve learners

in the broader learning experience and involvement through social and content inter-

action across multiple learning contexts” [58]. Occasionally mobile devices are used

for informal learning, but it’s a challenge to attract learners to do formal learning us-

ing mobile devices [59]. M-learning gives the learner the freedom to access learning

content from virtually anywhere. Sharing ideas and problems is almost instantaneous

among learners when the same learning content is the learning objective. Fast sharing

leads to active learning, and learners receive instant feedback and tips. The active learn-

ing process in M-learning has increased the performance score from the fiftieth to the

seventieth percentile and has reduced the dropout rate by 22 percent in technical fields

[60]. M-learning gives potent portability to learners where books and notes can be re-

placed by tailored learning content. Some of the possibilities offered by M-learning,

according to Fombona, Pascual-Sevillana, and González-Videgaray are greater access

to information, along with transcendent innovations such as playful activities, learn-

ing in a group, iconic virtual and network of friends discussing on the same learning

topic [61]. Chronologically, m-learning research can be separated into three phases:

the first phase focuses on considering mobile devices properties and capabilities before

using them as a learning tool; the second phase focuses on how mobile devices can be

used to assist formal and informal learning and how mobile devices can be used for

learning purpose outside of the classroom; the third phase in focus on mobility of the

learner and how and what information to provide in diverse contexts [62]. In the second

phase of m-learning, around 2005, many projects were completed worldwide, with each

project targeting the effects of m-learning, such as increasing learners’ engagement in

learning activities, increasing learning motivation, and providing assistance according

to the learning needs of learners. With m-learning projects’ success and their wide ac-

ceptance among learners, m-learning now can be integrated with mainstream education

and training.

The use of mobile devices is ubiquitous, with every field using it for their needs

and requirements. In the education field, mobile devices are mainly used for class-

room management, student-centered learning, group collaboration [63], distance learn-
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ing [64], cross-contextual learning [65], lifelong learning [66], and self-learning [67].

Fuller Richard and Victoria Joynes listed some of the advantages of m-learning that

encourage learners to learn in the workplace [68].

• m-learning helps learners improve their vocabulary, literacy, speaking, listening,

and writing skills.

• Encourages learning to pinpoint the exact area where they need help and support.

• m-learning is relatively cheap as the cost of smartphones and other mobile devices

are significantly less than computers.

• Decrease training costs where employees are separated by long-distance.

• Provide continuous personalized and situated learning support.

• Remove traditional classroom formalities for learning and give learners the free-

dom to engage in a comfortable and reluctant learning experience.

• Raises learners’ self-confidence and self-esteem by allowing them to perform

multitudes of different experiments.

• Learn without temporal and spatial constraints.

The continued improvement in mobile devices, wireless technologies, and cloud

computing has enabled many potential implications on m-learning processes, such as

cross-contextual learning, accessibility, appeal, and collaboration.

• Cross-Contextual learning: In cross-contextual learning, mobile devices provide

help to learners in work settings according to what they have learned in formal

educational settings [69]. Providing a cross-contextual learning experience is per-

haps the biggest advantage of m-learning. Cross-contextual learning involves ap-

proaches in which learning in the workplace is facilitated and supported by reflec-

tive questions, formative assessments, and documentation of personal achieve-

ment in learning databases or portfolios [70]. The success of cross-contextual

learning lies in integrating work-based learning experience with the formal learn-

ing experience and how effectively learners can apply what they have learned in

the working environment.
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• Accessibility: Due to mobile devices’ portable nature, they have become a con-

venient tool for learners for providing them access to learning material regardless

of their changing context [71]. The accessibility advantage is not limited to time

and location contexts. The mobile devices used to access learning material us-

ing mobile networks are inexpensive and cheap compared to desktop and laptop

computers.

• Appeal: The proliferation of mobile devices is sweeping the globe, and accord-

ing to Cisco, m-learning in the U.S. market will grow from 7.98 billion in 2016

to 37.6 billion in 2020 [72]. According to Pew Research Centre statistics, 70

percent of U.S adults use smartphones of some kind [73]. Modern learners using

smartphones prefer to consume a small chunk of learning material according to

their choice rather than absorbing large-sized learning content served on desktop

computers. In light of these facts, education organizations and business enter-

prises looking to improve their learners’ or employers’ skills will have to make

learning/training programs more relevant, appealing, and effective. M-learning

is more appealing as it gives greater learning flexibility where learners choose

to select learning content in different formats – videos, audio, podcasts, and any

other multimedia format. The lessons provided by m-learning are normally bite-

sized, enabling learners to micro-learn while they are on the go. The ability of

m-learners to choose their learning path to complete their lessons has increased

content retention and learner engagement. Other factors that make m-learning

more appealing include familiar learning devices, fewer learning restrictions and

frustrations, engaging in collaborative learning, and selecting adaptive learning

paths [74].

• Collaboration: Mobile collaborative learning includes using mobile devices such

as smartphones, tablets, and personal digital assistants (PDA) in-class and out-

of-class to share ideas and problems during learning. M-learning allows learners

to collaborate with other learners and build knowledge collectively. M-learning

allows students to keep up-to-date about current learning topics and eliminate the

growth of unread text messages [75].
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2.5 Mobile Cloud Computing (MCC)
MCC provides unrestricted processing and storage services to mobile applications

(apps) based on the pay-as-you-use principle [76]. Multiple categories of cloud ser-

vices are offered to users, including Infrastructure as a Service (IaaS) [77]; e.g., Win-

dows Azure, Google Compute Engine, Rackspace, Amazon EC2, Platform as a Service

(PaaS) [78]; e.g., AWS Elastic Beanstalk, Heroku, Google App Engine, IBM Bluemix,

salesforce, Apache Stratos, Software as an Infrastructure (SaaS) [79]; e.g., Gmail,

Google Drive, Evernote, Facebook.com, Office 365, Google Apps, Google Services,

Backend as a Service (BaaS) [79]; e.g., Parse, Google Firebase real-time database,

Firebase Storage, and Firestore. IaaS, as the name suggests, provides physical com-

puting infrastructure, virtual machines, file-based storage, virtual disk image library,

IP addresses, Firewalls, and virtual local area networks, etc. On the other hand, PaaS

provides a computing platform such as web services, operating systems, programming

language execution environment, databases, etc. The SaaS model user is given access to

application software often referred to as ”on-demand software”. In a SaaS environment,

a user does not have to worry about installing and executing application software rather

than the service provider does it for the users. A user must use it through some client

computer. In this research study, we use Google Firebase real-time databases and Fire-

base Storage for storing learners’ feature instances, learners’ authentications, database

support, performance monitoring, and user analytics.

To facilitate learners in the m-learning process and overcome the limitations of pre-

vious studies, we developed an intelligent learning system that uses machine learning

techniques to determine the exact needs and requirements of m-learners. An intelligent

learning system will be discussed in detail in the upcoming chapters. Machine learn-

ing techniques and algorithms use learners’ features stored in an online Firebase cloud

database to determine their learning performance effects.

2.6 Context-Aware Learning
With the advancement in mobile devices and wireless technologies, mobile devices

can both sense and react according to users’ context and environment. Machine learning

techniques integrated with mobile technologies can discover learners’ learning behav-

ior by mining and analyzing their context information. Learning context includes the
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learning features of m-learners. Learning features may consist of learners’ interaction

details, location, time, study duration, repetition rate, social interaction, background

knowledge, performance, preferences, etc. Various experimental studies showed that

mobile devices could be a handy tool in assisting learners in diverse learning settings.

In context-aware learning, mobile devices have information about the learning en-

vironment under which they make intelligent decisions and react according to circum-

stances, and situations [80]. It is essential to accurately categorize learners in context-

aware learning and provide learning content and help according to their needs. In the

computer science and educational community, context-aware learning initially was per-

ceived as learning that considers changing locations, as Dev discussed [81]. In the past

few years, context-aware learning considers many other features apart from just user lo-

cation. Context-aware learning is now viewed as a learning process in which the learner

is involved; thus, more sophisticated context models have been introduced and pro-

posed. Context-aware applications now have many functionalities and features which

include (a) provide a dynamic and personalized interface, (b) providing the needed

information with high precision, (c) decreasing learner memory load, (d) make user

interaction implicit and straightforward, (e) built smart learning environment.

Context-aware systems mainly target acquiring and knowing the exact context of

computer users. The user context is made up of features or attributes generated during

the user’s interaction with the system. After acquiring user features, they are weighted

and understood so that the perceived context matches the actual context. The context-

aware system reacts and performs triggering actions according to user activities. User

interactions and her/his activities are essential for intelligent applications; therefore,

context awareness has been focused intensely on activity recognition research.

Aziz Hasanov and Teemu H. Laine classified the context-awareness process in the

learning environment into three aspects: Context Acquisition, Context Modeling, Con-

text entities [82]. Context acquisition deals with how to capture learners’ current con-

text using available technologies and tools. According to Perara et al., [83] there are

three basics steps in context acquisition: (1) context can be captured by using sen-

sors; (2) context can be derived from raw data through computation; (3) context can be

taken directly by learners input. Context modeling involves computer algorithms and

processes that can convert and understand necessary context information. Strang and
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Linnhoff-Popien have classified context modeling approaches into six categories: Key-

value pairs, Markup schemes, logic-based, graphical, object-based, and ontology-based

[83]. In addition to these models, some researcher has also included a database (re-

lational, object-oriented database, NoSQL) model to store and represent learners con-

text information [83]. The database modeling approach is familiar and easy to use for

storing and modeling context information. In a context-aware learning environment,

context entities are those objects/items from where context information can be elicited.

Verbert et al., [80] Li et al., [84] Gomez et al., [85] have established context entities

taxonomy that categories context entities into five groups: learners (learner profile, in-

terests, preferences, learning styles, cognitive abilities, social interaction information),

technical entity (learner interface, operating system, CPU-occupancy, network band-

width, memory and screen size, battery life), spatiotemporal (time, time duration, lo-

cation), pedagogical (learning objectives, learning activities, learning tools, learning

resources, pedagogical techniques), and environmental entity (noise level, temperature,

humidity, luminosity).

Research studies carried out in the last decade reveal that mobile phones and PDAs

are the most popular and common types of devices used in a context-aware environment.

The popularity of mobile phones and PDAs in a context-aware learning environment is

evident because they have high mobility and portability, allowing learners to traverse

through context and switch contexts rapidly. In informal learning environments, mo-

bility provides great affordance, such as in parks, museums, travel, science centers.

Recently, mobile technologies had been a significant advancement, making their mem-

ory, processing, and other features equivalent to that of desktop computers. Nowadays,

almost all mobile phone devices and PDAs provide an NFC or RFID reader module,

allowing learners to interact with the surrounding environment easily. The utility and

pervasiveness of mobile devices have made them an integral part of learners’ daily lives.

2.7 Adaptive Learning
Sampson et al. define adaptive learning as a learning technology that provides a cus-

tomized learning experience in which learners’ unique needs and content are provided

through just-in-time feedback, help, resources [86]. In traditional learning settings, the

instructor is compelled to provide a one-size-fits-all learning experience without regard-
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ing the individual needs, performance, and preferences of different learners. Adaptive

learning technology aims to support instructors in a traditional learning environment to

provide the best possible learning experience for every individual learner. Using devices

such as mobile devices and computers, adaptive learning techniques help instructors flex

their teaching prowess to ensure that every learner progresses and learns. The power of

adaptive learning techniques can be realized by the fact that they scale well to provide

a customized learning experience to tens, hundreds, or thousands of learners at a time.

Adaptive technology adapts to learners in several ways: i.e., designed adaptivity and

algorithmic adaptivity. The graphical user interface (GUI) reacts to unique situations

and learners’ individual needs in designed adaptivity. GUI adaptation occurs based on

adaptivity factors, including learner performance, interaction information, learning be-

havior, etc. Often, designed adaptivity react to the different situation according to the

result of an ”If this, then that” approach. Using the ”If this, then that” approach, learners

are provided with needed remediation, personalized learning content, and helps learn-

ers set their goals according to their learning path. In algorithmic adaptivity, computer

algorithms try to learn what a learner ”knows” and what a learner is expected to experi-

ence in the future. In algorithmic adaptivity, the computer can select the right path for a

learner, which is according to learners’ learning flow. Adaptive learning occurs dynam-

ically without instructor interference. A common algorithm that falls in the algorithmic

adaptivity category is Bayesian Knowledge Tracing (BKT) which calculates the rate at

which learners perform learning activity [87]. Another known algorithmic adaptivity

algorithm is Item Response Theory (IRT) which models the interaction of learners with

isolated items [88].

There are many ways to analyze learner behavior and performance to personalize

the learning content appropriately. Learner behavior and performance are analyzed

based on adaptivity factors or features which include performance (how much a student

knows about the topic and what s/he has performed in the past), background knowledge

(prior or gained knowledge), preferences (likings), demographics, and other informa-

tion sources. Adaptive technology can adapt the learning experience for the individual

learner based on these adaptivity factors. Adaptivity features can make learning sys-

tems generate unique responses to learners. Based on a learner’s learning journey, the

learning system can move learners as planned, reroute them, provide help, give hints,
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etc.

Adaptivity or learning features make up the learner model. The learner model con-

sists of information about learner goals, objectives, and knowledge. Every learner has a

unique learner model that defines the adaptive learning path according to the learner fea-

tures. Adaptive systems become more complicated in m-learning as the learner mostly

does informal or casual learning in the m-learning process. Considering mobile de-

vices’ unique features and mobility, m-learning adaptive systems have become more

sophisticated and specialized. They should focus on delivering adaptive learning con-

tent in bite-sized and presenting them simply and attractively. The adaptive learning

system’s primary focus is how to process and use the values of the learner’s features

during her/his learning process and how to make learning engaging, simple, and useful.

2.8 Machine Learning Techniques Used for Learner

Modeling
Machine learning (ML) is a subfield in artificial intelligence used to develop ana-

lytical/learner models [32]. These analytical models automate the computer process,

and human interference is not required. The fuel for ML algorithms is large datasets.

When appropriately provided, ML algorithms learn iteratively from data and discover

hidden patterns. ML algorithms work well where future predictions and estimations

are required. ML techniques have been applied in a multitude of fields, including self-

driving cars, stock exchange predictions, weather forecasting, email spam and malware

filtering, online customer support, search engine results filtering, online fraud detection,

product recommendations, voice recognition, image processing, marketing, economics,

insurance, medical diagnosis, natural language processing, information retrieval, adap-

tive websites, object recognition, user behavior analytics and user behavior analytics in

educational settings. The result of the ML-based learning model will be more accurate

if the following conditions are true:

• The input data is available and is well understood by ML algorithms.

• The pattern between input and output features is well understood. It means ini-

tially for input data the output result is available and well understood.
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• ML algorithms have been well trained on the input/output features pattern i.e.

ML algorithms have enough experience on data patterns.

Recently, S.B. Kotsiants presented a novel case study, where he gathered demo-

graphics and learning data from written assignments for the ML regression method to

estimate learners’ future performance [89]. In this experimental study, S.B Kotsiants re-

vealed that the education domain offers many interesting applications to ML. A learner

model was developed based on the mapping between predictors features and target fea-

ture. Predictors features included basic demographic information such as gender, age,

marital status, number of children, occupation, computer literacy, etc. Other predictor

features included four face-to-face meetings with instructors and four written assign-

ments. The target feature was the final examination score. Linear regression ML tech-

nique was compared to other popular and benchmark ML techniques such as Model

Trees (MT, the counterpart of Decision Trees (DT)) [90], Artificial Neural Networks

(ANN) [91], Locally Weighted Linear Regression (LWLR) [92] and Support Vector

Machine (SVM) [93]. The comparison results revealed that Model Trees (MT) gives

accurate results for constructing a software support learning tool. MT also gives better

performance and is easily understandable.

A large amount of stored data in education learning environments such as online

courses, online learning log files, demographics and academic information of students,

registration/admission information, and so on can be useful for ML algorithms. ML

algorithms use a reasoning approach to develop learner models that draw interaction

between the learner and the learning system. Standard ML algorithms used for learner

modeling include Artificial Neural Networks (ANN), K-Nearest Neighbors (K-NN),

Bayesian network, Simple Linear Regression, Multiple Linear Regression, Fuzzy logic,

logistic regression, Decision Trees (DT), Random Forest (RF), Apriori, Eclat and Naı̈ve

Bayes. All the ML algorithms mentioned above are called supervised ML algorithms.

They are called supervised because input features have a label, and there is a relation-

ship between input and output features. There are unsupervised ML algorithms such as

K-Mean clustering, K-Median clustering, Hierarchical clustering, and Density-Based

Spatial Clustering of Applications with Noise (DBSCAN), but unsupervised ML algo-

rithms are rarely used in educational settings. In academic settings, there is a strong

pattern in labeled features, and learners’ input features have a relationship to output
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features. Unsupervised ML algorithms try to discover hidden patterns or clusters in

unlabeled data where there is no association between input (predictors variables) and

output (target variable) features.

ML techniques used for educational purposes can be divided into classification/ re-

gression algorithms, sequential pattern analysis, association rules, clustering, and web

information mining [94]. ML classification techniques group learners into different cat-

egories having similar learning behavior or attributes, i.e., grouping learners based on

performance, misconceptions, hint-driven, or failure driven [95]; identifying learners

with little interest in the study and recommending remedial actions to increase their

learning motivations [96]. A research carried out by Hsia et al. [97] at a university in

Taiwan used ML techniques to analyze the course’s preference and course completion

rate of learners. The Decision Tree technique was used to find learners’ course prefer-

ences, and Link Analysis found the correlation between learners’ profession and course

category. In contrast, Decision Forest was used to finding the probability of learners

completing the enrolled courses successfully. Similarly, Wang et al. used a decision

tree algorithm for optimizing learning sequences in an adaptive learning system. The

decision tree algorithm used a learner profile for discovering the most appropriate learn-

ing sequence for target learning content. The learner profile was created based on pre

and post-tests and from a set of five learner features, namely: gender, cognitive style,

personality type, learning style, and learners’ grades from the previous semester.

Campbell proposed and develop a learner model using linear regression that demon-

strated that learner SAT scores are insignificantly predictive of learner success [98].

With the inclusion of the LMS login feature, the predictive power of the model was

tripled. The author demonstrated that the logins feature is directly proportional to the

level of effort. The more log the learner performed, the more the effort s/he is under-

taking. It was revealed that learners with a low or average SAT score could achieve

success in final grade through above-average levels of effort. Macfadyen and Dawson

tracked learners’ LMS activities and collected 15 features that have a high correlation

with learners’ final grades [99]. The course that incorporated key features such as the

total number of messages posted, the total number of email messages sent, the total

number of quiz attempts, the total number of assignments completed, etc., explained

30% of the variation in the learner’s final grades.
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One of the famous and simple ML techniques used in educational settings is associ-

ation rule mining [100]. Like other ML techniques, association rule mining tries to find

hidden patterns in data. Association rule mining finds patterns by analyzing features

that occur together and highly correlated features. Rules in association rule mining are

not extracted from users’ behavior or preference but instead finding relationships be-

tween elements in every distinct transaction. Various researchers have also used asso-

ciation rule mining techniques for educational purposes. Diagnosing learners’ miscon-

ceptions, failed courses/dropout reasons, discovering learning problems, constructing

course concept maps, improving online learning behavior, and promoting collaborative

learning were key areas where the association rule mining technique was applied.

Numerous research studies have been carried out that used unsupervised clustering

algorithms to group learners according to similar learning features. Anaya and Boticario

used a clustering technique called Expectation-Maximization (EM) that group similar

important features without knowing in advance about the structure of data [101]. In

clustering algorithms, the features are group together according to their similarities by

applying the Euclidean Metric. Clustering techniques grouped learners according to

their online collaboration in distance learning settings. The results indicated that for

successful collaborative learning, regular and frequent evaluation of team collabora-

tion is necessary. The design of an online/distance learning environment must support

a method that allows instructors to analyze learners’ collaboration manually or auto-

matically. However, when the number of learners exceeds a specific limit, regular and

frequent collaboration analysis is a very daunting and time-consuming task for instruc-

tors. In those settings, the collaboration analysis should be performed using techniques

that do not involve instructors. ML techniques are suitable for that scenario since they

do not require human intervention and can be applied regularly and frequently in an-

alyzing learner collaborations. Chen et al. used clustering algorithms, namely gray

relational analysis (GRA), fuzzy association rule mining, k-mean clustering, and fuzzy

inference, to identify learners’ performance assessment rules using web-based learning

portfolios of the individual learner. From these assessment rules, instructors can under-

stand the factors that influence the learning performance of learners. Lin et al. applied

two-stage clustering (Self Organizing Maps and K-means) on training data of automo-

bile driving schools [102]. The result of clustering served as a reference point for future
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training courses. The author also developed an educational training prediction model

using a back-propagation neural network. The prediction model was used to create a

knowledge management system that assists the learner in automobile training courses.

Sequential pattern mining is the mining of frequently occurring patterns in data or

mining of frequently occurring events. Sequential pattern mining techniques have been

applied in many fields, including mining customer shopping sequences, web access

patterns, weather predictions, etc. In educational settings, sequential pattern mining

recommends a sequence of learning content/resources to learners to learn about a given

topic. Perera et al. used sequential pattern mining to monitor the online learning activi-

ties of learners [103]. The monitored data/pattern is then used later to provide adaptive

and needed guidance. The patterns were also extracted to characterize the learning

behavior of different groups.

Web-mining techniques in m-learning/e-learning can be used to group similar World

Wide Web (WWW) documents according to learners’ target topics and similarities.

Web-mining techniques can provide document summaries, inter-document patterns, hy-

perlink patterns among WWW documents, similarities, and relationships among differ-

ent websites. Romero et al. proposed and implemented the architecture for a person-

alization system that recommends suitable weblinks/webpages to learners based on the

web mining process [104]. The personalization system, namely AHA!, assisted instruc-

tors in carrying out the whole web mining process. With AHA! system, the instructor

recommended a web page to the learner to visit next according to her/his interest and

need. Similarly, Cohen and Nachmias provided a Web-log analysis tool for conducting

a comprehensive analysis of the Web-logs and Web learning process [105]. Utilizing

Web-log analysis measurements, the instructors analyzed and learned about learning

content usage, learners’ online interactions, learners’ learning style, learners’ attitude,

the importance of website contents, and learning objects.

2.9 Use of deep learning techniques for educational pur-

poses
Deep Learning (DL) is the most trending and discussed research area in artificial

intelligence. DL is a subfield in ML that uses hidden layers in neural network mod-

els to represent data both at a granular and abstract level [106]. DL algorithms have
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small processing units inside hidden layers called neurons or perceptions that can apply

linear and non-linear transformations to the input data. Different DL models and archi-

tecture have been proposed, developed, and successfully used in both supervised and

unsupervised problems in the fields of image processing, natural language processing,

handwriting recognition, self-driving cars, and computer vision, etc. DL algorithms

form a hierarchy of multiple hidden layers where high layers drive data from lower

layers. For example, in the image classification task, the DL model will represent the

image at the input layer in pixels and assign a label to the image at the output layer.

Between the input and output layers, there are hidden layers (transformation layers)

that successively represent features at a more abstract level that are less sensitive to

noise, lightings, and different image positions. The ‘deep’ in DL refers to multiple hid-

den layers that apply transformations to features, and at each layer, the features data is

represented differently. The number of hidden layers in the DL model depends on the

number of features and their instances. Research in the field of DL recommends that

there should be at least one hidden layer in the DL model.

The concepts of DL were introduced and developed 30 years ago and some even

long before. However, the implementation and achievements of DL have taken place

in the last decade. Many reasons triggered the rise and success of DL algorithms, and

it is agreed that the two major causes are the availability of a large amount of data and

an increase in the processing power of Graphics Processing Units (GPU). In the first

case, many data or big data allow DL algorithms to train and generalize well. In the

second case, GPU allows DL algorithms to perform computational operations parallel to

develop more comprehensive and deeper DL models. Another factor in the exponential

emergence and development of DL has been the introduction of ML and DL libraries

such as TensorFlow, PyTorch, Keras, and Theano. These ML and DL libraries help

researchers focus on model architectures and structures rather than worrying about low-

level implementation details and computer programming. Another advantage of the DL

algorithm over ML algorithms is the avoidance of the features engineering process. In

the feature engineering process, traditional ML algorithms select the most essential and

representative features necessary for ML algorithms’ operation to work, ignoring non-

influential features. ML algorithms and researchers’ process of features engineering is

intimidating and time-consuming since the correct choice of features affects the overall
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performance and accuracy of models. The process of features engineering is carried out

automatically by DL algorithms to discover the model’s patterns at hand. Table 2.1 lists

the famous DL architecture, comparisons with baseline algorithms, evaluation method,

and performance score.

Table 2.1: DL algorithms in educational settings: DL algorithm/architecture used, base-
line algorithms, evaluation method. The column performance indicates whether the DL
algorithm outperformed baseline algorithms (Greater), under-performed (Lesser), or
obtained the same results (Equal)

Reference DL model architec-

ture

Baseline ML

model architec-

ture

Evaluation

method

Performance

Bo Guo et

al., [107]

Students Perfor-

mance Prediction

Network (SPPN)

based on sparse

auto-encoder

Naı̈ve Bayes,

MLP,

SVM

Accuracy Greater

B Akram et

al., [108]

LSTM

SVM,

RF,

Majority Class

Accuracy,

Precision,

Recall, F1

Greater

Wilton

W.T. Fok et

al., [109]

Deep Neural Net-

works

DT,

Association Rules

Accuracy Greater

Abhinav et

al., [110]

MLP

K-NN,

SVD

RMSE,

MAE

Greater
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Table 2.1 continued from previous page

Mayreen

V. Ama-

zona and

Alexander

A. Her-

nandez

[111]

ANN

DT,

Naı̈ve Bayes

Accuracy Greater

Alvarado et

al., [112]

WE N-grams

Precision,

Recall,

F-measure

Equal

Byung-Hak

Kim et al.,

[113]

GritNet, bidi-

rectional long

short-term memory

(BLSTM)

Standard Logis-

tic regression

Performance Greater

Fei and Ye-

ung et al.,

[114]

RNN, LSTM

SVM, LogReg,

IOHMM

Accuracy Greater

Samuel-

Soma et al.,

[115]

Ensemble Tech-

niques

NB, DT, K-NN,

Disc, PWC

Accuracy,

Perfor-

mance

Greater

Mirza Mo-

htashim

Alam.,

[116]

Artificial Neural

Network

Random Forest,

Chi2

Classification,

Accuracy

Equal

Khajah et

al., [117]

LSTM BKT Accuracy Equal
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Table 2.1 continued from previous page

Xiaofeng

Ma et al.,

[118]

DNN DT, SVM

Prediction,

Accuracy

Lesser

Lalwani

and

Agrawal et

al., [119]

LSTM PFA, BKT Accuracy Equal

El Fouki et

al., [120]

DNN PCA Prediction -

S Abidi et

al., [121]

DL Generalized

Linear Model

(GLM), Logis-

tic Regression

(LR), De-

cision Tree

(DT), Random

Forest (RF),

and Gradient

Boosted Trees

(XGBoost)

Leaners

confusion

Prediction

Greater for

RF, GLM,

XGBoost,

and DL

Hadullo et

al., [122]

MLP - Performance

prediction

factors

-
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Table 2.1 continued from previous page

W. Wang et

al., [123]

CNN, RNN

SVM, LogReg, DT,

AdaBoost, GTB,

RF, GNB

Accuracy,

Precision,

Recall,

F-measure

Equal

I. Ndukwe

et al., [124]

DNN - Classification -

Whitehill et

al., [125]

FNN - Accuracy -

Y Chai et

al., [126]

ANN Accuracy Greater

Yeung

and Yeung

[127]

LSTM - Accuracy -

S Yanchao

et al., [128]

CNN ANN

Prediction,

Features

reconstruction

Greater

E Tanuar et

al., [129]

ANN

Linear Model,

DT

Accuracy Greater

Yang et al.,

[130]

LSTM - MSE -

DYUTI IS-

LAM [131]

MLP RF, SVM, Accuracy,

Precision,

Recall,

F-measure

Greater

Xizhe

Wang [132]

Convolutional GRU RF, SVM,

BPNN, RNN,

LSTM,

Accuracy,

F1-Score

Greater
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Table 2.1 continued from previous page

Amjad Abu

Saa [133]

NN RF Prediction

accuracy

Lesser

Sales et al.,

[134]

LSTM - - -

Sharma et

al., [135]

CNN,

AlexNet,

VGG16,

LSTM

SVM, HMM Accuracy Greater

2.10 Neural Networks (NNs)
The following section describes the foundation of NNs, their architecture types,

training process, hypermeter tuning, and elements of NNs.

NNs is a set of algorithms named loosely after the working of neurons network in the

human brain. NNs are designed and developed mainly for predictions, pattern recog-

nition, and the area where a lot of information processing is involved [136, 137]. Like

ML algorithms, NNs algorithms are fundamentally divided into two forms. Supervised

and Unsupervised NNs. Supervised NNs are mainly used for regression, classifications,

computer vision, and time series analysis tasks where the NN is first trained using input

and output features. Then predictions are made on unseen data in the future. Unsu-

pervised NN is primarily used for feature detection and recommendation tasks where

hidden patterns need to be discovered in raw data. Examples of supervised NNs al-

gorithms include Artificial Neural Networks (ANN), Convolutional Neural Networks

(CNN), and Recurrent Neural Networks (RNN). Examples of unsupervised NN algo-

rithms include Self-Organizing Maps (SOM), Deep Boltzmann Machines (DBM), and

Autoencoders.

NN process input data through neurons or machine perception, and the result of

processing can be labeled data, classified data, clustered data. NNs can process all

types of real-world data such as images, texts, sound, or time series. But all types of
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data must be translated into numerical forms or contained in vectors for NN algorithms

to recognize patterns inside it. A simple structure of a neuron or a node in NN is

depicted in figure 2.1. A neuron’s input is the features instances or feature data (x0,

x1, x2,. . . xn) and the weights of synapses or edges (w0, w1, w2,. . . wn). A neuron

performs two operations in the NN model. First, it multiplies input feature data with

corresponding weights, and then the activation function is applied to the multiplication

result. Activation functions will be discussed later in this chapter. The input to a neuron

can be the output of another neuron in the same NN model. The input data also consists

of a bias value which is a constant value added to the input values before the activation

function is performed. The weights values represent the importance of features data

inside NN or the significance of neurons inside NN. Every neuron has an output value

represented by (α) and is generally calculated by equation 2.1. Output value can be

continuous (price, score), binary (yes/no), or categorical (below-average performance,

average performance, good performance).

Figure 2.1: Artificial neuron with inputs, output, activation, and edges weights

α = f
(∑n

i=0
XiWi

)
(2.1)

f in the above equation is the activation function applied to the result of summa-

tion operation performed after input values are multiplied by corresponding weights.

The activation function allows NN to evaluate the non-linear relationship between in-

put/output data and provide standardization that affects the neuron output (bound the
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output result between 0 and 1). The primary purpose of the activation function is to

convert the input data into output data. The output data generated by one neuron can

act as input data to another neuron. The extensively used activation functions are ReLU

(Rectified Linear Unit), sigmoid, Softmax, and tanh (hyperbolic tangent). The neurons

inside the NN are connected, and the activation result of one neuron can upsurge or

constrain the adjacent neuron’s activation state.

Figure 2.2 shows the basic structure of NN architecture. It consists of an input

layer, a hidden layer, and the output layer. The input layer delivers feature instances

to NN, whereas the prediction result is generated at the output layer. Initially, simpler

functions are applied to data at the hidden layer, but by cascading simple functions in

multiple hidden layers, NN can perform complex functions. The more the number of

hidden layers, the more complex operation NN can perform. There can be hundreds

or even thousands of hidden layers in NN architecture, depending on the size of data

and complexity of the operation. Once the learning process of NN-based models is

complete, they can then make predictions automatically on new and unseen data. Dif-

ferent activation functions are applied at the output layer depending on the nature of the

problem: for binary classification, where the output result can only be 0 or 1, thresh-

old or sigmoid activation function can be used; for multiple classification or categorical

problem, where the output can be more than two values, Softmax activation function

is used. Lastly, the linear activation function is used where the output continues or we

have regression problems. ReLU (Rectified Linear Units) is the most common activa-

tion function used in the hidden layers. ReLU returns the number itself for positive

numbers, whereas, for negative numbers, it returns 0. The type and structure of hidden

layers determine different NN architectures, such as ANN, RNN, CNN or LSTM, etc.

The following equation 2.2 shows the basic functionality of ReLU.

f(x) =

0, x < 0

x, x >= 0

(2.2)

2.10.1 Training NNs

In the training phase, NN input records have a known output class. There is a cor-

rect mapping between input record and output class, which is why it is called supervised
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Figure 2.2: Basic architecture of Neural Networks having input, hidden, and output
layers

learning. An input record maps into one of many output classes or categories. A neuron

in the output layer will generate 1 to identify a particular class if input data correctly

maps to it, and the rest of the neurons will generate an output of 0. The more the in-

put records, the better the NN will be trained. NN compares the predicted value to the

correct output during the training process to know how close the predicted value is to

the correct output. The difference between the predicted value and the correct value is

called the error term. NN tries to minimize the error term during the training process,

thus reducing the difference between the predicted value and correct value. The error

term is backpropagated in the NN, and the weights of hidden layer edges are adjusted

so that in the next iteration, the output value will be closer to the actual correct value.

For example, NN may accept input as an image (e.g., a cat) and assign an output label

to it (e.g., the cat label). The more a NN is trained on several different cat images, the

better the NN will learn and predict. As mentioned earlier, the NN maps input data to

target output using the hierarchy of multiple hidden layers. At early hidden layers, the

NN learns something simple at a finer granularity. Each hidden layer makes changes

to feature instances and adds more complex information to them. As the feature in-

stances traverse through the NN, more complex information is added to them at each

hidden layer. How much information the NN has learned at each hidden layer about the

feature instances is stored as weights in hidden layers corresponding edges. As feature

instances pass through the NN, the level of granularity increases, and learning becomes

coarser. For a NN to learn, it is important to find the most suitable edges’ weights that

best represent the mapping between input data and the corresponding target output. Ini-
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tially, during the NN training process, the weights on edges can be assigned randomly

(small numbers closer to 0) or follow some initialization strategy. With machine learn-

ing libraries like TensorFlow, Keras, Theano, etc., the researchers do not have to worry

about assigning weights to neuron edges. The TensorFlow machine learning library

provides Python Dense class that is usually used to assign weights to neurons’ edges.

Finding the most suitable weights for neuron edges during the NN training process

can be the most time-consuming and challenging task. Initially, millions of weight val-

ues and NN have to select the correct value for each edge during the training process.

The most suitable edge weights correctly map input features to the target output. To

accurately predict NN’s output, it is necessary to quantify how close the obtained out-

put is to the actual output. The NN loss function carries out measuring the difference

between the obtained output and actual output. The results of the loss function indicate

how well the NN has learned on specified examples. Mean Squared Error (MSE) is a

typical example of a loss function that calculates the Mean of a squared error made by

the NN over the input features instances. The training process’s goal is to minimize the

difference between predicted output and actual output or to get a minimum value for

loss function. The error calculated by the loss function is backpropagated through the

NN, and the weights of neuron edges are adjusted accordingly. The updated weights

on neuron edges guarantee that error will be reduced in the next training phase. The

amount by which neuron edge weights are updated is determined by a parameter called

the learning rate. The weights updation is generally carried by a nonlinear optimization

technique called stochastic gradient descent (SGD). The NN computes the derivative of

the generated error for weights and updates them such that the error in the next itera-

tion will be decreased. SGD is more impressive when we have a large amount of input

data, and we are trying to find optimal weights that will generate a minimum error in

the output result. A NN completes one training cycle (epoch) when the whole features

instances are feedforward through the NN. After the number of epochs, the NN usually

covers a state where the difference between predicted output and target output is mini-

mal. When the error reaches the minimum value, the NN is considered to have learned

the target function (mapping between input instances and target output).
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2.10.2 Types of NN Architectures

There are different types of NN architectures, and their use depends on the kind

of input data (video, audio, image, text, numbers, etc.). One type of NN architecture

may be useful in processing images, whereas another architecture may be good in pro-

cessing text or time-series data. The number of NN architectures used in research and

development is extensive and diverse. This section will describe the most common NN

architectures, their task, and their applications in learning technologies/educational set-

tings. Table 2.1 describe the application of deep learning-based NN architectures used

in learning technologies, the type of architecture used and implemented, comparison

with the baseline ML algorithms, the evaluation method used to compare DL based

NN algorithms with ML algorithms, and the performance (greater, lesser, equal) of DL

algorithms in comparison with baseline ML algorithms.

The deep neural network (DNN) architectures include Artificial Neural Network

(ANN) [138] with multiple hidden layers, Convolutional Neural Networks (CNN)

[139], Multilayer Perceptron (MLP), Recurrent Neural Networks (RNN) [140], Long

Short-term Memory (LSTM) [141], Self-Organizing Maps (SOMs) [40], Deep Boltz-

mann Machine (DBM) [142], Deep Auto Encoder (DAC) [143], Word Embeddings

(WE), Bidirectional LSTM (BLSTM) [144], CNN variants (VGG16 and AlexNet)

[145], and Memory Networks (MN) [146]. In table 2.1 the baseline ML algorithms

include Naı̈ve Bayes, Support Vector Machine (SVM), Random Forest (RF), Linear Re-

gression (LinReg), Decision Trees (DT), Association Rules, Standard Logistic Regres-

sion (LR), Bayesian Knowledge Tracing (BKT), Principal Component Analysis (PCA),

Generalized Linear Model (GLM), Gradient Boosted Trees (XGBoost), AdaBoost, Gra-

dient Tree Boosting (GTB), Gaussian Naı̈ve Bayes (GNB), Hidden Markov Model

(HMM), and Back-Propagation Neural Networks (BPNN). The evaluation method in-

cludes algorithms accuracy, Precision, Recall, F1, Mean Absolute Error (MAE), Root

Mean Square Error (RMSE), F-measure, classification, and Mean Square Error (MSE).

The last column in the table DL indicates whether deep learning algorithms with base-

line ML algorithms were greater, lesser, or equal. Equal performance indicates that in

some evaluations, DL algorithms showed less performance, and in others, they showed

greater performance compared to ML algorithms. Lastly, the symbol “-“ indicates that

DL algorithms were not compared to ML algorithms; instead, they just compared differ-

39



CHAPTER 2. LITERATURE REVIEW

ent DL architectures or hypermeters used in different DL architectures. Next, a descrip-

tion of different DL algorithms is detailed, along with their applications in educational

settings.

2.11 Artificial Neural Networks (ANN)
A simple ANN consists of one input and one output layer. The input data in this

type of ANN is passed directly from the input layer to the output layer via a series of

weights. The weights represent the strength of edges that connect input layer neurons to

output layer neurons. Each neuron at the output layer calculates the sum of the product

of weights and input data. After the sum of product operation, the activation function is

applied to its result. If the activation function results are above some threshold value, the

output is generated; otherwise, the neuron stores the deactivated value, and the output is

not generated. ANNs having one input and one output layer are only capable of learning

linear patterns. By introducing multiple hidden layers, ANNs become more flexible and

powerful. With hidden layers, ANNs are capable of learning both linear and non-learner

patterns. In ANN architecture, there is no cycle, and information always propagates in

one direction, i.e., from the input layer to hidden layers and then to the output layer.

That’s why ANN is also called a feedforward neural network or multilayers perceptron.

An architecture of ANN with two hidden layers represented in figure 2.3.

Figure 2.3: ANN architecture with one input, two hidden, and one output layer.
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The original goal of ANN was to think, process, and solve problems in the same

way as the human brain would do, but with time attention moved from performing a

particular task to diverse tasks, leading to deviation from the field of biology. Currently,

ANN applies to many areas where classical ML algorithms have been used. Still, major

successes came in the area of image processing [147], speech recognition [148], com-

puter vision [149], social networking advertisement, and filtering [150], and medical

diagnosis, etc. ANNs offer good results and performance where the number of layers,

input data, and neurons is large enough. Mostly ANN is used for supervised learning

tasks where initially input features have known output results.

In educational settings, ANN has been applied for recommending suitable learning

content to learners based on their performance, and preferences [151], [152]. ANN has

also been applied in predicting learners’ performance based on their learning behavior,

and background knowledge [153].

2.12 Deep Autoencoders
Autoencoders are unsupervised, directed types of neural networks, where like feed-

forward neural networks, the data propagates only in one direction, i.e., from input to

output layer. In autoencoders, the number of neurons at the input layer is always the

same as the number of neurons at the output layer. The autoencoder aims to encode

the data at the input layer and then decode the same input data at the output layer. For

encoding, the autoencoders need one or several hidden layers depending on the types

of input data and types of compression techniques. The autoencoder aims to produce

the same data at the output layer received at the input layer. That’s why they fall into

the category of unsupervised or self-supervised DL algorithms. They are called self-

supervised because they are comparing output results to the input data. They are also

called unsupervised DL algorithms as no label data is required at the input layer. The

goal is to reconstruct the input data at the output layer rather than performing prediction

on unseen data.

Autoencoders are commonly used for features detection, compression, recommen-

dations, etc. [154, 155, 156]. For example, the neurons at the autoencoder’s hidden

layer can encode or represent some features, i.e., learner performance, preference, back-

ground knowledge from the data that is accepted at the input layer. The encoded features
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can then be used in the future for learners’ guidance and feedback. Autoencoders (and

their variants sparse, deep, contractive, stacked, denoising) are designed to compress or

encode data and, subsequently, learn from that compressed data. Another autoencoder

application (sparse autoencoder) is to pre-train a deep neural network: a stacked au-

toencoder is trained in an unsupervised fashion, and the weights of edges are obtained

[157]. These weights are then used in deep neural networks (the same configuration in

terms of hidden layers and neurons in each hidden layer) as a better choice to initialize

the neural network rather than initialize them with random weights. After assigning

weights to hidden layers, the deep neural network is further trained in a supervised

learning fashion, and the parameters are also fine-tuned. Figure 2.4 shows a simple

autoencoder with one input, one hidden, and one output layer.

Focusing on the use of autoencoders in learning technologies, the work done by

[107] used a sparse autoencoder for the task of predicting learners’ performance. An-

other work done by [42] used autoencoder to automatically extract and analyze learners’

features from the learner model. The learner model was developed on the data extracted

from learner interaction with the online learning system. The extracted features were

further used to classify learners into different learning groups based on their prefer-

ences, interaction frequencies, and performance.

Figure 2.4: Autoencoder in the encoding-decoding process where the input data is re-
assembled at the output layer
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2.13 Convolutional Neural Networks (CNNs)
CNN’s models are mainly famous for processing images and videos. Like ANNs,

CNNs are multilayer networks developed particularly for image processing applica-

tions. The CNN model accepts the input image at an abstract level, processes it, and

classifies it into one of many categories (e.g., cat image). The CNN model performs four

steps at a detailed level: convolution, max pooling, flattening, full connection for image

classification. In the first step, CNN recognizes simple features in images, e.g., pixel

density, edges, color combinations, and in the last step, it combines those low-level fea-

tures into higher-level abstraction, e.g., forms an image, recognizes faces, etc. Though

developed for processing images, CNNs are analogous to ANN in many aspects: CNNs

are made up of neurons where weights and bias have to be learned, neurons accept input

values, multiply it by weight, and performs activation function of the sum of products,

and there is a loss function at the output layer that compares predicted result to actual

result. At the convolution step, CNN develops a feature map by performing dot opera-

tion on the input image matrix (2-dimensional array) and feature detector matrix. In the

convolution step, CNN’s main objective is to reduce the image’s size and represent it in

a concise feature map retaining essential features of the actual input image. Several fea-

ture detector matrices are used (depending upon the situation) to generate feature maps

from the input matrix. The features maps could be hundreds or thousands in numbers

depending on the convolution layers’ requirement and how much features information

needs to be preserved. Figure 2.5 shows the convolution step where the features map is

obtained by multiplying the input image matrix with the feature detector matrix. Figure

2.6 shows a pool of feature maps generated at the convolution step.

To increase non-linearity and filter important feature information, CNN also applies

the ReLU activation function on each value of feature maps in the convolution step.

ReLU activation function is used to feature maps, and non-linearity is increased because

images themselves are highly non-linear, especially when CNN is trying to recognize

different images next to each other.

In the second step, CNN applies the Max Pooling process to features maps. Max

Pooling is a sample-based discretization method where an input image or hidden layer

output matrix is down-sample, thus reducing its dimensionality and allowing assump-
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Figure 2.5: A single feature map is generated by multiplying the input image matrix
with the feature detector matrix

Figure 2.6: Stack of features maps generated at the convolution layer

Figure 2.7: Max pooling step

tions to be made about features in a pooled feature map as shown in figure 2.7. Max

Pooling allows CNN to neglect trivial features information and preserve important fea-

tures information in a pooled feature map. In this technique, maximum values from a

feature map are extracted and recorded into another smaller matrix called pooled feature

map.

In the third step, CNN took the pooled feature map and flattened it into one column.

Each row from the pooled feature map is extracted and put inside one huge vector of
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input data. The features information is ready to be inserted into the neural network for

further feature processing. The flattening step is shown in figure 2.8.

Figure 2.8: Flattening process where features are put in one huge input vector column

Figure 2.9: CNN connected with a fully connected ANN

In the fourth step, ANN is added to CNN as depicted in Figure 2.9. In this type of

ANN, the hidden layers must be fully connected where each input and output neuron

is connected with the neuron of hidden layers. ANN’s primary purpose in CNN is to

combine detailed features with more abstract features to predict the classes (e.g., im-

ages) accurately. The result of the flattening step produces features encoded into one

colossal vector. The features in vector could be used to make predictions, but ANN

architectures are developed to accept low-level features, combining them and coming

with better prediction results. In simple words, ANN, when integrated with CNN, lever-

ages the prediction accuracy. The use of fully connected hidden layers and convolution,

max pooling, and the flattening process has facilitated the emergence of new CNN ap-

plications, particularly in image processing, game playing, natural language processing,

video recognition, etc. The CNNs have greater accuracy and require fewer traditional
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ANN parameters in pattern recognition tasks such as natural language processing and

image processing.

On the other hand, CNN experiences high computation costs and requires a large

amount of training data in properly initializing the network according to the problem ad-

dressed. In learning technologies, CNNs have been used in detecting undesirable learn-

ers’ behavior using VGG16, and AlexNet architectures for analyzing learners’ recorded

videos [158, 159]. The CNNs have also been used in text classification tasks [160] and

predicting learners’ dropout [161].

2.14 Recurrent Neural Networks (RNNs)
RNN based algorithms are one of the most advanced algorithms in the world of

supervised deep learning. In RNNs, neurons make a decision based on current input

data and what they have observed previously. The decision that RNN has taken in time

t-1 will affect the decision that it will take at time t. In contrast to ANN, RNN has two

sources of information to decide on, i.e., the present input and the recent past output.

Both present and the recent past output combine to determine how neurons will respond

to new data, much like humans make decisions in their daily life. A distinguishing

feature of RNNs is that they have a feedback loop that connects them to their past

decisions. RNNs ingest their new input data and the past recent decision to come with

a new output decision. The feedback loop allows RNNs to store or persist information

for a short time, something which ANN cannot do.

The structure of RNNs is similar to ANN except that the network has multiple copies

of themselves, as shown in figure 2.10. The information is preserved in the short-term

when a network passes a message to its similar successor network. The structure of

RNNs makes them the perfect tool for dealing with text, time-series data, and lists. Thus

the common application of RNNs is image processing, sentiment analysis, video analy-

sis, speech recognition, language modeling, natural language processing, and modeling

text. Like other neural networks, RNNs also have some drawbacks, one of which is van-

ishing gradients. During the backpropagation phase, the magnitude of values used to

update the neural network weights gets exponentially small, resulting in slower learning

of weights in the lower layers of RNN.

Due to the vanishing gradient problem, the RNN ceases to learn more because if we

46



CHAPTER 2. LITERATURE REVIEW

Figure 2.10: RNN with multiple copies used for data persistence

do not know the gradient values, we cannot adjust the weight to decrease the generated

error at the output layer, as shown in Figure 2. 11. Another disadvantage of RNNs is

that they require high computation costs to train, test, and run the models. In learning

settings, RNNs have been used in predicting learners’ dropouts [162, 163] predicting

learners’ performance for learning gain predictions [164], and proficiency assessment

Figure 2.11: The vanishing gradient problem in RNN

Due to the vanishing gradient problem, the RNN ceases to learn more because if

we do not know the gradient values, we cannot adjust the weight in the direction that

will decrease the generated error at the output layer figure 2.11. Another disadvantage

of RNNs is that they require high computation costs to train, test, and run the models.

In learning settings, RNNs have been used in predicting learners’ dropouts [68], [98]

predicting learners’ performance for learning gain predictions [99], and proficiency as-

sessment [100].

For training, RNNs rely on the modified form of backpropagation technique called
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backpropagation through time or BBTT. Time in the BBTT technique is expressed by

an ordered series of calculations linking a one-time step to another, which all backprop-

agation needs to perform their task. Long short-term memory (LSTM) is a type of RNN

architecture (discussed in the next section) that removes many problems (including van-

ishing gradients) of RNNs.

2.15 Long Short-Term Memory Networks (LSTMs)
LSTMs are particular types of RNNs that work for many problems and tasks much

better than the standard RNN version [101]. Almost all the problems/areas addressed by

RNNs are also be addressed by LSTMs, such as image captioning, machine translation,

speech recognition, image processing, sentiment analysis, etc., with much efficiency

and accuracy. LSTMs emerged as RNNs could hold/remember long-term dependen-

cies. RNNs can persist short-term information, but RNNs become powerless to learn to

connect information when the gap between relevant information grows. For instance,

sometimes, the machine needs recent information to decide on the current task. A lan-

guage model could be in a state where it predicts the next word based on the previous

word in a sentence. If the language model is trying to predict the last word in the sen-

tence ”children are playing in the playground. . . ”, the language model does not need

any further or past context to predict the last word. For the language model, it is pretty

clear that the last word would be a playground. In such a case where the gap between

the past information and the place where it is needed (current context) is very small,

RNNs can learn and use past information. In machine learning, especially in language

modeling, sentiment analysis, etc., there are cases where more contextual information

is needed to process current information. For example, if a language model is trying

to predict the last word in the text, ”I grew up in Saudi Arabia. . . I can easily and flu-

ently speak Arabic”. Recent context information suggests that the next word that the

language model is trying to predict in Arabic, i.e., the name of the language, but if we

try to narrow down which language, we need more considerable context information

and the name of the countries where Arabic is spoken. It is utterly probable that the

gap between the current task and the required information to be huge. If the gaps grow

large, RNNs cannot learn to connect information. This is a significant shortcoming of

RNNs, which LSTMs try to address. LSTMs are capable of learning long-term depen-
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dencies. As compared to RNNs, they work extremely well in many application areas

and are now broadly used.

The architecture of LSTMs is designed so that they can persist information for long

periods by default, as shown in figure 2.12. Like RNNs, LSTMs have a similar chain-

like structure, but hidden layers operations (repeating groups) have a different structure.

Inside the one repeating group, there are four neural network layers, interacting in an

extraordinary way that enables LSTMs to store long-term dependencies. LSTMs have

a memory/cell pipeline that goes through each repeating module carrying input vec-

tor information. The memory/cell pipeline is the straight line that passes through the

LSTM repeating modules. The input vector information can sometimes be removed, or

sometimes things might be added to it. The error is backpropagated through this mem-

ory/cell pipeline during the backpropagation step, preventing LSTMs from falling into

the vanishing gradient problem. Each LSTM repeating module has three inputs and

three outputs, i.e., the inputs are memory cell, input data, and the previous repeating

module’s output. The outputs are memory cell, output data to the world, and output

data the next repeating module.

Figure 2.12: LSTM architecture with three repeating modules

In educational settings, LSTMs have been used and applied in a multitude of tasks,

including detecting undesirable learners’ behavior that causes learners dropout [102],

predicting learners performance [103], modeling learners behavior in the online learn-

ing platform [75], generating recommendations and help [104], predicting engagement

intensity [75] and automating essay scoring [105].

A variant of LSTMs called bidirectional LSTMs, or BLSTMs, has also been em-

ployed in educational settings to predict learners’ performance. The difference between

conventional LSTMs and BLSTMs is that the former preserve information from the

past whereas the latter runs input in two directions: one from the past to the future and
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the other from the future to the past, storing information of the future in the backward

path.

We used ANN for M-learners classification because m-learners classification based

on their learning features is a supervised learning task. For classification and prediction

problems, ANN are usually preferred deep learning algorithms [165]. Long Short-Term

Memory (LSTMs) are used to solve problems related to time series analysis, speech

recognition, handwriting recognition, human action recognition, and time-series predic-

tions [166]. Convolution Neural Networks (CNNs) targets areas such as facial recog-

nition, document analysis, historical and environmental collections, understanding cli-

mates, advertising, and image processing [167]. Similarly, Recurrent Neural Networks

(RNNs) are used for text summarization, text auto-fill, language translation, call center

analysis, and digital asset management in marketing [168]. Self-organizing maps are

focus on project prioritization and selection, Seismic facies analysis for oil and gas ex-

ploration, failure mode and effects analysis, and creation of artwork [40]. Lastly, Deep

Boltzmann machines target dimensionality reduction, recommender systems, and topic

modeling [169].

This chapter discussed the application of various ML and DL techniques used in on-

line learning environments. Several learning technologies were examined to understand

how much they can help instructors and learners manage their teaching and learning

goals. We discussed distance learning, e-learning, M-learning, Mobile cloud comput-

ing, context-aware learning, adaptive learning, machine learning, and deep learning.

We also compared various DL and ML algorithms in terms of performance used in edu-

cational settings. Last, we briefly discussed popular DL algorithms and how they were

applied in online learning environments.
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This chapter is further divided into two sections. The first section is about the mo-

bile learning system (learnit) framework, development, testing, and deployment. The

development of the mobile learning system was necessary for feature generation and

gathering. Section two describes how learners used learnit, the types of learning fea-

tures, and how learning features were collected from it. Learning features were gathered

from learner’s interaction with learnit through mobile devices.

3.1 Mobile learning system framework
Figure 3.1 presents the M-learning system’s overall framework containing four

phases. The details about each phase are discussed in the below sections and chap-

ter 4.

Figure 3.1: M-learning system framework is divided into four phases. Phase 1 is about
M-learning system development, testing, and deployment. In phase 2, learning fea-
tures are collected, extracted, encoded, scaled, and split into training and testing sets.
In phase 3, the M-learning model is trained, tested, and integrated into the M-learning
system for providing adaptive support to M-learners. Phase 4 M-learning model imple-
mentation, M-learners classification, M-learning model updation, performing the early
intervention, and measuring M-learners satisfaction using EUCS.

3.1.1 Learnit app development

We used Android Studio Integrated Development Environment (IDE) for the devel-

opment of the learnit app. Extendable Markup Language (XML) was used for designing
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the interface of the learnit app, whereas to add functionality to the design components,

JAVA language was used. Details about learnit app interaction with the M-learners

are discussed in the next sections. The backend used to store M-learners features was

Google Firebase Realtime Database, which saves data in JAVA Script Object Notations

(JSON) tree.

3.1.2 Mobile learning system (Learnit) interaction

Learnit was developed for both instructors and learners to enhance their teaching

and learning activities. By using learnit, instructors can add courses, course content, and

quizzes on Firebase cloud. The course content that instructors can add was in videos and

text (PDF documents). The quizzes were of multiple-choice questions (MCQs) where

one question has one correct answer. In the deployment phase, we added three courses,

namely Computer Basics, C++, and JAVA. Each course had three modules, and a quiz

or checkpoint was conducted after completing each module. We also administered a

final quiz where the final performance of learners was evaluated.

For attracting learner’s attention towards learnit, we kept the average video length

of 5 to 8 minutes. This was because concise learning content, when provided in small

chunks on mobile devices, attracts more learners as learners are on the move and are

more vulnerable to external environment distractions and noises. In an environment

where there is a lot of distraction and noise, bite-sized learning content is perfect for

learning as learners cannot hold their attention for large learning content on mobile de-

vices for a longer time. Each course quiz was 5 points, whereas the final quiz was 10

points. Later, the course quizzes and final quiz points were converted into 20 points for

better analysis and how much they have effects on the final performance. Figure 3.2a,

Figure 3.2b, Figure 3.2c, Figure 3.2d, Figure 3.2e, Figure 3.2f, shows the interaction

of learners with different activities of the learnit app whereas Figure 3.3a, Figure 3.3b,

Figure 3.3c, Figure 3.3d, Figure 3.3e, Figure 3.3f shows learning, problem posting and

quiz taking activities. For this study, three courses (computer basics, C++ program-

ming, JAVA programming) were offered to learners. While using learnit, a learner can

select any course s/he is interested in. Each course is further divided into three learning

modules. Each learning module consisted of three learning topics. After the comple-

tion of each module, a quiz activity was offered to learners to evaluate their learning.
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A final quiz/checkpoint was administered after completing three courses to evaluate the

learners’ overall learning outcomes. Learners were provided with two learning content

types (video, PDF text) for every learning topic. It was up to the learner to select learn-

ing content types of her/his choice during the learning process. Providing two types of

learning content to the learners was to know their preferences regarding learning con-

tent type. After completing a learning activity, the learners were encouraged to post any

problem that they still have regarding a learning topic.

(a) Learner login activity
(b) Learner registration ac-
tivity (c) Course selection activity

(d) Computer Basics topics (e) C++ topics (f) JAVA topics

Figure 3.2: Learner Interaction with learnit app

3.1.3 Learnit Deployment Environment

Any learner having an Android smartphone with the minimum software develop-

ment kit (SDK) 19 version could install and use it. The target SDK on which learnit

was compiled and installed was Android Pie version 28. Table 3.1 lists the learnit app’s
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(a) Video or Text selection
activity

(b) Learner reading text con-
tent

(c) Learner watching video
content

(d) Problem posting related
to a particular topic.

(e) Modules quiz activity
(f) Final Quiz activityFinal
Quiz activity

Figure 3.3: Learner learning, problem posting, and quiz activities

needs while the learner is interacting with it.

On the backend, the learnit was supported by Firebase, Google mobile, and web ap-

plication development platform that provides several essential services to mobile apps.

In our study, the key services that the Firebase platform provided us were learners’

authentication (login and registration services), real-time database support, storage ser-

vices (for learning content persistence), learners’ activities analytics, learners’ predic-

tion (leaners behavior to an app) and cloud messaging. Firebase client SDK installed on

Android Studio enabled us to interact with Firebase services directly with no need to es-

tablish middleware between the learnit app and the Firebase backend services. Database

queries applied to Firebase real-time database were written at the learnit client side.
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Table 3.1: Requirements of learnit app

R1 The learnit app should be able to automatically detect contextual features such
as learner study time duration, the subject covered, the topic covered within
a subject, learning time, repetition rate, learning content type i.e. video or
text, problem posted online by a learner, quizzes attempts, quiz repetition
rate, performance score. In some cases where it was impossible to automati-
cally detect learning features, the features were collected manually from the
learners.

R2 The learnit app should be able to stream or import learning content according
to the preferences of learners (whether a learner is interested in reading text
or watching videos).

R3 The learnit app should automatically log the learning features on the online
Firebase cloud.

R4 The learnit app should also work when there is no Internet connection during
the execution of learning activities. In this case, only the learning content
already viewed or studied by a learner will be available.

R5 The learnit app should provide real-time database support to the learners. This
means that any change to the learning content made by instruction would be
instantly available to the learners.

R6 The learner should be able to view the graphical structure of learning activities
and easily navigate to these learning activities.

While using Firebase services, the traditional backend is bypassed, putting database

interaction responsibilities on the client app. The Firebase console provided adminis-

trative access regarding the learnit app. Figure 3.4 shows the difference between tradi-

tional backend services and Firebase services. Firebase’s real-time database and storage

services are somewhat different from the conventional backend database. They provide

real-time updates to the client as the data changes in the database. Whenever the in-

structor uploads new learning material in our system, the update is instantly offered to

learners at the client-side. The real-time database service from Firebase assured us that

the learners are always using up-to-date learning material.

3.1.4 M-learners’ features gathering

As mentioned earlier, the learners’ features were extracted and gathered from learn-

ers while using the learnit app. The features were divided into three categories: behav-

ioral features, context features, and final performance feature. The behavioral features

manifest how the learner interacts with the learnit app, i.e., online discussion group par-

ticipation, the number of times problem posted, the number of times problem solved,

the number of times attempted quiz, and topic repletion rate. Similarly, context features
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Figure 3.4: Traditional web services vs Firebase cloud approach

illustrate how learners used the learnit app in different contexts. The learning context

comprises learner background knowledge, learning duration, learning time, places vis-

ited, learning content type (video, text), and modules 1, 2, 3 performances (depicts

current learner knowledge about the topic). The final performance feature is about the

learner’s performance in the final checkpoint/quiz. The MCQs in the final checkpoint

are from learning the content of module 1, module 2, and module 3. Table 3.2 shows

the preprocessed features along with their category and description, whereas figure 3.5

shows the snapshot of the sample of features instances in CSV (Comma-Separated Val-

ues) format.

Table 3.2: Preprocessed features along with their category and description

Features Categories Features Description

Behavioral Features

ODGP Online discussion group participation i.e. the

number of times a learner has participated in

the online discussion group (numeric)

NPP Number of times problem posted online re-

lated to study topics (numeric)

NPS Number of times solved the posted problem

online by other learners during learning (nu-

meric)
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Table 3.2 continued from previous page

NTAQ Total number of quiz attempts in three mod-

ules (numeric)

TRR Learning topic average repetition rate in

three modules (numeric)

Context Features

AST Average study time per learning topic (nu-

meric)

NTRA Number of times text resource accessed dur-

ing the learning process (numeric)

NVRA Number of times video resource accessed

during the learning process (numeric)

MP1 Learner performance in module 1, numeric:

(18 to 20 = very good), (15 to 18 = good),

(12 to 15 = average), (9 to 12 = satisfactory),

(0 to 9 = fail)

MP2 Learner performance in module 2, numeric:

(18 to 20 = very good), (15 to 18 = good),

(12 to 15 = average), (9 to 12 = satisfactory),

(0 to 9 = fail)

MP3 Learner performance in module 3, numeric:

(18 to 20 = very good), (15 to 18 = good),

(12 to 15 = average), (9 to 12 = satisfactory),

(0 to 9 = fail)

APV Academic Places Visited. Degree of aca-

demic places visited during the learning pro-

cess i.e. library, classrooms, numeric: 0 to

1

SPV Social Places Visited. Degree of social

places visited during the learning process i.e.

playgrounds, hostels, numeric: 0 to 1
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Table 3.2 continued from previous page

Final Performance

Feature

FG Final Grades showing the final performance

of a learner in three modules, Categorical:

(18 to 20 = very good), (15 to 18 = good),

(12 to 15 = average), (9 to 12 = satisfactory),

(0 to 9 = fail)

Figure 3.5: Features instances in CSV format. These features instances for feed to the
learner model for further processing.

The behavioral and context features are called independent features, whereas the

final performance feature is called a dependent feature. The independent features will

act as input to the learner model to reveal how they affect the learners’ final perfor-

mance. Our dataset is composed of 5 behavioral features, 6 context features, and 1 final

performance feature. Module 1, 2, and 3 performance scores are derived from the aver-

age of three modules quizzes in computer basics, C++, and JAVA courses, respectively.

Eight hundred seventy-five learners from the Institute of Computing, Department of

Physics, and Institute of Numerical Science participated in using the learnit app. After

data cleansing and security, 850 learner’s data were finally selected to be included in

the dataset and further used as an input to the learner model.

When the learner interacts with learnit, the learner’s features are stored on Firebase
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real-time database in JSON (JavaScript Object Notation) format. The JSON format is

commonly used to store and transport data from online clouds. The learner remains

synchronized with the real-time database throughout the learning process. Firebase

provides a reliable, secure, and fast mechanism to synchronize data with users with

minimal effort both on users and developers. Firebase real-time database cloud also

provides data persistence by storing data locally on learners’ mobile phones, thereby

enabling them to access and use learning content even if the mobile phone device is

offline. When the learner connection is re-established with the Firebase database, the

up-to-date learning contents are automatically merged and synchronized with remote

learner data. JSON data type is made up of key/value pairs. The purpose of the key is

to identify the object within the database uniquely, and the value represents the actual

value of the object. Multiple JSON objects are stored in the form of the parent/child

tree. Figure 3.6 shows the pictorial representation of how learner information is stored

in JSON format.

Figure 3.6: Learners’ features stored initially in JSON format at Firebase real-time
database.

After using learnit for two months, the learners’ features recorded on Firebase cloud

were downloaded and converted into CSV (Comma-separated Values) format. The fea-

tures were further preprocessed and converted into a form that the learner model can

accept as an input. The preprocessed features represent the real values of learners’ fea-

tures in the form of a set represented as <>. When processed by the learner model,

these features will divulge which features contribute most to the learning process and

how learners can be categorized into different groups based on their performance. The
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Table 3.3: One-hot encoding applied to learners final grades

Final Grades A B C D F
A 1 0 0 0 0
B 0 1 0 0 0
C 0 0 1 0 0
D 0 0 0 1 0
F 0 0 0 0 1

learner model also reveals the effect of independent features on the dependent feature,

i.e., learners’ final performance. The features preprocessing steps include features en-

coding features scaling and splitting features into training and testing sets.

3.1.5 Features Encoding

We are confronted with a learning classification task as the learner model will clas-

sify learners into different groups based on their performance. We trained the learner

model to classify learners into 5 categorical groups, namely A, B, C, D, and F, repre-

senting their final performance grades. Before feeding learners’ features to the learner

model, it is necessary to encode them into an appropriate form acceptable to the learner

model. Looking at our dataset, we noticed that luckily, we have one categorical feature,

i.e., final grades, that need to be encoded. We used a technique called one-hot encoding

to encode learners’ final grades into numeric form. The one-hot encoding technique is

used because DL and ML-based models do a better job in prediction and classification

tasks with this technique. The one-hot encoding technique also allows the DL and ML-

based models to break the ordinal association among categorical features. Due to high

numerical value, one categorical feature does not get preference and larger weight over

other categorical features. Table 3.3 shows the one-hot encoding technique applied to

learners’ final grades.

3.1.6 Features Scaling

All features are converted into one unit to ease the learner model processing and

classification task (scaled or standardized). Features scaling is a necessary step as it

would compel the learner model not to gives higher weightage to one independent fea-

ture over other independent features. Features scaling also facilitate DL and ML-based

models in parallel and high computation tasks. After performing features scaling, all
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independent features are normalized and are treated equally by the learner model. The

values of features are divided by the highest value for each feature to perform features

scaling, as shown in the below equation 3.1.

Xnorm(1-13) =
X1

MAX(X1)
.

X2

MAX(X2)
, ......,

X13

MAX(X13)
(3.1)

3.1.6.1 Splitting Features into Training and Testing sets

The dataset features instances were split into training and testing sets. Training set

feature instances were used to train the learner model on the relationship between input

independent features and output dependent features. The testing set features instances

were used to test our learner model on new and unseen features instances. The testing

set features instances that provide learner model accuracy and performance on new

feature instances. The training and testing sets were made on a features dataset with

85:15 percent ratios.

In chapter 3, we discussed the framework, development, testing, and deployment

of the learnit app, which is a part of a larger ILS. Among various purposes, one of the

goals of the learnit app was to gather the learning features from M-learners initially.

For in-depth analysis, the learning features were divided into behavioral and contextual

features. After feature collection steps, we performed feature encoding, feature scaling

steps. For training the M-learning model, the features were further divided into training

and testing steps. In chapter 4, we will discuss the M-learning model’s training using

artificial neural network, M-learning model tuning, determining feature weights, and

early intervention experiments.
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This chapter is further divided into 6 sections. Section 4.1 briefly discusses exploring

and visualizing the correlation matrix among learning features. Section 4.2 describes

how the M-learning model was trained using ANN. In section 4.3, the M-learning

model’s implementation process with ILS is discussed and how various M-learning

models were used to determine their accuracy. Section 4.4 is about using the Random

Forest (RF) algorithm to determine the feature weights and importance in increasing the

performance of M-learners. In section 4.5, we discussed the early intervention experi-

ment and why it was carried out on controlled and experimental group learners. Section

4.6 is about analyzing the results generated from the early intervention experiment.

After the features preprocessing step, we developed an m-learning model to classify

learners according to their performance grades using ANN. The m-learning model is

also capable of predicting new learners’ performance given their past feature instances.

The steps involved in building the m-learning model include:

• Formulating problem statement

• Gathering data

• Cleaning data

• Exploring and Visualizing data

• Training learner model

• Evaluating and testing the learning model

4.1 Exploring and Visualizing data
Exploring and visualizing data is essential as it enables us to understand what type

of data we are working on and how meaningful it is to us. First, a correlation matrix was

generated to reveal how the underlying features related to each other. The correlation

matrix can be used to get a quick appreciation and understanding of how the underlying

features interact. More importantly, the correlation matrix also tells us how independent
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features relate to learners’ final grades. Looking at the correlation matrix in Figure 4.1,

we observed that MP1, MP2, MP3 features have a strong correlation with the final grade

feature whereas ODGP, NPP, and NTRA features have a good positive correlation with

final grades. These figures tell us that out of 13 independent features, MP1, MP2,

MP3, ODGP, NPP, and NTRA contribute more to increasing learners’ final grades.

The relationship of TRR with NTRA and NVRA. This relationship infers that learners

consider revision (Topic Repetition Rate, TRR) as an essential factor in their learning

process while accessing text or video learning material/resources.

Similarly, the correlation of the NPP feature with MP1, MP2, and MP3 implies that

the more the learner has posted problems online, the better the result s/he achieves in

MP1, MP2, and MP3. The correlation analysis also reveals that some features have

a weak negative correlation with FG grade and other independent features. As we

have a weak negative correlation, therefore we have ignored them and considered those

features responsible for more considerable variance in the FG feature.

Figure 4.1: Correlation matrix of m-learning model features

4.2 ANN-based m-Learning Model (Modeling Learner

using ANN)
To develop the m-learning model, ANN with two hidden layers was used as shown

in Figure 4.2. For the ANN-based learning model, the most crucial element is historical

feature instances. The more the feature instances are provided to the learner model,

the better it will learn and generate accurate results. In recent times, ANN with hid-

den layers has gained tremendous success and considerable popularity with thousands
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of application domains such as fast and accurate information retrieval, user behavior

analytics, handwriting recognition, stock exchange rates predictions, housing prices

prediction, employee’s retention prediction, student’s dropout prediction, natural lan-

guage processing, and adaptive websites, etc. For accurate prediction and classification

tasks, ANN must be trained with historical features data and thoroughly sieved from

overfitting and underfitting deficiencies. This way, the ANN-based model will general-

ize well and give reasonably good results on future and unseen data. In this study, the

ANN-based learner model should accurately categorize learners into 5 (A, B, C, D, F)

different groups based on their learning performance. This approach is called super-

vised deep learning classification and modeling. It is called supervised because input

feature instances have known output labels or results, i.e., learners’ final grades. It is

called a classification problem as ANN categorizes learners into different groups based

on their previous performance.

The ANN-based m-learning model shown in Figure 4.2 has 13 input neurons at the

input layer. Each neuron at the input layer corresponds to a single input feature. Fur-

thermore, there are two hidden layers with 11 neurons and one output layer having 5

neurons. The 5 neurons at the output layer are dedicated to showing the m-learning

model result by classifying learners’ performance into 5 grades. During the implemen-

tation, we used Python Sequential class to map input features to input layers neurons

whereas the Python Dense class was used to initialize ANN edges with random weight

values.

4.2.1 Training ANN-based m-learning model

Training the ANN-based m-learning model includes the following steps:

• Feeding the m-learning model with feature instances i.e., feed-forward technique

or forward propagation where data flows in one direction, from input to output

layer.

• Selecting the activation function for hidden layer neuron activation. In our exper-

iment, we have selected the ReLU activation function.

• Using activation function at the output layer. As our problem is categorical, there-

fore, we have used the Softmax function.
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Figure 4.2: Artificial Neural Network based m-learning model with 2 hidden layers, 1
input, and 1 output layer.

• Back-propagation: To reduce the difference between the actual result and gener-

ated result i.e. to reduce the loss.

• Forward propagation is the core process during the model training and learning

phase. It is the forward propagation and the backpropagation technique, where

a model learns the weights and bias values for neural network synapses. As the

name suggests, the input features are embedded into the input layer’s network,

flow through hidden layers, and generate output results at the output layer. The

forward propagation is done in one direction from the input to the output layer.

Our input features data are in the form of n * 13 where 13 are the number of input
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features, and n are feature instances/records. The default configuration of ANN

accepts one feature instance simultaneously, but multiple feature instances can

be entered into ANN by a technique called matrix multiplication. Using matrix

multiplication, multiple feature instances can enter ANN at a time, speeding up

the training and learning process as a result. To perform matrix multiplication,

we defined two matrices, X and W1, where X represents input features data and

W1 is the weight of the synapse between the input layer and hidden layer 1. The

matrix X is N*M, where M is the input features and N are the feature instances.

Similarly, the W1 matrix represents the synapses’ weights between the input

layer and hidden layer 1, having 13*11 dimensions where 13 are the input neu-

rons, and 11 illustrate the weights of the synapses attached to each input neuron

(11 synapses per neuron). We used the Python Dense class to initially initialize

weights on synapses. Later, synapses weights get updated according to the error

value backpropagated from the output layer. Mathematically, the matrices X and

W1 can be represented as:

X =



X11, X21, X31, ... X131

X12, X22, X32, ... X132

X13, X23, X33, ... X133

.......

X1n, X2n, X3n, ... X13n


W 1 =



W11, W12, W13, ...W111

W21, W22, W23, ...W211

W31, W32, W33, ...W311

........

W131, W132, W133, ...W1311


Matrix X, when multiplied by matrix W1, yields matrix a1 having n*11 dimensions

as illustrated in equation 4.1. For simplicity the resultant matrix multiplication process

in represented in equation 4.2.

a1 =


{X11 ∗W11 + ...+X131 ∗W131}, {X11 ∗W12 + ...+X131 ∗W132}, ...{X11 ∗W111 + ...+X131 ∗W1311}
{X12 ∗W11 + ...+X132 ∗W131}, {X12 ∗W12 + ...+X132 ∗W132}, ...{X12 ∗W111 + ...+X132 ∗W1311}
{X13 ∗W11 + ...+X133 ∗W131}, {X13 ∗W12 + ...+X133 ∗W132}, ...{X13 ∗W111 + ...+X133 ∗W1311}

.......
{X1n ∗W11 + ...+X13n ∗W131}, {X1n ∗W12 + ...+X13n ∗W132}, ...{X1n ∗W111 + ...+X13n ∗W1311}


(4.1)

a1 = XW1 (4.2)
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Figure 4.3: The simplified m-learning model learning process.

Two processes are performed during ANN forward propagation when input data

is transferred from the input layer to hidden layer 1. First, at each neuron at hidden

layer 1, the input feature value multiplies by synapses weights. This multiplication task

is done at each neuron in hidden layer 1 for all features data and synapses connected

to the corresponding neuron. The multiplication results are then added together, and

the activation function is applied to the result. The following equation can summarize

the processing at each neuron in hidden layer 1. θ represents the activation function

performed after the sum of the product operation. Figure 4.4 illustrates a simplified and

generic understanding of operation perform at each neuron in hidden layers.

θ
(∑11

k=1
XiWi

)
Secondly, the activation function is performed on the result obtained from the sum

of the product operation. We used Rectified Linear Unit (ReLU) activation function at

each hidden layer neuron because it is computationally less expensive, efficient and can

easily propagate errors during the backpropagation process. ReLU activation function

is represented in the equation 4.3.

z1 = f(a1) (4.3)

where f(a1) is

f(a) =

0fora1 < 0

a1fora1 >= 0

The ReLU activation function is applied independently to each entry in matrix a1,

and a new matrix is generated called z1. The size of matrix z1 is the same as matrix

a1. All the neurons at hidden layer 1 perform the ReLU activation function on their
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input matrix and generate modified matrices ready for feed-forwarding to hidden layer

2. The matrix data is propagated forward from hidden layer 1 to hidden layer 2 in the

same way as it was propagated from the input layer to hidden layer 1. Similarly, the

operation at hidden layer 2 neurons is the same as hidden layer 1 neurons operation.

At hidden layer 2 neurons, the input values from hidden layer 1 are multiplied by cor-

responding synapses weights and then added together to perform the ReLU activation

function. The z1 matrix stored at hidden layer 1 has an n*11 dimension, whereas the

dimension of the W2 matrix is 11*11 where 11 represents neurons at hidden layer 1 and

their corresponding weights. The multiplication of z1 matrix with W2 yields a2 matrix

having the dimension of n*11 and can be represented by the following equation 4.4

a2 = z1W2 (4.4)

After matrix multiplication operation, the ReLU activation function is performed on

each entry in matrix a2 resulting in a new matrix called z2. Mathematically, the equation

can be written as:

z2 = f(a2) (4.5)

Similarly, using the forward propagation technique, the matrix z2 at hidden layer

2 is propagated to the output layer. The neurons at the output layer after perform-

ing softmax activation function (for categorical/multiple classification results) on input

data, generate, p̂j, which is the ANN-based m-learning model predicted the value of the

learner’s final grade (FG). It is very likely that initially, there is a difference between the

predicted result p̂j and actual result ’a’. For minimizing the difference between the pre-

dicted result and the actual result, we used a technique called back-propagation, which

is further explained in the following section.

4.2.2 Minimizing Model Cost/Loss using back-propagation

M-learning model cost or loss function tells us the difference between predicted

and actual output result. Ideally, the predicted result should be equal or very near to the

actual result but in a scenario where the difference is substantial, the back-propagation

technique is used to reduce the difference between predicted and actual output results.
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We expressed the learner model cost function in the following expression.

C =
∑1

2
(a− p̂j)

In the above expression, ’a’ is the learner’s actual final grade whereas p̂j is the pre-

dicted final grade result. For an accurate and reliable learner model, this difference must

be as minimum as possible. As a result, the m-learning model will convey an accurate

picture of learners’ learning behavior and performance. For minimizing the learner

model cost function, we had two choices: 1) changing input features data, 2) tweak-

ing weights on ANN synapses. Input feature instances are static and will not change

therefore the only option left with us is to adjust weights on ANN synapses. To de-

termine suitable weights for synapses, we used a technique called Stochastic Gradient

Descent (SGD) along with back-propagation. SGD technique is efficient and reduces

time and computation costs during the back-propagation process. Furthermore, when

we have high dimensional data and we are looking for suitable weights across millions

of synapses, the SGD technique is more impressive in determining suitable synapses

weights and therefore reducing the overall model cost. Looking at our ANN model ar-

chitecture, we can observe that the weights that are responsible for generated cost/error

are spread across three matrices i.e., W1, W2, W3. We calculated the derivative of

cost C concerning W1, W2, W3 i.e., d(C)/d(W1), d(C)/d(W2), d(C)/D(W3), resulting

in the same number of gradient values as the number of synapses weights across ANN.

The derivative of C concerning W1, W2, W3 determines how much weight values are

responsible for generating error/cost in the m-learning model.

The key in the training of the M-learning model is to find the appropriate values for

weights across the model so that the model can build good approximator functions that

can be applied to the new learner features for their performance prediction. In other

words, we want to have a set of weights that minimize the error/loss/cost at the output

layer. To demonstrate the back-propagation process in detail considers below the simple

Figure 4.4 of the m-learning model.

If the weights w1 gets changed, the values across hidden layers 1 and 2, w1, w2,

and the output result would also change. Here, the output result is functional dependent

on w1, w2, w3 weight, and activation function in hidden layers 1 and 2. We can,

mathematically, formulate the output as an extension of composite function:
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Figure 4.4: The simplified m-learning model learning process.

Figure 4.5: Backpropagation process where the generated error is backpropagated to
weights w1.

output = act(w3 ∗ act(w2 ∗ act(w1 ∗ input data))) (4.6)

If we have an error on the output layer, then it means that the error is functionally

dependent on the output function which in turn is dependent on the function of input,

weights, and activation functions. To know how many arbitrary weights i.e., w1 is

responsible for the generated error, we compute the derivative of the error w.r.t w1, and

the result would be:

d(j)

d(W 1)
=

d(j)

d(output)
.
d(output)

d(hidden2)
.
d(hidden2)

d(hidden1)
.
d(hidden1)

d(W 1)
(4.7)

In the backpropagation process, we are traversing from the output error to W1,

taking iterative steps using the chain rule. We take the derivative of the error w.r.t the

output, derivative of output w.r.t to hidden neurons, and finally derivative of hidden

neurons w.r.t weights. This process is shown in Figure 4.5.

To get a comprehensive intuition of the backpropagation process, we are going to

determine the derivative of error w.r.t the weights at the input layer denoted by W1
ij in

Figure 4.6. The architecture of the learner model in Figure 4.6 is simplified for a better

understanding of the backpropagation process. Mathematically, we are trying to obtain

how much input layer weights are responsible for error as shown in equation 4.8.
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Figure 4.6: Simplified ANN-based m-learning model architecture.

d(error)

d(W 1
ij)

=
d(j)

d(W 1
ij)

(4.8)

Looking at the Figure 4.6, we also know that

d(error)

d(W 1
ij)

=
d(j)

d(W 1
ij)

=
d(j)d(pj)

d(pj)d(W 1
ij)

(4.9)

This implies that the derivative of output error w.r.t to input layer weights is equal

to the derivative of error w.r.t predicted result multiplied by the derivative of predicted

result w.r.t input layer weights. The term d(j)/d(pj) tells us the derivative of error w.r.t

of output prediction which can be written as:

(P j − a) where a is the actual output result

Therefore, the equation becomes.

d(j)

d(W 1
ij)

= (P j − a)
d(pj)

d(W 1
ij)

(4.10)

Going one layer further back and applying the chain rule we can write
d(pj)

W1ij
as:

d(pj)

d(W 1
ij)

=
d(pj)

d(pj)

d(pj)

d(W 1
ij)

(4.11)

From the above equation 4.11, we can deduce that the derivative of predicted result

w.r.t input weights is equal to the derivative of output w.r.t to derivate of input (pi) at the

output layer multiplied by the derivative of input value w.r.t input weights. Similarly,

applying the chain rule
d(pj)

d(pj)
can be written as:
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d(pj)

d(pj)
= pj(1− pj)

In the above expression, the term at the right-hand side corresponds to the derivative

of the ReLU function which is equal to the output result multiplied by one minus the

output. Pj denotes the output of the activation function at the output layer. Now the

equation 4.11 can be written as:

d(pj)

d(W 1
ij)

= pj(1− pj)
d(pi)

d(W 1
ij)

d(j)

d(W 1
ij)

= (pj − 1) ∗ pj(1− pj)
d(pi)

d(W 1
ij)

(4.12)

Moving backward to hidden layer 2, we can notice that the red lines spread out in

multiple directions. Since multiple weights values affect the value of pi, we must take

all of them into derivative which can be represented by sigma notation:

d(pj)

d(W 1
ij)

=
∑

j

d(pi)

d(zj)

d(zj)

d(W 1
ij)

Looking at Figure 4.6, we can observe that pi is the summation of hidden layer 2

weights multiplied by zj (activation performed on the sum of products). Taking the

derivative of pi with zj would give us connecting weights between hidden layer 2 and

output layer and can be expressed as:

d(pi)

d(zj)
= W 3

ij

We can express the rate of change of pi and zj w.r.t W1
ij as:

d(pj)

d(W 1
ij)

= W 3
ij
d(zj)

d(W 1
ij)

(4.13)

Since we cannot quite put the derivative of zj w.r.t Wi
ij into a numerical form, we

continue to use chain rule and following the fourth red line back in Figure 4.6 to deter-

mine that:

d(zj)

d(W 1
ij)

=
d(zj)

d(zi)

d(zi)

d(W 1
ij)

= zj(1− zj)
d(zi)

d(W 1
ij)

(4.14)

Since zj is the result of applying the activation function to zi, therefore, we use the

same logic as in the previous layer and apply the ReLU derivative. The derivative of zi
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w.r.t W1
ij established by the fifth line back is based on the same idea of spreading out

and taking the summation of all contributions:

d(zi)

d(W 1
ij)

=
∑

j

d(zi)

d(yj)

d(yj)

d(W 1
ij)

=
∑

j
W 2

ij
d(yj)

d(W 1
ij)

We move on to performing more reduction and find the derivate of yj w.r.t W1
ij.

d(yj)

d(W 1
ij)

=
d(yj)

d(yi)

d(yi)

d(W 1
ij)

= yj(1− yj)
d(yi)

d(W 1
ij)

(4.15)

Traversing further back in our network, we notice that at red line number six in

Figure 4.6, we still must deal with another activation function. The last line in the

backpropagation process traverses from the input at yi to xj which represent the weights

W1
ij between input and hidden layer 1. In fact, W1

ij are the weights which we were

attempting to backprop to. At this point, we can determine the change in yi w.r.t W1
ij

which can be expressed by the following equation.

d(yi)

d(W 1
ij)

=
∑

j
xj

Notice here that the coefficient of W1
ij is xj. Combining all the individual expression

gives us the final expression. Here the final expression tells us that how many weights

to adjust at each layer to reduce to generated error.

d(j)

d(W 1
ij)

= (pj−a)∗(pj(1−(pj)∗
∑

j

(
W 3

ij∗(zj(1−(zj)∗
∑

j

(
W 2

ij∗(yj(1−(yj)∗
∑

j
xj

))
(4.16)

Initially, during the training process, the m-learning model may not find the right

relationship between independents features and learners’ final grades. Initially, the

m-learning model may not be able to assign appropriate weights to the m-learning

model synapses. The backpropagation technique gives suitable weights to synapses

that provide an optimal estimation of a function that correctly models the training data

through the iterative process. The weights assigned to synapses during the backprop-

agation process minimize the output error, ensuring that the difference between actual

and predicted output is minimal. Equation 15 tells us about the amount of error to

be back-propagated through the entire model. At each layer, during the backpropa-

gation process, the weights of the updated synapses depend on the amount of error
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Table 4.1: Learners’ performance scores classified into five-level grades

Final Grades Classification Very Good Good Average Satisfactory Fail
Earned Points 18-20a 15-17 12-14 9-11 0-8
Grades A B C D F
a, the number is inclusive in the range

back-propagated and how much stochastic gradient descent (SGD) technique generates

new values for synapses weights. SGD updates the weights of synapses after every

new instance inserts into the model. Therefore, it is more flexible, has higher fluctua-

tion, and can find global minimum values for weights. SGD technique makes sure that

the m-learning model never falls into a local minimum trap, which has a high negative

effect on the model’s accuracy and performance.

4.3 Implementation of the m-learning model using Ar-

tificial Neural Network (ANN)
We developed and implemented the m-learning model using ANN. Firstly, we ini-

tialized the weights of synapses with numbers very close to zero with the Keras Dense

class’s help. Secondly, the Keras Sequential class was used to propagate dataset features

observations from the ANN input layer to the output layer. During forward propagation,

the activation function at every neuron in ANN is restricted by the synapses’ weights.

The m-learning model’s output is learners’ performance grades, i.e., A, B, C, D, and F.

Table 4.1 shows learners’ performance scores classified into five-level grades.

The goal of developing the m-learning model and performing learners’ multi-

class classification was to classify learners into the right grades when their learning

records/observations are feed into the m-learning model. Once the m-learning model

is trained on well enough observations, it would classify new learners into the right

grades in the future. During m-learning model development, the Keras library and API

provided us fully configurable functions that can be plugged together with little effort

and restrictions. Keras library provided ANN initialization schemes, cost function opti-

mizers, regularization schemes, and activation function modules that we combined and

created an m-learning model with high accuracy and performance. We assumed that

features such as module performance 1 (MP1), module performance 2 (MP2), and mod-

ule performance 3 (MP3) has the highest impact on the learners’ final grades; therefore,
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we performed multi-class classification on four learning models as discussed below

briefly:

• m-learning model 1: This model contains all the features from the dataset except

final grades.

• m-learning model 2: This model is similar to m-learning model 1 but without the

MP3 feature.

• m-learning model 3: This model is similar to m-learning model 2 but without the

MP2 feature.

• m-learning model 4: This model is similar to m-learning model 3 but without the

MP1 feature.

Before creating m-learning model 1, we performed features preprocessing, e.g.,

dataset cleaning, assigning grade categories (A, B, C, D, F) to the final performance,

and splitting the dataset into training and testing sets. We also performed features scal-

ing, i.e., normalization, so that one independent feature, due to higher numerical value,

does not dominate other numerical features. Features scaling also speeds up neural

networks’ parallel computation process. Lastly, in the features preprocessing step, we

encode categorical features into a suitable form. In our features’ dataset, luckily, there

is one categorical feature, i.e., final grades, that need to be encoded. To allow artificial

neural networks to do better jobs with learners’ classification and performance predic-

tion, we used the one-hot encoding scheme to encode learners’ final grades. One-hot

encoding scheme breaks the ordinal relationship among categorical features, and there-

fore, due to higher numerical values, one categorical feature does not get preference

over other numerical features. We used all independent features to predict final grades

in m-learning model 1. The m-learning model 1 comprises one input layer with 13 input

neurons (for accepting input features), two hidden layers having 11 neurons each, and

one output layer for generating final grades.

The five output neurons in m-learning model 1 correspond to the five-level grad-

ing scheme. At hidden layers 1 and 2 neurons, ReLU (Rectifier Linear unit) activation

function was used, whereas the Softmax activation function was used in the output

layer to predict final grades. The hypermeters used in the creation of m-learning model
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Figure 4.7: M-learning model 1 layers, output shape, parameters, and accuracy.

(a) Without normalization (b) With normalization

Figure 4.8: Confusion matrices of m-learning model 1, without normalization and nor-
malized confusion matrix.

1 were: epochs = 200, batch size = 5, optimizer = Adam, metrics = accuracy, loss = cat-

egorical crossentropy, kernel regularizer = regularizer.L2. With Keras and Tensorflow

libraries’ help, we compiled m-learning model 1 and achieved an accuracy of 90.77 per-

cent, as shown in Figure 4.7. To better analyze and visualize the results of m-learning

model 1, we constructed a confusion matrix on actual grade scores and predicted grade

scores shown in Figure 4.8. (without normalization and normalized confusion matri-

ces). The confusion matrix for m-learning model 1 revealed that 107 out of 130 grades

were predicted correctly, whereas the remaining 23 grades were mispredicted.

Like m-learning model 1, m-learning models 2, 3, and 4 were constructed and af-

ter compilation, the models achieved an accuracy of 87.69, 83.85, and 80.00 percent

respectively as depicted in Figure 4.9, Figure 4.11, and 4.15. The confusion matrices
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Figure 4.9: M-learning model 2 layers, output shape, parameters, and accuracy.

(a) Without normalization (b) With normalization

Figure 4.10: Confusion matrices of m-learning model 2, without normalization and
normalized confusion matrix

Figure 4.11: M-learning model 3 layers, output shape, parameters, and accuracy.
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(a) Without normalization (b) With normalization

Figure 4.12: Confusion matrices of m-learning model 3, without normalization and
normalized confusion matrix

Figure 4.13: M-learning model 4 layers, output shape, parameters, and accuracy.

(a) Without normalization (b) With normalization

Figure 4.14: Confusion matrices of m-learning model 4, without normalization and
normalized confusion matrix
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Figure 4.15: M-learning model 4 layers, output shape, parameters, and accuracy.

(without normalization and normalized) for m-learning models 2, 3, and 4 are shown in

Figure 4.10, Figure 4.12, and Figure 4.14. The diagonal elements in confusion matrices

are those elements that are predicted accurately, whereas the remaining elements are

predicted inaccurately. Those predicted accurately are called True Positives, whereas

those predicted inaccurately are called False Positives.

From confusion matrices in Figure 4.10, Figure 4.12, and Figure 4.14, we can ob-

serve that the accuracy of models decreases as we remove the modules’ performance

i.e., the features MP1, MP2, and MP3 from independent features. This concludes that

module performance scores are an important factor in predicting the final grades of

learners. Moreover, to know whether our m-learning models suffer from overfitting, we

plot training accuracy, testing accuracy, training loss, and testing loss over the number

of epochs passed.

Figure 4.16, Figure 4.17, Figure 4.18, and Figure 4.19 shows the model accuracy

and model loss for m-learning models 1, 2, 3, and 4. Figure 4.16, initially, during early

epochs, the model accuracy of the training and testing dataset somewhat matched up.

Still, later on, during the last 50 epochs, the model accuracy of the training and testing

dataset somewhat deviates. Still, overall, it does not seem that overfitting is a huge

problem for m-learning model 1, and the accuracy of the model is acceptable. The

model loss of m-learning model 1 decreases as the number of epochs passes away.

This concludes that the m-learning model 1 successfully minimizes cost/loss func-

tion over time and is gradually learning the exact relationship between independent

features and final grades. The results of the model accuracy and the model loss for

79



CHAPTER 4. CREATING LEARNER MODEL USING ANN

(a) Model 1 Accuracy (b) Model 1 Loss

Figure 4.16: Model accuracy and model loss for m-learning model 1

(a) Model 2 Accuracy (b) Model 2 Loss

Figure 4.17: Model accuracy and model loss for m-learning model 2

(a) Model 3 Accuracy (b) Model 2 Loss

Figure 4.18: Model accuracy and model loss for m-learning model 3
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(a) Model 4 Accuracy (b) Model 4 Loss

Figure 4.19: Model accuracy and model loss for m-learning model 4

m-learning model 2 and m-learning model 3 are somewhat similar to m-learning model

1 as shown in Figure 4.17 and Figure 4.18 but we can observe that the case for model

accuracy and model loss for m-learning model 4 is different. Figure 4.19 shows that as

more and more epochs are completed, the difference between the model accuracy and

model loss of training set and testing set increases.

This is because now, due to the absence of module performance features (MP1,

MP2, MP3), the m-learning model 4 cannot predict the final grades and the model loss

increases, and the model accuracy decreases on the testing set. The results in Figure

4.19. also divulged that module performance features are important in predicting the

overall final grades of learners.

4.3.1 Multi-Class benchmark machine learning algorithms predic-

tion accuracy in comparison with ANN

Before fitting all four learning models to different machine learning algorithms,

some preprocessing was performed. The derived (from final performance feature) nom-

inal feature of learner grades (A, B, C, D, F) was transformed into a one-hot-encoding

scheme, and all other features were standardized to zero mean and one standard de-

viation. The parameters adopted for artificial neural networks were 200 epochs and a

batch size of 5, whereas a total sample of 200 trees was selected for the random forest

ensemble method. For support vector machines, we selected Sequential Minimal Opti-

mization (SMO) algorithm. To estimate the predictive accuracy of each algorithm, the

5-fold cross-validation resampling technique was used. Under such a scheme, the data
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is randomly divided into 5 subsets of equal size. Subsequently, out of 5 subsets, one

set is used as validation data for testing the model while the remaining 4 subsets are

used as a training set. Using the 5-fold cross-validation technique, each subset of data

is considered a test set once and at the end, the evaluated test sets contain the whole

dataset. Models having a value of 5 generally result in lower bias and modest vari-

ance. Machine learning algorithms use the 5 variations of the dataset to create accurate

predictions. From Table 4.2 it can be noted that ANN and Random Forest algorithms

have superior prediction accuracy for all four learning models while linear discriminant

analysis exhibited inferior accuracy.

Table 4.2: Accuracy results of machine learning algorithms and ANN on five-level
grades classification.

Models/
Algorithms Linear

Discrim-
inant
Analysis
(LDA)

Multi-
class
Logistic
Regres-
sion
(Softmax
Regres-
sion)

Support
Vector
Machine
(SVM)

Decision
Trees
(DT)

Random
Forest
(RF)

Artificial
Neural
Network
(ANN)

Learning
Model 1

85.56 88.67 87.56 88.56 90.11 90.77

Learning
Model 2

78.55 79.56 79.44 76.59 86.89 87.69

Learning
Model 3

67.78 70.45 74.45 67.43 83.67 83.85

Learning
Model 4

54.12 55.98 59.64 56.89 80.23 80.00

4.4 Features weights and Importance
We used the Random Forest ensemble method to determine each feature’s impor-

tance and weight in predicting the final performance grades. Random forest is based

on an adaptive learning methodology that combines several models to generate better

results than the individual model result. Random forest gives accuracy, robustness, easy

interpretability, and control over underfitting and overfitting problems. Moreover, the

random forest method helps the model in decreasing their variance, biasness, and in-

creasing their prediction accuracy. The random forest method averages the results of
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Figure 4.20: Features importance calculated with the help of scikit-learn fea-
ture importances function.

the number of decision trees and predicts more accurate results by voting in case of

classification problems and averaging in case of regression problems.

Feature weights and importance give satisfactory evidence of what features con-

tribute most in predicting learners’ final grades. The features weights were integrated

with the m-learning model to provide adaptive content and tailored navigation to learn-

ers during their interaction with the learnit app. Integrating feature weights will make

learnit a more comprehensive and complete application that will have early knowledge

of learners and based on that knowledge will know how to support learners’ during the

learning process. Table 4.3 shows the weights of each feature’s weights in predicting

the final grades, whereas the plot in Figure 4.20 displays the importance of features in

graphical form.

Table 4.3: Independent features weights in predicting the final grades

Feature Feature Weight Feature Feature Weight
MP3 0.345631 NPS 0.010292
MP1 0.264391 NTRA 0.009293
MP2 0.246556 APV 0.009143
NTAQ 0.051794 SPV 0.007157
AST 0.018429 TRR 0.006407
ODGP 0.013156 NVRA 0.005492
NPP 0.012259

• Learners and instructors can get a better understanding of m-learning model logic,
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accuracy, interpretation, and can improve it by focusing only on important fea-

tures.

• The performance of the m-learning model can be increased by removing those

features that are not significant in the construction of the model.

• Important features can also help us in making the m-learning model more in-

terpretable. For example, the interpretable m-learning model can tell learners not

only about their performance, but also which features contribute most during their

learning process.

As discussed, the Random forest combines different decision trees to know about

the essential features that drive the model, i.e., in any given model, these features are

most important in explaining the relationship with the target feature. The decision tree

assigns a node to each feature, and it split values based on a relational condition (greater

than, less than, equal to, not equal to, greater than equal to, less than equal to) so that

similar values end up in the same set after the split. The node’s condition is based on im-

purity, which is how much information is gained (entropy) during model training. The

important features are those that contribute to decreasing the overall impurity. Looking

at the graph in figure 4.20, we can conclude that the top four important features are

MP3, MP2, MP1, and NTAQ.

4.4.1 Permutation Feature Importance

Features permutation measures the importance of features by observing how fea-

tures reshuffling or re-arrangement influence the model’s performance and accuracy.

We first train the baseline model with the default feature arrangement and record the

accuracy score using this approach. Next, we reshuffle the values from one feature in

our dataset and pass the dataset again to the model to obtain the model accuracy of the

modified dataset. The feature importance of the reshuffle feature values is the difference

between the initial benchmark score and the modified dataset. The values reshuffling

was performed for all the features in the dataset. The features permutation approach is

a reasonably efficient and reliable technique that can be applied to any model. On the

other hand, it may be computationally expensive than the default feature importance ap-

proach. One other disadvantage of this approach is that it overestimates the importance
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Figure 4.21: Permutation feature importance measurement using eli5 Python library

of correlated features. The plot in figure 4.21 confirms that the top four predictable

features remain in the same position; however, their importance scores are different,

particularly for the NTAQ feature.

4.4.2 Drop Column Feature Importance

Using this approach, we determined the importance of a feature by comparing the

m-learning model with all features versus a model with all features except that fea-

ture. This approach provides a more accurate feature importance score but may incur a

potentially high computation cost due to comparing two models with variant datasets.

The features shown as negative importance in figure 4.22 are those features that will

improve the model performance after removing from the dataset set. In our case, we

have two features APV and NTRA, that exhibit this behavior. Moreover, MP1, MP2,

and MP3 are no longer important predictable features and drop below the graph. Lastly,

AST, NTAQ, and NPP now have the highest importance in predicting the learners’ per-

formance scores.

4.5 Experimental Design: Performing Early Interven-

tion Experiment During Learning Process
In the last stage of our research, we conducted an early intervention experiment to

figure out whether pre-emptive measures influence learners in improving their study

performance. The experiment was carried out on those learners who achieved perfor-
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Figure 4.22: Drop column feature importance (dropping modules performance scores)

mance grades D and F (learners having 11 or less than 11 scores in their final per-

formance quiz). At this point, our m-learning model is trained with learners’ features

and is matured enough to predict the learning performance of existing and new learn-

ers. The goal of carrying out an early intervention experiment was to motivate and

encourage weak learners to improve their learning performance and make m-learning

model predictions false. A total of 425 learners (having D and F grades) were selected

and were divided into control and experimental groups (the control group having 212

learners whereas the experimental group having 213 learners). Control group learn-

ers were independent of pre-emptive measures, early intervention and received normal

learning content, guidance, and quizzes, whereas experimental group learners received

motivational triggers, adaptive triggers, and adaptive learning content. Moreover, adap-

tive navigational paths were recommended to experimental group learners during their

learning process. The early intervention experiment lasted for 50 days. Below we dis-

cuss learning content types and how adaptive triggers are related to them.

• Learning content: As discussed earlier two types of learning content were used

in the learnit app i.e. text and video.

• Quizzes. Each course consists of three quizzes and a final quiz was conducted

after completion of three courses.

• Online discussion forum. An online discussion forum was provided to learners

where after each learning activity, the learners can post problems related to that

86



CHAPTER 4. CREATING LEARNER MODEL USING ANN

activity.

During the early intervention experiment, different adaptive triggers were presented

to experimental group learners during their learning process. The adaptive triggers

were presented according to learners’ preferred learning content types and how adaptive

triggers are assigned to learning content. Below in table 4.4 we give some examples of

adaptive triggers, their timings, and how they are related to learning content types.

Table 4.4: Adaptive Triggers along with their timings

S.No Adaptive triggers Timings
T1 It is better to write/note important points on hard paper during the

learning process. It will help you in interpreting the same learning
topic during revision.

Before

T2 Make sure that you have revised the topic and have gained a clear
understanding of it.

After

T3 Writing a summary of the topic will help you in future references. After
T4 Please make sure that you have not missed any point and have

covered all the key points related to the current topic.
After

T5 Share your understanding of the current topic with your col-
leagues on the online discussion group.

Before/After

T6 If you have gained a complete understanding of the current topic
then do visit the online discussion group and help your colleagues
having problems with the same learning topic.

After

T7 Share your problem and request the assigned instructor to help
you if you haven’t understood the current learning topic.

After

T8 Challenge yourself and attempt the quiz if you have mastered the
current learning topic.

After

T9 Note down important points and problems linked to the current
learning topic and discuss them with your colleagues and instruc-
tor.

Before/After

T10 Improve your current quiz score to get a complete understanding
of the learning topic.

After

Next, we list the assignment of adaptive triggers to learning content.

Next, we list the assignment of adaptive triggers to learning content.

• Text (T1-T10)

• Video (T4, T5, T6, T7, T8, T9)

• Quizzes (T5, T6, T7, T8, T9)

• Online discussion forum (T8, T9, T10)
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The timings of the adaptive triggers are before and after. Before triggers refer to

those triggers that are presented to learners before they have started the learning activity

whereas after triggers means presenting triggers to learners after they have finished a

learning activity. The purpose of adaptive triggers was to assist learners during their

learning process and help them in understanding exhaustive and difficult topics.

Likewise, different motivational triggers were presented to learners on their smart-

phones according to their performance scores. Table 4.5 shows learners’ performance

state, the assigned motivational triggers, and their examples.

Table 4.5: Learners performance state, type of motivational triggers, and their example

Learners’ Performance State Type of motiva-

tional trigger

Motivational trigger example

Below Average Learners

(Learners having

low-performance score)

Fear Continues poor performance will

result in your relegation/ceased

state

Hope Consistent 3 hours of study per day

will make you one of the best learn-

ers of the class

Suggestion Refers to the class group for newly

uploaded video by the class instruc-

tor

Average Learners

(improving learners)

Praise Weldon and congratulation. You

now are in the top 5 learners of your

class

Appreciation Your improving academic perfor-

mance was praised by instructors in

the meeting. Keep it up.

Social Accep-

tance

Imran Ahmed is now among the top

5 learners (Trigger sent to all class

learners)

Good Consistent

Learners

Reward The chairman will award you the

best performance certificate for

showing consistent performance.
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Table 4.5 continued from previous page

Praise You showed excellent performance

in the quiz. Weldon.

Appreciation All the instructors and chairman

appreciate your consistent perfor-

mance throughout the semester.

Table 4.6: End-User Computing Satisfaction (EUCS) questionnaire result.

Dimensions Questions Mean Score
1 Usefulness I contemplate the use of the learnit app enhanced

my programming skills.
4.68

2 Usefulness I think the learnit app helped me a lot in under-
standing computer programming.

4.59

3 Ease-of-use The use of the learnit app was very easy. 4.52
4 Ease-of-use I think learners can use the learnit app without the

instructor’s help.
4.58

5 Engaging I was interested in using the learnit app for enhanc-
ing my programming skills.

4.78

6 Engaging Learnit app was able to involve me in learning
computer programming daily.

4.71

7 Timeliness The learning content was provided on time by the
learnit app.

4.34

8 Timeliness Learnit app knew when and what to send to learn-
ers while using it.

4.53

9 Adaptive The learning content provided by the learnit app
was tailored and adaptive.

4.78

10 Adaptive Learnit app enabled me to learn computer pro-
gramming at my own pace.

4.23

11 Attitude towards
using the applica-
tion

I will use similar types of applications in the future. 4.55

12 Attitude towards
using the applica-
tion

I will continue to use the learnit app to enhance my
programming skills.

4.34

BJ Fogg, in his Fogg Behavior Model (FBM), suggests that three elements, i.e.,

ability, motivation, and the trigger (prompt or message), must be present at the same

time for a learning behavior to occur [170]. When improvement does not happen during

the learning process, at least one of the three elements is missing. Figure 4.23 shows

the pictorial representation of FBM along with its three elements. Adaptive triggers

aimed to help learners while they study, whereas motivational triggers aimed to increase

learners’ motivation towards learning. One of the essential factors related to adaptive
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Figure 4.23: Fogg Behavior Model and its elements.

Figure 4.24: Performance comparison of the experimental and control groups after early
intervention experiment.

and motivational triggers is opportune time. Opportune time is the right time at which

adaptive and motivational triggers are sent to the learners on their smartphones. An

example of sending motivational triggers at the opportune time is right after the learner

quiz activity if the learner’s performance in that quiz is not good. Similarly, praise and

appreciation triggers were sent to the good consistent learners once a week as too many

motivational triggers may overwhelm or annoy learners during the learning process.

4.6 Data Analysis: Early Intervention Experiment Re-

sults Discussion
After 50 days, we analyzed the final score results of the experimental and control

group. Figure 4.24 shows a line graph representing both the experimental and control

groups’ final scores. The line graph confirms that the intervened learners showed overall

better performance than un-intervened learners in the final quiz. Moreover, the statis-

tical analysis result revealed that intervened learners showed an overall 12.30 percent

higher performance than un-intervened learners. These results confirm that proactive or

preemptive measures affect learners’ behavior and improve their learning performance

scores.
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4.6.1 Early Intervention Experiment Discussion

Our m-learning model successfully identified different learning behavior for diverse

learners by identifying key features and how they affect learners’ learning performance.

Furthermore, early intervention experiment results revealed that through adaptive and

tailored guidance, learners’ learning behavior could be enhanced and improved. Once

trained with enough data, the m-learning model can identify new and old learners

and how their learning features affect their study performance. Diverse learners have

strengths and weaknesses represented by the learning features. Not only the m-learning

model can identify which features affect study performance, but it can also determine

which features are the most important ones (features having higher weights) in improv-

ing the learning performance of learners. A more adaptive and tailored application

could be developed if it considers learning features along with their weights.

While predicting the performance of new learners, our m-learning model will not

have their features information however, it has learned from the features of previous

learners and can make predictions for new learners. When new learners’ features and

their instances are fed into the m-learning model, the model could determine feature

weights and how they affect the final performance. Subsequently, preemptive measures

could be taken for those learners who are unlikely to show good performance in the

future.

4.6.2 Analyzing Learners’ satisfaction using the EUCS model

To elicit learners’ experience using the learnit application, the End-User Computing

Satisfaction (EUCS) model was used. As discussed in the proposed system chapter,

the learnit application is based on the m-learning model, which uses an artificial neural

network (ANN) to determine how independent learning features affect learners’ final

learning performance. The EUCS model is composed of a questionnaire that can mea-

sure users’ attitudes towards using a computer application. With little modification

in the EUCS questionnaire, an online survey was steered on 213 experimental group

learners. the EUCS questionnaire measured 6 dimensions of learnit application: use-

fulness, ease-of-use, engagement, timeliness, adaptiveness, and attitude towards learnit

application. The online survey comprised of 12 questions covering the 6 dimensions of

learnit application. The 6 dimensions were measured on 5 points Likert-scale where 5
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represents ”strongly agree”, 4 represents ”agree”, 3 represents ”neutral,” 2 represents

”disagree,” and 1 represents the ”strongly disagree” option. During the experiment, the

mean learner satisfaction was set to greater than 4, which infer that the learners were

satisfied while they used the learnit application. Table 4.6 shows the 6 dimensions, the

related questions, and learners’ satisfaction mean score.

The response to dimensions 1 and 2 (usefulness) indicates that the learnit app was

successful in increasing the job ability i.e. programming skills of learners (m= 4.68,

m = 4.59). The response to dimensions 3 and 4 shows that the learnit app interaction

with learners was very simple and user-friendly (m= 4.52, m = 4.58). The response to

dimensions 5 and 6 indicates that the learnit app was able to draw the attention of learn-

ers in giving time to learn computer programming using mobile devices (m= 4.78, m =

4.71). The response to dimensions 7 and 8 implies that the learnit app considered the

experimental group preferred learning time and sent programming content accordingly

(m= 4.34, m = 4.53). The learner replies to dimensions 9 and 10 revealed that tailored

programming content was delivered to learners according to their learning abilities and

performance by the learnit app (m= 4.78, m = 4.23). The answer to dimensions 11 and

12 reflects that learners agreed to use a learnit or a similar type of application in the

future to increase their programming skills (m= 4.55, m = 4.34).

In chapter 4, we worked on important objectives mentioned in chapter 1. First, an

M-learning model was trained using Artificial Neural Network (ANN). A correlation

matrix was generated for features analysis to reveal the correlation among features and

correlation between independent and dependent features. From the correlation matrix,

we observed that MP1, MP2, MP3, ODGP, NPP, and NTRA were the significant fea-

tures that affect M-learners’ overall performance. A technique called back-propagation

was used to minimize the M-learner model loss, which reduced the difference between

predicted and actual output result. To determine each independent feature’s importance

in predicting the final performance grades, the Random Forest (RF) ensemble method

was used. Using the RF ensemble method, it was revealed that among 13 independent

features, MP1, MP2, MP3, and NTAQ were the top 4 important features that contributed

significantly to increasing M-learners’ final performance. Furthermore, a technique

called permutation feature importance was used to determine how features re-shuffling

influences the performance and accuracy of the model. After applying the permuta-
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tion feature importance technique, the four independent features remain in the same

position; however, their importance scores were different, particularly for the NTAQ

feature. An early intervention experiment was performed after the M-learner used ILS

to determine whether pre-emptive measures influence the learners’ study performance.

Finally, the EUCS model was used to analyze learners’ satisfaction towards using ILS.

The EUCS model results revealed that overall, learners were satisfied with using ILS

and they agree to use a similar type of system in the future to improve their study per-

formance.
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This research work presents the m-learning model generated by an Artificial Neu-

ral Network (ANN) from learners’ weighted features. Established on the m-learning

model, a prototype Android app called learnit was developed and tested on m-learners

for 50 days. The m-learning model can be used by those applications or systems that

need to make learning self-paced, engaging, and adaptive. The artificial neural net-

work (ANN) generates a tailored m-learning model for each learner according to his/her

weighted learning features.

The proposed m-learning model can classify learners in different performance

groups with high accuracy and can provide tailored guidance and adaptive learning

content to the learners. Initially, m-learners’ features are elicited, and the m-learners

profile is defined on the online Firebase cloud while interacting with the learnit applica-

tion. The m-learners features are preprocessed, encoded, scaled, and divided into train-

ing and testing sets before delivering them to the ANN algorithm. After the features

preprocessing step, the m-learners’ features are supplied to the ANN for m-learners

classification and features weights tuning. For efficient processing, forward propaga-

tion and the matrix multiplication technique were used to transmit multiple learners’

records at a time through ANN. To minimize the output error and increase m-learning

model accuracy, the ANN was further trained using the back-propagation technique.

For increasing m-learning model accuracy, suitable synapses weights must be defined

across ANN architecture. Stochastic gradient descent was used for assigning appro-

priate weights across ANN synapses. Stochastic gradient descent also makes sure that

less computation and memory resources are consumed while training ANN. The ANN

training process establishes a relationship between independent features and dependent

features (learners’ final performance). This relationship also defines independent fea-

ture weights and how they contribute to increasing the learners’ final performance. The

relationship between independent features and the dependent feature is established for

every learner; thus, every learner has a unique m-learning model representing the indi-

vidual learner’s learning behavior.

After completing the m-learning model training process, we tested its accuracy
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by removing some essential features. We assumed that module performance features

(MP1, MP2, and MP3) contribute significantly to increasing learners’ final perfor-

mance; therefore, the testing process was conducted on four sub-models, namely m-

learning model 1 m-learning model 2, m-learning model 3, and m-learning model 4. M-

learning model 1 was comprised of all the features except final performance, m-learning

model 2 was like m-learning model 1 but without module performance 3 (MP3) feature.

Similarly, m-learning model 3 was like m-learning model 2 without the module perfor-

mance 2 (MP2) feature. Lastly, m-learning model 4 was similar to m-learning model

3 but without module performance 1 (MP1) feature. M-learners were classified using

these four models, and subsequently, the models achieved an accuracy of 90.77, 87.69,

83.85, and 80.00 percent, respectively. We observed that as modules’ performance

scores are removed from the independent features dataset, the models’ accuracy is de-

creased. This experiment revealed that module performance scores are vital in predict-

ing the final performance score. Moreover, using the Random Forest ensemble method,

we determined the weights of all independent features. The feature weights indicate

how important each feature is in contributing to the learner’s final performance. Using

the eli5 Python library, an experiment was conducted to determine the most important

features when module performance score features (MP1, MP2, MP3) are ignored. The

results revealed that Average Study Time (AST), Number of Times Attempted Quiz

(NTAQ), and Number of Problems Posted (NPP) features become important features in

predicting the final performance score when module performance features (MP1, MP2,

MP3) are ignored. The feature weights and importance results helped in making the

m-learning model adaptive and learners oriented. Based on the m-learning model, a

learnit app was developed and tested to know how much adaptiveness in the learning

process helps learners increase their study performance.

In the last stage of our research, an early intervention experiment was carried out

on those learners who achieved D and F grades in their final performance. The early

intervention experiment aimed to reveal whether early interference or intervention dur-

ing the learning process improves study performance. M-learners were divided into

two groups, namely the control group and the experimental group. The control group

comprised 212 learners and was independent of the intervention, and received normal

learning content. Experimental groups included 213 learners and received adaptive con-
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tent, guidance, help, and support during their learning process. Moreover, two types of

triggers (messages), namely adaptive and motivational triggers, were presented to ex-

perimental groups participants on their mobile devices. The purpose of adaptive triggers

was to increase study performance and provide adaptive learning content to m-learners,

whereas the purpose of motivational triggers was to encourage/motivate m-learners to-

wards improving their learning performance. The early intervention experiment re-

vealed that experimental group performance increased by 12.30 percent compared to

the control group. The early intervention experiment showed that pro-active or early

measures could increase learners’ learning output.

Lastly, the End-User Computing Satisfaction (EUCS) model was used to elicit m-

learners satisfaction towards using the learnit application. An online survey was con-

ducted on 213 experimental group participants, and six dimensions of learnit applica-

tion, namely usefulness, ease-of-use, timeliness, engaging, adaptiveness, and attitude

of learners towards using learnit application, were measured. The survey questionnaire

consisted of 12 questions covering the six dimensions of the learnit application. The

mean satisfaction score was greater than 4 for all dimensions, which concluded that the

m-learners showed their satisfaction towards using the learnit application.

In the future, we would like to test the m-learning model on a larger scale and in-

tegrate it with the Learning Management System (LMS). By doing so, the m-learning

model will help us in making LMS an adaptive and more user-friendly system. One

of the disadvantages of traditional LMS systems is that they are based on a one-size-

fits-all approach where all learners are treated equally, not considering individual weak-

nesses, strengths, preferences, and personalized learning behavior. By integrating the

m-learning model with LMS, we might make the learning process self-paced and adap-

tive. Moreover, we would also like to improve approaches presented in this research

study by combining other deep neural network algorithms such as Recurrent Neural

Network (RNN), Deep Autoencoders, Self-Organizing Maps (SOMs), and Long Short-

Term Memory (LSTM) with the proposed m-learning model.
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