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Abstract

Abstract

Recommender systems have been widely used in various domains, including e-
commerce, social media, and entertainment. In recent times, the education domain has
also witnessed significant attention towards the use of recommender systems because
personalized recommendations based on behavior patterns and preferences can enhance

students' learning experience.

This research focuses on developing a recommender system for education using the
publicly available EdNet dataset comprising over 8 million student interactions with
online learning platforms. The approach involved several steps, starting with analysing
of student behavior patterns. Subsequently, students were divided into groups based on
their performance as, the top performers, average and low performing. This was done
by analysing the time taken to attempt all questions and how many questions they got
right. However, processing the massive dataset with many users and interactions was
challenging. To address this, a Min-Max scaler was utilized to scale the dataset, and
principal component analysis (PCA) was applied to reduce the dimensionality of the

data.

The K-Means algorithm was employed to identify distinct clusters within the student
population, based on their academic trajectories, with the aim of grouping together
students who exhibited similar study paths. Initially, 50 clusters were utilized, resulting
in a sum of squared errors (SSE) score of 6.74, which closely approached the ideal
value. Subsequently, the optimal number of clusters was determined through the
implementation of an elbow plot, resulting in the selection of 90 clusters, which
effectively facilitated the grouping of students into cohorts based on shared
characteristics. Additionally, a K-Nearest Neighbour (KNN) machine learning
algorithm, in conjunction with a cosine matrix, was employed to construct a
recommender system using the clusters derived from the K-Means algorithm. To
validate the recommender system, students’ path was tested by inputting different user
and assessing the path provided. Specifically, the system takes the input of a user ID
for whom recommendations are sought and provides a list of the top 6 performing users
whose learning paths match that of the input user. This yielded an SSE score of 3.15,
which closely approximated the ideal scenario. As a result, tailored study paths were

devised for each cohort.
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Abstract

In conclusion, a recommender system has been developed that utilizes the KNN
algorithm to generate recommendations for students based on their learning trajectories.
The recommender system suggested in this study could be used by educational
platforms to recommend personalized content to students based on their learning history
and behaviour. This could result in a more engaging and effective learning experience

for students at universities and colleges.
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Chapter 1 Introduction

Chapter 1: Introduction

This chapter briefly describes the motivation behind selecting and exploring the
problem of recommender systems, their different types, and the rise and acceptance of
online recommendation systems. It also summarizes the core problem, which is positive

or negative recommendations, its effect on online industries and its importance.

1.1 Recommender Systems

Recommender systems are algorithms that present users with appropriate items (which
movies to watch, text to read, products to buy or anything else depending on industries).
During the previous few decades, recommender systems have become more prevalent
due to the growth of websites like YouTube, Amazon, Netflix, and many more. In some
businesses, recommender systems are crucial because, when used well, they can
generate significant revenue or serve as a means of differentiating oneself from rivals.
For example, we can use the fact that a few years ago, Netflix organized a competition
(dubbed the "Netflix prize") to create a recommender system that outperformed its
algorithm as evidence of the significance of recommender systems. The winner received
a prize of $1 million. As a result, Recommender systems are becoming a necessary part
of our daily online activities, whether in e-commerce (suggest to buyers articles that
may interest them) or online advertising (suggest to users the proper content, matching

their tastes) or finding the relevant entertainment videos/audios.

The collaborative and content-based paradigms are the two primary paradigms of
recommender systems. The many forms of collaborative filtering, including user-user,
item-item, matrix factorization, and content-based filtering approaches, will then be
discussed in the following sections, along with how they operate. Lastly, the evaluation

of a recommender system.

1.2 Categories of Recommender Systems (RS)

The objective of a recommender system is to provide personalized recommendations to
users. Two main categories of techniques, collaborative filtering and content-based
methods, are commonly employed to achieve this objective. A brief overview of these
two primary paradigms will be presented before delving into the details of specific

algorithms.
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Chapter 1 Introduction
1.2.1 Collaborative filtering methods
To generate new recommendations, collaborative techniques for recommender systems

rely only on the historical interactions between users and things that have been recorded.

The so-called "user-item interactions matrix" contains these interactions.

EEBE B
L ]
"
A . A ,= User-item
interactions
S 8| mev
LR
L ]
-
Users User-item interactions matrix tems
suscribers rating glven by a user to a movie (integer) movies
readers time spant by a reader on an article (float) articlas
buyers product clicked or not when suggested (boolean) products

Figure 1: Collaborative filtering method

The fundamental tenet of collaborative approaches is that prior interactions between
users and items are sufficient to identify similar users or items and to provide

predictions based on these estimated proximities.

The two sub-categories of collaborative filtering algorithms are commonly referred to
as memory-based and model-based techniques. Memory-based techniques are primarily
based on nearest neighbours’ searches and work directly with values of recorded
encounters, assuming there is no model (for example, find the neighbouring users from
a user of interest and suggest the most popular items among these neighbours). Model-
based techniques assume that a "generative" model underlies the user-item interactions

and seeks to identify them to develop new predictions.

Page | 15



Chapter 1 Introduction

E E E - E Mo Model
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®
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recommendations are dona following
the model Informaticon

Figure 2 : Overview of Collaborative filtering methods

The real benefit of collaborative techniques is that they may be applied in various
circumstances because they do not need to know anything about the users or the
products. Additionally, fresh interactions recorded over time add new information and
increase the system's effectiveness for a fixed set of users and goods. The more users

engage with items, the more accurate new recommendations become.

Collaborative filtering, however, suffers from the "cold start problem" because it only
considers past interactions when making recommendations, and it illustrates that it is
impossible to recommend anything to new users or a novel item to any users, and many
users or items have too few interactions to handle effectively. This problem can be
solved in a variety of ways, such as by recommending random items to new users or
new items to new users (random strategy), widespread items to new users or new items
to most active users (maximum anticipation approach), a set of different items to
different users (exploratory strategy), or, finally, by using a non-collaborative method

for the early stages of the user's or the item's life.

1.2.1.1 Memory-based collaborative methods

The main distinctions between user-user and item-item techniques lie in their utilization
of data from the user-item interaction matrix and their reliance on model-based
assumptions when generating recommendations. User-user filtering involves
recommending items based on the preferences of similar users, while item-item filtering
recommends items based on their similarity to items that the user has liked or interacted
with. Both approaches do not make any model-based assumptions and solely rely on

historical user-item interaction data for generating recommendations.
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The user-user technique attempts to generally find users with the most alike
"interactions profile" (nearest neighbours) to suggest goods that are the most well-liked
amongst these neighbours (and that are "new" to our user). As it represents users based
on their interactions with products and assesses distances between users, this method is

regarded as "user-centred."

In the process of generating recommendations for a specific user, the user can be
represented as a row or a vector in the interaction matrix, capturing their interactions
with other items. Subsequently, a "similarity" score can be calculated between the target
user and all other users in the system. This similarity score serves as a measure of
resemblance or affinity between the preferences or behaviors of the target user and other
users. Various techniques such as cosine similarity, Pearson correlation, or Jaccard
similarity, among others, can be employed to compute this similarity score. The
similarity score is used to identify users with similar interests or preferences, and serves
as a basis for generating recommendations for the target user. Users with similar
interactions on the same items will be considered close according to the chosen
similarity metric. Once the similarity to each user has been computed, the k-nearest-
neighbours to the target user can be identified. Then, the most well-liked items among
these neighbours, which the target user has not yet interacted with, can be

recommended.

When calculating user similarity, the number of "common interactions" (the number of
items both users have considered) should be considered. It is essential to prevent a
situation where a user with 100 interactions in common with the reference user is
considered "closer" to the reference user than another user with 98% agreement on those
interactions. Therefore, they are considered similar when two users have engaged with
several everyday objects similarly, such as by rating them similarly or spending a

comparable amount of time interacting with them.
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Figure 3: Illlustration of User-User recommendations method

The concept behind the item-item method is to locate things comparable to those the
user has already "positively" interacted with to offer a new recommendation to them.
When most users who have interacted with two objects did so in a similar manner, it is
when two items are said to be comparable. This approach is "item-centred" since it
represents items based on user interactions and assesses distances between those

objects.

When recommending items to a specific user, the item the user has liked the most is
considered the first consideration. This item, along with all other items, is represented
by its vector of interactions with each user, which can be represented as "its column" in
the interaction matrix. Next, the degree of similarity between the "best item" and all
other items is calculated. The k-nearest-neighbours to the chosen "best item" that is new
to the user of interest are then identified and suggested to the user after similarities have
been calculated. This process can also be repeated for other items the user has liked to
obtain more relevant recommendations. In this scenario, items similar to multiple of the

user's favourite products can be suggested.
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Figure 4 : lllustration of Item-Item recommendations method

The user-user approach aims to find users who have had similar interactions with
products. As most users only interact with a limited number of items, this approach is
highly sensitive to recorded interactions, resulting in high variance. However, as the
final recommendations are primarily based on interactions observed between users who

are similar to the user of interest, the results are more personalized and have lower bias.

In contrast to the user-user technique, the item-item technique in collaborative filtering
aims to identify items that exhibit similar interaction patterns with users. The
neighborhood search in the item-item approach is less sensitive to single interactions,
as items generally have a higher number of interactions from many users, resulting in
lower variance. However, as a trade-off, this approach incorporates interactions from
all types of users, even those who may have dissimilar preferences compared to the

reference user, which can make the recommendations less individualized and more

biased.

As a result, while the item-item technique may be more resilient in generating
recommendations due to its reliance on a larger pool of interactions, it may also be less
personalized compared to the user-user approach. The item-item approach takes into
consideration interactions from diverse users, including those who may have
significantly different preferences from the target user, resulting in a less individualized
recommendation approach. Nonetheless, the item-item technique can still be a valuable
approach in certain scenarios, offering robustness and effectiveness in generating

recommendations for users.
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Figure 5: Difference between User-User & Item-Item

1.2.1.2 Model-based collaborative methods

Model-based collaborative techniques in recommender systems solely focus on user-
item interactions and assume a latent model that captures these interactions. One
example of such techniques is matrix factorization, which involves breaking down the
large and sparse user-item interaction matrix into smaller and denser matrices. This
results in a user-factor matrix that is multiplied by a factor-item matrix, which contains
item representations. The goal of this approach is to capture underlying patterns and
relationships between users and items, and use them to generate recommendations.
Matrix factorization and other model-based collaborative techniques leverage
mathematical models to infer latent factors or representations from the interaction data,
and then use these learned representations to make recommendations to users. These
approaches can be effective in handling large datasets and dealing with sparsity in user-
item interactions, but they do require assumptions about the underlying latent model
and may not always capture all nuances of user preferences and item characteristics.
Nonetheless, they are widely used and have shown promising results in various

recommendation scenarios.

Matrix factorization is based on the assumption that a low-dimensional latent space of
features exists, which can represent both users and items and calculate the dot product

of corresponding dense vectors to determine how a user and an item interact.
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Using the example of a user-movie rating matrix, one can assume that specific
characteristics can describe and differentiate movies well, and these attributes can also
be used to describe user preferences (high values for features that the user likes, low
values for features the user does not like). However, these features do not need to be
explicitly included in the model as they can be done in content-based approaches.
Instead, the system will determine these valuable qualities and create representations of
users and items. The extracted features have mathematical significance, but they do not
have an intuitive interpretation as they are learned and not given, and thus, they are
difficult or impossible to understand for humans. However, it is common for structures
to emerge from this kind of algorithm that is remarkably like the sort of intuitive

decomposition a human being could imagine.

m
I 1

:| | latent dimensions
'
s User-item Reconstructed .
o . . . . Reconstruction
@ interactions n interactions .
= . - error matrix
IS matrix miatrix
| L |
m items m
The user-item interations matrix is ... the dot product of a user matrix and ... plus s50Mme
assumed 1o be equal 10... a transposed item matrix...

Figure 6:Overview of Matrix factorization

1.2.2 Content-based filtering methods

Content-based filtering recommender system (CBF-RS) approaches differ from
collaborative methods as they utilize additional information about users or items beyond
just user-item interactions. Content-based filtering involves making recommendations
based on keywords, attributes, or other relevant information associated with items in a
database, and matching them to a user's profile. This approach focuses on the content
characteristics of items, such as genre, keywords, actors, or directors for movies, or
genre, author, and publication date for books, in order to identify items that are similar
to a user's preferences. By analyzing the content features of items and comparing them
with a wuser's preferences, content-based filtering can generate personalized

recommendations. One advantage of content-based filtering is that it can provide
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recommendations for users with unique or specific preferences, even in scenarios where
user-item interactions may be limited or sparse. However, a limitation of content-based
filtering is that it relies heavily on the availability and quality of content information,
and may not be effective in capturing complex user preferences or serendipitous
recommendations. Nonetheless, content-based filtering is a widely used approach in
recommendation systems and has been applied in various domains, including movies,
music, books, and news articles, among others. The user profile is created based on data
derived from a user's actions, such as purchases, ratings, downloads, items searched for

on a website, and clicks on product links.

For instance, in the case of recommending accessories to a user who has just purchased
a smartphone on a website and has previously bought smartphone accessories, the user
profile would contain keywords such as the smartphone manufacturer, make, and
model. Additionally, it would indicate that the user has previously bought phone holders
with sleeves for credit cards. Based on this information, the recommender system may
suggest similar phone holders for the new phone with added features such as an RFID-
blocking fabric layer to help prevent unauthorized credit card scanning. In this scenario,
the user would expect recommendations for similar phone holders, but the RFID

blocking feature would be an unexpected yet valuable recommendation.

EEE-B

user feature 1

[} user feature 2

- .

] - user featura n

A

3 User-item

interactions

: matrix
item feature 1

e item feature 2

[

- itermn featura m

Collaborative information Content information Model
(The user-item interactions matrix) Can be users or/and Takes user or/and items features

iterns features and returns predicted interactions
Figure 7: Overview of content-based methods

Compared to collaborative approaches, content-based solutions are far less susceptible
to the cold start issue since new individuals or things may be described by their qualities

(content), allowing for the creation of pertinent ideas for these new entities. This
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disadvantage will presumably only affect new users or products with previously
undiscovered features, but once the system is well-trained, this has little to no

probability of occurring.

1.2.2.1 The content-based recommender system concept

In content-based techniques, the recommendation problem can be approached as a
classification or regression problem. In the classification approach, the task is to predict
whether a user will "like" or "dislike" an item, while in the regression approach, the task
is to predict the rating that a user will give to an item. In both cases, a model is
constructed based on the available features of users or items, often referred to as the

"content" in content-based techniques.

The classification approach involves training a model to classify items as liked or
disliked by a user, based on the features or content associated with those items. For
example, in a movie recommendation system, the features could include genre, actors,
directors, or keywords, and the model would be trained to predict whether a user would
like or dislike a movie based on these features. Similarly, in the regression approach,
the model is trained to predict the rating that a user would give to an item, based on the

content features of that item.

The content features used in content-based techniques are typically extracted from item
metadata, such as textual descriptions, keywords, or other relevant attributes. These
features are used to represent the content characteristics of items and are utilized to
make recommendations based on their similarity to a user's preferences. Content-based
techniques are particularly useful in scenarios where explicit user-item interaction data
is limited or unavailable, and can provide recommendations based on the inherent
content properties of items. However, like any approach, content-based techniques also
have limitations, such as the reliance on the quality and availability of content
information, and the potential for limited coverage of diverse user preferences.
Nonetheless, content-based techniques have been widely used in recommendation
systems and have demonstrated effectiveness in various domains, including movies,

music, books, and news articles, among others.

A method is item-centred if the classification or regression is focused on user features.

In this case, modelling, optimization, and calculations are performed "per item." To
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answer the question "What is the chance for each user to like this item?" (or for
regression, "What is the rating given by each user to this item?"), one model is created

and learned per item based on user features.

In an item-centred approach, since many people have interacted with each item, the
model associated with each item is trained on data pertaining to that item. Therefore,
these models tend to be relatively robust. However, even though each user's interactions
are considered when building the model, as users may have diverse preferences despite
sharing some characteristics or features, the method is less individualized and more

biased than the user-centred method.

On the other hand, the approach is user-centred when dealing with item features because
modelling, optimization, and computations are all carried out "per user." Using the
attributes of the objects, a single model is trained for each user to determine the
likelihood that the user will find each item appealing (or for regression, "What is the
rating this user has assigned to each item?"). The model created is more individualized
than its item-centred counterpart because it only considers interactions from the
considered user. However, as a user often interacts with only a few items, the model

produced is less reliable than an item-centred one.
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Figure 8: Difference between Item-Centered & User-centered Content-based methods

Page | 24



Chapter 1 Introduction

1.2.2.2 Item-Centred Content-based recommender system

In the first scenario, the classification is item-centred. The objective is to train a
Bayesian classifier for each item, utilizing user attributes as inputs, with the output
being either "like" or "dislike". Finally, the task is to perform the necessary computation

to complete the classification process.

k3 v

User described by some features Bayeslan classifier for a given item Predicted class ("like"” or “dislike")
(features can ba of various kind (paramatars of tha bayesian classifier {output of the bayesian classifier mode
and define the inputs of the modeal) are spacific to the item and leamed when inputs ara the features of the user)

on past item interactions)

Figure 9: Item-Centered method

1.2.2.3 User-Centred Content-based recommender system

In the following scenario, the focus is on user-centred regression. The objective is to
train a straightforward linear regression for each user, utilizing item attributes as inputs,

with the output being the item's rating.

k%

Item deseribed by some features Linear regression for a given user Predicted rating
{featuras can be of various kind (parameters of the linear regression {output of the linear regression model
and define the inputs of the model) are speacific to the user and |eamed whan inputs are the features of the item)

of past usar interactions)

Figure 10: User-Centered method
1.3 Models bias & Variances differences

In collaborative approaches that rely on a memory-based algorithm, The algorithms
directly interact with user-item interactions; for instance, users are represented by their
interactions with things, and suggestions are generated using the closest neighbour
search on these representations. Therefore, though they have a high variance, these

approaches presumably have a low bias.

Page | 25



Chapter 1 Introduction

Using the representation of users and the objects, the model used in model-based
collaborative approaches is trained to reconstruct the values of user-item interactions.
Then, new proposals might be made using this model as a guide. However, the model's
latent representations of people and items have a mathematical meaning that can be
challenging for humans to comprehend. Therefore, this method potentially has a more
significant bias but a lower variance than other methods due to the assumption of a

(free) model for user-item interactions.

In content-based techniques, the model is furnished with content that delineates the
representation of users or items. For instance, users are depicted by specific features,
and the model endeavors to discern the type of user profile that exhibits a preference or
aversion towards a particular item. Similar to model-based collaborative techniques, an
implicit assumption is made about the user-item interaction model. However, due to the
predefined representations of users or items, the model operates under more constraints,

resulting in higher bias but lower variance.

Content-based techniques rely on the content features of users or items, such as their
attributes, characteristics, or metadata, to establish user profiles or item representations.
These features are employed to define the preferences or interests of users, or the
inherent properties of items. The model then utilizes these predefined representations
to make recommendations based on the similarity between user profiles and item

representations.

As a consequence of the predetermined representations, content-based techniques tend
to exhibit higher bias, as the model is constrained by the provided content features.
However, this also leads to lower variance, as the model's predictions are less influenced

by idiosyncrasies of the user-item interaction data..
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Figure 11: Summary of differences between recommender systems

1.3.1 Evaluation of Recommender Systems(RS)

In order to determine the most appropriate machine learning algorithm for our specific
circumstances, it is necessary to assess the performance of our recommender systems.
This evaluation can be categorized into two main approaches: one that is based on
clearly specified metrics and the other that primarily relies on user feedback and
satisfaction estimation. In the realm of recommender systems, these two types of
evaluation methods are commonly used to assess the effectiveness of the algorithms

employed:

e Metric evaluations
e Human evaluations

1.3.1.1 Metric-based Recommender Systems Evaluation

The quality of outputs generated by these techniques can be evaluated conventionally
using measurement metrics by “mean square error” or “sum of squared errors (SSE)” if
the recommender system is based on a model that generates numerical values as rating
predictions or matching probabilities. A model is evaluated on the interactions not used

for training, which are a portion of the available interactions.

1.3.1.2 Human-based Recommender Systems Evaluation

In addition to models that provide accurate recommendations, other desirable
characteristics can be considered when constructing a recommender system, such as
diversity and explainability of recommendations. However, as the collaborative aspect

suggests, it is essential to avoid trapping users in an "information confinement region."
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The term "serendipity” is often used to describe a model's ability to produce diverse
recommendations, and a way to measure this can be to assess the distance between

suggested items.

Another critical factor in the success of recommendation algorithms is explainability. It
has been demonstrated that users lose trust in the recommender system if they do not
understand why a particular item was recommended. Therefore, if we create an easily
understandable model, we may provide a brief justification for a recommendation (e.g.,
"you liked this item, you may be fascinated by this one," or "those who liked this item

also liked this one").

1.4 The motivation for the study

This research aims to enhance the effectiveness of digital learning, assessments, and
provide recommendations for students to review their weaker subject areas before
taking final exams. Despite being the 5th most populous nation, Pakistan falls behind
developed nations in terms of Al technology. To remain competitive, it is crucial for
our country to make swift improvements to our educational system in order to reach a
higher standard. The motivation behind choosing this topic is to ensure equal access to
online education which has become the norm globally. It is firmly believed that now is
the time to improve, advance, and secure digital learning systems. By making it more
efficient, individuals will have the opportunity to enroll in desired institutions, acquire
new skills and connect with reputable educators and researchers, ultimately benefiting

them in the long run.

1.5 Research Questions

Following are the few vital questions for this research project

¢ How can online education be made more efficient and effective?

e How can interactions of students over time be identified?

e How can the gap between developed and developing countries in terms of Al
technology be bridged in the field of education?

e How can personalized learning experiences be provided to students through the
use of AI?

e How can a recommendation system be developed to function as a personalized
Al-based education system?

e Will this system replace or integrate with existing education systems?

e How can the existing education system be enhanced or transformed to keep pace
with the rapidly changing technological landscape?
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1.6 Research Objectives

The research objectives are as follows:

e Analyzing the student’s-based dataset and establishing the different pre-
processing approaches to categorize the correction of interactions

e Data is passed through machine learning and Al-based models to classify
consumers.

e Evaluation of machine learning algorithm through metric-based evaluation

e Developing a recommender system

The first target was achieved by performing an in-depth examination of the data using
the most effective data analytics tools and techniques (data preprocessing). The
secondary goal was achieved by applying and discussing the essential aspects of

recommender system modelling based on the results of machine learning techniques.

1.7 Structure of thesis

Chapter 1 introduces recommender systems, including their types and a general
overview. Chapter 2 conducts a literature review of recommender systems and their
types, subtypes, and limitations. Chapter 3 outlines the project's methodology, including
gathering data, data preprocessing, and developing a model. Chapter 4 presents the
results of the steps performed in Chapter 3 methodology. Finally, Chapter 5 concludes

the project with a summary of the findings and potential future research areas.
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Chapter 2: Literature Review

This chapter will examine contributions made by other recommender systems
researchers by offering an overview of their work. It begins with a brief history of
recommender systems, followed by some examples from other businesses, before

narrowing it down to recommendations.

2.1 Artificial Intelligence-Education Related Work

The 21st century is often regarded as an era of artificial intelligence and technology.
Technology today plays a crucial role in every facet of life; thus, this research will focus
on how technological advancement can help online education worldwide. As COVID-
19 is the new standard, online education plays a vital role in our world to educate
everyone. There are millions of sources which offer online education, but each has its

flaws.

In recent years, breakthroughs have been made in artificial intelligence technology,
which has brought about changes in people's lives. However, in all facets of life,
emerging innovations evolve quickly. For example, artificial intelligence and education

came into being, and education has been constantly reshaped in its form.

These reference papers [1] [2] present the connotations, features and critical
technologies of applications for artificial intelligence education based on the current

situation of the application of artificial intelligence in education in China,

To sort out and reflect on the advanced strategies of applications for artificial
intelligence education in the intelligent era, to provide development [3] [4] Knowledge
tracing, the long-standing challenge of Artificial Intelligence in Education (AIEd)., is
the job of modelling the knowledge state of a student through their learning experiences

over time.

Since knowledge of a student's knowledge state is a critical step for many issues of
interest, including the recommendation of the learning path, prediction of scores and
drop-out prediction, knowledge tracing is considered one of AIEd's most fundamental
problems. Data-driven models that understand the dynamic nature of student behaviours
from interaction data have become a famous formula for knowledge tracing, with

advances in data science and the increasing availability of Interactive Educational
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Systems (IESs) [5][6][7] [8] [9]. Although several datasets, such as ASSISTments [10]
[11], Junyi Academy [12] [13], Synthetic [14] and STATICS [11], are available to the
public and widely used by AIEd researchers, they are not large enough to leverage the
full potential of data-driven models. Furthermore, the data they collect is limited to

question-solving activities.

2.2 Recommender Systems Related Work

In theory, the proliferation of digital content should offer greater opportunities for users
to discover content that aligns with their individual needs. However, traditional
information systems users may still face challenges with information overload, as only
a small fraction of the vast amount of available content is likely to be relevant to their

specific interests, as supported by previous research [15].

According to research findings, students often experience information overload when
confronted with a vast array of options to select from when making course selections
[16]. Information overload is a phenomenon that occurs when individuals are exposed
to an overwhelming amount of information that exceeds their cognitive processing
capacity. The integration of advanced features in educational technologies has
facilitated students' access to a wide range of information resources in diverse formats,
resulting in a more complex and potentially productive information environment.
However, this proliferation of information has also imposed a burden of information
overload on students, as evidenced by previous studies [17]. In today's digital era, there
has been a rapid surge in the amount of course-related information that is readily
accessible to students [18].The process of sourcing this information from numerous
websites is arduous and time-consuming. An effective search for relevant course-related
information should encompass details on the course content, educational institution, as
well as career prospects pertaining to the particular course subject. Therefore, assisting
students in selecting from a wide range of available courses that best suit their

requirements poses a significant challenge [19].

In view of the abundance of information available, it is crucial for students to engage in
comprehensive search, organization, and utilization of resources to align their
individual goals, interests, and current level of knowledge with their course selections.

This approach ensures that students are able to make informed decisions and optimize
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their learning experience by selecting courses that are most relevant to their needs and

aspirations.

The process of selecting suitable courses can be time-consuming for students, as it
involves navigating multiple platforms, searching for available courses, thoroughly
reviewing each course syllabus, and then making an informed decision. The abundance
of information available has highlighted the need for guidance to assist students in
selecting, organizing, and effectively utilizing resources that align with their objectives,
interests, and current knowledge. Bendakir and Aimeur [22] have identified two major
challenges faced by students in pursuing education: the vast array of courses to choose

from and a lack of clarity regarding the optimal course sequence to follow.

The process of selecting a course can be arduous and intricate. Online resources have
facilitated quick access to information about universities and their courses [23].
However, the sheer availability of course information on university websites does not
guarantee that students possess the cognitive capacity to effectively evaluate all the
available options [24]. Instead, they often encounter the challenge of "information
overload" [25], where the abundance of information overwhelms their ability to process

and make informed decisions.

Information retrieval systems have evolved to incorporate artificial intelligence
techniques that were initially developed in research. Among these, recommender
systems (RS) have emerged as a promising approach to information filtering, aiding
users in identifying the most relevant items [27]. Although there are several online
systems that allow users to search for and locate courses, none of them provide
personalized recommendations that offer comprehensive information on specifically

relevant courses.

This research is motivated by the need to address the issue of information overload for
users during the process of selecting a university course. The abundance of education
information available on the internet in various formats poses a significant challenge in
extracting relevant information that aligns with users' search queries [28]. Furthermore,
the heterogeneity of course information and individual user needs further complicates
the decision-making process. A promising approach to addressing this heterogeneity is

through the measurement of the ontology hierarchy structure of item concepts [29].
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Furthermore, providing comprehensive information about a satisfactory course option
that aligns with a user's preferences presents another challenge. The variation in
individual tastes and preferences can significantly impact their satisfaction levels. For
instance, when searching for a university course degree, a user must gather relevant
information not only about the course subject content but also the university's
reputation, facilities provided, career prospects, and more. As such, establishing a
comprehensive framework that can extract and integrate information from diverse

sources and align this data in a unified form is a key motivation for this research.

Recommender systems have emerged as a promising approach for information filtering,
offering assistance to users in identifying the most suitable items [31]. Through the
analysis of individual user needs, these systems generate specific recommendations that
are tailored to their preferences [32]. These systems have found successful
implementation in diverse domains, ranging from e-commerce, news, movies, music,
research papers, to course materials. In the field of education, recommender systems
have been utilized for various purposes, including e-learning applications, academic
advice, and course material recommendations. Currently, there are several online
systems available for finding and searching for courses, which utilize different tools,
such as the incorporation of users' prior knowledge of courses [33], keyword-based
queries, collaborative filtering (CF) [34], data mining and association rules [33], and
content-based filtering (CBF) models [35]. Despite the strengths of existing course

recommendation systems, they also have certain significant limitations, including:

One limitation of current course recommendation systems is that models based
primarily on keywords may not effectively address the specific needs and preferences

of individual users during the recommendation process.

Another limitation of current course recommendation systems is that although some
models utilize collaborative filtering techniques such as association rules and decision
trees algorithms, the lack of historical data can make it challenging to generate accurate
recommendations. This is particularly true for new students who may not have sufficient

information available to the system to generate personalized recommendations.

Content-based filtering models usually focus on recommending items based on similar

attributes, such as course subject or syllabus, without taking into account other factors
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such as user feedback or preferences. The similarity calculation is usually based on
features such as keywords, topics, or course attributes, which are then weighted and
averaged to determine the similarity score. However, these models do not consider the
user's interaction with the deployed system, such as their feedback or ratings of
previously recommended items. This can result in recommendations that are not tailored

to the user's individual needs and preferences.

One notable limitation of existing course recommendation systems is their inability to
furnish students with extensive insights regarding the most suitable course offerings.
For instance, students need to be informed about the potential career paths associated
with a particular course and require pertinent details about the facilities offered by the
educational institution providing the course. The current models fail to account for these
essential aspects, thus highlighting a critical gap in the current state-of-the-art. As such,
there is a need to develop a more comprehensive framework that can provide students
with a holistic understanding of the course offerings and their corresponding career

prospects.

In order to assist students in selecting an appropriate course, it is important to categorize
their needs and areas of interestOne potential solution to overcome the limitation of
historical data availability is by developing methods that integrate data from multiple
heterogeneous sources. This would allow for the rapid extraction of valuable course-
related information, encompassing various aspects such as course content, university
reputation, facilities, and career prospects. By integrating data from diverse sources, the
recommendation system can enhance its ability to provide comprehensive and relevant
recommendations to users, even when historical data is limited or unavailable. By doing
so, students can be provided with comprehensive and personalized recommendations
that take into account their specific needs and interests. Such an approach would help
to address the limitations of current models, which often fail to provide students with a
comprehensive understanding of the most relevant courses and their potential career

paths [23].

The aforementioned concerns have instigated the development of a novel approach that
intends to tackle the challenge of information overload and obtain an extensive
comprehension of recommended items. Nonetheless, before implementing this

approach, two research problems need to be addressed. Firstly, the integration of all
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existing information concerning courses, which includes course sections, job
projections, and user interests, and establishing a connection between these related
pieces of data. Secondly, recommending the most pertinent courses to fulfill the

individual requirements of users using the integrated information.

2.3 Recommender Systems as Solution

Recommender systems, also referred to as RS, are software programs that utilize diverse
information, such as items, users, and their interactions, to predict user preferences and
recommend items accordingly. The quality of recommendations generated by RS can
be influenced by various factors, which may vary depending on the application domain
and can significantly impact the system's performance. Martinez and Lhadj [36] have
identified several key factors that play a crucial role in determining the quality of
recommendations in a recommender system. A summary of these factors can be found

in Table 1.

Factor Description

User Aspect [t is important to consider all essential characteristics of users,

including their background, demographics, and language

Personal Aspect [The personal factor comprises several key aspects, including user|
behavior, their willingness to accept or discard recommendations,
level of awareness, present mood, inspiration, confidence, perception,
honesty, privacy concerns, awareness of other available possibilities,
bookmarked preferences, individual requirements, and collaboration|

weight

RecommendationThese aspects include but are not limited to the quality, reliability,
Aspect quantifiability, and weight of the suggestion, as well as its reliability,
classification, and date with time. Additionally, it is recommended to
provide an explanation about why a specific resource is being

suggested and who the contributors are
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Resource Aspect [[n order to improve the quality of recommendations made by a
system, several factors related to the content of items can be
considered. These include the use of a thesaurus or taxonomy to|
categorize items, as well as the inclusion of tags, keywords, scores,
assessments, synopsis, contributors, date, and number of divisions.
By incorporating such information, the system can better understand|

the characteristics of each item and how it relates to user preferences.

System Aspect [This factor includes approachability, serviceability, considerations,
objective, preliminary data, data analysis procedures, design, manner,
and graphical interface. The accessibility and usability of the system
are essential in ensuring that users can easily navigate and interact]

with the system
Table 1. Factors that influence the recommendation for recommender systems

The utilization of recommendation system(RS) filtering techniques is commonly
categorized into four main methods. The first approach is the content-based filtering
(CBF) method, which recommends items based on the user's previous preferences [37].
The second approach is the collaborative filtering (CF) method, which recommends
items based on the preferences of users with similar needs or interests [38]. The third
approach is knowledge-based filtering, which recommends items based on domain
knowledge that meets the users' needs and preferences [39]. Finally, a hybrid
recommendation system approach combines two or more recommendation methods to
overcome the limitations of each approach [40] [41] [24]. The following subsections
provide a description of these techniques, and their respective advantages and

shortcomings are examined.

2.4 Types of Recommender Systems

Recommender systems are classified into several types, and their limitations are

discussed below:
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2.4.1 Collaborative filtering system Recommender System (CFS-RS)

Collaborative filtering is a widely utilized technique in recommender systems that is
proposed to adopt the issue of information overload. The approach is based on the idea
of aiding users in making decisions by relying on the thoughts of other individuals who
share similar concerns. As such, the technique requires a large user community to gather

and analyze vast amounts of data concerning user behavior and characteristics.

The cold start problem is a well-known challenge faced by collaborative filtering
systems in situations where there is inadequate data available regarding a particular
user's preferences [43]. To address this issue, the system may provide the top-rated item

as a recommendation.

Collaborative filtering system recommender system (cfs-rs) is a widely recognized and
extensively implemented technique in recommender systems. The technique has gained
immense popularity since 1990, leading to the development of numerous recommender
systems based on collaborative filtering in academia and business. The applications of
these systems are vast and varied, and include suggesting courses, books, web pages,

and more [44]; [45]; [46]; [47]; [48]

According to previous researchers, There exist multiple collaborative filtering RS
algorithms that can be utilized to produce recommendations. However, it is worth
noting that collaborative filtering algorithms are typically classified into two main
categories, namely memory-based and model-based approaches, as identified by

previous researchers [49].

2.4.1.1 Memory-based

Memory-based collaborative filtering RS relies on user-item ranking data to evaluate
the relationship between wusers or items, which is then used to generate
recommendations [50]. This approach is widely employed in commercial systems due
to its flexibility in accommodating different types of products. However, a limitation of
memory-based collaborative filtering is that the similarity metric is solely based on
rating data and does not take into account the underlying reasons behind the ratings,

such as the factors that contribute to a good or bad rating.

Page | 37



Chapter 2 Literature Review

As aresult, it is feasible for two users to express liking for the same item but for different
reasons. In this thesis, Chapter 3 presents a novel approach that incorporates this
additional dimension into the recommender system. The commonly used memory-
based method, known as the neighbors' method, is categorized into two types: user-
based and item-based. In the user-based method, recommendations are calculated based
on the similarity between users in their consumption patterns. Specifically, the
preferences of similar users and neighbors are considered when generating

recommendations for a target user [51].

In the process of forming neighbors, it is essential to compute the similarity between
the target user and all other users. There are several algorithms available for measuring
user similarities, including Pearson's correlation [36] and cosine-based approach. These
algorithms are commonly used in memory-based collaborative filtering to quantify the

similarity between users and facilitate the generation of recommendations [52].

2.4.1.2 Model-based

Model-based collaborative filtering(MB-CF), on the other hand, utilizes the user-item
ranking information to construct a predictive machine learning(ML) model, which is
then utilized to make recommendations for unrated items. Developing a model involves
utilizing various statistical and machine-learning algorithms [53]. These methods are
often inspired by machine learning techniques such as Bayesian networks, artificial
neural networks [54], and latent factor models. These models enable the system to
capture underlying patterns and correlations within the data, allowing for accurate
prediction of user preferences and generation of recommendations for items that have

not been rated by the user [55].

2.4.1.3 Cold Start Problem

One challenge faced by these procedures is the "cold start problem" [56], which arises
when there is insufficient data available for a new user. The cold start dilemma occurs
when the recommender system(RS) lacks adequate information to make accurate
predictions or recommendations for users or items that do not have enough data. This
can pose a limitation, as the system may struggle to provide relevant recommendations
for newfound users or items until sufficient data is collected to make meaningful

assumptions and predictions.
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For example, when a user(s) visits a particular recommender system(RS) for the first
time, none of the items in the system would have been rated by that user. As a result,
the recommender system lacks information about the user's preferences and dislikes.
Similarly, the same issue arises when a new item is added to the system, as there may
be little or no data available on the item's ratings or user preferences. This "cold start"
scenario can pose a challenge for the recommender system in accurately generating
recommendations until sufficient data is collected to make informed predictions for new

users or items.

As no ratings or preferences are available for a newly added item, the recommender
system lacks the information to determine its similarity with other items. Consequently,
the system is unable to generate recommendations for the element until a sufficient
amount of users have rated it. However, one of the strengths of collaborative filtering
is that it does not depend on any prior knowledge about the items in the database. The
matrix of users' ratings serves as the primary input for the collaborative filtering
algorithm, enabling it to generate recommendations solely based on user-item
interactions and preferences. This ability to operate without prior knowledge about the
items makes collaborative filtering a versatile approach for generating

recommendations in various domains.

2.4.2 Content-Based filtering Recommender System(CBF-RS)

Content-Based filtering Recommender System(CBF-RS) is a conventional approach
employed to address information overload challenges [57]. This method recommends
items to users based on the characteristics or features of items that have been previously
evaluated by the user. However, one limitation of content-based filtering is its tendency
towards over-specialization, as it may not be able to recommend unexpected or novel
items to users. This means that users may only receive recommendations for items that
are similar to those they have rated in the past, potentially limiting the discovery of new
items. This challenge, commonly referred to as the serendipity problem, arises due to
the inability of content-based filtering to recommend items that deviate from the user's
known preferences or past interactions, and it can impact the system's ability to provide

diverse and novel recommendations to users.

In contrast to collaborative filtering, which relies on other users' preferences, content-

based filtering uses the characteristics of items that a user has liked or interacted with
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to generate recommendations [41]; [57]. This approach analyzes the content or features
of items that have been previously rated by the user, and identifies suitable matches
involving the user's profile and the item properties to make recommendations. One
notable advantage of content-based filtering system(CB-FS) methods is their ability to
effectively handle the new item problem, wherein recommendations are needed for
items with no user feedback. Unlike collaborative filtering algorithms, which require
user ratings or interactions for items in order to make recommendations, content-based
methods can generate recommendations for new items that do not have any user
feedback available. This makes content-based filtering an attractive option for
addressing the challenges associated with recommending new or less-rated items to

Uusers.

Moreover, content-based filtering has gained popularity in generating recommendations
for information items based on user interactions such as marking or buying specific
objects of interest [58]. The method then recommends items that are most similar to the
user's favored items. Content-based filtering relies on detailed information about the
items in the database and the user profile, which describes the user's preferences.
However, unlike collaborative filtering, content-based filtering does not require a
substantial convergence of users for generating recommendations. Instead, it leverages
the content or features of items and the user's profile to make personalized
recommendations, making it a viable option even in scenarios where user data may be

limited.
Every content-based recommender system aims to achieve the following three goals:

. to analyze the explanations and records associated with items in the
database. This involves extracting relevant features, such as
keywords, genre, or other attributes, from item descriptions or
documents to understand the content and characteristics of the items.

. to build a comprehensive profile of the user's preferences based on
their interactions with items. This profile captures the user's
preferences in terms of the content or features of items, which are
inferred from their liked or rated items.

. the user's favorite items with other items in the database based on
their content similarity. This involves measuring the similarity
between the features of the user's favorite items and the features of
other items in the database, and identifying items that are most
similar to the user's preferences
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The architecture of this recommender system was published in [58]. The authors
describe the three main components that contribute to achieving the aforementioned

goals:

. Content analyzer component of the system is responsible for
extracting structured and relevant information, typically in the form
of keywords, from texts for further processing.

. Profile learner component collects information about user interests,
such as their item selections, ratings, and feedback, utilizing machine
learning algorithms [60], and creates a user profile. This profile is
used to capture the user's preferences and interests for generating
personalized recommendations.

. Filtering component of the recommender system utilizes the user
profile to recommend relevant items by matching the user's profile
with corresponding items in the database. This process involves
using various similarity metrics, such as cosine similarity [61], to
determine the similarity between the user profile and items in the
database. Based on the similarity measures, a ranked list of items is
generated, and these items are suggested to the wuser as

recommendations.

Content-based filtering system(CB-FS) recommendation have garnered attention from
diverse domains, including data retrieval, and machine learning. For instance, early
proposals for web recommendations incorporated term-weighting models from
information retrieval. These models are utilized to represent the content or features of
items, such as keywords or attributes, in a quantitative manner. Term-weighting models
assign weights to different terms or features based on their relevance or importance to

the items, enabling the algorithm to analyze and compare items effectively [62].

Nevertheless, the existing content-based filtering approaches may not accurately model
the data. Utilizing ontologies to model the data can result in higher quality modeling
and, subsequently, more appropriate recommendations. Improved-modeled items can
capture more nuanced user(s) preferences, leading to more accurate similarities and

recommendations. By incorporating ontologies, which provide a structured
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representation of domain knowledge, content-based filtering algorithms can enhance

their modeling abilities and produce more precise recommendations [63].

Semantic web technologies(SWT) have been proposed as methods for content-based
recommendations in various domains, such as news recommendations [64], as well as
movie and music recommendations that leverage Linked Open Data. These approaches
utilize the semantic web's rich representation of data and knowledge to enhance the
recommendation process. By leveraging Linked Open Data, which is a vast collection
of interconnected and semantically annotated data, these methods can enrich the
content-based filtering approach with additional contextual information, leading to
more refined and context-aware recommendations. Such approaches demonstrate the
potential of semantic web technologies in enhancing content-based recommendation

systems [65].

Mooney and Roy [66] employed Bayesian classifiers as a technique for book
recommendations within the domain of machine learning. Similarly, Pazzani and
Billsus [67] utilized a diverse range of techniques including Bayesian classifiers,
clustering algorithm(s), decision trees algorithm(s), and artificial neural
networks(ANN) for website recommendations. These machine learning techniques
were applied to analyze user preferences and item characteristics, and to make
recommendations based on learned patterns and associations. The use of such advanced
machine learning techniques in recommendation algorithms showcases the application
of cutting-edge methodologies for improving the accuracy and effectiveness of content-

based recommendation systems.

2.4.2.1 Limitations of Content-based filtering system(CB-FS)

Content-based recommender systems(CB-RS) have numerous restrictions recognized

in the literature [68]. Among these limitations, the most relevant ones include:

* Limited content analysis limitation: Content-based recommendations(CB-RS) are
limited by the features that are clearly correlated with the items to be endorsed. For
instance, in the case of course recommendations, content-based approaches can only
rely on information such as the course title, course fee, and university name, which may

not capture the complete set of factors that influence a user's preference for a course.
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The effectiveness of content-based recommendation techniques relies heavily on the
availability of descriptive data. It is necessary to have a good set of features that can
either be automatically parsed by a computer or manually extracted with ease from the
content. However, fulfilling these requirements can be challenging in many cases. For
instance, obtaining content in a format that can be easily parsed or manually extracting
relevant features may pose difficulties, limiting the effectiveness of content-based

recommendation approaches.

Automatic feature extraction can be particularly challenging in certain domains, where
the content is not easily amenable to automated parsing. For example, multimedia
data/information, such as images, videos, and audios, pose greater difficulties in
applying automatic feature extraction methods compared to text content. Manual
assignment of features to a model may also not be practical in such cases [69]. While
recent attempts have highlighted the need for further investigation in this direction, the
challenges associated with automatic feature extraction from multimedia data remain

significant.

One recent trend observed in the field of content-based recommender systems is the
utilization of external knowledge sources, such as ontology-based ones, to enrich the
content representation. For example, the Explicit Semantic Analysis (ESA) approach,
which was introduced in [70], employs an indexing technique that incorporates content
obtained from Wikipedia articles. Additionally, there have been early efforts to integrate
content-based filtering based on ontology with techniques for knowledge infusion, as
proposed in [71]. The objective of these approaches is to enhance the content
representation by incorporating external knowledge sources, which could potentially

result in improved accuracy and relevance of recommendations.

* Content over-specialization: Content-based filtering(CB-FS) based on ontology
involves retrieving items that have high similarity scores against a specific user profile,
using the ontology as a knowledge source. However, one limitation of content-based
techniques is that they are unable to recommend items that are substantially different
from what the user has previously seen or liked. This can result in a lack of serendipity
or novelty in the recommendations, as they are solely based on the user's past

preferences and may not introduce the user to new or unexpected items.
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To address this limitation, it may be necessary to introduce an factor of arbitrariness in
the suggestions. For example, in cases where a user has no prior experience or
preference for a particular genre or type of content, such as ambient music, traditional
content-based filtering may not provide any recommendations in that category. By
incorporating randomness or serendipity into the recommendation process, users can be
exposed to new and unexpected items, even if they have not shown explicit preference
for similar content in the past. This can help broaden the scope of recommendations and
enhance the overall recommendation experience for users, enabling them to discover

new interests and expand their horizons beyond their known preferences [72].

Alternative approaches, such as the one implemented in Daily Learner [73], propose
filtering out items not only if they are too altered from the user's favorites, but also if
they are too closely related to something the user has previously watched. This approach
aims to strike a balance between novelty and relevance in recommendations. By
filtering out items that are too similar to previously viewed items, the system encourages
diversity in recommendations and prevents over-exposure to similar content. This
approach can help users discover a wider range of items while still maintaining
relevance to their preferences, and can be particularly useful in scenarios where users

seek both novelty and relevance in their recommendations.

Furthermore, in [74], a set of five severance measures is delivered to assess whether a
document viewed to be relevant contains novel knowledge. These measures assess the
extent to which the content of a document is redundant with respect to other documents
in the system. This can help identify documents that offer unique or novel information,
rather than duplicating content that has already been presented to the user. By
incorporating redundancy measures into the recommendation process, systems can
better ensure that recommended items are not only relevant but also provide valuable

and novel information to users.

* Cold start: To ensure that a content-based recommender system accurately
understands users' preferences and provides reliable recommendations, it typically
requires users to rate a sufficient number of items. This allows the system to gather
enough data on each user's preferences and behavior to generate meaningful
recommendations. Without an adequate number of ratings from users, the system may

lack the necessary information to accurately profile and understand individual
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preferences, which can result in less reliable recommendations. Therefore, user
engagement and participation in rating items are crucial for the effectiveness and

accuracy of content-based recommender systems.

The advent of Web 2 , 3 and public platforms has revolutionized the landscape of user
outlining in content-based recommender systems. With the wealth of information that
users share on social media platforms, including comments, posts, tags, and data from
social networks, it is now possible to leverage this data as a preliminary point to develop
and model user profiles incrementally. This means that instead of solely relying on users
to rate items, recommender systems can tap into the data users have already provided
on social platforms, allowing for a more comprehensive and dynamic user profiling
approach. This enables the system to adapt and update user profiles over time, taking
into account the changing preferences and behavior of users, and potentially leading to
more accurate and personalized recommendations. The availability of user-generated
data from social platforms has opened up new opportunities for improving the
performance and usability of content-based recommender systems by leveraging the

rich information available on the web.

Social media-based user profiling has emerged as a recent trend in this area [75]. It is
important to note that content-based(CB) techniques do not rely on the accurate content
of items. For instance, in the context of course recommendation, a content-based
filtering system(CB-FS) typically does not examine the actual content of the course.
Instead, it may rely on descriptors such as course title, keywords, or metadata, such as
genre or author, at best. The textual content related to items, generated by users, blogs,
or other sources, is often considered as the "content" for content-based filtering
methods. These methods may also incorporate semantic analysis using ontologies to

derive meaningful information from the textual content.

2.4.3 Knowledge-Based filtering system

These techniques such as case-based reasoning, ontology-based systems, and rule-based
systems are often used for explicit representation of knowledge in recommendation
systems. These systems leverage past problem-solving experiences, ontologies, or rules
to make inferences about a user's interests and preferences. For example, a case-based
system may use past cases (i.e., previously solved problems) as a core foundation of

knowledge to resolve a new problem, while an ontology-based system may utilize
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domain-specific ontologies to represent and reason about knowledge for
recommendation purposes. Rule-based systems, on the other hand, use predefined rules

to make recommendations based on user preferences and other relevant factors.

An exemplary illustration of the knowledge-based method (KB-FS) can be found in the
work of Burke [41]. In his research, the model was specifically proposed to assist users
in finding restaurants that align with their preferences through the use of interactive
dialogue. Users were able to refine their search queries based on their interests and
modify the retrieved suggestions until they arrived at a suitable option. Another
knowledge-based approach involves employing semantic similarity to make
recommendations to users. Ontologies have been widely applied in various
recommender systems to mitigate content heterogeneity and enhance content retrieval.
For instance, in a study by [77], promising outcomes were achieved in dealing with

content heterogeneity by utilizing subsumption hierarchies to generalize user profiles.

Additionally, the idea of the semantic web(SWT) has been employed to enhance e-
learning. For instance, in a study by Yang et al. [78], a semantic(SWT) recommender
system approach was proposed for use in e-learning, aiming to assist students in
defining appropriate learning objectives. Furthermore, the system could provide
suggestions to teachers for newfound resources that could be accepted to enrich the

course curriculum.

The approach described in [48] was developed with an extension for query keywords,
incorporating semantic relations and ontology reasoning. This personalized ontology-
based recommendation system, similar to the approaches mentioned earlier, represents
items and user profiles to deliver personalized services utilizing semantic web

applications.

The evaluation results demonstrate that the utilization of semantics-based methods in

the recommender system leads to improved accuracy in the recommendations.

Additionally, an ontology-based recommendation system can effectively address the
issue of the cold start problem, which arises when there is insufficient information from
the past to make accurate recommendations [79]. This problem often occurs when
dealing with new users who have not provided enough ratings or preferences, making

it challenging to generate reliable recommendations. Therefore, a proposed e-learning
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personalization model based on ontology takes into account the past preference history
of learners to recommend suitable learning objectives, overcoming the limitations of

the cold start problem.

Similar to traditional systems, this ontology-based recommendation system also faces
challenges with the new user problem, where limited information is available for new
users, and it is constrained to recommending learning objectives only [80]. However,
the utilization of ontology structures can greatly enhance the accuracy of the system
[49]. For example, the use of "IS-A" relations in ontology, where concepts are organized
in a hierarchical tree with associations represented as "IS-A" relationships, can improve
the measurement of semantic similarity. This hierarchical representation can potentially
result in more accurate calculations of similarity between concepts, mitigating some of

the limitations of the system.

The knowledge-based (KB FS) recommender system has both benefits and
shortcomings [81]. On the positive side, it does not suffer from the cold start problem,
as it can make recommendations to new users based on superficial knowledge of their
preferences. This means that users do not need to rate or purchase a large number of

items for the system to specify meaningful recommendations.

On the negative side, the knowledge-based (KB FS) recommender system faces
scalability problems. Calculating similarities for a large case base requires more time
and effort compared to other prevailing recommendation methods. Additionally, the
knowledge-based (KB_FS) method relies heavily on including information about items,
users, and functional knowledge to generate recommendations, which can be a

weakness of the system.

2.4.4 Hybrid-Based filtering system

Hybrid recommender systems combine multiple methods, as stated above, to conquer
their difficulties and leverage their strengths [41]. For example, collaborative
filtering(CB-FS) techniques may struggle with the novel-item problem, where unrated
items cannot be recommended. However, content-based methods can utilize available
information about new item characteristics. One approach to hybridization is to select
different methods and permit each to produce a independent ranked list, which is then

merged into a final list [82]. Other hybrid approaches involve one primary model that
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incorporates a secondary model to address limitations such as the cold start crisis or to

enhance user profiles [83].

Burke [41] proposed a taxonomy for hybrid recommender systems, categorizing them

into the following seven categories:

* Weighted: One approach in hybrid recommender systems is to combine
recommendation component scores numerically, often using an additive formula. For
example, a straight sequence of recommendation results, such as in P-Tango [82], is a
commonly used method. In this approach, equal weights are initially assigned to
collaborative and content-based recommenders(CB-FS), but the weighting is
dynamically improved based on users' feedback on predictions, allowing for continuous

refinement of the recommendation process.

* Switching: In some hybrid recommender systems, a particular component is chosen
and applied from the available recommendation components based on certain
conditions. For example, the recommendation process may start with a content-based
(CB-FS) recommender, but switch to a collaborative one when the confidence level in
the recommendations even now presented is not enough, as demonstrated in the work
of Billsus and Pazzani [84]. However, this switching hybrid approach does not
completely avoid the ramp-up problem, as both the collaborative and content-based

(CB-FS) systems may still face the another user problem.

* Hybrid: Another approach in hybrid recommender systems involves merging and
presenting multiple ranked lists of recommendations together into a single ranked list.
This method, known as list merging, is implemented in the PTV system [85]. Different
recommender systems produce their recommendations, and these recommendations are

combined and presented as a unified ranked list using list merging techniques.

* Feature Combination: The hybrid recommender systems in this category typically
consist of two different recommendation components: contributing and actual
recommenders. The actual recommender's functioning relies on the data that has been
modified or enriched by the contributing recommender. This can involve leveraging
features or information from one source and incorporating it into the recommendations

generated by the other component's source.
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» Feature Augmentation: The main difference between this category and the feature
combination hybrid is that in this category, the contributing recommender provides
novel characteristics or features that are then used by the actual recommender, making
it more flexible. The contributing recommender enriches the data that is used by the
actual recommender, allowing for a more dynamic and adaptable approach to

generating recommendations.

» Cascade: In the cascade hybrid category, different recommendation components are
assigned priorities, and the lower-priority recommenders act as tiebreakers over those
with higher precedence. Typically, one recommendation technique generates a set of
candidates, and the second system filters and re-ranks this list to generate the final list
of recommendations. This approach can be more efficient compared to the weighted
approach where all methods are applied to all items, as it allows for a more selective

and efficient use of different recommendation components based on their priorities.

* Meta-level: The utilization of the output model from one recommender as input for
another recommender is a characteristic of a meta-level hybrid approach, as described
by Burke [41]. In contrast, feature augmentation hybrids involve the use of a discovered
model to produce additional characteristics for input to a second system. In a meta-level
mixture, the entire model produced by one recommender is used as input for another
recommender, allowing for a more comprehensive integration of different

recommendation components

2.4.5 Recommendation Systems in Higher Education Domain System

The recommendation problem has widespread applications across various domains,
with particular prominence in e-commerce and entertainment. Many advanced
recommendation systems are designed to assist users in making informed decisions
about which products to purchase or utilize. Effective implementation of e-commerce
recommenders has been reported in relevant literature [86], showcasing the practical

relevance and effectiveness of such systems in real-world scenarios.

The success of recommender systems in other domains, as cited earlier, has also inspired
the completion of such systems in the educational domains [87]. In the context of
education, the goal is to facilitate knowledge acquisition among learners, while

educators provide support throughout the learning process. The application of
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recommender systems in the educational domain holds great promise in enhancing the

learning experience and promoting effective learning outcomes for students.

In other words, the distinct characteristics of different domains impact the design of
recommender systems [88]. In the case of the education domain, the objective of
recommending items, whether directly or indirectly, is to improve the administrative
procedure and aid in the collection of appropriate courses for students. In the
educational context, a recommendation system serves as an intellectual mediator that
suggests various alternatives to students, taking into consideration their academic
performance and other personal information, based on the actions of other students with
similar characteristics [89]. It is worth noting that while enrolling in a course is a
necessary step, the crucial aspect lies in the decision-making process that precedes it
[90]. Recommender systems in the education domain play a significant role in assisting
students in making informed choices about their course selections, ultimately

contributing to a more effective and personalized learning experience.

In this section, the literature on recommendation systems in the education domain will
be reviewed, focusing on the element of the items recommended and the various
methods used for item recommendations. It should be noted that recommender systems
in education differ significantly from those in e-commerce, as they need to take into
account not only the preferences of scholars or educators for specific knowledge
materials, but also how these materials can help them achieve their learning goals [91].
Hence, in Table 2.2, a comparison has been made to highlight the key distinctions and
factors between a universal-purpose recommendation system and an scholastic

recommendation system.

Difference General recommendation system | Educational
factor recommendation system
Goal-factor In industries such as e-commerce, | Educational recommender

users often search for products | systems are designed to
based on specific characteristics and | assist users, or groups of
price ranges [88]. users, in finding suitable

learning  resources and

activities that optimize the
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realization of learning
targets and the
development of

competencies in a more

efficient manner [88]

Context-factor

Many  recommender  systems
commonly utilize factors such as
networks and peer information, as
evidenced in various studies ([92];

[36]; [93]; [94)).

The perspective of
educational recommender
systems is educationally
related and should take into
consideration factors such
as pre- and post-requisites,
timeframe,  instructional
design ([36]; [93]), and

social networks ([95]).

User Inclined-

factor

Recommender systems are
primarily based on user judgments,
peculiar preferences, or user's likes

and disgusts [93]; [96].

Recommender systems in
the educational domain are
highly  influenced by

pedagogical factors such as

learning history,
knowledge, preferences,
processes, strategies,

styles, patterns, activities,
feedback, misconceptions,
weaknesses, progress, and

expertise ([97]; [98]).

Table 2: Difference between the factors in a general recommender system and an educational

recommender system

Numerous recommender systems(RS) have been projected for the education realm,

catering to various stakeholders such as scholars, instructors, or educational advisors.

The recommendable items in this domain include educational resources, universities,

and data related to courses, topics, student accomplishment, and field of education.

These recommender systems are designed to facilitate teaching and academic guidance

in the education domain.
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In this thesis, the proposed methodology was evaluated with a focus on reducing
information overloading for students who need to make decisions about university
courses. The aim was to provide them with the most appropriate recommendations to

streamline their decision-making process in selecting the right university course.

In the context of this thesis, the term "course" refers to a program of studies, such as
undergraduate or postgraduate programs. Various types of research have been
conducted, employing different methods and algorithms, to recommend courses to
students. For example, Sandvig and Burke proposed the Academic Advisor Course
Recommendation Engine (AACORN), which employed a case-based solving
methodology that utilized past cases to solve new problems [30]. Their system
leveraged course histories and past students' experiences as the foundation for assisting

future students in making informed decisions about course selection.

Furthermore, it has been observed that the career aspirations of students play a crucial
role in their course selection decision-making process [99]. Farzan and Brusilovsky
substantiated this notion through their reported course recommendation system, which
was based on an adaptive community [21]. In their approach, they utilized a social
steering method to analyze students' assessments of their career targets, with the
primary objective of obtaining specific feedback implicitly as part of their natural
interaction with the system. This approach recognized the significance of considering
students' intended future career as a vital factor in providing relevant course

recommendations.

Artificial Intelligence techniques offer the potential to enhance human decision-making
and reasoning processes, reducing uncertainty in active learning and promoting lifelong
learning mechanisms [100]. Hence, the challenge for recommender systems in the
education domain is to gain a deeper understanding of students' interests and their
learning goals [24]. One approach to address this challenge is through association
mining-based recommender systems, which leverage data on student performance and
similarity with other students to recommend learning tasks that are most suitable for
individual learners [101]. Furthermore, a course recommendation system has been
proposed to assess the similarity between university course programs and students'
profiles, providing tailored recommendations based on individual needs and

preferences.
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The proposed basis in this thesis is broad, as it combines content-based(CB-FS) and
collaborative filtering techniques with an ontology-based approach to address the data
overload issue. The framework utilizes a hierarchical ontology to map course profiles
with user (student) profiles, enabling a better understanding of recommended items.
Two novel methods are developed to extract and integrate data from multiple sources,
aligning the data appropriately for ontology mapping. This enhances the system's ability

to provide comprehensive recommendations.

Moreover, the proposed approach addresses the new user difficulty by computing the
ontology comparison between users' profiles based on their ratings for each item. This
enables the system to provide personalized recommendations even for new users who
may not have a long history of interactions with the system. Finally, the proposed
recommender system evaluates the ontology similarity between the item and users'
profiles in a hierarchical manner, ensuring that the recommended courses match the
students' requirements and align with their intended program of study before
enrollment. This approach enhances the accuracy and relevance of the

recommendations provided by the system.

2.4.5.1 Course Recommender system

Previous research has indicated that students often face information overload when it
comes to choosing a course [23]. Furthermore, the amount of course-related information
available to students has been rapidly increasing over time. This abundance of
information can overwhelm students and make the decision-making process
challenging and complex. As a result, there is a need for effective recommender systems
that can assist students in making informed decisions by providing personalized and
relevant recommendations tailored to their individual preferences, needs, and career
goals. The proposed framework in this thesis aims to address this issue by combining
content-based and collaborative filtering techniques with an ontology-based approach
to reduce information overload and provide accurate recommendations for university

courses.

The plethora of available information has led to a growing need for assistance in helping
students choose, organize, and effectively utilize resources that align with their
objectives, interests, and existing knowledge [21]. With the increasing availability of

course-related information, students may struggle to sift through the vast amount of data
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and identify the most relevant and suitable resources for their specific needs. As such,
there is a demand for recommender systems that can offer personalized and targeted
recommendations, taking into consideration students' individual characteristics,
preferences, and goals. The proposed framework in this thesis aims to address this need
by utilizing a comprehensive approach that integrates content-based and collaborative
filtering techniques with ontology-based mapping to assist students in making informed
decisions and effectively utilizing available resources in line with their academic

objectives.

According to Dr Cable, a British politician who served as the Secretary of State for
Business, applying to university is a significant decision, and it is important to ensure
that all students, regardless of their background, have access to key facts to help them
make informed choices [citation]. Bendakir and Aimeur also highlight that students
pursuing education face challenges related to the multitude of courses available and a
lack of knowledge about which courses to take and in what sequence [citation].
Furthermore, the heterogeneity of course information and the individual needs of users
can make the decision process complex and laborious [citation]. In line with this,
Wendy Hodgkiss, a careers adviser with the "Which? University' organization, advises
against making impulsive decisions and encourages students to conduct thorough
research to ensure that they are choosing the relevant university and course [102]. The
abundance of course options, lack of knowledge about course sequencing, and personal
preferences make the decision-making process for students overwhelming and
demanding. Therefore, the development of effective course recommendation systems
that can provide tailored and relevant recommendations to students can greatly assist

them in making informed decisions about their educational pathways.

Amer and Jamal's research demonstrated that students' course choice decisions are
influenced by their background and personal or career interests [ 103]. However, simply
providing more course information on university websites does not guarantee that
students will have the cognitive ability to evaluate all the options as alternatives. In fact,
it often leads to a problem known as "information overload" [23; 104; 105; 106]. Even
with the availability of search tools, evaluating all the course alternatives can be
challenging for students. Therefore, the automated identification of relevant courses that

match students' needs is a pressing problem [90]. The development of effective course
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recommendation systems that can automatically and accurately match students'
interests, background, and career goals with suitable courses can provide valuable
assistance in addressing this issue and supporting students in making informed

decisions about their course choices.

Numerous online systems have been developed to facilitate students in discovering and
comparing various courses offered by different universities, including UCAS, UK
course finder, unistats, and comparetheuni. However, these tools have been
acknowledged to primarily rely on previous users' knowledge of courses or keyword-
based queries as their underlying mechanisms. Consequently, when students submit a
course query, they may receive a large number of results in a random order, leading to

information overload and potential irrelevance of the recommendations.

Significant advancements have been made in the field of course recommendation
systems, with the objective of assisting students in identifying appropriate courses.
Notably, noteworthy achievements have been accomplished in the development of a

course recommendation system that employs a collaborative filtering approach [107].

Furthermore, Course Agent is a notable contribution in the field of course
recommendation systems. It utilizes a community-based approach and employs social
navigation techniques to generate course recommendations based on a student's
estimation of their career goals [21]. This method implicitly collects explicit student
feedback as part of their natural interactions with the system. However, beyond its
recommendation capabilities, Course Agent also serves as a valuable course
administration system, storing information about the courses chosen by students and
facilitating communication with their advisors, thus providing additional benefits to

students..

Sandvig and Burke have introduced a novel course recommendation system called
AACORN, which employs a case-based reasoning approach [30]. The system leverages
the past experiences and course histories of previous students as a starting point for
advising course selection, and utilizes a widely used metric in bioinformatics called the
edit distance. However, AACORN requires input of a partial history of courses taken

by a student before it can generate practical recommendations.
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The RARE recommender system, as proposed by [101], combines association rules
with user preference data to provide relevant course recommendations. The system
utilizes accurate data from the Department of Computer Science at the Universite de
Montreal to analyze the past behavior of students in terms of their course choices. By
formalizing implicit association rules, RARE is able to predict recommendations for
new students. Furthermore, the system also proposes a solution to address the cold start

problem, which is a common challenge in recommender systems.

PEL-IRT, or Personalized E-Learning system, as described in [108], applies item
response theory to recommend suitable course material to students by taking into
consideration both the difficulty of the course material and the student's ability. When
using PEL-IRT, students have the option to choose course categories and units, and they
can also search for course material using relevant keywords. Once the course material
is suggested to students and they have reviewed the information, the system prompts
them to answer two questionnaires. The explicit feedback provided by students through
these questionnaires is then utilized by PEL-IRT to re-evaluate their abilities and further
customize the recommendation of course material, taking into account the difficulty

level that best matches their abilities.

Recent academic research has highlighted the significance of personalization as a key
factor in enhancing the accuracy of recommendations and information retrieval [23];
[109]. For instance, Punj and Moore [110] demonstrated that recommendation agents
that possess the capability to filter and integrate information, as well as provide
feedback, have a more significant influence on user decision-making compared to
agents that are only aware of alternative options. Moreover, it has been observed that
the outcome of relevant course recommendations is enhanced by integrating valuable
information from multiple sources, such as job sites, social networks, and other relevant
educational data sources [23]. The Course Recommender System incorporates various
collaborative filtering algorithms, including user-based [112] and item-based [111], to

provide comprehensive and customized recommendations to user

The Course Recommender System [113] is based on a variation of the commonly used
item-based collaborative filtering algorithm. The system serves as a module
recommender, aiming to streamline and enhance the online module selection process

by providing recommendations for optional modules to students based on their core
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module selections. By leveraging historical enrolment data, the system has
demonstrated promising performance in terms of recall and coverage. Recent research
has also explored the application of course recommender systems in niche areas, such
as civil engineering professional courses [114] and physical education courses at
universities [115]. This indicates the potential of course recommender systems to cater
to specific domains and provide tailored recommendations to meet the unique needs of

different disciplines and industries.

Through a comprehensive review of the existing literature, it is evident that
recommendation technology has been successfully applied in the field of education to
facilitate teaching and learning processes. Given the significance and importance of
education, the assistance of a recommendation system has the potential to enhance the
efficiency and effectiveness of learners in real-world educational scenarios. By
providing personalized recommendations, these systems can aid in guiding learners
towards relevant and appropriate learning resources, courses, and modules that align
with their individual needs and preferences. This can lead to improved learning
outcomes, increased learner engagement, and enhanced overall educational
experiences. The utilization of recommendation systems in education has the potential
to positively impact the quality of education and contribute to the advancement of the

field.

The studies mentioned above emphasize the significance of course recommendation
systems in supporting students in finding suitable courses. However, it is observed that
existing systems predominantly rely on a single data source, such as student profiles,
course histories, or university records, to provide course recommendations. In contrast,
the proposed research in this thesis aims to develop a novel course recommendation
system by integrating course information from multiple diverse data sources. This
approach involves incorporating data from university websites, job websites, social
networks, and other relevant educational data sources to generate more comprehensive
and informed course recommendations for students. By leveraging data from various
sources, the proposed system aims to enhance the accuracy, relevance, and reliability
of course recommendations, ultimately assisting students in making well-informed

decisions about their educational paths. This multi-source integration approach has the
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potential to bring about novel insights and opportunities for course recommendation

systems in the field of education.

The proposed course recommendation system aims to offer students personalized
recommendations that align with their individual needs, interests, and career
aspirations, thereby supporting their decision-making process. Additionally, the system
aims to address the issue of information overload and heterogeneity by utilizing
ontology-based data integration techniques to streamline the search results of relevant
courses. This necessitates the development of software that can automatically filter out
irrelevant choices, gather pertinent information about the available options, and present
users with a curated list of more suitable alternatives that best align with their needs and

preferences.

Despite the significant impact and usefulness of course recommendation systems, there

are certain limitations that need to be addressed. Some of these limitations include:

One limitation of current course recommendation systems is that models based solely
on keywords may not effectively address the individual needs of users during the
recommendation process. While some models may utilize collaborative filtering and
data mining techniques, such as association rules and decision trees, there is often a lack
of historical information available, making it challenging to use this approach. For
example, new students who are interested in using the system may not be able to
generate relevant recommendations due to the lack of sufficient information about their

preferences and interests.

A limitation of content-based filtering models is that current approaches typically focus
on specific subject recommendations rather than providing recommendations for entire
university courses. Additionally, the similarity calculation in these models often relies
on weighted averages of features, which may not accurately capture the nuanced
preferences of users. Furthermore, these models do not take into account user
interactions with the system, such as user ratings of recommended items, which could

provide valuable feedback for improving the recommendation accuracy..

Another limitation of current models is that they may not provide comprehensive
information about the most relevant course for a student. For instance, students often

need to know not only the content of the course, but also the potential career prospects
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associated with it. Furthermore, students may require information about the quality of
facilities offered by the educational institution that offers the course. These aspects are
crucial considerations for students in making informed decisions about their course

selections, but current models may not adequately address these needs.

The needs and interests of students can be categorized to facilitate appropriate course
recommendations. Methods that integrate data from multiple heterogeneous sources can
be developed to quickly provide valuable course-related information [23]. The use of
an ontology can enable users to obtain precise knowledge about the courses [116]. By
establishing relationships between relevant information on the internet, such as course
modules, job opportunities, and user interests, ontology provides a vocabulary of classes
and properties that describe a domain and promote knowledge sharing [117]. Semantic
descriptions of courses and student profiles can be applied to enable qualitative and
quantitative analysis of match, along with necessary information about courses and

student interests, which is crucial for refining the course selection process.

In this thesis, a novel hybrid filtering system is proposed, which combines both content-
based and collaborative filtering methods while utilizing an ontology to address the
challenge of information overload in building an effective recommendation system. The
proposed approach leverages an ontology for data extraction and integration from
multiple data sources, using ontology-based metadata for data integration. The system
employs a combination of model-based and memory-based ontology in collaborative

filtering to provide high-quality recommendations.

To tackle the issue of the "new user problem", user profiling based on ontology, item
ontology, semantic similarity between ontologies, and the proposed KNN (K-nearest
neighbors) algorithm are employed in the collaborative filtering aspect. This approach
aims to overcome the challenge of providing accurate recommendations for new users
who may have limited historical data by utilizing ontologies to profile users and items,
calculate semantic similarity between ontologies, and leverage the KNN algorithm for

recommendation purposes.

In the content-based filtering aspect, both item-based ontology and semantic similarity
are employed to address the challenge of the "new item cold start problem".

Additionally, a hierarchy concept similarity approach is utilized to enhance the accuracy
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of semantic similarity. This approach measures the degree of "IS-A" relationship
between the two nodes of the item ontology, resulting in a more precise
recommendation list for the target user. By leveraging item-based ontology, semantic
similarity, and hierarchy concept similarity, the proposed approach aims to overcome
the limitations of the new item cold start problem in content-based filtering and provide

more relevant recommendations for users.

2.4.5.2 Course Recommender system Limitations

The implementation of effective education recommender systems presents several
challenges that need to be addressed. This section provides a summary of the main

challenges identified in the literature and outlines potential strategies to overcome them.

Information overload: The issue at hand pertains to the overwhelming amount of
pedagogical content available on the internet, which is widely distributed across various
networks [118]. This results in information overload, making it challenging for students

to identify and evaluate high-quality learning resources [98]; [114].

Lack of structure in the data: A significant challenge and crucial aspect of a
recommender system is the structuring of data [36]. In social learning environments, for
instance, information is often categorized into a single category, limiting the options
available to users [97]. Moreover, social networks lack a predefined structure, which
hinders the interoperability among recommender systems as the lack of structure

prevents the reuse of information in other systems [119].

New user and cold start problem: The issue of new resource or user cold start arises
when there are no ratings available for newly added resources or when a new user has
not yet provided any ratings for items [96]. Possible approaches to overcome this

challenge includes:

1) One approach to address the cold start problem is to designate a knowledge provider
as the initial starter, who can contribute by providing ratings or other relevant
information [120]. Subsequent users can then build upon this initial knowledge, further

elaborating and enhancing the recommendation system.

2) Another possible solution to tackle the cold start problem is to employ artificial

learners [96]. These machine learning algorithms can be trained on existing data or other
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sources of information to generate initial recommendations for new users or items, even
in the absence of explicit ratings. Artificial learners can leverage their ability to infer
patterns and relationships from data to make informed recommendations, mitigating the
limitations of sparse or missing data in the early stages of a recommender system's

implementation.

3) Another approach to address the cold start problem is to utilize information related
to the completion of activities and similar preferences [87]. For instance, by tracking
users' interactions with the system, such as their completion of activities, engagement
in discussions, or expressed preferences, the system can gather valuable data to infer
their interests and preferences. This information can then be used to generate initial
recommendations for new users or items, enhancing the accuracy and relevance of the

recommendations despite the lack of historical ratings or user profiles.

Cognitive overload: This challenge pertains to the effort required in selecting valuable
resources or assigning accurate ratings [120]. It often arises when dealing with raw data,
when users are unable to formulate the right questions, when pedagogical resources lack
proper definition by experts [121], when resources are not adequately classified, or
when summaries, keywords, or other descriptors are absent [122]. To overcome this
challenge, content analysis techniques such as data mining can be employed to identify
relevant keywords or structures within the resources. These techniques can help in
automatically extracting meaningful information from the resources, enabling better
understanding and categorization of the content, and ultimately improving the accuracy

and relevance of the recommendations.

Quality of the recommendation and trust: Another challenge arises when users lack
trust in the recommender system and its recommendations. The probability of users
taking action based on the recommendations may be too low [123]. To address this, it
is recommended to define the quality of recommendations [92], differentiate between
precise and relevant recommendations, minimize biased recommendations, and provide
transparency on the origin of recommendations and the process of adding new items
[123]. It is essential to establish trust by making it clear to users where the
recommendations come from [120] and how new items are added, thereby ensuring

transparency and credibility in the recommendation process
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2.5 Literature Gap

The literature covering most of the studies is based on labelled data, with insufficient
information on whether a student is considered correct. Although there are studies
labelling students as correct or incorrect, how this study differs from others is as

follows:

This study proposed three ways to define users as correct and incorrect. Secondly,
machine learning models analyse students’ correctness and incorrectness. Lastly, a

recommender system is to be developed to make recommendations

Page | 62



Chapter 3 Research Methodology

Chapter 3: Research Methodology

This chapter provides an overview of the overall approach and methods used in the
project to achieve the research objectives. It started by introducing the concept of a
recommender system, the importance of recommendations, and past work related to it.
It then explained the importance of data acquisition as the first step in the technique,
which is crucial for building an accurate model. The chapter also described cleaning
and preprocessing the data, feature engineering, and using machine learning algorithms
such as K-means and KNN to cluster students and develop a recommender system.
Finally, it highlighted the importance of considering the time and memory efficiency of
the algorithm when selecting the best solution and discussed the importance of

validation and evaluation of the model created.

Lastly, the chapter also mentioned how this kind of system could be tailored to online
education, providing personalized recommendations of learning paths to students and
helping teachers to provide personalized tutoring, which can generate feedback to
improve the recommendations. The results and conclusion will be discussed in the

upcoming chapter, which will help to understand the impact of the model on the field.

3.1 Methodology Overview

The project is motivated by the COVID-19 pandemic, which forced the world to adapt
to online education to continue the learning process. In addition, the project aims to
address the challenges distance learning students face regarding keeping track of

resources and finding the most appropriate learning path for themselves.

The proposed recommender system for the online education system helps students by
providing personalized recommendations based on their interactions and performance
on the platform, which can assist students in making intelligent decisions and
optimizing their learning journey. The general flow and steps taken during this research
are shown in Figure 12, which illustrates the overall process, starting from data
acquisition and preprocessing to the development and evaluation of the recommender

system.

It is worth mentioning that the proposed system is an addition to the existing educational

system, not a replacement, and it should work alongside the teachers, students and other
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educational resources. The system should be validated and evaluated by experts in the
field to ensure that it satisfies the institution's goals and is aligned with the pedagogy

and curriculum.

Dataset

Validation

Data selection Evaluation
(EdNet by Santa) Matrix
e — =3

Comparative
Modelling

Data
Preprocessing

Featu.re Data Splitting
Selection

. Understanding
Data

1. Collaborative
Based
Algorithms

. Dealing with
missing values

Figure 12 : [llustration of Methodology

3.2 Data Acquisition

The dataset used in the project was acquired from EdNet, a publicly available dataset
of student-system interactions collected over two years by Santa. Santa is an Al-based
tutoring service that runs on multiple podiums such as i0OS, Android, and the web, and

it has a user base of over 780,000 students based in Korea.

The EdNet dataset contains almost three years” worth of student interactions, totalling
19.4 GB of data, which consists of almost 1.8 million individual user files upon
downloading and decompressing the data. The publicly available dataset can be easily

accessed from the project's official GitHub repository.
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As it stated that it is based in Korea and the dataset is from Santa Al-based tutoring
service, it may be possible that the sample data and feature may not be fully applicable

to other education systems or countries;

However, it can be used as a reference or inspiration to other researchers and

practitioners in online education, student modelling and personalized learning.

3.2.1 Data Characteristics

The EdNet dataset contains various features that capture different aspects of student
actions and interactions with the system. Some of the major categories of the dataset

include:

e Learning activities: This category contains information about what topics
students have covered, which questions they answered, and their responses.

e Timing data: This category captures students' time on specific learning
modules and questions.

¢ Question data: This category contains information about the specific questions
students encountered.

e Student profile: This category includes information about the students, such as
their age, gender, and primary education level.

¢ Bundle data: This category includes information about the specific learning
modules that students interacted with, including the number of bundles read and
their percentage

o Evaluative data: This category contains information about students'
performance, like the percentage of questions answered correctly and the time
spent on average for each question.

The dataset is rich and detailed, making it valuable for researchers and practitioners in
student modelling and personalized learning. With this dataset, it is possible to
investigate various research questions related to online learning and education, student
behaviour, student performance, and clustering and recommendation. Here are some

major categories of the EdNet dataset shown and described below
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EDNET
DATASET

Multi
Platform

Figure 13: Illustration of characteristics of the dataset

3.2.1.1 Large Scale

The EdNet dataset contains a large amount of data collected from many students using
the Santa Al tutoring tool. The dataset comprises nearly 1.4 million interactions
collected from almost 1.8 million students since 2017, with each student generating
around 442 interactions using Santa across various platforms. In addition, the dataset
includes 13,169 problems or questions from 1,021 lectures consumed approximately 95

million times.

The dataset is one of the most extensive education datasets publicly available regarding
the number of students, interactions, and types of interactions, which makes it a valuable
resource for researchers and practitioners in online education and student modelling. In
addition, it provides a rich and detailed dataset to investigate various research questions

related to student behaviour, student performance, and personalized learning.

3.2.1.2 Diversity

EdNet dataset is known for its diversity, providing a wide range of information about
students' interactions with the Santa Al tutoring system; the dataset includes data on

various learning activities, such as watching lectures, reading explanations, attempting
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questions, repeating questions and even the time frame of logging in and out. This
diversity of data allows us to investigate different aspects of student behaviour and

performance, providing a complete picture of students' interactions with the system.

It is indeed one of the richest datasets in the field of online education systems; it has a
lot of diverse data which covers student's learning journey from start to finish, providing
data on how the students are engaging with the system and the contents, how well are
they learning, where are they struggling and what is their learning pace. With this
dataset, we can develop better and more effective personalized recommendations for
students to improve their learning experience and understand their behaviour and

performance.

3.2.1.3 Multi-Platform

Santa is a multi-platform Al tutoring system that students can access using various
devices, such as personal computers, smartphones, and even Al speakers, and it allows
students to access the system and continue their learning journey regardless of where
they are or what device they have access. The EdNet dataset reflects this diversity of

access points, as it contains data points from mobile and desktop platforms.

The dataset becomes even more valuable as it captures students' interactions with the
system across different platforms, providing a complete picture of students' learning
journey, which can provide insights into how students interact with the system in
different contexts, how platform-specific features are used, and the impact of device

choice on students' learning experiences.

3.2.1.4 Hierarchy

The EdNet dataset is organized in a hierarchical structure, with five different levels,
each named "KT1", "KT2", "KT3", "KT4", and "Content", respectively. Each level
represents a different granularity of data, with increasing levels of detail as moving

down the hierarchy.

The "KT1" level represents the most general information, such as the number of
students and problems. The "KT2" level provides more detailed information, such as
the amount of correct and incorrect answers for each problem, the average time spent
on each problem, and the number of attempts. The "KT3" level includes even more

detailed information, such as the student's performance on each problem over time and
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the specific answers given by the student. The "KT4" level provides the most detailed
information, such as the exact time and date when each action was taken and the time
taken for each action. Finally, the "Content" level includes the actual content of the

problem and the corresponding explanation.

This hierarchical data structure makes it easy to access the data with various levels of
granularity based on the research question. It allows us to understand the data better and

quickly analyze the student's behaviour and performance.

The EdNet dataset is divided into five levels with different data granularity. The "KT1",
"KT2", "KT3", "KT4", and "Content" levels each provide different information about

students' interactions with the Santa Al tutoring system.

However, a standard feature across all these levels is; The dataset is divided by students,
identified by user id, in the form of CSV files, and it only contains interactions with
the system across all the modules users have engaged, which allows for easy access and
analysis of data for specific students and their interactions with the system. In addition,
the user id is a unique identifier for each student, and it helps to link all the data of one

student together and makes it easy to track the student's journey.

This organization of the data also allows us to efficiently study the student-specific
interactions, behaviours and progress with the system, which can give the researcher a
deeper understanding of how each student engages with the system and their unique
strengths and weaknesses. Also, it allows researchers to understand how the students

are progressing and compare their performance with other students.

3.3 Python Libraries

Python is a popular programming language in data science, and many open-source
libraries are available for use in data science projects. These libraries are built,
maintained, and supported by a large community of developers, which makes it easier

for researchers and data scientists to find solutions to problems they encounter.

This study uses different libraries for data manipulation, cleaning, visualizing and
model building. Table 3 might provide the details of the libraries and their specific
application, such as Pandas for data manipulation, Numpy for numerical computation,

Matplotlib and Seaborn for data visualization, Sklearn for machine learning models.
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These libraries are compelling and easy to use and provide the researcher with a wide
range of tools to analyze and visualize the data. In addition, some specific libraries like
scikit-learn and K-Means can be used to train and evaluate the Machine Learning
models. Overall, Python provides an excellent ecosystem for data analysis and machine

learning projects, and its libraries are designed to make data analysis easy and efficient.

Library Usage

Pandas Data analysis begins with importing the
data files, followed by data cleaning,
integrating several datasets into one,

statistical analysis, and much more.

Numpy It makes it possible to work with multi-
dimensional arrays effectively. This
library is the foundation upon which
Pandas, Matplotlib, and Scikit-Learn are
based.

Matplotlib It is a tool that is used for data

visualization and plotting.

Seaborn Visualization package that is built on top
of Matplotlib to generate aesthetically
appealing graphs

Plotly Plotly facilitates various languages and
offers a high level of customization and

interactivity.

Datetime This module supplies classes that are
used for accessing and manipulating data

and time

feather Feather format is an alternative file

format to store the dataset. It offers more
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extraordinary read & write speeds than

the traditional CSV or excel file format.

Sklearn It is used to anticipate customer churn
because it has established many machine-
learning  algorithms, pre-processing
techniques, performance indicators, and
many other things.

Table 3: Python Libraries used in this project

3.4 Fundamental Analysis and General Trends

The EdNet dataset comprises five different sub-datasets, each with a different level of
granularity and containing different types of information about the students' interactions

with the Santa Al tutoring system.

The KT1 dataset contains basic information such as the user_id, the timestamp, and the
student's actions. The KT2 dataset provides more detailed information, such as the
specific problems (questions) the student attempted and their performance on those
problems. The KT3 dataset adds information about the student's learning history, such
as how many times they attempted a problem and how many times they got it correct.
The KT4 dataset provides even more detailed information, including the specific
modules the student interacted with and how much time they spent on each one. Finally,
the Content dataset provides information about the specific content of each module,

such as the topics covered and the number of questions included.

Each of these sub-datasets provides a different perspective on the student's interactions
with the system, and together they provide a comprehensive picture of each student's
learning journey. Using these datasets, researchers can analyze student-specific
interactions, behaviours, and progress and gain a deeper understanding of how each
student engages with the system, their unique strengths and weaknesses, and how they

are progressing.
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3.4.1 KT1 SUBDATASET

First, the preview of sub-dataset KT1:

timestamp question_id bundle_id user_answer elapsed_time
1548996377530 @ 458 q2844 d 47000
1548996378149 | 48 q2845 d 47000
1548996378665 | 48 q2E846 d 47000
1548996671661 49 04353 C BT000
1548996787866 | 50 03944 a 54000

Figure 14: Preview of first sub-dataset(KT1)

Description:

e Timestamp: is the instant the question was presented to the user and is
represented as a Unix timestamp in milliseconds

¢ Question_id: this represents the question that was presented to a student

e Bundle_id: this represents from which specific bundle that question belongs. In
standard terms, these can also be known as chapters.

e User_answer: The student's answer to a specific question was presented and
recorded as a character between a and d inclusively.

3.4.2 KT2 SUBDATASET

Secondly, the preview of the sub-dataset KT2:

timestamp action_type item_id source user_answer platform
1358114668713 enter bAG57 diagnosis maobila
1358114691713 rezspond gbd25 diagnosis 2 maobile
1358114701104 respond gbd25 diagnosis d mobile
1358114712364 submit b4957 diagnosis mobile
1358114729868 enter b5180 sprint mobila
1358114745592 respond gb815 sprint C maokile
1358114748023 respond gb816 sprint a maobile
1358114748781 respond gbs14 sprint a mobile
1358114751032 submit b5180 sprint maobile

Figure 15: Preview of first sub-dataset(KT2)
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Description:

3.4.3

action_type: this column contains three values:

enter: this is documented when a student receives and views a question bundle
through SantaUI

respond: this is documented when the student answers from a to d respectively;
a student can change their answer to the same question multiple times; the last
response a student gives would be considered the last response.

submit: this is documented when a student submits the final answer to the given
question from the bundle

item_id: this column contains two values (bundle integer or question integer);
for KT2-only, the IDs of questions and bundles are documented; whenever the
action type is "enter" or "submit", it is documented as bundle id, but whenever
the action type is "respond" it records as question id.

Source: this column represents where the student is watching a lecture on
solving a question in SANTAUIL.

Sprint: This entry represents students choosing a part that they want to study;
after selecting the specific path, they can only answer questions to specific
questions of that bundle unless they change their path

Diagnosis: this represents when a user enters the SantaUI application for the
first time, they need to solve several questions for diagnosis (as per the author
of the dataset)

User_answer: this column only records values from a to d, respectively,
whenever the action type is "respond".

Platform: This column represents which specific device students use to access
the SANTAUI, which contains mobile & web.

KT3 SUBDATASET

Here is the preview of the sub-dataset KT3:
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timestamp action_type item_id source user_answer platform
1573364188664 enter b7%0 sprint mobile
1573364206572 respond qr90 sprint b mobile
1573364209673 respond q790 sprint d mokile
1573364209710 submit b790 sprint mobile
1573364209745 enter 2780 sprint mabile
1573364218306 quit e7s0 sprint mobile
1573364391205 enter 1540 adaptive_offer muobile
1573364686796 quit 1540 adaptive_offer mobile
1573364693793 enter b&191 adaptive_offar mobile
1573364702213 respond q&840 adaptive_offer c mobile
1573364705838 submit b&191 adaptive_offer mabile

Figure 16: Preview of first sub-dataset(KT3)

Description:

As mentioned above, that student has various interactions and may participate
in multiple learning activities aside from solving questions, such as watching lectures
provided by SANTAUI or reading through explanations of a specific question by the
expert teacher's recorded comments also provided by SANTAUL

Reading explanations:

When the student attempts the given question, corresponding explanations are
provided, and the source column will record as "sprint" or "review". Of course, they can
also re-read the explanations of the questions; in that case, the source column will have

"my note".

As the student enters or exits the explanation view in SANTAUI, the item_1d will record

as "enter" or "quit".
Watching lectures:

Whenever a student watches a lecture, source column entries have two outcomes:
"archive" and "adaptive offer". "Archive" is watching a recorded lecture presented in
the SANTAUI, adaptive offer is SANTAUI recommending the following lectures
based on the student's path.
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Action_type would register as "enter" and "quit" with lectureID when the student starts

watching or stops the lecture.

3.4.4 KT4 SUBDATASET

Here is the preview of the sub-dataset KT4:

timestamp action_type item_id cursor_time source user_answer  platform
1358114668713 pay p25 maobile
1358114691713 | enter b878 sprint maobile
1358114701104 | text_enter qe7s sprint mobile
1358114712364 play_audio qd7sd 0 sprint mobile
1358114729868 pause_audio qa78 10000 sprint maokile
1358114745592 eliminate_choice qé7s sprint a mobile
1358114748023 respond Q278 sprint o maokbile
1358114748781 submit b&78 sprint mobile
1358114751032 | enter e878 sprint maobile
1358114779211 play_audio e878 0 sprint mobile
1358114792300 pause_audio eg78 2000 sprint maokile
1358114842195 quit e878 sprint mobile

Description:

Figure 17: Preview of first sub-dataset(KT4)

This sub-dataset contains a complete list of actions that SANTAUI records. These
actions are added to KT3; following are the actions are ‘“erase choice”,
“undo_erase choice”, “play audio”, “pause audio”, “play video”, “pause video”,

9% ¢

“pay”, “refund”, “enroll_coupon.”

Erase_choice, undo_erase_choice: A student can erase his choice while attempting a

question and undo_erase choice.

Play audio, pause audio, play video, pause video: As the lectures and the
explanations provided by expert teachers are recordings saved in SANTAUI, a student

can select any of these available actions, and while choosing these options, a

Page | 74



Chapter 3 Research Methodology

cursor_time is recorded in the cursor time column when the students play or pause the

media.

Pay, refund: SANTAUI offers a free trial to every student who wishes to get an idea
of the UL In a free trial, the student is provided ten questions; if they hope to continue,
they need to pay to access all the contents. Refunds may also apply to several specific

situations.

Enroll_coupon: this entry is recorded when a student pays for full access to SANTAUI

contents and applies valid coupons during the payment period.

3.4.4.1 CONTENT SUBDATASET

Here is the preview of the sub-dataset Content:

question_id = bundle_id = explanation_id  correct_answer  part tags deployed_at
q2319 b1707 e1707 a 3 179;53;183;184 1571279008033
q2320 b1707 e1707 d 3 52;183,184 1571279009205
q2321 b1707 el1707 d 3 52;183;184 1571279010285
q2322 b1708 e1708 b 3 52;183;184 1571279012823
Q2323 b1708 e1708 C 3 179:52;,182;184 1571279013890
q2324 b1708 e1708 d 3 52;183;184 1571279014989
Figure 18: Preview of first sub-dataset (Content)
Description:

Last but not least, this sub-dataset contains a CSV file named questions; as per the

above table, it has questions_id, bundle_id, explanation_id, part, tags, deployed_at
question_id: This column enlists all the question numbers in the form of q{integer}

bundle_id: This column enlists all the bundle numbers in the form of b{integer}. A
single bundle can contain many questions, from a minimum of 1 to a maximum being

5.

Explanation_id: This column enlists an expert teacher's corresponding explanations
for each bundle. Bundle id and explanation id are the same for every question which

is provided
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Correct_answer: This column enlists all the correct answers to each question; it is

recorded as a character between a,b,c and d.

Part: This column enlists the different parts of a question; it contains numeric values

from 1 to 7 inclusively.

Tags: This column contains all the annotated tags by expert teachers for their

understanding.

Deployed_at: specifies the moment at which each question in Santa begins to be

provided as a Unix timestamp in milliseconds

3.5 Data Pre-processing

Data preprocessing is a critical step in machine learning, preparing the data for analysis
and modelling. Its goal is to clean, reformat, and transform the dataset so that it is in a

format that the machine learning algorithm can easily use.

Data cleaning is the procedure of removing irrelevant, duplicate, or inconsistent data
from the dataset. This step is critical to ensure that the dataset is accurate and free of

CITors.

Data reduction is the procedure of reducing the dimensionality of the dataset by
selecting a subset of features that are most relevant to the analysis. This step helps
reduce the algorithm's computational cost and helps visualise the data effectively. Data
transformation is converting data from one format to another, such as converting text

data to numerical data and normalizing or standardizing data.

Data scaling is the process of scaling the data so that all features are in the same range.
This step is essential because specific machine learning algorithms are sensitive to the
scale of the data, and having features in different ranges can affect the algorithm's

performance.

All these preprocessing steps are essential to ensure that the dataset is in a format that
can be easily understood and used by the machine learning algorithm to increase the

accuracy of the predictions/recommendations, as displayed in Figure 14.
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Figure 19: Steps that are taken during the pre-processing phase

3.5.1 Data Cleaning

Data cleaning is a crucial step in the data preprocessing phase, and it is crucial to the
overall success of a machine learning project. Irregularities in the data, such as duplicate
data points, missing values, and incorrect formatting, can significantly affect the
performance of a machine-learning model. These issues can introduce bias into the
model and cause the model to make inaccurate predictions. For example, duplicate data
points can cause the model to over-represent specific data, resulting in a bias in the
predictions. In addition, missing values can cause the model not to be able to make
predictions for specific data points, and incorrect formatting can cause the model to

misinterpret the data.

By identifying and addressing these issues during the data cleaning phase, we can
ensure that the data is accurate, unbiased and in a suitable format, which can help build

a more robust and accurate machine learning model.

3.5.1.1 Handle Missing Values

missing values can significantly impact a machine-learning model's performance and

should not be ignored. Discarding observations with missing values is one option, but
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this can result in a loss of valuable data and can cause a reduction in the size of the

dataset, making it harder to train an accurate model.

Another option is to fill in the missing values with a substitute value, such as the mean
or median of the other values in the dataset, commonly known as imputation. Finally,
interpolation and data regression techniques can also be applied to the dataset to fill in

the missing values.

However, one should be careful while dealing with the missing values as it can cause
data integrity issues if done incorrectly; therefore, applying these techniques after a
thorough understanding of the problem and how the missing values affect the integrity

of the data.

An alternative way to deal with missing values is to use robust models such as decision
tree-based models, Random Forest and Gradient Boosting Machine Learning. These

models can handle missing values and give reasonably good predictions.

3.5.1.2 Duplicate Data Removal

Additionally, duplicate data is present; this data should be removed before the data is
provided to the machine learning algorithm. The duplication of interactions performed
by students will be removed to remove the biases and to achieve an actual percentage

evaluation of each student

3.5.1.3 Outliers Detection

Outliers can significantly affect the performance of machine learning algorithms and
can lead to incorrect predictions. Therefore, it is essential to identify and handle outliers
in the data. There are various methods to identify and handle outliers, such as the Z-
score method, the Interquartile range method and more advanced methods, such as
clustering-based methods. Once identified, there are several ways to handle outliers,
such as removing them, replacing them with the mean or median value of the feature or
transforming the feature to make it more robust to outliers. The choice of method

depends on the data's nature and the analysis's goals.

3.5.2 Data Reduction

Data reduction is a process that involves identifying and removing unnecessary data to

make the data more manageable for analysis and modelling. Data Reduction can be
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achieved through various techniques, such as feature selection and dimensionality
reduction. Feature selection involves choosing a subset of features from the original
dataset most relevant to the task. Dimensionality reduction practices such as PCA
(Principal Component Analysis) can reduce the number of features by identifying and
removing redundancy in the data. By reducing the data, the model can run more

efficiently, and the results can be more interpretable.

3.5.3 Data Integration

Combining data from multiple sources or subsets can provide a more comprehensive
view of the problem being analyzed, but it can also increase the complexity of the data
preprocessing step. The data may also have different formats and structures, which must
be addressed before it can be combined. Therefore, the analyst needs to understand each
dataset's characteristics and carefully plan how they will be combined to ensure that the
resulting data is accurate and valuable for analysis. Additionally, combining data from
multiple sources can also introduce privacy and security concerns, which should be

considered.

3.5.4 Feature Engineering

Feature engineering is a crucial step in the data science pipeline because it can
significantly impact the performance of machine learning models. It involves extracting
relevant information from raw data and transforming it into features that the model can
use to make predictions. This process includes feature selection, feature scaling, and
feature transformation. As a result, the model can be more accurate and efficient by
carefully selecting and transforming the features. It also helps to reduce the
dimensionality of the data, which can improve the performance of some algorithms and
make it easier to visualize the data. Overall, feature engineering helps to improve the

interpretability and predictive power of machine learning models.

3.5.4.1 Merging the dataset

Since there were 1.6 million users' CSV single files, thus, to create a data frame, the
whole dataset merged CSVs into a single data frame. This process involves reading all
the individual CSV files, combining them into a single data frame, and then merging
them into a large dataset. This step is necessary to make analysing and working with

the data more accessible. It also allows for more efficient processing when applying
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machine learning algorithms to the data. The merged dataset can then be preprocessed

and cleaned before being passed to the machine-learning model for further analysis.

3.5.4.2 Writing the data frame

Feather format is a lightweight binary format for storing data frames designed to be fast
and efficient for reading and writing. Because it is binary, it can be read and written
much faster than traditional text-based formats like CSV or Excel, making it well-suited
for large datasets like this project. Additionally, because it is designed to be lightweight,
it reduces the data frame's size, making it easier to store and share. The feather format
is well suited for storing data frames for machine learning and data analysis tasks
because it is fast, efficient, and easy to use. Exporting the data frame was causing
performance issues as the data frame was almost 10.0 Gb being written as a single CSV
or excel file, which was a time-consuming procedure as 10.0 Gb and was not an ideal
approach. Thus, exporting the data frame into a feather format significantly reduced the
size of the data frame; not only the feather format reduced the file size significantly size
it offered more extraordinary read-write speeds as compared to traditional excel or CSV

format

3.5.4.3 Top 50 Active Users

The code snippet below will select the dataset's top 50 users with the most interactions.
By counting the number of interactions for each user and then sorting the data by the
number of interactions in descending order, the top 50 users with the most interactions
can be found. This information can help determine which users are most engaged with

the platform and may have more valuable information for the analysis.

cids = KTl.user_iD.value counts()}[:58]

fig = plt.fipure(fipsize=(12,6))

ax = cids.plot.bar()

plt.title("Fifty most active USER'S™)

plt.xticks({rotation=2@)

ax.get_yaxis().set_major_formatter{FuncFormatter{lambda x, p: format{int(x), ','))) ¢
plt.show)

3.5.4.4 Target Column “Correct.”

The dataset had several interactions different users had; Now, the approach was to
determine the correctness and incorrectness of users’ interactions. Thus, a new column

was needed to indicate that when a user attempts a question, it is correct or incorrect.
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This column will have a binary indication that is 1 and 0. If the attempted question by
any user is correct, then the value would be “1”; otherwise, it would be “0” in case of

incorrect.

As mentioned above, there is a “Questions CSV” in the “content sub-dataset”, which is

an answer key sheet for all the questions.

Now there is a need to create a correct column in the primary data frame and check the
attempted questions with the answer key. Below is the code snippet for creating a
“correct” column, checking each interaction, and filling up the values in the “correct”
column. This information can then be used to analyze the students' performance and
identify trends in their interactions. In addition, this new column will allow us to

calculate the accuracy of each student.

# creagte g ‘correct' column
dfm[ "correct’'] = np.nan

# Loop - 1if user answers == correct answer, then difgf ‘correct'j[ _J= 1
length_df = dfm["user_iD'].count()
count = @
for i in range(length_df):
if dfm["user_answer'][count] == dfm['correct_answer'][count]:
dfm['correct’' J[count] = 1
if dfm["user_answer']J[count] != dfm['correct_answer' J[count]:
dfm["correct'][count] = @
coumt+=1

3.5.4.5 Questions Correctness/Incorrectness

After identifying the total number of questions attempted by each user, the next step
was to find the number of correct and incorrect answers for each user. To achieve this,
the "Correct" column, created in the previous step, filtered the data and counted the

number of correct and incorrect answers for each user.

This code groups the data by the "user _id" column and counts the number of times each
value appears in the "Correct" column. The resulting data is then unstacked and
transformed into a new data frame with columns for "Correct" and "Incorrect" answers
and rows for each user. This way, we can summarise the number of interactions of users
to see each user how many questions they attempted and the count for correctness and

Incorrectness.
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df_total questions_attempted = dfm.groupby ([ user_iD'], as_index=False , sort=False)['gquestion_id'].count(}
df_total_questions_attempted = df_total_questions_attempted.rename{columns={'guestion_id": 'Total Questions Attempted'})

gf_total_gquestions_sttempted.head()

After figuring out the total number of questions attempted, it is time to identify how
many questions are correct and incorrect. Below is the code snippet to check the count

for “Corrected” and “InCorrected.”

df_correct = dfm[dfm[ correct']==1].groupby{['user_iD"], as_index=False, sort=False)['question_id"'].count()
df_correct = df_correct.renama(columns={'question_id': 'Corrected'})

df_correct.head(}

df_incorrect = dfm[dfm['correct']==8].groupby{['user_iD'], as_index=False, sort=False)['questiom_id'].count()
df _incorrect = df_incorrect.rename{columns={"question_id': 'Incorrected'})

gf _incorrect.head( )

3.5.4.6 Users Percentages

The "Percentage" column is calculated by dividing the number of correctly answered
questions by the total number of questions attempted by a user and multiplying the result
by 100 to get the percentage. The percentage represents the user's performance on the
questions they attempted, which allows for a more accurate comparison of the
performance of different users, as the total number of questions attempted can vary

significantly between users.
Below is the code snippet for calculating the percentages of each user

dfs = [df_total_guestions_attempted, df_correct, df_incorrect]
df_final = reduceilambda left,right: pd.merge(left,right,on="user_iD'), dfs)

df_final['Percentage'] = (df_final['Corrected'] / df_final['Total Questions Attempted']) *16@
df_final.head()
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3.5.4.7 Users elapsed time

With all the interactions and information gathered in terms of attempts, correctness,
incorrectness and percentages, Furthermore to identify on average each user how much

time in seconds it takes to answer all the questions they attempted. As per the source

dataset, the elapsed time of each attempt was given in milliseconds.

First, convert from milliseconds to seconds, then take an average of all interactions to

identify each user's average time.

Below is the code snippet for finding out elapsed time

KT1['elapsed_time']= KTl.elapsed_time.div{10@8) #DIVDING THE ELAPSED TIME by 1089 to further check the mean elapsed time by each user

Elapsed_time= KT1.groupby('user_iD' , sort=False)['elapsed_time'].median()

3.5.4.8 Users Statistics:

Additionally, all interactions can be combined into a single data frame, such as "Total
Questions Attempted", "Corrected", "Incorrected", "Percentage", and "Elapsed time".
These statistics provide an overview of all users in a single table format data frame,
detailing the number of total questions attempted, the number of correct answers, the
number of incorrect answers, the percentage of correct answers out of the total

attempted, and the average elapsed time taken per question for each user.

3.5.4.9 Describing Statistics:

Now the aim was to determine the statistics of users based on a corrected column to see
the minimum number, maximum number and, on average, how many questions are

corrected.

Below is the snapshot of the “Corrected” column describing the feature used in the

python language.
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df[ 'Corrected' ] .describe()}
count 611686 . 288208
mean 318, 2394018
std 781.559173
min 2.008380
25% 36, 0RE90E
5% 93, 2a0360
75% 293, 808208
max 24522, B0BIGE

Name: Corrected, dtype: floatéd

Figure 20: Description of Student's Correct Answers

Here we can identify that the minimum number of corrected answers is 2, which
indicates some users only corrected only two questions; this also determines the
maximum number of corrected answers is 24622, which indicates that specific users

exist, which has the highest amount of correctness.

On Average, i.e., 50% of the users correct 93 questions, and 75% correct 293 questions.

3.5.4.10 Top Performing Users:

With all the information that was determined from describing the statistics, the next step
is to identify which users are the top users whose percentages are greater or equal to
95%. Nevertheless, unfortunately, there were only 13 out of all 780K users whose

percentages were greater or equal to 95%.

3.5.4.11 Identifying Top Performing Users:

With all the information that was determined from describing the statistics, the next step
is to identify which users have attempted the maximum number of questions correctly.

Below is the code snippet to find out those specific users.

df USER = df.loc[df['Correcied"] == 24622]

of_USER

user_iD Total Questions Attempied Comected Incomrected Percentage elapsed_time
61027 9857 34379 2427 o757 71619302 240

Figure 21: Identification of the user who has corrected the most questions
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Only one user attempted a total of 34379 questions, 24622 were corrected, and 24622
were incorrect, which indicates the percentage of the user to be 71.6%, and the average

time spent on each question is 24 seconds.

3.5.4.12 Identifying Low-Performing Users:

With all the information that was determined from describing the statistics, the next step
is to identify which users have attempted the minimum number of questions correctly.

Below is the code snippet to find out those specific users.

df _USER_low = df.loc[df["Corrected"] = 2]

df_USER_low

user_iD Total Questions Attempted Comrected Incomrected Percentage elapsed_time

12431 3280 3 2 25 6451613 2333
55499 753037 30 2 28 66667 6.000
57621 802971 3 2 33 3.T14286 5,00
58785 g14825 39 2 37 5.128205 9.000

Only four users attempted a different number of questions, but only 2 out of all the

attempted questions were corrected.

3.5.4.13 Repeated Questions in the data frame:

This dataset is gathered with the help of the SANTA UI application via mobile and web
applications. Thus, users could attempt questions previously shown to that specific user
during the previous login, which increases the percentage of a user who knew the

answer already to that specific question.

Below is the code snippet to find out to each user how many questions they have

attempted twice or more and which specific question.
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df i = df.groupby([ 'user _iD', 'question_id']).size().reset_index(name='counts')
df_i.head()

user_iD question_id counts

0 1 7
1 1 10 2
2 1 1
3 1 13
4 1 29

Figure 22: Identification of the repeated questions count attempted by the user

Here it indicates that user one has attempted questions # 7 and 10 twice, and this list
continues. Furthermore, the data frame also includes those questions that were only
attempted once; thus, to get a clearer view, eliminate those questions that were only

attempted once by each user.

Below is the code snippet

Repeat = df_i.loc[df i['counts'] » 1]
Repeat.head()

Figure 23: Identification of attempted repeated questions attempted by the users

Now all the actual repeated questions have come to light from each user. Below is the
example of user # 1, which attempted question # 555 five times. The first two
interactions indicate that the answer provided by the user was incorrect. Still, the last

three times, the user attempted the question correctly, which may affect the percentage.

As the correct answer to question # 555 was “c”, The user chose “a” the first time and
“b” the second time, which determines to be incorrect. Then, for a third, fourth and final

time, the user chose option “c”, which appears to be correct.
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user_iD question_id counts

33 1 243 4
49 1 485 4
55 1 555 5
64 1 600 3
66 1 667 4

Q555 = df.loc[df['question_id']

Qs55[e:20]
index timestamp solving_id question_id user_answer elapsed_time useriD correct answer bundle_id explanation_id deployed_at correct
156 156 1566655050670 147 555 a 220 1 c 555 555 2019-06-24 08:47:07.802 0.0
327 327 1567517420484 258 555 b 280 1 c 535 555 2019-06-24 08:47:07.802 0.0
681 681 1569287374890 430 555 c 220 1 c 555 555 2019-06-24 08:47.07.802 1.0
712 712 1569366821751 451 555 c 310 1 c 555 555 2019-06-24 08:47:07.802 10
1008 1008 1569568197126 628 5535 c 200 1 c 535 555 2019-06-24 08:47:07.802 1.0

Figure 24: Identification of repeated question attempts and analysis in which time the answer matches
the correct one

3.5.4.14 Removal of Repeated Questions in the data frame:

As many users have attempted multiple questions repeatedly thus, all the repetitive
questions to each specific user have been dropped and kept the interaction where the
user correctly answers the specific question. The same questions attempted by each user
was removed based on the “user iD”, “question_id”, and “correct” column from the

primary data frame. Below is the code snippet

";'guestion id', 'correct'])

df['correct'].eq(l) & ~df.drop duplicated(['user_iD

mask = df[‘correct’'].eq(l) & ~df.duplicated(['user_iD", 'question_id', 'correct'])

out = dif[mask]

3.5.4.9 Updated Data frame

After the removal of repeated questions attempted by each specific user, most of the
users lie in the bracket whose percentages are greater or equal to 80%, which concludes
a data frame of almost 28 thousand users. As mentioned at the start of the methodology,
there are 8932 bundles stated in the “bundle id” column. Each bundle contains 1, 2, 3,

4 and 5 questions.
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3.5.4.15 Pivot Table Data frame:

All the incorrect attempts were also removed to create a data frame where all the users
who belong to 80 percent or more categories are the top students and find out the trends

of bundles order studied.

With the help of “bundle id”, “timestamp”, and “user iD”, The aim was to create a pivot
table data frame which would indicate each user in what order they studied the specific
bundle.

If a user does not study a specific bundle(s), it will place as 0; otherwise, it will fill up

with the ascending order of bundles studied by each user. Below is the code snippet

#making count files

bundle = [f'b{i}' for i in range(l, 8933)]
values = df.sort_values('timestamp’).groupby('user_iD').cumcount().add(1)
out = (

df.assign(value=values).pivot_table('value', ‘user_iD", "bundle_id', fill value=@)
.reindex(bundle, axis=1, fill walue=8)

Below is the preview of the pivot table data frame.

In [3]: |df.head()

user_iD bi b2 b3 bd b5 bs b7 b8 b% bI0 bii bi2 b1 bid bi5 bi6 b17 biE bi3 b20 b21 b22 b2 b24 b25 b26 |

0 50 i D B5S1 182 W30 0 S8 0 0 0O O 0 0 o ] P 0 0 0 B 0 0 0 © 0O
1 L] 0 0 o0 738 D O S0 0 07X W 0 728 0 0 o 0 0 0
2 98 aM4 3820 M 0 6 01073 0 0 0 0 3545 3502 3512 3300 3500 0 3728 3435 3845 ] o0 1]
3 ag 1] 1] o 0 0 0
4 103 [ 0 0 o 0 0 0o 00 0 @ o 0 o 0 o 0 0 0o

The dataframe indicates each user in ascending order of bundles studied.

3.5.4.15 Replacing Values in the data frame:

As the pivot table indicates many zeros in the data frame, All the zeros were replaced
with “True-NAN” and indexed the user id for the other process so that the user id

column would not get affected. Below is the code snippet

Page | 88



Chapter 3 Research Methodology

REPLACE 0 with TRUE NaN

In [4]: |df= df.replace(a, np.nan)

Indexing USER ID column

In [S]: |df = df.set_index('user iD")

3.5.4.16 Updated Data frame Description:

Indexing the “user id” was necessary to calculate the total number of bundles read by
each user out of the total bundles; thus, a new column was created to store the count of

total bundles read by each user. Below is the code snippet

In [6]: |df['bundles_read'] = df.noina).sum{axis=1)

Since the bundle’s read column was created, it contains the total number of bundles read

by each user out of the total bundles, which is 8932.

In [7]): |df["bundles_read"].describe()
ut[7]: count 275884, 028800

mean 189,977765

std 455,947428

min 1. 008208

25% 5. 008a08

Seh 8. 09ge8a

7E% 24, 828aea

max 7563 . ao22ad

Name: bundles_read, ditype: floatesd

As the output indicates, most users only read between 5 and 24 bundles out of all the

total bundles.

3.5.4.17 Removal of Users:

The total number of bundles in the data frame is 8932, and upon further investigation,
it indicates most of the users only read between 5 and 25, respectively, out of all 8932.
Thus, all the users were dropped who had read less than four and greater than 30

bundles. Below is the code snippet.
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In [10]: |df.drop(df[ (df[ 'bundles_read'] « 4)].index, inplace=True)

In [11]: |df.drop{df[ (df[ 'bundles_read'] > 28}].index, inplace=True}

Here is also the detailed description of the “bundles _read” now

df[ "bundles_read"].describe()
court 21355 . 008088

mean &.56E288

std b.175%845

min s

25% 4 . 800000

Sk £ . S00088

75k 12 . 808868

max 32 . 800000

Mame: bundles resd, diype: floatss

This description indicates that the minimum number of bundles read is 4, the maximum
number of “bundles read” is 30, and fifty percent of the users have read ten bundles. It
also indicates the total number of users left in the data frame in the count as 21895 out

of 27884 users.

3.5.4.18 Removal of Bundles:

The total number of bundles is 8932, there are still such bundles which no user has read,
and it only contains values as “NaN”, as it was replaced by 0 earlier. Thus, removing
such bundles was also necessary as it does not play any part in all student interaction.

Below is the code snippet and shape of a newly formed dataset

In [16]: |df= df.dropna(axis=1, how='all'}
df . shape

out[1e]: (21895, 6728)

As this indicates, now the user’s count is 21895, and the remaining bundles are 6728

out of 8932, meaning any user did not read 2204 bundles throughout the time.

3.5.5 Features Scaling

The goal of feature scaling is to normalize the variety of independent variables or

features of data. Feature Scaling is done by transforming the data to fit within a specific
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scale, like 0-1 or -1 to 1. It is vital because machine learning algorithms typically work

better when the input features have a consistent scale and distribution.
There are several standard techniques for feature scaling, such as:

e Min-Max Scaling: This method scales the data to a specific range, such as 0-1.
Each value is scaled to 0 and 1, where 0 is the minimum value and 1 is the
maximum value.

e Standardization: This method scales the data to standard normal distributions
with a mean of 0 and a standard deviation of 1. Each value is transformed, so
the new value has a mean of 0 and a standard-deviations of 1.

e Normalization: This method scales the data to a unit norm. Each value is
transformed such that the sum of squares of the transformed values equals 1.

It is important to note that feature scaling should be applied after the data has been
cleaned, preprocessed and transformed. In this project, the type of feature scaling used

is not specified; thus, any of the above methods or other methods depend on the use

case and data characteristics.

3.5.5.1 Min Max Scaler

Min-max scaling is used to scale the values of a particular feature or variable to a fixed
range, usually between 0 and 1. Min Max Scaler is useful when the range of values for
that variable is quite extensive and would otherwise have an outsized influence on any

models or calculations that use it. In this case, the formula is:

X —xmin

xmax — xmin

Where:

e m is our new value

e x is the original cell value

e xmin is the minimum value of the column

e xmax is the maximum value of the column
For Scaling, “MinMaxScaler” was applied because it scales all the dataset features in
the range of either (0, 1) or if the features include negative values (-1, 1). In this case,

the dataframe did not contain any negative values; thus, “MinMaxScaler” scaled all the

features with 0 and 1. Before applying the min max scaler, all the “True-NaN” were
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replaced with 0, and the count of the “bundles _read” column was removed as it provides

no further information or plays any role anymore.

Below are the code snippets

In [17]: df3s df.replace(np.nan, @)
df3=df3.astype(int)

In [18]

In [19]: from sklearn.preprocessing import MinMaxScaler
from sklearn.preprocessing import StandardScaler
scaler = MinMaxScaler()
data_rescaled = scaler.fit_transform(df3)

In [2@]: scaled df = pd.DataFrame(data_rescaled, index=df3.index, columns=df3.columns)
#scaled df.head()

3.5.5.2 Principal Component Analysis (PCA):

Principal component analysis, or PCA, is a dimensionality reduction technique often
used to reduce the dimensionality of large data sets by transforming a large set of

variables into a smaller one that still contains most of the information in the large set.

Reducing the number of variables in a dataset set naturally comes at the expense of
accurateness. Still, the trick in dimensionality reduction is to trade a little accuracy for
simplicity. In addition, reduced data sets are easier to explore and visualize, making
analyzing datasets much easier and quicker for machine learning procedures deprived

of extraneous variables to process.

To sum up, the knowledge of PCA is unpretentious — condense the number of data

variables while preserving as much information as possible.

After scaling, a dataset's dimensionality was still considered significant enough to be
processed in the machine learning model. Thus, a technique named PCA was applied.
PCA is a technique often used in machine learning and data science to reduce the
dimensionality of a dataset by transforming large sets of variables into smaller ones that

still contain most of the information of a large dataset. To summarize, PCA reduces the

Page | 92



Chapter 3 Research Methodology

number of dataset variables while preserving as much information as conceivable. Thus,

PCA was applied to the scaled dataset, which was scaled earlier by “MinMaxScaler”.

3.6 Machine Learning Model

This dataset indicates that this belongs to unsupervised learning. K-Means is a widely
used clustering algorithm that partitions a dataset into K clusters where each data point
fits the cluster with the nearest mean. The objective of the K-means procedure is to
minimize the sum of the squared distances amongst each data point(s) and the mean of
the cluster it belongs to. In this project, the K-means algorithm was applied to the PCA-
transformed dataset to group users based on their behaviour or interactions within the

learning platform.

Additionally, the K-Nearest Neighbors (KNN) algorithm is another unsupervised
learning method that can be used for Recommender systems. The KNN algorithm
determines the k number of closest points (neighbours) to a given data point and then
makes predictions based on the most known target attributes of those k nearest
neighbours. Identifying similar patterns in the dataset can make predictions for new data

points.

In this project, The K-means algorithm was used for clustering the dataset and KNN
was used for the recommendation system. The goal is to cluster the users in similar
groups and make recommendations based on those groups, which is done by identifying

each user's behaviour.

3.6.17 K-Means Algorithm:

The k-means algorithm is one of the most naive and popular algorithm unsupervised
machine learning and data science algorithms. The real challenge in this algorithm is to
set a value of K. The value of K indicates the total number of clusters to be made. K-
means works by iteratively dividing the data into k clusters based on the distance of
each data point from the centroid of each cluster. The algorithm starts by randomly
initializing the centroids of the clusters, then assigns each data point to the cluster whose
centroid it is nearby. It then calculates the new centroid for each cluster based on the
data points assigned. This procedure is repeated until the centroids no longer change or

until a particular stopping criterion is met.
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One way to set the value of K is to use the elbow method, which plots the value of the
cost function (e.g., the sum of squared distances amongst data points and cluster
centroids) against the number of clusters and chooses the point at which the cost

function starts to decrease at a slower rate as the number of clusters increases.

Data science and machine learning practitioners can use K-means to identify patterns
and group similar data points together, which is more interpretable and valuable for

further analysis.

3.6.1.1 15t Integration:

The k-means algorithm randomly initialises K centroids, where K is the number of
clusters to be made. Then, each data point is assigned to the cluster with the closest
centroid. After that, the centroids are recomputed as the mean of all data points assigned
to that cluster. This process is repeated until the cluster assignments no longer change
or a maximum number of iterations is reached. The final result is K clusters, each

containing a set of data points.

The value of K is a crucial parameter in the K-means algorithm, as it determines the
number of clusters to be made. A standard method for choosing the value of K is to use
the elbow method, which involves plotting the validation score (such as SSE) against
different values of K and choosing the value of K where the validation score starts to

flatten out.

In the case of this project, the value of K is set to 50 as an arbitrary value. The first
iteration will indicate the number of set clusters, and the validation score as the SSE
score will indicate the machine learning model's performance. The choice of K = 50 is
arbitrary, and the results must be checked with other values of K to ensure that the
results are optimal. SSE (Sum of Squared Errors) measures how far the data points in a
cluster are from the centroid (mean) of that cluster. In K-means, the goal is to minimize
the SSE to get the best clustering results. A low SSE value indicates that the data points
in the clusters are very close to the centroid, which means that the clusters are well-

defined.

Therefore, a low SSE score, like 6.74, is desirable in this case; it indicates that the

clustering results are promising, which indicates that the algorithm has been able to
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group the data points into 50 clusters, so data points in each cluster are similar and close

to the centroid of that cluster. Below is the code snippet

In [74]: kmeanModel = KMeans(n_clusters=5@ , random state = 8)
label = kmeanModel.fit_predict(reduced)
sse = kmeanModel.inertia_
558

Cut[74]): 6.749320666984824

3.6.1.2 K-Means Elbow Method:

The K-Means elbow method can help determine the finest number of clusters for the K-
Means algorithm. By providing a range of possible values for K and evaluating the
algorithm's performance using a metric like the SSE score for each value, the method
can help identify the point where the algorithm's performance plateaus, commonly
referred to as the "elbow" of the plot. This elbow point is considered the optimal value
of K for the algorithm, as adding more clusters beyond that point typically does not
significantly improve performance. In this case, the range was provided from 50 to 150
clusters to determine the optimal value of K for this specific dataset, which will help
optimize the clustering and best representation of data. Below is the code snippet
e range(s0,150):
kneans. Fit (reduced)

wess_iter = kmeans.inertia
wess.append(wess_iter)

number_clusters = range(5@,150)
plt.plot(number_clusters,wcss)
plt.title('The Elbow title")
plt.xlabel('Number of clusters')
plt.ylabel("WCS5")

3.6.1.3 K-Means Elbow Method Plot:

The K-Elbow Visualizer is a technique used to determine the optimal value of K when
applying the K-means algorithm. The technique runs K-means clustering on the dataset
for a range of values of K and then computes an average score for all clusters for each
value of K. By default, the distortion score, the sum of square distances from each point

to its assigned centre, is computed. Other metrics, such as the silhouette score, or the
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calinski_harabasz score, can also be used. When these overall metrics for each model
are plotted, it is possible to determine the best value for K visually. The "elbow" on the
curve represents the inflexion point where the model fits the best, and in this case, the
elbow is observed at K = 90, indicating that the optimal number of clusters for this

dataset is 90.

The elbow method returns the output as a plot (discussed in the next chapter); the elbow

was observed at the K-value on 90

3.6.1.2 2" Integration:

Finding the optimal value for K in the K-means algorithm to be 90, the second iteration
was done with the value of K to be set as 90 to determine the SSE score. Below is the

code snippet

In [26]: kmeanModel = KMeans(n_clusters=9@ , random_state = @)
label = kmeanModel.fit_predict({reduced)
sse = kmeanModel.inertia_
sse

Out[26]: 3.1576311572754143

It is great to see that the SSE score improved from the initial value of 6.74 to 3.15 after
adjusting the number of clusters to 90. A lower SSE score typically indicates that the
clusters are more tightly grouped and have a better fit for the data. Therefore, using 90
clusters for this dataset could lead to more accurate and meaningful results than using a

different number of clusters.

3.6.1.4 Maximum number of users in a cluster:

It is important to note that clustering algorithms like K-means aim to group similar data
points in the same cluster. Therefore, it is not necessary or meaningful to say that one
cluster contains the "most users", as the goal is not to group data points by quantity but
by similarity. Additionally, it is essential to consider the interpretation of the results, the
final number of clusters obtained, the method used, if it makes sense to the problem, if

the clustering provides valuable insights into the data, and if it is worth following the
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next step. To determine which specific cluster contains most of the users and which

cluster number, below is the code snippet and results

In [27]: imum number of
al number of u

No. {np.bincount(label).argmax()}")
{np.bincount(label).argmax()} is {np.count_nonzero(label np.bincount(label).argmax())}")

q

Maximum number of users are in the cluster MNo. @
Total number of users in the Cluster No. @ is 11569

The above output indicates the first cluster, which is Cluster # 0, contains most of the

users with a count of 11569 out of almost 22 thousand users

3.6.1.5 Minimum number of users in a cluster:

To determine which specific cluster contains the minimum number of users and which

cluster number is, below is the code snippet and results

In [28]: dinimum number
otal number of

s are in the cluster Mo, {np.bincount(label).argmin()}")
in the Cluster No. {np.bincount(label).argmin({)} is {np.count_nonzero(label np.bincount(label).argmin())}

] »

Minimum number of users are in the cluster No. 31
Total number of users in the Cluster No. 31 is 1

The above output indicates that cluster, which is Cluster # 31 contains the lowest

number of users, as it only contains one user.

3.6.2 Recommender System Algorithm:

A recommendation engine is a type of machine learning that typically deals with
ranking or rating systems found on websites like YouTube and Netflix and online
retailers such as Amazon and Daraz. These systems also consider the behaviour of
individual users. In this case, as we have a dataset that is user-based, the
recommendation system will analyze similar trends among different users and make

suggestions to both new and existing users

3.6.2.1 KNN Recommender System Algorithm:

The K-Nearest Neighbors (KNN) algorithm is a popular choice for building a
recommendation system. The basic idea behind this algorithm is that it finds the k-
number of users most similar to a given user based on their past interactions or
behaviour. These similar users are then used to make recommendations to the given

user.
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The first step in developing a recommendation system using KNN is determining user
similarity, which can be done using various metrics such as cosine similarity or
Euclidean distance. Once the similarity between users is calculated, the k-nearest
neighbours are found for each user. These nearest neighbours are then used to make

recommendations to the given user.

In addition to the KNN algorithm, other techniques, such as collaborative filtering and
matrix factorization, can also be used to build recommendation systems. Collaborative
filtering is based on the idea that users with similar preferences will likely have similar
preferences in the future. On the other hand, Matrix factorisation is a technique used to
decompose a large sparse matrix into smaller and denser matrices. These matrices can

then be used to make recommendations.

Overall, the choice of algorithm for a recommendation system depends on the problem's
specific requirements and the data availability. The KNN algorithm is a simple and
effective method for building a recommendation system. Still, other techniques, such as
collaborative filtering and matrix factorization, may also be considered depending on

the context.

3.6.2.2 KNN Algorithm Metrics:

The KNN algorithm, or K-Nearest Neighbors, is a technique used in machine learning
to determine the similarity between data points by considering their distance. Various
metrics can be used to calculate the distance between data points, and each is suited for
different data types and use cases. Some standard metrics used in KNN include
Euclidean distance, Manhattan distance, and Minkowski distance. Euclidean distance is
often used for continuous variables, Manhattan distance for discrete variables, and
Minkowski distance for a combination of both. Other metrics like cosine similarity,
correlation distance, and hamming distance can also be used based on the use case and

data characteristics.

KNN METRICS USE CASE

Minkowski Distance Normal Vector Space
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Manhattan Distance Taxi-Cab Distance or City Block
Distance
Euclidean Distance Distance between two straight lines in

Euclidean space

Cosine Distance Similarities between two vectors

Jaccard Distance Similar to Cosine, but it looks for where

two vectors approach the value 1

Hamming Distance Comparing two binary data strings

Table 4: KNN Algorithm Metrics

3.6.2.3 KNN Metric Cosine Distance:

The cosine similarity metric measures the cosine of the angle between two vectors in a
multidimensional space. It is often used when working with text data, as it can measure
the similarity of two text documents by treating them as vectors in a high-dimensional
space. In this case, the KNN algorithm would use the cosine similarity metric to
determine the similarity between users based on their interactions with the web
application and other sensor data and make recommendations to new or existing users

based on that similarity.

It also works well in high-dimensional spaces because it is less affected by the curse of
dimensionality. It also does not require any parameters to be set, which makes it easy

to use and interpret. For example, the formula for the cosine metric is given below:

a b
cos0 = ———

lal- | B

Thus, the KNN machine learning algorithm is used to build a recommender system with

cosine metric as a distance calculator.
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3.6.2.4 KNN Recommender System Machine Learning modelling:

KNN algorithm to the scaled dataset using the cosine metric to measure similarity
between vectors. It uses scaled data to look for similar user trends and make
recommendations based on those trends. This process allows for personalized
recommendations for each user based on their past interactions and behaviours. The
code snippet of the KNN machine learning algorithm was applied to the scaled dataset,
which was scaled with “MinMaxScaler” to look for similar trends and eventually

recommend a specific user to the other.

In [26]: from sklearn.neighbors import NearestNeighbors

In [27]: model=NearestNeighbors(metric="cosine’)
model.fit(scaled df)

Out[27]: MNearestNeighbors(metric='cosine’)

In [28]: selected=1@3

The KNN algorithm, using the cosine metric, compares the vector of the chosen user
(in this case, user 103) to the vectors of all other users in the dataset. It then identifies
the users most similar to user 103 based on the cosine similarity measure and
recommends them as similar users. This recommendation can be helpful in several
applications, such as making personalized content or product recommendations to users
on a website or app. The KNN algorithm can be used for various tasks, including
recommendation systems, classification, and regression. In this case, it was used to find
similar trends among different users in the dataset and make recommendations to a new
or existing user. The algorithm was applied to a scaled dataset, which was scaled using
the MinMaxScaler. The KNN algorithm uses a distance metric to determine the
similarity between observations. In this case, the cosine similarity metric was used,
which compares the direction of vectors to determine similarity. The machine learning
model returned six similar users to the selected user (user # 103) as recommendations.
It 1s significant to note that the recommendations provided by the machine learning
model are based on the data provided in the dataset. Therefore, the accuracy of the
recommendations may vary depending on the quality and relevance of the data. In the
next chapter, it would be beneficial to analyze the recommendations provided by the

model and evaluate their effectiveness.
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Chapter 4: Result and Discussion

This chapter describes the methodology and results of a research project aimed at
creating a machine learning-based recommendation system for an online education
system. This project provides an in-depth discussion and personal analysis of the
processes used to analyze student interactions. The primary objective of this project
venture is to classify similar students' workflows, grouping them into clusters and
utilizing these clusters to develop a recommendation system. Two machine learning
models cluster students based on their typical patterns and create a recommendation
system. Additionally, the algorithm's time and memory requirements are considered to

create an efficient solution that balances accuracy with performance.

4.1 Students Patterns & Analysis

The data utilized in this research study comprises a record of student interactions,
including timestamps. For a data scientist, one of the first steps when working with this
type of data is to gain a general understanding of the student's behaviours, such as when
and what they are studying, as well as the impact of external factors. This initial step is
essential to identify the essential information before moving on to a more specific or

targeted analysis.

4.1.1 Top 50 Active Users

The dataset in question contains information on the number of students and their
interactions to identify which specific users have the highest interactions throughout the
dataset collected by SANTA UI. To visualize the top 50 active users, a histogram was
plotted with the specific user ID on the X-axis and the number of interactions on the Y-
axis, which allows for a clear and straightforward representation of the distribution of

interactions among the different users.
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The histogram allows us to identify the user with the highest number of interactions. In
this example, the user has attempted almost 35000 questions throughout the data
collection period. This information provides insights into user engagement with the
system. It is essential to point out that this histogram would help determine the students'
engagement and identify outliers. Still, it might not be enough to determine the student's

success or the system's effectiveness.

4.1.2 Users Data Statistics

The dataset provides information on the performance of individual students, including
the number of questions attempted, the number correctly answered, and the number
answered incorrectly. To quantify the students’ performance, a percentage of correct

answers is calculated using the traditional mathematical formula of

Corrected 1
Total Questions Attempted X

00

The statistics provide a standardised and straightforward measure of student
performance across the dataset. This percentage is a standard metric for measuring
multiple-choice questions performance. However, it is essential to note that it may not
be the best metric for all subjects or evaluation methodologies. Still, it is a valuable tool

for quickly analysing the dataset performance.
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df .head()

user_iD Total Questions Attempted Corrected Incorrected Percentage elapsed_time

0 1 1082 753 329 69593346 36,75
1 2 16 E T 56.250000 27.75
F 100 33 15 15 54,545455 34.50
3 1000 1488 830 558  62.500000 34.00
4 10074 2436 1790 636  T2.003218 25.00

Figure 26: Each User's statistics for correctness, incorrectness, respective percentages and on elapsed
time on average on each question

Lastly, the dataset also includes information on the elapsed time for each student,
indicating the average number of seconds spent on each question attempted. This
information can provide insight into the student's study habits and engagement with the
material. For example, User 1 has spent an average of 36.75 seconds on the 1082
questions attempted. In addition, this information can be used with the percentage of

correct answers to try to identify the factors related to success and engagement.

4.1.3 Top Performing Users

With all the information gathered, the next step is to identify the top students, which in
this case are those whose percentages of correct answers are greater than or equal to
95%. The dataset shows that only 13 students fall into this category. A histogram plot
is created with this information, with the user ID on the X-axis and the percentage of
correct answers on the Y-axis, which allows for an easy and intuitive representation of

the distribution of performance among the top-performing students.

It is significant to point out that even though this process would be an excellent way to
identify top-performing students and outliers, it is not the only metric to evaluate the
system's success or the students. Other factors such as engagement, effort and learning

may need to be considered to have a more holistic perspective of student performance.
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Figure 27: Histogram of Top Performing Users

4.1.4 Top Users vs Questions Attempted

As previously discussed, the dataset was analyzed to identify students with percentages
of correct answers greater than or equal to 95%. An additional analysis that can be done
with this information is a histogram frequency plot that illustrates the relationship
between the number of questions attempted and the percentage of correct answers. The
x-axis represents the total number of questions attempted. At the same time, the y-axis
shows the frequency of students with a certain percentage of correct answers for a given
number of questions attempted. These stats can help identify patterns and trends in
student performance and look for possible relationships between the number of

questions attempted and the quality of the performance.
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Figure 28: Frequency Plot between Users & Questions

Here it indicates that almost 900 questions are attempted by some users, which have 90

percent and less than 100 for the percentage of 97 and above.

4.1.5 Users vs Percentages

The histogram frequency plot illustrates a relationship between the number of questions
attempted and the percentage of correct answers. One possible pattern that can be
observed from the plot is that students who attempted between 900 and 1000 questions
may have a percentage of correct answers ranging from 90% to 97% and above. This
information can indicate that there might be an optimal point in the number of questions
attempted for the students to perform at the best level. However, this correlation does
not imply a causal relationship; other factors, such as students' prior knowledge, study
habits, and strategies, should also be considered. Additionally, as this is only a part of
the data, more analysis and larger sample size are needed to have a more robust

conclusion.
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Figure 29: Frequency plot between Users with Percentages

4.1.6 Users vs Bundles Read

The dataset includes an additional column named "bundles read," which indicates the
total number of bundles read by each user out of 8932 total bundles. This column could
be used further to analyze students’ engagement with the online education system. A
histogram frequency plot of this column could help identify student behaviour patterns.
For example, the plot may show that most students read less than 1000 bundles, with a
few outliers reading between 2000 to 3000 bundles. Outliers, in this case, are the users
far from the rest of the sample and may or may not be significant. However, in this case,
it could be argued that reading so many bundles might not represent a typical student,

and therefore these users can be removed from the analysis.
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Figure 30: Frequency plot between Users with Total Bundles Read

4.1.6.1 Reduced Users vs Bundles Read:

The "bundles read" column in the dataset contains the count of the total number of
bundles read by each user out of the total number of available bundles, which is 8§932.
This column provides additional information on the engagement and study habits of the
students in the online education system. The information below can be used to
understand how students interact with the system and how many resources each student

is accessing.

Count 27844.0000
Mean 109.977765
Std 455.947428
Min 1.000000
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25% 5.00000
50% 8.00000
75% 24.00000
Max 7563.0000

Table 5: Identification of quartiles bundles read by students

As the output indicates, most users only read a small number of bundles, specifically
between 5 and 25 out of the total 8932 bundles. To further refine the analysis, users who
have read less than four bundles or more than 30 bundles are removed from the dataset.
This filter is applied to exclude users who might not represent the average student,
which can bias the results. After this filtering, a new histogram frequency plot is
generated, showing a more focused distribution of the remaining users in a narrower
range of read bundles. It is essential to point out that removing data in this way may

help to reduce noise and make it easier to identify patterns.

12000 B bundles_read

10000
8000
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. -..----—
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Figure 31: Frequency plot between Users with Modified Bundles Read

Here is also the detailed description of the “bundles_read” now

Count 21895
Mean 8.868280
Std 6.175045
Min 4.000000
25% 4.00000
50% 6.00000
75% 10.00000
Max 30.0000

Table 6: Identification of quartiles after the un-read bundles read by students

This information suggests that after applying the filter and removing users who have
read less than four bundles or more than 30 bundles, the remaining dataset still has a
wide range of bundles read. For example, where the minimum number of bundles read
is 4, the maximum is 30, and the median or 50 percent of the users read ten bundles.
Additionally, the total number of users remaining in the dataset after this filtering is

21895 out of the initial 27884 users.

It is worth noting that these numbers will vary depending on the parameters set to filter;
they could be adjusted to different values depending on the research goals. With this
new data frame, the next step would be to analyze this information to identify patterns

and gain insights into the students' behaviour.

4.2 K-Means Clustering

K-means is a popular unsupervised machine-learning algorithm that is often used for
clustering. One way it can be applied in this case is to group the remaining users in the

dataset into "clusters" based on their similarities, such as the number of bundles read.
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One way to do this is by setting the number of clusters to 50 as an arbitrary value.
However, it is important to note that the value of k is often a parameter chosen before

running the algorithm and should be carefully selected.

The process of selecting the best value of k is usually referred to as the "elbow method"
or "silhouette method", which consists in running the algorithm for different values of
k and comparing the results. The goal is to find a k that yields the best trade-off between
computational cost, interpretability, and performance. For example, with an arbitrary
value of 50, the algorithm's performance will be evaluated to see if it produces sensible

clusters and if this value of k needs to be adjusted.

In [74]: kmeanModel = KMeans(n_clusters=5@ , random state = 2)
label = kmeanMcdel.fit_predict(reduced)
sse = kmeanModel.inertia_
sse

oUt[74]: 5,749328666984824

4.2.1 SSE (Sum of Squared Errors) Score:

Cluster analysis is a statistical technique that groups similar consumers or respondents
into distinct market segments or clusters. The goal of cluster analysis is to minimize the
sum of squared errors (SSE) amongst the consumers in each cluster and the cluster

centroid (the centre of the cluster).

In this use case, the SSE score of 6.749 suggests that the consumers in the same cluster
are relatively similar, which is considered a good score for a sizeable unsupervised
dataset, as it means that the algorithm finds tightly packed clusters. First, however, it is

essential to validate the algorithm's performance by looking for the optimal value of k.

The elbow method is a common technique for determining the optimal number of
clusters. It consists of plotting the SSE for different values of k and looking for the
"elbow point", the value of k where the decrease in SSE starts to level off. This point is
often considered the optimal value of k. Therefore, plotting the elbow plot for K-means
and re-calculating the SSE score for different k values would better understand the

optimal value for k in this use case. Furthermore, it would allow us to see if the SSE
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improves as “k” increases or if it stays stable after a certain point, indicating the optimal

number of clusters.

4.2.2 K-Means Elbow Plot:

The elbow method returns an output as a plot, and the point where the rate of decrease
in the SSE slows down is considered the elbow point. The value of k at this point is

considered the optimal value of k for the given dataset.

The elbow method indicates an optimal value of k = 90 for this dataset, which suggests
that using 90 clusters to segment the data is likely to produce the best balance between
the number of clusters and the similarity of consumers within each cluster. As a result,
the SSE score should be re-calculated with the new optimal value of k = 90 to ensure
that it produces a better cluster solution than k = 50 and that the results are more

meaningful and interpretable.

It is important to note that the elbow method is one way to determine the best number
of clusters, but different methods may have different outcomes. Therefore, it is also
essential to validate the results with other metrics, such as silhouette or Davies-Bouldin

index and try to understand the meaningfulness and interpretability of the clusters.

The Elbow title

WCS5

&0 a0 100 120 140
Murmber of clusters

Figure 32: K-Means Elbow Plot
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4.2.3 2" |teration SSE (Sum of Squared Errors) Score:

After determining the optimal value for the number of clusters using the elbow method,
a second iteration of the K-means algorithm was conducted with the number of clusters
set to 90. The new SSE score of 3.15 suggests that the new cluster solution is
significantly better than the previous iteration. The score is much closer to zero and

almost half the difference from the previous SSE score of 6.749.

This new score indicates that K-means's machine learning algorithm can partition the

data more meaningfully and similar group students in fewer clusters.

It is worth noting that it is essential to validate these results with other metrics and with
a comparison to ground truth (if available) to determine the model's effectiveness and

the interpretability of the clusters.

Additionally, it is essential to remember that clustering is an unsupervised problem, and
there is no guarantee that the results will be optimal; the objective is to find a "good

enough" solution that helps to achieve the research goals.

4.3 Recommender System:

KNN (K-Nearest Neighbors) is another popular machine learning algorithm that can be
used for developing a recommender system by finding the most similar users to a

selected user based on their interactions with the system.

In this case, an arbitrary value for the number of recommended users was set to 6, which
means the algorithm will recommend six similar users to a selected user. The value of
k can be set to a higher or lower value depending on the research goals and the specific
use case. A higher k will increase the diversity of the recommended users but also might
include less similar users. A lower k will provide more similar users but might include

less diverse options.

For example, suppose the number of recommending users was set to 6, and we want to
see recommendations for user 103. In that case, the KNN algorithm will find the six
nearest neighbours (most similar users) to user 103 based on their interactions with the

system and recommend them to user 103.
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It is essential to point out that KNN is a simple and robust algorithm, but it can be
sensitive to the scaling of the features and the choice of the distance metric used.
Additionally, it is essential to validate the results and ensure that the recommendations

are helpful for the user.

In this case, the variable "selected" is assigned a value of 103, representing a specific
user in the dataset. Then, the KNN algorithm is applied to this user to find the nearest
neighbours (most similar users) based on their interactions with the system. In this case,
the nearest neighbours’ value is set to 6, which means that the algorithm will

recommend six similar users to the selected user 103.

The value of 6 is arbitrary and can be adjusted depending on the research goals and the
specific use case. For example, the larger the value of nearest neighbours, the more
recommendations will be provided to the selected user, which might include less similar
users. Conversely, a smaller value of nearest neighbours will provide fewer

recommendations and might include more similar users.

The KNN algorithm was implemented, and how it can be used to recommend similar
high-performing users to the selected user 103. It is essential to point out that the
recommendations generated by KNN should be validated and tested to ensure they are

helpful for the user.

The KNN algorithm uses the selected user's features and trends to find the most similar
users in the dataset, in this case, user 103. Then, based on these similarities, the
algorithm provides a list of six recommended users likely to have similar interactions

with the system and can serve as guides for the selected user.

From these recommendations, it is possible to investigate the recommended users' study
habits, such as the order of the bundles they read and the resources they accessed, and
use this information to help the selected user to optimize their study path and succeed

in the respective course.

It is worth noting that providing similar users as recommendations could help the
selected user perform similarly. Still, it has not been guaranteed, as every student is
unique and has different ways of learning. Moreover, it is essential to consider other

factors, such as user preferences, the context and the final goal.

Page | 113



Chapter 5 Conclusion

Chapter 5 Conclusions

Recommender systems have become an integral part of our lives in recent years. They
are used in many applications, including online education, e-commerce, and social
media. These systems use advanced algorithms and large datasets to provide
personalized recommendations to users based on their preferences and interactions with

the system.

In the case of online education, a recommender system can help students to discover
new learning resources and optimize their study path. It can do so by analyzing the
interactions of millions of students with the platform and grouping them into clusters

based on their similarities.

Then, providing recommendations to a specific student based on the patterns of the
other students in the same cluster can be very helpful for students, who can learn from

the experience and progress of similar students and optimize their performance.

Furthermore, recommendation systems have a wide range of usage. For instance,
Amazon uses it to recommend new products to customers based on their browsing and
purchase history. Netflix uses it to suggest new shows and movies to users based on
their viewing history. YouTube uses it to recommend new videos to users based on their
watch history, and it is a crucial element for the success of platforms like these, as it

helps retain the user by providing personalized content.

5.1 Future Aspects:

The recommender system developed in this project can be personalized for each
educational institution's Learning Management System (LMS) to recommend a learning
path for any course to all the students. It can also indicate specific chapters of a topic in
a course that a student needs to re-learn before attempting a final exam based on their

performance evaluation of that chapter.

This project can be very beneficial for the students and teachers, as it can help provide
personalized tutoring to each student and generate feedback to improve the
recommendations. In addition, as the machine learning algorithm learns and adapts, it

can provide increasingly precise recommendations.
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In addition, this kind of system can also provide valuable insights for educational
institutions and course designers to understand how their students interact with the
materials and where the struggles or opportunities lie. For instance, it could detect that
a specific type of problem or activity is helping some students to learn better than others

and could be applied to other students.

It is worth noting that a recommender system like this would need a significant amount
of data to train on. Feature engineering and model selection would be necessary to get
accurate recommendations. Additionally, the system should be validated and evaluated

by experts in the field to ensure that it satisfies the institution's goals.
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