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ABSTRACT

The problem that faces the educational system is how to distinguish between students
who are having difficulty and those who are performing exceptionally well. If
teachers don't have a dependable and accurate method of recognizing these students,
it will be difficult for them to provide them with the tailored interventions and
support they need to be successful. There is a possibility that conventional
approaches to evaluating student performance data will not be able to comprehend
the intricate patterns and interrelationships that can exist between the various

characteristics.

Academic Data Mining (ADM) impacts many educational institutions, significantly,
playing a prime role in accumulating, studying, and analyzing academic data. The
accumulated academic data can be processed and analyzed for various purposes. It
can be used for predicting student academic performance and thereby broadening the
retention rate of academic institutions. The prediction of students’ academic
performance at the initial stage helps the students to identify their lacking subjects
such that they can focus more on their deficient subjects and improvise their
academic performance. Currently, numerous machine learning techniques are being
used by academic institutions to extract, analyze, and predict student’s academic
performance and identify fast and slow learners. In the present educational system,
one of the most important tasks is to determine which students are succeeding
academically and which students require additional assistance. In the past, instructors
have traditionally depended on personal observations and evaluations to make these
distinctions; however, these techniques have been time-demanding and are
susceptible to individual interpretation. Models that are built on machine learning
provide a solution that is both effective and objective to this challenge. The
suggested model, which is based on machine learning, offers a solution that is both
objective and effective for determining which students are powerful and which are
poor. Because of the precision of the model and its ability to analyze the significance
of individual features, it was a helpful instrument for educators and educational

organizations that are working to improve the performance of their students. It would
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be beneficial for future research to investigate both the flexibility of the model and its

applicability in a variety of instructional contexts.

Even though research on EDM in the educational sector is already available, the
main objective of this research work is to examine and identify useful rules and
patterns to motivate students to manage their educational performance and careers in
a good manner so that they can complete their degree on time. It also aids the
academic institutions to improve the academic strategies and pedagogies to benefit
the students. The analysis of students' performance in educational institutions reveals
the extent of the efforts that have been made by those institutions to improve the
learning of slow or average students. The benefit of employing EDM models is that
they use student historical data to predict their performance that has not yet occurred.
Several academic institutions have been motivated by this concept to create
classification models that predict the unknown labels of subsequent situations. Most
academic institutions and researchers began to become interested in the field of
student performance prediction to categorize students into slow and fast learners
based on their predicted academic performance. Although the educational sector
employs a variety of methods for extracting academic data of students it is necessary
to develop a model for student performance assessment. The results of the prediction
model assist the students and instructors in improving their performance to the next

level.

This research aims to find a solution to the issue by developing a machine learning
(ML) model that is capable of accurately distinguishing between students with low
and high potential by employing a multiparametric analysis. The algorithm will be
educated using a sizable collection of student performance data, which will include
information on scholastic accomplishment, punctuality, and behavior. Because it will
be able to analyze numerous characteristics at the same time, the model will be able
to recognize intricate patterns and relationships that may be difficult for humans to

comprehend.

In this thesis, we proposed two models for determining which students will be

academically successful based on the usage of machine learning algorithms. The



suggested model makes use of a variety of learning strategies, including controlled as
well as unstructured learning. While unstructured learning techniques are utilized to
recognize patterns and trends within the data, the supervised learning algorithm is
utilized in order to categorize students into two distinct groups, namely, those
students who are academically strong (fast learners) and those students who are weak

in academics (Slow learners).

Machine learning algorithms and education data mining are extensively used in this
research which helps in the collection of academic data that contains information
pertaining to students, such as their attendance, scores, and participation. The model
is educated on a portion of the information before being tested through the
application of cross-validation strategies. The model can distinguish between

individuals with low and high potential with an accuracy of 93.74%.

In addition to this, the model that has been suggested offers insights into the variables
that contribute to the scholastic achievement of a student. The feature significance
analysis of the model reveals that a student's level of participation and punctuality in
class are the two most important variables in determining that student's overall
scholastic achievement. Teachers and educational organizations can make use of this

information to create interventions that specifically target these areas.

Furthermore, the model that has been suggested, offers a system that allows for the
ongoing evaluation of the development of the students. When new data becomes
accessible, the model has retrained and modified to represent changes in student

achievement. This is possible because the model is dynamic for different scenarios.

The suggested model, which is based on machine learning, offers a solution that is
both objective and effective for determining which students are powerful and which
are poor in academics. After the classification of students into slow and fast learners
the model is further extended to find the learning disabilities of students if there are
any. For the identification of learning disabilities in students they have been given
various questions based on different subjects. To record their responses multiple
parameters have been considered such as the accuracy, instances of skipping,
revisiting, and un-attempted versus attempted ratio. Because of the precision of the
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model and its ability to analyze the significance of individual features, it became a
helpful instrument for educators and educational organizations that are working to
improve the performance of their students. It would be beneficial for future research
to investigate both the flexibility of the model and its applicability in a variety of

instructional contexts.
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Chapter-1

INTRODUCTION

1.1 INTRODUCTION

In today's dynamic and rapidly changing world, there is an increasing demand for
proficient experts in various domains. Education has always been regarded as the
keystone for constructing a prosperous professional life, and a student's level of
success in the classroom is one of the most important and critical factors that
determine the opportunities that lie ahead for the student and further on help in
achieving their professional success. Therefore, it becomes significant to focus on the
student’s learning strengths and weaknesses. Additionally, the prompt identification
of student academic success and weakness is utilized for providing individualized
assistance and support to the student that helps them in achieving their academic

objectives.

Recently, machine learning (ML) has evolved as an effective instrument for
analyzing data and making predictions, and it is finding applications in a wide variety
of disciplines, including education. Data mining is the process of retrieving usable
information from enormous amounts of data in different sectors. Data mining is an
important technology that is used for predicting and categorizing client information

based on the considered sector.

Today, a variety of organizations utilize data mining techniques to assist with
decisions and create promotional strategies that have been targeted toward client
categories in order to accomplish their objectives. However, a substantial number of
universities ignored the utilization of data mining approaches the result of which is
that they are facing an increase in their drop-out rates. Data mining applications in
the education industry are an upcoming trend in an incredibly competitive globally.
The building blocks of developing data mining in the education sector require an
understanding of data mining terminologies, tasks, methodologies, and applications.

Therefore, research on data mining is significant in the education sector is necessary.



In the year 2005, a relatively new field called Educational Data Mining (EDM)
emerged. EDM focused on developing techniques for data mining to extract data
from educational institutions. By examining the academic data of students, the major
focus of this field is to facilitate decision-making easier for educational institutions.
The patterns generated by the mining techniques help educators as well as students
[1]. In this regard, the development of a machine learning model for the classification
of students based on their strengths and weaknesses using multiparametric analysis is
an important area of research. The goal of the proposed model is to perform an
analysis of multiple characteristics, such as a student's academic performance,
punctuality, and social behavior, to determine which students need additional
assistance and which students are performing exceptionally well in their classes. The
main challenge in the model formulation and prediction is the task of determining
and classification of students who are academically weak or strong, especially in
major educational organizations. The exams and assignments, which are both
traditional forms of evaluation, are only able to provide a limited amount of
information regarding a student's general scholastic achievement. In addition, they
don't take into account other aspects that might be relevant to a student's

performance, like their punctuality or how they behave in social situations.

The utilization of ML techniques in the field of academics leads to a significant
research area known as ADM or EDM [2]. Different machine-learning approaches
have been used for analyzing and predicting academic performance of students.
Previously, the ML models have been investigated in several studies for their
potential to differentiate between students of average and superior ability. For
instance,[1] suggested a model that predicted student scores based on statistics
regarding scholastic achievement in addition to attendance. The precision of the
model is 91.2%, which demonstrates the possibility of ML models for use in
scholastic achievement projection. A similar approach has been taken [2], which
predicted scholastic achievement based on social behavior data and obtained an
accuracy of 85.4%. On the other hand, there is a dearth of research on the
construction of an ML model for the classification of students based on their

strengths and weaknesses using multiparametric analysis.



A more in-depth analysis of a student's academic performance is possible with the
help of a machine learning algorithm that uses multiparametric analysis to
differentiate between students with strong and poor academic performance. The
model can analyze multiple characteristics, such as a student's scholastic
performance, punctuality, and social behavior, in order to determine which students,
need additional assistance and which students are performing exceptionally well in
their classes. A model like this one may make it possible for teachers to offer
individualized assistance and support to students, which may in turn assist the

students in achieving their scholastic objectives.
1.2 MACHINE LEARNING AND EDUCATION

Education is one of the most essential elements that determine the expansion and
maturation of an individual as well as the growth and development of society. It is
the responsibility of the educational system to make sure that students graduate with
the information and abilities they need to be successful in life, and it is a position that
should not be taken lightly. On the other hand, it is not always simple to distinguish
between students who are having difficulty and those who are performing
exceptionally well. It is important to have a method that is dependable and accurate
for recognizing the strengths and shortcomings of the students to be able to provide

tailored interventions and assistance to the students.

The accumulation and storing of data from educational institutions is turning out to
be enormous, and it is not feasible to directly analyze such a vast amount of
academic data. In recent times, this trend has emerged. The process of gleaning
valuable information from vast stores of data is known as "data mining.” It became
useful in a variety of research disciplines thanks to its versatility. This burgeoning
area seeks to create data mining techniques that can harvest data from academic
organizations and are currently in the process of doing so. By analyzing the academic
data gathered from students, the primary objective of effective decision-making is to
simplify the decision-making process concerning the academic achievement of

students [10].



The use of machine learning, also known as ML, has become increasingly popular as
a potent method for evaluating and making sense of large quantities of data. In the
field of education, machine learning techniques have been utilized to analyze student
achievement data to recognize patterns and trends that may be difficult for people to
recognize. Educators can use this information to determine which students are at risk
of falling behind in their coursework and then design individualized remediation
plans to assist those students in catching up. Similarly, ML has been utilized to
identify students who are performing exceptionally well and then provide those
students with additional challenges as well as opportunities to further improve their
abilities [3].

1.2.1 Learning Analytics

Learning analytics (LA) is playing an increasingly important part in the field of
education. LA assists academic institutions so that they may conduct predictive
analytics, which enables the institutions to better monitor the scholastic activities of
their students. The part that LA plays in determining the variables that are causing
concern for the attrition rate and, as a result, the progression of academic institutions
is very important. As a result, a variety of LA tools are utilized to enhance education
and learning. LA is in high demand in the modern education sector because it helps

in fostering the scholastic expansion of an educational establishment [4].

The purpose of using LA by educational establishments is to classify students
according to the patterns received from their education-related data. This is the
driving force behind the use of LA. In addition, academic patterns help institutions
plan new instructional methods and strategies, which are of assistance in enhancing
the academic performance of students who are not as strong as their peers. In
addition, LA offers advantages to academicians by assisting them in the
identification of sluggish performers and by assisting students in monitoring their

academic performance [5].

To support students' education throughout the various phases of their course, LA
analyzes the data collected from students and the surroundings in which they learn.

Even though LA is a relatively new subject of study, it has seen substantial growth in

4



recent years, particularly in the educational sector [6]. Educational establishments
have made extensive use of analytics to monitor the academic performance of their
students, which helps in the identification of students who are either at academic risk
or characterized as poor performers. These days, schooling is becoming increasingly
essential, so various machine-learning approaches are being used for decision-
making in almost every field. The incorporation of machine learning into academics
has resulted in growth in the field of education, which has led to the development of
a new field known as EDM or ADM. Additionally, with the help of techniques for
machine learning, we can generate fascinating patterns from the students' scholastic
data that we have accumulated. The resulting patterns can then be applied to further
analysis of the student's scholastic achievement by using the information gained from
that analysis.

In the realm of education, the following is a list of the significant benefits

accomplished by utilizing LA in academics:

e  Analyze the primary determinants that are accountable for the scholastic
achievement of students: The LA assists in determining the primary variables
that affect the level of scholastic achievement displayed by students. Class
participation, completion of assigned work at home, passing scores on ongoing
assessments, as well as performance on midterm and final examinations, as
well as involvement in other types of skill-based tests, are all elements that
have an impact on a student's overall scholastic performance. Students are
given an advantage by being given the opportunity to work on the factors that

are accountable for their scholastic failure when such factors are identified [7].

. Encourages students' intellectual development in the following ways: - The
students are instructed to take preventative action after the identification of the
variables that are accountable for the decline in the students' academic
achievement during the early stages of their academic careers. Students who
promptly take preventative measures see an improvement in their scholastic
development, which in turn leads to a reduction in the number of students who

fail or drop out of school [8].



o Determine and improve the effectiveness of various teaching methodologies:
The learning assistants assist the teachers in developing new strategies and
taking rectifying measures to support and encourage sluggish learners during
their initial years of schooling. It also helps teachers evaluate the students'
learning capacities and monitor their scholastic achievement in a way that is
both effective and efficient. This is one more way that technology is
revolutionizing education. The findings of the LA were used by the instructors
to identify students who were poor learners so that they could give those

students additional attention [8].

Learners Data

Explore

Action

Figure 1.1 : Learning Analytic Components
1.2.2 Components of Learning Analytics

The purpose of LA is to provide enhanced insights into the learning process and
individualized comments to students, both of which have ultimately led to
improvements in educational quality [9]. The components that are essential to the
operation of the LA system are depicted in Figure 1.1 and the explanation of each is

as follows:

When trying to anticipate a learner's or student's level of achievement, the scholastic
statistics of the learner or student are a critical factor to consider. When all of the data
has been gathered, the next step is to investigate it and then turn those findings into
analytical observations. Incorporating intelligence into the data requires the use of
machine learning techniques, which are implemented during the process of analysis.

The investigation and analytical observations of academic data provide a clear



picture of the academic needs of the learners and the rectifying actions that need to

be done to fulfill their educational requirements.

Learners are further aided in their efforts to improve their performance when
educational requirements are met on time. Taking appropriate action is the primary
purpose of any LA strategy. Inaction would be the ultimate expression of failing. No
matter how accurate the results of prediction are, the results are pointless if
appropriate actions have not been taken on them. This is true regardless of how
accurate your prediction results are. Consequently, if adjustments have not been
made to the system, the analytics findings are regarded as inadequate.

To facilitate more effective teaching and learning for students, LA carefully monitors
the procedures followed by academic institutions. The careful examination of the
academic data that has been supplied by the students has been of benefit to the

learners, instructors, and academic organizations [8].
1.2.3 Diverse Learning Analytic Techniques Used in Academics

The various learning analytic techniques used in the field of education are depicted in
Figure 1.2 which includes:

Descriptive
Analyties

Learning
Analyties
Methods

Prescriptive
Analyties

Diagnostic
Analytics

Predictive

Analytics

Figure 1.2: Learning Analytic Techniques



o Descriptive Analytics: Descriptive analytics integrates the data from multiple
sources to give the facts about the previous performances of the students. The
data from the collected sources is then used to make intelligent decisions that
help in academic performance improvisation. It provides information about past
happenings. The descriptive analysis aids in finding the data such as the
increase in the retention rate and the courses responsible for the academic

decline of the students using the past data.

o Diagnostic Analytics: To identify the reasons or causes responsible for the past
happening diagnostic analytics has been used. It assists in the identification of
dependent variables that help to give insight into a particular problem. It helps
in the comprehensive analysis of the student learning behavior, emphasizes the
students’ learning requirements and offers them the appropriate academic

support which helps in their performance improvisation.

. Predictive Analytics: Predictive analytics predict probable future occurrences
using historical information. The accuracy of the predicted results is highly
influenced by the data quality used for prediction so utmost care is required
during the data selection. Predictive analytics helps in the identification of
possible barriers to the student's experience during their academic learning.
This early identification of academic challenges assists the faculties and
academic institutions in providing appropriate counseling and support to the

slow performers.

. Prescriptive Analytics: Prescriptive analytics intends to provide solutions to
the challenges faced by students in their academics. It assists academic
institutions in identifying the various reasons or factors responsible for
deteriorating student academic results along with the possible solutions for their
academic betterment [92].

1.2.4 Benefits of Learning Analytics in the Field of Education

In the field of education, LA provides various benefits. These benefits cover a vast
range of students, teachers, and academic institutions. The different benefits are

depicted in Figure 1.3.



Identification of Target Courses: The scholastic data has been collected from
the students using LA, and then used to provide learning patterns based on the
collected data. The examination of students' learning patterns provides teachers
with assistance in determining which classes are to blame for a decline in

students' scholastic achievement [10].

The Improvisation of Curriculum: The use of LA on academic data enables
academicians to make changes to academic systems, which in turn leads to the
improvisation of the curriculum. The instructors use the research to determine
whether or not it is necessary to make changes to the curriculum by identifying
gaps in student understanding and learning and using that information to inform
their decisions. The instructors make plans for new scholastic strategies to
improve the students' overall capacity for learning.

Identification
of Target
Courses

Post

Educational L
Recruitment Improvisation

Curriculum

Learning

Analytics
Benefits

Enriched Student

Instructor Performance
e Prediction

Visualization
of Academic
Data

Figure 1.3 Benefits of Learning Analytics

Prediction of Student Performance: LA can assist in making an educated
guess as to how well students perform academically in the future by analyzing
past data and applying a variety of machine-learning strategies. After that, the



1.3

findings of the projection assist in classifying the most capable students from
the least capable ones. The early identification of students who are likely to
drop out enables teachers to place a greater priority on such pupils by offering
appropriate guidance in the hope that the students have been able to complete

the program within the allotted time [10].

Visualization of Academic Data: The visualization report of academic data
helps keep checks on all the academic activities that students are involved in.
This assessment is in the best interest of both the students and the teachers. The
instructors  provide appropriate  counseling, develop new learning
methodologies and strategies, and work to improve the students' learning
competence to assist students who are struggling academically [9]. Learners are
better able to conduct an accurate self-evaluation, which in turn enables them to

focus their efforts on improving the areas in which they struggle.

Enriched Instructor Conduct: Teaching methods used by instructors that
include improvisation, and the scholastic achievement of the students have been
used as a basis for evaluating the performance of the instructor. The findings
provide the teachers with the information they need to focus their training on
the subjects that are having a detrimental effect on the students’ performance.
As a direct consequence of this, the lecturers are better equipped to respond to
questions raised by the students regarding the content of the classes. Therefore,
the scholastic data of the learners allows the instructors to better prepare
themselves in the identification of areas in which the students require

development, which further promotes the learner-student interaction.

EDUCATIONAL DATA MINING

The field of EDM, assists in forecasting the academic achievement of students,

which then results in the students being categorized as slow or quick learners. EDM

is used to retrieve student information such as academic records, the participation of

the student in class, ETE scores, and attendance in class, all of which assist in

analyzing the academic achievement of the student [11].

10



EDM has been used in the present situation for the identification of concealed
patterns in the academic data of students, which helps in the process of forecasting
the academic achievement of learners. It makes it easier for teachers to monitor the
academic achievement of their students, which in turn allows them to enhance the
academic techniques they employ [14]. It assists teachers in evaluating the course
framework and developing innovative academic approaches, both of which help
students improve their overall performance [86]. Consequently, EDM provides
assistance to the students in the form of constructive and expert guidance during the

process of selecting courses.

For the students to further improve their performance, the course recommendations
are given to them based on how well they did in the previous class. On the other
hand, advisers can make more accurate predictions regarding students' scholastic
performance by utilizing the insights provided by the emerging discipline. The early
identification of students who are struggling can help those students concentrate

more on improving the areas in which they are deficient.

By analyzing the educational data that is made available by the various institutions,
EDM's primary objective is to develop solutions to the issues that are associated with
the academic performance of students. EDM plays a very important role in the
process of addressing significant educational issues such as the categorization of
students according to their performance and suggesting corrective solutions to the
students who are performing poorly [12]. This is done to address significant
educational problems such as the classification of students. Several different methods
of machine learning are applied to the information that is compiled from the various

educational establishments to evaluate the performance of the students.

Figure 1.4 depicts the process of education data mining. Here, the academic data is
retrieved from students employing EDM, and a LA strategy is then applied to

analyze the educational data submitted by students.
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Figure 1.4 : Generalized Process for Educational Data Mining

The academic information about the student has been gathered through a variety
of methods, such as through interaction with instructors and fellow students, as well
as from the directory of the educational establishment. The enormous quantity of
scholarly data that comes from a wide variety of sources is accessible in a range of
platforms and broken down into granularities of varying degrees [13]. The fact that
the gathered academic data is not in the form necessary to resolve academic problems
is the primary obstacle that must be overcome after the data has been collected.
Therefore, prior to any predictions, it is essential to transform the data into the shape
that is required for making predictions regarding the students' achievement. Before
we can use the dataset on the model, we need to clean the accumulated information
so that it does not contain any characteristics that are unnecessary or superfluous.
The eradication has been accomplished using pre-processing, during which time all
kinds of irregularities were eliminated. After being pre-processed, the data are
entered into a prediction model, which uses the scholastic information provided by
the student to produce concealed patterns. Students can use the projected findings to
assist them with their self-assessment, and instructors can use them to better advise

and instruct students who are working at a slower or weaker pace.
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The EDM carries a significant amount of weight with scholastic organizations.
Figure 1.5 illustrates the components used to extract the information from academic

organizations.

Academic details

Educationists Academic Data Mlnmg Assessment_& Learners
System Techniques | |Recommendation

Pattern Generation

Figure 1.5 Integral Components of Educational Data Mining
1.3.1 Components of Educational Data Mining

Research in the field of education has been the driving force behind recent advances
in the field. The way scholarly material has been examined and adapted as a direct
consequence of developments in technology. The utilization of the information
obtained through these advancements is currently supporting a second period of
change in all fields of learning, which has resulted in a diverse array of
accomplishments. Data mining is the most effective approach for assisting
educational institutions, where the primary emphasis is on the information that is
contained in the data sets that have been collected about the scholastic performance

of students.

Data mining applies its methods to the accumulated data sets to discover previously
unknown patterns and correlations between variables that have an impact on the
scholastic achievement of the students. These patterns and associations were
previously unknown. These technologies may make use of quantitative formulations,

statistical models, and techniques for machine learning. The learners, educationists,
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the scholastic system, data mining techniques, assessment, and recommendation

techniques, are the primary components of the mining process.

The primary objective of EDM is to improve the process of learning, as well as the
identification of obstacles that contribute to failures, the process of course selection,
and ultimately the prediction of the student's scholastic achievement. If timely action
is taken regarding each of the variables, scholastic organizations have experienced an
increase in their level of productivity. Since academic institutions are unable to
properly handle their education system when EDM is not present, EDM provides
sufficient information about the study patterns of students and instructional

techniques, which assists academic institutions in illuminating their reputation [15].

When it comes to inspecting the scholastic data coming from educational
establishments, each component plays a unique part. The operation of each

component is described in detail below.

o Educationists: The educationist plays a very important role in the planning of
academic systems. To ensure that students are motivated to succeed in their
studies, the educational system ought to be fashioned with the consideration of
the students' areas of interest at the forefront. To accomplish this goal, teachers
need to review the students' historical records by employing machine learning
techniques to evaluate their performance, which in turn contributes to the

improvement of the educational system.

e  Academic System: An efficient academic system gives trainees a healthy
learning environment. This is something an effective academic system should
do. Students make up the most important part of the educational system. To
enhance the academic achievement of students and, as a result, the academic
system, the academicians have the responsibility of developing curricula and

strategies that are tailored to the interests of the students.

o Evaluation and Recommendation: The purpose of this process is to increase
the effectiveness and productivity of the educational system, as well as to

improve the scholastic performance of students and to identify and classify
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students as sluggish or quick learners according to their performance.
Following the classification, the recommender has proposed the appropriate
class to the students who are slow learners, which further assists in improving

their overall scholastic achievement.

o Learners: The most important aspect of scholastic data extraction and research
is the participation of the students. The scholastic data of the students has been
gathered, and then a variety of machine learning techniques have been applied
to the gathered data to generate a variety of patterns. The patterns that are
generated are dependent on the scholastic inputs that are supplied by the
students, which enables the classification of learners as either sluggish or quick

learners.
1.3.2 Beneficiaries of Education Data Mining

Using EDM, it is possible to classify students according to their scholastic
achievement and forecast whether they fail out of school. Learners can improve their
scholastic achievement by receiving assistance from EDM during the process of
choosing which classes to take. In addition to this, it assists the teachers in improving
their teaching techniques and strategies so that they better assist the students who are
struggling. The information that is utilized in EDM is aimed at a variety of different
stakeholders. The scholarly data has been viewed from a variety of perspectives by
various stakeholders, each of whom has done so while bearing in mind their
objective and their impression of how EDM should be applied [12]. Figure 1.6
presents an overview of the most important EDM beneficiaries.

Learners Instructors
Academic
institutions Researcher

Figure 1.6 Beneficiaries of Education Data Mining
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Learners: The EDM is useful for forecasting the scholastic achievement of
learners, which in turn results in the classification of learners as either sluggish
or quick learners. In addition to this, it explains the factors that led to the
scholastic failure of the students, which is helpful for the students when they
are conducting their self-evaluations. In addition to this, it makes it easier for
students to choose their courses based on their anticipated academic
performance, which ultimately leads to an improvement in their overall

academic performance [10].

Instructors: The instructors can monitor the scholastic progress of their
students, which contributes to the overall improvement of the learning process.
To improve the quality of instruction provided, teachers should first recognize
students who are challenged academically and provide them with additional
support in the form of counseling and additional study time. The EDM makes it
easier for teachers to come up with innovative learning techniques and

strategies by analyzing the performance of their students' learning [13].

Researchers: To develop novel projection models, the researchers make use of
heuristics that are connected to the scholastic pursuits of the students. After
being educated with the historical academic data of students, the prediction
model then put to the test to determine how accurately it could forecast the
academic performance of learners. In addition to this, it assists the researchers
in assessing the present learning environment, developing new education

systems, and establishing the efficacy of machine learning techniques.

Academic Institutions: The ADM helps in the classification of different
students, such as sluggish learners and quick learners, into their respective
categories. In addition, the findings of ADM are put to use to encourage and
instruct sluggish students, which ultimately contributes to an increase in the
percentage of students who remain enrolled in educational programs. The
increase in the scholastic achievement of students as well as the percentage of
students who choose to continue their education has a direct effect on the

profitability of academic institutions [14].
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1.4 CONJUNCTION OF LEARNING ANALYTICS AND
EDUCATION DATA MINING

LA and education data mining are terms that refer to the process of using analytics
and data mining techniques to retrieve massive amounts of data from educational
databases. In this current age, the field of LA, in conjunction with education data
mining, has garnered more attention in the field of research. The EDM is utilized to
generate a variety of patterns by utilizing the educational data gathered from
academic institutions, and the LA incorporates a variety of methods from a variety of
fields, such as machine learning and data visualization, to assist in the analysis of
such patterns [20]. The incorporation of LA and EDM has resulted in an
improvement to the scholastic process that is advantageous for a variety of
stakeholders, including students, teachers, and administrators [29]. This improvement
has been brought about because of the integration of LA and EDM. As a direct
consequence of this, provides academic statistics and functions as a support system
for various education constituents. It functions as a course recommender system that
helps students select classes that are appropriate for their performance, and it does so
based on the outcomes of the students' evaluations. Classification, prediction, and
association are the approaches that are most frequently used with ADM and LA

respectively.

Both EDM and LA demonstrate how computational approaches to learning are
gaining traction in the field of education and are becoming more standard. The
International Educational Data Mining Society offers the following description of
EDM: "EDM deals with the development of methods used for discovering different
kinds of data generated by various educational institutions.” The implementation of
these techniques contributes to a better comprehension of the requirements of
students and the context in which they learn. Similarly, following the findings of the
Society for LA Research, "the collection, analysis, and evaluation of academic data
of students and the environment in which they learn” [21] is how LA is described.
Table 1.1 provides an overview of the most important distinctions between EDM and
LA methods.
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Table 1.1: Educational Data Mining v/s Learning Analytics

EDM

LA

The key to EDM is the automated
discovery of hidden patterns and to
achieve this human decision-making is

being used as a tool.

The key LA is human decision making
and to achieve this automated discovery

of hidden patterns is being used as a tool.

The mainfocus ison breaking the
components into their constituent parts
and examining each one's features and

interactions.

The LA is on
comprehending the complete system and

main focus  of

its complexity rather than focusing on the

individual component.

The EDM provides a strong connection

between student prediction and the

learning environment.

The LA has a significant connection

with smart  education, performance

prediction, and institutional improvement.

The applications of EDM incorporate

Classification, clustering, Bayesian
modeling, association mining, and
visualization

The

Influence analytics, sentiment analysis,

applications of LA comprise

social network analysis, and student

performance prediction.

The enormous quantity of educational data is documented in the educational systems,

and this data has been used to improve both the academic achievement of students as

well as instructional techniques, which in turn improves the reputation of academic

institutions. During the process of extracting scholarly data, one of the challenges

that must be overcome is the incorporation of various analytical methods, including

data mining, machine learning, and LA. The ML offers a variety of methodologies,

all of which are utilized in the process of developing the models that are applied to

the projection of scholastic achievement. EDM, also known as ADM, is the process

of gleaning valuable insights from the academic data sets that are supplied by

students as well as academic organizations [48]. LA is, in the end, a collection of

procedures for analyzing and enhancing not only the general learning process but
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also the surroundings in which it takes place. In the first stage of the LA process, the
emphasis is placed on EDM, which is then put to use to collect instructional data

using ML techniques.

Both EDM and LA put a priority on the facts that have been used to increase
academic learning and enhance the general academic achievement of learners by
using ML techniques. In the present situation, a technologically sophisticated
environment provides a variety of implementations of LA in the educational sector.
The multidisciplinary discipline of LA employs a wide variety of EDM and machine
learning strategies [12]. The scholastic achievement of the students is impacted by
several different variables, including their behavior, the marks they receive in MTT
and evaluation, the marks they receive in ETT, as well as their scores, and the
various course components. After that, the model developed with ML techniques
used these statistics to make an educated guess as to the student's prospective
scholastic achievement. In addition, students can continuously observe their
scholastic achievement throughout the entirety of their program because of this
feature. When viewed from the perspective of the instructor, student performance
projection during the early stages of a teacher's career permits them to be proactive in
informing students enrolled in poor classes that they need to improve their

performance in those courses.

EDM assigns categories to academic data sets by employing a variety of machine-
learning techniques [22]. The learners are able to better determine their overall score
based on the projection of their academic achievement, which is done before the final
test. This projection challenge, which is a primary goal in the field of education, has
been the center of the implementation of ML and EDM. The primary objective of
EDM is to unearth latent patterns in the academic data that has been collected. This
includes the analysis of student performance and their learning behavior, as well as
the preparation of coursework by instructors; however, the primary objective is to
enhance the academic performance of students [18]. Academic achievement has been
defined in a variety of ways, but the difficult part for educational institutions is

figuring out which variables contribute to students' success in the classroom.
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The EDM assists in the projection of academic achievement and is of use to all
scholastic beneficiaries. EDM techniques focus primarily on three areas: the
evaluation and projection of whether a student passes or fails in a particular subject;
the students' ultimate scores; and the identification of students who are likely to drop
out of school [12]. In addition, successful implementation of the EDM helps
academic organizations increase the quality of the learning opportunities available to
students, develop and implement learning techniques that are advantageous to
students, and eventually reduce the number of students who withdraw from their
studies [9]. As a consequence of this, these techniques help in predicting student
mistakes in the beginning stages of their academic careers. In addition, teachers
could improve their instructional methods by conducting an in-depth investigation

into the factors that contribute to student failure and withdrawal.

The implementation of LA and EDM on academic information has the advantage of
enhancing the learning process of academic institutions for a variety of academic
stakeholders, including students, teachers, instructors, and administrators.
Consequently, the LA serves as a support system for the process of education by
providing academic statistics and academic recommendations. Additionally, it
functions as an individualized effective learning system that is based on the academic
data of the student. Prediction, categorization, clustering, and association mining are
some of the techniques that are typically utilized when working with scholarly

datasets.
1.4.1 Approaches Used in the EDM Process

The various approaches are taken during the EDM process, specifically the feature

selection and categorization steps.

o Choosing Among the Features: The data that is fed into certain forecasting
models includes a large number of input characteristics. This not only makes
the process of model development and training more time-consuming, but it
also necessitates an enormous quantity of memory. In addition to that, the

accuracy of the projection model is reduced when some unimportant
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characteristics are used. A method known as feature selection is a process that
is utilized to choose only the pertinent characteristics, thereby removing all the
unnecessary attributes. It automatically selects the characteristics that are
pertinent to the research problem and uses those attributes to train the machine

learning model that has been developed to solve the research problem.

The feature selection leads to a decrease in the number of input characteristics,
which in turn lowers the cost of the model's calculations and leads to an
improvement in the model's overall performance [23]. When using techniques
for feature selection that are based on statistical analysis, the relationship
between the input attribute and the target attribute is evaluated, and then the
attributes that have the strongest correlation with the target variable are chosen
for inclusion in the final model. Even though the choice of technique for feature
selection is dependent on the types of both the input and the target variable, the
techniques themselves are very speedy and effective. Wrapper and filter
methods are the techniques that are utilized for feature selection. These
methods are utilized so that appropriate characteristics are chosen. The
effectiveness of the model is used as a metric with which to evaluate how well

these supervised feature selection methods work for different scenarios.

Wrapper Method: The wrapping approach generates multiple models based
on a variety of subgroups of the input features, after which it chooses the
characteristics or features that provide the best performance model based on the
target feature, as shown in Figure 1.7. In this case, it is important to note that
even though these techniques may have a high computational cost, they are not

contingent on the sort of characteristics [24].
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Figure 1.7: Techniques Useful in the Wrapper Method

Filter Method: The characteristics used in the filter techniques are chosen
following the statistical measures that are depicted in Figure 1.8. The learning
algorithm does not have any influence on the selection of the features, which is
done during the pre-processing phase. This approach eliminates characteristics
that are not important or are repetitive by using a scoring procedure. The
primary advantage of using the filter method rather than the wrapping method
is that it requires less time for calculation and is unaffected by the problem of

data being over-fit.

Learning Performance

Input Feature Relevant

Set Features

Algorithm evaluation

Figure 1.8: Techniques used for Filter Selection
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J Clustering: Clustering is a form of unsupervised learning in which the model
is learned without the use of any class identifiers. The primary objective of
overcrowding is to subdivide and group the information in such a way that the
data contained within one group are comparable to one another while the data
contained within the other group are distinct from one another. The cluster is
thought to be of high quality if, and only if, the similarity between members of
the cluster is minimal while the similarity among members of other clusters is
high.

. Classification: The classification is a supervised learning method that is used
to categorize new data based on the training dataset, as shown in Figure 1.9.
Classification is a method that is used to group similar pieces of data. The

process consists of two stages:

1.  The learning phase is where the categorization model is developed; this

step is also known as the learning step.

2. This phase, which is referred to as the categorization stage, is used to

predict the class designation.

During the learning phase, the model is educated by way of an examination of the
training information. To symbolize the outcome as an n-dimensional vector is

represented as follows:
V = vl,v2,v3,...... ,vn ... (1)

It is assumed that each combination, V, is a member of a particular designated class,
the membership of which is established by the target class identifier. The tuples that
were used to train the models are referred to as training tuples, and they are chosen at
random for analysis. These training tuples are then used to evaluate how accurate the

developed model is at categorization [28].
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Figure 1.9: Generalized Classification Process

Training refers to the process of developing the model, and the information that is
used during this period of development is known as the training dataset. Following
the completion of the model development, a second data set is utilized to evaluate the
performance of the newly developed model. The information that is utilized in the
process of determining the precision of a model is referred to as testing dataset
samples. To evaluate how well a model performs on a variety of data sets, it is
necessary to conduct research using distinct datasets, such as training and testing
datasets. If this is not the case, the model functions correctly on the initial dataset and
generates accurate results, but it produces inaccurate results when applied to new
datasets, which leads to the issue of over-fitting [29]. The input dataset is split up into
a training dataset and a testing dataset so that the problem of over-fitting has been
avoided. The precision of the model is evaluated by comparing the projected class
with the actual class, which is determined by applying the model to make predictions

about the target class using the test dataset samples.
1.5 PROBLEM STATEMENT

In the present scenario, there is a lot of pressure on educational establishments
pertaining to improve the retention rate, improvisation of academic strategies and
curriculum, along the timely identification of slow and fast learners. It has been
observed that there is an increase in the number of students who fail out of school,

and this requires the determination of the various variables that are influencing the
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students' performance. Consequently, the appropriate steps are being taken by the
educational institutions in order to keep the level of education provided at a high

standard and to boost the percentage of students who choose to remain enrolled.

In addition, even though the public and private sectors are providing less assistance
for the institutions, numerous stakeholders still anticipate that the institutions have
been able to fulfill certain requirements. Another problem posing a major concern
globally is the generation of vast amounts of data. When compared to other markets,
the educational market generates tremendous quantities of data [16]. In the past,
however, they have ineffectively used data, which has frequently resulted in a
sluggish response to the educational requirements of students. The information that is
gathered from the students is put to use for analysis, and after that, the information
that has been analyzed is put to use for the decision-making process. Thus, the
academic sector must transform to resolve concerns such as improving student
learning competence and student achievement, both of which contribute to an

improvement in the reputation of academic institutions.

EDM is being extensively used for the identification and prediction of students’
academic performance. The academic institutions are now better able to adjust to
changes that impact the learning surroundings of students [17], thanks to the
utilization of EDM. The proliferation of large amounts of data: what does this imply
for the fields of education, technology, and media research? EDM contributes to the
field of LA, which makes it possible for educational institutions to comprehend the
challenges faced by students and contributes to the institution's ability to effectively
resolve these challenges.

In the realm of electronic design manufacturing (EDM), machine learning
approaches play a very important role in the process of extracting data and predicting
outcomes. Although there has been a great deal of variation in the applications that
could be used for machine learning, their core function remained the same. Machine
learning algorithms have been trained or learned using the previous data, and the
rules are generated using the training dataset that has been used for the decision-

making process.
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Based on the nature of the incoming information, machine learning methods have
been divided into two categories: supervised learning and unsupervised learning. In
supervised learning, the class designation for the variable being learned about is
already known. Input data is used to teach the algorithm, and this collection is
referred to as the training dataset. The machine learning method known as predictive
analytics, which is predicated on supervised learning, is the one that is used to
generate predictions. Applications of predictive analytics have been found in a wide
variety of fields, including fraud identification, the analysis of consumer behavior,

and the trend analysis of demographic data, amongst others.

The primary concentration of this thesis is on the field of education, and the primary
objective is to forecast the overall scholastic achievement of students. An ensemble
model is currently being developed, and as part of this process, it is being trained in
such a manner as to be able to forecast the various classifications of learners, such as
sluggish learners and rapid learners, based on the input scholastic information of
students. The original information that is used to train the model is the training

dataset. This helps ensure that the model is accurate.

This research work intends to propose an Ensemble ML model extending the
capabilities of EDM. The purpose of the model is to make predictions about the
target variable by analyzing the characteristics of the incoming variables. After the
model has been developed, it is used to analyze data that has a class structure of the
target variable that is identical to the entered dataset. In unsupervised learning, the
class designation is unknown, and the primary goal of this algorithm is to organize

the data into groups based on the similarities among the characteristics [17].

In addition, the student's academic performance that the model is trying to forecast is
referred to as the objective variable. This variable symbolizes the student's academic
performance. The algorithm develops an ensemble model with the assistance of other
input characteristics. An ensemble model is a function that produces different

categorizations of students based on their scholastic achievement [18].
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1.6 RESEARCH OBJECTIVES

The objectives of the research are:

1. Identification and collection of datasets from different sources and applying

attribute selection methods.
2. Todevelop an ensemble model for predicting student academic performance.
3. Compare and analyze the developed model with the existing model.

EDM in the educational sector has already been available, the primary goal of this
research work is to investigate and identify the helpful rules and patterns that have
been used to motivate students to manage their educational performance and careers
in a good manner for them to finish their degrees on time. This research work has
been carried out to examine and identify useful rules and patterns. It also helps
academic institutions improve their academic strategies and methodologies, which is
ultimately beneficial for the students enrolled in those institutions. The magnitude of
the efforts that have been made by educational institutions to enhance the learning of
sluggish or ordinary students has been determined by analyzing the performance of
students who are enrolled in those educational institutions. One of the advantages of
utilizing EDM models is that they make use of the historical data of students to make
projections about their future performance which has not yet taken place [4,12]. This
idea has inspired many academicians to develop categorization models that can make
accurate predictions regarding the labels that should be applied to upcoming events
based on their uncertain characteristics. The majority of educational institutions and
academicians started taking an interest in the field of student performance projection
so that they could classify students into sluggish learners and rapid learners
according to their anticipated academic performance. Even though the educational
industry uses a wide diversity of approaches to collect scholastic data from students,
it is essential for the development of a model for evaluating student achievement.
The findings of the predictive model provide students and teachers with useful

information that has been used to take their performance to the following level.
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The following are some of the individuals who have benefitted from using the

performance prediction model:

e  Students/ Learners: The most significant advantage of using a prediction
model is that it facilitates the categorization of various student profiles. The
model is helpful to the students because it can forecast their scholastic
performance and it can also identify the factors that are responsible for their
performance declining. Students are able to better monitor their scholastic

performance as a result of the findings generated by the prediction model.

. Instructors: By monitoring how students perform in their academics,
prediction models provide an advantage to teachers, allowing them to
categorize students as sluggish or quick learners more accurately. The
instructors are assisted by the projected results in determining the factors that

contributed to a decline in the academic performance of the students.

. Establishments of Higher Learning: The reputation of an institution depends,
to a very large extent, on the level of scholastic achievement that its students or
other types of learners achieve. Therefore, educational institutions have a
responsibility to place a strong emphasis on the academic achievement of their
students because this is regarded as an essential indicator that accurately
reflects the standard of educational institutions. Therefore, identifying students
who have trouble learning and then providing them with the assistance they
need to enhance their performance contributes to an increase in the retention

rate of academic organizations [25].
1.7 RESEARCH QUESTIONS

Table 1.2: Research Questions and their Probable Answers

Research Question Probable Answer to the Question

What is the best combination | The best combination of parameters for identifying
of parameters for identifying | weak and strong students has been determined by
weak and strong students | analyzing the performance of the ML model on the
using the ML model? training and testing datasets. The model has been
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trained and tested using different combinations of
parameters to identify the most effective
combination.

How does the accuracy of the
ML model vary with the size
of the dataset?

The accuracy of the ML model may vary with the
size of the dataset. A larger dataset may provide
more information for the model to learn from and
improve accuracy. However, there may be
diminishing returns in accuracy as the size of the
dataset increases.

How does the performance of
the ML model compare to
traditional methods  of
identifying weak and strong
students?

The performance of the ML model has been
compared with the traditional methods of identifying
weak and strong students, such as using standardized
test scores or teacher evaluations. The comparison
has been based on accuracy and efficiency.

How does the accuracy of the
ML model vary with the
complexity of the model?

The complexity of the ML model increased by
adding more layers or nodes to the neural network.
However, increasing the complexity of the model
may result in overfitting or reduced accuracy. The
accuracy of the model further be analyzed for
different levels of complexity

How does the ML model
perform when applied to
different academic subjects
or grade levels?

The ML model has been tested on performance data
from different academic subjects and grade levels to
evaluate its generalizability. The model's accuracy
has been then compared for different subjects and
grade levels.

Can the ML model be used to
identify specific areas of
weakness or strength in a
student's performance?

The ML model may be able to identify specific areas
of weakness or strength in a student's performance by
analyzing the different parameters used in the model.
This information has been used to provide targeted
interventions to help the student improve.

How does the ML model
account for external factors

that may affect student
performance, such as
socioeconomic  status  or

family background?

The ML model may be trained on data that includes
information on external factors that may affect
student performance. The model has been evaluated
to determine its ability to account for these factors
and adjust its predictions accordingly.
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1.8 THESIS CONTRIBUTIONS

The findings of this research might have important repercussions for both theory and
practice in the field of education. This approach could help to ensure that all students
receive the necessary assistance for them to be successful by providing teachers with
a method that is dependable and accurate for determining students' levels of
academic ability. In addition, the model could be utilized to develop individualized
learning plans and tailored interventions for specific students, which would further
contribute to improving the overall standard of education that is delivered to students.

The proposed research work offers significant benefits for the academic sector that
are discussed below:

1.  The study contributes to the development of new methods for assessing and
managing learning disabilities, which can have a significant impact on the field

of education and the lives of students with learning disabilities.

2. The research has the potential to enhance educational outcomes by assisting the
teachers in locating students who are having difficulty in their coursework and
enabling them to offer the appropriate assistance and remediation to these

students.

3. If teachers are able to recognize struggling students at an early stage, they are
able to offer them specialized assistance, such as additional coaching or
individualized study programs, to help them improve their scholastic

achievement.

4.  The instructors can provide strong students with opportunities for development,
such as advanced schoolwork or research projects if they are able to recognize

these students.

5. The study proposes a model for the assessment of features having varying
practice patterns in students with the presence or absence of learning
disabilities using multiparametric analysis. The model is designed to be
scalable, customizable, and suitable for experiments, which can improve the

identification and management of learning disabilities.
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6.  The study demonstrates the potential of real-time data collection and analysis in
the assessment of learning disabilities. This can provide educators with up-to-
date information on students' learning progress and facilitate the development
of targeted interventions.

7. The research is able to provide a more in-depth analysis of a student's scholastic
achievement because it has been designed using a machine-learning algorithm
that takes into consideration several different parameters. These parameters

include things like punctuality, scores, and participation.

8.  The proposed model shows promising results in terms of accuracy and
effectiveness compared to existing deep learning-based LD analysis methods.
This can lead to better identification and management of learning disabilities,

which can improve educational outcomes for students with learning disabilities.

Conclusively, the research contributes to the fields of machine learning and
education by investigating how multiparametric analysis is used to differentiate
between students based on their learning capabilities i.e. slow and fast. This method
has the potential to be utilized in other facets of education, such as determining
which students are at risk of not completing their education or forecasting which

students have been successful academically in higher education scenarios.

The proposed research has the potential to enhance educational outcomes overall by
providing a more impartial and comprehensive analysis of student performance, as
well as by enabling educators to provide tailored support and interventions to

students who have the greatest need for them under different scenarios.
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Chapter-2

LITERATURE REVIEW

2.1 INTRODUCTION

Machine learning (ML) algorithms and LA have brought about a transformation in
the education industry, making it possible to determine which students are weak and
which ones are strong. This literature review seeks to provide a synopsis of current
research on the construction of ML models for determining weak and strong students

via multiparametric analysis.

Recent research has shown that machine learning algorithms are effective in
determining which students are weak and which are strong by using a variety of
characteristics. For example, in research conducted by [26], an ML model has been
developed to forecast the academic performance of students based on their
attendance, class participation, and previous academic performance. This model
makes accurate predictions about the academic performance of students. The
precision of the model has been determined to be 91.33 percent, proving that it is

useful in distinguishing between weak students and those who are strong.

In the same vein, [27] developed a machine learning model to forecast the academic
performance of students based on their previous academic performance, socio-
economic position, and learning style. This model has been used for predicting the
educational performance of the students. The precision of the model is 93.33%,
which demonstrates its efficiency in distinguishing between weak and strong

students.

The creation of ML models to distinguish weak and strong students includes a
number of stages, including the acquisition of data, the preprocessing of data, the
extraction of features, the selection of models, and the assessment of models. The
process of collecting data entails compiling information on a variety of aspects, such
as a student's scholastic achievement, punctuality, level of participation,

socioeconomic standing, and learning style. The data that has been collected is then
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preprocessed so that any mistakes or inconsistencies have been removed. During the
process of feature extraction, the most pertinent features from the preprocessed data
are selected for use in the subsequent process of training the ML model. The model
selection includes choosing an appropriate machine learning technique to use based
on the characteristics of the data and the specific challenge being addressed. In the
final step, the performance of the ML model is assessed based on its accuracy,

precision, memory, and F1 score.

However, it is not easy to design machine learning algorithms that can identify weak
and strong students. The absence of standardization in data acquisition and
preprocessing is one of the primary difficulties that must be overcome. It is
challenging to evaluate the performance of machine learning models across
institutions because different organizations acquire and preprocess data in potentially
unique ways. The selection of pertinent characteristics for the ML model presents yet
another obstacle to overcome. There is a possibility that some features are more
pertinent than others, and picking the incorrect features could result in the ML model

having poor performance.

2.2 AN ANALYSIS OF THE SCHOLASTIC SUCCESS OF
STUDENTS ENROLLED IN HIGHER EDUCATION

For decades, researchers and teachers in higher education have been interested in
studying and discussing the scholastic achievement of students in the institutions.
The purpose of this overview is to present an all-encompassing comprehension of
student scholastic achievement in higher education, including its description,
methods of measurement, and the variables that affect it. The students are judged on
their scholastic achievement based on how well they are able to fulfill the
expectations placed upon them by the educational organizations they attend. This
includes the student's capacity to finish assignments, achieve passing grades on
examinations, actively participate in classes, and graduate on schedule. It is common
practice to evaluate students' academic achievement using a variety of measures,

such as scores, grade point averages, and readmission rates.
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Evaluation of scholastic achievement in higher education is a multi-step procedure
that considers a variety of different aspects. Grades are the most prevalent and widely
used statistic that is used to evaluate scholastic achievement. The purpose of grades
is to evaluate a student's level of subject knowledge as well as their capacity to
achieve the scholastic goals outlined by their educational establishment. On the other
hand, scores do not offer a comprehensive depiction of a student's achievement in the
classroom. Several different measures are used to evaluate scholastic achievement,
including grade point average (GPA) and readmission rates. The GPA provides a
more complete portrait of a student's academic achievement as it is an accumulated
assessment of the scores obtained throughout their academic career. On the other
hand, retention rates are used to determine the proportion of students who remain

enrolled in each program or institution after their initial enroliment.
2.3 FACTORS IMPACTING STUDENT PERFORMANCE

The academic achievement of a student in higher education is impacted by a number
of different variables. Individual factors, institutional factors, and environmental
factors are the three predominant categories that have been used to classify the set of

academic factors impacting student performance academically.
2.3.1 Variables Associated with Student Academic Performance

The student's academic performance has been affected by various variables which

include the following:

o Individual aspects to consider are a student's level of drive and aptitude, as well
as their study routines and practices. Students are said to be motivated when
they have a strong desire to learn new things and excel in their scholastic
endeavors. Ability is a term used to describe the reasoning and scholastic
abilities of a student. These abilities include the student's intelligence as well as
their previous information. The student's strategy for learning, including their
ability to handle their time effectively, maintain organization, and make

effective use of study techniques is referred to as their study routines.
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o Institutional variables consist of the competence of instruction, as well as the
resources and support services that are made available by the organization. The
efficiency with which teachers encourage student involvement and learning is
what we mean when we talk about the quality of the instruction. The term
"resources" is used to allude to the availability of various scholarly resources,
including libraries, technological resources, and scientific facilities. The
availability of academic as well as non-academic assistance is referred to as
support services. Examples of support services include education, counseling,

and employment services.

e A student's societal and cultural surroundings are examples of environmental
variables that can influence their education. This encompasses the student's
family history, societal support network, as well as cultural standards and

beliefs that they were raised with.

It is possible for strategies that seek to improve student outcomes in higher education
to be informed by a better understanding of the variables that influence academic
achievement. In this regard workshops teaching study skills and consulting services
are two examples of the types of individualized assistance that institutions like
universities and colleges can offer. The quality of instruction and the availability of
resources are other aspects that institutions can work to improve to strengthen the
administrative variables that influence scholastic achievements. In addition,
educational institutions could develop a welcoming atmosphere that considers and
values the varied experiences and histories of their student body. This is
accomplished by giving students the opportunity to participate in a variety of cultural
and social activities and by cultivating an atmosphere that respects and welcomes

people of all backgrounds.

In conclusion, scholastic performance is a multifaceted occurrence that is affected by
a wide range of elements that contribute to a student's level of achievement in higher
education. There are a variety of measures that go into measuring scholastic
achievements, such as scores, grade point averages, and readmission rates. It is

possible for strategies that seek to improve student outcomes in higher education to
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be informed by a better understanding of the variables that influence scholastic
achievement. The provision of support services, improvements in the quality of
instruction and materials, and the creation of a welcoming environment that
acknowledges and respects the varied experiences and backgrounds of students are

all things that institutions can do for different scenarios.
2.3.2 Related Theories and Models of Academic Performance

The in-depth understanding of the variables contributing to a student's success in
higher education has been facilitated through the application of various academic
achievement theories and models. This section introduces the various academic
performance theories and models that are connected to one another, including their
descriptions, important concepts, and consequences for practice. The theories are

depicted in Figure 2.1.

Figure 2.1 Theories for Academic Performance Prediction
2.3.3 Theories to Predict Academic Performance
Theory 1: Self-Determination Theory

The theory of self-determination postulates that people have inherent psychological

needs for autonomy, competence, and relatedness and that these needs have to be
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satisfied for people to experience optimum levels of motivation and well-being in
their lives. The self-determination theory, when applied to the realm of academic
achievement, proposes that students who have a strong sense of autonomy, a sense of
competence, and a sense of connection to others have a greater likelihood of actively

participating in academic duties and achieving success.

Implications for classroom practice include teachers encouraging students' sense of
agency by giving them more opportunities to make their own decisions and exercise
control over their education. In addition, educators can assist students in the
development of a sense of competence by assigning them tasks that are difficult but
not insurmountable and by providing feedback that acknowledges the students'
advancement. Finally, teachers have the ability to cultivate a positive atmosphere in
the classroom that encourages students to form positive relationships with one

another as well as with the instructors.
Theory 2: Social Cognitive Theory

The social cognitive theory emphasizes the part that social as well as cognitive
variables play in the formation of human behavior. According to social cognitive
theory, students' opinions about their capabilities (referred to as self-efficacy) and the
worth of academic duties (referred to as outcome expectancies) influence both their
level of involvement and their level of accomplishment when it comes to their

academic performance.

The implications for practice are that teachers can boost their students' sense of self-
efficacy by giving the students opportunities to succeed and by demonstrating
productive learning techniques themselves. The educators can also help students have
higher expectations for their outcomes by emphasizing the significance and
importance of scholastic tasks and by providing opportunities for students to
implement what they have learned in settings that are taken from the real world.

Theory 3: Attribution Theory

According to the attribution theory, people always try to figure out why things that

happen to them, such as their scholastic achievement or failure, are the way that they
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are. According to the attribution theory, which is applied to the realm of scholastic
performance, the reasons that students give for their achievements—whether they

succeed or fail—influence their motivation and, as a result, their performance.

Implications for classroom practice Teachers can support the development of a
growth mindset in their students by highlighting the importance of effort and
perseverance in achieving scholastic achievement and by offering students
opportunities to learn from their missteps and the experiences of others. Giving
students opportunities for options and self-direction within the context of the learning
process can also assist teachers in assisting students in the development of a feeling

of personal control over the scholastic outcomes of their studies.
Theory 4: Expectation-Value Theory

The expectation-value theory proposes that individuals' motivation to participate in a
task is influenced by both the individual's anticipation for achievement and the
individual's perception of the value of the task. In the context of academic
performance, the expectancy-value theory proposes that students' motivation and
involvement are influenced by their beliefs about their ability to succeed in academic
tasks and the perceived value of those tasks. In other words, students' beliefs about
their ability to succeed in academic tasks and the perceived value of those tasks are

related to academic performance.

Implications for classroom practice: The teachers can boost their students' levels of
enthusiasm and involvement by offering them more chances to succeed, as well as by
acknowledging and rewarding their progress. Teachers can also assist students in
developing a sense of the worth of scholastic tasks by emphasizing the tasks'

connection and importance to the students' own personal and professional objectives.
Theory 5: Cognitive Load Theory

According to the cognitive load theory, the quantity of information that is presented
to learners, the complexity of that information, and the cognitive processes that are

necessary to process that information all affect learning. In the setting of academic
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achievement, the cognitive load theory proposes that the design of instructional
materials and the cognitive processes necessary to accomplish academic activities

affect the capacity of students to process and remember information sets.

Implications for practice include the possibility for educators to create instructional
materials that both minimize the amount of unnecessary cognitive load (by, for
example, streamlining language and decreasing visual confusion) and optimize the
amount of cognitive load that is directly relevant to the content being taught. (e.g., by
providing opportunities for active learning and problem-solving). In addition,
teachers can assist students in the development of efficient strategies for the
management of cognitive burdens. These strategies may include the chunking of

information and the utilization of exterior tools.

In conclusion, theories, and models of academic achievement [28] offer extremely
helpful insights into the variables that influence a student's success in higher
education scenarios. The theory of self-determination emphasizes the significance of

sovereignty in different scenarios.

24 REVIEW OF EXISTING MACHINE LEARNING MODELS FOR
PREDICTING STUDENT ACADEMIC PERFORMANCE

The challenge of accurately predicting the scholastic achievement of students is a
difficult one for teachers and educational specialists. The students' cognitive
capacities, motivation, learning techniques, and the socio-cultural context in which
they were raised are just some of the variables that contribute to their scholastic
achievement. In recent years, methods from the field of machine learning have been
applied to the development of prognostic models of the scholastic achievement of

students.

2.4.1 Different Machine Learning Models for Predicting Student

Academic Performance

The following section discusses the various techniques currently available for

predicting the academic achievement of students using machine learning.
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Model 1: Regression Models

In educational research, regression models are frequently used to make predictions
about the scholastic achievement of students. These models make use of multiple
regression analysis to determine the factors that influence scholastic achievement.
Some of these factors include a person's cognitive capacities, motivation, learning
techniques, and socio-cultural upbringing. It is possible to use regression models to
make predictions about a variety of scholastic outcomes, such as grades, exam

results, and graduation rates [29].

Implications for the practice of education: The educators can make use of regression
models to identify students who are at risk of failing academically and to develop
tailored interventions to enhance those students' academic achievement. Evaluation
of the efficacy of educational programs and interventions can also be accomplished

with the assistance of regression models.
Model 2: Decision Tree

The decision tree is a specific kind of model for machine learning that has been
utilized to make forecasts regarding the scholastic achievement of students. The
values of various indicators are used as the basis for decision tree hierarchical
structures, which are then used to divide the data into subgroups. The decision tree is
a useful tool for determining which aspects of a student's cognitive abilities,
motivation, and learning techniques are the most significant in terms of predicting

that student's scholastic success [30].

Implications for the practice of education: The educators can use decision trees to
develop individualized learning plans for individual students based on the unique
combination of academic success indicators that each student possesses. These plans
have been based on the student's academic history, as well as other factors. The
patterns of academic performance among groups of students can also be used to
develop tailored interventions to enhance academic performance for those groups,

which has been done with the help of decision trees.
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Model 3: Neural Networks

The organization and operation of the human brain served as the basis for the
development of a specific category of algorithms for use in machine learning called
neural networks. By analyzing large amounts of student data and looking for
recurring patterns, neural networks have been trained to make accurate predictions
about students' scholastic achievement. When applied to large amounts of data,
neural networks can recognize intricate patterns that may not be discernible when

using more conventional statistical techniques [31].

Implications for the practice of education: Educators can use neural networks to
develop individualized learning strategies for individual students based on the unique
combination of factors that each student possesses that predicts their success in
academics. Additionally, neural networks have been used to recognize patterns of
academic performance among groups of students and to develop tailored
interventions to enhance academic performance for those groups. Both applications

have been accomplished through the use of data collected from the networks.
Model 4: Bayesian Networks

Bayesian networks are a specific kind of technique for machine learning that has
been utilized to simulate the connections that exist between the variables that make
up complicated systems. By simulating the complicated relationships between
students' cognitive abilities, motivation, learning techniques, and socio-cultural
backgrounds, Bayesian networks have been utilized to make accurate predictions

regarding the scholastic achievement of students [32].

Implications for the practice of education: The Bayesian network has been used by
educators to develop individualized learning strategies for individual students based
on the unique combination of academic success indicators that each student
possesses. Bayesian networks have the potential to revolutionize education. Bayesian
networks can also be used to recognize patterns of academic performance among
groups of students and to develop tailored interventions to enhance academic
performance for those groups. Both applications have been accomplished through the
use of data collected from Bayesian networks.
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Model 5: Support Vector Machines (SVM)

Support vector machines are an example of a form of algorithm that belongs to the
field of machine learning. These machines have been utilized to categorize data into
a variety of categories. The academic performance of students turned out to be
predicted with the help of support vector machines by grouping students into distinct
categories according to the factors that best indicate their potential for academic

achievements [33].

Implications for the practice of education: Educators can use support vector machines
to develop individualized learning plans for individual students. These plans would
be based on the students' one-of-a-kind combinations of factors that forecast
scholastic achievement. It is also possible to use support vector machines to
recognize patterns of academic performance among groups of students and to
develop tailored interventions to enhance academic performance for those groups

using the identified patterns as a guide for different use cases.

In summing up, the application of methods that utilize machine learning to forecast
the scholastic achievement of students has become an increasingly prevalent method.
When it comes to forecasting scholastic achievement, some of the techniques that are
utilized the most frequently include regression models, decision trees, neural
networks, Bayesian networks, and support vector machines. Each of these methods
has a set of benefits and drawbacks, and educational practitioners and researchers
need to consider which method is best suited to their research question and the data

samples they will be analyzing under real-time scenarios.
2.4.2 Consideration for Using Machine Learning Models

Although there is evidence to suggest that machine learning techniques can
accurately forecast the scholastic achievement of students, there are still a number of
issues that need to be resolved. The following is a list of some of the primary

restrictions placed on contemporary methods:

1. Data Scarcity Concern

Machine learning techniques necessitate the use of substantial quantities of data in
order to successfully build and evaluate models. On the other hand, the data that we
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have on the academic achievement of students is frequently insufficient and might
not include all of the important characteristics that are required to accurately forecast
academic outcomes. Because of this, the models that are produced might not be

accurate or generalizable.
2. Biased Data Concerns

It is possible for the data that is used to teach machine learning algorithms to contain
biases, which then causes the models to represent the biases that are present in the
data. For instance, if the data used to model academic performance is skewed toward
one demographic group, then the model that is produced may not effectively forecast

academic performance for other demographic groups.
3. Data Interpretation Concerns

The algorithms used in machine learning are frequently referred to as "black boxes"
because it became challenging to comprehend and understand what they are doing.
Because of this, it turned out to be difficult for instructors to make sense of the
findings and figure out how to use the information to enhance the scholastic
achievement of their students.

4. Data Quality Concerns

The algorithms that are used in machine learning are intended to work with
quantifiable data, such as exam results and biographical information. However,
incorporating qualitative data became challenging. On the other hand, qualitative
statistics, such as a student's level of enthusiasm and their approach to learning, are
also capable of playing an important part in scholastic achievement. The process of

incorporating this data into machine learning algorithms has been difficult.
5. Ethical Considerations

There is potential for machine learning algorithms to give rise to ethical
considerations, specifically concerning privacy and impartiality. For instance, if
models are used to predict academic performance, there is a possibility that these

models may be used to unjustly target certain groups of students or to stigmatize

43



students who are having difficulty intellectually. Although machine learning
algorithms exhibit potential in accurately forecasting students’ academic
performance, it is imperative to recognize and tackle various limitations. These
constraints include issues related to data availability, bias, interpretability challenges,
the intricacies of incorporating qualitative data, and the indispensable requirement for
human input. Educators and researchers in the field of education must
conscientiously take these limitations into account when utilizing machine learning

algorithms to predict students' academic success.
6. Absence of Human Input Concern

Even though machine learning algorithms have been effective instruments for
forecasting the scholastic achievement of students, these programs are not a suitable
replacement for the wisdom and experience of humans. Educators and educational
researchers have a responsibility to carefully consider the constraints of machine
learning algorithms and to incorporate their knowledge, experience, and judgment
into the process of interpreting the findings of the study.

In conclusion, although there is hope that machine learning algorithms will be able to
accurately forecast the scholastic achievement of students, there are still several
restrictions that need to be addressed. These include restrictions on the availability of
data, prejudice, interpretability, difficulty in incorporating qualitative data, ethical
considerations, and the requirement for human input. Additionally, there is a need for
human input. When attempting to use machine learning algorithms to make
predictions about students' scholastic achievement, it is imperative that teachers and

researchers in the field of education consider these constraints.

25 EXISTING ACADEMIC PERFORMANCE PREDICTION
MODELS BASED ON MACHINE LEARNING
TECHNIQUES

The methodologies of machine learning and data mining have seen widespread
application in a variety of disciplines, including education. The ability to accurately

forecast the scholastic achievement of students is one of the most significant
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implementations of machine learning in the field of education. The purpose of
forecasting student performance is to recognize students who are at risk of failing
their classes or slipping out of school so that appropriate support has been offered to
them at the appropriate moment to help them achieve. In this overview, we will talk
about a variety of different machine learning and data mining approaches that have

been utilized in the past to determine the achievement of students.

The procedure of linear regression is one that is frequently utilized to forecast student
achievement. The presumption that there is a linear relationship between the
dependent variable (student performance) and the independent variables (such as
demographics, previous scholastic achievement, etc.) underlies linear regression
models. The dependent variable in such a model is the student's performance. Models
of linear regression are straightforward to understand and have the potential to offer
invaluable insights into the variables that influence the performance of students.
However, there are some drawbacks associated with linear regression models. For
instance, they make the assumption that the relationship between the variables being
studied (the dependent variable) and the independent variable (the independent
variable) is linear, even though this might not be the case in all instances. In addition,
linear regression models are not very good at dealing with irregular relationships

because of their inherent linearity.

Logistic regression is yet another well-known method for estimating how students
have performed in each class. Logistic regression is utilized in situations in which the
dependent variable possesses a binary data type. (i.e., pass or fail). Models of logistic
regression determine the likelihood of success (that is, passing) as a function of
independent factors such as demographics, previous scholastic achievement, and
other such factors. Logistic regression models are not only simple to understand, but
they also have the potential to provide extremely helpful insights into the variables
that contribute to the success of students. On the other hand, logistic regression
models suffer from some drawbacks. For instance, they assume that the relationship
between the variables being studied (the dependent variable) and the independent

variable (the independent variable) is linear, even though this might not be the case in
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all instances. In addition, logistic regression models are not very good at dealing with

irregular relationships because of their inherent linearity [34].

When it comes to forecasting student achievement, decision trees are a common and
popular technique used in machine learning. Decision trees are representations of
judgments and the potential outcomes of those decisions that take the form of
branches. Each node in the tree represents a decision that is based on a specific
variable, and each branch represents a consequence that could occur because of that
decision. Decision trees are simple to understand and can offer insightful information
about the variables that influence the performance of students. Nevertheless, decision
trees suffer from some drawbacks. For instance, they may be prone to overfitting,
which can lead to models that cannot be generalized to new data and may result in

inaccurate predictions.

The method of machine learning known as Deep Forest is founded on the concept of
decision trees. Deep Forest is a type of ensemble learning that integrates numerous
decision trees into a single model to increase the precision of predictions [35,36].
Deep Forest models are resistant to overfitting and have the ability to work with data
of a high dimension. The interpretation of Deep Forest models is straightforward, and
the insights they provide into the variables that influence student achievement have
become extremely beneficial [37]. Nevertheless, Deep Forest models suffer from
several drawbacks. For instance, they may require a significant amount of

calculation, which may render them impracticable for use with massive databases.

The architecture of the human brain served as the basis for the development of a
specific approach to the field of machine learning known as neural networks.
Information is handled by multiple levels of cells, or neurons, that are connected and
create neural networks. Neural networks can understand intricate patterns of
correlations between different variables and can then be put to use to make forecasts.
Neural networks are adaptable and have the capacity to process material with a high
dimension. Neural networks, on the other hand, are tricky to understand and
frequently call for a significant quantity of data in order to train successfully for
different scenarios [38-40].
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Support vector machines, also known as SVMs, are a method of machine learning
that has been utilized for categorization and regression analysis. SVMs locate the
hyperplane that distinguishes the data into various classifications or accurately
forecasts the value of the variable that is contingent on the data. SVMs can deal with
nonlinearities in the data and are efficient when managing high-dimensional datasets.
SVMs, on the other hand, are challenging to understand and often call for a

significant quantity of data to train successfully for different scenarios.

The subset of EDM, which deals with the extensive data obtained from an
educational system, is the prediction of students' academic achievement. The author
insisted that the goal of EDM is to use this data to derive useful information that will
benefit the stakeholders in the education system. Utilizing actual data gathered, the
proposed study employs a variety of machine learning approaches i.e. Multiple
Linear Regression, Random Forest, Logistic Regression, Decision Tree, Naive
Bayes, and Avrtificial Neural Network with Principal Component Analysis to predict
the student's academic performance (comprising the academic history and personal
habits of the students). A comparison of ML methods on several evaluation metrics
has also been done. The proposed model uses and compares with different ML
approaches. Additionally, the evaluation indicators show that with an R2 score of
0.933 for regression, RF regression performed best. For classification, ANN with
PCA scored best with an F1 score of 0.842 [41].

The author enlightened that the innovative approaches, strategies, and applications
from EDM play an essential role in improving the learning environment of students.
The most recent research offers useful methods for assessing the learning
environment of students by analyzing their academic data using machine learning
techniques. The environment wherein modern academic institution’s function is
extremely complex and competitive. The author enlightened that academic
institutions encounter difficulties with performance evaluation, high-quality
instruction, performance assessment methods, and future actions. The author
proposed machine learning techniques for analyzing the huge amount of academic
data collected from students. Overall, this evaluation has become successful in

accomplishing the objective of improving students' academic performance who are at
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academic risk. The author reviewed that the research indicated corrective measures to
give students, teachers, and educators timely feedback to resolve performance-

related problems [42].

The author explained that the prediction of student performance is the main objective
of higher education institutions and is a prominent area of research. Predicting the
academic performance of students assists the instructors in identifying the students
who are at risk of dropping out because of their poor performance and provides
special counseling sessions so that they can perform well in their academics. The
author explored that various machine learning techniques have been used to develop
prediction models in the educational sector for discovering and exploring meaningful
hidden patterns from academic data. The author analyzed the performance
of various supervised machine learning algorithms, comprising Decision Tree, Naive
Bayes, Logistic Regression, Support Vector Machine, K-Nearest Neighbor,
Sequential Minimal Optimization, and Neural Network. To predict the performance
of students in their final exams, the author trained a model using datasets provided by
courses in the bachelor study programs of the College of Computer Science and
Information Technology, University of Basra, for the academic years 2017-2018 and
2018-2019. From the results, the author concluded that the logistic regression
classifier had the most effective predicted results in terms of accuracy with (68.7%
for passed and 88.8% for failed) [43].

The author explored that EDM is a viable method for identifying hidden patterns and
predicting student academic performance. In this study, the author proposed a
machine learning-based model to predict the grades of undergraduate students in
their final exams by considering their midterm marks as input data. For predicting the
students’ academic performance in their end-term exams the author compared
the performances of various machine learning algorithms such as random forests,
nearest neighbour, support vector machines, logistic regression, Naive Bayes, and k-

nearest neighbour.

The authors’ observations reveal that the proposed model produced results with

an accuracy of 70-75 %. For predicting academic performance, the author focused
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majorly on midterm exam grades, departmental data, and faculty data. The proposed
model identifies the most efficient machine-learning techniques that contribute to the

early prediction of students who are at high risk of academic failure [44].

The authors identified that one of the primary issues is predicting the students’
academic performance before their final exams so that proactive actions can be taken
to assist the students in improving their performance and hence minimizing dropouts.
The author provides the readers with a thorough knowledge of how to predict student
academic performance and compares approximately 260 studies from the last 20
years by addressing the following concerns:

1)  The significant factors impacting predicting student performance.
2)  The different data mining techniques for prediction and feature selection.
3) frequently used data mining tools.

The author's results demonstrate that the WEKA is an emerging technique for
predicting student academic performance, while ANN and Random Forest are the
most commonly adopted data mining algorithms. The research study highlights that
the students’ academic records and demographic factors were the best for predicting
performance. The authors proved that the irrelevant attributes in the dataset lowered
the prediction accuracy and increased the processing time of the model. The
author discovered that the most prevalent input type, which produced the best

prediction results, has students' grades or CGPA [44].

The author's objective of the study is to develop data mining models that can
predict student academic performance by considering their inter-personal, senior
secondary, and university performance factors. The data about students admitted to
the university over three years has been utilized for the research. The dataset is
implemented using well-known data mining classification algorithms, including a
rule learner, a decision tree classifier, a neural network, and a Nearest Neighbor
classifier. The predicted results show that the Neural Network model achieved
73.59% accuracy which is the highest as compared to Decision Tree i.e., 72.74%, and
for the k-NN model it’s 70.49% [45].

49



The author collected the data from the University of Jordan, for performance
prediction. In the dataset, students from various countries have been considered for
analysis and prediction purposes. In addition to employing individual machine-
learning techniques, the authors also implemented ensemble methods for prediction.
As per the generated results, the authors concluded that the best results had been
produced by Decision Tree. In addition to the academic features the researchers also
on the behavioral traits and concluded that the behavioral traits help in improving the
accuracy of predicted results [46].

Techniques such as machine learning and data mining have demonstrated significant
potential around forecasting the scholastic achievement of students. These methods
have the potential to offer extremely helpful insights into the variables that have been
used to enhance performance in real-time situations. The review of existing studies
and techniques used along with the core objective of each study is depicted in Table
2.1.

Table 2.1: Review of Existing Machine Learning Techniques Used for Student

Performance Prediction

Existing | Technique(s) Used Core Objective Accuracy %
Studies

Huang, S., & | LinR, NN, SVM |The midterm dynamics has 81-91

Fang, been used to predict the
N.,2013. [39] academic  performance  of
students.

Marbouti, F. | LogR, NN, SVM, |Standardized grading has been 92.6
etal., 2016. DT, NB, KNN | used to identify the course-wise

[40] students who are at academic
risk.
Costa, et NN, SVM, DT, NB | To recognize the students at 92
al.,2017. risk in their academics and are
[41] likely to discontinue in two

different systems i.e., on-
campus and distance education.

50




Existing | Technique(s) Used Core Objective Accuracy %
Studies
Gray, etal. | LogR, NN, SVM, |The main objective is to 86.42
2014. DT, identify the students who are at
[42] NB. KNN risk of academically failing in
their first year of study.
Laugerman, | Logistic Regression | Identification of factors 94
etal., 2015. Model influencing  the  academic
[43] success of engineering students
using post-hoc graduation data.
Hoffait, A.S.,| LogR, NN, RF |To classify the students into 86
& Schyns, slow and fast learners and
M., 2017. identify the students who are
[44] significantly facing difficulties
in completing their initial
academic year on time.
Strecht, etal., | LinR, NN, SVM, |To predict the academic 85
2015. DT, NB, KNN, |performance of the student
[45] AdaBoost course-wise.  The  students
received the feedback in terms
of course success or failure
along with the course grade.
Aluko, et Linear To predict the student academic 73.33
al.,2016. Discriminant performance in the domain of
[46] Analysis, KNN |architecture based on the
historical academic data given
by the students.
Decision It helps in the classification and >05
Miguéis, et Trees, Support | identification of students who
al.. 2018. \ector Machines, |are at academic risk based on
[50] Naive Bayes, their performance in exams.

Bagged Trees, and
Boosted Trees

Proper counseling and special
academic inputs have been
given to academically weak
students so that they can
improvise their results and
hence performance.
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https://www.sciencedirect.com/topics/computer-science/support-vector-machines
https://www.sciencedirect.com/topics/computer-science/support-vector-machines

Existing | Technique(s) Used Core Objective Accuracy %
Studies
Ha, D. T, et Decision To identify and classify the 86.19
al., 2020. | Trees,MLP,SVM,R |students academically weak
[51] F,Naive Bayes |students based on their
performance in their exams.
Umer, et al., Logistic The academic data of the first 87
2017. Regression, Neural |year have been considered to
[52] Networks, Random | identify the difficulties faced by
Forests. the students in their learning
and identification of factors
responsible for their academic
downfall.
Lu, etal., Decision Trees, |To predict the academic score 76
2018. Rule and Fuzzy |of the students in their final
53] Rule Induction | exams. The scores are predicted
Methods, and based on the historical
Neural Networks. |academic data used to train the
model.
Thai-Nghe,et | Logistic/Linear | To create an intelligent teaching | Not Available
al., 2010. Regression, Matrix | system for the students by
[54] Factorization considering the
existing institutional academic
data and the challenges faced
by the students.
Huang, S., & | Linear Regression, | To  predict the academic 81-91
Fang, N. Neural Networks, |performance of students based
2013. Support Vector | on their mid-term marks so that
[55] Machines suggested action has been taken
for the weak performers so that
they can perform well in their
end-term exams.
Imran, etal., | Neural Networks, |To predict the student’ academic 95.78
2019. Random Forests, |performance in their initial
[56] and Decision Tree |carrier so that they can
improvise their performance

and compete their course on
time.
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Existing | Technique(s) Used Core Objective Accuracy %
Studies
Strecht, et Linear regression, | To improve student academic 85
al.,2015. neural networks, |performance the education
[57] support vector  |system, recommends different
machines, decision | courses based on historical data
trees, naive Bayes, |that help in the performance
k-nearest neighbor | improvement of students.
Kamal, P., & Decision tree, To classify the students into 89
Ahuja, S., Gradient boost  [strong and weak learners
2019. algorithm, and | special attention has been given
58] Naive Bayes to the weak performers to
improvise their learning.
Skrbinjek, V., | SVM and Naive |The student academic 92.3
& Dermol, Bayes performance has been predicted
V.,2019. using naive bayes and svm and
[59] then the predicted results of
both algorithms have been
compared and concluded that
svm is  generating more
accurate results.
Tripathi, et. K-Nearest The primary objective is to 82.15
al., Neighbor, Naive | predict the academic
[60] Bayes, Decision | achievement of students and the
Tree, and Logistic | identification of factors
Regression responsible for lowering their
performance in academics.
Yaacob, et al., Decision Tree | A decision tree has been used 91
2019. for assessing the academic
[61] performance of learners. The

prediction results have been

then used for providing
academic recommendations to
weak performers thus

improving the retention rate of
educational institutions.
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Existing | Technique(s) Used Core Objective Accuracy %
Studies
Mueen, A., Naive Bayes, Predicting and analyzing the 86
Zafar, B., & | Neural Network, |student's academic performance
Manzoor, U. | and Decision Tree |by using different machine
(2016). learning techniques is the prime
[62] objective of this study. The
secondary data has been used
for the prediction of results.
Roy, S., & Random Forest, |The education data mining has 96
Garg, A. Neural Networks, |been used for the identification
(2017). SVMs, and of weak performers.
[63] Regression Additionally, this study aids in
Techniques singling out the various features
liable for running down the
academic  performance  of
students.
Hashim AS, Decision Tree, |To predict the performance of 68.7 for
Awadh WA, Naive Bayes, students in their final exams,| passedand
Hamoud AK. Logistic the author trained a model | 88.8 for failed
(2020). Regression, using datasets provided by
[64] Support Vector | courses in the bachelor study
Machine, K- programs of the College of
Nearest Neighbor, | Computer Science and
Sequential Minimal | Information Technology,
Optimization, and | University of Basra, for the
Neural Network |academic years 2017-2018 and
2018-2019.
Yagci, M. | Nearest Neighbour, | the author proposed a machine 70-75
(2022). Support Vector | learning-based model to predict
[65] Machines, Logistic |the grades of undergraduate

Regression, Naive
Bayes, and K-
Nearest Neighbour

students in their final exams by

considering  their  midterm
marks as input data. For
predicting the students’

academic performance in their
end-term exams.
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Existing | Technique(s) Used Core Objective Accuracy %
Studies

Kabakchieva | Rule Learner, A | To develop data mining models 73.59
D. (2012). Decision Tree  [that can  predict student
[66] Classifier, A Neural |academic  performance by

Network, and a | considering their inter-personal,
Nearest Neighbor |senior secondary, and university
performance factors. The data
about students admitted to the
university over three years has
been utilized for the research.

26 NOVEL APPROACHES FOR PREDICTING STUDENT
ACADEMIC PERFORMANCE

Predicting the scholastic achievement of students is an essential task in education
because it enables teachers to recognize pupils who may be at risk of failing their
classes or leaving school altogether. In recent years, there has been a growing interest
in using novel approaches for forecasting student achievement. Some examples of
these novel approaches include deep learning, natural language processing, and
transfer learning. In this overview, we are going to talk about some of the innovative
methods that have been used in the past for forecasting the scholastic achievement of

students.

Deep learning is a subfield of machine learning that involves the process of learning
representations of data through the utilization of neural networks that contain
multiple levels. In terms of forecasting student achievement, deep learning has
demonstrated a great deal of potential. Deep learning offers several benefits, one of
which is the capability to discover intricate relationships between different variables.
Deep learning models have been used for forecasting student performance based on a
variety of inputs including demographics, previous scholastic achievement, activity
on social media, and online learning behavior. These models have also been used to
improve online learning. For instance, [67] conducted research in which they used

deep learning to forecast student achievement based on their participation in social
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media. According to the findings of the research, the deep learning model performed
significantly better than conventional machine learning models when it came to

forecasting student achievement.

Natural language processing, or NLP for short, is a subfield of artificial intelligence
that examines how computers and people communicate with one another using
language. Using written data such as articles, discussion forum entries, and online
conversation records, natural language processing (NLP) has been applied to the task
of forecasting student achievement. The vocabulary used by students has been
analyzed using NLP models, which can then be used to discover patterns that are
correlated with either scholastic achievement or failure. For instance, [68] conducted
research in which they used natural language processing (NLP) to forecast student
achievement based on conversation thread entries. According to the findings of the
research, NLP models had a high level of accuracy when predicting student

achievement based on the language that has been used in conversation thread entries.

Transfer learning is a method of machine learning that includes making use of
models that have been pre-trained to enhance the overall performance of a model
when applied to a different task. Transfer learning is a method that has been used to
forecast student performance by utilizing previously learned models on tasks that are
like the task at hand. Some examples of these tasks include language translation,

picture recognition, and natural language comprehension.

Analysis of student behavior in online learning environments is the focus of the
innovative method known as behavioral analysis. This method is used to forecast
students' overall academic achievement. The amount of time spent on tasks, the
number of attempts made on assignments, and the regularity of interactions with
classmates and instructors are all examples of the types of data that have been
analyzed by behavioral analysis models. Patterns in student behavior that are
correlated with scholastic success or failure have been uncovered using behavioral
analysis models. For instance, in research that has been conducted by [69],
behavioral analysis has been utilized to make predictions regarding student

achievement in an online course. According to the findings of the research,
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behavioral analysis models were able to effectively forecast student achievement

based on how students interacted with online learning environments.

Deep learning, natural language processing, transfer learning, and behavioral analysis
are some examples of innovative methods that have shown great potential in the area
of forecasting students' scholastic achievement. These different techniques may give
illuminating information about the variables that contribute to the success or failing
of students. However, these methods also have drawbacks, such as the requirement
for a substantial quantity of data, the complexity of the models, and the challenge of
deciphering the findings. These techniques need to be developed further, and further
research is required to establish whether or not they are successful in forecasting the

scholastic achievement of students [70].
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Chapter - 3

IPERFORM MODEL

3.1 INTRODUCTION

The process of data mining is used for extracting diverse knowledge generated from
transactional data which is utilized by various organizations for decision-making.
The data mining techniques are applicable in a variety of fields such as in financial,
academic institutions, scientific programs, and a variety of other sectors. The data
mining process involves a variety of techniques, including classification, prediction,
outlier analysis, and ensemble. Classification is the process used to predict the object
class whose label is unknown using different prediction models. These models use
historical data to train the model development and are used for the prediction of
classes that are missing in the testing data. The predicted results have been used by
various organizations for effective decision-making. The outliers are defined as
the data objects that do not comply with the general behavior or model of the
available data. The ensemble approach in data mining refers to the process of
incorporating multiple classifiers to createa single classifier that boosts the
prediction accuracy in comparison to the accuracy generated by individual
classifiers by lowering the variance and bias [71]. This chapter focuses on the usage
of ensemble techniques in the field of education that leads to the concept of
education data mining (EDM) or ADM.

ADM has obtained astounding inquisitiveness in recent years. The need for the
analysis and assessment of the factors impacting the academic performance of
students has embellished the demand for ADM or EDM. Significantly, such factors
can include student academic performance measured in terms of final grades
obtained, course attendance, mid-assessment marks, etc. [72]. ADM plays a pivotal
role in analyzing student performance based on the above-said factors and thereby
classifying them into fast and slow learners. Additionally, ADM can also aid in
providing subtle suggestions and recommendations for both the instructors as well as

the students to improvise their performance [73]. This can involve processes such as
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academic performance prediction and academic performance recommendations. Both
processes are essential for every educational institution as their reputation is centered
upon the academic accomplishments of students. The primary goal of academic
performance prediction of learners is the identification of students at risk in the initial
stage of their career. This identification helps the instructor to analyze the factors
affecting the performance such that corrective actions can be taken for the students at
risk of lower achievement levels. Moreover, the timely analysis of weak performers

benefits academic institutions in increasing their retention rate [74].

The academic performance of students is predicted using different supervised
learning techniques such as classification and prediction. LA plays a very significant
role in the field of education. The motivation for using LA by academic institutions
is to analyze the patterns obtained from the educational data after prediction. So, after
the academic performance prediction, LA in association with ADM is used to
generate effective results that lead to the categorization of different types of students
[75].

The chapter proposes a model that serves as an alarming structure for educational
organizations. The proposed model can be used by the students to discover and
concentrate on their disconcerting subjects while the faculties can focus on
improving their learning strategies toward such students. Currently, many machine
learning algorithms are available for envisaging student educational performance and
ADM [76]. The proposed model is also an ensemble machine learning-based model
that predicts the student’s academic performance using an ensemble of machine
learning algorithms, Decision Tree, Naive Bayes, and K-Nearest Neighbor. For
performance prediction, the records have been collected from the academic
institution which is then pre-processed to eliminate anomalies so that only the data
which is helpful for the analysis purpose is anomalies free. The cleaned data is then
applied to the model and thereafter produces the predicted results.

3.2 BASIC ENSEMBLE APPROACH FOR PREDICTION

The ensemble model is a generic machine learning meta-model that aims to improve

prediction accuracy by combining the output of various prediction models. The
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primary goal of creating an ensemble model helps in the production of more accurate
results as compared to the accuracy of results produced by individual classifiers. The
proposed model uses an ensemble of heterogeneous classifiers. The ensemble model
proposed here accepts the output from multiple classifiers such as decision tree,
Naive Bayes, and K-NN. The proposed ensemble combines the output of
heterogeneous classifies using a voting approach which resultantly produces the final
prediction results. The idea of the ensemble approach works if and only if all the
selected classifiers produce different class labels rather than agreeing on the same

decision.

The IPerform model has been designed to predict student academic performance
using an ensemble of machine-learning algorithms. The primary objective of
designing an ensemble model is that every selected classifier must be complementary
to each other in the context of a judgment so that further accuracy can be achieved.

Dataset
h 4
r A
Dataset-1 Dataset-2 Dataset- n
h
A A 4
h

Ensembled
Classifier

Predicted
Results

Figure 3.1: Basic Ensemble Approach for Prediction

Figure 3.1 depicts the flow of the ensemble method as applied in the IPerform model.
The IPerform model performs classification of the students based on their academic
performance considering their marks in the courses inclusive of their attendance in

each course. The data for classification has been collected from sources such as
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Google Forms and a designed interface. Certain attributes generate irrelevant values
such as incomplete data, duplicate data, and naming identification problems and
hence have no participation in the classification process. Thus, such irrelevant
attributes were stricken out of the classification process the use of these attributes
could have increased the classification errors and complexity of the selected
algorithm. Conclusively, this helped in making the predictions more accurate. The
model intends to compute the student's academic performance (in terms of
Cumulative Grade Points) and achieve an early separation of learners segregating

them into slow and fast learners based upon their educational performance.
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Data
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Figure 3.2: Proposed Ensemble IPerform Model
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3.3 PHASES OF IPERFORM MODEL

The ensemble [Perform as shown in Figure 3.2 is designed to predict the student’s
academic performance so that the students whose performance is not up to the mark,
some recommendations have been given to those for the improvement in their
performance. The main advantage of the constructed IPerform is it predicts the
academic performance in the initial state of their carrier so that the students whose
performance is not good can improve themselves and complete their degree on time.

The following phases are involved in the working of IPerform.
Data Collection Phase

The data collection phase is the very prominent phase without this phase the
student's academic prediction is not possible. Students are the main source of
input who feed their academic data to the IPerform model with the help of the
designed interface. The Interface accepts academic details that students can
provide using their laptops, smartphones, desktops, etc. The academic
information consists of student’s registration number, their courses, MTT

marks in each course, and attendance in the individual course.
Data Storage Phase

The academic data provided by the students through an interface has been
stored in a database known as the student academic database. The academic
details of every student are saved in the database and these details were pre-
processed. The pre-processing is required for the removal of irregularities that

otherwise affect the accuracy of the proposed IPerform model.
Data Preprocessing Phase and Training Phase

The stored academic data needs to be pre-processed before sending it to the
IPerform model. In the pre-processing phase, all the inconsistencies are
removed which otherwise leads to inaccurate results. The pre-processed data is
then used for training the IPerform developed using the ensemble of decision

tree and naive bayes. The model then generates various rules based on the
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training dataset. The test data was provided to the trained IPerform to evaluate

the prediction accuracy of the IPerform model.
IPerform Prediction Phase

In this phase, an ensemble approach based on a decision tree and naive bayes
has been used. This ensemble approach tends to improvise the accuracy of the
IPerform model. The contemporary IPerform is then tested using some test data
and the generated results are evaluated to measure the prediction accuracy.
After the evaluation, the results have been validated. Regular updations in the
training data are being required until the validated results are further sent back
to the students as feedback. The feedback helps the students to concentrate on
key areas responsible for their academic downfall which is further helpful in

ameliorating their performance.
34 WORKING OF THE PROPOSED ENSEMBLE MODEL

When it comes to predicting student academic performance, a single classification
model might not produce the appropriate outcome. Moreover, the single
classification models suffer from high variance [77]. In the proposed ensemble
approach, the output of multiple models has been combined which further enhances
the overall accuracy of prediction results. There are some ensemble approaches like
bagging, boosting, stacking, and voting with each having its pros and cons.

In the proposed model, the voting technique has been used because the prediction
results have been produced by combining the output of multiple classifiers. The
results generated by the voting approach are better in comparison with a single
classifier because in voting the decision depends upon the majority vote [78]. The
choice of voting approach has been made because it produces predicted results with
low variance in comparison to the variance produced by a single classification model
[79].

The students are the key component of the proposed ensemble model as they provide
their academic details as input. The academic details comprise their courses,

marks/grades in each course, and attendance in individual courses as these academic
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parameters are considered crucial factors for measuring the academic performance of
students. An interface has been designed to get the academic details of the students
that are used for the model testing. The interface supports heterogeneous devices
where the learners can provide their academic inputs by using either their

smartphones, laptops or even their desktops.

The students input their educational details through the designed student interface.
Such student academic data is stored in an academic database and is the core
substantial asset for the prediction process. The stored data formulates different
student records and is pre-processed priorly, and then it is used to train the proposed
model. During the pre-processing stage, the academic records have been integrated
followed by checks to look for any inconsistencies, such as duplicates, missing
values, etc. Consequently, the pre-processing stage generates the refined data which
is further used to train the proposed ensemble model.

In the proposed ensemble model, the training dataset is used for the generation of
rules that are being used for the prediction. The testing dataset is being applied to the
constructed ensemble model to get the predicted academic performance based on the
rules generated using the training dataset. The detailed working of the IPerform

model has been depicted through a flowchart illustrated in Figure 3.3.
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Figure 3.3: Flowchart of Proposed IPerform

The predicted results of the model are beneficial for both the instructor as well as
the learner. It enables the instructor to scrutinize the students' academic results and
derive their performance from them which can be further used to take certain novel

strategic actions for improvising the performance of slow learners. Concomitantly,
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this helps to recognize the students at academic risk at the stage of academics which
helps in augmenting the student retention rate and completion of degrees on time.
Also, the predicted academic performance is used as feedback by the students. The
different phases of the proposed model are shown in figure 3.2.

3.5 MATHEMATICAL FORMULATION AND PROPOSED
ALGORITHM

Analytically, the proposed algorithm helps to categorize the different types of
learners into strong and weak learners. The differentiation identifies the weak
learners and the courses in which they have underperformed. Subsequently, this helps
the weak learners to concentrate more on such subjects they were lagging in and
consequently improvise their performance. Identification of weak performers at an
early stage guides them to perform well in their end-term exams. Mathematically, to
categorize the students, there CGPA has been calculated by considering their grade
points and credits for each course. For calculating the CGPA, the student’s grade
points have been initially computed from the marks obtained in each course as shown
in Table. 1.

1. Assumption for IPerform Model

The proposed model is based on certain assumptions which are as follows:

e The CGPA of students has been calculated by considering the grade points of
each course. In the proposed model for CGPA calculation, the grade point

consideration is at a 10 scale.

e The results of the proposed ensemble model used by 2"-semester students
further recommend the courses because, in majority of the universities, the

selection option has been started from the second year onwards.
e  The number of subjects considered for the calculation of CGPA was 8.
e The total marks of various courses inclusive of attendance marks.

e For predicting the student's academic performance, the grade consideration is
from A-E.
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Table 3.1 shows the description of grade points and grades based on the marks:

Table 3.1 Grade as Per Marks Range

Range of Marks Grade Point Grade

90 - 100 9.0-10.0 A+
80 - 89 8.0-8.9 A
70-79 70-79 B+
60 - 69 6.0-6.9 B
50 -59 5.0-59 C
40 - 49 4.0-4.9 D

< 40 0.0-3.9 E

2.  Mathematical Formulation
.. . yields
Objective Function: Map (Stui, Cou;, MCi; — cgpa) (3.1)
where:
Stu: Students
cou: Courses
Mc,;: Marks obtained by i student in j* course.
cGPA: Cumulative Grade Point Assessment.
i: Index of Studentsi € SwhereS ={1<i <n}
S = Set of students and n is the maxiumum number of students
j: Index of Course and j € RwhereR = {1 <j <m}
R = Setof Courses and m is the maxiumum number of courses
MCi;. Marks in each course such thati € Sand j € R

whereS={l<i<n}and R={1<j<m}
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To accomplish the objective function, a map function has been devised. The mapping
function predicts the performance of the students by calculating their CGPA based
upon the academic details given by students. Here, the map is the function that maps
the i™® students into their corresponding CGPA by considering their course and
marks in each course. The general formula for the calculation CGPA is depicted in
Eq. (3.2).

CGPA = % (3.2)

where:
CGPA —Cumulative Grade point Average
CR —Represents the credit score of a course.
G —Represents Grade points obtained by the student in a course.

The proposed model is composed of a set St = {stuy, stu,, stys, ... .....stu, } of n
students that Stu = {stu;|1 < i < n} specifies the number of students; a set
Cou = {couy, cou,,cous, ........cou,,} represents the m different subjects such

that Cou = {cou;|1 = j = m}.

Let g;;denotes the grade points obtained by the istudent in jt"course. If cgpa; is

the CGPA of i student, then it can be obtained by the matrix algorithm specified in
Eq. (3.3):

cagray 911 G2 " Gum| [N
_|€gpaz|_ 1 921 G22 ' Jom|| €y

Cgpa; = : _E}ilf?’j : : : : (3.3)
cgpay In1 Gn2 ' Gnml [CTm

Where cr; denotes the credits corresponding to jtcourseV 1 < j = m, and the

proposed algorithm is shown as follows:
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3. Algorithm

Objective Function: Mapping of students with their CGPA by considering their program
courses and marks in the individual course which affect student’s academic performance

consists of {Students, Courses, Marks in each course}

Input: Student academic details

Output: Student categorization into weak and strong learners; Special inputs to weak students

for improving their performance.
1. Perform preprocessing of collected data.
2. Use the pre-processed data as a training dataset.
3. Atraining dataset is used to train the model for the generation of rules.
4. Testing data is used for the prediction of performance using a trained model;
{stu;, cou;, MC;;} has been applied to map to get cgpa,, using Eq. (3.1).
5. (@) Eg. (3.2) specifies the general formula for the calculation of cGPA.
(b) cgpa; is computed using Eq. (3.3) where cgpa;is the CGPA individual student.
6. The calculatedcGPA helps in the identification of weak and strong learners.
7. The predicted results are being used by the:
Learners (to improve their performance).

Instructors (to provide suggestive measures to poor performers)

3.6 EXPERIMENTAL RESULTS AND DISCUSSION

The experimental results have been obtained using the data from the department of
computer science of an academic institution. The dataset contains 400 records of
current students belonging to different sections of the computer science department.

The dataset has been divided using the split operator, where 70% of the entire data is
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being used for training the model, and the rest 30% is used for the testing of an
ensemble model. The academic attributes such as attendance in each course, the
grade obtained in each course, and the overall CGPA of the student are considered
for the accuracy analysis of IPerform and the existing ML algorithms which are

depicted in Figure 3.4.

Accuracy Analysis of Different Algoirtms with IPerform

95.00%
94.00% 93.74%
93.12%
92.92% 92.89% 92.89% 92.96% 92.92%
93.00%
E 92.00% 91.74%
:,3; 91.23% 91.11%
[}
g 91.00%
90.20%
90.00%
89.00%
88.00% .
Algorithms
B Naive Bayes B Generalized Linear Model B Logistic Regression
B Fast Large Margin H Deep Learning M Decision Tree
B Random Forest B Gradient Boosted Trees B SupportVector Machine

m KNN H |IPerform

Figure 3.4: Accuracy analysis of IPerform with Existing ML Algorithms

The performance vector shown in Table 3.2 proves the accuracy of the ensemble
method using a vote operator that uses the majority vote from the base learners to
predict the results. The ensemble method has shown an accuracy of 93.73%. In the
confusion matrix, O represents good performers and 1 denotes bad performers. For
fast learners, 270 instances are correctly identified whereas 19 are incorrectly
identified. Similarly, for bad performers, 104 instances are correctly identified

whereas 6 are incorrectly identified.
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Table 3.2: Performance Vector for IPerform Model

true 0 true 1 class precision
pred. 0 270 19 93.43%
pred. 1 6 104 94.55%
class recall 97.83% 84.55%

Feature extraction is the key step in developing the model for the prediction of

student academic performance. It increases the prediction accuracy and assists in the

identification

of factors considerably impacting the academic performance of

students. The weighted correlation of every attribute is shown in Figure 3.5.
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Figure 3.5: Weighted Correlation of Attributes
The result in the figure shows that the student registration number, row, economy,

region, school, country, and student status are the attributes contributing very less to

the target variable as their weighted correlation is very less towards the target

attribute i.e. performance. The calculated weighted correlation value helps in the

identification

of attributes having a great impact on the class label the more the

weight of the attribute is the more association or impact is there on the target

variable.
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IPerform Without Feature Extraction

-

= Accuarcy = Precision = Recall

Figure 3.6: IPerform Accuracy without Feature Selection

The IPerform accuracy without feature extraction is shown in figure 3.6 which shows
by considering all the attributes even having low weights the accuracy achieved is
88.47% whereas after feature extraction the predicted accuracy has been improved to
93.74 % which is depicted in figure 3.7.

IPerform Results With Feature Extraction

= Accuracy = Precision = Recall

Figure 3.7: IPerform Accuracy with Feature Selection

The comparison analysis between various performance metrics proposed IPerform
model with the existing ensemble model is depicted in Figure 3.8. The results show
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that the proposed IPerform model's average accuracy is increased by 11.77% when
compared to the existing ensemble models. The average recall of IPerform increased

by 19.44% and the average precision value increased by 20.32%.

IPerform Comparison with Exsisting Models
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Figure 3.8: Comparison of Proposed IPerform with Existing Models
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Figure 3.9: Effect of Visited Resources in First and Second Semester.

The graph shows the aggregated effect of visited resources, announcement view, and
raised hand on student academic performance in their first and second semester. The
results show that the results improved in the second semester as compared to the first

semester which depends on the participation level of the students.
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Chapter - 4

PROPOSED MODEL FOR MULTIPARAMETRIC
ANALYSIS

41 INTRODUCTION

In the previous chapter, a proposed model called IPerform has been introduced. Its
main goal is to predict students' academic performance and classify them into two
groups: slow and fast learners. After classifying the students, IPerform aims to
identify their learning disabilities. These disabilities are related to the sequencing,
inference, grammar, vocabulary, logical concepts, and analytics disabilities. The
disability analysis assists the students in the identification and improvisation of poor-
performing areas by putting more effort into such areas. To accomplish this goal,
researchers have proposed several analysis models. However, most of the models are

very complicated and cannot be scaled for multiparametric analysis.

This chapter proposes a multiparametric analysis methodology to evaluate the
distinctive usage habits of students who have learning disability or not. The sets are
formed from recorded answers that span different question sets across various
subjects. A correlative engine has been implemented and analyzed to assess the
accuracy, amount of time spent on each question in each category, and instances of
skipping a question, revisiting a particular question, and un-attempted questions for
different subjects. To monitor the academic improvement of each student in each
question category, temporal analysis has been integrated with this evaluation. The
students have been either upgraded to advance-level questions or beginner-level

questions based on their progress, helping them to gradually improve their grades.

In experiments, the correlation function has been used by the model to identify
response patterns of students with the presence of learning disabilities (LD(P)) and
absence of learning disabilities (LD(A)) students with 96.4% accuracy. This function

is then used for analysis. The model has shown an improvement of 3.9% in precision,
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3.5% in recall, and a 4.3% decrease in delay compared to existing deep learning-

based LD analysis methods under similar scenarios.

Specific Learning Disorders (SLD) can indeed be a major obstacle to effective
written or spoken communication. Students who struggle with reading, writing, or
listening often face significant challenges [80,81]. Specific Learning Disabilities such
as dyslexia, dysgraphia, or dyscalculia are just a few examples of these difficulties
[82,83]. Dyslexia, in particular, is a disorder that can make learning a real challenge
[84] because it is a neurological condition. The effects of dyslexia can vary from
person to person as it can have a profound impact on an individual's capacity to

express their verbal and written expressions.

Individuals with dyslexia experience slower and inaccurate reading due to letter and
word confusion. This disorder can cause the addition or omission of letters at
appropriate locations, which results in spelling difficulties [85,86]. Dysgraphia
students may write in an incorrect capitalization, slanting manner, or both [87]. Two
areas where dysgraphia students frequently struggle are identifying patterns in

mathematical formulas and circumstances, as well as number sense.

The LMS software packages now allow students with disabilities to access e-learning
[88,89,90]. Numerous people of ordinary intellect struggle with learning disorders,
which are subtle handicaps that prevent them from developing to their full potential.
The educational environments that identify, understand, and address the individual
requirements of every student are inclined to support the academic success of
individuals with learning challenges. Therefore, they educate children with cognitive
issues, promote their interaction with others, and inspire them to overcome their
challenges in learning. To help students with learning disabilities, an individualized
assisted learning environment has been developed. They go into the most popular
modern LMS in detail [91,92]. When this research began, the system's architecture
was in its early stages. However, it has been enhanced by incorporating Response To
Learning (RTL), Logistic Regression (LR), and Deep Forest models [93,94]. The
prototype app can be used by individuals with specific needs in a personalized and

inclusive learning environment.
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The proposed model has been used for the development of the profile of the students
having LD(P). The model makes it possible to recommend appropriate virtual
learning content based on the learner's choice and performance. The students with the
presence of learning difficulties and criteria for measuring their performance, such as
their retention power, language command, and attentiveness have been provided by
the data mining [95, 96]. It additionally allows for the identification of the learner's
abilities and deficiencies as well as probable e-learning challenges. To improve
students' performance in a digital classroom, researchers will continue to refine the

prototype and modify it to accommodate new shortcomings. [97,98, 99,100].

A web-based tool has been created to quickly identify challenges that students face
while learning. The software includes two groups, the control group, and the
experimental group, with an equal number of participants in each. Ten tasks are
provided that assess the literacy, numeracy, and mental sharpness of both groups.
Based on the findings, students with intellectual disabilities answered more questions
incorrectly compared to students in the control group [101,102]. The selection of
students was based on the accuracy of their answers and the duration of each task
[103,104]. An ICT tool based on an ontology can be used to identify students with

learning difficulties.

Several researchers have created diagnostic models for SLD using Hybrid Neuro-
Fuzzy (HNF) techniques [105,106,107]. However, many of these models are overly
intricate and challenging to adapt to various parameter combinations. This research
presents a novel approach employing multimodal analysis to detect unique usage
patterns in students, whether they have learning disabilities or not. The primary aim
is to tackle the complexity problem. In Section 3, the study evaluates the precision,
recall, accuracy, and latency metrics of the proposed model in comparison to existing

methods across various real-world scenarios.
4.2 PROPOSED MODEL FOR MULTIPARAMETRIC ANALYSIS

Upon examining different methods for detecting learning disabilities (LD), it is
observed that researchers have suggested a variety of analysis models for this

purpose. Nevertheless, numerous of these models are complex and encounter
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difficulties in scaling for multimodal parameter sets. The design of the suggested
model emphasizes multimodal assessment to examine differential usage patterns
among students with and without learning disabilities, intending to address the issue
of subpar academic performance. Figure 4.1 presents a phased view of the

o 2o

Feature Analysis

multiparametric model.

Multiparametric Analysis

Correlation Analysis

Performance and Progress
Analysis

Figure 4.1: Phased View of Multiparametric Model

The proposed model initially collects real-time inference sets for students with and
without LD. After the students have submitted their responses based on different
categories under each course the various features have been analysed for each
question. In the feature analysis phase, features like time taken per question, number
of revisits for a particular question, number of skips, and correctly answered and un-
attempted questions have been analyzed and calculated to measure the performance
of the student per course. In the multiparametric analysis phase, the performance
academic performance is measured by aggregating the output of all measures. Once

the multiparametric analysis has been completed the correlation analysis is being
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done for new students with the existing student’s data. Based on the correlation
analysis it has been decided whether the student comes under LD(P) or LD(A). If the
students fall under the category of LD(P) they have been allocated the lower-level
questions otherwise they have been promoted to the next level. The temporal analysis
has been done for the students of category LD(P) so that sufficient time and revision

have been given to such students so they can improve their performance on time.
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Figure 4.2: Proposed Multiparametric Model Design for Correlative Analysis

The model records the responses of students on various courses, each with
different categories of questions. An engine for correlation analyzes responses and
associated metadata, evaluating the accuracy, time spent on each question within
specific categories, instances of skipping, revisiting, and the ratio of unanswered
questions for students. This assessment, coupled with temporal analysis, measures

advancements within each category to determine progress. Depending on this
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progress, students may either move to the next level or encounter lower-level
questions for continuous grade improvement in real-time situations. The proposed
model uses several algorithms, including Naive Bayes, SVM, Multi-Layer
Perceptron (MLP), Logistic Regression (LR), and CNN. It considers several factors
that can impact student performance, such as age, academic performance, course
being pursued, location, and other factors. Educators can use this model to identify

students who require additional assistance in specific areas of their studies.

The system records students' answers in various courses, each comprising different
question types. Responses, along with metadata, are processed by a correlational
engine. This engine evaluates accuracy, time spent on each category's questions,
instances of skipping, revisiting, and the ratio of unanswered questions for students.
The assessment, illustrated in Figure 4.2, combines with temporal analysis to
determine students’ advancements within each category. Based on this progress,
students may proceed to the next level or encounter lower-level questions, enabling

gradual grade enhancement in real-time situations.
A. Mathematical Formulation of Proposed Model

To achieve these objectives, the model generates a series of analytical features based
on the collected data samples. The notations and the symbols used for the

mathematical explication of the proposed model are listed in Table 4.1 below.

Table 4.1: Mathematical Notations for the Model

Symbols Significance

Cr Total correctly answered questions.

N Total number of questions.

cf Flag to check the correctness of questions.
Tq Time taken per question.

Ngrq Correctly answered questions.

TSC Timestamp to complete the question.
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Symbols

Significance

TSS Timestamp to start the question.

Nskip Instances of skipping the question.

Rev, Instances of revisiting the question.

Skipf; Instances of skipping a question for a category.

Trev; Instances of revisiting a question per category.

Uatt Instances of un-attempted questions.

Uatt; Category-wise un-attempted questions.

Catfinal Final category vector.

Corr Estimated correlation with LD(P) & LD(A) features.

Corr(LD(P)) |Correlation of students classified with the presence of learning
disabilities.

Corr(LD(A)) |Correlation of students classified with the absence of learning
disabilities.

Oldgg Features of old student samples.

Newrp, Features from new student samples.

CatN Total number of categories.

CLM Student classification metric.

Cr is the correctness measure used to represent the total questions that have been

correctly answered calculated using equation 4.1.

Cr = LN (4)

where Cf is to categorize the correct and incorrect answers by setting the value 1 for

each correct and 0 for each incorrect answer given by the student and the total

number of questions are denoted by N.
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Tq is a measure that represents the time required to attempt a question by the student

is calculated by eq. 4.2.

1 Ncra
Tq = Z TSC; — TSS; ...(4.2)
Ncr'a =1

where N, represents the number of questions that have been correctly answered,
and TSC and TSS represents the time taken for the completion and start of the

question.

As per eq. 4.3 Ny, is a measure that is used to identify the number of questions

skipped by the student in each category.

Skipf, + Skipf, + Skipf; + --- Skipfy
skip — N

(43)

where Skipf; the flag is used to represent questions skipped by individual students by

setting its value to 1 for each skip and otherwise 0.

e The Rev,calculated in eq.4.4 is the number of times the student revisit a

question in each category.

Trev, + Trevy, + Trevs + - Trevy
N :

L (44)

Rev, =

where the total number of times the student revisits a question is represented using

Trev;.

The number of un-attempted questions in each subject category is calculated using
eq. 4.5. It helps to determine the number of questions that the student has not

answered.

Uattl + Ua.ttz + Ua,tt3 + e UattN

Uatt = - . (4.5)

where Uatt; the flag helps in the distinction between attempted and un-attempted

questions by setting this flag to 1 for each un-attempted and O for each attempted
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question. The Catsing; final category vector which is calculated by combing the

results of all categories is depicted by eq. 4.6.
Catfinar = {(C?‘, TQ;Nsmp,Revaans)} .. (4.6)

Analytical characteristics are collected for students in both LD(P) and LD(A)
categories, and these data are stored for subsequent correlation analysis. Similar
features are derived for incoming students, and the correlation is subsequently

computed with the features of LD(P) and LD(A) using equation 4.7.

Y (F,—E)(F' —F)

O— =
— — 2
JZ?L(FE ~E2Y (R -F)

e (A7)

where the symbol F; & F; represents the characteristics of both previously stored
samples and new student samples. The correlation is computed for the features of
LD(P) & LD(A) within designated question categories.

Based on this correlation level, students are categorized into category-specific LD(P)
& LD(A) students depending on the Corr (LP(P)) and Corr (LP(A)) via equation
4.8,

if O'(LD(P)) > O'(LD(A))then Student € LD(A) otherwise student € LD(A) ... (4.8)

When a student falls into the LD(P) group for a certain type of question, the level of
difficulty is reduced. They are then reevaluated using the same procedures. At the
end of this evaluation, Equation 4.9 is applied to calculate a Learning Classification
Metric (CLM), which represents the percentage of improvement achieved.

_ Cat(LD(A))

CLM = ———=..(49
CatN (49)

where CatN is the total number of evaluation categories and Cat (LD(A)) is the
number of categories for which the student is classified under the LD(A) category. If
a student excels in at least 50% of the question categories, indicated by CLM>0.5,

they are promoted to the next learning level for students having no learning
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disabilities. This classification method categorizes students as LD(P) & LD (A) types,
and their learning performance shows continuous improvement for real-time
scenarios. To verify this performance, the model has been validated based on
mapping accuracy, recall, precision, and delay required for mapping in real-time
scenarios. The following sections cover the various use cases for which this

evaluation has been carried out.
B. Data Collection Methods and Sources

The responses of students with LD(P) and LD(A) are collected and multi-parametric
analysis has been done on the collected data. To calculate the correlation in results
multi-parametric analysis of existing students is then compared with the new
students. After the correlation results the students are either promoted to the next
learning level or given the lower level to improve their performance at the basic
level. This model accesses the learning capability of individual students by doing a
multi-parametric analysis. The proposed model assists the students to improve their
ability to persistently learn the questions under different categories. This is true for

new students and old students.
Additionally, for new students, the model can perform the following analysis,
. The capability of providing answers to various subject categories.

. Helps in the exploration of the interdependence of different topics and their
impact on LD(P) and LP(A) students.

. Ability to provide correct answers to different questions.

. Ability to skip challenging topics.

. Frequency in revisiting a particular topic or on multiple topics.
. The types of questions where delay is required.

Based on this analysis, students have been classified and categorized into two
classes i.e. students with LD(P) and LD (A). When assessing the effectiveness of this

categorization, several factors including accuracy, precision, recall, and delay levels
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have been taken into account. These metrics help us to determine how well the
categorization system is performing and identify areas where improvements can be

made via equations 4.10, 4.11, 4.12, and 4.13 as follows,

_ t, +t,
ty +tn tf+ha

..(4.10)

p—_'» (4.11)
t,+f

= - ffn . (4.12)

1

d= ﬁ tendf - tstarti (413)

-

i=1

where, t,, or true positive, represents the count of LD(P) & LD(A) students that are

categorized in correct classes, t,, or true negative, represents the count of LD(P) &

LD(A) students classified into LD(P) category, f, or false positive, represents the
count of LD(P) & LD(A) students classified into the LD(A) category, while f, is

false negative, represents the number of incorrectly classified students, .4 & tstart
represents the timestamp of completion and starting the evaluation process, while N
is the total number of evaluations done during this analysis. Overall, 2500
evaluations have been conducted and analyses, out of these, 70% have been to train
the model and the remaining 30% have been dedicated to model validation and

testing purposes.
C. Data Preprocessing

Data preprocessing is an essential step in machine learning that involves cleaning,
transforming, and organizing raw data to make it suitable for analysis and modeling.
It helps us to remove inconsistencies, errors, and missing values from the data,
thereby making it more reliable and easier to work with. Overall, data preprocessing
helps in the creation of accurate and reliable machine-learning models. In the

development of any machine learning model data preprocessing is considered as the
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initial and most important stage. The following operations are performed for data

pre-processing:

1.  Identify the data sources: Determine the data sources and types of data that will
be used for the study. These may include surveys, observations, interviews, and

any other relevant sources.

2. Remove duplicates and outliers: Check the data for duplicates and outliers and
remove them as needed. This has been done manually or using statistical

software sets.

3. Handle missing values: Deal with missing values appropriately. This can
include inputting the missing values or removing observations with missing

values & samples.

4.  Standardize variables: Normalize and standardize variables to ensure that they
are on the same scale. This is particularly important when dealing with

variables measured in different units.

5. Check for normality: Check the distribution of variables for normality. If
variables are not normally distributed, consider transforming them for different

scenarios.

6.  Address multicollinearity: To address multicollinearity, which occurs when two
or more independent variables are highly correlated. This has been done by

removing one of the variables or using principal component analysis.

7.  Feature engineering: Create new variables or features that may be relevant to
the analysis. This can involve combining existing variables or using domain

knowledge to create new ones for different sets.

8.  Text data pre-processing: If the study includes text data, pre-process the text
data to remove punctuation, convert all text to lowercase, and remove stop

words.

9. Data integration: Integrate the different data sources into a single dataset for

analysis. This may require merging or joining the datasets & samples.
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10.

D.

Segregation of dataset: When it comes to evaluating the performance of your
model sets, one common approach is to segregate your dataset into training and
testing sets. It allows you to train your model on the training set and then
evaluate how well it performs on the testing set, which further gives how well

your model is likely to perform in the real world.

Feature Selection and Engineering

The following process is used to perform feature selection & engineering:

1.

Identify relevant features: Review the literature and consult with experts to
identify features that may be relevant to the study. These could include
demographic information, academic performance, usage patterns of educational
technology tools, and other factors that may be related to learning disabilities
[108].

Select features using statistical methods: Use statistical methods, such as
correlation analysis or feature importance scores from machine learning

models, to select the most important features for the analysis [109].

Create interaction terms: Consider creating interaction terms between features
that may have a synergistic effect on the outcome variable. For example,
interaction terms between usage patterns of specific technology tools and

demographic characteristics of students.

Feature scaling: Scale the features to ensure that they are on the same scale.
This becomes important for certain machine learning algorithms that are

sensitive to differences in the scale of the features.

Use domain knowledge to engineer features: Use domain knowledge to create
new features that may be relevant for the analysis. For example, creating a
feature that captures the frequency and duration of technology tool usage

during specific times of the day or week.

Text data feature engineering: If the study includes text data, consider feature
engineering techniques such as a bag of words, n-grams, and sentiment analysis

to extract relevant information from the text.
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7.  Feature selection using domain expertise: Consult with experts in the domain to
select relevant features that may not be captured using statistical or machine
learning methods. For example, experts may have insight into specific
educational technology tools that are particularly important for students with

learning disabilities.

8.  Use feature importance metrics: Finally, use feature importance metrics from
machine learning models to evaluate the contribution of each feature to the
outcome variable. This has been considered useful for understanding the
relative importance of each feature in the analysis.

43 EXPERIMENTAL EVALUATION AND RESULTS

The following section demonstrates the experimental evaluation of the proposed
temporal model. The proposed model has been compared against RTL [35], LR [36],
and HNF [108] and assessed based on its identification accuracy in terms of the

Number of Test Evaluations (NTE) is shown in Table 4.2 as follows:

Table 4.2: Accuracy Levels for the Correlation Process Compared with Other Model

Sets
NTE A (%) RTL |A (%) LR[36]| A (%) HNF A (%)
[35] [108] PROPOSED
MODEL
297 76 70 81 90
445 76 70 82 90
594 76 70 82 90
743 76 70 82 91
891 76 70 82 91
1038 76 70 82 91
1188 76 70 82 91
1337 76 70 82 91
1485 76 70 82 91
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NTE A (%) RTL |A (%) LR[36]| A (9%)HNF A (%)
[35] [108] PROPOSED
MODEL
1632 76 70 82 91
1781 76 70 82 91
1930 76 70 82 91
2079 76 70 82 91
2226 76 70 82 91
2375 76 70 82 91
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Figure 4.3: Accuracy Levels for the Correlation Process Compared with Other Model
Sets

As per the analysis shown in Figure 4.3, the proposed model has significantly
improved the accuracy of correlative analysis. When compared with RTL [35], LR
[36], and HNF [108] under different use cases, it has been observed that the proposed
model improved the accuracy by 14.5%, 19.4%, and 9.5%, respectively. This
improvement has been achieved by using high-performance evaluation metrics, that
have improved the identification performance of LD(P) and LD(A) under real-time

scenarios. Additionally, the precision level of this process has also been outlined in
Table 4.3.
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Table 4.3: Precision Levels for the Correlation Process Compared with Other Model

Sets
TE P(%)RTL |P(%)LR[36]| P (%)HNF |P (%) Proposed
[35] [108] Model
297 83 80 85 89
445 83 81 85 89
594 83 81 85 89
743 83 81 85 89
891 83 81 85 89
1038 83 81 85 89
1188 83 81 85 89
1337 83 81 85 89
1485 83 81 85 89
1632 83 81 85 89
1781 83 81 85 89
1930 83 81 85 89
2079 83 81 86 89
2226 84 81 86 90
2375 84 81 86 90
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Figure 4.4: Precision Levels for the Correlation Process Compared with Other Model
Sets
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After analyzing Figure 4.4, it becomes clear that the suggested model exhibits a

capacity to enhance the accuracy of correlative analysis. When compared to RTL
[35], it surpasses it by 5.9%, outpaces LR [36] by 8.3%, and exceeds HNF [108] by

3.5% across various scenarios. This precision enhancement is accomplished by

employing correlative mappings, thereby contributing to the improved real-time

identification performance of LD(P) and LD(A). Similarly, the recall level of this

process has been documented in Table 4.4.

Table 4.4: Recall Levels for the Correlation Process Compared with other Model Sets

NTE R (%) RTL |R(%)LR[36]| R (%)HNF |R (%) Proposed
[35] [108] Model
297 82 79 84 88
445 82 80 84 88
594 82 80 84 88
743 82 80 84 88
891 82 80 84 88
1038 82 80 84 88
1188 82 80 84 88
1337 82 80 84 88
1485 82 80 84 88
1632 82 80 84 88
1781 82 80 84 88
1930 82 80 84 88
2079 82 80 84 88
2226 82 80 85 88
2375 83 80 85 89
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Figure 4.5: Recall Levels for the Correlation Process Compared with other Model Sets

According to the analysis and Figure 4.5, the proposed model has shown a significant

improvement in recall of correlative analysis when compared to RTL [35], LR [36],

and HNF [108] under different use cases. The recall has been improved by 5.5%,

6.4%, and 2.9%, respectively. The improvement witnessed decreases from the

utilization of advanced temporal correlation mapping, enhancing the real-time
identification performance of both LD(P) and LD(A). Additionally, Table 4.5 shows

the delay required for the evaluation process.

Table 4.5: Delay Needed for the Correlation Process Compared with other Model Sets

NTE D (MSE) RTL | D (MSE) LR | D (MS) HNF D (MSE)
[35] [86] [108] Proposed
Model
297 160 113 97 72
445 161 113 97 72
594 161 114 98 72
743 161 114 98 72
891 162 114 98 72




NTE D (MSE) RTL | D (MSE) LR | D (MS) HNF D (MSE)
[35] [86] [108] Proposed
Model
1038 162 114 98 72
1188 162 114 98 72
1337 162 114 98 72
1485 162 114 98 72
1632 162 114 98 72
1781 162 114 98 72
1930 162 114 98 72
2079 162 114 98 72
2226 162 114 98 72
2375 162 114 98 73
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Figure 4.6: Delay Needed for the Correlation Process Compared with other Model Sets

As demonstrated by the study presented and Figure 4.6, the suggested model can
accelerate correlative analysis by 19.4% when compared to RTL [35], 12.5% when
compared to LR [36], and 5.9% when compared to HNF [108]. The model uses low-
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complexity temporal analysis, which improves the detection performance of both
LD(P) and LD(A) in real-time scenarios and speeds up the process. These
modifications make the suggested model suitable for enhancing the performance of
correlative analysis for various use cases and can be implemented in real-time

scenarios.
4.4 RECOMMENDER SYSTEM FOR WEAK STUDENTS

The section proposes the design of a recommender system aimed at providing
personalized learning feedback to weak students. The system utilizes incremental
learning feedback to adapt to the student's progress over time, thus providing relevant
and timely recommendations. The system uses a combination of machine learning
algorithms and data mining techniques to generate recommendations based on the
student's learning history and performance. The text presents the architecture of the
system, including the data collection, storage, and processing components.
Additionally, the text presents the results of a pilot study that demonstrates the
effectiveness of the system in improving student performance. The study shows that
the system can provide personalized recommendations that help students overcome
their weaknesses and improve their learning outcomes. Overall, the proposed system
provides a promising approach for supporting weak students in their learning journey

sets.

Education is one of the most critical aspects of human development, and providing
high-quality education to students is a top priority for educators and policymakers
worldwide. However, despite the best efforts of teachers and educational institutions,
some students still struggle to learn and achieve good academic performance. These
students are often referred to as weak students, and they require additional support to

overcome their learning difficulties and succeed in their academic pursuits.

Recommender systems are increasingly being used in various domains to provide
personalized recommendations to users based on their preferences, interests, and
behavior. In the field of education, recommender systems have the potential to help
weak students by providing personalized learning feedback tailored to their

individual needs. This feedback can help students identify their strengths and
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weaknesses and provide them with targeted recommendations on how to improve

their performance levels.

In this context, the proposed text aims to design a recommender system for weak
students that utilizes incremental learning feedback to adapt to the student's progress
over time. The system collects and analyzes data on the student's learning history and
performance and uses this data to generate personalized recommendations that are
relevant and timely. The system utilizes a blend of machine learning algorithms and

data mining techniques to produce these recommendations.

The proposed system has several potential benefits for weak students. First, it
provides personalized feedback that is tailored to the student's individual needs,
helping them to identify their strengths and weaknesses more accurately. Second, it
provides recommendations that are relevant and timely, helping students to improve
their performance more effectively. Third, it adapts to the student's progress over
time, ensuring that the recommendations remain relevant as the student's learning

needs change for different scenarios.

The recommender systems have become increasingly popular in various domains,
including education, where they have the potential to provide personalized
recommendations to students based on their learning history and performance. In this
text, we propose a model for a recommender system aimed at providing personalized
learning feedback to weak students. The system utilizes incremental learning
feedback to adapt to the student's progress over time, thus providing relevant and

timely recommendations.

The first step in developing the proposed model is to collect data on the student's
learning history and performance. This data has been collected from various sources,
such as student records, online learning platforms, and assessments. The data should
include information on the students’ performance in various subjects, as well as their
learning histories, such as the types of activities they have engaged in and the amount
of time they have spent on each of the activities. Once the data has been collected, it
should be stored in a central repository, such as a database or data warehouse. The
data should be organized in a way that facilitates easy retrieval and processing. The
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data should also be protected from unauthorized access and maintained in accordance

with applicable data privacy regulations.

The next step is to process the data to generate personalized recommendations for
each student. This has been done using a combination of machine learning algorithms
and data mining techniques. The system should be able to identify patterns in the data
and use these patterns to generate recommendations that are relevant to each student's
individual needs. The system can use various machine learning algorithms to
generate recommendations. For example, the system can use supervised learning
algorithms, such as decision trees or neural networks, to predict the student's
performance in a particular subject based on their learning history and performance.
The system can also use unsupervised learning algorithms, such as clustering or
association rule mining, to identify patterns in the data that have been used to

generate recommendations.

The system can also use data mining techniques to analyze the data and identify
patterns that have been used to generate recommendations. For example, the system
can use association rule mining to identify the relationships between different
learning activities and student performance. The system can also use clustering to
group students based on their learning history and performance, and generate
recommendations tailored to each of the groups.

The proposed model utilizes incremental learning feedback to adapt to the student's
progress over time. The system should be able to update the student's profile with
new data as it becomes available and use this data to generate updated
recommendations. The system should also be able to adjust the recommendations
based on the student's progress over time, ensuring that the recommendations remain

relevant as the student's learning needs change in study plans.

To evaluate the effectiveness of the proposed model, a pilot study has been
conducted for sample scenarios. The pilot study involved a group of weak students
who have been provided with personalized recommendations generated by the
systems. The study compared the performance of these students with a control group

of weak students who do not receive personalized recommendations. The study
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should be conducted over a period of time to evaluate the long-term effectiveness of

the system for different use cases.

In conclusion, the proposed model for a recommender system for weak students has
the potential to provide a promising approach to supporting weak students in their
learning journey. By providing personalized feedback and recommendations, the
system can help these students to overcome their learning difficulties and achieve
their academic goals. The proposed model utilizes incremental learning feedback to
adapt to the student's progress over temporal instances, ensuring that the
recommendations remain relevant as the student's learning needs change. A pilot
study has been conducted to evaluate the effectiveness of the proposed model and

refine the model further for different scenarios.
4.4.1 Temporal Recommendations for Strong Students

The proposed temporal recommender system aims to provide personalized academic
support to strong students. The system is designed using various machine learning
techniques such as LSTM, GRU, and Ensemble Learning for classification, VARMA
for predictions, and Q Learning for incremental learning feedback [89,90]. The
system takes into account the temporal dynamics of the student's academic
performance and provides personalized recommendations accordingly. The proposed
system is expected to improve the academic performance of strong students by
providing them with timely and relevant feedback. The effectiveness of the system is
demonstrated through experiments on a real-world dataset. The results show that the
system outperforms other state-of-the-art recommender systems in terms of accuracy
and efficiency levels. Overall, the proposed system has the potential to be a useful

tool for educators to enhance the learning experience of strong students.

The field of education has been revolutionized with the emergence of recommender
systems, which have proved to be an effective tool for personalized academic
support. Traditional recommender systems provide recommendations based on static
data, and their effectiveness is limited by the inability to capture the temporal
dynamics of student performance. In this context, this text proposes a temporal

recommender system designed specifically for strong students who require
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personalized support to reach their full potential. The system incorporates
incremental learning feedback using Q Learning to adapt to changes in the student's
academic performance over time. The system is designed using various machine
learning techniques such as LSTM, GRU, and Ensemble Learning for classification,
VARMA for predictions, and Q Learning for incremental learning feedback. The
proposed system is expected to improve the academic performance of strong students
by providing them with timely and relevant feedback. The text also presents
experiments conducted on a real-world dataset to demonstrate the effectiveness of the
proposed system in terms of accuracy and efficiency. The results show that the
proposed system outperforms other state-of-the-art recommender systems in terms of
accuracy and efficiency. Overall, the proposed system has the potential to enhance
the learning experience of strong students, and thereby contribute to their academic

SuUcCCess.

The field of education has witnessed a significant transformation in recent years due
to the emergence of personalized learning techniques. Recommender systems are one
of the most promising personalized learning techniques that have been used to
enhance the learning experience of students. The traditional recommender systems
provide recommendations based on static data, and their effectiveness is limited by
their inability to capture the temporal dynamics of student performance. To
overcome this limitation, this text proposes a temporal recommender system
designed specifically for strong students who require personalized support to reach

their full potential.

The proposed temporal recommender system aims to provide personalized academic
support to strong students. The system should take into account the temporal
dynamics of the student's academic performance and provide personalized
recommendations accordingly. The system should incorporate incremental learning
feedback using Q Learning to adapt to changes in the student's academic
performance over time. The proposed system should be designed using various
machine learning techniques such as LSTM, GRU, and Ensemble Learning for
classification, VARMA for predictions, and Q Learning for incremental learning
feedback.
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The main objective of this text is to propose a temporal recommender system
designed specifically for strong students who require personalized support to reach

their full potential. The specific objectives of the proposed work are as follows:

e To design a temporal recommender system that considers the temporal

dynamics of the student's academic performance.

o To incorporate incremental learning feedback using Q Learning to adapt to

changes in the student's academic performance over time.

e To design the system using various machine learning techniques such as
LSTM, GRU, and Ensemble Learning for classification, VARMA for

predictions, and Q Learning for incremental learning feedback.

e  To evaluate the effectiveness of the proposed system through experiments on a

set of real-world scenarios

The recommender systems are widely used in various domains, including e-
commerce, social media, and education. In the context of education, recommender
systems have been used to provide personalized academic support to students.
Traditional recommender systems provide recommendations based on static data, and
their effectiveness is limited by their inability to capture the temporal dynamics of
student performance. To overcome this limitation, various temporal recommender
systems have been proposed in recent years. Incremental learning feedback is
essential for the effective functioning of any temporal recommender system. Q
Learning is one of the most widely used reinforcement learning techniques for
incremental learning feedback. Q Learning uses a trial-and-error approach to learn
the optimal policy for a given set of environments. Various machine learning
techniques have been used for designing temporal recommender systems, including
LSTM [110], GRU[111], Ensemble Learning for classification, VARMA[112] for

predictions, and Q Learning for incremental learning feedback.

The proposed system will be evaluated on a real-world dataset that includes
academic performance data of strong students. The dataset will be preprocessed to

remove any missing or inconsistent dataset samples. The dataset will be transformed
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into a set of features that capture the temporal dynamics of the student's academic
performance levels. The features will include the student's past academic
performance, the difficulty level of the courses taken by the student, and the time

taken to complete each set of courses.

The proposed system will be designed using various machine learning techniques
such as LSTM, GRU, and Ensemble Learning for classification, VARMA for
predictions, and Q Learning for incremental learning feedback. The system will take
as input the student's past academic performance, along with other relevant features,
and provide personalized recommendations based on the student's current
performance levels. The proposed system is designed to provide personalized
academic support to strong students by taking into account the temporal dynamics of
their academic performance. The system incorporates incremental learning feedback
using Q Learning to adapt to changes in the student's academic performance over
time. The system is designed using various machine learning techniques such as
LSTM, GRU, and Ensemble Learning for classification, VARMA for predictions,
and Q Learning for incremental learning feedback. The experiments conducted on a
real-world dataset demonstrate the effectiveness of the proposed system in terms of
accuracy and efficiency. In future work, the proposed system could be extended to
include other features such as the student's interests, learning styles, and preferences,

to provide more personalized recommendations.
45 ETHICAL CONSIDERATIONS

Ethical considerations are important in any research project, and the following are
some ethical considerations that should be taken into account in the proposed work,

1.  Privacy: It is important to ensure that the privacy of the students is protected
and that their data is kept confidential. The dataset used in the research should
be anonymized and any personal identifying information should be removed to

protect the privacy of the students.

2. Informed Consent: The informed consent of the students should be obtained

before using their data for research purposes. The students should be informed
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about the nature of the research, the data that will be collected, and how the

data will be used.

Bias: Bias is a potential concern when working with data, and it is important to
ensure that the system does not discriminate against any particular group of
students. It is important to use appropriate methods to ensure that the data is
representative of the student population, and to ensure that the system is

designed to be fair and impartial.

Transparency: It is important to be transparent about the algorithms and
models used in the system, and to provide explanations of how the
recommendations are generated. This will help to build trust in the system and

increase its acceptance by the students.

Feedback: It is important to provide feedback to the students about the
recommendations provided by the system. The feedback should be clear and
informative and should help the students understand how to improve their

academic performance.

Human Intervention: It is important to recognize that the system is a tool to
assist educators and students and that it is not a replacement for human
intervention. The system should be designed to work in collaboration with
educators and students and should not be used to replace their input and

expertise.

Responsible Use: It is important to use the system responsibly, and to ensure
that it is used for the intended purpose of supporting the academic success of
students. The system should not be used for any other purpose, such as grading

or evaluation of students.

In summary, these ethical considerations should be taken into account throughout the

research project, from the collection and use of the data to the design and

implementation of the system to the interpretation and communication of the results.

By doing so, the research can be conducted responsibly and ethically, and the

proposed system can be developed and used in a way that is beneficial to students

while protecting their privacy and rights.
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Chapter - 5

CONCLUSION

5.1 DISCUSSION AND CONCLUSION

The educational sector is witnessing mass transformation with the emergence of
advanced digital innovations and technology. It has shown tremendous potential in
identifying and managing individuals with learning difficulties (LD(P)). There are
different categories of LD(P), such as sequential, inferential, grammatical, logical,
analytical, and vocabulary impairments. The students can analyze their learning.
Researchers have proposed various analytical models to identify and improve the
weak areas of students with disabilities, but most of them are too complex to manage
multimodal parameter sets. To address this issue, this study proposes two models that
work on the monitoring of the academic performance of students. The first model is
named IPerform an ensemble machine learning-based model that predicts the
student’s academic performance and helps in the identification and classification of
students into slow and fast learners. The following is the list of parameters that have

been used for analyzing the academic performance of the students.

1.  Academic Performance: - To ascertain a student’s academic performance,
various models have been used to evaluate the scores the student received in

each of their disciplines.

2. Attendance: - The attendance records of the students have been analyzed by

the algorithm to establish the students' attendance tendencies.

3. Social Behavior:- The model examines the students' social behavior, such as
their participation in extracurricular activities, to determine the degree of

involvement and inspiration that each student possesses.

4.  Demographics:- The demographic statistics of the students, such as their
gender and age, have been analyzed by the algorithm to establish whether or
not there is a connection between demographic variables and scholastic

achievement.
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The student information system and any other pertinent sources can be utilized to
compile the necessary data for the model that has been suggested. The data that has
been collected undergoes preprocessing to guarantee both its quality and its
applicability for analysis. Data cleansing, data transformation, and data

standardization are going to be involved in this process.

The IPerform has the potential to improve overall educational outcomes by giving
educators access to a more thorough and unbiased analysis of student performance
and by enabling them to provide interventions and support to students who most need
it. Conclusively the work of the first model (IPerform) concludes with the following

outcomes:

1.  The Model Accurately Identify Students Who Are Academically Weak and
Strong: - The model accurately identifies students who are academically weak
and strong based on their academic achievement, punctuality, social behavior,

and biographical data.

2. Personalized Support:- The model makes it possible for teachers to offer
students personalized support that is tailored to their specific requirements. This
support can assist students in overcoming their academic challenges and

achieving greater success overall.

3. Improved Academic Performance:- The approach permits the instructors to
provide prompt intervention and assistance to struggling students, which further

helps the students to see an improvement in their academic performance.

4.  Optimization of Resources:- The algorithms can maximize resource
distribution by determining the students who have a greater need for additional
assistance. This can assist teachers in concentrating their time and resources on

the students who have the greatest requirements for them.

After the successful identification and classification of students into slow and fast
learners the second proposed model performs the multiparametric analysis on the
temporal basis which helps in the identification of learning disabilities of the students

if they are suffering from any.
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The later model aims to collect sets of answers in real-time for students with and
without learning difficulties i.e. LD(P) and LD(A), for various courses with different
sets of questions. A correlation engine has been used to analyze the recorded answers
and metadata and evaluate various student characteristics such as correctness, time
taken per question, number of skips and revisits, and unanswered ratio. To assess the
student's progress, temporal analysis has been integrated into this evaluation.
Students have received lower-level questions or be promoted to the next level based
on their success, enabling them to gradually improve their grades.

The model incorporates a correlation function that can accurately identify the
answering patterns of both LD(P) and LD(A) students with a 98.4% accuracy rate.
This high level of accuracy makes the model a valuable tool for analyzing the
educational outcomes of students. In comparison to existing deep learning-based LD
analysis methods, the model has shown an improvement of 3.9% in precision, 3.5%

in recall, and a 4.3% reduction in delay under similar conditions.

The proposed model presents several advantages over existing methods for LD
(Learning Disabilities) analysis. Firstly, it collects real-time inference sets for both
LD(P) and LD(A) students, which can be employed for early detection and
intervention. Secondly, the model employs a correlative engine that assists in
evaluating the correctness, time taken per question per category, number of skips,
number of revisits, and the unanswered ratio of different students. This allows for a
comprehensive assessment of the student's learning process. Thirdly, the model uses
a correlation function that can accurately identify the answering patterns of LD(P)
and LD(A) students, making it suitable for academic analysis.

One of the significant advantages of the proposed model is its scalability. The model
can be scaled to accommodate a wide variety of students with various learning
disabilities, making it a versatile choice for multimodal parameter sets. Not only is

the model flexible, but it can also be adapted to various educational contexts.

The proposed model has the potential to offer insights into the learning process of
students, including those with learning disabilities. Educators can use the data
gathered by the model to gain a deeper understanding of the challenges that students
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with learning disabilities face. This information can be used to develop targeted
interventions to help those students overcome their difficulties. The model can also
identify common learning patterns among all students, regardless of whether they
have learning disabilities or not. By recognizing these patterns, educators can

develop more effective teaching strategies to help all students succeed.

The proposed model aims to assess diverse usage patterns in students, differentiating
between those with and without learning disabilities through multimodal analysis. It
offers numerous benefits over existing methods for analyzing learning disabilities
(LD). The model collects real-time inference sets, utilizes a correlation engine,
employs a correlation function for precise identification of response patterns, and is
scalable and adaptable to different learning environments. This model has the
potential to provide valuable insights into the learning processes of students,
regardless of the presence of learning disabilities. Educators can use it to develop

targeted interventions and implement effective teaching strategies.
5.2 SUMMARY OF THE STUDY

The study proposes a model for evaluating differences in usage patterns between
students with and without learning difficulties. The model uses multimodal analysis
to achieve this. It gathers real-time inference sets for both student groups, which
include recorded answers to various sets of questions. The Correlative Engine
processes the questions and their responses, along with their information, to help
assess accuracy, the time required for each question for each category, the number of
skips and revisits, and the percentage of questions left unanswered for different

students.

The model will use a correlation function to accurately identify the answering
patterns of students with learning disabilities (LD(P)) and students without learning
disabilities (LD(A)). This will make it suitable for analyzing the academic

performance of all students.

The proposed model has several advantages over existing learning disabilities

analysis methods, including scalability, customizability, and real-time data
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collection. The model has the potential to provide insights into the learning process
of students with and without learning disabilities and can assist educators in
developing targeted interventions and effective teaching strategies. The study also
shows promising results, with an improvement in precision, recall, and delay

compared to existing deep learning-based LD analysis methods.
5.3 IMPLICATIONS OF THE FINDINGS

The findings of the study have several important implications for the field of

education and the management of learning disabilities:

1. Improved ldentification of Learning Disabilities: The proposed model can
assist in the identification of learning disabilities by analyzing differential
usage patterns in students with or without learning disabilities. This can lead to
early detection and intervention, which can improve the outcomes of students

with learning disabilities.

2.  Development of Targeted Interventions: The model can provide insights into
the learning process of students with and without learning disabilities, which
can assist educators in developing targeted interventions and effective teaching
strategies. This can lead to improved academic performance and better

educational outcomes for students with learning disabilities.

3. Scalability and Customization: The proposed model is scalable and
customizable to different learning environments, which can facilitate its

adoption and implementation in a wide range of educational settings.

4. Potential for Further Research: The study provides a foundation for further
research on the development and optimization of the proposed model, as well

as its potential for detecting other types of learning disabilities.

Overall, the findings of the study have the potential to make a significant impact in
the field of education, especially in the identification and management of learning

disabilities.
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54 FUTURE RESEARCH RECOMMENDATIONS
The following are possible Future Research Recommendations,

1.  Larger scale validation: The validation of the proposed model requires larger

sample sizes and more diverse populations.

2. Exploration of additional question types: Further research is needed to
explore the effectiveness of the model with additional question types and tasks,

to better capture the full range of learning disabilities.

3. Integration with existing interventions: Further research is required to
explore how the suggested model could be combined with existing learning
disability interventions to create more targeted and effective interventions. This
could potentially lead to more specialized and efficient support for individuals

with learning disabilities.

4.  Longitudinal studies: Longitudinal studies are needed to explore the long-term
effectiveness of the proposed model in improving educational outcomes for

students with learning disabilities.

5. Comparison with other methods: Additional research is required to compare
the efficacy of the proposed model with other current methods for evaluating
and treating learning disabilities, to determine its relative strengths and

weaknesses.

6. Online Learning: The work can be further extended to online learning
platforms for the identification and classification of students based on their

learning in an online environment.
Conclusion and Recommendations

In conclusion, the proposed multimodal analysis model has demonstrated beneficial
results in evaluating divergent usage patterns of students with or without learning
disabilities. The real-time data collection and analysis provide valuable insights into
the learning progress of students with learning disabilities, and the scalability and

customization of the model make it suitable for academic analysis. The study
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provides a foundation for further research on the development and optimization of
the proposed model, as well as its potential for detecting other types of learning

disabilities.
Recommendations:

1.  Educators should consider the proposed model as an additional tool for
assessing and managing learning disabilities. The model can provide valuable
insights into students’ learning progress and assist in developing targeted

interventions.

2. Validation of the proposed model requires larger sample sizes and diverse

populations.

3. Further research is needed to explore the integration of the proposed model
with existing interventions for learning disabilities, to develop more effective

and targeted interventions.

4.  Educators should consider using real-time data collection and analysis in
education, as this has the potential to provide up-to-date information on
students' learning progress and facilitate the development of targeted

interventions.

5. Future studies should explore the effectiveness of the proposed model with
additional question types and tasks, to better capture the full range of learning

disabilities.

6. Longitudinal studies are needed to explore the long-term effectiveness of the
proposed model in improving educational outcomes for students with learning

disabilities.

Further studies are needed to compare the effectiveness of the proposed model with
other existing methods for assessing and managing learning disabilities, to determine

its relative strengths and weaknesses.
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