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ABSTRACT

This study evaluates several machine learning models used in predicting student performance. The data utilized
in this study was collected from 253 undergraduate students participating in five classes within one of three
courses offered by VnCodelab, an interactive learning management system, to provide insights into student
performance. Leveraging the data-rich environment of the interactive learning management system proposed
earlier, this study focuses on training a predictive model that forecasts student grades based on the compre-
hensive data collected during the teaching process. The proposed model capitalizes on the data obtained from
students’ engagement patterns, time spent on exercises, and progress tracking across learning activities. This
study compared five different base classifiers— Random Forest (RF), Logistic Regression (LR), Support Vector
Machine (SVM), Naive Bayes (NB), and k-nearest Neighbor (k-NN), and an ensemble learning method Stacking
Classifier —utilizing a dataset comprising 13 features. The research assesses the model’s accuracy, reliability,
and implications, contributing to the evolution of educational evaluation by introducing predictive assessment as
a transformative tool. The results indicate that the Stacking Classifier accurately predicts students’ grade ranges,
surpassing individual base classification models by effectively combining their predictive capabilities. Inte-
grating data-driven forecasting into the educational ecosystem can transform teaching methodologies and foster
an informed, engaged, and empowered learning environment. This approach cultivates a proactive learning
community by empowering students with real-time academic progress forecasts. Educators benefit from data-
informed insights that facilitate more effective and objective performance evaluation.

1. Introduction

regulators of online learning environments face several challenges
(Kebritchi et al., 2017; Yuniastari & Silva, 2022). Due to the shortage of

The booming age of technological advancement, coupled with the
force of the COVID-19 pandemic has pushed the appearance of various
interactive learning environments and online courses (Hermanto &
Srimulyani, 2021). In Vietnam, particularly in the recent COVID-19
context, online education and the utilization of online learning sup-
port software (such as Microsoft Teams, Zoom, and Learning Manage-
ment System) have become increasingly essential (Hoa et al., 2020).
Many studies found that these environments can enhance student
engagement, collaboration, and critical thinking skills (Dennen, 2008;
Hovlid et al., 2022; Means et al., 2009). However, evaluating offline
classes and subsequently grading learners are straightforward while
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institutional administrative support, instructors on online platforms
consume considerable time for administrative work while they teach
online courses (Chang et al., 2014). Teachers on these platforms must
deal with many administrative works including course organizing and
real-time changes in data such as students’ attendance during online
classes as well as their tracked learning patterns (Baran et al., 2011;
Kearns, 2012). Additionally, for teachers with little experience in online
learning systems, assessing students based on real-time data and giving
the final grades may be daunting. In traditional or blended offline
classes, instructors still struggle with administrative tasks and assess-
ment complexities. Managing course logistics, tracking attendance, and
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analyzing students’ learning patterns are challenges that educators face
regardless of the mode of instruction (Cornelius & Gordon, 2008; Means
et al.,, 2009; Picciano, 2021). Students’ data are not yet collected
appropriately and fully organized to generate insights into their per-
formance and their grading scheme. Learners also lack information
regarding their academic progress as the system’s database is private,
leading to little communication between them and educators and the
resultant lack of measures for grade enhancement. Previous studies have
utilized diverse methods to collect and process classroom data, such as
using learning management systems for online classes to track engage-
ment and participation and implementing cameras and eye-tracking
devices in offline classes to monitor concentration (Henrie et al.,
2018; Sharma et al., 2022). However, these approaches have limitations,
including potential privacy concerns and the inability to capture the full
scope of student engagement and cognitive processes.

With the significant advancement in the use of learning management
systems in education, various approaches, such as Educational Data
Mining (EDM) and Data Mining (DM), that incorporate machine
learning have emerged. These approaches aim to utilize data for un-
derstanding learning styles (Hawk & Shah, 2007; Zajac, 2009),
measuring and predicting learning behaviors and performance (Van-
damme et al., 2007; Wook et al., 2009), as well as forecasting learning
outcomes (Chi et al., 2008; Harvey & Kumar, 2019; Yagci, 2022). For
instance, Chi et al. (2008) employed Bayesian networks to predict stu-
dent learning outcomes, taking into account factors like attendance and
performance in class tests and assignments. In a study conducted by
Yagc1 (2022), various machine learning models, including Random
Forest (RF), Neural Network (NN), LR, Support Vector Machine (SVM),
NB, and k-Nearest Neighbor (k-NN), predicted final exam results with
accuracy ranging from 70% to 75%. While there is substantial potential
for this approach to build a predictive system, it necessitates the
consideration of new proposals, improvements, and the identification of
a compatible approach for the specific context.

This research aims to implement a predictive model that presents a
well-rounded assessment of students and gives suitable final grades.
Drawing from earlier research results, this model seeks to contribute to
teaching methodologies and introduce a more effective grading scheme
for online classes. The model can transform the current educational
landscape, creating a more informed environment for educators and a
collaborative space between learners and teachers. Data-based perfor-
mance forecasting will ensure that students are well-informed of their
learning progress thus taking full control of their learning, leading to
more communication with teachers to develop effective learning stra-
tegies. Educators, in turn, will be incentivized to modify their approach
to teaching and make more informed grading decisions.

The goal of this research is to tackle two questions:

e Question 1 (Q1): Whether and how can we predict students’ per-
formance in an early stage of a course?

e Question 2 (Q2): How different factors would impact the result of
students’ performance prediction?

The first question (Q1) addresses the feasibility and methodology of
predicting students’ academic performance at the outset of a course. It
seeks to explore whether it is possible to make accurate forecasts
regarding how well students will perform academically early in a
learning journey. The question explores the methods and techniques
employed to make these predictions. To answer this question, the pro-
cess involves data collection, feature selection, model selection, data
preprocessing, model training, model evaluation, and result interpreta-
tion. Educator feedback is solicited to gauge the practicality and impact
of data-driven predictions on their decision-making. The second ques-
tion (Q2) focuses on comprehending the numerous factors that affect
students’ academic performance forecasts. It explores how elements like
demographic background, prior educational experiences, study habits,
learning styles, and external situations might affect the accuracy of these
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predictions. The goal is to analyze and assess the importance of these
factors in shaping predictive models and their results. This examination
aims to clarify which variables hold greater significance in forecasting
student success, potentially refining the models for improved accuracy
across different student groups and educational environments.

2. Literature review
2.1. Traditional student assessment methods

Many studies have examined the impact of attendance on academic
performance, however, most of them were conducted using a traditional
statistical method and produced inconsistent results. Evaluating student
participation is time-consuming for teachers, lacking automation and
resulting in delayed assessments. This process traditionally involves
observing students in the classroom, reviewing their contributions to
discussions, and monitoring their engagement in group activities (Cohen
& Goldhaber, 2016). Moreover, in the absence of automation in student
participation assessment to track and assess participation data in
real-time, educators struggle to pinpoint students in need of additional
support. Early warning systems for struggling students are difficult to
implement, making timely intervention challenging (Davis et al., 2013;
Lee & Chung, 2019).

Latif and Miles (2013), using data from undergraduates taking
business courses, majoring in Business and Economics Statistics at
Thompson Rivers University, found that attendance significantly posi-
tively impacts midterm grades. However, the result of the study was not
convincing since the authors also indicated that besides class attendance
rate, other essential factors such as learning effort, assignment perfor-
mance, and student background needed to be taken into consideration.
The authors also stated that with a simple mean comparison, students
with high-class attendance and a high number of completed assignments
tend to perform better in the exam. Other studies also came to the same
conclusion. In previous works, Romer (1993), Durden and Ellis (1995),
Marburger (2001), Rodgers (2002), and Stanca (2006) concluded that
attendance had a significant impact on student’s grades or performance
of students on examinations seems to be improved with increased
attendance, even though the correlations between attendance and stu-
dents’ performance were relatively small. Halpern (2007) experimented
on 127 students in a business management module and concluded that
although attendance truly impacts student academic achievements,
students’ performance is largely determined by other factors such as
entry qualifications, background, work, and course. This pushes for
more stable and quantitative evaluation methods that produce higher
accuracy. Taking advantage of Machine Learning techniques, many
studies have appeared to implement predictive models capable of
assessing student performance based on data relating to many variables
such as student attendance, degree of attention in class, and academic
background (Baashar et al., 2022; Romero & Ventura, 2010).

2.2. Data-driven assessment and predictive analytics in education

Data-driven techniques have been used for different applications
including fraud detection, telecommunications, and banking (Han et al.,
2012). These techniques analyze datasets and extract information to
transform it into understandable structures for later use. Data-driven
assessment and predictive analytics in education play an essential role
in aiding teachers in using data to make grading decisions and devel-
oping efficient teaching strategies (Guan et al., 2020). Data-based
evaluation is based on evidence that ensures the validity of the infor-
mation collected. By extracting data as a foundation for making as-
sessments, decision-makers are better informed and can gain more
insights into a problem. Because data can be continuously updated and
refined as new data becomes available over time, assessment results
could be more meaningful than theory alone. Predictive analytics in-
volves using data to make predictions (Guruler & Istanbullu, 2014). The
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process makes use of data analysis, Machine Learning, and statistical
models to locate patterns that might forecast future behaviors (Ras-
trollo-Guerrero et al., 2020). Through this, students’ academic results
can be predicted by analyzing the impacts of aspects such as their
attendance, level of attention, and learning progress. Elrahman et al.
(2023), researched a predictive model forecasting student performance
in classrooms using their interactions with an e-Textbook. Using clas-
sification models to predict student performance (good or bad), they get
an accuracy of 91.7% with the Random Forest Classifier (RF Classifier).
They concluded that data from students’ interaction with the device
could be used in the development of the predictive model to intervene
timely and improve students’ educational outcomes. All features were
important to the measuring of the final grades for students, hence their
inclusion in the model. Therefore, they also stated that data mining is a
very promising approach for predicting student performance.

2.3. Feature engineering

In previous studies, researchers chose variables to use for forecasting
depending on each case and purpose. In general, the variables
mentioned are usually data related to three categories: demographic
factors, variables related to educational background and grades
(midterm scores, grades from previous courses, grades from high
school), and interactions in the classroom or learning platforms.

Fernandes et al. (2019) used student demographics and in-term
grades to predict success with a Gradient Boosting Machine model.
Previous year’s grades and unattendance were the strongest predictors,
while demographics like neighborhood, school, and age showed po-
tential as well. Several studies indicate that gender plays a role in aca-
demic performance, with females traditionally demonstrating higher
achievement (Mensah & Kiernan, 2010; Sanchez et al., 2019). However,
this trend varies depending on the specific scientific field. Waheed et al.
(2020) found that demographic information and clickstream activity
significantly influenced academic performance, with more active course
engagement leading to higher results. Interestingly, participation in the
learning environment itself did not directly impact outcomes.

Several earlier studies have used variables indicating student
engagement in the classroom or online learning platforms as a key factor
in predicting grades (Bernacki et al., 2020; Chango et al., 2021; Elrah-
man et al., 2023; Liu et al.,, 2020). These factors, from a certain
perspective, indicate students’ concentration while in class and can also
evaluate their diligence. Leveraging a wealth of data from the first week
of a MOOG, Jiang et al. (2014) built prediction models relying heavily
on performance indicators like quizzes and peer assessments, as well as
student engagement in forum discussions. Bernacki et al. (2020) inves-
tigated whether student behaviors recorded in a learning management
system (LMS) alone could predict academic performance. They consid-
ered variables such as clickstream data, quiz attempts, use of monitoring
tools, and time of accessing planning resources. Their model successfully
found that 75% of students are at risk of repeating a course based solely
on their LMS activity.

For the task of predicting student academic performance, the inclu-
sion of grade variables is indispensable. Yagci (2022) used a dataset that
included 1854 students in 12 different faculties who have taken Turkish
Language-I courses. With the data variables including midterm exam
grades, Faculty, and Department that aim to predict student final grades,
he concluded that midterm grade is a vital predictor to be used in pre-
dicting the final grade. There is also a remarkable number of models that
use data from students’ performance in an early period of the course
(Chango et al., 2021; Harvey & Kumar, 2019; Lu et al., 2018), and these
factors are quite stable for making early predictions. To forecast student
success, Harvey and Kumar (2019) examined a predictive model that
analyzed a K-12 education dataset including both demographics and
exam grades data, Fernandes et al. (2019) developed a model leveraging
both demographic data and in-term activity grades. Meanwhile, Men-
gash (2020) considers pre-admission test scores to predict the possible
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grades of the future student, aiming to support the university in
admission decisions for their future undergraduate students. This is
quite an interesting study given that there are quite a few articles on this
topic that examine the correlation between entry grades and academic
grades. However, a major pitfall of early warning systems is that their
data, often including course grades, can be overly entangled with the
very outcome they aim to predict future grades. This can lead to models
merely reconfirming the obvious, suggesting struggling students will
continue to struggle if no interventions are implemented (Bernacki et al.,
2020).

2.4. Predicting student performance

In terms of predictive analytics, Harvey and Kumar (2019) con-
ducted a study to weigh up the performance of different Machine
Learning models in predicting grades in K-12. The study compared the
efficiency of three models: Naive Bayes (NB), Logistic Regression (LR),
and Decision Tree for predicting high school student Scholastic Assess-
ment Test (SAT) math scores. The conclusion was that NB was the most
effective model with 71% accuracy. Educators could rely on this model
to evaluate the correlation between several variables and student test
scores and accordingly make predictions. It could also be utilized to
implement early interventions for students with low academic results,
leading to the improvement of their grades. In an effort to predict stu-
dents’ final exam grades, Yagc: (2022) used the Machine Learning
models, e.g., Random Forest (RF), Neutral Network (NN), LR, Support
Vector Machine (SVM), NB, and k-Nearest Neighbor (k-NN) were
employed to predict the classified final exam, performing from 70% to
75% accuracy, with the highest for RF and NN models. Remarkably, the
accuracy rate of the RF Classification model of the recent research on the
same topic is relatively high. With the same attempt to evaluate and
predict students’ performance and achievement, Asif et al. (2017),
Bernacki et al. (2020), Mengash (2020), and Liu et al. (2020), experi-
mented with diverse types of input variables. Asif et al. (2017) used the
grades of all courses in four-year degree programs to predict the aca-
demic achievement of students and gain the highest accuracy of the NB
algorithm up to 83.65%. Mengash (2020) proposes that we can predict
in advance whether students will achieve a good CGPA by Artificial
Neural Network (ANN) at around 80%. Bernacki et al. (2020) Use
behavior-based models extracted from user activity logs in the Black-
board Learn learning management system. Using LR, NB, J-48 Classifi-
cation (J-48), Decision Tree (DT), and J-Rip DT to identify whether a
user may earn poor grades based only on the recorded behavior of the
user on the Learning Management System (LMS), the result reveals that
about 67.36% of cases are classified accurately with the LR algorithm.
From the first evaluation, by only using the data related to learners’
behaviors, this approach gained an accuracy rate that is relatively low
compared to other studies. Liu et al. (2020) also use data from a learning
management system. Still, in this study, instead of focusing on learner
behavior, they consider factors that are more related to learning rate
such as how much time students spend answering questions, how many
points students get for each practice question, and levels of assignments
students complete to assess student grades. What is different about this
study is that it focuses on using deep learning applications using
Recurrent Neural Networks (RNN), Bayesian Knowledge Tracing (BKT),
and Long Short-Term Memory (LSTM). The accuracy of this study is
quite impressive, up to 97% with MFA-DKT (Multiple Features Fusion
Attention Mechanism Enhanced Deep-Knowledge-Tracing).

Several other studies were conducted to experiment with early
warning systems for student learning behavior (Bernacki et al., 2020;
Chen, 2022; Lee & Chung, 2019). In these systems, from the input data,
researchers often figure out how to classify students who are likely to
pass, fail, and drop out using Machine Learning models. Similar to the
studies that have attempted to predict student grades, scholars in this
sub-topic have also attempted to use a variety of input variables to
classify the students. Hoffait and Schyns (2017) used demographic
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factors including Gender, Nationality, and background information
including Major, Prior schooling, Math level, and Scholarship to identify
first-year students with a high risk of failure. Using Machine Learning
algorithms (RF, LR, ANN), it is concluded that the students facing aca-
demic difficulties can be identified with a high level of confidence (90%)
as a result of the RF algorithm. Waheed et al. (2020) created a model
using artificial neural networks to analyze student records about their
use of the LMS. The findings indicated that student performance was
significantly impacted by demographic factors and clickstream behav-
iors. In another study, students’ performance is predicted using video
data from face-to-face interaction, grades, practical class participation
count, attendance and grades in online classes via the Moodle platform,
and final exam scores (Chango et al., 2021). J48, REPTree, Random
Tree, JRIP, Non-Nested Generalization (NNGE), and PART were the al-
gorithms employed. The NNGE and PART algorithms handle numerical
and discretized data with the greatest levels of accuracy. It was
discovered that participation in Moodle discussion forums, quiz scores,
and degree of concentration in theory class were the factors that pre-
dicted final performance the most accurately.

The research studies on predicting student performance that we have
compiled are presented in Table 1.

3. Methodology
3.1. Research workflow

Our research workflow, consisting of four steps, can be described as
follows (see Fig. 1):

e Data acquisition: Gather data from the system

¢ Data cleaning and Normalization: Clean and normalize the data-
set, addressing missing values, outliers, and inconsistencies to ensure
data quality and consistency.

¢ Exploratory data analysis: Examine the dataset using statistical
and visualization techniques.

e Model application and Evaluation: Apply Machine Learning
models to predict students’ grade ranges and evaluate model per-
formance using various metrics.

3.2. Data collection

The data used for this study gives information on various aspects of
students’ learning progress in five different classes provided by VnCo-
delab website (https://vncodelab.com). VnCodelab is an online learning
webpage, which provides courses on IT-related subjects through
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learning materials in the forms of text, code, images, and videos
formatted similarly to slides. Teachers can create learning materials
using only Google Docs, such as interactive slide quizzes. Each slide can
be automatically or manually stored, copied, and organized by teachers
for each intended class. Students can follow the lesson content on the
slides while following the lecturer face-to-face. Students can join an
appointed class, using slides, answering quizzes, raising their hands, and
communicating with others (in the top right corner). The interface of the
VnCodelab webpage is shown in Fig. 2. Every action of students and
teachers on learning material will be captured and published in real-
time, so both students and teachers can keep track of each other and
make changes during class if necessary (the number of participants is
displayed on each slide in the left-hand bar and can show individuals
name by hovering on it). There is an online compiler environment that
lets students run their code directly on the website. All student behavior
data is stored on the Firebase database. During the COVID-19 outbreak,
such benefits from VnCodelab brought great support for lectures in
delivering information and managing students without any physical
barriers.

The data was gathered from 253 undergraduates, specifically second
and third-year students majoring in computer science, and they have
almost the same demographic characteristics (regarding nationality and
age). These students were chosen because they shared similar academic
backgrounds, having taken roughly the same foundational classes prior.
They were enrolled in five classes offered in Web Design, Web Tech-
nologies, and Java Programming courses during a semester. Two pri-
mary metrics were recorded for each student from the database: their
total time dedicated to the system throughout the semester and their
time spent reviewing, indicating the periods when students logged into
the system beyond regular class hours for review purposes. De-
mographic information such as gender and age were also collected.
Moreover, the dataset included variables that highlighted students’
diligence (which will be discussed later) and academic performance
indicators such as final exam results, midterm exam scores, average
scores, previous subject averages, entrance scores, and high school GPA.
This pool of undergraduates was chosen for analysis due to their shared
academic pursuits, providing a coherent basis for evaluating their study
habits, performance, and related factors within the realm of computer
science education. For illustration, Table 2 displays a sample of the
initial dataset.

3.3. Data cleaning and normalization

We have made enhancements to four categories in our dataset: Time
interval, Submit rate, Attendance score, and review score.

Table 1
Summary of some previous works on predicting student performance.
Variables Prediction Dataset Algorithms Highest accuracy Reference
size
15 characteristics of interactions of the student with ~ Student performance 200 RF, DT, SVM, LR, k-NN RF (91.7%) Elrahman et al.
an e-Textbook (2023)
Student demographics, teacher salaries, school SAT math scores 403 NB, DT, Linear Regression =~ NB (71%) Harvey and Kumar
finance, grades (2019)
Midterm exam grades, Faculty, and Department Final exam grades 1854 RF, LR, SVM, k-NN, NB, RF (74.6%), Yagci (2022)
NN NN (74.6%)
Grade of all courses in four-year degree programs Student academic 210 DT, 1-NN, NB, NN, RF NB (83.65%) Asif et al. (2017)
achievement
Log records in LMS Student achievements 337 LR, NB, J-48, DT, J-RipDT LR (67.36%) Bernacki et al. (2020)
Gender, nationality, prior schooling, math level, Students at high risk of 2244 RF, LR, ANN RF (90%) Hoffait and Schyns
scholarship failure (2017)
Pre-admission test scores (HSGA, SAAT, GAT) Student CGPA 2039 ANN, DT, SVM, NB ANN (79.22%) Mengash (2020)
Scores and duration of practice questions, type of Student performance 4216 DKT, RNN, BKT, LSTM MFA-DKT (97%) Liu et al. (2020)
exercises
Students’ demographics, clickstream events Pass/Fail, Withdrawn, 32593 ANN, SVM, LR ANN (93.23% for Waheed et al. (2020)
Distinction Pass-Fail)
Face-to-face interactions, midterm & final scores, Fail - Pass — Dropout 57 J-48, DT, RF, JRIP, NNGE, = NNGE (80.46%), Chango et al. (2021)
online grades students PART PART (80.46%)
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Fig. 1. Research workflow.

X Chapter 1. Getting Started

= There is a tradition that when programmers learn a new computer language, they try writing what is called the Hello World program

What Is Python?
@ vhaseyien . Number of
b
people stay on‘Orld
© instaling pyihon N
aslide

IDLE snd the Python

Shell
© Hetio worle [ ]

thonFi Antony Sith

>
Tracking each

studenton a
slide

>5>

= That is, just to make sure they can get something to work, they write a simple program that writes out "Hello World!"
he Python Shell (commonly just called the Shell) gives you a prompt that looks like three greater-than signs

hen you see the prompt, it means the Shell is ready for you to type something.

= Then press the Return key or Enter key. When you do, you should see this:

Copy

= Congratulations! You have just written your first computer program. You told the computer to do something, and it did exactly what you told it to do.

= One of the key advantages of the Python language is how readable it is. The program you just wrote is simply the word print, an open parenthesis,
whatever you want to be printed (inside quotes), and a closing parenthesis.

Aslide ofa
World program in some other popular languages.

lesson

Here is what you have to write in C to get the same results:

= Anyone can understand the Hello World program written in Python. But to make this point very clear, let's see what you have to do to write the Hello

Fig. 2. Demonstration of VnCodelab interface during a lesson.

Table 2
Example of dataset.

Student id Subject Review Attendance Midterm - Age Average score
1119%*** Web Design 0 6 6 20 7

1121 %*** Java 14356 9 8.5 20 7.1

1121 %%=* Web Design 1514 10 8.5 20 6.75

1121 %*** Web Design 8874 10 9 20 9.75

Time interval: The research is interested in students’ level of con-
centration on the lecture in a class. We derived this figure by dividing
the total time the lecturer spent on the whole course by the total amount
of time that students were on the same slide with the teacher. However,
we encountered a problem in standardizing the time interval. As the
data was stored in a real-time database (the system uses Firebase to
record the data), the time interval of each user was unclear and over-
lapped with that of others. Hence, there came a need to conceive a novel
approach to refine the time logs (see Fig. 3). Firstly, time stamps with a
duration lower than a certain duration were removed (in this case, we
chose 90 s as the lower bound), but the overlapping was still present.
The solution was to only record the times in which the users entered the

slide and carefully chose the duration so that the end of the previous
slide would be the start of the next slide. As a result, the data was much
cleaner with few interruptions and duplicates as the original (see Fig. 3).
The final perfected time intervals were able to capture up to 85% of the
actual time, thus preserving the core data and affecting minor changes to
the results. After refining the time intervals, we calculated the mean
student focus rate by the approach that has been proposed above.

Submission rate: This is the ratio of the questions/exercises the
student has answered to the total amount of questions/exercises in the
lectures.

Submission rate and Attendance score: It is normal to have a
difference between students in those categories. However, the average
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Fig. 3. Example of student time interval before and after refining.

score of each class sometimes has a significant gap (see Table 3).

It may be caused by the grading method of each lecturer and the
design and necessity of each question in the materials of each course. For
instance, a slide has a set of 10 questions, and students only need to
answer 5 of them during class to receive a full point (1.0). This can lead
to situations where students achieve the maximum score of 0.5 even
though they answered all required questions. Unfortunately, we could
not extract which class has the limited set of questions, so we decided
that for every class that has a lower score, a certain point (we chose 0.2
but not exceed 1.0) is added to everyone in that class. Lecturers’ grading
methods also affect the average score the same way and we also add
certain points (1.0) to each student. After the update, we have the results
in Table 5.

Review time: This feature represents the total time students spend
on the system outside of class hours, likely reviewing materials or doing
additional study.

Review score: The original measurement of review time is the cu-
mulative sum of every student log of each slide that is not during lecture
hours. However, some students have “googol” hours on the system (see
Fig. 6) but their performance only has a minimal difference in com-
parison to others. Therefore, we decided to use a logarithm with base e
to demonstrate the students’ review time (in hours). The scores are
measured by the following function.

. review time
Review score=1In <7 1)

3600

After getting some basic data from students, we wanted to extract
added possible data about more features of the Machine Learning model.
Given the focus of the research, we have chosen the most suitable fea-
tures that show students’ diligence used for Machine Learning imple-
mentation. These features would play a key role in predicting students’
final grades:

e Participation rate: measures the percentage of students attending a
course during the semester.

Table 3
The average score of five classes before normalization.
Class Participate Submission Review Attendance  Average
1 0.771 0.237 2444.860 7.820 7.621
2 0.734 0.366 7092.913 8.689 8.045
3 7.735 0.257 7200.267 9.107 8.20
4 0.870 0.575 2613.878 9.090 7.695
5 0.736 0.532 27628.50 8.586 7.735

e Consistency rate: measures how consistently students attend classes
during specific periods of the semester. Lower consistency rates
indicate less consistent attendance and attention. There are two more
features to record students’ rate to attend classes with the consis-
tency rate in the first half of the semester collecting data from this
period specifically and the consistency rate in the second half of the
semester using only data in the corresponding period.

The following rate: calculates the ratio of the total time a student

spends on the same slide as the teacher to the total lesson time. It

helps gauge students’ engagement with the lecture material.

Immediately following rate: count the total number of seconds that

a student changed the slide 1 min after the teacher went to the next

slide. This could prove that students still paid attention to the lec-

turers even if they were not viewing the current slide. The system
incorporated this feature because relying solely on the “Following

Rate” metric may not fully capture students’ learning behaviors.

Some students may prefer to preview upcoming content by skipping

to later slides or review their understanding by revisiting previous

slides during each lesson.

e Compulsory: This categorical feature encodes whether the course is
relevant to each student’s major. It distinguishes between compul-
sory, elective, and optional courses, providing information about
students’ choice of courses.

Proper feature selection can affect the performance of models
significantly. In total, we collected a dataset of 253 observations in 18
unique features, categorized into three groups: diligence, demographic
information, and academic background. Among them, some are the
cumulative sum or transformation of others, so we decided to use 13 key
features as input for classification models, which are: Consistency,
Following, Review score, Attendance score, Midterm exam score,
Compulsory, Average Score in other subjects, Entrance exam score,
Age, Gender, Highschool GPA, Homework Submission rate, and
Subject. Each of the selected features affects the model performance
differently, and how significantly a certain feature impacts models will
be discussed in 4.3.

3.4. Model selection and evaluation method

To tackle the problem of predicting students’ average grades in the
course, different statistical measures and machine-learning models were
chosen. Since the final predictions would be students’ average scores, we
could use classification models. The whole dataset includes data from
253 students, and it is split into two parts: 20% for the test set and 80%
for the training set. For the classification task, since the collected data
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size is insufficient to classify scores from 0 to 10, we choose the approach
to classify their score range, whether it is A (Score>8.5), B (7<Score
<8.5), C (5<Score <7), or F (Score <5). Table 4 depicts the range for
each grade. Five models were implemented to compare the accuracy and
using Stacking Classifier to combine five proposed base models. The
base classification models are Multinomial Logistic Regressor (also
called SoftMax Regressor), Random Forest Classifier, Naive Bayes,
Support Vector Machine, and k-nearest Neighbors. The performance of
the model was measured by confusion matrix indicators.

After the data has been compiled and cleaned, we proceed to build a
Machine Learning pipeline steps to perform experiments. Figs. 4 and 5
compare different Machine Learning pipelines, according to the
following steps:

e Data preprocessing: for every base model, categorical and numer-
ical data is processed before fitting to the model. To be more specific,
the numerical features undergo a standard scaler then use k-NN
imputer to autofill into missing values, and One-hot Encoder is
implemented for categorical data.

Machine Learning model for classification: To classify students
into different grade ranges, we employ some of the most common
models for classification, such as RF, LR, SVM, NB, and K-Neighbors
Classifier.

Stacking Classifier: The Stacking Classifier is a popular ensemble
learning technique to combine different models, with an effort to
leverage the overall performance of base models. Stacking combines
multiple classifiers to induce a higher-level classifier with improved
performance. The Stacking Classifier works by firstly training the
preprocessed data with base models, and then using predictions of
base models to train the final estimator (Dietterich, 1997; Dzeroski &
Zenko, 2004; Wolpert, 1992). In this study, we chose the Support
Vector Machine as the final estimator, which would give us the best
overall performance.

Setting base models for Stacking Classifier: A set of base models is
selected to be used in the Stacking Classifier, the number of base
models should be diverse so that it would evaluate and learn various
aspects of the dataset. In the scope of this study, we chose 5 different
classifiers including RF, LR, SVM, NB, and k-NN.

3.5. Research tools

The experiment phase of this study was performed with the Scikit-
learn library using Python programming language. Scikit-learn is a
free and open-source Machine Learning library for the Python language
(Varoquaux et al., 2015). It is one of the most used libraries in terms of
employing Machine Learning models for predictive problems with a
wide range of supervised and unsupervised learning algorithms, as well
as tools for data preprocessing, model evaluation, and visualization.
Hence, Scikit-learn using Python programming language came as a
convenient tool in the scope of this study.

4. Results
4.1. Data preparation and initial analysis

Some parameters of classes were normalized. The newly obtained
dataset is presented in Table 5. Normalizing the dataset resulted in

Table 4

Grade range criteria.
Grade range Criteria
A Score>8.5
B 7<Score <8.5
C 5<Score <7
F Score <5
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Table 5
Average score of five classes after normalization.
Class Participate Submission Review Attendance Average
1 0.771 0.428 0.358 8.660 7.705
2 0.734 0.366 0.920 8.689 8.045
3 0.859 0.453 0.888 9.107 8.200
4 0.870 0.575 0.428 9.090 7.695
5 0.736 0.532 1.988 8.586 7.735

noticeable changes in the average submission range for Classes 1, 2, and
3. Additionally, Class 1 experienced a slight increase in both average
attendance score and average grade post-normalization. Fig. 6 shows the
histogram graphs of four features including Consistency, Following
rate, Submission rate, and Review time. Fig. 7 shows the number of
students achieved in four grade ranges. 131 students achieved B, fol-
lowed by A (81 students) and C (38 students), with only 3 in F.

By incorporating these variables into our model and subsequently
analyzing their impact, we strive to address Research Question 2 with
greater depth and accuracy (further discussed in 4.3). Firstly, we
consider the variables that contribute directly to the final average grades
given that we have known the midterm exam score, this would include
attendance score and midterm score. Secondly, we take in the charac-
teristics of the subject to students, including the subject title and
whether it is compulsory. And thirdly are parameters showing the stu-
dents’ concentration and diligence in the subject, those are Consis-
tency, Following rate, Homework submission rate, and Review
score. Next, we consider the performance of students in the earlier
period (Pre-admission exam score, High school GPA, and Average
score in different subjects) and finally personal characteristics (Age
and Gender). Table 6 shows the data size of each parameter, the number
of null values, the percentage of missing values, the data type of the
feature, and the category of that feature (with background abbreviated
for academic background). The target column is the average grades
converted to grade ranges (A, B, C, and F) for classification algorithms.

4.2. Evaluation of models

The dataset mentioned above includes 13 main features that are
taken into consideration for predicting students’ grade ranges (see
Table 6). The classification models are then fitted to the data and then
evaluated with different criteria: confusion matrix, classification accu-
racy (CA), precision score, recall score, F1 score, and ROC curves score
to compare different models.

Interpreting the results and evaluations of models in Table 7, we can
see that the Stacking Classifier gains a relatively high proportion of
predicting the grade range of students correctly, which is 0.826 accuracy
and 0.792 F1. This F1 score and accuracy rates are, as expected, the
highest among the models since it is the ensemble of the base models.
Regarding the confusion matrices of the Stacking Classifier in Fig. 8, the
main diagonal of those matrices forms a bold line, indicating that the
model gains a high accuracy level. More particular, while the confusion
matrix on the test dataset gained an accuracy of 0.826 the accuracy rate
on the whole dataset witnessed a higher value (see Fig. 9), which is
0.834. It is also interesting to note that the SVM base model gained a
high result is 0.804 in accuracy and 0.805 in Precision score. The SVM
model is also one of the most used algorithms for the classification tasks
in education for the same purposes in previous studies (Ras-
trollo-Guerrero et al., 2020).

Other models also performed well, with the RF model having the
second-best performance overall among base models. This means that in
some cases the RF model may be more useful and give a more accurate
classification as in the research of Yagci (2022), and Hoffait and Schyns
(2017) where RF is the best model among all basic Machine Learning
methods. Compared to the results of Yagc1 (2022), Mengash (2020), and
Asif et al. (2017) the result of the Stacking Classification is higher than
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Table 6
Variables of model.
Feature Null %Null Data type Category
value value
Consistency 0 0 Numerical Diligence
Following rate 0 0 Numerical Diligence
Review score 0 0 Numerical Diligence
Attendance 0 0 Numerical Diligence
Midterm exam 0 0 Numerical Background
Compulsory 0 0 Numerical Subject
Average of different 42 16.60% Numerical Background
subject
Pre-admission exam 142 56.34% Numerical Background
score
Age 0 0 Numerical Demographic
Gender (Male = 1) 0 0 Binary Demographic
Highschool GPA 144 57.14% Numerical Background
Homework Submission 0 0 Numerical Diligence
Subject 0 0 Categorical ~ Subject
Table 7
Scores of different models.
Model Accuracy Precision Recall F1
RF 0.784 0.790 0.741 0.768
NB 0.745 0.741 0.659 0.685
SVM 0.804 0.805 0.765 0.783
k-NN 0.667 0.770 0.513 0.536
LR 0.784 0.797 0.705 0.739
Stacking 0.826 0.792 0.825 0.792

the models of this research and is more robust with the relatively same
task of predictions. However, one of the limitations of earlier articles is
that either they make quite simple predictions such as pass or fail, or
they also try to predict students’ average scores range, but the accuracy
rate is relatively low. For example, Yagc: (2022) tried to predict stu-
dents’ final grade range taking into consideration their Faculty,
Department, and Midterm exams achieved the best result is 0.764 ac-
curacy. However, it’s important to note that this accuracy is calculated
on the whole dataset, not the test dataset only. Taking another example,
in the research of (Hashim et al., 2020), the accuracy of LR was highest
at 0.89 but for the task classifying pass or fail students.

Fig. 10 visualizes the ROC curves for 5 base models and the Stacking
Classifier combined model. Whether the ROC curves are closer to the
top-left corner of the graph, the better that classifier is. At first look, the
Stacking Classifier has a better overall score than the rest. When
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comparing with the k-NN and SVM models, the AUC score of the
Stacking model is much higher. It is also interesting to note that the SVM
and LR models tend to perform well in predicting grades “A” and “C”,
with around 0.92-0.94 AUC scores. However, the Stacking Classifier is
better at predicting grades “A” and “B”, these two grades have a much
higher proportion compared to grades “C” (see Figs. 8 and 9). Where
most of the grades are in the range “B”, and the Stacking Classifier has a
good performance in classifying this grade range (AUC = 0.83), this
result is much higher than the base models. Hence, in general, the
Stacking Classifier works the best so far by combining five base classi-
fication models.

Unfortunately, interpreting Table 8 for Overfitting analysis, some
base models show signs of being overfitted. Specifically, the RF model
reached an accuracy of 0.985 on the training set, yet the F1 score was
only 0.738. Similarly, the LR model displayed an accuracy and F1 score
of 0.762 and 0.570, respectively, and the indicator for the SVM model
highlighted an accuracy of 0.747 on the training set, accompanied by an
F1 score of 0.560. This happens because for such small datasets like this,
models like RF or SVM tend to be overfitted. However, while models like
RF and SVM showed signs of overfitting, the Stacking Classifier stood out
with satisfactory performance (0. accuracy and 0.823 on F1). This shows
the impressive capability of stacking classifiers to surpass the limitations
of their parts by combining the knowledge from its various base models,
the stacking classifier effectively reduced overfitting. This combined
approach acted as a defense against memorized noise and imbalanced
datasets. Moreover, the stacking model avoided overfitting since we
implemented a robust 3-fold cross-validation strategy. This not only
contributed to superior generalization but also resulted in achieving
accuracy beyond 82% on new data. Many other research papers have
also adopted this approach to mitigate overfitting in their base models
(Biswas et al., 2023; Shi et al., 2023; Wu et al., 2021). In future studies,
to mitigate overfitting in base models and improve overall performance,
we plan to augment the dataset by incorporating new data collected
from more students.

4.3. Impact of variables on the models

Fig. 11 presents a feature correlation matrix, visualizing the pairwise
relationships between variables within the dataset. The Subject feature
is not presented in this correlation matrix since it is a one-hot encoded
variable. Warmer colors (red shades) denote positive correlations,
indicating direct proportional relationships between features.
Conversely, cooler colors (blue shades) imply inverse relationships. The
color intensity scales with the correlation strength, with darker hues
representing stronger associations. Notably, certain cells appear white,
denoting missing data (Nan values) in those fields.

Three variables stand out with the strongest correlations to student
performance (denoted as Range in Fig. 11): attendance score (0.407),
the midterm exam (0.628), and the average of different subjects (0.713).
Conversely, gender and compulsory scores show the weakest correla-
tions. This suggests, in response to Research Question 2, that the
midterm score, attendance, and previous course scores likely have the
most significant influence on the models, while gender and compulsory
scores have minimal impact on student performance.

To directly compare the performance decrements when individually
removing variables with varying levels of correlation, we systematically
dropped each variable from the dataset and evaluated the resulting
model performance using classification models. The detailed results are
presented in Table 9, facilitating a clear comparison between the vari-
ables with the strongest and weakest correlations to student perfor-
mance. We saw a significant drop in accuracy when excluding the
average of different subjects (0.726 — declined by 0.101), followed by
the midterm exam (0.765) and attendance (0.784). In contrast,
removing gender and compulsory led to almost negligible changes: a
0.022 decrease in accuracy for compulsory and virtually no change for
gender.
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5. Discussion
5.1. Research findings

The study has proposed a method to predict students’ final course
average scores from an early stage of the course, addressing Question 1
regarding whether and how we can predict students’ performance. To
provide further detail, the experiment includes the use of five base
classification models RF, NB, k-NN, LR, and SVM and then using the
prediction of the base models to train the final estimator, which is SVM
with a technique called Stacking Classifier. Notably, the Stacking Clas-
sifier emerged as the most accurate model, leveraging the strengths of
multiple base models to enhance predictive performance. This approach
effectively mitigated overfitting and yielded robust predictions.

Our findings align with those papers of Fernandes et al. (2019) and
Xu et al. (2017), who identified prior academic performance as a key
predictor of student success. Similarly, the aggregate score of various
subjects appears as the strongest predictor in our study, highlighting the
cumulative impact of past academic endeavors. Furthermore, the
attendance score and midterm exam scores directly contribute to the
predictive power of the average score, as they make up 10% and 30-40%
of the average grade value, respectively. This highlights their vital role
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Fig. 9. Confusion matrices of Stacking Classifier on the whole dataset (CA = 83.79%).

in assessing student performance within the course. Notably, earlier
research reinforces the major influence of attendance, assignment, and
midterm scores (Arashpour et al., 2023; Riestra-Gonzalez et al., 2021;
Waheed et al., 2020), mirroring our observation of the strong predictive
power of the aggregate score, which incorporates these elements.

On the other hand, our findings show that gender has minimal
impact on the model, which resonates with the conclusion of Alsulami
etal. (2023), suggesting that individual student characteristics may hold
insufficient correlation with student performance due to the relative
homogeneity of the student population in terms of these characteristics.
Similarly, whether the course was compulsory or not also has negligible
impact, potentially showing that intrinsic interest or motivation plays a
more prominent role in determining student success than external
factors.

The Stacking Classifier’s high accuracy and other scores indicate that
this model is reliable. What makes this model robust and stable is that it
considers a wide range of variables of students including diligent vari-
ables, academic background, and their characteristics. Hence, the
experiment gains a higher accuracy rate compared to other models that
include fewer features such as in the study of Hoffait and Schyns (2017)
where the authors mainly consider demographic factors and academic

background (Gender, Nationality, Prior schooling, Math level,
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Fig. 10. ROC graphs of six models.

Table 8

Comparing Accuracy and F1 between Train set and Test set for Overfit Analysis.
Dataset Test set Train set
Model Accuracy F1 Accuracy F1
RF 0.784 0.768 0.985 0.738
NB 0.745 0.685 0.713 0.516
SVM 0.804 0.783 0.747 0.560
k-NN 0.667 0.536 0.688 0.484
LR 0.784 0.739 0.762 0.570
Stacking 0.826 0.792 0.838 0.823

Scholarship) to classify students with a pass or fail result. Therefore, to
predict the student’s grade effectively, a wide range of factors is needed,
and the most crucial factor is, in fact, the academic background.

The impact of individual variables on the predictive power of the
models was also investigated. Prior academic performance, as reflected
in midterm exam scores and the average of different subjects, emerged
as the most influential predictors of student success. In contrast, factors
such as gender and compulsory course status exhibited minimal impact
on model performance, suggesting that intrinsic motivation and indi-
vidual characteristics may play a more significant role in determining
academic outcomes.

By predicting students’ results at the end of the course, students
would have a chance to learn about their work and which grade they
would achieve. This approach would enhance students’ performance,
and concentration and encourage them to be more diligent to gain
higher grades. Since the midterm test is taken from class session 6 to 9
out of 16 class sessions, and more than one midterm test may be taken in
the whole course, hence it is significant to note that students have more
than 2 months (about 9 weeks) their midterm test to the final term exam.

11

. 1.0
Consistency
Following - 0.8
Review -
Attendance - - 0.6
Midterm Exam -
Compulsory - - 0.4
Previous GPA -
- 0.2
Entrance Exam -
Age - . - 0.0
Gender -
HighschoolGPA - - —0.2
Submit -
-0.4
Range -
I 1 ' 1 I 1 i | BN R I 1
> o W < [ S — R ]
cE2ELiEZEESEEES
g 2> 5 a = B c % 2 E
:n_” 2 & 2 g a 3 v 8 o
£2e gEese G
S =598k £
= & S

Fig. 11. Feature correlation matrix between different variables.

This would emphasize the importance of predicting student’s perfor-
mance in the future as students know their predicted average grade 2
months before the end of the course. Therefore, this study has tackled
the task of predicting student performance, which is one of the most
essential, useful, and challenging issues for educational institutions
(Rastrollo-Guerrero et al., 2020).

Earlier academic performance (grades of other subjects, midterms,
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Table 9
Compare of Stacking Classifier when dropping some features.

Feature dropped Accuracy Precision Recall F1 Acc. Declined
GPA Diff. Subjects 0.726 0.705 0.611 0.632 0.101
Midterm Exam 0.765 0.768 0.621 0.658 0.081
Attendance 0.784 0.753 0.730 0.740 0.041
Gender 0.826 0.800 0.790 0.794 0.000
Compulsory 0.804 0.778 0.778 0.778 0.022

attendance) reigns supreme in predicting student success, while indi-
vidual characteristics and external factors like gender and course type
hold minimal sway. As an answer to Question 2, our analysis revealed a
stark contrast between these variable groups: those heavily impacting
model accuracy (academic background) and those causing practically no
change (demographic factors). This aligns with existing research (Ara-
shpour et al., 2023; Fernandes et al., 2019; Riestra-Gonzalez et al., 2021;
Waheed et al., 2020; Xu et al., 2017) on cumulative achievement and
suggests intrinsic motivation/past achievements might trump external
factors. Our robust Stacking Classifier, encompassing a wider range of
variables, achieved superior accuracy compared to models with nar-
rower feature sets, highlighting the importance of a comprehensive
approach for effective student performance prediction.

We engaged the expertise of two lecturers specializing in information
technology and computer science to assess the predictive outcomes of
our study. The predictive model received positive feedback from two
university lecturers for its accuracy and the potential time-saving ad-
vantages it offers. Lecturer A, a leading authority in information tech-
nology from the Hanoi University of Science and Technology in
Vietnam, commended the precision and accuracy of our predictive
model, particularly the Stacking Classifier. He expressed that our system
exhibits high accuracy and can significantly reduce the time required for
instructors to evaluate student performance in their courses. Lecturer B,
with experience in computer science at the National Economics Uni-
versity in Vietnam also expressed enthusiasm for the robustness of our
approach. He believes that the system has potential and anticipates its
integration into classroom settings at his university. They noted that the
study addresses a crucial challenge in education by providing instructors
with a valuable tool to assess and support student’s academic progress.
Both experts agreed that our inclusion of various student variables
enhanced the model’s effectiveness in predicting students’ grade ranges,
addressing a critical challenge in education.

5.2. Implications

The predictive outcomes of the study received positive feedback
from university lecturers, commending the accuracy and potential time-
saving advantages of the predictive model. The inclusion of various
student variables enhanced the model’s effectiveness in predicting stu-
dents’ grade ranges, offering instructors a valuable tool to assess and
support academic progress. Integration of the predictive model into
classroom settings was anticipated, addressing a crucial challenge in
education by providing instructors with enhanced capabilities for stu-
dent evaluation.

5.3. Discussion of future research

Although generating a high accuracy rate, the approach of this study
has some limitations. One of those is that the model requires a large
amount of data about students (diligence, academic background, de-
mographic data). Although, in the scope of this study, the diligence data
is quite simple to achieve, academic background and demographic data
hold many null values. A temporary solution is that, in future works,
when we deploy this model to the website “vnCodelab.com”, the system
would ask the users to input their missing values if possible. The second
limitation is that the prediction of average grades still depends a lot on
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the Midterm exam scores, while we wanted to predict the final perfor-
mance of students even earlier. This problem is worth researching more
in the future to figure out novel solutions and approaches. Another
future work is that, with added data from later courses, we would apply
reinforcement learning and automatic continuous learning techniques in
Machine Learning to sustain and enrich the model. Furthermore, we are
interested in whether students’ performance would be better if they
knew their predicted grades. Finally, we would like to evaluate whether
and how other AI applications such as large language models (ChatGPT,
Bard, Llama) can assist students in their studies if they are integrated
into the website. Evaluating the impact of students knowing their pre-
dicted grades and exploring the integration of other Al applications,
such as large language models, into educational settings, present
promising directions for future inquiry.

6. Conclusion

This study presents a predictive model for forecasting students’ final
course average scores, demonstrating its effectiveness through the use of
a Stacking Classifier that combines multiple base models. By addressing
the questions, we highlight the feasibility of early prediction of student
performance, emphasizing the significant impact of prior academic
performance on predictive accuracy. Our findings underscore the
importance of considering factors such as midterm exam scores and the
average of different subjects in predicting student outcomes, while de-
mographic variables show minimal influence. Our study highlights the
pivotal role of attendance as a predictor of student success. By incor-
porating attendance into our predictive model, we emphasize its sig-
nificant impact on overall performance prediction accuracy, reflecting
its importance in gauging student engagement and commitment. These
findings underscore the value of attendance tracking in educational
settings and suggest its potential as a targeted intervention area for
improving student outcomes. The practical implications of our study lie
in providing instructors with a valuable tool for supporting student
progress and intervention. Future research directions could involve
refining the predictive models and exploring additional data sources to
enhance predictive accuracy and address data scarcity issues, ultimately
contributing to improved student outcomes and the overall effectiveness
of educational interventions.
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