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Abstract: Educators face multiple challenges when teaching programming, such as the intricate nature of programming
knowledge, the choice of effective teaching methods, and the diverse abilities of learners. Traditional teaching methods
often fail to address these challenges, leading to higher dropout rates and lower student grades. This paper explores a study
on the effectiveness of the flipped classroom model as a strategy to enhance student engagement in a practical programming
course. In addition, learning data was analyzed to examine the relationship between pre-class preparation and in-class
learning outcomes. The study's results indicate that the flipped classroom model significantly enhances student engagement
and performance. Students who diligently completed pre-class assignments and dedicated more time to study demonstrated
improved performance in subsequent in-class exercises. The results emphasize the potential of the flipped classroom model
as a successful teaching method for increasing student involvement, encouraging self-directed learning, and ultimately
improving the overall educational experience in programming courses.

Keywords: Flipped classroom, Practical programming course, Learning analytics, Correlation analysis, Naive Bayes
classification

1. Introduction

Teaching programming is increasingly important in today's technology-driven world, where programming skills
are highly valued across various industries. However, programming is a challenging task (Sobral, 2021). Teaching
programming is to develop higher-order thinking skills, including logical reasoning, algorithmic problem-solving,
and computational thinking (Fessakis, Gouli and Mavroudi, 2013; Kalelioglu, 2015). After receiving theoretical
instruction in the classroom, students are encouraged to participate in practical programming sessions to
familiarize themselves with programming. During these hands-on sessions, students engage in various
fundamental exercises to strengthen their understanding of programming concepts and enhance their problem-
solving abilities.

In this study, we implemented hands-on coding exercises using Moodle, an open-source learning management
system (LMS) (Gamage, Ayres and Behrend, 2022) that allows educational institutions to deliver courses and
manage online learning activities. By utilizing Moodle, instructors can create online courses to complement their
offline teaching by posting study materials, pre-recorded videos, quizzes, and more. The quizzes implemented
on the Moodle system mainly include multiple-choice, short-answer, and mapping questions. To provide a
programming learning environment emphasizing hands-on coding, we employed the CodeRunner plugin (Lobb
and Harlow, 2016) to deploy programming exercises within the Moodle system.

In previous semesters, the teaching approach involved assigning weekly exercises for students to practice both
in class and at home. During classroom sessions, students would work on designated exercises under the
instructor's guidance. Any unfinished exercises would be assigned as homework for further practice. However,
this method posed challenges as students often lacked preparation, and it was difficult for the teacher to ensure
consistent quality for all students. There were instances where the teacher had to re-teach the theory
throughout the entire session before students could attempt the exercises. The excessive review of theory
diminished the time available for hands-on practice, rendering the practical teaching process less effective.
Implementing the flipped classroom model creates an additional learning environment that allows students to
allocate more time to the subject while gathering valuable insights from their preparation at home. This
approach enhances the efficiency of classroom teaching and learning.
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This study presents a new method for teaching practical programming. The proposed method is based on the
fundamental idea of the flipped classroom teaching model, in which students study new content independently
outside of class and use class time to engage in interactive activities such as discussions, problem-solving, and
hands-on exercises (Abeysekera and Dawson, 2014). The flipped classroom is a reversed delivery model where
typical lecture and homework elements are converted (Davis, 2016). Before class, students must review
guidelines, watch short video lectures, complete quizzes, and participate in forum discussions (Han and Klein,
2019). Meanwhile, the class time is dedicated to exercises, projects, in-depth inquiries about the pre-watched
lectures, and engaging in hands-on activities (Liu, Wang and Izadpanah, 2023). At the same time, the instructor
assesses the learners' application of knowledge.

In the proposed experimental model, we introduced pre-class materials, including online resources and basic
hands-on exercises, for learners to complete before attending the practical sessions. Learners were additionally
assigned more difficult and complex exercises during the in-class practical sessions than at home. The outcomes
obtained from this experiment were then used to evaluate the feasibility and effectiveness of the proposed
teaching model.

This research examines explicitly two main areas: (1) the influence of pre-class preparation on students'
preparedness and preparation in class and (2) the relationship between pre-class and in-class learning activities,
utilizing learning analytics to gain a more comprehensive understanding of student engagement and
performance patterns.

The subsequent sections of this paper are structured in the following manner. Section 2 summarizes related
works to clarify our study’s framework. Then, Section 3 describes the proposed design and implementation. The
effectiveness of flipped classroom implementation in programming courses is discussed in Section 4. Section 5
presents an additional learning analytics approach that examines the relationship between pre-class and in-class
activities. This approach enhances the effectiveness of the flipped classroom model in improving student
performance. Sections 6 and 7 conclude our study by presenting limitations, remarks, and future directions.

2. Related Works

2.1 Challenges and Innovations in Teaching Programming

Teaching programming presents many challenges for educators, encompassing the nature and complexity of
programming knowledge, the wide selection of pedagogical methods, and the heterogeneity of learner abilities
(Kadar, et al., 2022). Core concepts such as iteration, language-specific constructs, and program design are
abstract, making them difficult for students to grasp (Rouhani, et al., 2022). Moreover, programming
technologies' dynamic and ever-evolving nature requires educators to continuously update their knowledge and
instructional materials (Caviativa, et al., 2022). For instance, in web programming courses, the rapid pace of
technological change and the diversity of tools and topics demand that educators frequently revise their course
content and adapt their teaching methods (Lopez-Pimentel, et al., 2021). The challenges are further complicated
due to the need to address technical skills, such as algorithmic logic and programming language syntax, and non-
technical skills, such as problem-solving and teamwork (Santos, et al., 2020). The diversity of students, ranging
from those with no programming experience to those with extensive development backgrounds, exacerbates
the difficulty of tailoring instruction to meet all learners' needs. This issue is particularly pronounced in computer
science and data analytics programs, where students' varying levels of prior experience lead to disparate
performance outcomes in assignments and overall course success (Ahmaderaghi, et al., 2024).

As a result, conventional teaching approaches frequently need to effectively tackle these difficulties, leading to
many students dropping out and performing poorly, particularly among non-computer science students who
find programming challenging (Groher, et al., 2021). The failure rates in introductory programming courses can
be remarkably high, occasionally reaching as high as 60%, highlighting students' challenges in acquiring essential
skills (Shahamiri, 2019). Moreover, traditional lecture-oriented teaching approaches frequently need to be more
effective in capturing students' attention, resulting in diminished motivation and participation, especially in
programming courses. This passive learning mode does not foster critical thinking or active involvement,
essential for mastering programming (Dietrich and Evans, 2022). Research suggests that conventional lectures
effectively capture the attention of only approximately 65% of students, resulting in many students needing to
be more engaged (Shah, et al., 2024).

In order to tackle these problems, novel pedagogical approaches, such as problem-based learning and the
incorporation of programming challenges, have demonstrated the potential to enhance student engagement
and improve learning results by fostering a collaborative and competitive atmosphere (Santos, et al., 2020;
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Martins, et al., 2020). However, these methods require careful implementation and continuous assessment to
ensure effectiveness (Santos, et al., 2020). One practical approach is gamification, which has been shown to
significantly enhance student motivation and engagement (Papadakis and Kalogiannakis, 2019). By integrating
game design elements such as points, badges, avatars, and leaderboards, educators can create a dynamic and
competitive learning environment that encourages active participation and sustained interest in programming
courses (Papadakis, 2020). In another research, web-based applications combining automated programming
assessment with gamification concepts can also provide immediate and accurate feedback, enhancing students'
willingness to participate and learn from their mistakes (Hellin, et al., 2022).

To effectively teach programming, adopting a holistic approach that considers students' varying needs and the
ever-changing nature of the field is necessary to incorporate innovative teaching methods to establish a
stimulating and successful learning environment.

2.2 Flipped Classroom: Application in Teaching Programming

The flipped classroom model, which reverses traditional teaching by delivering instructional content outside the
classroom and focusing on interactive activities during class, has gained popularity in teaching programming.
This approach enhances student learning and participation via in-class activities like problem-solving,
discussions, and collaborative projects. By shifting the focus from passive information reception to active
knowledge application, the flipped classroom allows students to access lecture materials, such as videos or
readings, before class, freeing up classroom time for more personalized and interactive learning experiences
(Rivera and Flores, 2024). This method promotes a deeper understanding of the material as students arrive
prepared to engage in activities that reinforce their learning.

The flipped classroom model is particularly beneficial for accommodating diverse learning styles. It allows
students to learn at their own pace outside of class and review materials as needed to ensure comprehension
(Sanchez-Cuervo, 2024). Technology integration is essential in this approach, providing digital tools and
platforms that deliver pre-class content and facilitate in-class activities.

In programming education, the flipped classroom has been shown to enhance student engagement,
understanding, and the application of complex concepts. Research indicates that this model can significantly
improve students' problem-solving skills and ability to apply theoretical knowledge in practical scenarios (Zhou,
2024). The flipped classroom fosters active learning and computational thinking- skills crucial for mastering
programming languages and concepts- by allowing students to engage with lecture materials at their own pace,
followed by in-class activities focused on coding exercises and collaborative projects.

Despite its benefits, the implementation of the flipped classroom model presents challenges. The success of this
approach heavily depends on the quality of pre-class materials and the design of in-class activities. Poorly
designed materials can lead to confusion and disengagement among students, diminishing the advantages of
the flipped model (Malkoc, et al., 2024). Additionally, effective implementation requires reliable access to digital
resources and technological support, which can be a barrier in some educational settings. Another challenge is
the need for students to be self-motivated and disciplined in engaging with pre-class materials (Jin-gang, et al.,
2024). Without this intrinsic motivation, students may come to class unprepared, hindering the effectiveness of
in-class activities.

Nevertheless, the flipped classroom model has shown promise in programming education, often leading to
higher levels of student satisfaction and engagement, which can result in better learning outcomes and retention
of programming skills. The model also fosters a collaborative learning environment, encouraging peer-to-peer
learning and support, which are beneficial in programming education, where problem-solving usually involves
teamwork (Kraml, 2024). Thus, despite the challenges associated with the flipped classroom model, its
application in teaching programming has generally yielded positive results, providing a more interactive,
student-centered learning experience. The effectiveness of this method relies on careful and thorough planning
and implementation, guaranteeing that the components before and during class are carefully crafted and
smoothly incorporated. This research aims to apply methods to improve participation in pre-class activities and
assess the efficacy of the flipped classroom approach in teaching practical programming courses.

2.3 Learning Analytics

Educational Data Mining (EDM) and Learning Analytics (LA) are rapidly evolving fields that leverage data-driven
approaches to enhance educational outcomes. These disciplines analyze educational data to improve learning
processes, personalize education, and optimize educational systems.
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Educational Data Mining involves applying data mining techniques to educational data to discover patterns and
insights that inform educational practices. Data analysis techniques, such as classification, clustering, and
association rule mining, are used to examine data from educational environments like learning management
systems and online courses. For instance, Pliuskuviené et al. (2024) highlight using EDM to identify at-risk
students and tailor interventions to improve their academic performance. Similarly, Bellaj et al. examine the use
of EDM to predict student success and improve curriculum design by analyzing student interaction data (Bellaj,
et al., 2024).

Learning Analytics, on the other hand, focuses on measuring, collecting, analyzing, and reporting data about
learners and their contexts to comprehend and enhance the learning process and the settings in which it takes
place. Cerezo et al. (2024) emphasize the role of LA in providing real-time feedback to students and educators,
thereby facilitating adaptive learning environments that respond to the specific needs of each learner. Liu et al.
(2023) support this approach, stating that LA can assist educators in making informed decisions by visualizing
learning patterns and identifying areas for improvement.

In a study focused on programming students, various techniques, including k-nearest neighbors (kNN), decision
trees, logistic regression, and neural networks, were used to predict students likely to drop out. Among these
techniques, kNN achieved the highest accuracy in classifying at-risk students (Pliuskuviené, et al., 2024).
Furthermore, various machine learning algorithms such as Naive Bayes, support vector machine, random forest,
and extreme gradient boost have been employed to forecast academic accomplishments. The primary objective
has been to enhance data quality by eliminating noise and fine-tuning hyperparameters (Bellaj, et al., 2024).
Predictive models are essential for early intervention, enabling educators to offer timely assistance to students
who may be encountering difficulties.

Figure 1 illustrates a comprehensive framework that integrates innovative teaching methods and learning
analytics approaches to address the intricate challenges of teaching programming. The framework delineates
three fundamental obstacles in programming education: the complex nature of programming knowledge,
limited student engagement, and the heterogeneity of student skills. Traditional teaching methods frequently
need help effectively tackling these problems, resulting in a higher percentage of students dropping out and
subpar academic performance, particularly among students with limited or no previous programming
knowledge. This research highlights the significance of implementing various instructional methods to address
the above-mentioned difficulties, including gamification, flipped classrooms, and problem-based learning. These
methods promote an interactive and cooperative learning setting while supporting multiple learning
preferences and skill levels.

[ Continuous Improvement ]
Programming " Pedagogical - ' Learning
Teaching Implementation Activities Data-driven Support ( Analytics

Complexity of Gamification ‘ Predict at-risk students ‘
Programming Knowledge
Low Student Engagment Flipped classroom Personalized learning ‘
Divess Ityst':(fi”Students Problem-based learning Real-time feedback ‘
Challenges Teaching Approaches Data-driven Approaches

Figure 1: A framework integrating teaching methods and learning analytics for programming education

In addition, the proposed framework incorporates LA and EDM as essential elements to improve and customize
the learning experience. Through the utilization of data-driven methodologies, such as predictive modeling for
the identification of students at risk, personalized learning pathways, and real-time feedback mechanisms,
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educators can make well-informed choices that directly influence student performance and engagement.
Moreover, the support offered by learning analytics facilitates the ongoing enhancement of instructional
approaches and materials, thereby enhancing the accessibility of programming education despite the ever-
changing nature of programming technologies. The integrated framework promotes a continuous improvement
culture in programming education, intending to improve student learning outcomes and reduce the
achievement gap between students with varying prior experience and aptitude levels.

3. Methodology
3.1 Implementation of the Flipped Classroom Model

To suggest adopting the flipped classroom model in practical programming courses, we analyzed various
teaching models, such as the traditional, general, and flipped classroom models, specifically for practical
programming courses. This examination allowed us to identify the benefits and drawbacks associated with each
approach. Table 1 provides a concise overview of the comparisons, explicitly highlighting the support provided
to learners based on two specific criteria: student engagement and student self-study.

Table 1: Comparison of the traditional classroom, general flipped classroom, and flipped classroom for a
practical programming course

Model vs. Criteria

Student Engagement

Student Self-Study

Traditional Classroom

May face challenges in maintaining student
engagement throughout the class (Singh, et
al., 2024).

Relatively low self-study as students mostly
follow instructor-led activities (Estaji and
Jonaidi-Jafari, 2022).

General Flipped
Classroom

Besides in-class activities requiring active
participation, student engagement increases
through pre-class materials (White, et al.,
2017).

Cultivate student self-regulation by requiring
pre-class preparation and independent
practice (Silverajah, et al., 2022).

Flipped Classroom for a
Practical Programming

Encourage active student participation
through hands-on coding questions and real-

Develop intense student self-study and self-
directed learning skills through independent

Course world projects in pre-class activities. coding practice and project work.

Traditional programming classes typically emphasize in-class instruction, where students receive direct guidance
and knowledge from the instructor. Although this approach may accelerate the learning process, it also
possesses significant limitations. For example, students who need a complete comprehension of the subject
matter during class may encounter difficulties with their homework, and only those who have a high level of
discipline tend to make adequate preparations for the next session. This model frequently emphasizes delivering
content rather than addressing individual learners' unique abilities and learning styles (Li, et al., 2014). As a
result, instructors need help keeping students actively involved in the class (Singh, et al., 2024), and more
emphasis on self-directed learning leads to a low level of independent study as students mainly rely on
instructor-led activities (Estaji and Jonaidi-Jafari, 2022).

On the other hand, the Flipped Classroom model, especially for practical programming courses, provides a more
dynamic approach by organizing learning into two primary elements: pre-class and in-class activities. Pre-class
activities transfer the obligation of learning to the students, encouraging active participation and enabling them
to learn at their preferred pace. To promote independent learning and motivation, we suggest implementing
pre-class assignments that gradually escalate in complexity, commencing with easy assignments and advancing
to more challenging ones. Engaging in these tasks promotes student readiness before class, which is essential
for enhancing the efficacy of the learning process. Programming courses often incorporate pre-class activities
that involve practical coding exercises and real-world projects. These activities improve problem-solving abilities
and foster a strong sense of self-study and self-directed learning by encouraging independent coding practice
and project work.

In-class activities in the Flipped Classroom emphasize interactive and collaborative exercises, such as team-
based learning, presentations, and quizzes, which build on the knowledge students have acquired during their
pre-class preparation. We recommend dividing in-class sessions into two phases for programming education: an
initial review of pre-class work, including live coding and error correction, followed by hands-on practice with
more advanced exercises. The instructor should guide these sessions through active learning methods like pair
programming and group discussions, making the class livelier as each student brings different perspectives and
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levels of understanding (White, et al., 2017). Moreover, the Flipped Classroom cultivates student self-regulation
by requiring pre-class preparation and independent practice. It encourages learners to proactively search for
additional learning resources that align with their preferences and styles (Silverajah, et al., 2022).

Therefore, we propose implementing the flipped classroom model for practical programming courses,
highlighting its effectiveness based on two criteria: student engagement and self-study. In helpful programming
courses, student engagement is demonstrated through participation in hands-on coding exercises and real-
world projects (Pears, 2010). At the same time, self-study is reflected in the student's ability to develop their
skills independently. These criteria, such as participation rates and self-development, can be quantitatively
assessed using data collected from Moodle.

This study integrates the Flipped Classroom model into practical programming involving two exercises: PreLab
and InLab.

e Prelab: Before the in-class session, students must complete the exercises in the PreLab. The PrelLab
exercises typically consist of easy-to-moderate difficulty-level tasks, aiming to help students grasp the
key concepts from the theory and facilitate self-learning.

e InLab: The in-class activities consist of two components. First, the PreLab exercises will be discussed
and reviewed. The instructor will gather feedback from students regarding the PrelLab tasks and
provide general guidance to the entire class. Then, students will practice individually with the InLab
exercises under the instructor’s guidance. The InLab exercises will be organized from moderate to
advanced difficulty and aim to enhance students’ programming skills after they have been sharpened
through the PrelLab exercises.

Integrating PreLab and InLab activities improves student engagement and promotes more significant interaction
between teachers and students. Instructors can better understand each student's capabilities by utilizing LA
approaches, such as real-time predictive analytics. This implementation enables customized instructional
approaches that more effectively cater to individual needs, ensuring that the pre-class and in-class components
are well-aligned with learners' current comprehension and advancement. Providing individualized assistance
can significantly enhance academic achievements in programming instruction.

3.2 Study Design

This study aims to incorporate the Flipped Classroom model into Programming Fundamentals courses to
increase student engagement and use the learning data obtained from activities conducted before and during
class. The Flipped Classroom approach positively impacts student learning engagement, particularly in pre-class
activities. The influence of pre-class exercises on student performance is demonstrated by the improved
academic outcomes of students who engage in active participation as opposed to those who do not. The
gathered educational data can also be employed to analyze and improve instructional methodologies. A learning
analytics methodology is utilized to forecast the in-class scores of students by analyzing their pre-class outcomes,
thereby providing additional evidence of the efficacy of the Flipped Classroom model.

The study was conducted in the Programming Fundamentals course during the second semester of the 2021-
2022 academic year. A question repository consisting of 99 questions was created to enhance the teaching of
practical programming in the course. These questions cover fundamental programming topics such as Strings,
Arrays, Functions, and Pointers and are distributed across four practice sessions. Using a voting process, the
instructors responsible for the practical sessions categorized the questions into three difficulty levels—easy,
medium, and hard. Questions rated as easy to medium were compiled into a set for Prelab activities, while those
rated as medium to hard were used for Inlab exercises. The questions were delivered in an online judge format,
requiring students to solve programming problems related to the course topics. Student submissions were
automatically graded using test cases in CodeRunner, a plugin implemented on the Moodle LMS platform.

Figure 2 illustrates the process of the proposed approach to a programming course, divided into two phases:
PreLab and InLab. In the PreLab phase, students begin by engaging with preparatory materials, including reading
material like slides or books, videos, and code examples. The work on exercises classified as Easy and Medium
in difficulty, with their submission, is graded by an Automated Grading System (AGS). Student’s results are
recorded in a system for later review by the lecturer. On the lecturers’ side, they are responsible for selecting
and categorizing exercises by difficulty level, utilizing Learning Analytic tools to assist in this process, like
classification tools. Lecturers also review the student’s results to gain insights into the student’s understanding
and performance.
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In the InLab phase, students start by listening to a general provided by the lecturer before moving on to more
challenging Medium and Hard difficulty exercises. AGS grades these submissions for exercises. On the lecturers'
side, they can use Learning Analytic tools to predict the InLab scores right after the PreLab exercises closed. The
prediction results help lecturers understand the distribution of scores and the student's overall ability. This
analysis enhances the interaction between lecturers and students, allowing the lecturer to provide a more

tailored and effective guide during the InLab session.

According to Figure 2, the evaluation needs to be conducted from two perspectives: Pedagogical Activities and
Learning Analytics. From the Pedagogical Activities perspective, the evaluation can be based on the feasibility of
implementing the teaching approach, the readiness of students to participate in the PreLab or the impact of the
PreLab on the course as reflected in the scores. From the Learning Analytics perspective, the evaluation can be
based on the prediction's feasibility or accuracy in students' exercise data.

Students

Pre-lab

s Reading material
- Videos
N Code Examples

Y

Exercises

(Easy + Medium)

Y

Results

(AGS)

\/

In-lab

Listen to the general guide

Y

Exercises
(Medium + Hard)

Y

Results
(AGS)

Lecturers

Pre-lab

Select and categorize

| exercises by difficulty level

(with the helps of Learning
Analytic tools)

Review results

\/

In-lab

Learning Analytic tools
predict in-lab scores for
lecturers to help:

- Understand the distribution
of scores in class and
general ability of students

- Enhance the interaction
between lecturers and
students

Y

Give general guide

Figure 2: The process of the proposed approach for applying flipped classroom into a programming course
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3.3 Data Accumulation

The proposed model was applied in the Programming Fundamentals course in the second semester of the
academic year 2022-2023 at our university. The course includes four (4) PreLab and four (4) InLab lessons. This
research was conducted with 786 first-year undergraduate students who participated in the course. The data
collected from the Moodle system consists of attempts made by students. Based on the Moodle design, a lab
exercise contains multiple questions, and each question can have multiple attempts from students. In each
attempt, students submit and try numerous times until they achieve the desired result. As a result, in a lab
exercise, the minimum number of attempts students must carry out to complete the lab is equal to the number
of questions. For example, if PreLab 1 has ten questions, the minimum number of attempts required for students
to complete the lab is 10. If the number of attempts exceeds 10, students have submitted multiple times for
some questions in the lab. Students can make many attempts for each question, so the scoring for a question is
based on the highest-scoring attempt. Therefore, the score of a lab exercise for each student is the average
score of the questions in the lab. If a question does not have any attempts by a student, that question will be
scored as 0 points.

The results of the lab exercises are compiled and presented in Table 2. Regarding the number of students
participating in the practical exercises, out of a total of 786 students, PreLab 1 had the highest student
interactions, followed by InLab 1 with 757 (96.43%) and 746 (95.03%) students, respectively. On the other hand,
PreLab 4 had the lowest number of participations (688 students - accounting for 87.64%), followed by PrelLab 2.
It can also be seen that PreLab 2 achieved the highest mean score (9.63), while the lowest mean score went to
InLab 1 (8.19).

Table 2: Summary of lab results

PreLab 1 InLab 1 PreLab 2 InLab 2 PreLab 3 InLab 3 PreLab 4 InLab 4

Count 757 746 688 732 708 733 676 706
Mean 8.97 8.19 9.63 9.12 9.07 9.07 9.35 9.15
Std 2.34 2.87 1.38 2.09 2.21 2.18 1.93 2.13
Min 0 0 0 0 0 0 0 0
25% 9.40 7.77 10.0 9.75 9.60 9.58 10.0 9.88
50% 9.90 9.70 10.0 10.0 10.0 10.0 10.0 10.0
75% 10.0 10.0 10.0 10.0 10.0 10.0 10.0 10.0
Max 10.0 10.0 10.0 10.0 10.0 10.0 10.0 10.0

Additionally, Figure 3 shows each lab's score distribution, revealing a trend that students either achieve perfect
scores or abandon the assignments altogether. Scores are heavily concentrated at the 10-point mark, with a
significant number also clustered at 0. The remaining score categories are practically empty. This suggests a
binary approach to these practical programming assignments — students strive for the highest marks or give up.
Interestingly, despite not following a standard or uniform distribution, our data provides valuable insight into
how students typically perform on these tasks.
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Figure 3: The lab score distribution
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4. Effectiveness of the Flipped Classroom Model Implementation
4.1 Student Consensus

Consensus among most students is demonstrated by the ratio of students participating in PreLab questions to
the total number of students in the course. Students only need to answer one PreLab question to be considered
participating. The value of this ratio aims at 1.0, indicating a high consensus on the new learning method.

In other words, this consensus indicates the learners' engagement. The number of participants partially reflects
the effectiveness of implementing this teaching approach. The experimental results obtained for PrelLabs 1, 2,
3, and 4 are 0.96, 0.87, 0.90, and 0.86, respectively, which indicates that students still widely accepted the new
teaching method even though it was implemented for the first time.

4.2 Ability to Measure Learners’ Studying Time

Measuring the study duration of learners cannot be accurately recorded through the system. The actual study
duration will be greater than the time recorded in the system. The latter is calculated from the first submission
to the final submission. The average study duration t; for assignment j and the average study duration r for a
lab are determined as follows:

n
t—l d
J'_n' i
=1
T
1
T:?th
j=1

where 7 is the number of attempts of a student for assignment j; d;,d;, ..., d;, ..., d,, are the durations of the
student's attempts for assignment j; and T is the allowed study duration for a lab.

If T is constant, a higher study duration recorded in the system reflects a higher level of learner investment. This
indicates that the student spends more time and effort on the assignments or labs. Table 3 summarizes the study
duration that students must allocate for each lab assignment, where the total allowed study duration is the same
for all PreLabs and all InLabs.

Table 3: Student’s time spent for each lab lesson

Related PreLab Related InLab
Lab 1 7 hours 8 hours
Lab 2 3 hours 4 hours
Lab 3 7 hours 5 hours
Lab 4 4 hours 4 hours

4.3 Ability to Collect lllustrative Data for Learner Development

This ability is related to student self-study. Using appropriate statistical data analysis tools, we can observe the
development of learners over time. By examining the number of submissions for each question, comparing
related questions (which may have different levels of difficulty and occur at different stages: PreLab or InLab),
and using a timeline diagram, we can visualize the development of learners. Figure 4 illustrates the growth
process of solving a question in an assignment for a sample student.
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Figure 4: The growth process of a learner solving a question

We can also observe the growth index, which is the difference between the best and initial performance. Figure
5 illustrates the distribution of this growth index in a sample assighment question. The case with a value of 0
represents the group of students whose highest score corresponds to their first submission, excluding those who
submitted only once. The case with a value of 10 represents the group of students who initially scored 0 but
completed the question with a score of 10.

Frequency
2

&

1 2 3 4 5 [ 7 8 9

Growth

10

Figure 5: The histogram of growth index of a question
4.4 The Impact of Completing PreLab Before Doing InLab

We compared two groups of students based on the score distribution of their InLab assignments: (1) the first
group includes students who did not complete PrelLab, and (2) the second group includes students who
completed PreLab. Figure 6 shows the score distributions of the InLab assignments for the two groups, in which
the label of InLab i (without PrelLab i) indicates that the students did not complete PrelLab i before doing InLab
i, and InLab i (with PreLab i) means that students completed PrelLab i before doing InLab i. For example, if PreLab
1 consists of 10 questions, some students complete only one question, while others complete nine. We set a
threshold to determine the completion of PreLab, where students have to complete all the questions in the
PreLab assignment. With this threshold, the percentage of students in each group for each lab assignment is
summarized in Table 4.

www.ejel.org 154 ©The Authors


http://www.ejel.org/

Huy Tran et al.

Inlak 1 (without Prelak 1) Inlak 1 {with Prelab 1)
40 400
0 00
& &
[ [
3 3
D"z} H’m
£ £
10 100
o II-I_-II-I_I-II l-l o B ____----III
o 1 2 3 4 5 & T B 9 1
Inlab 2 {without Prelab 2) Inlab 2 (with Prelab 2)
500
a0
400
40
g g
2 2 g
3 3
S =0 w200
10 100
0 . __-_I__I-- =_Hl - el
5 & 7 & 9 10 o 1 2 2% 4 5 6 7 B 0 W
Inlab 3 (without Prelab 3) Inlak 3 (with Prelab 3)
[i]
SO0
ji
400
40
g g
g g 0
P° g
LC - LC 200
10 100
0 I_II_I l_.I-_l-.II o L I I W S
5 & T B 9 10 o 1 2 3 4 &5 & T B 9 1
Inlab 4 {without Prelab 4) Inlak 4 (with Prelab 4)
0
SO0
[i]
400
ji
) )
& 40 § 300
= =
=3 =3
o £ o
20
0 100
01 2 3 4 5 & 7 B 0 10 o 1 2 2% 4 5 6 7 B 0 W

Figure 6: The score distribution of InLab assignments
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Table 4: Percentage of students in each group completing each lab assignment

% Completed % Not Completed
PreLab 1 87% 13%
PreLab 2 84% 16%
PreLab 3 82% 18%
PreLab 4 81% 19%

As shown in Figure 6, the distributions on the left side have more students with lower scores than those on the
right, which indicates a higher probability of failure for the students who did not complete PreLab. Additionally,
more than 500 students achieved scores between 9.5 and 10, while the number of students with scores below
6 is low. Therefore, completing PreLab has a positive impact on the InLab results. Additionally, the score
distribution of InLab assignments for students who did not complete PreLab shows instability in their
performance, which is reflected in the scattered distribution of InLab scores ranging from 0 to 10 for students
who did not complete PrelLab. In most PreLab assignments, a significant portion of the histogram for InLab 1
(without PreLab 1) shows a score of 0.

To obtain more detailed information, as shown in Table 5, we examine the evaluation of three groups (the group
of students who completed Prelab, the group of students who partially completed PrelLab, and the group of
students who did not do Prelab) in three cases of InLab results (“<5”, “>5”, and “>9”).

Table 5: InLab results in details

% Students % Students partially % Students did not do

completed PreLab completed PreLab PreLab

<5 10.23 % 73.53 % 89.66 %

InLab 1 >5 89.77 % 26.47 % 10.34 %
>9 70.76 % 4.90% 3.45%

<5 3.92% 61.79 % 68.37 %

InLab 2 >5 96.08 % 38.21 % 31.63 %
=9 82.65 % 22.76 % 21.43 %

<5 3.42% 57.34 % 75.64 %

InLab 3 >5 96.58 % 42.66 % 24.36 %
=9 87.71 % 24.48 % 12.82 %

<5 521 % 62.75 % 72.73 %

InLab 4 >5 94.79 % 37.25% 27.27 %
=9 85.94 % 22.22 % 17.27 %

Evaluation of groups with InLab results (2 5): For students who fully completed the PreLab assignments, the
majority (over 89%) of students achieved a passing score (= 5) in all 4 InLabs, and the majority of students (over
70%) scored 9 or 10 in all 4 InLabs.

Regarding students who partially completed the PreLab assignments, only about 26.47% to 42.26% of students
achieved a passing score (2 5) in all 4 InLabs, and only about 4.90% to 24.48% of students scored 9 or 10 in all 4
InLabs. For students who did not do the PreLab assignments, the percentage of students who achieved a passing
score (= 5) in all 4 InLabs is low (ranging from 10.34% to 31.63%), and similarly, the percentage of students who
scored 9 or 10 in all 4 InLabs ranges from 3.45% to 21.43%.
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Evaluation of groups with InLab results (< 5): For students who fully completed the PreLab assighments, very
few (less than 10%) students received a failing score (< 5) in all 4 InLabs. Regarding students who partially
completed the PrelLab assignments, over half (over 57%) of students received a failing score (< 5) in all 4 InLabs.
For students who did not do the PrelLab assignments, the percentage of students who failed the InLab
assignments accounted for over 68.37% in all 4 InLabs.

In conclusion, the data analysis reveals the significant impact of completing PreLab exercises on students’
performance in the InLab exercises. Students who fully completed PreLab demonstrated consistently higher
scores in the InLab tests, while those who did not complete PreLab showed unstable and lower scores. These
findings highlight the importance of engaging in PreLab exercises as a crucial step in achieving better results and
improving practical skills in the course.

5. Effectiveness of Student’s Performance Prediction

After using statistical methods to observe the flipped classroom's effectiveness, we continued to analyze the
collected data to clarify the relationship between PreLab and InLab. Specifically, two data analysis methods —
correlation coefficient measurement and Naive Bayes classification—were used in this study. Since Prelab is
conducted before InLab, we will predict the outcomes of InLab based on the results of PreLab.

The process of students completing assignments during a semester is recorded in a data matrix. The columns of
the data matrix represent the following fields as shown in Table 6, including PreLab Result (PreLab Score), PreLab
Attempts (the number of attempts a student submitted answers for this PreLab), PreLab Questions (the number
of questions in PrelLab), PreLab Growth (the progress level of a learner calculated by averaging question
growths). A question growth is the difference between the max score and the one achieved from the first
attempt and the InLab Result (InLab Score).

Instead of observing each lab exercise separately, we concatenate the four data matrices for each lab exercise
into a single unified data matrix. Then, we adopt the correlation analysis and the predictive effect as below.

5.1 Correlation Analysis

Table 6 displays the Pearson correlation coefficients (Benesty, et al., 2009) that examine the relationships
between different factors in PreLab and InLab activities. Significantly, a robust positive correlation was found
between the results of the PreLab and InLab activities (r = 0.698), indicating that students who achieved higher
scores in the PrelLab tasks generally excelled in the subsequent InLab tasks. This relationship can be attributed
to several reasons. Firstly, PreLab activities often serve as foundational exercises that equip students with the
essential knowledge and skills needed for InLab tasks. Students who actively and comprehensively participate in
these pre-class activities will likely develop a more profound comprehension of the concepts, resulting in
improved performance in in-class activities (Forster, et al., 2022). Furthermore, according to reference (Liu, et
al.,, 2024), achieving success in pre-class activities can boost students' self-assurance, leading to a more
optimistic attitude towards in-class assignments.

Table 6: Correlation analysis between factors of PreLab and InLab

PreLab PreLab PreLab PreLab InLab
Result Attempts Questions Growth Result
PreLab
Result 1 0.739 0.885 0.221 0.698
PreLab
Attempts 1 0.876 0.590 0.481
PreL'ab 1 0.962 0.506
Questions
PreLab
Growth 1 0.113
InLab .
Result

Furthermore, significant positive correlations were observed between the number of attempts made during the
PreLab phase and the results obtained during the InLab phase (r = 0.481). Similarly, significant positive
correlations were observed between the number of PreLab questions completed and the results obtained during
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the InLab phase (r = 0.596). This suggests that more attempts and PreLab questions are associated with better
performance in InLab activities. This positive correlation indicates that active engagement with PreLab materials
and dedicating adequate time to learning may lead to better preparation for InLab sessions. Repetitive learning
can enhance comprehension, facilitating the students' application of knowledge during the InLab sessions.

On the other hand, the correlation between the growth observed during the PreLab phase and the results
obtained during the InLab phase was relatively weak (r = 0.113), suggesting a less substantial relationship. This
finding implies that growth measurement should more accurately capture the factors contributing to success in
InLab activities. A plausible rationale is that students who excel academically frequently obtain perfect scores
on their initial try. In contrast, students with lower performance may choose to completely omit specific
questions, leading to a growth value of zero, which does not offer significant insights. This suggests that a more
deliberate and strategic approach to designing PrelLab exercises is required. This approach should involve
presenting more demanding tasks to high-achieving students and offering extra assistance to lower-achieving
students. This approach is consistent with the authors' findings in (Malkoc, et al., 2024). The findings indicate
that performance in Prelab activities can predict performance in subsequent InLab activities. This highlights the
significance of actively participating in PreLab activities to improve learning outcomes.

5.2 Predictive Effects

These findings suggest that PreLab performance can be a predictive factor for subsequent InLab performance,
emphasizing the importance of engaging with PrelLab activities to enhance learning outcomes. Previous studies
have used various methods for prediction. In this study, Naive Bayes Classification is utilized to examine the
predictive effect of PreLab results on InLab performance. By employing the Naive Bayes Classification, we can
assign categorical predictions to the InLab scores based on the PreLab results. This approach has been proven
effective in different domains and has shown promising results in predicting various outcomes (Blanquero, et
al., 2021; Rabie, et al., 2022; Farhana, 2021; Vishwakarma and Kesswani, 2023. Naive Bayes Classification was
applied to observe the predictive effect of PreLab results on InLab performance as follows:

Py X Py X P3 X Py X Prypap—Result

PrnLab—Rresuit | PreLab = P
PreLab

where

* P, = Pprerab—Result | InLab—Result

e P,= PPreLab—Attempts | InLab—Result

b P3 = PP‘reLab—Questions | InLab—Result

* Py = Pprerab—crowen | InLab—Result

A Prelab is defined as a vector that includes Prelab results, PreLab attempts, PreLab questions, and Prelab
growths. Since the predicted outcomes of the Naive Bayes Classifier are categorical, we transformed the InLab
scores into five classes: Class 0 (scores from 0 to less than 4), Class 1 (scores from O to less than 5), Class 2 (scores
from 5.5 to less than 7), Class 3 (scores from 7 to 8.5), and Class 4 (scores 8.5 and above). With a dataset size of
3144, we divided the dataset into two sets: the training set (2512 instances) and the test set (632 instances).

The Naive Bayes Classifier's classification results are presented in Table 7. More precisely, we assessed the
model's performance on the test set by measuring precision, recall, and F1-score metrics. Class 0 demonstrates
a moderate level of precision (0.60) and recall (0.69), leading to an F1-score of 0.64. On the other hand, Class 1
and Class 2 exhibit a precision, recall, and Fl-score of 0.00, suggesting that the classifier failed to make any
accurate predictions for these particular classes. Class 3 exhibits a relatively low level of precision (0.27) and
recall (0.09), leading to a low Fl-score of 0.14. Class 4 exhibits exceptional performance with a high level of
accuracy (0.85), sensitivity (0.94), and F1-score (0.90). These findings align with the fact that Class 0 and Class 4
have the highest and second-highest levels of support in the dataset, respectively. Programming learners
typically iterate on their work until they reach the highest possible score, resulting in the majority of learners'
scores being categorized as either Class 0 or Class 4. The predictive model demonstrated an accuracy of 0.81
and an Fl-score of 0.77, indicating a consistently dependable performance.

The results emphasize the strong correlation between PrelLab performance and subsequent InLab outcomes,
highlighting that actively participating in PreLab activities can significantly improve learning outcomes. The data
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suggests that learners who engage in regular programming practice tend to review and improve their work until
they achieve the highest scores possible. As a result, scores are clustered in Classes 0 and 4.

Table 7: Naive Bayes Classification results

Class Precision Recall Fl-score Support

0 0.60 0.69 0.64 77

1 0.00 0.00 0.00 18

2 0.00 0.00 0.00 23

3 0.27 0.09 0.14 32

4 0.85 0.94 0.90 482
Accuracy 0.81
Fl-score 0.77

6. Limitations

The findings of this study should be interpreted with caution due to several limitations that need to be
considered.

e  First, implementing the flipped classroom model in this research primarily demonstrates its feasibility
in a practical setting but needs more integration with learning analytics (LA). LA support is essential
for maximizing the utilization of data-driven insights to enhance the flipped classroom process, as it
may restrict the comprehension of how this model impacts student engagement and self-study.
Subsequent investigations should prioritize the integration of LA to offer a more all-encompassing
strategy for enhancing the flipped classroom experience.

e Second, the study’s use of the Naive Bayes algorithm for predicting InLab performance based on all
PreLab activities collectively may not fully capture the nuances of student learning progression. A
more precise method would involve making predictions in real-time, such as using PreLab 1 to predict
InLab 1, PreLab 2 to predict InLab 2, and so forth. This would allow more timely and targeted
interventions, potentially improving the accuracy and effectiveness of the predictions. Further
research should aim to refine the predictive model to enhance its application in real-world
educational settings.

e Third, this study's data collection was limited to a single semester, which restricts the ability to assess
the long-term impacts of the flipped classroom model on student engagement and learning
outcomes. Evaluating the effects over multiple semesters would provide a more robust understanding
of the approach's sustainability and consistency. Future research should incorporate a longer duration
of data collection in order to assess the long-lasting impact of this instructional approach accurately.

7. Conclusion

This paper explores the effectiveness of implementing the flipped classroom model in a practical programming
course. We compared the traditional classroom model, the general flipped classroom model, and the flipped
classroom model tailored explicitly for teaching practical programming regarding two critical criteria: student
engagement and student performance.

The effectiveness of the flipped classroom model in the practical programming course is demonstrated in various
aspects. Firstly, most students have a consensus, which is reflected in the high participation rate in pre-class
activities. Secondly, measuring learners' learning time allows for assessing their investment in the new teaching
method, with longer study durations indicating higher effectiveness. Thirdly, illustrative data collected from the
Moodle system enables the observation of learners' development over time, aiding in assessing their self-study
progress. Finally, the impact of completing pre-class activities before in-class labs is evident, with students who
fully meet the pre-class assignments consistently achieving higher scores in the subsequent in-class tests.

Moreover, the data analysis revealed that students who performed well in PreLab activities had higher scores in
the subsequent InLab sessions, indicating a strong positive correlation between PreLab and InLab results.
Additionally, increased attempts and engagement with PreLab questions were associated with improved
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performance in the InLab. Naive Bayes classification demonstrated promising predictive effects, with high
accuracy and support for specific score ranges in the InLab.

In the future, we will investigate a more detailed teaching model that includes homework, tentatively called
PostLab. Based on Prelab's results, clustering students into groups for practical InLab sessions could be a
potential research direction.
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