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ABSTRACT 
Physics has always been a challenging subject for many students. 
Research also shows a gap between instructional goals and actual 
student learning in introductory physics courses. This study focuses 
on two online first-year courses that cover classical mechanics of 
the physics curriculum at an open university in Canada. Each of the 
two courses is developed around a textbook and includes a locally 
created study guide enriched with animated videos, dynamic 
diagrams, and interactive exercises. This study aims at introducing 
a simple feature to provide physics students with personalization 
based on their background knowledge and at examining students’ 
interactions with the online course materials. Relevant educational 
data are compiled using checkpoint quizzes, self-reflection 
questionnaires, examinations, and log data collected through the 
learning management system (Moodle). In addition, peer faculty 
feedback is collected. Positive correlations are expected between 
regular learning behavior and engagement in personalized support 
and students’ performance on examinations. 
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1. INTRODUCTION 
Despite its significance as a foundation for modern 

technological achievements, physics is perceived as a challenging 
subject by many students. In 1987, a prominent physicist, Richard 
Feynman (1918 – 1988), suggested “that physics shouldn’t be 
taught in high school because most of the teachers lacked a passion 
for the subject” [1]. Researchers at the time also pointed out an 
alarming gap between expected learning outcomes and actual 
student learning in introductory physics courses [2]. This old 
problem called for a reconsideration of the traditional approach to 
teach this important subject. 

The argument surrounding physics education is especially 
relevant to the distance education (DE) model, which is witnessing 
a period of accelerated evolution, powered by advancements in 
digital technology. Despite challenges linked to the nature of DE, 
the flexible presentation format of online courses breaks some of 
the traditional barriers and allows for new possibilities. This leads 
to the question about effective instructional design features in 
introductory physics courses that cater to all students and provide 
successful online experiences [3-5]. 

 

 

 

An online course delivered through a learning management 
system (LMS) can provide a multitude of data and information 
related to students’ interactions with the course materials. 
Knowledge obtained from mining and analyzing available data, in 
combination with plug-in adaptive learning systems, can be used to 
guide individual students to study more effectively and to improve 
the quality and presentation of the course materials [6-8]. For 
instance, recent studies suggest that one of the common (and 
apparently less productive) students’ practices in studying physics 
involves the “cramming” of relatively large quantities of the subject 
matter during short periods preceding exams [5,9].  Also, Imhof et 
al. indicated a “negative relationship between prior knowledge test 
score and predicted learning progress” in physics modules [3]. 
Even though the investigated courses cater to adult learners, not all 
students can effectively acquire online learning abilities [10]. Such 
observations highlight how personalized and adaptive learning are 
potentially effective concepts in the design of online physics 
courses. 

A major advantage of the traditional face-to-face (F2F) 
educational model is the direct student-teacher interaction, which 
permits the instructor to make timely adjustments to the subject 
matter and teaching style to ensure better students’ engagement. 
The assumption here is that the instructor is sufficiently flexible to 
make the required accommodations, and the size of the classroom 
is reasonably small so that accommodating individual students 
becomes practical. In an online class, however, students interact 
less with a dedicated teacher but more with the LMS and the course 
materials. This is especially true in the asynchronous delivery 
model, where course content (typically) consists of rigid learning 
resources developed with the “one-size-fits-all” teaching concept. 
Such a delivery format does not take into consideration the 
“individual differences, personal needs and personal development” 
of all students [7]. 

Chaw and Tang found that students’ use of the LMS is 
correlated with the service quality it provides [11]. Also, the quality 
of an online course should be enhanced when instructors are 
equipped with effective learning analytics and data mining tools 
[12,13]. In particular, proper utilization of educational data 
promises to facilitate effective personalized learning in online 
courses, including personalized feedback and recommendations for 
extra learning materials [8,14-18]. Such individualized support is 
particularly important in physics courses where conceptual 
understanding is typically constructed vertically using scaffoldings 
provided by essential mathematical tools. Therefore, physics 
students are expected to appreciate personalized learning 
environments that evaluate their progress, fill individual knowledge 
gaps, and sharpen specific math skills if needed [19,12]. 

Learning analytics (LA) and educational data mining (EDM) have 
been used for a range of applications, including personalized 
learning [20]. In this paper, we introduce a work-in-progress 
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research project that uses LA and EDM to examine students’ 
interactions with the course materials in two online physics courses.  
More specifically, the project introduces a simple and practical 
adaptive feedback module that can be easily integrated into the 
LMS. It provides a level of personalization based on students’ 
background knowledge directed toward reducing the knowledge 
gap among a diverse student group. 

2. PHYSICS COURSES 
This study focuses on two first-year physics courses offered 

online (through Moodle) at Athabasca University in Canada. The 
first course is an algebra-based introductory physics and covers 
conventional topics in classical mechanics. It is considered among 
the top 50 high enrollment courses at the university, with effective 
annual registrations that exceed 400 students. The second course is 
physics for scientists and engineers, which is the calculus-based 
version of the first course. Both courses share a mandatory home 
lab component [21]. 

The textbook is an essential educational resource in a typical 
physics course. However, traditionally, the textbook is written with 
the conventional classroom in mind. Therefore, in DE, the study 
guide becomes an important component that guides the student 
through different learning activities and course assessments. In 
particular, the study guides for the two courses are designed to 
complement the textbook and provide additional reading (and 
audiovisual) materials related to each unit and lab experiment (see 
Figure 1). An important component of the study guide consists of 
detailed solutions to physics problems related to each unit in the 
course. 

 
Figure 1. Snapshot from the introductory physics study guide. 

Recent revisions of both investigated courses involved the 
production of an online study guide written in HTML with Mathjax 
scripting of the LaTeX code. The improved version of the study 
guide is enriched with dynamic and interactive diagrams created 
using Mathematica (https://www.wolfram.com/mathematica/). 
This is in addition to the free simulations of the PhET Project 
(https://phet.colorado.edu/). Students are expected to benefit from 
the interactivity and the real-time visualization of interactions 
between position, velocity and acceleration, especially in two and 
three dimensions. This includes the kinematics and dynamics of 

projectiles, circular motions, collisions, etc. Some of the interactive 
diagrams are complex enough to be considered virtual labs that 
simulate real-life situations. 

The course development team constructed a website for the study 
guide that is accessible through the course homepage on Moodle 
and supporting responsive (mobile optimized) features. This is in 
addition to the textbook, which is accessible as an eTextbook 
through a separate link. One of the courses uses an open educational 
resource (OER textbook). The new design approach to the study 
guides received positive feedback from peer faculty members. 
However, even though some design considerations are integrated 
into the course for collecting feedback, our knowledge of students’ 
interaction with the course content is limited. 

3. RESEARCH Questions 
In this study, we investigate the effectiveness of automated 

personalized support provided to students at specific milestones in 
two online physics courses. More specifically, the study addresses 
the following research questions: 

• Is there a correlation between the academic performance 
of individual students and their response and behavior 
concerning the adaptive feedback module? 

• How do learning behaviour and study patterns influence 
students’ overall academic performance? 

• What course elements are most effective regarding the 
adaptive feedback module? 

4. RESEARCH PLAN 
Relevant educational data are compiled using checkpoint 

quizzes, students’ self-reflection questionnaire, course assessment 
results, and log data collected through the LMS (Moodle). In 
addition, peer faculty feedback will be collected. 

4.1 Personalization through checkpoint 
quizzes 

For the proposed personalization feature, the online study 
guide for each course is divided into five sections covering the main 
topics in each syllabus: kinematics, dynamics, energy & 
momentum, gravity & rotational motion, and elasticity & 
equilibrium. 

Before starting a new section, a student is encouraged to 
complete a multiple-choice checkpoint quiz that is automatically 
marked by the LMS. The optional quiz is used as a checkpoint to 
assess the student’s mastery of the topics in each section (see Figure 
2). Based on the responses, the system may suggest the student 
proceeds to the next unit in the course or recommend a set of 
additional learning resources that may help strengthen the student’s 
specific background concepts required by the upcoming topics. For 
example, a student who underachieved on the quiz questions related 
to rotational motion could be directed to a relevant video (such as 
https://youtu.be/garegCgMxxg) from the Khan Academy 
(https://www.khanacademy.org/), the problem-solving examples 
created in the study guide, or a section of the textbook. Apparently, 
there is limited research on “the effectiveness of such actionable 
links on students’ learning experience and success” as stated by Iraj 
et al. [22]. The authors also warned that most students appear to 
lack “feedback literacy” and may only respond to quality feedback. 
This research project aspires to provide an informative contribution 
in this regard by using Moodle Quiz module’s overall feedback 
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feature, which can provide different feedback for a different level 
of quiz performance. 

 
Figure 2. Learning path and checkpoints in the online physics 
course. 

4.2 LMS Log Data 
The LMS automatically records the date, time, and score of 

each checkpoint quiz and keeps track of other learning activities, 
including recommended learning objects accessed by individual 
students. When combined with the timing and marks achieved on 
assignments, lab reports and exams, each student’s progress 
throughout the course materials can be highlighted. Such 
information allows us to look for patterns of effective learning 
behaviour and explore the effectiveness of the proposed adaptive 
feature on the student’s academic achievement in the course. 

4.3 Student Self-Reflection Questionnaire and 
Faculty Feedback 

The effectiveness of the course content and design, in addition 
to the student’s learning behaviour, is also gauged through a self-
reflection questionnaire completed by the student toward the end of 
the course. The questionnaire is conduced online and consists of a 
mix of multiple-choice and written response questions. The 
collected data provides self-reflection by the students on their study 
behaviour, feedback on the proposed adaptive feature, convenience 
of course design, and effectiveness of course content, especially the 
interactive exercises and dynamic diagrams. Also, we will solicit 
qualitative assessment and feedback from instructors and tutors 
about the efficiency and effectiveness of the system through 
interviews. 

4.4 Data Analysis 
Based on the results of the first three checkpoint quizzes (see 

Figure 2), we group students by score quartile (students who 
perform below 25%; students with a score between 25% and 50%; 
students with a score between the 50% and 75%; and the students 
who score above 75%.) We then follow the learning behaviour of 
each group and their performance on the midterm examination. The 
fifth group of students who choose to skip the checkpoint quizzes, 

continuing from one unit to the next, can act as a reference group. 
A similar analysis is repeated for data collected during the second 
half of the course. 

To compare the use of recommended learning resources across 
quartiles, we compute the mean number of resources accessed for 
each quartile. We hypothesize that students with higher exam 
scores tend to engage more seriously with feedback and follow a 
more regular study pattern (i.e., suggested study schedule) than 
those with lower exam scores. We will see if the response to 
feedback between student groups is significant at the p<0.05 level 
for different quizzes. The findings can be used to detect struggling 
students since they are less likely to use exercise for study purposes. 
Also, we conjecture that the students with the lowest grades have 
the lowest score on checkpoint quizzes and follow a more random 
study pattern. Their learning behaviour may be guessing or viewing 
hints in an attempt to build a catalog of correct answers, rather than 
actively using their knowledge to correctly address their knowledge 
gaps and adopt a more productive learning behaviour. 

5. CONCLUSION  
Students’ interaction with the course materials, combined with their 
use of personalization through checkpoint quizzes, the results of 
self-reflection questionnaires, and peer faculty feedback, are 
analyzed in association with student’s performance on assignments, 
lab reports and exams. The purpose is to look for educationally 
meaningful information regarding effective personalized feedback, 
successful learning behaviour, and good aspects of instructional 
design. An extension to this project would involve investigating the 
impact of personalizing the study schedule on the issue of 
procrastination and student attrition in online physics courses. 
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