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ABSTRACT
Aim/Purpose The goal of this study was twofold: first, to examine how learners’ behavioral
engagement types affect their final grades in an online programming course; and
second, to explore which factors most strongly affect student performance in an
online programming course and their connection to the types of cognitive en-
gagement.
Background During the COVID-19 pandemic situation, information technology educational

methods and teaching have been transforming rapidly into online or blended. In
this situation, students learn course content through digital learning manage-
ment systems (LMSs), and the behavioral data derived from students’ interac-
tions with these digital systems is important for instructors and researchers.
However, LMSs have some limitations. For computer science students, the tradi-
tional learning management system is not enough because the coding behavior
cannot be analyzed. Through the OpenEdu platform, we collected log data
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from 217 undergraduates enrolled in a Python programming course offered by
Feng Chia University in Taiwan in the spring semester of 2021.

We applied the evaluation framework of learning behavioral engagement con-
ducted on a massive open online course (MOOC) platform and integrated it
with the partial least squares structural equation modeling (PLS-SEM) approach.
PLS-SEM is widely used in academic research and is appropriate for causal
models and small sample sizes. Therefore, this kind of analysis is consistent with
the purpose of our study.

In today’s fast-paced world of information technology, online learning is be-
coming an important form of learning around the world. Especially in com-
puter science, programming courses teach many skills, such as problem-solving,
teamwork, and creative thinking, Our study contributes to the understanding of
how behavioral engagements in distance programming learning affect student
achievement directly and through cognitive engagement. The results can serve as
a reference for practitioners of distance programming education.

Our results demonstrate that: (1) online time and video-watching constructs had
significant effects on the self-assessment construct, self-assessment and video-
watching constructs had significant effects on the final grade construct, and
online document reading was not a significant factor in both self-assessments
and final grades; (2) video watching had a most significant effect than other be-
havioral constructs in an online programming course; (3) cognitive engagement
types are inextricably linked to the development of a behavioral engagement
framework for online programming learning, The mediation analysis and the im-
portance-performance map analysis supported the importance of cognitive en-
gagement.

(1) Online education platform developers and university policymakers should
pay close attention to the development of self-assessment systems and design
such systems based on students’ cognitive skills. (2) Instructors are advised to
put substantial effort into the creation of videos for each course session and to
actively promote students’ interest in the course material.

The empirical results reported in this study allow a better understanding of the
connection between behavioral engagement and final achievement. However,
there ate still great challenges in trying to explore more kinds of engagement,
like emotional or social engagement. It would be interesting to deepen the re-
sults obtained by integrating programming behavior like debugging and testing.

Online programming courses allow students to improve their coding skills and
computer science background. Students’ behavioral engagement strongly affects
their academic achievement, their ability to complete a course successfully, and
the quality of the learning process. Our work can encourage more people who
are different majors in society to learn coding in an online environment even not
only computer science students. Moreover, the findings of this study can be rec-
ommendations for understanding students’ learning behavior and the develop-
ment of distance programming learning,

We suggest for future studies: (1) include a wider range of participants, such as
students enrolled in MOOCs environments; (2) include more log data items that
can express various students’ behavior, depending on the reliability and validity
of the research model; and (3) conduct more detailed studies of the effects of
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emotional engagement as well as additional aspects of students’ social engage-
ment to elucidate the factors affecting students’ behavioral participation and
performance more thoroughly.

Keywords behavioral engagement, cognitive engagement, programming education, distance
learning, PLS-SEM

INTRODUCTION

With the development of information technology and the renewal of modern educational methods,
education and teaching have been transformed (Shi & Weng, 2021). The environments in which stu-
dents learn are gradually changing from traditional classroom environments to online or blended en-
vironments (Hu et al., 2019). Most students’ first exposure to course material occurs outside the
class. Students are more frequently expetiencing course content through digital learning management
systems (LMSs), and the collection of behavioral data derived from students’ interactions with these
digital systems is simple (Battestilli et al., 2020). LMSs provide multiple advantages for teaching and
learning, First, LMSs support teachers in conducting a variety of in- and after-class activities, such as
review of learning materials, asynchronous discussion, quizzes, and self-assessment or peer assess-

ment. Second, each student can freely select their course materials and control their learning path and
pace (Li & Tsai, 2017).

However, LMSs have some limitations, such as for computer science students, the traditional learning
management system is not enough because the coding behavior cannot be analyzed. Students often
use online judge (O]) systems during their out-of-class time. Most OJ systems can only determine
whether a student is obtaining low scores and cannot determine why, which can cause students to
lose confidence in programming (Wu et al., 2021). O] is an automatic programming assignment grad-
ing system. The judge also allows us to archive past problems, solutions, and student submissions
casily. As well as the effective reuse of past problems and solutions, analysis of students’ solutions
can help in making the course materials more effective (Kurnia et al., 2001).

Exploring students’ learning behavior by using log data can provide definite results. Student activity
logs are a key resource for gaining insights into student behavior in online environments. Observing
students’ behavior patterns is necessary for detecting their learning styles (Estacio & Raga, 2017).
The partial least squares structural equation modeling (PLS-SEM) approach is widely used in aca-
demic research and is appropriate for causal models and small sample sizes (Hair et al., 2011). There-
fore, we proposed to explore the following questions:

® What is the direct effect of students’ engagement types on their final grades in an online
programming course?

e What is the mediating role of cognitive engagement on the relationship between behav-
ioral engagement types and final grades in an online programming course?

e Which factors most strongly affect students’ performance in an online programming
course?

We applied the evaluation framework of learning behavioral engagement based on the MOOC plat-
form proposed by G. Sun and Bin (2018) and integrated it with the PLS-SEM approach. Our analysis
is conducted from a Python programming course offered by Feng Chia University in Taiwan in the
spring semester of 2021.

The remainder of this paper is organized as follows. The next section provides a discussion of previ-
ous studies investigating students’ behavioral and cognitive engagements in E-learning. The following
two sections present the research background and methodology. Next, the results of our data analy-
sis, relevant discussions, and implications of our tindings are presented. Finally, we describe the
study’s limitations, recommendations for future research, and conclusions.
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LITERATURE REVIEW

In this section, we will introduce some general research on learning engagements from the aspect of
video watching behavior, learning materials, and self-assessment. Some research work specifically re-
lated to our hypotheses will be introduced in the hypothesis section.

Video watching behavior: Cummins et al. (2015) described the construction and instrumentation
of an Interactive Video Lecture Platform to measure student engagement with in-video quizzes. The
results from this investigation demonstrated that in-video quizzes were successful in creating an en-
gaging and interactive mode of content delivery and student engagement with in-video questions was
consistently high (71%-86%). Picardo et al. (2021) investigated the common lecture recording view-
ing behaviors of students and the relationship between lecture recording viewing and academic per-
formance in a first-year programming course. A significant positive correlation between lecture re-
cording views and final grades was identified. Students who repeated the course after failing it once,
achieved, on average, higher grades if they had more lecture recording views in their second attempt.

Learning materials: Othman et al. (2013) noted that students prefer to work in small groups to en-
hance their understanding of programming and they also prefer to search for learning materials from
various Internet resources such as e-learning portals. Isométténen and Tirronen (2016) concluded
that independent study can be and was facilitated by adding quizzes, feedback tools, and embedded
coding boxes in the materials and by improving learning materials overall. Learning materials con-
sisted of web resources, specifically particular relevant e-books.

Self-assessments: Ngai et al. (2010) presented how self-assessment practices can be successfully in-
tegrated into an introductory remedial programming course to improve the learning experience of
students. Results showed that, given the proper direction and feedback, students can assess them-
selves fairly and objectively. Students had an excellent overall experience in the course through the
self-assessment. Lepp et al. (2017) described an experience in the creation of quizzes, programming
exercises, and tests for automated feedback, self-assessment questions, and troubleshooters. The re-
sults indicated that self-assessment questions and explanations of self-assessment answers are of im-
portance and using self-assessment tools reduces the number of letters/questions to instructors.

BEHAVIORAL ENGAGEMENT ANALYSIS IN E-LEARNING

Several definitions of behavioral engagement have been proposed. Deng et al. (2019) noted that be-
havioral engagement is traditionally conceptualized as students’ participation in classroom learning
and academic activities, such as video use and in-video interactions. Bergdahl et al. (2020) defined be-
havioral engagement as students’ active participation, involvement, and persistence in a learning ac-
tivity. T. K. Chiu (2022) defined behavioral engagement as the degree of involvement of students in
learning activities in terms of attention, participation, effort, intensity, and persistence.

Some previous studies have investigated the role of behavioral engagement in online and blended
programming courses. Watson et al. (2013) presented a new approach for predicting students’ perfor-
mance in a programming course based on the analysis of directly logged data, which reflects various
aspects of the students’ typical programming behavior. Programming behavior was directly logged by
using an extension for the Blue] IDE. An evaluation of log data from a sample of 45 programming
students revealed that a student’s analytical approach was an excellent early predictor of their perfor-
mance, explaining 42.49% of the variance in students’ coursework scores.

Wang (2017) explored how online behavior engagement affects achievement in flipped classrooms
with a problem-centered learning flow consisting of activation, demonstration, application, and inte-
gration. All the courses were conducted on the Moodle platform, and a total of 488 undergraduate
students enrolled at a university in Taiwan from 2010 to 2015 participated in the courses. The find-
ings demonstrated that engagement in problem-solving activities exerts a significant effect on
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achievement. Furthermore, engagement in self-assessment and self-reflection activities exerts a sig-
nificant direct effect on engagement in online classes and social interaction.

Xie et al. (2021) conducted learning behavior analysis and student performance prediction based on
data from students’ behavior logs from three consecutive years of a college-level Java Language Pro-
gramming course conducted in a blended format. Researchers revealed that, according to the fine-
grained results of feature selection and correlation analysis, the learning features that have a more
significant impact on the students’ final grades are selected from their learning behaviors for analysis,
which is conducive to teachers’ individualized teaching,

COURSE DESIGN AND RESEARCH MODEL

COURSE DESCRIPTION AND PARTICIPANTS

We analyzed data from a Python programming course offered by the College of Information and
Electrical Engineering at Feng Chia University in Taiwan. The goal of the course was to teach stu-
dents basic Python programming, including computation, logic, collection objects, functions, and
basic panda-based analysis methods. The course was conducted in a blended format, which com-
prised 2 hours of online study anytime and anywhere and 1 hour of in-class discussion each week of
the semester. To make online learning more interactive, we designed several types of learning materi-
als, such as quiz-in-video activities that enabled the students to quickly refresh their learning, Trinket
online workshops, Google Slide flashcards, and Game-test assessment. The course won an Outstand-
ing MOOC Award from Taiwan’s Ministry of Education for its well-designed curriculum and appli-
cation of technology.

Initially, 315 students were registered. After inactive students without behavioral log data on the sys-
tem were removed, we analyzed the log data of 217 students. Most (177; 82%) of the students were
Information Engineering and Computer Science majors; the others (40; 18%) were majoring in Mate-
rials Science, Applied Mathematics, Automatic Control Engineering, Chemical Engineering, Business
Administration, Aerospace and Systems Engineering, Civil Engineering, Statistics, and Electrical En-
gineering.

IDENTIFYING CONSTRUCTS

A structural equation model with latent constructs has two components. The first component is
measurement models that include the unidirectional predictive relationships between each latent con-
struct and its associated observed indicators. The second component is a structural model which il-
lustrates the relationships (paths) between latent constructs (Hair et al., 2011).

In this study, we assessed students’ engagement types based on learning behavior indicators derived
from LMS log data. Herein, we propose a model for measuring students’ behavioral engagement in
online programming courses and discuss its connections to types of cognitive engagement, drawing
on the evaluation framework proposed by G. Sun and Bin (2018). Within this framework, behavioral
engagement is evaluated in terms of different dimensions, learning activities, and logs. Most im-
portantly, the logs included in this framework are as follows: (1) learning time, (2) learning interval
and regularity, (3) depth and length of learning notes, (4) after-school test scores, (5) number of
questions, answers, and topics recommended by learners, (0) interactive display times, (7) timely as-
sessment of time and time score, and (8) courseware video-on-demand (micro video and interactive
electronic teaching material) score. Some researchers have used this framework as a reference; for ex-
ample, Y. Sun & Chai (2020) established a multidimensional active engagement model for online
learning and used the framework to measure the degree of the active participation and interaction of
learners in an online learning environment. Figure 1 presents our proposed research model.
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Figure 1. Research model
Note: HI-H7 are the proposed hypotheses; self-assessment is a mediator construct (variable)

Our research model consists of 13 indicators and five constructs, connected through seven hypothet-
ical paths. The online time construct includes the single indicator On/ine_days, which represents the
frequency with which a student logs into the system. The video-watching construct includes seven
indicators regarding different video-watching behaviors: Load_count, Play_connt, Panse_count, Seek_back-
ward_count, Stop_count, V'ideo_count, and Watching_time. The online document reading construct includes
the single indicator Doc_count, which represents the frequency with which a student reads course doc-
uments. The self-assessment mediator construct represents cognitive engagement and includes three
different indicators/tasks on the OJ system: Game_test (a more challenging assessment with a gami-
tied format), OJ_test (a practical programming test on the O] system), and Uwzz_test (a multiple-choice
style test). Online Judge (O]J) is an automatic programming assignment grading system. Finally, the
tinal grade target construct includes the single indicator Score, which is used to evaluate a student’s
final achievement (Figure 1). The details of each indicator are introduced in the Hypotheses section.

In this study, we employed a quantitative statistical analysis approach. Hypotheses 1, 3, 5, and 7 were
developed in response to our first research question; hypotheses 2, 4, and 6 were developed in re-
sponse to our second research question. The third research question was investigated through im-
portance-performance map analysis. We used SmartPLS software (version 3.3.6) to analyze the col-
lected log data. The PLS-SEM method is appealing to many researchers because it enables the devel-
opment of complex models with many constructs, indicator variables, and structural paths without
making distributional assumptions about the data. Moreover, PLS-SEM is suitable when the sample
size is restricted by a small population (Hair et al., 2019).

LoOGDATA PROCESSING

The data were collected from various platforms. Figure 2 illustrates the overall log data processing
tlow. The LMS used was provided by Feng Chia University and had basic course management func-
tions. We adopted OpenEdu, an extension of Open edX (Ruiz et al., 2014), as our MOOC platform
because it records various student engagement events, including video interaction, coutrse navigation,
and problem-solving interaction events, and could therefore serve as an abundant data source for our
analysis. Massive Open Online Courses (MOOCs) allow students to study anytime, anywhere via the
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internet. OpenEdu is a MOOC platform based on Open edX, is well known in Taiwan, and provides
learning activity log files as well as detailed explanations of each column in the log (Y.-C. Chiu et al.,
2018). We also set up the O] system for self-practice and the StarTrec lite game for study review. The
O] system recorded the numbers of correct and incorrect answers to a question for each student,
which were used as indicators of the student’s learning performance.

(> OpenEdu LIS
I e T [}
L I Omlie udge StarTrek
I i
o o

I 1
i e B A o —
I - —_ i P il
] - (]

Canline days

Load _comint

Havrse ¢ rmini

x

Fay_counk

St Couwnt Uinit_kest kBl Game_iest SCCT e

Wideso counk

wWatching tme
Seuk hackesard count
L el e g ]
|

Learning behavioral data

Figure 2. Log data processing

In our student activity calculation, we used data regarding the following three types of events: an-
swering questions, jumping to certain pages, and watching videos. By analyzing events involving
jumping to certain pages, we calculated the number of times each student entered the flashcard page
and the page through which the textbook was accessed. We used video-watching events to analyze
the students’ learning behaviors by calculating the number of course videos each student watched
and the number of times each learning behavior was performed, as well as the total time each student
spent watching videos.

HYPOTHESES

Online time (behavioral engagement)

The online time construct consists of the Online_days indicator, which represents the number of days
spent by a student on completing activities on the OpenEdu platform. Some researchers have identi-
tied online time as an important variable in online learning, For instance, Kuh (2003) suggested that
thorough and accurate information regarding student engagement, including the time and energy de-
voted by students to educational activities inside and outside of the classroom, is required to assess
the quality of undergraduate education at an institution. Trowler (2010) defined student engagement
as the commitment of time, effort, and other resources to learning.
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LMSs provide various student log data. Using these data, we determined how many days the students
were active on the LMS during the programming course by counting the number of days for which
the students had logs. Moreover, we assumed that if a student spent a longer time on learning activi-
ties than the other students, they would achieve higher scores than the other students. Accordingly,
we propose the first and second hypotheses:

H1. Online time is significantly associated with final grades in an online programming conrse.

H2. Online time is significantly associated with self-assessment in an online programming course.

Video watching (behavioral engagement)

Online video lectures are widely used in e-learning environments. Many previous studies have re-
ported the importance of video-viewing behavior. McGowan and Hanna (2015) described that the
analysis of video-viewing behavior provides an abundant and accessible outcome that can be used to
improve lecture quality and enhance lecturer and learner performance in programming education. Li
(2019) compared prior knowledge with learning performance and discovered that learners with a
high prior knowledge level used viewing strategies more frequently, had a more positive attitude to-
ward watching video lectures, and exhibited higher learning performance than those with a low prior
knowledge level in a programming course. Yoon et al. (2021) investigated the importance of behav-
ioral patterns and learner clusters in video-based online learning. In addition, the researchers exam-
ined the construction of learning behavior patterns through a principal component analysis of be-
havior log data.

OpenEdu is an extension of Open edX that records numerous video-watching action events. We an-
alyzed the action events and tried to figure out their effects on students’ final grades. Load_count is the
number of video_lvad actions performed by each student and represents the frequency of logging into
the digital classroom; Pause_count is the number of video_pause actions performed and may reflect the
students’ thinking time required to understand the content; Play_count is the number of the video_play
actions performed and represents the studying frequency for a student; S7op_count is the number of
video_stop actions performed and represents the frequency with which a student stopped watching the
videos; 7deo_count is the number of videos watched by a student; Wazching time is the total time spent
by a student in watching videos; Seek_backward_count is the number of seek_backward actions per-
formed and represents how often a student actively seeks specific content. Accordingly, we devel-
oped the following third and fourth hypotheses:

H3. Video watching is significantly associated with final grades in an online programming course.

H4. Video watching is significantly associated with self-assessment in an online programming course.

Online document reading (behavioral engagement)

In addition to watching lecture videos, reading is crucial when learning to program. In this course, we
built an online document where we provided examples of code and their explanation. When the stu-
dent clicks the “read document” link, we saved the behavior into our log for analysis. We have de-
composed the document into chapters and sections which include example codes and their explana-
tions. Students navigate each chapter/section to watch the video, answer the question, and read the
document. Even if students download the document to read when offline from the course, they still
must click and trigger the events in the system. Therefore, we can perform an analysis based on the
clicking behavior.

The online document reading construct consists of the Doc_count indicator, which represents the fre-
quency with which a student reads online documents. Our online document was written by the
course instructor, which is similar to a kind of online textbook, and used Google Docs. Leppinen et
al. (2017) explored students’ usage of online learning material as a predictor of academic success in
the context of an introductory programming course. Their results indicated that the time spent with
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the online learning material is a moderate predictor of student success. But in a broader context,
course material usage can be used to predict academic success, and such data can be collected in-situ
with minimal interference to students’ learning process. Accordingly, we developed the following

tifth and sixth hypotheses:
HS5. Online document use is significantly associated with final grades in an online programming course.

He6. Online document use is significantly associated with self-assessment in an online programming course.

Self-assessment (cognitive engagement)

Cognitive engagement denotes students’ willingness to exert the effort necessary to comprehend
complex ideas, master difficult skills, and strengthen their learning and performance (Deng et al.,
2019). In the current study, students can participate in cognitive engagements through the OJ system
included in the OpenEdu system. OpenEdu is an extension of Open edX that records various learn-
ing behavior action events. Usually, instructors teach programming by lecturing and coding exercises
in the traditional programming course, but we designed the OJ system, which is like a teacher assis-
tant, to offer such an environment for student practice on the interactive. Using this system, students
can get instant responses about their coding results. Therefore, we extended our research model
through the inclusion of three self-assessment activities as different types of cognitive engagement.

The first assessment, Unit_test, was a multiple-choice style test for assessing a student’s understanding
of a unit concept. The second assessment, Game_test, was a more challenging assessment with a gam-
ified format (Figure 3a). The students were required to acquire 4 HP (health points) by choosing the
correct answers to advance to the next level; if they failed, they were required to restart the game.
Such a test can evaluate whether a student has the motivation and ability to seek additional infor-
mation about a unit concept. Hints regarding the answer to each question could be found in the
online document or on the Internet. We also encouraged the students to discuss the challenge with
each other. The third assessment, O]_#es#, was a practical programming test that required the students
to write executable code in our environment. The O] system automatically checked the correctness
of each student’s response by using predefined test cases. The OJ_zesz was the most difficult assess-
ment for beginners because they were required to write code and design a program rather than just
understand the underlying concepts and syntax. Figure 3b presents a snapshot of our OJ system. The
value of OJ_#est represents the score a student gets on the OJ assessment.

emist®  (Exercise title)

(Description)

1 BMI - W (BE2
22 AR B TR

(Input)

(Output)

e > h
(Sample 1) (Sample 12)

=1
=
=
[r=]
W
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0

Figure 3. Plug-in modules: (a) game test, and (b) O] system

411



Exploring the Influence of Students’ Modes of Behavioral Engagement

Kanaparan et al. (2019) and Lee (2021) have determined that students’ programming self-efficacy and
cognitive engagement exerted the strongest positive effects on programming performance. Hu et al.
(2021) reported that peer assessment can effectively improve students’ programming abilities and, in
turn, encourage students to participate in learning. Ortiz-Rojas et al. (2019) observed that gamifica-
tion significantly improved students’ performance in a programming course. Accordingly, we devel-
oped the seventh hypothesis as follows:

H?7. Self-assessment is significantly associated with final grades in an online programming course.

FINAL GRADE (DEPENDENT VARIABLE)

We selected the final grade construct, which includes the Score indicator (a student’s final score in the
course), as the dependent variable. The students’ final grades in their term project, which included a
small project on data science (e.g:, analyzing traffic data from the past decade or the birth rate in Tai-
wan since 1900), were considered in the analysis. Our online course provided a tutorial for accessing
government open data. Because the data were relevant to the students’ lives, they could understand
the domain and were interested in the application of the data. Therefore, the students could focus on
programming. By evaluating the final project, the teachers were able to determine whether each stu-
dent could solve problems by using Python. In other words, the students’ final projects were reflec-
tive of their programming performance.

Kanaparan et al. (2019) defined programming performance as an objective measure of understanding
how well a student performs in introductory programming. Shaw (2012) used final examination
scores as a dependent variable and measured a learning performance in a programming course. Lau
and Yuen (2009) measured programming performance as a dependent variable and discovered that a
student’s ability positively affects their programming performance; that is, higher-ability students ex-
hibit higher performance. Moreover, students’ learning styles significantly affected their program-
ming performance.

RESULTS

ASSESSMENT OF THE MEASUREMENT MODEL

We will describe the structural model by the graphical representation of the PLS path model, as
shown in Figure 6 in the Discussion and Implications section. Assessment of the measurement
model, including calculating the item reliability, internal consistency, and convergent validity of the
research model, is the first step.

The measurement model was assessed based on cross-loading (CL), Cronbach’s alpha (), composite
reliability (CR), average variance extracted (AVE), and Fornell-Larcker criterion values. Higher values
generally indicate higher reliability; for example, values between 0.60 and 0.70 are considered “ac-
ceptable in exploratory research,” whereas values between 0.70 and 0.90 range from “satisfactory to
good” (Hair et al., 2019). The assessment results are presented in Table 1 and Table 2.

In summary, our analysis results indicated that Gamse_test, O] _test, and Unit_test scores were significant
indicators of the self-assessment construct, with CLs of 0.866, 0.787, and 0.920, respectively.
Load_count, Panse_count, Play_count, Seek_backward_count, Stop_count, Video_count, and Watching_time wete
significant indicators of the Video watching construct, with CLs between 0.655 and 0.873. Finally,
the Score, Doc_connt, and Online_days indicators were associated with the final grade, online document
reading, and online time constructs, each of which value of 1.000. These results indicate that the
model exhibited high reliability and internal consistency.

Another method of assessing a reflective measurement model involves determining its discriminant
validity through a comprehensive evaluation of its results (Hair et al., 2013). The AVE of each latent
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construct should be higher than the construct’s highest squared correlation with any other latent con-

struct or its Fornell-Larcker criterion (Hair et al., 2011). The results of the analysis are presented in
Table 2.

Table 1. Reliability and convergent validity of the measurement model

Constructs Items CL | x | CR |  AVE
Final grade Score single item construct
Online document | Doc_count single item construct
reading
Online time Online_days single item construct
Game_test 0.866
Self-assessment OJ_test 0.787 0.824 0.896 0.743
Unit_test 0.926
Load count 0.873
Pause_count 0.836
Video watching Play_count 0.792 0.900 0.922 0.629
Seek__backward_count 0.670
Stop_count 0.655
Video_count 0.738
Watching_time 0.857

Notes: CL, cross-loading; a, Cronbach’s alpha; CR, composite reliability; AV'E, average variance extracted.

Table 2. Discriminant validity (Fornell-Larcker criteria) of the model

Final Online document | Online Self- Video
grade reading time assessment | watching
Final grade 1.000
Online document reading | 0.159 1.000
Online time 0.409 0.290 1.000
Self-assessment 0.869 0.165 0.385 0.862
Video watching 0.380 0.255 0.458 0.305 0.793

ASSESSMENT OF THE STRUCTURAL M ODEL

We will describe the structural model by the graphical representation of the PLS path model, as
shown in Figure 6 in the discussion and implication section. The path coefficient was estimated using
a bootstrapping method with 5000 subsamples, and a two-tailed test was conducted to assess its sig-
nificance. The results of the structural model analysis are presented in Table 3.

In this section, we discuss our first research question: What is the direct effect of a student’s engagement type
on their final grade in an online programming course? P-values were used to assess the significance of each
model path. As indicated in Table 3, four of the seven path coefficients of the internal model were
statistically significant. Our results indicated that the online time construct had a significant effect on
the self-assessment construct (p = 0.000**). In addition, the self-assessment construct had a signifi-
cant effect on the final grade construct (p = 0.000**), and the video-watching construct had a signifi-
cant effect on the final grade and self-assessment constructs (p = 0.003** and 0.015%, respectively).
Therefore, H2, H3, H4, and H7 were supported, whereas H1, H5, and H6 were not.
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Table 3. Significance of direct effects (**p < 0.01, *p < 0.05)

H Relation Original Sample Standard T Statistics P
Sample (O) | Mean (M) Deviation (|]O/STDEV]) | Values

H1 | Online time 0.047 0.046 0.034 1.394 0.163
-> Final grade (NS)

H2 | Online time 0.302 0.303 0.056 5.430 0.000*
-> Self-assessment (&)

H3 | Video watching 0.113 0.113 0.039 2.937 0.003%
-> Final grade S)

H4 | Video watching 0.157 0.164 0.064 2.429 0.015%
-> Self-assessment (S)

H5 | Online document | -0.018 -0.019 0.032 0.582 0.561
reading -> Final (NS)
grade

H6 | Online document | 0.037 0.036 0.057 0.658 0.511
reading-> Self-as- (NS)
sessment

H7 | Self-assessment 0.819 0.819 0.028 29.505 0.000*
-> Final grade S

Note: Bold values indicate significant effects. H, hypothesis; NS, not supported; S, supported.

The next important step in the structural model assessment was evaluating the explained variance
(R?). R? values indicate variance, which is explained in each endogenous construct and, therefore, is a
measure of the model’s explanatory power. The R? value is also referred to as in-sample predictive
power (Hair et al., 2019). R2 values of 0.75, 0.50, or 0.25 for endogenous latent variables in a struc-
tural model denote high, moderate, or low vatiance, respectively (Hair et al., 2011), as indicated in Ta-

ble 4.
Table 4. Explanatory power (R?)

Dependent variable R? R? Adjusted Decision
Final grade 0.771 0.767 Substantial
MEDIATION ANALYSIS

Researchers should routinely report total effects (i.e., the sum of direct and indirect effects between
two constructs) to not only provide comprehensive insights into the role of the mediating constructs
but also provide practitioners with actionable results regarding cause-effect relationships. Moreover,
formal mediation analysis using bootstrapping methods is valuable when corresponding hypotheses
have been developed (Hair et al., 2013). The results of the analysis of the mediating effects are pre-
sented in Table 5.

Table 5. Specific indirect effects (**p < 0.01, *p < 0.05)

Relation Original Sample Standard | T Statistics P Values
Sample (O) | Mean (M) | Deviation | (JO/STDEV )

Online time -> 0.248 0.248 0.046 5.352 0.000%*

Self-assessment -> Final grade

Video watching -> 0.128 0.134 0.054 2.389 0.017*

Self-assessment -> Final grade

Online document reading -> 0.031 0.029 0.047 0.656 0.512

Self-assessment -> Final grade

Note: Bold values indicate significant effects.
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In this section, we discuss our second research question: What is the mediating role of cognitive engagement
on behavioral engagement and final grade in an online programming course? As indicated in Table 5, two of the
three path coefficients of the mediating effects were statistically significant. The self-assessment con-
struct had significant indirect effects on “Online time and Final grade” (# = 5.352, p = 0.000**) and
“Video watching and Final grade” (# = 2.389, p = 0.017*). This finding is crucial because if students’
online time and video-watching behaviors are supported by self-assessment activities (such as
Game_test, O] _test, and Unit_test) in an online programming course, their final grades will be signifi-
cantly affected.

IMPORTANCE PERFORMANCE MAP ANALYSIS

Finally, in this section, we discuss our third research question: Which factors most strongly affect students
and their performance in an online programming conrse? We conducted IPMA, which is one of the advanced
PLS-SEM techniques and used the final grade construct as the target variable. IPMA enables re-
searchers to enrich their PLS-SEM analysis to obtain additional results and insights; expanding PLS-
SEM analysis to the indicator level facilitates the identification of the most important areas of spe-
cific actions (Ringle & Sarstedt, 2016). More specifically, for a specific endogenous construct repre-
senting a key target construct in the analysis, IPMA contrasts the structural model total effects (im-
portance, x-axis) and the average values of the latent variable scores (performance, y-axis) to high-
light significant areas in which a student’s learning activities can be improved. The total effect of a
relationship between two constructs is the sum of all the direct and indirect effects in the structural
model. When all the total effects (importance values) are more than 0.10, the variables are significant
at the p = 0.10 level. Next, to make the results comparable across different scales, a performance
scale of 0 to 100 is used, wherein 0 and 100 represent the lowest and highest performance, respec-
tively (Ahmad & Afthanorhan, 2014; Hair et al., 2012).

As indicated in Figure 4 and Table 6, according to the IPMA results for the constructs, the self-as-
sessment construct had the highest importance and performance (I = 0.82; p = 62.43) in terms of
the students’ final grades in an online programming course.

Importance-Performance Map
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Figure 4. IPMA results for constructs
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Table 6. Importance-performance map — standardized effects of constructs on final grade

Engagement types Constructs Total Effects/ Performances
Importance
Behavioral engagements | Online document reading | 0.01 9.19
Online time 0.29 33.43
Video watching 0.24 48.70
Cognitive engagements Self-assessment 0.82 62.43

Note: All total effects >0.10 are significant at the a <0.10 level. Bold values indicate significant total effects/ in-
portance values and significant performance values.

Online time had the second-highest importance (0.29), but with low performance (33.43), whereas
the video watching construct had the third-highest importance (0.24), but with low performance
(48.70). Finally, the online document reading construct, which consisted of a single item (Doc_coun?),
had the lowest performance and importance (I = 0.01; p = 9.19), indicating that teachers of online
programming courses should encourage students to read online documents more frequently.

As indicated in Figure 5 and Table 7, according to the IPMA results for specific indicators, Unit_test
had both the highest importance and performance (I = 0.36; p = 85.97) in terms of students’ final
grades in the online programming course. Unit_test was a multiple-choice test for assessing students’
understanding of a unit concept in the programming course. Game_test had the second-both highest
importance (0.28) and high performance (77.00). Game_test was a more challenging assessment with a
gamified format, and it evaluated each student’s ability to seek additional information on a unit con-
cept. OJ_test and Online_days had importance (0.31 and 0.29, respectively) but low performance (47.88
and 33.43, respectively). By contrast, 17deo_count had low importance (0.06) but high performance
(62.52). In summary, these results suggest that cognitive learning engagement is crucial to students’
achievement in programming distance learning programs because it promotes students’ behavioral
engagement. Additionally, the amount of time a student spends studying and actively engaging with
the online platform is crucial to their learning performance.
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Figure 5. IPMA results for indicators
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Table 7. Importance-performance map: standardized effects of indicators on final grade

Engagement types Items Total Effects/Importance | Performances
Doc_count 0.01 9.19
Online_days 0.29 33.43

Behavioral engagements Panse connt 0.05 2578
Play_count 0.05 26.47
Seek_backward _count 0.04 13.73
Stop_count 0.03 35.88
Video_connt 0.06 62.52
Watching_time 0.04 42.16
Load count 0.04 36.32
O] _test 0.31 47.88

Cognitive engagements Game_test 0.28 77.00
Unit_test 0.36 85.97

Note: All total effects >0.10 are significant at the a <0.10 level. Bold values indicate significant total effects/ im-
portance values and significant performance values.

DISCUSSION AND IMPLICATIONS

In this study, we applied the behavioral engagement framework and PLS-SEM approach to analyze
student log data. Our study contributes to the understanding of how behavioral engagement in dis-
tance programming learning affects student achievement directly and through cognitive engagement.
The results can serve as a reference for practitioners of distance programming education. Our find-
ings and their practical implications can be divided into two parts according to whether they concern
the developers of online educational platforms and university policymakers or instructors and stu-
dents.

DEVELOPERS OF ONLINE EDUCATIONAL PLATFORMS AND UNIVERSITY
POLICYMAKERS

Our results regarding “Online time and Self-assessment” (p = 0.000**) and “Self-assessment and Fi-
nal grade” (p = 0.000**) imply that the use of self-assessment systems on distance learning platforms
is significantly associated with students’ active time and video-watching activities (see Figure 6). In
other words, universities should develop active self-assessment systems like OJ. This will increase par-
ticipation in the course and have a positive effect on the final achievement. These results are in line
with the result of Wang (2019), which shows that out-of-class problem solving may play a role in
consolidating what is learned and important learning activity. In another research, Ngai et al. (2010)
noted that students can be taught to assess through a self-assessment system accurately and objec-
tively themselves, which results in a more enjoyable learning experience. Therefore, online education
platform developers and university policymakers should pay close attention to the development of
self-assessment systems, such as Gawe_test, O _test, and Unit_test, and design such systems based on
students’ cognitive skills. This is also supported by the IPMA results. Furthermore, these results were
verified by two of the three paths of our mediation analysis (see Table 5). The results of the present
study demonstrated that cognitive engagement types are inextricably linked to the development of a
behavioral engagement framework in distance programming learning.
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Figure 6. PLS path modeling results
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INSTRUCTORS AND STUDENTS

Our results regarding “Video watching and Final grade” (p = 0.003**) and “Video watching and Self-
assessment” (p = 0.015%) imply that watching the instructor’s pre-recorded videos and testing them-
selves with each unit’s tests contributed significantly to the students’ final achievement (see Figure 06).
In the IPMA, VVideo count, the number of videos watched by a student, had a high performance
(62.52). In other words, self-learning activities are the most crucial component of distance learning,
especially in an online programming course. These results are in line with the creation of short vid-
eos that can be a positive way to get students to engage with the material before coming to class. Stu-
dents indicated the videos helped them learn the material (Carlisle, 2010). In another research
(Ronchetti, 2010), the creative use of recorded digital videos can be helpful in promoting a more in-
teresting and interactive teaching style; for example, video watching can (a) help working students by
bridging the gap given by their absence during regular lectures, (b) support regular students by giving
them the opportunity to recover lectures lost due to forced or elective absence, (c) assist students
having difficulties with the lecture’s spoken language, and (d) give students a means to review critical
sections and check their notes. Therefore, instructors are advised to put substantial effort into the
creation of videos for each course session and to actively promote students’ interest in the course
material.

Interestingly, online document reading (Doc_coun), which represents the frequency with which a stu-
dent reads online documents, was not very significantly associated with the constructs of self-assess-
ment (p = 0.511) and the final grade (p = 0.561) (see Figure 6). This finding was further confirmed by
our mediation (p = 0.512). In the IPMA, the online document reading construct had the lowest pet-
formance and importance (performance = 9.19). This engagement is one of the important learning
activities in an online programming course. However, our results show that students appear to be
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more willing to practice programming than to read and study course materials. Therefore, our results
suggest that instructors should pay attention to this issue and improve the learning materials during
the course process.

LIMITATIONS AND DIRECTIONS FOR FUTURE WORK

Although the findings of this study contribute considerably to the body of literature on online pro-
gramming learning, the study has several limitations. First, the study participants only included under-
graduate students from a single university course. Therefore, we recommend that future studies in-
clude a wider range of participants, such as students enrolled in MOOC:s.

Second, we initially incorporated 28 log data indicators into our research model, but later we ex-
cluded 15 indicators because their CL values were below standard based on the theory of PLS-SEM
analysis (Hair et al., 2019). To maintain the meaning and stability of the results, we retained only two
single-item constructs with standard values, namely the “Online time” and “Online document read-
ing” constructs. Because PLS-SEM allows for the unrestricted use of single-item constructs, numer-
ous models integrate such constructs. In the case of single-item measures, the final numerical result
is equal to 1.00 because the latent variable is measured using only one observed variable (Ringle et al.,
2012). Therefore, although this is a common occurrence in PLS-SEM analysis, we suggest that future
studies attempt to include more log data items, depending on the number of participants.

Third, the most prevalent conceptualization in the relevant literature is that engagement consists of
three distinct yet interrelated dimensions: behavioral, emotional/affective, and cognitive (Fredricks et
al., 2016). However, in the present study, we did not account for emotional engagement because it
comprises students’ affective reactions to their classmates, teachers, learning activities, and school (T.
K. Chiu, 2021), which cannot be evaluated precisely in distance learning environments. In the future,
researchers can conduct more detailed studies of the effects of emotional engagement as well as ad-
ditional aspects of students’ social engagement to elucidate the factors affecting students’ behavioral
participation and performance more thoroughly.

CONCLUSION

Online programming courses allow students to improve their programming concepts and skills. The
advantage of log data is that it allows for a realistic analysis by accounting for students’ actions in var-
ious situations that may arise during a course. PLS-SEM is suitable for applications where strong as-
sumptions cannot be fully met, and it is often referred to as a distribution-free soft modeling ap-
proach (Hair et al., 2012).

This study examined the relationships among students’ behavioral and cognitive engagement types
and performance in an online programming course. The research participants were 217 undergradu-
ate students from Feng Chia University in Taiwan. According to our findings, “Video watching” had
the most significant effect than other behavioral constructs in an online programming course. The
most significant path relationships in the research model were “Online time and Self-assessment” (p
= 0.000%*) and “Self-assessment and Final grade” (p = 0.000**), followed by “Video watching and
Final grade” (p = 0.003**) and “Video watching and Self-assessment” (p = 0.015*). Interestingly,
“Online document reading” was not a significant factor in students’ final achievement. These find-
ings were supported by the results of both the mediation analysis and IPMA. In summary, self-as-
sessment and video-watching behavior should be considered in the analysis and evaluation of tech-
nologies designed to enhance the learning experiences of students in online programming courses.
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