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ABSTRACT
There is an increase in the adoption of flipped classroom pedagogy
for introductory programming (CS1) courses. In a flipped course,
students watch the content videos and complete an accountability
quiz before the class, then do active learning activities during the
class. The role of students’ behavioral engagement and its impact on
learning outcomes is widely studied in education, but little is known
about its effect in flipped CS1 courses. This paper analyzes factors
related to students’ behavioral engagement with quizzes, such as
how much time they spend on quizzes, when they choose to submit
the quizzes, and how consistently they space their weekly quiz
submissions over a fifteen-week semester. Firstly, group differences
based on GPA, gender and prior programming experience (PPE) are
explored to understand how behavioral engagement varies among
different student populations. Secondly, we analyze the association
of behavioral engagement with students’ performance using exam
averages. We find that behavioral metrics do not vary based on
GPA, PPE, and gender. Further, we find that while the time taken
on quizzes and weekly consistency is not correlated with students’
performance, students who submit the quizzes earlier tend to have
statistically higher exam averages than those who complete them
near the deadlines. These results align with earlier findings and
will help instructors understand students’ behavioral approaches to
flipped CS1 courses, which can help them tailor their instructions
accordingly.

CCS CONCEPTS
• Social and professional topics→ CS1;Model curricula; Com-
putational thinking.
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student behavior, submission times, self-regulation, time manage-
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Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than ACM
must be honored. Abstracting with credit is permitted. To copy otherwise, or republish,
to post on servers or to redistribute to lists, requires prior specific permission and/or a
fee. Request permissions from permissions@acm.org.
Koli 2022, November 17–20, 2022, Koli, Finland
© 2022 Association for Computing Machinery.
ACM ISBN 978-1-4503-9616-5/22/11. . . $15.00
https://doi.org/10.1145/3564721.3564740

ACM Reference Format:
Ashish Aggarwal and Akshay Ashok. 2022. Exploring the Differences in
Students’ Behavioral Engagement With Quizzes and Its Impact on their
Performance in a Flipped CS1 Course. In Koli Calling ’22: 22nd Koli Call-
ing International Conference on Computing Education Research (Koli 2022),
November 17–20, 2022, Koli, Finland. ACM, New York, NY, USA, 11 pages.
https://doi.org/10.1145/3564721.3564740

1 INTRODUCTION
An essential goal for CS educators and researchers is to foster better
learning outcomes among students. Students’ learning outcomes
are a function of many latent constructs like motivation, ability,
instruction, level of practice, etc. These latent constructs are further
influenced by multiple factors like a student’s course load, life
events, time management, study habits, etc. Thus, studying causal
or even correlational factors associated with learning outcomes is
a study of complex individual characteristics and their interaction
with each other.

Various studies have explored the effects of multiple factors on
students’ performance, especially in the context of undergradu-
ate university courses [4, 33, 40]. One such area of exploration is
identifying factors that predict academic success [31]. A review
conducted by Hellas et al. at the ITiCSE-2018 Working Group, clas-
sified the features used to predict student performance into five
categories: demographic (e.g., age, gender), personality (e.g., self-
efficacy, self-regulation), academic (e.g., high-school performance,
course performance), behavioral (e.g., log data) and institutional
(e.g., high-school quality, teaching approach) [15]. They found that
the "majority of the articles used academic data for prediction (e.g.,
predicting course performance based on high-school performance)"
and that while the use of log data as a metric for student behavior
is increasing, it "is still relatively rare".

With the rising enrollments in introductory programming courses
and relatively higher attrition rates [2, 21, 37], it has become impor-
tant for CS educators to review current pedagogical and instruc-
tional practices to improve learning outcomes [5, 26, 29]. Many
categories described above, like demographics, are fixed and cannot
be altered to influence outcomes. Other factors like self-efficacy
are difficult to address in a semester-long setting for an individual
course. Instructors can work on altering the instructional strategy
and tailor it to students’ needs. Still, the context of large CS classes
having students with varying levels of ability and prior experience
challenges the extent to which every student’s learning needs can be
addressed [20, 38]. One such instructional change that has been in
progress in recent years has been the adoption of flipped classroom

https://orcid.org/0000-0002-8365-3810
https://orcid.org/0000-0001-9013-7585
https://doi.org/10.1145/3564721.3564740
https://doi.org/10.1145/3564721.3564740


Koli 2022, November 17–20, 2022, Koli, Finland Aggarwal and Ashok.

pedagogy [3, 12, 19]. In a flipped course, students watch content
videos and complete an accountability quiz before the class. This ac-
countability quiz reinforces the importance for watching the videos
before the class. They then engage in active learning activities dur-
ing the class, where the instructor and other course staff can assist
them. This flipped class pedagogy has resulted in higher learning
outcomes across many domains like Physics [9], Chemistry [13]
and Computer Science [5, 12, 16]. Various studies have explored
factors that affect students’ performance in flipped courses [22],
and factors that contribute to creating successful flipped classes
[13, 16].

A factor that has been traditionally less studied but has increas-
ingly received more attention in CS Education literature is un-
derstanding student behavior and its influence on performance
[24, 34, 35, 39]. Through the growing use of various tools and learn-
ing management systems (LMSs), accessing behavioral data that
shows not just what students are doing but also but also when they
are learning has becomemore accessible [18, 20, 27, 35]. While there
have been studies comparing the learning outcomes of a flipped and
a traditional course [17], little is known about the effect of students’
behavioral engagement on their learning and performance. Given
that in a flipped course, students watch the videos and complete the
accountability quiz at their own pace, analyzing students’ behav-
ioral engagement with the content can provide further insights into
how the course structure and policies can be tailored for increasing
learning outcomes [8, 12, 13].

The term "student behavior" or just "behavior" is a construct that
can entail many independent and dependent observations. A recent
systematic review on students’ study behavior in computing edu-
cation by Loras et al. provides a comprehensive categorization of
student behavior into broadly four categories, i.e., process, strate-
gies, habits, and tactics [25]. They define these categories as follows:

• Process: Cognitive engagement with study activities, that
is, students’ internal approaches to studying, learning and
learning styles.

• Strategies: Level of cognitive control over student activi-
ties, that is, metacognition, self-regulation, motivation and
affective constructs.

• Habits: Consistency and actualization of study activities
without considering the interaction with the environment,
like time spent on activities (time engagement), frequency
of study sessions etc.

• Tactics: Individual learning tools used by students while
studying like note taking, self testing and video viewing.

So, while students’ learning behavior can be classified and stud-
ied at many levels [7, 24, 25], we are interested in exploring secular
behavior trends associated with students’ natural study habits and
time engagement. Increasingly, instructional approaches like online
or hybrid learning, flipped classroom approach, or mastery-based
learning, all allow self-paced exploration of content that students
can engage with at their convenience [12, 29]. Such approaches
not only provide students flexibility but also expect them to plan
their learning effectively. Thus, as students are responsible for their
time management, it would be valuable to explore when and how
consistently students engage with the content and whether that
influences their performance.

When we refer to content, we are specifically interested in under-
standing when students complete the accountability quiz due before
the class. We believe that the behavioral metrics related to this quiz
can provide insights into understanding students’ organic behavior
as the videos and quizzes are available long before they are due.
Also, completing the accountability quizzes is a proxy for students’
video viewing time, as the quizzes are based on the content videos.
In this paper, we are interested in exploring: When do students do
their weekly accountability quizzes in a flipped CS1 course? How
much time do they spend on these quizzes? How consistent are
their quiz submission times across multiple weeks? And do these
factors affect their performance? We conduct our analysis based on
three factors, students’ gender, GPA, and prior-programming ex-
perience (PPE), to understand if there are group differences across
any of these factors.

2 BACKGROUND AND RELATEDWORK
Student behavior has been of interest to educational researchers
and psychologists. Multiple studies on time management, self-
regulation, consistency in behavior, and procrastination have ad-
vanced our understanding of the relationship between behavior and
learning [1, 30, 36]. In a recent large-scale study spanning across
multiple semesters and courses, it was found that procrastination
behavior varies across different sociodemographic groups and that
it has a negative association with performance across groups [32].
In CS Education, multiple studies have explored the role of stu-
dents’ behavior on their performance [24, 34, 39] and have found
mixed results, with some studies suggesting that it is significant
[5, 16], and some finding it insignificant [13]. Prior programming
experience has been an influential factor in students’ performance,
especially in introductory CS courses [38].

Regarding study habits, Soohyun et al. analyzed differences in
behavioral approaches between higher and lower-performing stu-
dents. They found that while procrastination does not impact higher
performing students, it affects lower performing students as they
are unable to complete the assignment and get the required assis-
tance [24]. In another subsequent study, Soohyun et al. found that
high-performers more frequently practice some study habits (like
self-regulation) than low-performers. Further, when accounting
for students’ prior programming experience, they conclude that
"although prior experience translates to better class performance, it
is not associated with the same study habits as lower- and higher-
performers, suggesting that prior experience and study habits are
separately associated with better student performance" [23].

Willman et al. studied the effect of study habits on students’
performance in CS1 and found that “students who receive the highest
grade start and finish their work early, do not work on weekends,
and do not work at night....” [39]. Edwards et al., and Shaffer et al.,
also found that students who begin programming projects earlier
perform better than those who begin closer to the due date [10, 34].
Given that it is mostly accepted that students who start earlier on
assignments perform better [35], little is known about the effect a
student’s quiz submission time could have on their performance in
a flipped CS1 class.

In the context of the flipped classroom, Dazo et al. studied the
impact of video viewing behaviors in a flipped CS1 class [8]. They
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found, firstly, that viewing videos is not guaranteed and should not
be assumed. Secondly, they also found students who watch all the
videos earlier and completely perform better in the course [8], thus
implying the importance of not only watching the videos but also
watching them early. Moore et al. also conducted a similar analysis
to study video watching behavior in a flipped CS1 course and found
that students with prior programming watched fewer videos and
that "while video watching is an important learning component for
some of the students in a flipped CS1 course, other students can chose
not to watch the videos and still learn via the other components of the
course such as reading, active learning, problem solving, and working
on programming assignments" [28].

Further research indicates students in flipped classrooms are
more engaged with their learning and become timelier with their
preparation, leading to an increased performance [5, 11]. The flipped
classroom model is designed to increase consistent engagement
with course content, which minimizes the amount of "cramming"
style studying [13]. Participating within a flipped classroom has
also been linked to exam performance [13], but the timing of en-
gagement and quality of engagement is largely unknown. Gross et
al. indicated that accurately answering homework questions in the
two weeks before the exams can lead to higher exam performance
[13], which suggests that time is an influential factor in flipped
classrooms.

Therefore, grounded in this above prior work, we believe that
exploring the patterns and influence of just the quiz submission
times as a proxy for student behavior may provide some guidance
on overall and group based difference.

3 COURSE CONTEXT
The data used in this study comes from a two credit introductory
programming course for engineering students that is taught in
MATLAB. The course was taught using the flipped classroommodel
in the spring semester of 2021 (after the start of the COVID-19
pandemic) at an R1 research university in the US. This course had a
total of 3 sections, all of which offered an in-person class subsection
(capped at 10 students for social distancing purposes) and an online
class subsection. Each of the 3 main sections contained around 40
students, and most students opted to attend the class virtually even
if they were enrolled in the in-person section.

Figure 1: Weekly plan of the flipped CS1 course

Figure 1 presents the weekly timeline for the course. Since the
course style used the flipped classroom model, students were ex-
pected to watch module lectures before class, as well as complete
the module quiz before class. Its important to note that this quiz was
mostly for accountability purposes and students were given two
attempts with each attempt capped at twenty minutes. The quizzes

Figure 2: Sample quiz question from Module-6 (loops)

mostly had five to seven questions, mostly output-prediction ques-
tions (Figure 2) that were either multiple choice or free-response
questions. The quizzes accounted for 10% of the overall grade and
there were eleven quizzes over a semester of fifteen weeks. The
class was a combined 2-period block of 50 minutes each, totaling
100 minutes with a 15 minute break in between. Students spent the
first 30 minutes reviewing the topic and peer instruction activities.
They then worked on solving three smaller-programming problems
(Figure 3) individually in the remaining time. They were encour-
aged to discuss their potential approaches and questions with their
peers. They could also ask for help from the undergraduate teaching
assistant and the professor. After the class, students were expected
to work on the module homework assignments outside class, which
was due at the end of the school week.

Figure 3: In-class programming problem from
Module-11 (images)
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The key programming concepts covered in the modules included
input/output, if statements, while loops, for loops, vectors, string,
images, and thresholding. The course was divided into 14 modules
with eight programming-related homework assignments and two
exams (a midterm and a final). The last homework assignment was
a cumulative final project.

4 DEMOGRAPHICS
There were 121 students across the three sections of the introduc-
tory programming course out of which data of 3 students was
discarded due to missing information. Out of 118 students, a total
of 60 students (51%) had no prior programming experience while
58 students (49%) had some form of prior programming experi-
ence (PPE). The sections consisted primarily of mechanical and/or
aerospace engineering students (61%), civil and/or environmental
engineering students (14%), biomedical engineering students (9%),
and other students (16%) as shown in Figure 4. There were 79 (67%)
male students and 39 (33%) female students. Based on students’
academic year, 72 students (61%) were in the first year of their un-
dergraduate program, 29 students (25%) were in their second year,
14 students (12%) were in their third year, 2 students were in the
fourth year, and 1 student was in the first year of their graduate
program (Figure 5).

Figure 4: Students’ majors within the course

Figure 5: Students’ academic year within the course

Students were also categorized based on prior Grade Point Aver-
age (GPA). At the institution at which this study was conducted, on
the GPA scale, an ‘A’ grade translates to a 4.00, a ‘B’ grade translates
to a 3.00, a ‘C’ grade translates to a 2.00, a ‘D’ grade translates to a
1.00, and an ‘E’ or ‘F’ grade translates to a 0.00. In most courses at
the institution, a grade of ‘C’ or above is considered passing. GPA
is calculated as the average of a student’s course grades, weighted
based on the number of credits for each course. We set the GPA
ranges in Table 1 according to minimum and maximum GPA of
students in the sample and traditional perceptions of low, average,
and high GPA.

Table 1: Organization of GPA Groups

Group GPA Range Count Percent of Sample

0 Not available 9 7.6%
1 (1.1, 2.8] 6 5.1%
2 (2.8, 3.5] 29 24.6%
3 (3.5, 4.0] 74 62.7%

5 MOTIVATION AND RESEARCH QUESTIONS
At an R1 research university in the US where this study was con-
ducted, the flipped classroom model helped lower the student-to-
teacher ratio. Consequently, it facilitated an individualized support
mechanism where the instructor and teaching assistants could bet-
ter help students while they were working on programming prob-
lems. Though research supports the notion that such active learning
is more important in STEM courses [5, 11], it is still unknown ex-
actly what other influential factors could enhance or detract from
a student’s learning experience.

In a flipped environment, there is increased responsibility on the
student to complete the assigned lectures and learn the material
before coming to class every week. With this in mind, it is impor-
tant to know what impact this increased responsibility has on a
student’s learning experience [12, 13, 19]. Managing their own time,
some students will regularly submit the required weekly quiz more
than a day earlier than some of their peers. With the submission
time of quizzes varying between students, it is important to be able
to identify if this impacts a student’s overall performance in the
course. A starting point for understanding student behavior is their
approach toward self-scheduling the commitments required for a
flipped course. Although every student has a different schedule
impacting when assignments are completed (alongside other fac-
tors), this paper strives to understand more about how students’
behavioral approach vary based on groups related to GPA, gender
and PPE, and how it impacts their performance.

Knowing more about students’ learning behaviors and which
types of behaviors contribute to higher performance can help in-
structors curb the higher failure rate in computer science courses
[2, 4, 37]. With an understanding of factors influential to a student’s
overall performance, instructors can better alter instructional de-
sign to encourage high-performing behaviors in their students.
With this in mind, we established two guiding inquiries for this
paper:
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• Are there differences in quiz submission behavior or per-
formance between groups based on GPA, gender, and prior
programming experience?

• Do proactive and consistent quiz submission times affect
students’ performance in a flipped classroom CS1 course?

5.1 Variables
Based on the guiding inquiries, we derive three variables to account
for behavioral engagement and one variable to account for students’
performance in order to further investigate the topic.

• Time Spent: This independent variable serves as a metric
for how long a student usually takes to complete their weekly
quiz.

• Proactive Behavior Index (PBI): This independent vari-
able serves as a metric for how early a student usually sub-
mits their weekly quiz with regard to the deadline. This
essentially translates to a measure of procrastination with
regard to weekly quizzes.

• Inconsistent Behavior Index (IBI): This independent vari-
able serves as a metric for how variant a student is in terms
of submitting their quiz at similar times every week. This
essentially translates to a measure of self-regulation (or lack
thereof).

• Exam Average: This dependent variable serves as an indi-
cator of a student’s performance in the course.

5.2 Research Questions
Incorporating the three behavioral variables and one performance
variable, we arrived at two formal research questions:

(1) Are there differences in Time Spent, Proactive Behav-
ior Index, Inconsistent Behavior Index, and ExamAver-
age between groups based on GPA, prior programming
experience, and gender?

(2) Is there a relationship between Exam Average and
Time Spent, Proactive Behavior Index, and Inconsis-
tent Behavior Index?

6 METHODOLOGY
Self-reported data on students’ gender, prior programming expe-
rience, GPA, and major was collected via an introductory survey
during the first week of the course. Data on students’ quizzes was
retrieved via the learning management system for the class. The
Institutional Review Board’s (IRB) approval was taken before ana-
lyzing the data. Out of the 121 students in the course, three were
removed from the data set due to missing information, resulting
in a sample size of 118 students. Data of all the 118 students was
available for the entire semester and no student dropped the course
in between.

There were a total of 11 quizzes and two exams (a midterm and a
final) administered throughout the course. Since students had two
attempts for every quiz, we considered only the first submission
time and time spent on the first attempt for this analysis. This is
because the behavioral metric associated with the first attempt is
more indicative of students’ behavioral engagement and they may
or may not use the second attempt.

For each quiz, start time was subtracted from the corresponding
finish time to produce a result in terms of minutes. This value will
be referred to as the "time taken" for each submission.

Then, for each quiz, submission time was subtracted from the
corresponding due date to produce a result in terms of hours. This
value will be referred to as "time remaining" for each submission.
It is important to note here that this time remaining has strong
potential to characterize a student’s behavioral approach toward
the course. This value helps in comparative analysis of students
based on how much time earlier they submitted the assigned quiz
before it was due. While it may be possible that a student completes
a particular assignment well ahead of the deadline and does not
submit it until closer to when it is due, a collection of multiple
such time remaining values can still indicate a dominant behavioral
approach, especially when analyzed over a semester’s coursework.
Thus, these time remaining values form the basis of our characteri-
zation of a student’s approach toward the course, which we believe
to be valuable for its potential impact on students’ performance in
a flipped classroom environment.

• Time Spent was calculated for each student by taking the
median of all "time taken" values for that student.

• Proactive Behavior Index was calculated for each student
by taking the median of all "time remaining" values for that
student.

• Inconsistent Behavior Index was calculated for each stu-
dent by taking the inter-quartile range of all "time remaining"
values for that student.

• ExamAveragewas calculated for each student by taking the
mean of the two exam scores for that student andmultiplying
by 100 to obtain a percentage.

6.1 (RQ 1) Differences in Variables Between
Groups Based on GPA, PPE, and Gender

We are first interested in finding differences in Time Spent, Proac-
tive Behavior Index, Inconsistent Behavior Index, and Exam Av-
erage between student groups based on GPA, prior programming
experience, and gender. After performing Chi-Square tests for good-
ness of fit for normal distribution, we determined that Time Spent,
PBI, IBI, and Exam Average all yield significantly non-normal dis-
tributions (as is visible in Figures 6 and 7). As such, we opted for
nonparametric tests for differences. Note that for all tests, we used
a p value threshold of 0.05.

To find differences in the four variables between GPA groups,
we used a multiple comparison method. Comparisons for all vari-
ables failed Levene’s test for homogeneity of variance. As such, we
used the Kruskal-Wallis H test, a nonparametric equivalent to the
one-way ANOVA. Note that Kruskal-Wallis does not necessarily
compare means or medians. Rather, each data point is transformed
to a rank among all data in the test (smaller values ranking lower
and larger values ranking higher), and mean rank for each group
is compared. We performed one Kruskal-Wallis H test between
GPA groups for each of the four variables. The null hypothesis for
each test was that mean rank for the given variable was the same
between the GPA groups. The alternate hypothesis for each test
was that the given variable differed between the GPA groups. After
we performed the Kruskal-Wallis test, we applied Dunn’s test for
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Figure 6: Distributions of Time Spent and Proactive Behavior
Index (PBI) in the sample

post-hoc analysis of pairwise differences between the groups. To
reduce the risk of Type I error, we performed a Bonferroni correc-
tion on the significance values for each pairwise comparison. Note
that after the Bonferroni correction, the p value threshold for each
pairwise difference is 0.008333 (distinct from the p value threshold
of 0.05 used for the overall Kruskal-Wallis test). The null hypothesis
for Dunn’s test is that there is not a significant difference in the
given variable between any two specific groups in the comparison.
The alternate hypothesis is that there is a difference in the given
variable between at least one pair of groups in the comparison.

To find differences in the four variables between students with
and without PPE, we used the Mann-Whitney U test, a nonparamet-
ric equivalent to the two-sample t test. Note that the Mann-Whitney
U test does not necessarily comparemeans ormedians. Like Kruskal-
Wallis, each data point is transformed to a rank among all data in
the test, and mean rank for each group is compared. We performed
one Mann-Whitney U test between students with and without PPE
for each of the four variables. The null hypothesis for each test
was that mean rank for the given variable was the same between
students with and without PPE. The alternate hypothesis for each
test was that the given variable differed between students with and
without PPE.

Figure 7: Distributions of Inconsistent Behavior Index (IBI)
and Exam Average in the sample

To find differences in the four variables between male and female
students, we again used the Mann-Whitney U test. We performed
one Mann-Whitney U test between male and female students for
each of the four variables. The null hypothesis for each test was
that mean rank for the given variable was the same between male
and female students. The alternate hypothesis for each test was
that the given variable differed between male and female students.

6.2 (RQ 2) Relationship Between Performance
and Behavioral Variables

As previously stated, Exam Average was used as an indicator for
students’ performance in the course. Therefore, to gauge how stu-
dents’ performance in the course related to behavioral variables,
we constructed an ordinary least-squares (OLS) multiple regression
model for inference. In this regression model, Exam Average was
the response variable and Time Spent, Proactive Behavior Index,
and Inconsistent Behavior Index were the regressors. Note that for
all tests, unless otherwise specified, we used a p value threshold of
0.05.

The original regression model did not meet all assumptions of
multiple linear regression. The first assumption failed was normal-
ity of residuals. The second assumption failed was homoscedasticity
(homogeneity of variance) of residuals, specifically for PBI and IBI.
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This means that for the two variables, as their value increased, the
variance of their residuals tended to decrease. The third assumption
failed was linearity, again for PBI and IBI. As such, we transformed
PBI and IBI to try to resolve the three failed assumptions. After we
tested several transformations, checking regression assumptions
for each, we decided to use a natural logarithm transformation for
PBI and IBI to resolve the failed assumptions.

With transformed PBI and IBI, we again checked the assumptions
for OLS multiple regression, as follows. Independence of observa-
tions and homoscedasticity of residuals were verified by analyzing
the residual plots. Linearity was verified by analyzing scatterplots
of Exam Average versus each regressor. Normality of residuals
was verified with a Chi-Square test for goodness of fit for normal
distribution (p = 0.06447). The null hypothesis for this test was
that the residuals follow a normal distribution, while the alternate
hypothesis was that the residuals have a non-normal distribution.
We calculated variance inflation factor (VIF) for all three indepen-
dent variables and found all values to be non-significant (VIF < 2.5),
meaning that there was no significant multicollinearity between the
regressors. Altogether, we determined the model to be appropriate
for analysis.

After fitting the regression model, we performed a Bonferroni
correction on the significance values for each predictor. Note that
after Bonferroni correction, the p value threshold for each indi-
vidual predictor is 0.01667 (distinct from the p value threshold of
0.05 used for the overall regression). For the overall model, the
hypotheses are as follows. The null hypothesis is that there is no
correlation between Exam Average and any of the regressors. The
alternate hypothesis is that there exists a significant correlation
between Exam Average and at least one of the regressors. For the
relationship between Exam Average and each individual regressor,
the hypotheses are as follows. The null hypothesis is that there is
no correlation between Exam Average and the predictor variable
(the coefficient of the variable in the regression equation is zero).
The alternate hypothesis is that there is a significant correlation
between Exam Average and the given variable.

7 FINDINGS
7.1 Differences in Time Spent Between Groups

Based on GPA, PPE, and Gender
For all students in the sample, the statistics for Time Spent were as
follows. Mean Time Spent was 8.91 minutes. Median Time Spent
was 8.024 minutes. The minimum Time Spent was 2.99 minutes,
and the maximum was 19.05 minutes. Standard deviation of Time
Spent was 3.48 minutes.

The mean, median, and standard deviation of Time Spent for
each GPA group (Group 0, Group 1, Group 2, Group 3 in Table: 1)
are as follows: [` = 9.27, Mdn = 8.07, 𝜎 = 3.79] minutes for Group
0, [` = 9.35, Mdn = 8.66, 𝜎 = 3.53] minutes for Group 1, [` = 8.48,
Mdn = 7.85, 𝜎 = 3.20] minutes for Group 2, and [` = 9.00, Mdn
= 8.11, 𝜎 = 3.59] minutes for Group 3. The Kruskal-Wallis H
test for differences in Time Spent between GPA groups is not
statistically significant [H(3) = 0.60, p = 0.9276]. As such, we
fail to reject the null hypothesis that Time Spent is uniform across
GPA groups.

The mean, median, and standard deviation of Time Spent for
students with and without PPE are as follows: [` = 8.47, Mdn = 7.53,
𝜎 = 3.48] minutes for students with PPE and [` = 9.34, Mdn = 8.76,
𝜎 = 3.45] minutes for students without PPE. The Mann-Whitney
U test for difference in Time Spent between students with and
without PPE is not statistically significant [U = 1451.5, p =
0.2389]. As such, we fail to reject the null hypothesis that Time
Spent is the same for students with and without PPE.

The mean, median, and standard deviation of Time Spent for
male and female students are as follows: [` = 8.61, Mdn = 7.72, 𝜎
= 3.48] minutes for male students and [` = 9.51, Mdn = 8.85, 𝜎 =
3.44] minutes for female students. The Mann-Whitney U test for
difference in Time Spent between male and female students is
not statistically significant [U = 1290.5, p = 0.2869]. As such,
we fail to reject the null hypothesis that Time Spent is the same
between male and female students.

Altogether, there are no significant differences in Time Spent
between any groups of students based on GPA, PPE, or gender. Thus,
we affirm that past academic performance, prior programming
experience, and gender do not determine how much time a student
usually takes to complete a quiz.

7.2 Differences in Proactive Behavior Index
Between Groups Based on GPA, PPE, and
Gender

For all students in the sample, the statistics for Proactive Behavior
Index were as follows. Mean PBI was 17.63 hours. Median PBI was
11.45 hours. The minimum PBI was 0.19 hours, and the maximum
was 123.33 hours. Standard deviation of PBI was 20.78 hours.

The mean, median, and standard deviation of Proactive Behavior
Index for each GPA group are as follows: [` = 14.64, Mdn = 13.03,
𝜎 = 10.70] hours for Group 0, [` = 9.13, Mdn = 2.35, 𝜎 = 17.03]
hours for Group 1, [` = 14.21, Mdn = 7.35, 𝜎 = 24.45] hours for
Group 2, and [` = 20.03, Mdn = 12.51, 𝜎 = 20.32] hours for Group
3. The Kruskal-Wallis test for differences in PBI between GPA
groups is statistically significant [H(3) = 11.09, p = 0.01126].
As such, we reject the null hypothesis and affirm that PBI differs
between GPA groups. However, after Bonferroni correction was
performed, Dunn’s post-hoc test showed no significant pair-
wise differences between groups (p ≥ 0.05). Therefore, we fail
to reject the null hypothesis that there are no pairwise differences
between groups in the comparison. Given the lack of a statisti-
cally significant result for pairwise differences, the most significant
difference in PBI was between Group 2 and Group 3 (p = 0.01025).

The mean, median, and standard deviation of Proactive Behavior
Index for students with and without PPE are as follows: [` = 20.49,
Mdn = 12.31, 𝜎 = 24.56] hours for students with PPE and [` = 14.88,
Mdn = 10.61, 𝜎 = 16.06] hours for students without PPE. TheMann-
Whitney test for difference in PBI between students with and
without PPE is not statistically significant [U = 1523, p =
0.4033]. As such, we fail to reject the null hypothesis that PBI is
the same between students with and without PPE.

The mean, median, and standard deviation of Proactive Behavior
Index for male and female students are as follows: [` = 20.13, Mdn
= 13.05, 𝜎 = 23.42] hours for male students and [` = 12.57, Mdn =
9.86, 𝜎 = 12.84] hours for female students. The Mann-Whitney
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test for difference in PBI between male and female students is
not statistically significant [U = 1194, p = 0.1119]. As such, we
fail to reject the null hypothesis that PBI is the same between male
and female students.

Overall, the only differences in Proactive Behavior Index are
between GPA groups. However, even this is contentious because
the source of the difference cannot be confirmed. This means that
a student may usually submit their quizzes farther from or closer
to the deadline based on past academic performance. On the other
hand, it is also likely that how early a student tends to submit their
quizzes is not based on any of the factors provided here.

7.3 Differences in Inconsistent Behavior Index
Between Groups Based on GPA, PPE, and
Gender

For all students in the sample, the statistics for Inconsistent Behav-
ior Index were as follows. Mean IBI was 15.41 hours. Median IBI
was 8.70 hours. The minimum IBI was 0.27 hours, and the maximum
was 93.74 hours. Standard deviation of IBI was 19.40 hours.

The mean, median, and standard deviation of Inconsistent Be-
havior Index for each GPA group are as follows: [` = 9.62, Mdn =
7.54, 𝜎 = 6.45] hours for Group 0, [` = 14.40, Mdn = 11.81, 𝜎 = 15.23]
hours for Group 1, [` = 15.98, Mdn = 11.08, 𝜎 = 16.39] hours for
Group 2, and [` = 15.98, Mdn = 8.67, 𝜎 = 20.36] hours for Group 3.
Kruskal-Wallis for differences in IBI is not statistically sig-
nificant [H = 0.26, p = 0.9667]. As such, we fail to reject the null
hypothesis that IBI is uniform across GPA groups.

The mean, median, and standard deviation of Inconsistent Be-
havior Index for students with and without PPE are as follows: [`
= 13.15, Mdn = 7.08, 𝜎 = 16.71] hours for students with PPE and [`
= 17.61, Mdn = 12.46, 𝜎 = 19.79] hours for students without PPE.
Mann-Whitney for difference in IBI between students with
and without PPE is not statistically significant [U = 1461, p
= 0.2583]. As such, we fail to reject the null hypothesis that IBI is
the same between students with and without PPE.

The mean, median, and standard deviation of IBI for male and
female students are as follows: [` = 14.98, Mdn = 7.90, and 𝜎 =
18.78] hours for male students and [` = 16.28, Mdn = 12.45, 𝜎 =
17.83] hours for female students.Mann-Whitney for difference
in IBI between male and female students is not statistically
significant [U = 1446, p = 0.6894]. As such, we fail to reject
the null hypothesis that IBI is the same between male and female
students.

Altogether, there are no differences in Inconsistent Behavior
Index between any groups of students based on GPA, PPE, or gen-
der. Thus, we affirm that past academic performance, prior pro-
gramming experience, and gender do not determine how variant a
student is with respect to when they submit their quizzes.

7.4 Differences in Exam Average Between
Groups Based on GPA, PPE, and Gender

For all students in the sample, the statistics for Exam Average were
as follows. Mean Exam Average was 80.99%. Median Exam Average
was 84.25%. The minimum Exam Average was 36.00%, and the
maximum was 100.00%. Standard deviation of Exam Average was
13.56%.

Figure 8: Exam Average based on GPA groups

Figure 9: Exam Average based on PPE

The mean, median, and standard deviation of Exam Average for
each GPA group are as follows: [` = 72.30, Mdn = 73.20, 𝜎 = 16.84]%
for Group 0, [` = 69.75, Mdn = 74.65, 𝜎 = 17.27]% for Group 1, [` =
75.78, Mdn = 77.50, 𝜎 = 15.35]% for Group 2, and [` = 85.01, Mdn =
86.75, 𝜎 = 10.29]% for Group 3 (Figure 8). We find that between
GPA groups, Kruskal-Wallis for differences in Exam Average
is statistically significant [H(3) = 16.30, p = 0.0009829]. As
such, we reject the null hypothesis and affirm that Exam Average
differs between GPA groups.We also find that Dunn’s test for
difference in Exam Average between Group 2 and Group 3
is statistically significant (p = 0.003871). Therefore, we reject
the null hypothesis and affirm that Exam Average differs between
students in Group 2 and students in Group 3.

The mean, median, and standard deviation of Exam Average for
students with and without PPE are as follows: [` = 84.86, Mdn =
87.50, 10.53]% for students with PPE and [` = 77.26, Mdn = 79.25, 𝜎
= 15.12]% for students without PPE (Figure 9). Mann-Whitney for
difference in ExamAverage between students with andwithout
PPE is statistically significant [U = 1182.5, p = 0.008836]. As
such, we reject the null hypothesis and affirm that Exam Average
differs between students with and without PPE.
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The mean, median, and standard deviation of Exam Average
for male and female students are as follows: [` = 81.26, Mdn =
85.00, 𝜎 = 14.42]% for male students and [` = 80.46, Mdn = 82.00,
𝜎 = 11.76]% for female students. Mann-Whitney for difference
in Exam Average between male and female students is not
statistically significant [U = 1395.5, p = 0.5656]. As such, we
fail to reject the null hypothesis that Exam Average is the same for
male and female students.

Overall, Exam Average differs between students in different GPA
groups and between students with and without PPE. This suggests
that a student’s exam scores may vary based on their prior academic
performance and prior programming experience.

Figure 10: Two-dimensional distribution plots of Exam Aver-
age vs. Time Spent, PBI, and IBI

7.5 Regression of Exam Average Versus Time
Spent, Proactive Behavior Index, and
Inconsistent Behavior Index

Ordinary least-squares multiple linear regression was used to test
if Time Spent, Proactive Behavior Index, and Inconsistent Behavior
Index significantly predict Exam Average. The fitted regression
model is:

𝐸𝑥𝑎𝑚 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 = 0.7752 + 0.03481 ∗ 𝑃𝐵𝐼 − 0.004611 ∗ 𝐼𝐵𝐼
− 0.003713 ∗𝑇𝑖𝑚𝑒 𝑆𝑝𝑒𝑛𝑡

We find that the overall regression is statistically signifi-
cant [R2 = 0.1119, F(3, 114) = 4.79, p = 0.003531]. As such, we
reject the null hypothesis and posit that there exists a significant
correlation between Exam Average and at least one of the regres-
sors. After we performed a Bonferroni correction, we analyzed
individual interactions. There is a statistically significant rela-
tionship between Exam Average and Proactive Behavior Index
(𝛽 = 0.03481, p = 0.01227). Therefore, we reject the null hypothesis
and affirm that PBI at least partially predicts Exam Average.

There is not a statistically significant relationship between
Exam Average and Time Spent (𝛽 = -0.003713, p = 0.2928). As
such, we fail to reject the null hypothesis that the coefficient for
Time Spent in the regression equation is zero.

Similarly, there is no statistically significant relationship
between Exam Average and Inconsistent Behavior Index (𝛽 =
-0.004611, p = 0.7345). Thus, we fail to reject the null hypothesis
that the coefficient for IBI in the regression equation is zero.

The overall regression model suggests some interplay between
Exam Average and Time Spent, Proactive Behavior Index, and In-
consistent Behavior Index. This interplay accounts for 11.19% of
the variance in Exam Average. However, with further tests it is
indicated that the only significant predictor of Exam Average is
Proactive Behavior Index, with a positive coefficient in the regres-
sion equation. This means that as the usual time remaining between
quiz submission and the corresponding deadline increases, a stu-
dent’s performance in the course tends to increase. We also find
that the amount of time a student usually spends completing a quiz
and the variance in a student’s quiz submission times do not affect
their performance in the course.

8 DISCUSSION
From these findings we observe that broadly, there are no statisti-
cally significant differences in Time Spent, Proactive Behavior Index,
and Inconsistent Behavior Index based on GPA, prior programming
experience, and gender. This implies that students’ decision to do
a quiz at a particular time is independent of their GPA, PPE, and
gender. Their behavioral engagement with these quizzes might be
a function of some other unknown factors. The fact that this aligns
with the findings of some of the prior studies [23] confirms that
finding correlational factors with students’ decision on when to do
a particular activity needs further investigation and research. The
findings also indicate that there are statistically significant differ-
ences in Exam Averages based on PPE and GPA which is again a
confirmation of the prior findings [38].
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Additionally, the results of multiple regression indicate that quiz
submission times (calculated as PBI) affect the exam average, im-
plying that earlier submission times correlate with higher exam
averages. This also aligns with earlier findings [14, 34] that earlier
submission times affects students’ performance.

In formal course settings, instructors can optimize students’
learning by influencing their experience and behavior based on
instruction and course policies. We believe that given how much
impact students’ behavior has on students’ performance, CS ed-
ucators should focus more on coming up with interventions that
impact student behavior in all respects. At the end, students’ behav-
ior (both cognitive and habitual) is what has the potential to impact
their learning [6]. We can’t directly impact or change a student’s
demographic factors, socio-economic status, self-efficacy, or innate
potential for better outcomes. But what we can influence is their
behavioral approaches (time based engagement being one of them)
by providing adequate scaffolding, effective tools, practice with
effective feedback and course policies that help them succeed. How-
ever, one thing which requires further investigation and research
is factors that affect student behavior. The current findings sug-
gest that GPA, PPE and gender do not affect their quiz submission
time in flipped CS1 class and it requires further analysis based on a
combination of these and other factors.

9 THREATS TO VALIDITY AND LIMITATIONS
The current analysis explores the group-based differences in sub-
mission times of quizzes that are due prior to the class every week.
Students’ quiz submission times can be a function of varied work
load, academic motivation, individual priorities, and other factors
that are different from the ones used to understand the group-based
differences. Additionally, students may opt to watch the weekly
video lecture earlier and submit the quiz later, or even submit the
quiz without watching the videos as they have two attempts avail-
able. This brings up additional complexities in understanding what
influences their decision to submit a quiz at a particular time. More-
over, the data of 118 students were analyzed for the current study
and when these are divided into multiple groups, the number of
students may not be sufficient especially when there are more than
two groups. Also, the current data is collected from a CS1 course
that is tailored towards engineering students. That may or may
not generalize with other other CS1 courses, especially with CS
students. These all are limitations of the current analysis.

10 CONCLUSION AND FUTUREWORK
As the use of flipped class pedagogy increases in CS courses, and
as more students with mixed abilities and varied prior program-
ming experience enroll in these courses, it is valuable to understand
how behavioral factors related to study habits affect students’ per-
formance. An instructor’s ability to better understand students’
approaches to flipped CS courses lays a foundation for designing
more informed and effective instruction. The analysis presented
in the paper makes the following three contributions: firstly, it
finds no significant differences in students’ behavioral engagement
based on gender, GPA or prior programming experience; secondly,
it confirms differences in students’ exam averages based on PPE
and GPA; thirdly, it finds that quiz submission time is significantly

correlated with students performance, indicating that students who
submitted quizzes earlier had higher exam averages. These findings
suggest that while behavior does impact performance, further re-
search is required in order to understand the potential correlational
and causal factors that influence students’ behavior.

For future work, a combination of gender, PPE and GPA can be
used to model and predict behavior as they might not have indi-
vidual differences but may have interaction effect to understand
variations in student behavior. This can be accompanied by a quali-
tative analysis that explores how students decide when to watch
videos and complete quizzes. Another possibility is to study other
types on behaviors described by Loras et al. [25], their group dif-
ferences and their impact on learning to identify most influential
behavioral factors that affect learning outcomes.
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