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ABSTRACT
As enrollments in CS1 courses continue to rise, it has become es-
sential for CS educators to support students with varying learning
needs and prior programming experiences. Many experts have
pointed to the use of mastery-based learning (MBL), which allows
students to develop proficiency by engaging in formative practice
problems at their own pace. However, less is known about the char-
acteristics of students who use and benefit from such an approach.
CS educators need strong evidence for whether formative practice
helps to increase aggregate learning outcomes, especially among
students who could gain the most from MBL. In this paper, we
are interested in exploring the characteristics of students who en-
gage with formative learning opportunities. We analyze data from
118 students enrolled in a CS1 course who were provided with
weekly optional practice quizzes that contained multiple-choice
and free-response questions. We used logistic regression to ana-
lyze who actually attempted these optional quizzes and found that
while gender was not significant, students who do not have prior
programming experience (PPE) were more likely to use optional
practice than those with PPE. We also conducted a nonparametric
two-sample analysis and found that students without PPE engage
with optional practice questions to a higher level than students
with PPE. Our findings explore the factors that may underpin stu-
dents’ agency and their academic behavior and performance. These
results can inform educators on how to scaffold students’ learning
trajectories by accounting for expected group-based behavioral
patterns while utilizing MBL in large CS1 courses.

CCS CONCEPTS
• Social and professional topics → Computational thinking; Stu-
dent assessment; CS1; Model curricula.
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1 INTRODUCTION AND MOTIVATION
As the number of students with mixed abilities and varied prior
programming experiences continues to grow in large CS classes,
CS educators need to identify effective pedagogical strategies to
address the learning needs of these students [7, 8, 33]. Various
approaches like pair programming, peer instruction, and process-
oriented guided inquiry learning (POGIL) have been found to be
effective in improving student engagement and learning outcomes
[6, 27, 30, 39]. However, some of them are difficult to implement in
larger classes taught in a traditional lecture-based format. Mastery-
based learning (MBL) [4], an approach that emphasizes developing
proper understanding and fluency of a concept through a formative
process, has been gaining more attention in CS education [19, 20,
28].

MBL leverages a pedagogical approach that facilitates self-paced
learning through frequent testing with adequate scaffolding and
feedback [25]. This method is most commonly implemented with
quizzes that help students evaluate whether they are applying
course concepts correctly [9]. As students test themselves on vari-
ous skills, they can also identify their misconceptions and correct
them at their own pace, which is not possible in the traditional
lecture-based format. While the benefits of using MBL are well
known in other disciplines [25], its implementation and effective-
ness are just beginning to be studied in the field of CS education
[20, 21]. Since learning to program consists of developing fluency
with syntax, semantics, and schemas, the time constraint of a lec-
ture may not allow an instructor to discuss a topic comprehensively.
In such a context, an MBL approach might be a solution to pro-
vide students with opportunities to explore and test themselves on
various topics to achieve their desired level of competency [5].

While many researchers have studied the affordances of varia-
tional and frequent practice, who engages with it and why remains
underexplored. In the case of MBL, especially in the context of
large CS classrooms where students can choose to what extent
they engage with optional practice questions (OPQ), self-motivated
participation may be determined by the estimation of their own
learning needs and priorities. In such a setting, it is important to
investigate who actually voluntarily engages with OPQ to identify
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the differences in learners’ characteristics based on their behavior
and agency. Here ’who’ can be classified at many levels based on
an individual’s learning behavior and intrinsic characteristics like
motivation and self-efficacy. However, to the best of our knowl-
edge, no significant study has been conducted on understanding
student-group differences based on the use of optional practice
problems. This paper attempts to address this gap by analyzing the
use of optional formative assessment based on gender and prior
programming experience (PPE). We use gender and PPE because
they are the factors that have been extensively shown to influence
student approaches and performance in CS courses [13, 31, 36]. The
results of such an analysis can inform the design of instructional
interventions that account for diverse learning behavior patterns.

2 BACKGROUND
Learning by doing or the “doer effect" has long been studied in the
learning sciences and learning analytics communities to identify
the relationship between the tasks a learner is undertaking and their
level of retention and understanding [22]. Koedinger et al. found
that in the context of MOOCs, "students doing more activities learn
more than students watching more videos or reading more pages", and
doing extra activities is effective by a factor of 6 times more than
that of extra watching or reading [23]. In another follow-up analysis
across four different courses with 12,500 students, they found a
positive association between students’ engagement with doing
extra activities and their learning [24]. To understand the effects of
variational practice on students’ learning outcomes, Carvalho et
al. conducted a study of 1000 students and found that practicing
different activities helped improve learning in self-regulated online
environments [10]. These studies seem to indicate a relationship
between students’ engagement with active learning components
and their comprehension.

Topics like growth mindset, grading for equity, specifications
grading, and MBL have been of growing interest to the SIGCSE
community [19, 37]. As educators try to address the issue of high
failure rates in programming courses [34] and identify ways to
address learner needs, an approach that integrates variational and
frequent practice opportunities can help students, as it does not
penalize them and provides them with immediate feedback[19]. In
CS, instructors can make optional practice problems available ei-
ther with the use of learning management systems (LMSs) or other
tools like CodeWorkout1 or CodingBat2. Estey et al. developed an
online tool, BitFit, to support the voluntary practice of program-
ming questions and found that 81% students chose to do at least
one question out of over 80 questions available for different topics
in a CS1 course [17]. Edwards et al. studied the effect of voluntary
practice of short programming exercises on students’ performance
and, after controlling for ability, found that it improved students’
performance in the exams [14]. However, a limitation of this analy-
sis was not accounting for the effect of individual traits that might
have affected students’ decision to participate in voluntary practice.

Like these studies, many researchers have analyzed either how
many students engage with voluntary practice or the impact of
voluntary practice on students’ performance [16, 32, 38]. But none,

1https://codeworkout.cs.vt.edu/
2https://codingbat.com/java

to the best of our knowledge, have explicitly studied the character-
istics that explain or predict a student’s decision to engage with
practice problems in CS education. To understand what resources
can help students, we must explore group differences in who is
more likely to use them and why. Are the students who have PPE
more likely to benefit because they have already achieved some
level of mastery and are motivated to level up? Or are the students
with no PPE more motivated to practice to improve their skills?
Also, does its use vary based on gender?

We believe that answers to such questionswill help to understand
students’ motivation better and categorize students based on their
characteristics that can be accounted for when addressing students’
learning requirements in large programming courses.

3 THEORETICAL FRAMEWORK
Educational and psychological researchers have used various the-
oretical frameworks to study students’ motivation. Some popular
frameworks are Bandura’s Social Cognitive Theory (SCT) which
is based on an individual’s self-efficacy, and outcome expectancy
[2, 3], and Expectancy Value Theory (EVT) which links a student’s
expectancy for success at a task to the value of task completion or
goal attainment [35].

Deci & Ryan’s Self-Determination Theory (SDT) explains
motivation in the context of an individual’s ability to make their
own choice [12]. Motivation is a complex construct that can be
influenced by intrinsic and extrinsic factors. According to self-
determination theory [11], people need:

• Autonomy: Feel in control of their own behaviors and goals.
This sense of being able to take direct action that will result
in real change plays a major part in helping people feel self-
determined.

• Competency: Gain mastery of tasks and learn different skills.
When people feel that they have the skills needed for success,
they are more likely to take actions that will help them
achieve their goals.

• Connection or relatedness: Experience a sense of belonging
and attachment to other people.

While many of these theories overlap in their scopes, we guide
our analysis based on the Self-Determination Theory. We use SDT
as a theoretical framework because we intend to evaluate factors
that influence students’ decision-making in a context where they
are not expected to perform a task but can potentially benefit from
it by advancing their learning. The use of optional practice is linked
to one’s decision and serves as a proxy for their agency based on
their sense of autonomy and competence. Given that the optional
practice will help students understand and develop mastery of CS
concepts, SDT explains the agentic underpinnings of their behavior.

4 RESEARCH QUESTION
With respect to prior work and self-determination theory’s appli-
cability in understanding how students make decisions, we are
interested in exploring student group-based decisions to attempt
optional practice questions. Thus, in the context of a CS1 course
for engineering students, we are interested in analyzing: who uses
the optional practice questions (OPQ) based on gender and
prior programming experience?
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5 COURSE CONTEXT
The data used in this study comes from a two-credit introductory
programming course for engineering students that was taught in
MATLAB at an R1 university in the US in spring-2021. This course
had three sections, all offering an in-person class subsection (capped
at 10 students for social distancing purposes) and a larger online
class subsection. Each of the three main sections contained around
40 students, and most students registered to be in-person still opted
to attend the class virtually.

Since the course style used the flipped classroommodel, students
were expected to both watch module lectures and complete the
pertinent weekly graded quiz before class. These graded quizzes
were separate from the optional practice quizzes available to them.
Class time was reserved for reviewing the content taught in the
video lectures, as well as to complete an in-class activity with the
instructor and peers. Students worked on the module homework
assignments outside class, which were due at the end of the week.

The key programming concepts covered in the modules included
input/output, conditionals, while/for loops, vectors, strings, images,
and functions. The course was divided into 14 modules with eight
programming-related homework assignments and two exams (a
midterm and a final). The last assignment was a cumulative final
project.

5.1 Optional Practice Questions (OPQ)
In addition to the regularly required assignments, students were
provided with ten optional practice quizzes, which were opened
on a weekly basis but were not counted towards their final grades.
Once released, students had the choice to practice these quizzes
at any time afterward. Every module had 20 questions that were
a combination of multiple choice (MCQs) and free response ques-
tions (FRQs). These questions were provided through an online
web application developed at the institution where this study was
conducted. Oftentimes, students in a CS1 course do not master con-
cepts related to syntax and semantics unless they practice and test
themselves through various versions of a problem [26, 29]. Thus,
this application was designed to provide optional opportunities
for repetitive practice on nuanced aspects of a topic that could
otherwise generate misconceptions. Most FRQs support output pre-
diction (Figure 1) and code tracing problems, while a large portion
of MCQs test general understanding.

In these optional quizzes, students get randomized questions one
by one. Before moving from one problem to another, students click
the ‘Check’ button and receive immediate but high-level feedback.
If answered correctly, 5% proficiency points are added (since there
are 20 questions in each module) to their total proficiency score for
that quiz. Otherwise, the system indicates that the question was
answered incorrectly and advances to another randomly selected
question. After a few new questions are answered, they can reat-
tempt the same question answered incorrectly earlier. In this way,
students are not penalized, and they always have the opportunity
to practice the questions they initially got incorrect.

The availability of this tool and how to use it was explained both
in class and through an email that had instructions on how to use
it.

6 DEMOGRAPHICS
There were 121 students across the three sections of the introduc-
tory programming course. Due to missing information, three stu-
dents were excluded from the data set, resulting in a sample size of
118 students. 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%). A total of 60 students (51%) had no prior
programming experience, while 58 students (49%) had some form
of prior programming experience (PPE). There were 79 (67%) male
students and 39 (33%) female students. Academic year-wise, 72 stu-
dents (61%) were in the first year of their undergraduate 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.

Q. What will be the output of the following code?

1 clc; clear;
2
3 for ii = 3:3:7
4 jj = ii;
5 while jj < 5
6 jj = jj + 1;
7 continue;
8 fprintf('%g', jj);
9 end
10 jj = jj + 2;
11 break;
12 end
13
14 fprintf('%g', jj)

Correct Answer: 7

Figure 1: Sample free-response question from Module 5

7 METHODOLOGY
Data on students’ gender, prior programming experience, and major
were collected via an introductory survey during the first week
of the course. Data on students’ attempts on the optional practice
quizzes were retrieved via the web application through which the
quizzes were made available to the students. A post-course survey
was also given to the students where they were asked about their
participation in optional practice quizzes. This study was approved
by the university’s Institutional Review Board (IRB). 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.

We used methods applicable to categorical data to conduct our
analysis. We coded female students as 0, male students as 1, students
without prior programming experience (PPE) as 0, and with PPE as
1.

For our analysis, we also coded the use of optional practice
quizzes (Usage) as a binary variable that categorizes every individ-
ual student as either a user or not of OPQ. This categorization does
not take into account the extent to which they practiced, so any stu-
dent who engaged and submitted even one question is considered a
user. We chose to code Usage as such because we are interested in
studying student agency based on the theory of self-determination,
which studies the effects of autonomy and the need for compe-
tency as sources for deciding whether to perform an action. The
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Table 1: Number of students who used OPQ based on gender
and PPE

OPQ Usage = 0 OPQ Usage = 1 Total

Females without PPE 14 11 25
Females with PPE 8 6 14
Males without PPE 18 17 35
Males with PPE 35 9 44

Total 75 43 118

act of creating an account and engaging with even one question is
a proxy that differentiates a student from one who never opens the
application. Additionally, students’ continued engagement and the
extent of it may vary based not only on a number of internal and
external factors but also on the tool which they are provided with.
Thus the extent of engagement can be a function of the design and
effectiveness of the tool, which is difficult to discern when studying
group-based agentic decisions. Our main focus is on understanding
which student group based on gender and PPE takes an action to
access and engage with OPQ.

Thus, due to the parametrization of our dependent variables, we
used logistic regression models, also known as generalized linear
models (GLMs), to understand what factors influence a student to
engage with optional practice quizzes.

We use Alan Agresti’s An Introduction to Categorical Data Anal-
ysis as our primary reference to conduct logistic regression analysis
[1]. We also used Excel and R to organize our data and conduct
relevant statistical tests.

8 ANALYSIS & RESULTS
Out of a total of 118, 43 students (36.4%) chose to engage with
optional practice questions, of which 17 were female and 26 were
male; 28 students who used OPQ had no PPE, and 15 did have PPE.
A summary of the data we collected has been provided in Table 1.

The general overview of the data of active users from all 10 rele-
vant module quizzes is provided in Table 2. The entries in Min, Max,
Median and Avg columns in Table 2 refer to the number of questions
attempted. Since students were allowed repeated attempts with no
limits, values higher than 20 indicate that there were reattempts of
the questions.

The following Figure 2 shows the proportion of students that
attempted individual quizzes based on their subgroups determined
by gender and PPE.

Our logistic regression models are of the form 𝑙𝑜𝑔

(
𝑃 (𝑈𝑠𝑎𝑔𝑒=1)
𝑃 (𝑈𝑠𝑎𝑔𝑒=0)

)
i.e. the dependent variable is the natural log of the odds that a
student uses OPQ given some combination of Gender and PPE.
(Notice that it is a common statistical practice to interchange ln
and log.) We fit four different models using Gender, PPE, and a
combination of these parameters as indicator variables to explain
the odds of interacting with OPQ and use both Akaike Information
Criteria (AIC) and Bayesian Information Criteria (BIC) values to
select the best model, which are given in Table 3. If a coefficient is
statistically significant at an alpha level of .05, we indicate it with *
and include its p-value in the third column.

Figure 2: Proportion of students attempting the quizzes rela-
tive to their respective group population

Table 2: Number of attempts and the number of students who
used OPQ for a particular module quiz

Module# Topic #Users Min(>0) Max Median Avg

2 input/output 21 10 45 28 26.04
3 conditionals 16 7 44 27 24.43
4 while loop 16 5 43 21.5 22.87
5 for loop 15 4 54 19 21.4
6 series-patterns 20 1 77 15.5 19.25
7 Exam-1
8 vectors 34 3 83 19.5 22.82
9 strings 32 3 35 18 18.25
10 images 33 3 38 22 21.09
11 thresholding 27 1 35 23 19.92
12 matrices 24 1 34 12.5 14
13 Exam-2

Does the use of OPQ vary based on Gender or Prior Program-
ming Experience (PPE)?

Based on the results presented in Table 3, we find that the second
model where PPE explains the odds that a student uses OPQ has the
smallest (i.e., the best) AIC and BIC values and a significant coeffi-

cient, so we select 𝑙𝑜𝑔
(
𝑃 (𝑈𝑠𝑎𝑔𝑒=1)
𝑃 (𝑈𝑠𝑎𝑔𝑒=0)

)
= −.1335− .9196×1{𝑃𝑃𝐸=1} as

our best model of the four we fit. However, since AIC and BIC serve
as criteria to compare models to each other but do not inherently
tell us whether the model is actually a good fit for our data, we
must perform a series of tests to check the validity of our model.
We first conduct a chi-square test of independence to first check
whether PPE and Usage are associated. We see that our chi-square
test statistic is 5.5113 with 1 degree of freedom, resulting in a p-
value of .01889. At an alpha level of .05, we conclude that PPE
and Usage are not independent.

We also conduct a likelihood ratio test, which compares our
chosen model to one including only the intercept term to check
if our model with PPE performs better than a model with only an
intercept. The likelihood ratio test provides a similar chi-square of
5.5777 on 1 degree of freedom (since the difference between the
number of parameters in our model and the intercept-only model
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Table 3: Comparison of models based on logistic regression

Model Maximum Likelihood Estimate of Model Significant Coefficient(s) &
corresponding p-value(s)

AIC Value BIC Value

1 .2578 − .4544 × 1{𝐺𝑒𝑛𝑑𝑒𝑟=1} None 157.5235 163.0649
2 −.1335 − .9196 × 1{𝑃𝑃𝐸=1}∗ PPE, p-value = .0202 153.2175 158.758
3 .04005 − .29866 × 1{𝐺𝑒𝑛𝑑𝑒𝑟=1} − .87050 × 1{𝑃𝑃𝐸=1}∗ PPE, p-value = .0304 154.7041 163.0162
4 −.24116 + .184 × 1{𝐺𝑒𝑛𝑑𝑒𝑟=1} − .04652 × 1{𝑃𝑃𝐸=1} −

1.125445 × 1{𝐺𝑒𝑛𝑑𝑒𝑟 :𝑃𝑃𝐸}

None 154.4939 165.5767

is 1) with a p-value of .01819. Again at an alpha level of .05, we
conclude that our model with PPE as a parameter performs
better than a model with only an intercept.

We then look at the receiver operating characteristic (ROC) curve
and its area under the curve (AUC) to gauge the performance of
our model. In the ROC curve shown in Figure 3, sensitivity (true
positive rate) is on the x-axis, and the complement of specificity
(true negative rate) is on the y-axis, where the y = x or 45-degree
line indicated by a dotted blue line represents random guessing of
values of the response variable.

Figure 3: ROC Curve for the model

The AUC is .6122481( > .50), which indicates that including PPE
as a parameter in our model does better than random guessing,
i.e., if we had no information about a student’s prior programming
experience.

Lastly, to confirm if PPE is sufficient in explaining the usage
of OPQ, we conduct a chi-square goodness of fit test. The null
hypothesis is that our current model is sufficient and no more
complex models (i.e., additional parameters) are necessary. We get
a test statistic of 2.161 on 2 degrees of freedom. The associated
p-value is .2562062, which is greater than our alpha level of .05, so
we do not reject the null hypothesis. This implies that including
PPE as the sole factor is sufficient to explain the use of OPQ.

The results from the chi-square tests of association and goodness
of fit along with those validating our model’s performance, indicate
that PPE plays a predictive role in determining the use of
OPQ.

Recall that our model is:

𝑙𝑜𝑔

(
𝑃 (𝑈𝑠𝑎𝑔𝑒=1)
𝑃 (𝑈𝑠𝑎𝑔𝑒=0)

)
= −.1335 − .9196 × 1{𝑃𝑃𝐸=1}

This means that when a student has prior programming experi-
ence, the log odds of that student using OPQ decreases by 0.9196 .
Equivalently, the odds of a student using OPQ changes by a mul-
tiplicative effect, namely e-̂0.9196 = .399 when a student has PPE.
Based on our model, we can conclude that students without
prior programming experience are more likely to use optional
practice quizzes than their experienced counterparts, regard-
less of gender .

Further analysis on the effect of PPE on students’ usage of
OPQ when accounting for the number of attempts (level of
engagement):

The results from our logistic regression analysis indicate that
students without PPE are more likely to use OPQ. Because we
coded Usage as a binary variable, we constructed an engagement
metric where students’ attempts in a module are normalized to
be between 0 and 1 (for all the students), and the average of their
engagement values across modules is taken to be the new metric.
Students may practice the 20 questions in a given module multiple
times, perhaps in the same attempt or from using the questions
during the pertinent week and around exam time for review. We
recognize that normalization (and hence, our engagement scores)
are relative since a student who practices the same 20 questions
in a module multiple times is given a higher score than a student
who only completes the 20 questions once. However, while we are
accounting for a more holistic view of their engagement, we also
note the merit in distinguishing between these students, as a higher
level of engagement or repetitive practicing of a question may serve
as a more accurate indicator of a student’s learning behavior.

Since the data were highly right–skewed, we use the nonpara-
metric alternative to the two-sample t-test, the Unpaired Wilcoxon
Rank Sum test (also known as the Mann-Whitney U test) to check
whether the level of engagement is also significant. At an alpha-
level of .05, we have strong evidence (W = 2160, p-value = .004)
that students without prior programming experience have
higher engagement metric scores than students with PPE,
which is consistent with the interpretation of the coefficients in our
logistic regression model.

9 DISCUSSION
There are many factors that can influence both a student’s approach
towards a CS1 course, and their academic success [15]. While re-
searchers have benchmarked students’ performance to evaluate
effective instructional strategies and to identify factors that influ-
ence performance, less is known about the motivational underpin-
nings that prompt a student to engage in an activity. The growing
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complexity related to course logistics in a formal setting and ac-
counting for differences in students’ abilities poses a challenge for
CS educators. One way to address this issue is to identify strate-
gies that are effective for student subgroups of the course. In order
to successfully identify such strategies, we need to analyze the
learning behaviors of these subgroup populations. In our study, we
explore the use of providing optional practice opportunities to stu-
dents based on gender and PPE, as they have been widely studied
in CS-Ed [13, 31, 36]. We find that PPE has a strong relationship
with the use of OPQ. Students without PPE are almost twice as
probable to use OPQ than students with PPE. This suggests that
CS educators can expect that students with no PPE will likely take
advantage of an intervention that they can potentially benefit from.
Whether such practice is effective in improving learning outcomes
is a contextual question that depends on many factors, especially
related to the type of practice being made available, the feedback,
the accessibility of the tool, and how the students are examined
[14, 17, 32, 38].

To further contextualize our analysis, we wanted to know stu-
dents’ reasons for not engaging with the OPQ. Responses to a
survey were collected at the end of the course, which had questions
on the use of OPQ. Out of the 106 responses collected, 68 indicated
that they did not use OPQ. When asked about the reasons for not
attempting the OPQ through a multiple choice, multiple select ques-
tion, 38 (55%) selected the option that indicated they were doing
well in the course and didn’t need it, 34 (50%) selected the option
that indicated they didn’t have the time, 22 (33%) indicated that it
was extra overhead to create an account on the website where the
OPQ was housed and attempt it there. Two students also indicated
that they didn’t know that it was available to them.

To understand students’ experience of using OPQ, they were
asked to describe their experience in the same post-course sur-
vey. On analyzing students’ responses qualitatively, we found that
students discussed various benefits and downsides to the OPQ.
Following is a related quote from a student:

“Using [OPQ] was very helpful prior to the exam to
prepare for them. I did not do the quizzes weekly; I just
used them to prepare for the exams.”

Another cluster of students’ responses was on the effectiveness
of OPQ and how it helped them to improve understanding or to
identify misconceptions. The following are some example quotes:

“Since [they were] optional and carried no test weight
i was less nervous to make mistakes and i could focus
on learning and understanding instead of trying to only
get the right answer. They are a great study tool.”

“..they helped me tremendously in clearing up con-
fusion on syntax. I took these quizzes until I got 100%
proficiency because all of the different cases made me
build up a better understanding.”

Some students also expressed their dissatisfaction because of the
lack of adequate feedback, which might have affected their extent
of engagement with OPQ. The following is an example quote:

“I did not like the [OPQ] very much due to a single
reason: upon getting the answer wrong, I would not get

an explanation for the correct answer right away, leav-
ing me wondering and not learning from my mistakes.
I feel like practice quizzes are a great idea but I would
like to see the answer immediately after the question
while it is still fresh in my head.”

Feedback like this gives us insights on potential improvements
to improve students’ learning experience. While there can be many
factors that determine a student’s decision to attempt optional prac-
tice questions, knowing that students with no prior programming
are more probable to use it provides an opportunity for educators
to adapt their course design in learning environments in a manner
that can help all students.

10 LIMITATIONS AND THREATS TO VALIDITY
For our analysis, the data was collected from a CS1 course for
engineering students. Motivation in a CS1 course may differ for
students who are non-CS majors as compared to those who are CS
majors, and thus may require a different instructional approach
[18]. Thus, this may limit the generalizability of our results to other
CS1 courses. Another limitation is the use of binary coding for the
use of OPQ in our analysis while conducting logistic regression.
It is possible that taking into account the extent of engagement
may give different results. However, this decision was informed
by our research question, which focused on understanding who
used the OPQ. In our analysis, we do not take factors like initial
performance in the course (Exam-1 score) or other individual traits
that can influence their use of OPQ and, thus, limits the validity
of our results. Finally, the study assumes that all students were
aware of the instructions to access the tool; it is possible that some
students may have had technical issues in using it.

11 CONCLUSION & FUTUREWORK
In a CS1 course for engineering students, this paper studies who
uses the optional practice questions. Out of a sample of 118 students,
we analyze the use of OPQ based on gender and prior programming
experience. Results from logistic regression suggest that students
who do not have PPE are more likely to use OPQ than students who
have PPE. While there have been other studies that have analyzed
the effect of voluntary practice on students’ performance, these
results are the first in examining students’ group-based decisions
to use OPQ. As CS educators and researchers evaluate different
pedagogical interventions to support diverse learning needs, know-
ing that the learning behavior of student subgroups can help in
providing them with tailored resources.

The next step in this stream of analysis is to further consider an
individual’s prior academic standing (using GPA). It may be possible
that students who choose to do OPQ are high-performing students,
so taking into account intrinsic ability may provide additional in-
sight into who does OPQ. Given that exam-1 score may impact a
student’s decision to use OPQ, another potential analysis can be
conducted to see if the use of OPQ changes after exam-1. Another
follow-up analysis is to study the group-based impact of the use
of OPQ on students’ performance. The results of the current study
suggest that students without PPE engage with OPQ. We would
like to explore whether extra practice helps them as compared to
other groups in their learning performance.
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