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ABSTRACT
For the past ten years, computer science instructors have adopted
Process Oriented Guided Inquiry Learning (POGIL). Other STEM
disciplines have shown conclusively that POGIL impacts student
learning and knowledge retention. However, most research about
POGIL in computer science has focused on perceptions and ex-
periences, not learning outcomes. In this study, we examined the
influence of POGIL on student learning in CS1. We collected data
from all sections of CS1 at the same institution. Four of the faculty
implemented POGIL, and three taught with other active methods.
The learning data included pre and post assessments, midterm
and final exams, and a retention test at the beginning of the next
course. Students also completed three surveys about their prior
programming experience, sense of belonging, and perceptions of
teamwork. We used multiple regression to analyze the relationship
between the survey data and learning outcomes. Our results show
that students in the POGIL sections outperformed students in the
other sections. POGIL students scored higher on the post-test, and a
higher proportion of themmet the grade requirement to progress to
the next course. After the five-week winter break, POGIL students
had higher and more consistent scores on the retention test. These
results provide evidence that POGIL can be very effective as an
instructional technique in computer science.

CCS CONCEPTS
• Social and professional topics → Computer science educa-
tion; CS1; • Applied computing → Collaborative learning.
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1 INTRODUCTION
POGIL is a research-based instructional strategy that is becoming
increasingly common in computer science. When implementing
POGIL, instructors organize their classes into self-managed teams
of 3–4 students [12]. The teams work through activities designed
to guide them to construct their own understanding of key con-
cepts. In addition, students practice important process skills such as
communication, teamwork, critical thinking, and problem solving.
The instructor (or teaching assistant) is not a lecturer or a passive
observer but an active facilitator. They observe teams as they work,
help address problems that arise, and lead occasional discussions
among teams. Typically, teams work during scheduled class time,
although POGIL can be adapted for synchronous and asynchronous
online environments.

A POGIL activity generally consists of a set of models followed by
questions. Each model represents a key concept and can take many
forms—a graph or table of data, a diagram, source code, or a series of
examples. They are accessible to students with no prior knowledge
of the concepts, and they often include elements to compare or
contrast. Questions in a POGIL activity follow an explore-invent-
apply learning cycle [8]. The first few questions prompt teams to
explore the model and notice key elements or differences. Later
questions prompt them to invent their own understanding of the
concept, often in their own words. Final questions prompt them to
apply the concept in a different context.

For example, in a POGIL activity for CS1, the model might be a
short program with sample output. Explore questions might direct
student attention to new syntax, important variables, or statements.
Invent questions might prompt students to explain how the new
syntax works or the effects of changing the order of the statements.
Apply questions might prompt students to predict the output of a
different program or to write a short program using the concept
they just learned. Sample activities for a variety of computer science
courses are available at cspogil.org. For more information about
implementing POGIL, see pogil.org and a recent book [16].

POGIL has been shown to increase student outcomes in chem-
istry, biology, and other fields. However, little research on student
learning outcomes has been conducted about POGIL in computer
science. Recent work in computer science considered the impact
of POGIL on student perceptions of teamwork [20] and sense of
belonging [13]. However, these studies did not consider the impact
of teamwork or belonging on learning outcomes. We therefore set
out to answer the following research questions:
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(1) What impact does the use of POGIL have on student learning
outcomes in CS1?

(2) What impact does the use of POGIL have on students’ reten-
tion of CS1 knowledge?

(3) How does POGIL influence students’ sense of belonging?
(4) How do perceptions of teamwork and sense of belonging

influence learning outcomes?

To answer these questions, we conducted a year-long study at
James Madison University (JMU), a public university in the United
States. JMU is teaching-oriented and has about 20,000 undergrad-
uate students, 650 CS majors, and 20 CS faculty. We chose JMU
because it has many sections of CS1 taught by multiple faculty each
term. In addition, one of the authors is at the university, making it
easier to get IRB approval and collect reliable data. (This author did
not teach CS1 during the study.) During the 2019–2020 academic
year, nearly every student who took CS1 consented to participate
in our study. We surveyed and assessed the students at multiple
points in the semester, and we collected their exam scores.

Our study produced two main results. First, students in POGIL
sections outperformed students in other sections, both during CS1
and at the beginning of the next course. Second, sense of belonging
increased for students in POGIL sections and decreased for stu-
dents in other sections. We analyzed relationships between prior
programming experience, perceptions of teamwork, sense of be-
longing, and learning outcomes. Our analysis shows that teamwork
and belonging had about as much influence on final exam scores as
prior programming experience. This work demonstrates that POGIL
can be an effective technique for students to learn CS concepts and
increase their sense of belonging in CS.

2 RELATEDWORK
Numerous studies have explored how POGIL affects student per-
ceptions, content learning, and skill development. For example, a
meta-analysis of 21 studies involving 7,876 students found that
POGIL had a small effect (effect size=0.29) on achievement out-
comes and substantially improved the odds of passing a course
(odds ratio=2.02) [18]. A more recent literature review examined 43
studies reporting academic performance or survey results involving
POGIL [11]. Our work contributes to this body of literature by estab-
lishing new results in computer science. The following paragraphs
summarize research on POGIL most related to our study.

The seminal paper on POGIL and student learning was published
over twenty years ago [4]. At a liberal arts college, the year-long
general chemistry course was taught in sections of roughly 25 stu-
dents. In fall 1994, the instructors switched from a more traditional
format to POGIL. Comparing final course grades in years before
(1990–1994) and after (1994–1997) the switch, the percentage of
unsuccessful students (earning grades of D, W, or F) decreased from
21.9% to 9.6%. In our study, we did not compare grade distributions
before and after the instructors switched to POGIL, because they
adopted POGIL in different years. However, we did compare success
rates between the POGIL and other sections of CS1.

Ourwork ismost similar to a study in organic chemistry at a large
urban university about fifteen years ago [15]. The first semester
organic chemistry course was taught in sections of roughly 100
students. In Fall 2003, one instructor switched from a traditional

lecture format to POGIL. The location, time, textbook, and test
formats remained the same. Class averages with POGIL (in 2003
and 2004) were around 10% higher than with lecture (in 2002),
and POGIL students had higher scores on a common final exam.
In Spring 2004 and 2005, the second semester organic chemistry
course started with an assessment quiz on content from the first
semester. Students from POGIL sections scored 25-30% higher on
the quiz, even when a non-POGIL instructor wrote the quiz. Our
study replicated this latter result in computer science using an
assessment quiz at the beginning of the second semester course.

Early work on POGIL in computer science included experience
reports and descriptions of courses and activities (e.g., [2, 3, 10, 17]).
Later studies considered student pass rates, student perceptions,
and instructor perceptions. Converting a CS1 course to POGIL
increased pass rates for female students but not males [7]. In a CS1
course with 29 POGIL-like activities, exam scores were significantly
higher overall and by major, ethnicity, and gender, compared to
a traditional course [1]. In a capstone course, POGIL activities
helped students understand the importance of communication in
real software projects [9]. A POGIL CS0 course increased student
interest in taking more computer science courses [5]. In a survey
of CS instructors using POGIL, most reported positive impacts [6].

Recent work in introductory computer science has examined
faculty perceptions of implementing POGIL and its influence on
student outcomes. Yadav et al. found that faculty were motivated
to adopt POGIL in order to improve student learning outcomes
and engagement [19]. In a later study, they examined students’
perceptions of POGIL in CS1 using an adapted survey on teamwork
and an accompanying learning assessment [20]. The majority of
students surveyed found working in POGIL teams to be a valuable
experience, and over 60% reported it helped them learn more than
if they studied alone. Moudgalya et al. validated an instrument to
measure sense of belonging in introductory CS courses, including
many taught with POGIL [13]. We adopted the teamwork survey,
learning assessment, and belonging survey from this body of work.

3 DATA COLLECTION
At the institution we studied, the traditional CS1 content is split
across two courses, both of which are taught in Java.Wewill refer to
the first semester course as CS1-A and the second semester course
as CS1-B. Students are expected to earn a “B–” or higher grade in
both courses to be admitted into the CS major.

The first ten weeks of CS1-A focus on the fundamentals of pro-
gramming: variables and operators, input and output, methods, con-
ditionals, loops, and arrays. The last five weeks of CS1-A introduce
class design, unit testing, and object-oriented programming. CS1-
B studies more advanced topics like inheritance, polymorphism,
abstract classes, interfaces, collections, and recursion.

It is important to note that all sections of these courses (not
just the POGIL sections) included some aspect of active learning.
The faculty used various methods, including interactive lectures,
peer instruction, pair programming, and flipped classroom. POGIL
instructors used these methods as well, in addition to facilitating at
least one POGIL activity per week.

All students enrolled in CS1-A during the 2019–2020 academic
year were invited to participate in the study. Table 1 summarizes
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the number of sections, faculty, and students. About 90% of students
consented to participate, and most of them completed at least one
survey and one assessment.

Table 1: Enrollment Statistics for CS1-A

Term Method Sections Faculty Enroll Consent

Fall POGIL 8 4 224 212
2019 Other 2 2 58 50

Spring POGIL 2 1 59 56
2020 Other 4 2 116 98

Total (unique) 16 7 417 382

Table 2 summarizes the data that we collected from students.
We gave a Pre-Test and Post-Test during CS1-A, and a Ret-Test
(“retention test”) during the first week of CS1-B. We also surveyed
students near the beginning, middle, and end of CS1-A. All surveys
and assessments were given during class time as a regular part of
the course. Finally, we collected the students’ midterm and final
exam scores from CS1-A.

Table 2: Summary of Student Data

Timing Instrument Details

Week 1 Pre-Test 10 multiple choice from SCS1
Week 2 Survey #1 Experience, belonging (5 items)
Week 8 Survey #2 Sense of belonging (30 items)
Week 11 Post-Test 10 fill in blank, based on SCS1
Week 13 Survey #3 Teamwork, belonging (5 items)

CS1-B Ret-Test Based on CS1-A final exam

3.1 Assessments
The Pre-Test consisted of 10 multiple-choice questions from the
SCS1 knowledge assessment [14]. It focused on five concepts from
the first half of CS1-A (two questions each): operators, methods,
decisions, loops, and arrays. Half of the questions were definitional
in nature, and the other half were a mix of tracing and code com-
pletion.

Students were given 20 minutes to complete the Pre-Test during
the second day of class. The Pre-Test was unannounced; instructors
explained they simply wanted to find out what concepts students
might already know. They also assured students that it was okay if
they had no prior knowledge or experience. Each question included
the multiple-choice option, “I am unfamiliar with this topic.”

Instructors also explained that the test was in a “pseudocode”
language because different students might have backgrounds in dif-
ferent languages. Therefore, the Pre-Test was designed not to favor
those who had already seen Java. The Pre-Test was administered
electronically using Canvas, and the questions were automatically
graded. Scores ranged from 0 to 10 (with 1 point per question).

The Post-Test, which we adopted from [20], consisted of 10
fill-in-the-blank questions, most of which were based on SCS1. It

focused on the same concepts as the Pre-Test, but it placed more
emphasis on code tracing. We used this test to study the impact of
POGIL on students’ development of conceptual knowledge.

In contrast to the Pre-Test, the Post-Test questions used Java
syntax. It was given the week after the second midterm exam,
which assessed many of the same concepts. Instructors motivated
the Post-Test as a “second chance” for students to demonstrate their
knowledge about concepts they might have missed on the midterm.

Students were given 20 minutes to complete the Post-Test on
paper during class time. Post-tests from all sections were collected
and graded by the same researcher using Gradescope. Each question
was worth three points (for a total of 30), and partial credit was
given based on a rubric for each question.

TheRet-Testwas designed by multiple CS1 faculty, based on the
final exams from the previous semester. It was given as a surprise
quiz on the second day of CS1-B for instructors to find out what
knowledge students retained over the break. We used this test to
study the impact of POGIL on students’ retention of knowledge.

Concepts included: evaluating arithmetic and logic expressions;
tracing decisions, loops, and methods; implementing sequential
search using an array; writing statements that use objects, based
on a UML diagram; and tracing the execution of a program that
aliases objects.

Students were given 20 minutes to complete the Ret-Test at the
end of class. Tests from all sections were collected and graded by
the same researcher, again using Gradescope. Each question was
worth 6–12 points (for a total of 40), and partial credit was given
based on a rubric for each question.

3.2 Surveys
During the second week of class (immediately after the add/drop
deadline), we visited each section of CS1-A to introduce the research
project.We explained that wewere interested in studying the effects
of the various active learning strategies that their instructors were
using. We invited students to participate in the study and consent
to having their exam scores shared with the research team. To
encourage participation, we announced that students who complete
all three surveys would be entered into a drawing for Amazon gift
cards. At least one student from each section would be selected.

After answering questions and collecting consent forms, we
distributed Survey #1. It asked questions about students’ prior pro-
gramming experience, how confident they were, and demographic
information (age group, gender identity, and ethnicity). We admin-
istered Survey #2 in the middle of the course, one week before the
withdrawal deadline (for a “W” grade). This survey was the sense of
belonging instrument from [13]. It asked 30 questions about the stu-
dent’s belonging in the course and in the broader computer science
community. Finally, near the end of the course, we administered
Survey #3, which we adopted from [20]. This survey asked stu-
dents 13 questions about two factors: learning and decision making,
and collaboration and problem solving.

4 LEARNING RESULTS
In Fall 2019, 188 of 282 students completed all three surveys and
both assessments, yielding an overall response rate of 67%. Of those
188 students, 114 (61%) enrolled in CS1-B the next semester and took
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Figure 1: Grade distributions for Pre, Post, and Retention tests

the Ret-Test. In Spring 2020, however, the response rate dropped
to 47% because of the COVID-19 pandemic. Therefore, most of the
next two sections’ results will be based only on the fall semester.
The spring results were similar, but they are also less reliable, given
that instruction moved online in the middle of the semester.

The six faculty teaching in the fall used the same programming
assignments so that all students would have a similar experience.
The midterm and final exams were not identical across sections, but
the faculty worked from a common set of learning objectives. The
Pre-Test, Post-Test, and Ret-Test developed for the research study
were the same for all students, which gives us a common measure
from which to make comparisons.

4.1 Performance on Assessments
Figure 1 summarizes the results of the three learning assessments.
Student performance on the Pre-Test was comparable across POGIL
and Other sections. The POGIL students had a slightly higher mean
than the Other students (30% vs 25%), but this difference is not
significant (𝑝 = 0.136).

On the Post-Test, POGIL students had a mean of 70%, and Other
students had a mean of 65%; this difference was also not significant
(𝑝 = 0.175). However, the distribution of scores was rather different.
In particular, 43% of Other students failed the Post-Test, compared
to 25% of POGIL students.

The results of the retention test were most compelling. POGIL
students had a mean score of 84%, in contrast to 73% for the Other
students, which is statistically significant (𝑝 = 0.001). Furthermore,
the distribution of scores is completely different. 40% of the POGIL
students got an “A” grade on the Ret-Test compared to 15% of the
Other students. 2% of the POGIL students got an “F” grade, in
contrast to 20% of the Other students.

70% of the POGIL students—versus 35% of the Other students—
were able to pass the Ret-Test with a “B–” or higher grade. All but
two students who took the Ret-Test had earned a “B–” or higher
grade on the CS1-A final exam. The Ret-Test was unannounced
and similar in content to the CS1-A final exam, which the students
had just taken five weeks before. This result suggests that POGIL

students were better able to retain what they had learned in CS1-A,
without having to review the material first.

4.2 From Pre to Post to Retention
Figure 2 includes three scatter plots that show the scores for each
student. The left plot shows the relationship between Pre-Test and
Post-Test scores. As expected, students who scored higher on the
Pre-Test tended to score higher on the Post-Test. However, the
regression line for POGIL students is slighty steeper, suggesting
that POGIL students had learned a bit more during those ten weeks.

The middle plot shows the relationship between Post-Test and
Retention-Test scores. POGIL students who scored higher on the
Post-Test tended to score higher on the Ret-Test. However, this was
not the case for the Other students; their scores tended to decrease!
This result again suggests that POGIL students retained knowledge
better than students from the Other sections.

The right plot compares final exam scores with Ret-Test scores.
We normalized the final exam scores to account for variance across
different sections. Both the POGIL students and the Other students
had a similar trend: those who did better on the final exam also
did better on the Ret-Test. However, the POGIL students did better
overall, as shown by the regression lines.

4.3 Progression to the Next Course
POGIL students not only scored higher on the learning assessments;
they also had higher success rates (and lower failure rates) in CS1-A.
Table 3 shows the percentage of students who met the “B–” grade
requirement to progress to CS1-B. It also shows the percentage of
students who received a “D” or “F” grade, and the percentage of
students who withdrew from the course before the 10th week.

In the fall semester, 56% of the POGIL students met the “B–” cut-
off, but only 38% of the Other students did. A chi-square test indi-
cates this difference is statistically significant (𝑝 = .019). The POGIL
and Other sections had comparable D/F/W rates, but the Other sec-
tions had more “C” grades. The spring semester percentages are
also shown, but they are less reliable because of the COVID-19 pan-
demic. Still, the POGIL students had a slightly higher progression
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Figure 2: Comparison of test scores: Pre vs Post, Post vs Retention, and Final Exam vs Retention

rate, in spite of having a slightly higher withdrawal rate. These
results are consistent with the POGIL literature [18].

Table 3: Students success rates in CS1-A

Term Method A/B Grade D/F Grade Withdrew

Fall POGIL 56% 13% 16%
2019 Other 38% 12% 16%

Spring POGIL 46% 19% 17%
2020 Other 42% 23% 12%

5 BELONGING RESULTS
5.1 Change in Sense of Belonging
We wanted to look at sense of belonging measures and see if they
were higher in POGIL sections compared to Other sections. In order
to study changes in sense of belonging over time, we included five
belonging items on all three surveys:

• I feel that I belong to the computer science community.
• I feel accepted.
• I feel like an outsider.
• I try to say little as possible.
• I trust my instructors to be committed to helping me learn.

These items turned out to be a reasonable approximation of sense
of belonging, with a correlation coefficient 𝑅2 = 0.8131. We selected
these five items to avoid making the surveys too long. In hindsight,
choosing a specific factor from the survey, such as Membership,
would have served us better for internal reliability [13]. However,
we still wished to explore and hypothesize how belonging changed
in POGIL sections and how that, in turn, influenced test scores.

Each of the five itemswere rated on a scale of 1 to 5.We computed
sense of belonging scores by adding the item responses together for
a 25-point scale. Figure 3 shows the distribution of belonging scores
from each of the three surveys. At the beginning of the semester,
POGIL and Other students had comparable inter-quartile ranges
but different medians (POGIL=19, Other=20). By the middle of the

semester, the medians were the same, but the range of Other scores
decreased by one point. At the end of the semester, the POGIL range
increased by one point, while the Other range remained the same.
We admit that differences between medians are not statistically
significant, as shown by overlapping notches in the box plots.

5.2 Influence on Final Exam
Wewished to examine the reasons for the increased sense of belong-
ing and test scores in POGIL sections compared to other sections.
We hypothesized that one reason for the increase in sense of be-
longing could be due to the effect of teamwork, as teams were
particular to the POGIL sections. We ran a linear regression analy-
sis to examine the effects of teamwork (measured at week 13) on
both their sense of belonging (from week 13) and their final exam
scores (measured at week 15). We also ran a regression analysis to
examine the effect of sense of belonging on test scores. In all cases,
we controlled for Pre-Test scores.

Results: The whole model we tested, including the regression
equations, is represented in Figure 4. It relates students’ teamwork
perceptions, their Pre-Test scores (i.e., prior knowledge), and their
sense of belonging at week 13, to their final exam scores.

The first regression analysis we ran was on teamwork affecting
test scores separately, and teamwork affecting sense of belonging
separately (i.e., simple linear regressions). We found that teamwork
had no effect on exam scores, but it positively influenced students’
sense of belonging. As teamwork did not influence the final exam
scores directly, we did not study that relationship further. Instead,
we focused on how teamwork affects sense of belonging, which in
turn affects the final exam scores.

We then did a multiple regression with teamwork and Pre-Test
scores on sense of belonging and found that, despite the addition of
Pre-Test scores in the model, teamwork still positively affected the
sense of belonging. This model had an 𝑅2 = 0.133, which means
that Pre-Test and teamwork, together, explain about 13% of the
variance in sense of belonging. See Figure 4, model number 2, for
more details on this regression.

Finally, we did a multiple regression with sense of belonging
and Pre-Test scores to see their effects on the final exam scores.
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Figure 3: Sense of belonging at the beginning, middle, and end of CS1-A

Pre-Test

Belonging

Teamwork

Final Exam

Model Regressors Unstd. Coefficients Std. Coeffs.
B Std Error 𝛽

1) Teamwork predicting
Final Exam score

Constant 0.4911 0.4065 0.0000
Teamwork -0.1288 0.1030 -0.0889

2) Pre-Test and
Teamwork predicting
Sense of Belonging

Constant 2.4161*** 0.2805 0.0000***
Pre-Test 0.0852*** 0.0250 0.3415***

Teamwork 0.3303*** 0.0652 0.2300***

3) Pre-Test and
Belonging predicting
Final Exam score

Constant -2.4845*** 0.3817 0.0000***
Pre-Test 0.1740*** 0.0352 0.3157***
Belonging 0.4980*** 0.0958 0.3316***

Model 1) 𝑅2 = 0.003, Model 2) 𝑅2 = 0.133, Model 3) 𝑅2 = 0.240

Figure 4: Multiple regression model for Pre-Test, Teamwork, and Belonging predicting Final Exam scores

We found that, accounting for Pre-Test scores, students’ sense of
belonging positively affected their final exam scores. Thismodel had
an 𝑅2 = 0.240, which means that Pre-Test and sense of belonging,
together, explain 24% of the variance in the final exam. See Figure 4,
model number 3, for more details on this regression.

Discussion: In the regression model, we found that sense of
belonging positively influenced a student’s final exam score, which
is consistent with prior literature. Also, asmentioned in the previous
section, the sense of belonging was higher for POGIL students than
non-POGIL students. Sense of belonging in turn would affect test
scores, which could be one reason why POGIL students had higher
scores on the Post-Test during CS1-A.

In fact, sense of belonging had a positive effect on learning
outcomes for all students, and a positive perception of teamwork
had a positive effect on the students’ sense of belonging. Given
these details, we hypothesize that teamwork in POGIL sections
positively influenced and increased students’ sense of belonging.
This increase in sense of belonging, in turn, may have contributed
to the increase in learning outcomes in POGIL sections.

6 CONCLUSION
This paper summarizes the results of a study about POGIL in
CS1. Our first question focused on student learning outcomes. We
showed that POGIL students performed better on the Post-Test,
and a higher percentage of them progressed to the next course. Our
second question focused on the retention of knowledge. We showed
that POGIL students performed better on the Retention Test, and
more consistently with their Post-Test and final exam scores.

Our third question considered the influence of teamwork and be-
longing. We did not see major differences in teamwork perceptions,
but we did notice a slight increase in belonging for POGIL students.
Our fourth question explored relationships among teamwork, be-
longing, and learning. We developed a model, using multiple linear
regression, to quantify these relationships.

In future work, we hope to further refine and validate our model.
We also hope to examine gender, racial, and ethnic differences, for
which our current sample size was too small to draw conclusions.
Finally, we look forward to studying what aspects of POGIL help
students feel a higher sense of belonging, and how that contributes
to learning outcomes.
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