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ABSTRACT
This replication study aims at both quantifying the effects of active
learning classrooms in introductory programming courses (CS1)
and overcoming some design and methodological limits of prior
studies on this topic. 156 students enrolled in three different sections of the same CS1 participated in this study. The three sections
differed from each other either in terms of learning pedagogies
(conventional lecture vs. peer instruction) or physical learning environments (lecture hall vs. active learning classroom). This study did
not replicate the findings of prior studies on this topic. Instead, this
study found that when learning pedagogies were controlled, learning environments did not have significant influences on student
performance. On the other hand, learning pedagogies were found
to have significant influences on student performance. When peer
instruction is conducted other than conventional lecturing, students
tended to have significantly better performance. Such findings highlight the importance of active learning in computing education, and
the feasibility of conducting active learning in CS1 despite of physical environment constraints. Additionally, such findings emphasize
the necessity of replication studies on the topic of active learning
environments, and invite debates on the investment decisions in
active learning classrooms.
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1

INTRODUCTION

Active learning classrooms were designed on the assumption that
conventional lecture halls may not provide the best environment
for active learning activities. Conventional lecture halls, featured
by bolted seats in rows and centered teaching stages, can physically
limit communications and interactions among students, especially
in-class activities such as group discussion and collaborations in
a large-scale class [1]. In contrast, active learning classrooms are
designed to have movable chairs, round tables, and typically multimedia equipments to decentralize the role of instructors and encourage peer communications among students [2, 3]. Despite such
physical advantages, active learning classrooms can accommodate
fewer students, and take much more resources to build [4].
Abundant studies have confirmed the positive effects of active
learning pedagogies in enhancing learning and teaching across
different fields, but significantly fewer studies have investigated
the effects of active learning classrooms. Most studied investigating
the effects of active learning classrooms were conducted by same
groups of researchers at three institutions in the United States,
including North Carolina State University [5, 6], Massachusetts
Institute of Technology [1], and University of Minnesota [7, 8],
in the fields such as physics, chemistry, and biology. Surprisingly,
few studies have explored the effects of active learning classrooms
in computing education despite that different active learning approaches have been adopted and studied in many computer science
courses across the world.
It is important to understand the effects of active learning classrooms on student learning for at least three reasons. First, it takes
significantly more resources to build an active learning classroom
or convert an existing lecture hall to an active learning classroom
[4]. Second, given the same space, an active learning classroom
can accommodate much fewer number of students. Most importantly, despite of the positive findings of prior studies on this topic,
many of them may not be generalized due to both research design

and methodological limits, such as continuous introduction of confounding factors, misuse of predictive models, and lack of control
of false positive results [8–10].
Building on the prior studies and responding to the calls for more
educational replication studies, this study aims at (1) quantifying
the effects of active learning classrooms in Introductory Programming courses (CS1) by replicating the study of Hao et al. [9], and
(2) overcoming the identified research design and methodological
limits of prior studies. The results of this study contribute to the
fine-grained understanding of the roles of physical environments
and pedagogies in learning and teaching of programming, and the
extent to which the prior findings can be generalized.

2 RELATED WORKS
2.1 Active Learning & Teaching in Computer
Science: Peer Instruction
Many active learning approaches to improve student comprehension and performance have been explored and tested in computing
education over the last three decades, such as team-based learning, paired-programming and peer instruction [11–14]. Among the
many test pedagogical approaches, peer instruction was studied
most extensively. Peer instruction is a student-centered approach
that flips the traditional lecturing by moving information transfer
out and moving information assimilation into the classroom [15].
When peer instruction is practiced, students are typically required
to finish pre-class reading and pre-class practices. During the class
time the reading and practices would be discussed and more related
practices would follow.
Peer instruction has been consistently found effective in both
upper and lower level courses of computing education. Specifically,
peer instruction has been reported effective in improving student
achievement, satisfaction and self-efficacy [11, 16–23]. In addition,
peer instruction was also found effective in improving student retention rate in introductory programming courses [24, 25]. Recent
research on the scalability of peer instruction studied class evaluations of computer science courses across a wide range of class
sizes, ranging from around 50 to more than 300. Although a small
decline in course evaluation was found as the class size increased,
the efficacy of peer instruction was found robust [26].
Peer instruction works more effective than conventional lecturing because instructor explanation is replaced and augmented
with carefully designed questions that students committed time to
work on [24]. Students get a chance to fill up their understanding
gaps through discussing with each other [23, 24]. Despite of the
efficacy of peer instruction, it may still lose its "magic" if not well
implemented. Porter et al. [20] suggested that it is essential for the
instructors to make the adopted pedagogy clear to students and
adjust the grading structure for a better balance between correctness and participation. In addition, the implementation takes more
time and efforts to prepare than conventional lecturing, especially
in a conventional lecture hall. It is understandable that instructors
sometimes can not afford the time to implement peer instruction
given limited preparation time and limited resources.

2.2

Physical Learning Environments: Active
Learning Classrooms

Learning and teaching in school mainly happens in classrooms.
Educational researchers hypothesized that the physical learning
environment can either enhance or inhibit learning in 1970s [2].
Active learning classrooms are designed to better facilitate discussion and collaborations within small groups and across the whole
class. Instead of having a teaching center and fixed forward-facing
seats, active learning classrooms are featured by open spaces, movable chairs, writing surfaces, and a strong integration of learning
technologies. It is important to note that an active learning classroom requires more resources during its construction, even if it is
converted from an existing conventional classroom. Furthermore,
an active learning classroom accommodates a significant smaller
number of students than a conventional one [4]. As is reported
by Park and Choi [4], the conversion from a conventional lecture
hall to an active learning classroom with 30 seats cost about one
hundred thousands dollars.
Two main projects, SCALE-UP and TEAL, pioneered the study
of the active learning classrooms. The SCALE-UP project was conducted at North Carolina State University and TEAL project was
conducted at Massachusetts Institute of Technology [1, 5, 10]. As
pioneers of classroom design, both SCALE-UP; TEAL classrooms
are featured with facilities and technologies that engage students in
active learning, such as "abundant whiteboard space, round tables,
chairs with wheels, laptop computers, projectors and monitors, an
audio systems designed to allow the students to both hear the instructor and to respond" [27]. The ACL project at the University
of Minnesota followed this efforts in both classroom design and
studying the efficacy of such classrooms [3, 7, 8]. The efficacy of
active learning classrooms have been mainly studied through the
three projects in the academic fields such as physics, chemistry
and biology [1, 3, 5, 7, 8]. Hao et al [9] was identified as the first
study that investigated the effects of active learning classrooms in
the context of computing education. The majority of these studies
concluded that active learning classrooms had significantly positive
effects on student achievement [3, 4, 8, 9]. However, the findings
of many of such studies were limited by both research design and
statistical analysis (see section titled "Motivation for Replication").

2.3

Motivation for Replication

This study aims at a conceptual replication of Hao et al [9] that
overcomes the design and methodological limits of both Hao et al
[9] and other prior studies on this topic. Two noticeable limits of
such studies included the lack of control of confounding factors
and the lack of control of false positives. Many prior studies on this
topic failed to control the influences of learning pedagogies when
reaching the conclusion that active learning environments contribute significantly to student performance [2, 7, 9]. Additionally,
several studies involved comparison of multiple factors between
two groups, which would increase the chances of random significant results. Significance levels were not properly corrected in
such cases [3, 5, 28]. Therefore, this study aims at overcoming both
limits and quantifying the effects of active learning environments
in learning and teaching of programming.

3 METHODS
3.1 Research Design
A Three-Group design was used with the goal to separate two
factors in focus: the learning environments and pedagogical approaches. By design, three different sections of an introductory
computer science course were conducted in a large research university in the southeastern United States in spring 2017. The three
sections each covered the same content and tested the students
with the same examinations. Each section of the course differed
in its combination of the physical learning environments and the
implemented pedagogical approaches:
• Course One (Conventional): Conventional classroom + Conventional Lecturing
• Course Two (Active): Active learning classroom + Active
Learning & Teaching
• Course Three (Hybrid): Conventional classroom + Active
Learning & Teaching
It is worth noting that the limited number of active learning classrooms at the institution made their usage and scheduling extremely
difficult. More importantly, statistically speaking, three-group design can sufficiently separate two factors in focus [29]. As the result,
a combination of "active learning classroom" and "conventional lecturing" is not necessary. Furthermore, three other factors were
controlled. Such factors including major, gender and age.

3.2

Experiment Contexts and Data Collection

Courses One and Three were taught in conventional lecture halls
while Course Two was conducted in an active learning classroom.
Course One was taught through conventional lectures, where students were recommended to read the textbook outside of class
time but received the content in a series of conventional lectures.
In contrast, peer instruction, one active learning approach, was
practiced in the learning and teaching of Course Two and Three,
where students were assigned daily reading as well as a small quiz
based on the textbook and videos that the instructor created; both
of these were to be completed before the start of class. In addition,
in Course Two and Three, students worked in groups of three to
solve problems from material that they were required to read. The
instructor as well as teaching assistants were available during this
time to answer questions on the material.
To fully control potential confounding factors, all sections of
the course were taught by the same instructor. Additionaly, three
control factors (major, gender and age) were collected from the
institutional data warehouse. All the three course sections received
100-point two midterm and one final exam, which were treated as
student course performance.

4 RESULTS
4.1 Descriptive Summary
The descriptive summary of the 156 students is presented in Table
1. To examine the group differences in terms of age, gender, and
whether or not a student was majoring in computer science, oneway MANOVA was utilized. Because there were more than two
comparisons over the same groups, Bonferroni Correction was

applied to the significance levels in order to avoid false positive
results. The adjusted significance levels were:
∗ p < 0.016; ∗ ∗ p < 0.003; ∗ ∗ ∗p < 0.0003

(1)

The results did not show any significant group differences in
terms of major [F(3, 123) = .225, p = .879] or age [F(36, 375) = 1.179,
p = .227]. However, a significant difference in terms of gender [F(3,
123) = 6.385, p = .000] was found. Students in Course Three appeared
to be older than their counterparts from Courses One and Two.
Given that students did not have knowledge of the sections when
registering the course, the difference is likely due to randomness.
Although each section of the course was majority male (greater
than 56% in all sections), it is worth noting that the percentage of
female students is not significantly lower than male students.

Table 1: Descriptive Summary of Participants

Number of Students
Major
CS Major
Non-CS Major
Gender
Male
Female
Age (Mean Value)

4.2

Course One
(Conventional)

Course Two
(Active)

Course Three
(Hybrid)

69

42

45

43.50%
56.50%

33.30%
66.60%

40%
60%

68.10%
31.90%
19.452

61.90%
38.10%
19.976

77.80%
22.20%
21.022

Separating the Effects of Learning
Environments and Pedagogical Approaches
on Student Performance

MANCOVA was applied in order to examine the effects of pedagogical approaches and learning environments on the students’ three
exam performance (two midterm and one final exams). In this test of
MANCOVA, the following control variables were used: age, gender,
and whether or not students were majoring in computer science.
All two-way and three-way interactions among the independent
and control variables were taken into examination. Given that there
were three exam performances to be compared across the three
groups, Bonferroni Correction was applied to the significance levels
in order to avoid false positive results. The adjusted significance
levels were:
∗ p < 0.016; ∗ ∗ p < 0.003; ∗ ∗ ∗p < 0.0003

(2)

Utilizing Pillai’s trace, the pedagogical method factor was found
to be significant (p < .016), and was the only factor or interaction
that was found significant in the test. The results of the multivariate
tests of all attributes on the exam results are presented in Table 2.

Table 2: Multivariate Tests

Attributes

Value

F

Significance
Level

age
major
gender
ct
pm
major * gender
major * ct
major * pm
gender * ct
gender * pm
major * gender * ct
major * gender * pm

0.051
0.003
0.05
0.056
0.085
0.008
0.012
0.025
0.009
0.024
0.035
0.055

2.507
0.16
2.481
2.803
4.382
0.399
0.556
1.215
0.418
1.154
1.686
2.722

0.061
0.923
0.064
0.042
0.006*
0.754
0.645
0.307
0.74
0.33
0.173
0.047

Figure 2: Student Performance Comparison between Course
Two and Three

major: whether majoring in computer science; ct:
classroom type; pm: pedagogical methods
* p < .016; **p < .003; ***p < .0003

Discriminant Analysis was used to follow up the MANCOVA
test to further confirm the findings from MANOVA. Two discriminant functions were revealed. The first explained 92.6% of the
variance, canonical R2 = .10, whereas the second explained only
7.4%, canonical R2 = .008. In combination, these discriminant functions significantly differentiated Course Three from Course One
and Course Two (λ = .894, χ 2 = 17.1, p = .009**; see Figure 1 and 2),
but removing the first function indicated that the second function
did not significantly differentiate Course One from Course Two (λ
= .991, χ 2 = 1.317, p = .518; see Figure 1 and 2). In other words, a
significant difference was found when the adopted pedagogical approaches were different, but no significant difference was observed
when the learning environments were different.

Figure 1: Student Performance Comparison between Course
One and Three

5 DISCUSSION
5.1 Efficacy of Active Learning: Does the Effect
Come from the Environment or the
Pedagogy?
Different from the finding of Hao et al [9] and many other prior
studies [2, 7], this study found the effects of active learning environments on CS student performance to be insignificant. With a
between-group design and strict control over significance levels,
this study successfully separated the effects of learning environments from other potential confounding factors, among which the
pedagogical approach is the most important one.
When controlling for other factors, significant differences were
detected between different pedagogical approaches but not between
learning environments. This finding reveals that the essence for
effective learning and teaching lies more on the pedagogy than
the physical space. Indeed, a well-design, technology-infused room
with round tables allow students "face time" with peers and form
groups naturally, while traditional lecture halls, especially those
with chairs bolted in place, emphasize the instructor over the student and make group formation awkward and contrived. However,
all these advantages are not guaranteed by the room per se, and
effective learning are well facilitated with active learning and teaching pedagogies even in traditional classrooms.
In addition, our finding suggests to make better use of high-cost
active learning classrooms with quality support from pedagogy and
faculty rather than treat it as a one-time investment for ultimate solution. Overemphasis on the power of learning environment might
be misleading as it weakens the roles of more essential factors. As a
good example, the Transform, Interact, Learn, Engage classrooms at
the University of Iowa are designed to support active learning, but
faculties must undergo intensive training before they are allowed to
teach their courses in such classrooms [27]. Unless faculty receive
specific training about how to effectively use the tools to implement
active learning and teaching pedagogies and how to design learning
activities that are a good fit for the room, it is hard to say these
rooms foster or constraints student learning.

5.2

Investment on Active Learning: Should We
Invest in People or Classrooms?

Many large and well-funded institutions have initiated construction
projects to bring active learning classrooms to their campuses. As
such new classrooms full of technology become ready, instructors
at such institutions have enthusiastically embraced them. However,
not every institution has the capability of doing the same. As is
reported by [4], upgrading a conventional classroom to an active
one with 30 seats took more than one hundred thousand at their
institution.
The findings of this study suggest that active learning and teaching can be conducted in conventional classrooms as effectively as
in active learning classrooms. In other words, institutions with
limited resources may not be able to build many active learning
classrooms, but can still put resources into training their faculties
on active learning practices. For instructors, at least CS faculties,
having no access to active learning classrooms may not be a good
reason for not practicing active learning. Although it can be less
convenient to do so in a lecture hall, the benefits to students are
still substantial. On the other hand, it is worth noting that having
active learning classrooms should not be treated as the panacea
by institutions. A recent study found that there was no significant
increase in the use of active learning pedagogies in the collaborative
classroom [30]. Without intentional training, faculties may choose
the pedagogical approaches they are most familiar with despite of
the physical spaces.

6

LIMITATIONS AND FUTURE STUDIES

The generalizability of the findings in this study could be limited for
three reasons. First, all participants of this study came from the same
course at the same institution. The course was solely taught by the
same instructor during the experiment period. A different instructor
or different sample of students might render the results different.
Future studies may consider replications on a larger scale that involves multiple instructors from different institutions. Second, only
one active learning approach, peer instruction, was practiced in the
experiment. It is possible that peer instruction is least negatively
affected by the learning environment compared with other learning
and teaching approaches. Although peer instruction is well studied
and highly applicable in computing education, it may not the same
case for other fields such as chemistry or physics. If a different
active learning approach is practiced in the experiment, the results
might be different. Third, the pre-class activities, in-class activities,
assignments, and exams given in the experimental course was designed and developed by the instructor. Future studies may consider
using well-tested and publicly accessible activities and assignments
(e.g., Nifty Assignments) and validated exams to strengthen the
measurements.

7

CONCLUSIONS

This study intends to replicate the study of Hao et al [9] and overcome the identified research design and data analysis limits of Hao
et al [9] and other prior studies on this topic. With a three-group
design and strict significance-level corrections, this study did not
replicate the findings of prior studies on the positive effects of active learning environments. Instead, we found that active learning

pedagogies had significantly positive influences on computer science student performance, but active learning environments did
not. Such findings highlighted the importance of active learning
pedagogies in computing education, and the necessity to reflect
on whether we should invest more in active learning classrooms.
This study calls for more replication studies on the effects of active
learning environments in computing education and other fields,
and invites more debates on investment decisions on active learning
classrooms.
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