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Abstract—Learning how to program isbecoming essential in many
disciplines. However, programming cannot be easily learned, especially by
non-engineering students. Therefore, it is important to teach non-engineering
students to learn with efficient strategies. To discover an efficient learning
strategy, we had 64 students practice programming with a simple learning
management system and tracked all of their practice behaviors on multiple choice
questions. The learning management system assigned one multiple choice
question per day, but let students themselves decide their own practice
frequencies. Students could also make unsynchronized communications by
commenting on the questions. By analyzing their behavior patterns and other
performance indicators, this paper compared the effect of two different practice
strategies for multiple choice questions: distributed practice and massed practice.
Our analysis found that students who adopted distributed practice significantly
outperformed those who adopted massed practice on final exams (p=0.031). We
further explored the possible reasons that led to this significant difference.
Students who adopted distributed practice strategy tended to make higher
percentage of first submission correctness, be more cautious while correcting
errors, and be more constructive in posting question-related comments.

Keywords—Distributed practice, massed practice, programming language
learning, multiple choice question, data analysis.

1 Introduction

Because programming is an essential skill for data analysis in domains such as
economics, chemistry, biology and social science, mastering a programming language
has become required for many college students [1]. Learning how to program can also
be treated as a training process for computational and logical believing [2, 3]. However,
programming cannot be easily learned by novices, which often leads to high classroom
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dropout rates [4, 5]. Students often complain that programming is non-intuitive and find
it hard to become accustomed to. To prevent students from becoming nervous about
learning code before the start of instruction, in this study we explored how
multiple-choice question (MCQ), which is the most common exercise type, can be used
to help novices learn programming. MCQ has been used to help students learn
programming in different ways. For example, Yang et al. [6] found that providing
appropriate explanations for each alternative in MCQ can enhance students’ learning.
In this study, we hypothesized that different practice strategies using the same set of
multiple-choice questions might also affect students’ learning. Therefore, we assigned
all of the practice questions through a customized learning management system, so that
we could track students’ practice behaviors and discover efficient and inefficient
practice strategies, if any existed. Specifically, we observed whether students could
learn more when their practice sessions were relatively distributed.

Practice is considered distributed when there is time between two consecutive
exercises [7]. Distributed practice has proven to be an effective method in improving
students learning outcomes in tasks such as word, text, and face memorization [8-10].
Students” memory can stay for a longer time through distributed practice than massed
practice. This is also called the “spacing effect”. However, when the idea of distributed
practice was applied to domains that contain more procedural knowledge than
declarative knowledge, it produced contradictory results. Cepeda et al. [7] found that
distributed practice was not effective in improving student efficiency in understanding
complex mathematics concepts. Budé et al. [11] claimed that students had a better
understanding of statistical concepts in an introductory level class when learning was
distributed. The lag between each learning seems to help students digest what they have
learned. These existing studies suggest that distributed practice helps students to
memorize things for a longer time and understand basic procedural knowledge but
hardly help students develop a deep understanding of procedural knowledge.
Programming is considered as procedural knowledge, because students need to learn
how to describe computational process. But a programming novice also needs to
remember and understand a lot of syntax, which just like word and text memorization.
MCQ is the simplest practice type that is suitable for helping students recall
programming syntax. We then hypothesized that distributed practice for MCQ could
help novices learn how to program.

To explore the effect of distributed practice on multiple choice questions in the
programming language learning, we had students practice with a system called
“QuizIT” [12]. This is a system designed for students to conveniently conduct
distributed practice. The preliminary experiment results using the system showed that
students who frequently practiced with the system outperformed those who did not.
However, it was not clear whether the outperformance was due to a higher volume of
practice, better practice strategies, or both. High frequency of log-in activities is usually
a strong predictor of students’ grades, even without considering practice distribution
[13]. In this study, we fixed the total amount of distinct multiple-choice questions that a
student could practice to explore the effect of different practice strategies on
programming language learning.
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This study aims to answer the following research questions:

1. Do different multiple-choice question practice strategies affect students’
programming learning outcomes?

2. How might a multiple-choice question practice strategy impact students’
programming learning?

The remainder of the paper is organized as follows: We first review the related work,
then we describe our study method. In the third section, we report our data analysis and
relate the analysis to our research questions. In the last section, we discuss the results
and conclude with remarks.

2 Related Work

2.1 Distributed practice

In the cognitive psychology literatures, it is widely accepted that learned knowledge
is retained longer when practice is distributed rather than massed [14], [15]. This is
referred to as the distributed practice effect [16], lag effect or the effect of spacing [7].
Distributed practice often co-appears with massed practice. The latter is defined as
studying subject matter uninterruptedly or with only short breaks [11]. Sobel, Cepeda
and Kapler [17] believed that the spacing effect is because of a memory advantage that
occurs when people learn materials on several occasions. Shimoni [18] claimed that
distributed practice not only consolidated memory but also refined students’
understanding of the knowledge by allowing time for them to forget over the interval
between successive presentations. Gerbier and Toppino [20] claimed that the spacing
effect can be described by the deficient processing hypothesis: spaced repetition can
result in more efficient encoding and better memory in the brain than immediate
repetition. Although distributed practice is a better learning strategy than massed
practice in most research studies, massed practice seems to be at least as effective as
distributed practice in learning complex skills [16]. This likely explains why distributed
practice has been applied most in domains that contain a large quantity of declarative
knowledge, such as English. In this work, we used distributed practice to improve
non-engineering students’ learning of C programming, which was considered a basic
but also difficult class for students who were studying programming for the first time.

Previous research has shown that a specific distribution of time can influence
learning outcomes [20]. The optimal distribution is varied for different domains. For
example, the optimal spacing between practices in memorizing task is approximately
one month [14] [21]. In the domain of language learning and reading comprehension,
the optimal spacing tends to be reduced to one week or even less [22][23]. In
memorization tasks, when the spacing between practices was too long, a student’s
performance on recall tests gradually declined with an increase in the length of the gaps
[24]. There should be some optimal ratio existed between the amount of exercises
during each exercise and the space between two exercises. The optimal ratio may
change upon domains.
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2.2 Programming language learning

Programming is becoming a foundation class rather than a class only for engineering
students. However, programming cannot be easily learned by novices [25] [26]. This is
likely because many students memorize only the programming language’s surface
features, such as the syntax of variables and loops, but overlook the logic behind the
code. There have been many studies facilitating students to learn how to program in a
computer-based environment. Many previous works aimed to help students learn to
program through automated assessments of students’ codes and by providing feedback
regarding coding errors. For instance, Web-CAT [27] and ASSYST [28] are
assessment tools that use pattern-matching techniques to compare students’ answers to
the correct answers. SQL tutor [29] prompts students when their mistakes break a set of
constraints that should not be broken by SQL language. QuizJET [30] is one example of
facilitating automatic programming evaluation that uses parameterized exercises.
CloudCoder [31] captured the knowledge components in the programming problems to
discern with which topics the students might be struggling. In contrast, several
programs made novice learners focus on programming logic instead of syntax by
constructing a fun user interface. For example, Scratch [32] replaced tedious code with
a set of colorful blocks and enabled novices to ignore programming syntax. Jako$ and
Verber [33] designed an educational game to teach students with no prior knowledge of
programming. The students who enjoyed playing also succeeded on final exams.
Instead of making interactive and joyful learning environments, students’ programming
learning can also be leveraged through simple multiple choice questions with a
complex mechanism [6].

More recently, researchers have started to use students’ work pattern data collected
from a learning management system to predict whether a student was improving
programming skills [34]. In this study, we used students’ work patterns to infer their
practice strategy and explored whether and how different practice strategies affected
learning outcomes. In particular, we identified the students who adopted the distributed
practice strategy and those who adopted the massed practice strategy. We then
compared the effect on learning between the two practice strategies.

3 Method

Because students’ perceived ease of use can significantly affect students’
satisfaction[34], we used a simple learning management system named QuizIT to send
out our MCQ practice, and analyzed students’ practice strategies from the log file of the
system. This section first introduces the system, then our MCQ for practice. At last, we
describe how we design the study to collect the data and our analysis strategy.

3.1  QuizlT system

QuizlT is a system that provides students a multiple-choice question to practice
every day. The user interface is simple and straightforward. As soon as a student logs
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into the system, the question of the day will display if the student has not completed it.
A sample question is shown in Figure 1. Students might not log into the system every
day; therefore, they do not always finish their questions on time. In this case, they can
make up their unanswered questions by accessing the calendar view and navigating to
the previous dates, as shown in Figure 2. Students can always retry or review any
previously answered questions. All the multiple-choice questions in the system are
posted by the programming language instructor in advance. The system displays the
questions in the order desired by the instructor. A student can comment on each
question, and the comment can be seen by him/her immediately as well as by all the
other students. However, a student cannot view the comments made by others until
he/she makes his/her own comment.

Every interaction is recorded by the system, and each interaction is given a
timestamp. The recorded interactions for the follow-up analysis include: correct
attempt, incorrect attempt, question retry (redo a previously answered question), and
commenting on a question.
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Fig. 1. A sample multiple choice question with comments. The order of action
is represented by the number.
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Fig. 2. The calendar view.

238 http://www.i-jet.org



3.2  MCQ for practice

Our study sample was from a C programming class that had 64 first-year college
students. The study lasted 45 days. Because QuizIT needed to provide one multiple
choice question to the students per day, there were 45 multiple choice questions in the
system. These questions covered all the topics taught between the midterm exam and
the final exam. The order of the questions was synchronized with the class progress.

A total of 7 of the 45 questions asked students to select the output of a small piece of
code, as shown in the example below. The example question helped students practice
how pointer and loop in C programming is applied, which was one of the most complex
of the 45 questions. However, students who were familiar with the concepts should
have only needed a few minutes to answer the question.

What is the output of the program below?
void fun (int *b, int n, int *s)
{
int i; *s=0;
for (i=l;i<=n;i++) *s=*s+*(b+i);
}
main ()

{

int x=1, a[ 1={2,3,4,5,6};
fun (a,3,&x);
printf("\n%d",x);

}

A. 7 B.12 C.18 D.1

The correct choice is B

The remaining 38 questions aimed to aid students in recalling the basic concepts
taught in the class, as shown in the below example. Students were expected to spend
approximately 1 minute to answer this type of question.

The type of returned value of a function “fun” is defined
by:
The return statement
The function that calls the function “fun”
The context of the function over running time
The type nominated by the definition of the function
The correct choice is D

In summary, the practice questions were not designed to be difficult for students to
answer but to provide students with the opportunity to review what they learned in
class.
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33 Data collection

All the student participants were majoring in psychology, and this was their first
programming class. Students attended the class once a week. The class lasted 210
minutes per day, including a 10-minute break every 45 minutes. The QuizIT system
was not the only method students could use to learn and practice. Therefore, to
eliminate the effect from students’ using different learning methods that could not be
recorded by the system, we began to collect the data after students completed their
midterm exams and stopped collection one week before the final exam. We assumed
that if students used unique practice methods, this would lead to different learning
outcomes and be reflected in their performance on the midterm exams. Therefore, the
midterm and final exams were used as a pretest and posttest, respectively, to measure
student learning efficiency.

Our primary aim was to learn which practice strategies students employed when
using the system and the effects of those different strategies. We hypothesized that
practice distribution should be one of the primary effects. Because of the learning
management system used, we assigned one multiple choice question per day per
student. Therefore, there were 45 different multiple-choice questions available for
practice. In addition, students could practice the same question multiple times to
reinforce their learning. Students did not need to answer the assigned question every
day as long as they finished all the questions by the end the study.

We designed the indicators in Table 1 to describe how the students used the 45
multiple choice questions to practice. We wanted to determine how much effort each
student put into practicing. To this end, we used two indicators: total amount of MCQ
practice and total amount of MCQ practice time. Then, since we suspected that practice
distribution would affect learning, we calculated the average number of days between
two consecutive practice sessions. If two students practiced approximately the same
amount and the first student practiced with fewer days between two consecutive
practice sessions than did the second, then the former student would have practiced for
less time per session. Therefore, we believed that the former student relatively
distributed his/her practice. Because students could repeat a question when they
answered it incorrectly, we recorded the time between two consecutive attempts and
used the median value to represent the time a student usually took to change his/her
answers, which is the resubmission time. The learning management system also
allowed students to interact with each other by posting comments to the questions.
Previous works suggested that social interaction could enhance students’ learning
performance [36, 37]. Therefore, we designed two indicators to describe students’
interaction behaviors: the number of comments and the ratio of question-related
comments.

In addition to students’ practice strategies, we also designed indicators to show
students’ performance using the system. A correct answer on the first submission of a
question was usually a positive indicator of a student’s competence. Moreover, we
calculated students’ overall percentage of correct answers, which was students’
performance on the questions that they had previously answered.
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Table 1. The indicators of students’ activities.

Category Indicator name Description
How do students Days between practice Average number of days between two consecutive
practice with the (practice frequency) practices
system? Resubmission time Median time used for resubmission of an answer

after an incorrect response

Total amount of MCQ practice|The total amount of time a student spent practicing
time using the system

Total amount of MCQ practice|The total number of exercises a student completed
on average, including the first submission and repeat
submissions

Ratio of question-related The percentage of comments that were related to a
comments question over the total number of comments
INumber of comments The number of comments posted by a student
How well do students [Correctness on the first check |The percentage correct responses on the first attempt
perform in the Overall correctness The percentage of a student’s correct responses over
system? his/her total attempts

4 Data Analysis

4.1 Descriptive results

A total of 64 college students participated in the 45-day study. As required by the
instructor, every student had to complete each question at least once. On average,
students practiced 86.08 (SD=38.588) questions, including both the attempt and
subsequent attempts. The percentage of first check correctness was 0.59 (SD=0.112).
On average, students used the system to practice every 8.49 (SD=4.158) days, which
was their practice frequency. Students spent 5807.01 (SD=2789.20) seconds using the
practice system and took 5.28 (SD=4.575) seconds to resubmit an answer after an
incorrect attempt. Students tended not to comment. They made 11.97 (SD=11.449)
comments on average over the study, and 3.05 (SD=4.920) of the comments were
related to the question commented on. In most cases, students posted meaningless
comments to get the access to see others’ comments. On average, students scored 79.53
(SD=5.822) on the midterm exam, and 78.08 (SD=14.042) on the final exam.

4.2  Students scored significantly higher when their practice using MCQ was
distributed

By definition, distributed practice means that students should practice using many
short sessions over a long period. In contrast, massed practice should consist of fewer,
but longer, practice sessions. Additionally, the total practice time for each strategy
should be equal. Assume that two students both practice 60 questions. One student
completes two questions per session and practices 30 times while the other student
completes 30 questions per session and practices two times. The former student’s
practice is more distributed than is the latter students.
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Given that the total number of different MCQ is fixed, practice frequency can be
potentially used to classify students into distributed and massed practice groups.
However, because students can redo the practice questions that they have done before,
it is possible that the students with a higher practice frequency practiced as much as the
students with a lower practice frequency each time. In this case, practice frequency
would show how hard a student studied. If so, the two types of students would have a
different number of practices. However, according to our data analysis, the number of
questions students practiced did not correlate with practice frequency (r=0.045,
p=0.726). This allowed us to distinguish students’ practice strategies from their practice
frequencies. We used the median value of the days between practices to divide students
into two groups. A student whose practice frequency was below 7.5 days was in the
distributed practice group. A student whose practice frequency was at least 7.5 days
was in the massed practice group. Because the class was held every 7 days, all the
students in the distributed practice group practiced using the system at least once
between two consecutive classes. There were 22 students in the distributed practice
group and 42 students in the massed practice group. Students in the distributed practice
group completed the system exercises every 5.00 (SD=1.349) days and completed
83.73 (SD=23.749) MCQ practices. In contrast, students in the massed practice group
completed the system exercises every 10.32 (SD=3.958) days and completed 87.31
(SD=44.662) MCQ practices. The two groups of students performed similarly on their
midterm exam. The distributed practice group students scored 80.96 (SD=5.533) on
their midterm exam, while the massed practice group students scored 78.79
(SD=5.895). An ANOVA showed that the difference was not significant (F=2.036,
p=0.159). The results confirmed that the two groups of students had similar initial
competences and practiced a similar amount of questions overall but differed in their
practice frequency. This classification guaranteed that any student in the distributed
practice group had his/her practice more “distributed” than did the students in the
massed practice group. Therefore, our following analysis shows whether a student
learns more when his/her practice is relatively distributed.

Once the students were classified into distributed and massed practice groups, we
compared their learning outcomes, which were their grades on their final exams. The
students in the distributed practice group scored higher (Mean=_84.14, SD=10.72) than
the students in the massed practice group (Mean=74.91, SD=14.63). We conducted an
ANCOVA using students’ grades for the midterm exam as the covariance. The
difference was significant (F=4.862, p=0.031). The comparison of the adjusted means
is illustrated in Figure 3. The next section includes a further analysis to explore how
distributed practice leveraged learning.
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4.3 How did distributed practice leverage learning?

Because the students were divided into two groups, distributed practice vs. massed
practice, we had the opportunity to explore the effect of the two practice patterns. Table
2 lists the performance of the two groups of students on all the indicators.

Table 2. Distributed practice group vs. massed practice group

Distributed practice N=22 Massed practice N=42

Midterm exam grades 80.96 (SD=5.533) 78.79 (SD=5.895)
Final exam grades 84.14 (SD=10.72) 74.91 (SD=14.63)
Total amount of MCQ practice 83.73 (SD=23.749) 87.31 (SD=44.662)
Total amount of MCQ practicing time 6291 second (SD=3296.8) 5553 second (SD=2489.1)
Medium time for answer resubmission 6.45 sec (SD=5.361) 4.67 sec (SD=4.039)
Correctness on the first check 0.643 (SD=0.0628) 0.566 (SD=0.1227)
Proportion of correct attempts 0.643 (SD=0.0765) 0.627 (SD=0.0915)
Number of comments 13.59 (SD=11.999) 11.12 (SD=11.204)
Proportion of topic-related comments 0.346 (SD=0.3476) 0.194 (SD=0.2934)

Table 2 shows that students who adopted a distributed practice strategy had higher
rates of first submission correctness. Correctness on the first response could be affected
by a student’s initial competence, which was measured using the midterm exam. So we
conducted an ANCOVA to test the significance of the difference (p=0.022, F=5.493)
with the midterm score as the covariance. The results suggest that when a student had
few practice questions to complete per session, the student might have been more
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cautious when answering the question than would another student who had more
questions to complete per session [38] [14]. Using the timestamp that recorded when
students entered and exited each multiple-choice question, we were able to calculate the
total amount of practice time for each student. Students in the distributed practice group
practiced for a little longer than students in the massed practice group. However, the
difference was not significant (F=1.010, p=0.319) according to an ANOVA. Students
in the distributed practice group spent longer to correct an incorrect response, but this
difference was also not significant (F=2.249, p=0.139).

The students in the distributed practice group made a similar number of comments as
the students in the massed practice group (p=0.416, F=0.669) but made a higher
percentage of topic-related comments, which showed a marginal significance (p=0.068,
F=3.443). The tests were conducted using an ANOVA. Because students had to leave
several comments to view others’ comments, leaving comments not related to the topic
was likely a sign of a student being “active”, according to Chi’s ICAP framework [39].
In contrast, leaving topic-related comments was a sign of being a “constructive” or
“interactive” student who had a higher level of engagement in learning than an “active”
student, which should lead to higher learning gains.

The results suggest that students tended to make better use of a question when they
did not have to complete many practice questions at a time. It seems that, because
students in the distributed practice group were more cautious when answering the
practice questions, they scored significantly higher than those in the other group while
completing a similar amount of practice. To further support this argument, we
calculated a new measure, “learning efficiency,” to quantify how much improvement a
student makes for one question. To calculate learning efficiency, we used the Z score of
students’ final exam grades to account for the grade distribution and used the minimal
value of the Z score to avoid negative learning efficiency. Because many previous
studies have shown that a student’s learning should be linearly correlated with the
logarithmic value of the number of practices [40, 41], In(total practice) was used as the
denominator. The learning efficiency was calculated using the following formula:

learning efficiency(student;)
ZScore_Final(student;) — _mlin ZScore_Final(student;)
j=1.n

In (total amount of practice(student;))

where ZScore_Final(student;) is the grade of final exam of the student;

Students in the distributed practice group learned more efficiently (Mean=0.71,
SD=0.170) than those in the massed practice group (Mean=0.56, SD=0.250), but the
difference was only marginally significant based on an ANCOVA using midterm exam
grades as the covariate (p=0.051, F=3.946).

4.4  Discussion of the data analysis

The results produced several interesting findings. In terms of the learning factors, we
found that more practice did not lead to better learning outcomes. This seems
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inconsistent with the well-known Learning Factors Analysis (LFA) [40] and the
Performance Factor Analysis (PFA) [41], which quantifies a learning outcome using
the number of correct attempts and incorrect attempts and claims that the learning
outcome should increase with the number of practices. However, in contrast to the
traditional setting of LFA and PFA, which provided more than enough practice
questions, students in our experiment had a fixed number (N=45) of practice questions,
but they could practice the same question as many times as they wanted. This resulted
in a difference in the number of attempts by each student. This experimental setting
provides us with an opportunity to observe how to better use a fixed amount of practice
questions for learning. We divided students into two groups according to their practice
frequency. Our analysis showed that students in the distributed practice group spent
slightly more time completing a slightly lower number of practice questions and
achieved a higher percentage of first check correctness. It implied that these students
were likely more engaged when answering the practice questions. The students in the
distributed practice group spent more time correcting their answers and were more
constructive when posting comments. This was likely aided them in learning the
required materials. Our finding is consistent with other previous studies which showed
that having less to learn during each study session might contribute to an improved
learning outcome [14] [42]. Unfortunately, many of the differences between student
outcomes in our study were not significant. Therefore, we cannot make firm
conclusions but only suggest possible reasons for the differences.

We randomly selected 6 students for face-to-face interviews to understand why
some adopted a distributed practice strategy while others adopted a massed practice
strategy. The 6 students were divided into 4 different groups: frequent system usage
with a high final exam score, infrequent system usage with a high final exam score,
frequent system usage with a low final exam score, and infrequent system usage with a
low final exam score. All the students said that time was the most important factor that
prevented them from completing the exercises daily. They were busy with many other
classes. Completing MCQ practice was almost the only method they used to reinforce
their learning. If they did have time, all but one student preferred to practice every other
day. That student felt troubled by having to log into the system and answer questions.
The explanation for why students did not want to practice every day was the cost of
mental context switching [43]. They often needed to prepare themselves for answering
the questions, especially for the questions containing programs. They said that it
usually took 3 to 5 minutes to answer one question. Therefore, it was not worth
answering just one question after having to spend a minute or more to prepare. In
contrast, because answering one or two questions should take less than 10 minutes, it
should be possible to encourage students to do so. How to encourage students in a
similar setting is one of our next projects. Another explanation for why several students
preferred massed practice was that they felt massed practice could lead to a higher
number of correct answers. However, students in the distributed practice group earned a
higher rate of correct answers on their first submission. Therefore, the beliefs of the
students contradicted the truth. It seems that a Self-Regulation Learning tutor might
help students use a better practice strategy, and therefore, lead to improved learning
outcomes [44].
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This study fixed the number of new questions per day at one without regard to
question difficulty. On days when the question was too easy, students may have felt that
answering was not worth logging into the system and completing the question. An
adaptive selection method might be applied to provide students with an appropriate
number of questions at an appropriate level of difficulty [45]. This type of adaptation
might encourage students to adopt a distributed practice strategy.

We expected students to make more comments. However, they made only 11.97
comments per student, including topic-unrelated comments. This was likely because
the comment function was not well introduced to and known of by the students.
Therefore, in the future, we will encourage students to share their thoughts even when
they have answered correctly. Thus, we can increase the power when determining the
correlation between students’ commenting behaviors and their learning outcomes.

5 Conclusion and Limitations

By setting the number of distinct multiple-choice questions and having students
decide how to space their practice sessions, we found that students practiced with
different frequencies. Dividing students into distributed and massed practice strategy
groups based on their practice frequencies, we found that the two groups of students
showed no significant difference for practice time and initial competences but showed a
significant difference in learning outcomes. Therefore, different practice strategies on
multiple choice questions did have an impact on students’ learning outcome. Further
analysis showed that students tended to answer more carefully when they had fewer
questions to practice per session, which likely aided them in better internalizing the
learning materials. As a result, the students in the distributed practice group achieved a
significantly higher percentage of first check correctness and a higher ratio of
topic-related comments that had a marginally significant difference than that of the
students in the massed practice group.

However, the reader should be careful when drawing conclusions. Our study was not
completed in a strictly controlled setting. Completing multiple choice questions was not
the only method the students could use to practice. Therefore, there could be other
factors, such as textbook reading habits and if they did their homework, that might have
affected the students’ learning outcomes. We assumed that students’ learning strategies
using our system were relatively stable throughout the semester. Therefore, the effect of
the other study factors should be reflected in students’ midterm exam scores, which
were similar for the two groups of students. Their midterm exam scores were used as a
covariate in the analysis to exclude the effect of other factors. Even so, readers must be
aware of the above assumption used in this study.

Because our study showed that students tend to learn more when their practice
sessions using multiple choice questions were relatively distributed, our next step is to
require students to practice at prescribed frequencies and observe whether differences
in practice frequency effect learning outcomes.
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