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ABSTRACT
While most efforts to improve students’ learning in computer sci-
ence education have focused on designing new pedagogies or tools,
comparatively little research has focused on redesigning exami-
nations to improve students’ learning. Cognitive science research,
however, has robustly demonstrated that getting students to prac-
tice using their knowledge in testing environments can signifi-
cantly improve learning through a phenomenon known as the
testing effect. The testing effect has been shown to improve learn-
ing more than rehearsal strategies such as re-reading a textbook or
re-watching lectures. In this paper, we present a quasi-experimental
study to examine the effect of using frequent, automated exami-
nations in an advanced computer science course, “Programming
Languages and Compilers” (CS 421). In Fall 2014, students were
given traditional paper-based exams, but in Fall 2015 a computer-
based testing facility enabled the course to offer more frequent
examinations while other aspects of the course were held constant.
A comparison of 292 student scores across the two semesters re-
vealed a significant change in the distribution of students’ grades
with fewer students failing the final examination, and proportion-
ately more students now earning grades of B and C instead. This
data suggests that focusing on redesigning the nature of examina-
tions may indeed be a relatively untapped opportunity to improve
students’ learning.
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1 INTRODUCTION
While most efforts to improve students’ learning in computer sci-
ence education have focused on designing new pedagogies (e.g.,
pair programming [32] and CS unplugged [30]) or new pedagogical
tools (e.g., block languages [36] and informative compiler error
messages [28]), comparatively little research has focused on re-
designing traditional models of assessment. The lack of research
and development on efforts to change the way that we test stu-
dents may mean that we are leaving valuable and viable options
for improving students’ learning untapped. One of the most robust
findings in cognitive science, the testing effect, suggests that we can
improve students by engaging them in more test-taking behaviors
and discouraging them for from engaging only in rehearsal strate-
gies such as rereading the textbook or rewatching a video lecture
[3, 11, 15]. Unfortunately, weaker students are the ones most likely
to persist in these less effective learning strategies [15].

Class sizes continue to grow at the University of Illinois at
Urbana-Champaign, increasing the difficulty of assessing students
in a fair and timely manner. In response to these difficulties, we re-
cently created a engineering college-wide Computer-Based Testing
Facility (CBTF) with the goal of reducing the overhead of adminis-
tering examinations and thus enabling faculty to give more frequent
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and smaller exams to their students. The CBTF provides a central
testing facility with continual proctoring [39]. Rather than schedule
a single hour for an exam with 100 or more students (and after-
wards accommodate any students who cannot attend that hour due
to time conflicts), each student selects an hour that is convenient
for them during an exam window to take a proctored exam [37].
These exams have randomized content to discourage cheating and
enable this asynchronous testing environment [7]. In Spring 2017,
the CBTF ran 37,000 exams for 4,500 students in 18 courses from 5
engineering departments.

During Fall 2015, the enrollment of “Programming Languages
and Compilers” nearly doubled from 104 students to 188 students.
As enrollments had been increasing, the instructors were increas-
ingly concerned that learning outcomes were declining and that
failure rates were rising. From the instructors’ perspective, students
seemed to be relying too much on their peers or other resources
when completing their machine problems (i.e., intensive coding
problem sets) and were not actively engaging on their own. Con-
sequently, the instructors, like many other instructors using the
CBTF, increased the number of times that students were tested in
a semester. In addition to the standard two midterms and a final
examination, students were also tested four times on their under-
standing of their code for week-long machine problems. For the
remainder of this paper, we treat this change in the course as a
quasi-experimental study investigating the effect of using exam-
inations as a learning tool. Most aspects of the course remained
the same between semesters, having the same instructor and ap-
proximately the same assignments. The only major changes made
were the shift from paper-based examinations to computer-based
examinations, and the switch to using short examinations to assess
students’ efforts on and understanding of their machine problems.
We evaluate the impact of these changes on students’ learning by
comparing students’ performance on the final examination from
both semesters. We explore the following research question, did
switching to exam-based assessments for machine problems im-
prove students’ learning in programming languages and compilers?

2 BACKGROUND
Left to their own devices, students typically select study strategies
that tend to be passive and focus on encoding processes such as
rereading a textbook, reviewing notes, or rewatching lectures [15].
Students, especially those who are lowest performing, tend to select
inefficient study strategies. Retrieval practice, often in the form of
test taking, has been shown to produce better long-term retention
in both clinical studies [9, 31] as well as secondary and univer-
sity classrooms [1, 22, 25, 27], compared with restudying materials.
For example, McDermott et al. [27] utilized a within-subjects de-
sign with middle school students where the course material was
randomly assigned to be either tested, restudied, or not tested or
restudied. Students recalled facts at a higher rate for course material
that was tested than for course material that was either restudied
or not tested. Similar results were found for factual recall with
undergraduate students in an online Psychology course [1].

The benefits of retrieval practice, also known as the testing effect
or test-enhanced learning, are likely due to the ways in which
testing facilitates the representation and retrieval of information

stored in memory. Successful retrieval is thought to change the
information’s representation in memory such that it becomes easier
to retrieve in the future [2]. However, the beneficial effects of testing
are also found for items that were answered unsuccessfully during
initial testing, suggesting that merely engaging in retrieval attempts
may potentiate future learning of material [29]. Kornell, Hays, and
Bjork [16] suggest that retrieval attempts during testing facilitate
deep processing of the material, strengthen pathways for correctly
recalled information, and weaken pathways for information which
was incorrectly recalled.

Although most research concerning the testing effect has used
either identical questions or very similar questions as those used
in the retrieval practice, a few studies have demonstrated improve-
ments for rephrased questions [22]. Other studies have shown im-
proved performance on new inferential questions covering previ-
ously tested material [4]. In addition, some studies have found that
retrieval attempts enhances performance on related but untested
material [6, 8, 19]. However, other studies have found no testing
effect for related, but untested material [20, 38].

In the laboratory, much of the research concerning the testing
effect has focused onmemory tasks, while research in the classroom
has utilized content focused on declarative memory, such as word
pairs in second language learning [13], factual recall in psychology
[24, 26], short answer questions in medical education [17], recalling
facts from a lecture [5], and multiple choice questions involving
recalling or applying definitions in a middle school science course
[21]. The benefit of testing on problem-solving tasks, such as those
found in computer science courses, is less clear. Some researchers
have asserted that testing effects are lessened as the complexity of
the information increases [10, 35]. However, other researchers have
documented testing effects for more complex tasks such as reading
comprehension and inference tasks, learning spatial relationships,
and constructing concept maps [12, 14]. For example, McDaniel,
Howard, and Einstein (2009) had undergraduate students read two
passages explaining how pumps and brakes operate [23]. After ei-
ther studying or engaging in retrieval practice, students completed
a free-recall task, multiple-choice factual recall, and a short-answer
inference task that asked them to apply their knowledge about
brakes and pumps in novel ways. Students engaged in retrieval out-
performed students who reread the material on all three measures.
However, retrieval was not more effective than note taking for the
inference task.

To our knowledge, only three studies have examined the ben-
efits of testing in mathematical problem-solving contexts. Leahy,
Hanham, and Sweller [18] engaged elementary students in solving
problems involving reading a bus schedule. Students who engaged
in repeated studying of worked examples outperformed those who
studied an example and then completed practice problems on im-
mediate post-test and performed the same as those who completed
practice problems on a delayed post-test. Van Gog and Kester en-
gaged novices in learning to solve problems involving electrical
circuits by either studying four worked examples or studying two
worked examples followed by attempting to solve two isomorphic
problems [33]. Participants in the study-only condition scored the
same as those in the testing condition on the immediate post-test
and higher on the delayed post-test one week later. Van Gog et al.
compared retrieval versus restudy in students engaged in learning
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problem solving from worked examples across four experiments
and found no advantage for testing over repeated studying for
problem-solving tasks involving electrical circuits or probability
distributions [34]. However, these findings may be the result of
samples with low prior knowledge and motivation to learn from
the worked examples. In these studies, the participants had very
little experience with the topic, indicated by their low pre-study
conceptual scores. In addition, the authors do not indicate whether
the participants received feedback from their retrieval attempts.

3 METHODS
CS 421, “Programming Languages and Compilers”, is a large enroll-
ment (100-200 students per semester) upper division course. Stu-
dents learn about language design principles, abstract data types,
functional programming, and type systems. Students also learn
about the basics of lexing, parsing, syntax-directed translation, se-
mantic analysis, and code generation.

In Fall 2014, 104 students took CS 421. The course administered
11 written homework assignments, 11 machine problems, 2 paper-
based midterm examinations, and a paper-based final examination.
Examinations were composed of short programming problems, a
few computation problems, and a few multiple true-false questions.
In Fall 2015, 188 students took CS 421. That semester, the course
migrated to the CBTF while most other aspects of the course re-
mained unchanged (e.g., students were still given 11 homework
assignments). The content coverage and question structure of the
midterm and final examinations were kept similar (e.g., true/false
questions were kept the same, but students used graphical tools
to draw parse trees rather than create them by hand). However,
the course changed the way that four of the machine problems
were submitted. Rather than turn in code at the end of a week of
work on the problem, students were given a test in the CBTF that
required the students to code one fifth of the machine problem.
Which fifth the students completed was randomly selected by the
testing environment in the CBTF.

As a quasi-experimental study, we argue that most aspects be-
tween the course were held constant. The instructor was the same
both semesters. Students taking the course in Fall 2014 and Fall
2015 had taken similar prior coursework and had spent a similar
number of semesters in the degree program. The number of assign-
ments was held constant. Only the modality of the midterm and
final examinations and the modality of assessment of four machine
problems were changed. As we describe in the next following sub-
section, the instructors strove to maintain parity between semesters
in how students were assessed on midterm and final examinations.
Consequently, we believe that the switch to using the CBTF to test
students’ understanding of the machine problems constituted the
primary treatment for students’ learning.

This sequential study design has the added benefit of avoiding
ethical dilemmas arising from randomly withholding the treatment
from students and the logistical challenges of requiring a single
instructor to run two different versions of the course in parallel.
Although we could not use random assignment for the treatments,
thus limiting the causal claims that we can make, the ecological
validity, large sample size, and similarity of the students provide

a sufficiently controlled and well-powered study to conclude that
the findings from the study may be considered to be robust.

3.1 Details of the computer-based
examinations

The testing environment for the CBTF relies on a web-based home-
work system called PrairieLearn. PrairieLearn is an open-source
platform that provides native support for standard question types
such as multiple-choice, short-answer, and multiple true-false. It
also allows students to upload files such as text files or PDFs. Beyond
these basic functions, the system also allows instructors to supply
their own client- and server-side code to generate new question
types.

When migrating the paper-based midterm and final examina-
tions to the CBTF, the CS 421 instructors used many of the standard
features in an attempt to mirror the content from the paper-based
exams, asking students to complete multiple true-false questions,
provide answers to computation problems in short-answer boxes,
and had students upload text files to be graded manually by the
course staff. The instructors also developed additional tools such as
creating an in-browser code editor that enabled students to write
their code within the PrairieLearn environment rather than write
code in a separate program and upload it.

Further, the instructors developed two libraries using HTML and
JavaScript: one to display proof trees (and have students be able
to identify errors in the proofs) (Figure 1), and another to allow
students to construct proof trees from scratch (Figure 2). Similarly,
the instructors created a library that allowed students to “draw”
parse trees in the browser so that students could demonstrate their
mastery of grammars - in particular, recognizing when a grammar
is ambiguous and how strings can be parsed given an unambiguous
grammar. The instructors created the libraries so that students
could perform similar tasks to what they performed on the paper-
based examinations, maintaining as much parity as possible with
examinations across semesters.

3.2 Analysis
To compare student performance across semesters, we compared
student performance on the final examinations. The final examina-
tion is a stronger measure of student learning than course grades
as there are fewer sources of variation in student grades in a single
examination than over the course of semester (i.e., a student may
get sick and fail to submit an assignment, dramatically reducing
their grade even if the student learned the content). We perform
an independent samples t-test to compare overall student perfor-
mance on the final examination. We perform χ2 tests to compare
the distribution of students’ grades on the final examination.

The statistical analysis reported in this paper was conducted by
a educational psychology graduate student who is not affiliated
with either CS 421 or the CBTF, minimizing bias in the reporting
and interpretation of findings.

4 RESULTS
The mean final exam score was 4% higher in Fall 2015 (mean =
76.8%, sd = 15.6%) than in Fall 2014 (mean = 72.5%, sd = 18.6%). To
determine whether altering the assessment schedule led to greater
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Appendix A

Figures

Figure A.1: A proof tree with checkboxes for identifying mistakes

Figure A.2: A sample proof tree question

23

Figure 1: A proof tree with checkboxes for identifying mistakes.

Figure A.7: A partial proof tree derivation in large view

Figure A.8: A complete proof tree derivation in large view

26

Figure 2: An example complete proof tree derivation.

performance on the final exam, we conducted an independent sam-
ples t-test. The assumption of equal variances was tested with the
folded F-test. The variance was different between the two semesters
(F ′ = 1.43, p = .04), therefore a Satterthwaite correction was used.
Shapiro-Wilk’s tests of normality indicated that the distribution
of exam grades deviated from normality for both semesters. The
central limit theorem suggests that independent samples t-tests
are robust to deviations from normality with large sample sizes.
Since this study employed large samples and the distributions were
similarly negatively skewed, this test is appropriate for the data.
The results indicate that students completing the final exam in Fall
2015 scored higher on the final exam than did students completing
the final exam in Fall 2014 (t(183.1) = 2.01, p = .046) with a small

Table 1: Comparison of mean scores on the final exami-
nation of Programming Languages and Compilers between
Fall 2014 and Fall 2015

Fall 2014 Fall 2015 Effect Size
mean (sd) mean (sd) t-test Cohen’s d

72.5% (18.6%) 76.8% (15.6%) p = .046 d = .25

effect size (d = .25) roughly equivalent to four-tenths of a letter
grade (See Table 1).

Because the instructors were deeply concerned about increasing
failure rates and students failing to achieve core learning objec-
tives, we further examined the effect of the new testing regime on
pass/fail rates in the course. The letter grade on the final exam for
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Figure 3: Final exam score distribution by letter grade.

each student was calculated and the grade distributions for the two
semesters are shown in Figure 3. The grade distributions between
the two semesters were statistically significantly different as mea-
sured by a chi-Square test of independence [χ2(3) = 10.00, p = .02].
The percentage decrease in the number of D/Fs (failing grades) is
proportional to the increase in the number of B/Cs (passing grades).

5 DISCUSSION
This study primarily examined the effect of testing students on their
machine problems rather than simply letting them submit their code
after a week’s worth of work. We found that this increased use of
testing coincided with improved student performance on the final
examination, indicating improved learning. In particular, we found
that the distribution of grades was significantly different between
semesters. After the increased use of testing, the percentage of
failing grades (D/Fs) decreased proportionally with the increase in
the percentage of low passing grades (B/Cs). These findings suggest
that the use of increased testing primarily helped weaker students
who may have otherwise failed the final examination. The stronger
students appeared to be relatively unaffected, as the percentage of
students earning A grades was not substantially different between
semesters.

Alternate explanations of the findings include more lenient grad-
ing, an easier final examination, or an improved test-taking environ-
ment for students. Because the change to the CBTF was concurrent
with the change in assessment philosophy for the machine prob-
lems, it is impossible to tease apart whether the improvement was
environmental or due to the change in assessment strategy. We,
however, argue that these explanations are weaker interpretations
of the data. As mentioned in the methods sections, when making
the switch to the CBTF, the instructors created their tools and ex-
aminations in an effort to maintain parity across semesters. The
instructors actively sought to maintain the rigor of the examina-
tions and went to great lengths to maintain similar modalities of
testing in the CBTF. Additionally, a secondary motivation for the
instructors to switch to the CBTF was to cope with the increasing
scale of the course and to combat some of the ethical challenges
that come with increasing class size (i.e., over-reliance of students
on either their peers or external resources), in turn hopefully both
stopping the decline in grades and motivating students to garner
a greater understanding of the course material. The improvement

in students’ grades was rather much a surprise to the instructors,
rather than a specifically sought after outcome biasing the study.

In contrast, the addition of an individualized test of understand-
ing for the machine problems likely provided additional motiva-
tion for students to develop their own understanding of their code
rather than overly rely on peers. Because students often rely on
rehearsal strategies, such as reading someone else’s code, they eas-
ily mistake familiarity with a solution for understanding of that
solution. Requiring students to demonstrate their understanding in
a test environment likely required students to develop their own
understanding. This explanation is also compelling because we see
that improvements in learning were primarily seen among weaker
students (those earning failing grades). While the strong students
(those earning As) likely were already learning the course content
well before the change, the weaker students were now placed in a
situation that aided their learning.

6 CONCLUSIONS AND FUTUREWORK
This study provides evidence that switching the assessment of stu-
dents’ understanding of an extended coding problem from simply
turning in the code to testing their understanding of a portion of
their code in an exam environment may improve students’ learn-
ing. Critically, this switch significantly lowered the failure rate for
students on the final examination. This finding is particularly excit-
ing as the community continues to grapple with ways to improve
retention rates and reduce failure in all core CS courses. Future
studies will need to tease apart what effect a computer-based testing
environment has relative to traditional paper-based examinations.
Critically, these findings suggest that we should increasingly look
to using the testing effect to improve students’ learning in addition
to our efforts to improve pedagogy and content.
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