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ABSTRACT

Students working on programming homework do not receive
the same level of support as in the classroom, relying primarily
on automated feedback from test cases. One low-effort way
to provide more support is by prompting students to compare
their solution to an instructor’s solution, but it is unclear the
best way to design such prompts to support learning. We
designed and deployed a randomized controlled trial during
online programming homework, where we provided students
with an instructor’s solution, and randomized whether they
were prompted to compare their solution to the instructor’s,
to fill in the blanks for a written explanation of the instructor’s solution, to do both, or neither. Our results suggest that
these prompts can effectively engage students in reflecting
on instructor solutions, although the results point to design
trade-offs between the amount of effort that different prompts
require from students and instructors, and their relative impact
on learning.
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INTRODUCTION

For university students who are brand new to programming,
help in mastering key concepts is essential for developing
critical computing skills that can be applied across many disciplines [3, 13]. Learning increasingly takes place during
formative programming homework, often through web-based
systems, where students spend substantial time practicing writing code, but have little support besides knowing which test
cases their code passes [29]. For example, consider a student
trying to write a function that takes in a list of prices and
applies a discount, while ensuring that no item is sold for
less than a dollar. Even if they eventually submit a solution
that passes all the test cases, it does not mean they have fully
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Figure 1. An example instructor’s solution (red, top) with Compare
(blue, center) and Explain (green, bottom) prompts.

understood key concepts (e.g. control structures like if statements and for loops), since students often use trial-and-error
to get to a correct answer [2, 8]. In such cases, how can an
instructor foster greater learning once the student has some
working solution?
One approach would be to provide the student with an instructor’s solution, so the student can compare it to their own
solution. However, it is less clear what the best way to support
such learning would be. Would it be necessary or worthwhile
for the instructor to invest time and effort in designing some
support to help students reflect on the solution?
We draw on prior work in psychology and education that could
be extended to support students to engage with an instructor’s
solution. Literature on comparison suggests it can be beneficial to prompt students to articulate what is similar and
different between examples, as this can help them clarify underlying principles and when to apply them [10]. Might such
benefits extend to comparing a student’s solution to that of the
instructor? Another approach might be to provide an explanation of the instructor’s solution, writing out elaborations of
the concepts and terms, and how they function and relate to
each other, as in a worked-out example [20]. Such approaches
require differential investment by the instructor – explanations
must be created separately for each problem, while a prompt to

compare can easily be used for many different problems. They
also might require differential investment by students – time
students spend engaging in comparison or engaging with explanations is time they might instead spend on other beneficial
activities, like practicing additional homework questions.
The extensive literature on comparison and explanation in
psychology and education tends to focus on theories and laboratory studies [10, 18, 23], or creating entirely new materials
[19, 31], such as mathematics worksheets with carefully designed contrasting examples for K12 students to compare in
class [22]. In contrast, our current work seeks to incorporate
comparison and explanation into existing programming homework, by helping students compare their own solution to that
of an instructor on problems they have already solved, and
we investigate whether this lower-effort intervention can still
promote learning. We also test these ideas in university-level
programming homework, where students have less support
and more discretion in whether to engage with supplemental
prompts to compare or explain, requiring us to understand how
students perceive the benefits of these activities.
We evaluated two kinds of prompts to reflect on an instructor’s
solution, with the goal of supporting students to learn more
from existing programming practice materials. We deployed a
randomized controlled trial during an authentic programming
homework assignment in a large, in-person introductory university course. We provided all students with an instructor’s
solution after they solved a problem, but we independently
varied whether or not they received prompts to: (1) Compare
their solution to an instructor’s, (2) Explain the instructor’s
solution by filling in the blanks of a written explanation.
We found that students spent significantly more time with the
instructor’s solution if given Compare or Explain prompts.
This is notable since, in contrast to a laboratory or classroom
setting, engagement with the instructor’s solution was optional,
and our results suggest that prompts may be needed to encourage engagement. We also saw that time spent to Explain by
filling in the blanks paid off in improved success in solving related problems. However, the evidence that Compare prompts
were beneficial was more suggestive than definitive. Surprisingly, there was no evidence that combining Compare and
Explain resulted in a learning benefit beyond no prompts at all,
despite students spending substantially more time. Our results
suggest that reflection on an instructor’s solution can lead to
learning, even for a problem a student has already solved, but
it depends on how such reflection is scaffolded. Our results
also provide a cautionary note and emphasize interesting directions for future research to understand the contexts under
which multiple such prompts are effective.
This work makes novel contributions by translating laboratory
findings on comparison and explanation into the design of
prompts for a real-world, independent homework setting, and
exploring how multiple prompts interact to impact learning. It
highlights the trade-offs instructors can consider in designing
such activities: between students’ potential learning gains, the
additional time students spend, and the instructor time and
effort to create and implement additional activities.

RELATED WORK
Comparison of Examples

Several laboratory studies in cognitive science provide evidence that providing students with contrasting solution examples to compare improves their learning and transfer in various
contexts [24, 10, 16, 18]. For example, Gentner et al. [10],
presented participants with two written negotiation case studies, showing them either one at a time, or at the same time
with a prompt to compare. They found that the comparison
group performed better on post-test questions and were more
capable of transferring skills to a new scenario [10]. Most of
this work has focused on short, laboratory studies; however,
Rittle-Johnson and Star have extended this work to mathematics classrooms, finding that students who compared multiple
solution methods at the same time promoted greater learning
than students who evaluated one example at a time [21]. However, this work required extensive curriculum development
(e.g. worksheets, teacher training), and the authors noted that
teachers had difficulty knowing when to use comparison, and
what to compare, leading to low adoption and lack of student
improvement [22]. This suggests a need to investigate how
to incorporate comparison into existing problems, rather than
carefully-constructed examples, and whether such comparison
is still beneficial – such as in our current context of asking
students’ to compare their solution to that of an instructor’s.
In the domain of computing education, far less work has been
done on comparison. The primary work comes from Patitsas et
al. [19], who replicated Rittle-Johnson and Star’s results [21]
in a CS class on algorithms and data-structures. They used
worksheets that showed multiple code solutions to a problem,
either one at a time or in parallel. They found that comparing
multiple solutions improved students’ ability to differentiate
important problem features (procedural knowledge), and to
consider multiple ways to solve a problem (flexibility) [19].
However, as Patitsas et al. note, they intentionally studied
students with prior experience in programming, and it is unclear how these results would generalize to novices, which is
the focus of this work. Building on these findings, Villeroy
[31, 32] designed a game-based programming environment,
“CodeStitch,” to encourage students to share, compare and
reflect on their solutions and those of their peers, but they did
not compare this to other approaches. While this literature
suggests the potential learning benefits of comparison in CS,
it is still unclear how students would engage with comparison
during homework, especially with an instructor’s solution.
Scaffolded Self-Explanation Prompts

Another effective technique in engaging students to learn is by
prompting them to self-explain or reflect on a worked example
[5, 7, 20, 23, 34, 35]. Several studies have shown that novices
do not always know how to effectively self-explain when
prompted [6, 14]. Researchers have addressed this by scaffolding self-explanation, such as by asking student to complete
blanks in an explanation [4], which can improve students’ performance, particularly when they are at an early stage of learning [7, 15]. However, in programming courses, it is unclear
how to design effective scaffolded self-explanation prompts to
improve students’ learning. For example, Simon et al. found

that providing students with multiple-choice self-explanation
prompts, instead of open-ended ones, does not help students
in understanding the purpose of simple code fragments [25].
However, Vihavainen et al., studied the long-term learning
benefits of scaffolded self-explanations, and found that embedding multiple choice questions in the self-explanation prompts
benefited students’ learning [30]. We build on this work to
better understand how scaffolded self-explanation prompts can
benefit programming novices.
EXPERIMENT COMPARING REFLECTION PROMPTS

We set out to understand how students engaged with prompts
to reflect on an instructor’s solution through a randomized controlled experiment during programming homework practice in
a real-world classroom.
Design of Prompts. The goal of our prompts was to engage students in reflection after solving a programming practice problem to help them learn, specifically by generalizing principles to solve new, similar problems. We designed
two prompts, shown in Figure 1: 1) Compare and Contrast
(Compare) prompt: An open-ended prompt for the student
to compare their code to the instructor’s; 2) Scaffolded SelfExplanation (Explain) prompt: A step-by-step explanation of
the instructor’s code, with 3 blanks that the student could fill
in using multiple-choice options. We chose comparison and
self-explanation prompts because both have been shown to
address our goal of helping learners generalize their knowledge to solve new problems [10, 33], at least with carefully
constructed examples. The first author created the prompts
by reviewing relevant literature on comparison, explanation
and computing education, consulting with a co-author who
had previously taught the course and run various experiments
on comparison and self-explanation, and inviting input from
the current instructor. The text of the Compare prompt was
chosen based on literature emphasizing the importance of both
similarity and difference in helping identify central rather than
superficial features [10]. Because open-ended questions can
be challenging for novice students [12, 4], the prompt included
one specific example of a comparison students could make:
the use of “control structures (if, for, while, etc.).”
The Explain prompts were constructed for each problem to
convey the reasoning behind each line of the solution code.
The design of the Explain prompt was motivated by robust
findings that worked-out (explained) examples are an effective
way to learn [27, 28], especially when the student also engages
in self-explanation of the example [1, 23], rather than reading
it passively (e.g. in [35]). To encourage this self-explanation
process, we included blanks in the explanation, which the
student had to fill in, testing their understanding of the solution. This scaffolded approach can be more effective for
learning than writing out a whole explanation from scratch [4].
While prior work suggests both prompts can be effective with
carefully constructed examples, ours are novel because they
are designed to encourage reflection on an existing instructor
solution to problems students have already solved correctly,
imposing less authoring burden on instructors. We hypothesize that our reflection prompts will still be needed and useful,
since students can solve problems without fully understanding

their own solutions (e.g. through trial-and-error [2, 8]), but reflection can help students identify these underlying principles
[33]. Even if the the student’s and instructor’s solutions are
similar, comparison may still be useful, since small differences
between examples can be challenging for novices [11] (e.g.
different variable names), and self explanation, even of one’s
own work, is still associated with learning [17].
Population and Procedure: Our study took place in an inperson introductory Computer Science course at a large public
university in Canada, consisting of CS-majors and non-majors
who typically have little to no programming experience. Students were given an optional review assignment following their
midterm exam, which gave them additional practice on two
relevant concepts: loops and variables. The practice consisted
of program writing tasks, completed in an online practice environment. Each problem presented students with a function
stub, which students had to complete based on a brief description, and examples of correct input/output. When students
submitted their code, it was checked with a series of test cases,
which are reported to the student. The practice included 3
pairs of isomorphic problems (3-8 lines of code): 1) A variant of the rainfall problem [26, 9]; 2) Filtering items out of
list; 3) Modifying each item in a list. After solving the first
problem in each pair correctly, a window appeared below the
problem with an intervention, allowing the student to compare
their solution to the instructor’s solution. Students had a 50%
chance of seeing the Compare or Explain prompts, and these
were independent conditions, so students could receive one,
both or neither prompt. We also re-randomized students after
each problem pair, so they could have seen 3 distinct combinations of prompts. In addition to 0-2 prompts, students were
also asked to rate the helpfulness of this intervention to their
learning on a scale of 1 (very unhelpful) to 9 (very helpful).
Answering the prompts was not required, so we also measured
students’ completion rate for the intervention. After each intervention, students completed an isomorphic problem, which
had a similar solution structure but used a different context,
so students had to recognize how and when to apply programming concepts. These problems therefore measured whether
prompts addressed our goal of helping students generalize and
solve similar, new problems, which can be quite challenging
for novices. After the study, students were asked to complete
a survey with open-ended prompts asking them to write about
their experience with the prompts, such as what they found
helpful and unhelpful.
Analysis and Results

We analyzed 233 problem pair attempts from 109 students1 .
We set out to understand how students engaged with the different prompts (how frequently, for how long, and how willingly?), and the prompts’ potential costs and learning benefits. When comparing a measure (e.g. helpfulness rating)
across conditions, we used a 2-way ANOVA, based on a linear
mixed-effects model, investigating the main effects of having
Compare and Explain prompts, as well as the interaction effect
between them. To account for analyzing multiple attempts
1 We removed 73 attempts which were done in the wrong order or
which lost data from a logging error (uniform across conditions).
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Table 1. For each condition, the total number of problem pairs recorded,
tests passed (mean and SD), time spent on the intervention, percent of
students who completed the intervention, and its rating (1-9).
Prompts
n
Tests Passed
Time (m)
Compl. Rating
None
61 57.8% (46.0) 0.40 (0.50) –
6.89 (1.52)
Explain
52 74.5% (40.1) 1.88 (1.42) 59.6%
6.68 (1.42)
Compare 53 70.3% (42.2) 1.19 (0.86) 67.9%
7.06 (1.83)
Both
67 61.5% (44.5) 2.44 (1.38) 62.7%
7.02 (1.49)
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Figure 3. Boxplots of tests passed on students’ first submission on the
problem pair after the intervention, with mean and standard error bars.
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Figure 2. Boxplots of time spent completing the intervention, with mean
and standard error bars, and the number of students who did so (n).

from each student, our model included a random effect for the
student. Below we summarize our primary findings:
Most students completed the optional prompts and found the
intervention helpful for their learning. As shown in Table 1,
students completed prompts 60-68% of the time (submitting
the open-ended or multiple-choice questions). Those students
rated the intervention as helpful for their learning, with an
average around 7 out of 9 and less than 3% of responses rating
it below 5 (neutral). However, we found no evidence that the
prompts impacted the ratings. An ANOVA showed no significant main effect of Compare (χ 2 (1) = 0.023; p = 0.879)
or Explain (χ 2 (1) = 0.349; p = 0.555) prompts. While there
was a significant interaction effect (χ 2 (1) = 4.32; p = 0.038),
post-hoc t-tests showed no significant differences among conditions. A χ 2 test showed no significant relationship between
the prompt condition and frequency of completing the intervention (χ 2 (2) = 1.33; p = 0.514). We also found that
students who got the first problem pair right on their first try
were as likely to complete the intervention (n = 78; 67.9%) as
those who did not (n = 94; 59.6%): χ 2 (1) = 0.952, p = 0.329,
suggesting that both more and less successful students were
willing to engage with prompts.
Students with prompts spent significantly more time2 on the
intervention. As shown in Table 1 and Figure 2, students with
no prompts spent less than 30s on average looking at solutions, suggesting minimal engagement with the instructor’s
solution, while those with prompts spent 3-6 times as long.
An ANOVA shows that there is a significant main effect of
receiving both Compare (χ 2 (1) = 12.2; p < 0.001) and Explain (χ 2 (1) = 52.2; p < 0.001) prompts, but no interaction
2 We capped this time at 5 minutes for analysis (affecting 7% of
attempts), since some students took 30+ minutes.

effect (χ 2 (1) = 0.233; p = 0.630). This suggests that the each
prompt independently increases the time spent, but there is not
time cost or savings from seeing both together.
Students passed significantly more tests3 on subsequent, isomorphic problems when they received only Explain prompts.
As shown in Table 1 and Figure 3, students who received
only Compare or Explain prompts performed better than those
without, but those with both prompts did no better than those
with none. An ANOVA shows a significant interaction effect
(χ 2 (1) = 5.19; p = 0.023), so we therefore performed post
hoc pairwise t-tests among each condition. This revealed a
significant difference only between those with no prompts and
those with only Explain prompts (t(110.9) = 2.07; p = 0.041;
Cohen’s d = 0.386) This suggests that a single Explain prompt
may improve performance, but it is unclear whether additional
prompts help, or even hinder performance.
Student’s Open-ended Responses

Guided by key questions raised by our quantitative results, we
analyzed students’ responses to open-ended Compare prompts
and survey questions and report prevalent themes below.
What did students write in Compare prompts? Responses were
overall quite short (median 10 words), with most students
simply stating that there were no differences between their
solution and the instructor’s besides variable names. For those
who noted differences, many pointed to superficial, syntactic
program differences, e.g. “I used two loops,” rather than
high-level differences in approach (e.g. why the student used
two loops). Many specifically noted their use of for or if
(19.7% of responses included both), which was suggested by
the prompt itself. When students did note differences between
their solution and the instructor’s, most did so objectively
“I used for-loops and if-statements, I did not use the max
function,” but a small number added value judgements, e.g.
“I over-complicated the solution” or “this solution is cleaner
than mine.”
What value did students find in reflecting on an instructor’s
solution? Students noted that prompts were useful in confirm3 We used the percentage of test cases passed on a student’s first code
submission, since students eventually succeeded 98.7% of the time.

ing the correctness of their solution process: “let me know my
thoughts are in the right place.” They were also perceived to
help solidify or deepen existing knowledge: “makes me revisit
the questions and understand the concepts further.” This process may also elicit new perspectives on the problem: “They
really helped me understand the material to the next level since
they started getting me to think about something that I didn’t
realize and that might be a problem for me.” Occasionally, students noted positive feelings that could arise from this process:
“Looking at other people’s solution inspired me a lot.”
How did students choose whether to engage with prompts?
When asked when they were likely to respond to prompts, students’ responses made clear that they were actively weighing
perceived costs and benefits when making this choice. One primary cost was time: “I didn’t want to spend more time on the
problems than I needed to.” This cost was context-dependent,
e.g. based on how late the student started the assignment: “I
would write when there’s enough time. However, if I forgot to
do the exercise early and I am in a hurry, I would not write it.”
The perceived value of prompts was also context-dependent,
particularly based on a students’ confidence: “If we do know
the answer, the prompt is mainly a waste of time.”
DISCUSSION

Our goal was to understand how students engage with different
prompts to reflect on an instructor’s solution. Our results show
that overall, students were willing to engage with the optional
(ungraded) prompts (60-68% of the time), and rated them as
helpful to their learning (7 out of 9). In particular, prompts
engaged students with the instructor’s solution for much longer
(3-6 times as long, on average) than the solution alone. This
suggests that comparison and explanation prompts, which can
improve learning in laboratory or classroom settings [21, 19,
15], are also viable in online programming homework, where
students have much more control over which learning content
they engage with and answering prompts is optional. Given
that students were engaging with solutions to problems they
had already completed, one could have predicted that students
would see this as redundant or a poor use of time. However,
our results suggest that when instructors incorporate such
prompts, even when they are optional, this can substantially
increase the time students spend with the solution.
We also found that this time spent engaging with prompts
can translate into increased learning for the student, but does
not necessarily do so. We saw a significant benefit of Explain prompts. We hypothesize that this was due in part to
the prompts helping students extract underlying principles
and apply them in the isomorphic problems, as in prior work
[33]. There was suggestive but less decisive evidence for the
learning benefit of our implementation of Compare prompts.
This highlights an important trade-off: students can learn
more from prompts, but also spend additional time with such
prompts (about 1-2 minutes on average). This time could
have been spent on other learning content (e.g. additional
problems). However, it is possible that these activities are not
mutually exclusive, and prompts may simply increase the total
time students are willing to spend on coursework. Students’
survey responses show that they often weigh these time costs

and learning benefits when considering how to engage with
learning content.
Our results showed no evidence for a benefit of combining
Compare and Explain prompts, as this took additional time but
did not result in improved performance beyond no prompts at
all. In fact, adding additional prompts may have even hindered
performance compared to single prompts (Figure 3). The latter
result is surprising, and we interpret it cautiously. We found
no evidence that students were less likely to complete the
combined prompts, or that they engaged less with them (e.g.
wrote less in the Compare prompt), so further work is needed
to verify this. Still, these results suggests that in a real-world
setting, combining interventions may have unexpected results.
There are a number of possible explanations for why our design of Compare prompts had a less clear impact on learning
compared to Explain prompts. Many students noted that their
solution was nearly identical to the instructor’s, and some
noted that this diminished the prompts’ usefulness. Prior work
on comparison uses carefully constructed, contrasting example
pairs [10, 21], and our results show that on real homework
problems, there can be fewer contrasting strategies. Our particular choice of Compare prompt, which specifically suggested
looking at differences in control structures (e.g. for, if),
may have also led to shallow responses, since many students
discussed only syntactic, rather than high-level features.
Another explanation for the difference between the impact of
Compare and Explain prompts is that Explain prompts offered
students additional, task-specific learning content (the explanation itself), while the Compare prompt was generic across
problems. This highlights another potential trade-off between
the usefulness of a prompt and the authoring burden on the
instructor. Is the learning benefit worth the additional cost of
authoring prompts for each existing problem, and maintaining those prompts as problems are updated? Designers and
researchers may want to consider this trade-off when recommending interventions to instructors.
LIMITATIONS & FUTURE WORK

Our results, especially with respect to student performance,
should be interpreted cautiously, since in this initial study
with a smaller population we did not correct for multiple post
hoc statistical tests. Additionally, our learning measure (tests
passed on the first submission on a later, isomorphic problem)
had limitations. A student may not always be trying to fully
solve the problem in their first code submission; however, our
results suggest this was rare and would have been evenly distributed across conditions. Our study also focused on prompts’
impact on students’ ability to solve similar problems and does
not address farther transfer.
Despite these limitations, our results are still valuable, as they
suggest clear hypotheses (Explain prompts promote learning)
and open questions (when are Compare prompts useful?; do
multiple prompts help?) that motivate future work on prompts
to compare to instructors’ solutions. This work should explore
prompts’ effectiveness for multiple programming concepts
(beyond loops and lists), and other contextual factors (e.g. timing, difficulty). Future work should also explore the classes

of differences between the students’ solutions and the instructor’s solution, and how these differences impact the prompts’
usefulness. Students in each of our conditions had access
to the same instructor solution, so we cannot evaluate how
useful the solution itself was. Future work could therefore
explore how similar prompts to encourage reflection could be
used with different solutions, such as other students’ correct
or even incorrect solutions. Lastly, our analysis of students’
open-ended responses only highlighted high-level themes, and
future qualitative work may yield valuable insight into students’ perspectives on our specific design decisions.
CONCLUSION

This paper presented a randomized controlled trial evaluating
two optional prompts to encourage reflection on an instructor’s
solution during online programming practice. These prompts
were designed based on prior literature from cognitive and
learning sciences, as well as instructor experiences and knowledge of the specific domain and task students had to perform,
which can help inform future work in the design of reflection
prompts in related contexts. Our results offer insight into how
students engage with comparison and self-explanation, and
the interaction between the two, in the novel context of reflecting on an instructor’s solution, rather than carefully designed
examples. We found that despite being optional, students are
generally willing to engage with prompts, rating them highly
and spending considerable time with them. We ground those
findings in students’ written responses to prompts and survey
questions, suggesting why students may see value in and benefit from further engagement with the instructor’s solution. Our
results also provide insight into how design choices in prompts
(e.g. task specificity) can create trade-offs between student
learning and student time, as well as instructor authoring burden.
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