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ABSTRACT
Students’ preferences have an impact on their behavior, and be-
haviors can in turn affect student performance. Earlier work has
found that students who tend to work earlier in the course or curse
more in their source code tend to perform better. But could other
types of preferences also affect student performance? In this work,
we examine the relationship between student preferences such as
preferring coffee over tea, and students’ performance in the course.
Our results suggest that certain preferences are related to better
overall performance in the course, but only for certain cohorts of
students. Indeed, this work provides an example of how easy it is
to find statistically significant correlations in educational settings.
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1 INTRODUCTION
Predicting academic performance is a popular research area within
computing education research [10]. While much of the research
on predicting performance has focused on factors that are directly
related to studying, such as time management behavior [6, 12, 14]
and log data gathered from learningmanagement systems [3, 11, 26],
prior work has also found that student demographics can be used to
predict performance [5, 19, 21]. Even blood types [16] and cursing
in code [15] have been found to correlate with performance.

One unexplored area is preferences not directly related to study-
ing. For example, the preference of dogs and cats has been found
to correlate with personality traits [8]. No prior work, however,
has studied whether this preference correlates with programming
performance. Similarly, anecdotal stereotypes suggest that pro-
grammers drink plenty of coffee [17, 24], which makes us wonder
whether a preference of tea over coffee could perhaps be used to
identify poorly performing students? Similarly, while it is common
knowledge that you should never compare apples and oranges, we
bravely go against this conventional wisdom and inquire about
preference of apples over oranges. In this work, we answer the
question “How do the preferences of apples and oranges, cats and
dogs, and coffee and tea correlate with course performance for different
student demographic cohorts?”

Permission to make digital or hard copies of part or all of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for third-party components of this work must be honored.
For all other uses, contact the owner/author(s).
Koli 2022, November17–20, 2022, Koli, Finland
© 2022 Copyright held by the owner/author(s).
ACM ISBN 978-1-4503-9616-5/22/11.
https://doi.org/10.1145/3564721.3565953

2 RESULTS AND DISCUSSION
The data was collected from an online platform that hosts computer
science courses offered by Aalto University. The data consists of the
numbers of exercises completed (i.e., course performance), back-
ground information (age, gender, courses taken and self-estimated
experience) and preferences (apples vs oranges, cats vs dogs, and
coffee vs tea). We compute Mann-Whitney U tests for the different
preference comparison groups separately for each background co-
hort. We compute the rank-biserial correlation as the effect size,
and we denote it as 𝑟 . We choose 𝛼 = 0.05 as our 𝑝-value threshold.
To reduce false discovery rate within the multiple comparisons, we
apply the conservative Bonferroni correction to the 𝑝-values. A
bolded text denotes a 𝑝-value below our chosen 𝛼 = 0.05 and an as-
terisk denotes a 𝑝-value small enough to reject the null hypothesis
of the test after the Bonferroni correction.

Our results (see Table 1) suggest that the studied preferences
are generally not correlated with performance. However, we found
statistically significant results for two cohorts even after multiple
comparisons correction. The two significant findings were that
preferring oranges over apples for 56-65-year-old learners led to
better performance, and a preference of tea over coffee led to better
performance for those with considerable self-estimated program-
ming experience. Both results are surprising, as anecdotal evidence
has suggested opposite results: programming professionals have
a reputation of heavy coffee consumption [17, 24], and who has
heard of well-performing students gifting oranges to their teacher?
We note however, that this study was conducted in Finland, a coun-
try with high overall coffee consumption rate and we are unaware
whether the coffee consumption of programmers deviates from the
country average.

Regardless of going against anecdotal evidence, one could draw
implications from such results. Students between the ages of 56 and
65 who prefer apples over oranges could need additional support,
as could those with considerable programming experience and a
preference towards coffee over tea. A concrete practice teachers
could employwould be to provide fruit and hot drinks to students on
lectures, observe students’ preferences, and then provide additional
support to those with detrimental preferences who – based on our
results – are at risk of poor performance.

In all seriousness, this work highlights the ease of finding spu-
rious statistical significance in an educational research setting. A
worrisome phenomenon known as 𝑝-hacking, i.e., fishing for signif-
icance [1, 22], has become widely known in the scientific commu-
nity, and also acknowledged in the computing education research
community [9]. Combined with the enduring problem of publi-
cation bias [23, 25], it is a major issue when interpreting results,
especially for meta-analyses [7, 18] as distortions in peer-reviewed
evidence accumulate. The term 𝑝-hacking may sound as if it refers
to malicious intent, but it is prone to emerge also accidentally in
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Table 1: Apples vs Oranges, Cats vs Dogs, Coffee vs Tea effect on course completion: Mann-Whitney U test for different cohorts

Apples vs Oranges Cats vs Dogs Coffee vs Tea
Cohort 𝑈1 𝑝 𝑟 𝑈1 𝑝 𝑟 𝑈1 𝑝 𝑟

Age: 18-25 24192.0 0.2769 -0.0588 23269.0 0.9328 0.0048 22022.5 0.8156 0.0136
Age: 26-35 47463.0 0.4123 0.0382 35515.5 0.6023 -0.0271 25271.5 0.0167 -0.1385
Age: 36-45 26056.5 0.2462 0.0628 18710.0 0.8218 -0.0138 15190.5 0.5112 0.0458
Age: 46-55 9084.0 0.0223 0.1639 6087.5 0.5542 -0.0464 4467.0 0.2809 -0.0957
Age: 56-65 236.5 0.0010* -0.4995 318.0 0.0811 -0.2639 240.0 0.4299 -0.1489
Age: 65- 97.0 0.9102 -0.0300 92.5 0.1363 0.4015 29.0 0.0856 -0.4957
Courses taken: 0-1 58356.0 0.2539 0.0506 48908.5 0.8243 0.0105 39118.5 0.9394 0.0040
Courses taken: 2-4 21900.5 0.4279 -0.0441 17474.0 0.2929 -0.0647 17334.5 0.3134 -0.0620
Courses taken: 5-10 11830.0 0.4025 0.0546 7959.0 0.1794 -0.0967 6986.0 0.328 -0.0759
Gender: female 47656.5 0.0811 -0.0791 43627.5 0.1624 -0.0666 36650.5 0.1853 -0.0688
Gender: male 137588.5 0.0104 0.0921 102139.0 0.9471 -0.0026 77614.0 0.084 -0.0751
Gender: other 58.0 0.9491 -0.0252 89.0 0.2765 0.2714 63.5 1.0 -0.0078
Self-estimated experience: 1-2 44449.5 0.6481 0.0215 39290.5 0.506 0.0334 31752.5 0.4878 0.0388
Self-estimated experience: 3-4 23536.5 0.9458 -0.0037 20381.0 0.8244 -0.0130 18790.5 0.4385 0.0486
Self-estimated experience: 5-9 17315.5 0.8598 0.0105 10525.0 0.0325 -0.1464 9525.0 0.00038* -0.2410

exploratory research. This highlights the need to report every step
of the research [4, 27], or even preregister the analysis [2], and
for education on the use and interpretation of 𝑝-values [13]. Is-
sues in reporting inferential statistics, such as not reporting exact
𝑝-values, not applying corrections for multiple tests, and not report-
ing effect sizes are unfortunately common in computing education
literature [20].
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