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Abstract

The Beckerian view that ‘fun’ can be productive has new fertile appli-
cations in education, where interactive activities such as videogame tasks
(consumption-intensive) are being used alongside standard instructions (work-
intensive). The implications of this transformation for equity, efficiency and
academic performance have gone largely unexplored, both theoretically and
empirically. This paper presents the first estimates of the causal effect of a
videogame task on students” academic choices and performance and offers a
simple model to flesh out potential mechanisms and policy implications. Our
empirical results are consistent with a model where low-performing students
benefit more from consumption-intensive education, owing to an increase in
the productivity of leisure hours and a decrease in the likelihood of procras-
tination. The impacts are large, with students who had access to this simple
videogame task scoring 9.05% higher in their final exam. They also take more
courses on related subjects, being more likely to graduate with degrees in the

same field.

“We are grateful to Dimitris Christelis, David Figlio, Krzysiek Karbownik, Sujata Visaria and
seminar and conference participants to many institutions for helpful discussions. We also thank
Kate Benett, Laura Castrique, Michelle Florance, Claudio Sissa and Chong Eng Tay for outstand-
ing support with the administrative records. Holden acknowledges support from the Australian
Research Council (ARC) Future Fellowship FT130101159.

TUNSW Business School and CEPAR, dobrescu@unsw.edu.au.

TUNSW Business School, richard.holden@unsw.edu.au.

$UNSW Business School, motta@unsw.edu.au.

TUniversity of Technology Sydney, chunyee.wong@chere.uts.edu.au.


mailto:dobrescu@unsw.edu.au
mailto:richard.holden@unsw.edu.au
mailto:motta@unsw.edu.au
mailto:chunyee.wong@chere.uts.edu.au

1 Introduction

In his seminal work on time allocation, Becker (1965) formalized the idea that fun
is not necessarily unproductive. A considerable amount of sleep, food and even
play indirectly contribute to our ability to work. The same applies to a business
lunch, a good diet or relaxation. Based on this observation, he proposed to cate-
gorize commodities depending on their relative contribution to consumption and

work.

Pure-consumption would be a limiting commodity that does not contribute to
work at all. Intermediated commodities would simultaneously contribute to both
work and consumption, and pure-work would occupy the opposite side of the

spectrum.

In education, fun is becoming an integral part of the learning experience. Inter-
active activities such as videogames (traditionally a consumption-intensive com-
modity) are currently being used alongside standard modes of instruction (tradi-
tionally a work-intensive commodity) and are set to continue to do so even more
in the future (Cowen and Tabarrok, 2014; FAS, 2006).

These advancements in educational design and methods highlight two main
points of departure from Becker’s model: (i) not only consumption-intensive in-
structions have the potential to contribute indirectly to work (by increasing the
productivity of study-hours), they can also do so directly (by substituting tradi-
tional instructions altogether); (ii) given that educators can choose between al-
ternative approaches, the work- and consumption-intensiveness of the learning

experience is an important design choice.

This transformation of education raises many interesting questions that add to
the larger debate on computer-aided learning (Banerjee et al., 2007; Muralidharan,
Singh, and Ganimian, 2016), incentives in education (Fryer, Devi, Holden, 2016), dig-
ital learning (Donovan et al., 2006; Figlio et al., 2013), learning outcomes (Angrist et
al., 2013; Fryer, 2014; Chetty et all., 2014a and 2014b; Abdulkadiroglu et al., 2014a;
Dobbie and Fryer, 2015; Figlio et al., 2015), and equity (Fryer and Katz, 2013; Fryer
and Levitt, 2013; Dobbie and Fryer, 2014; Abdulkadiroglu et al., 2014b; Figlio et



al., 2016): What is the optimal educational design? Does consumption-intensive
education impact high- and low-performing students differently? Is there an un-
derlying trade-off between equity and efficiency when education becomes more
consumption-intensive? Can consumption-intensive instructions benefit those
environments, such as on-line learning, that are afflicted by last minute cramming

and engagement issues?

A natural reaction to this research agenda is to question whether education
can indeed be transformed into a commodity that is, at once, both work- and
consumption-intensive. If the educator could just ramp up both contributions
and make education fun and productive — say, by using effective videogame
tasks — the policy implications would be remarkable. Surprisingly, even though
videogame tasks have been around for a while and have already been labelled
in various circles either as a panacea or as a terrible danger, our literature review
suggests that there is virtually no clean (causal) evidence to support any policy

statement either way.!

In this paper, we address the lack of empirical evidence by first developing a
custom-made videogame task. We then run an experiment to obtain causal ev-
idence of its impact on the academic performance of a large student sample in
a research-intensive selective university. Next, we develop a simple theoretical
model to clarify the underlying mechanisms and flesh out some general policy
implications. Finally, we turn to the long-run effects of our intervention by exam-

ining its impact on one’s subsequent academic career.

We start with the canonical labour model where a student decides how much

1Up to our best knowledge, only Dobrescu et al. (2015) evaluates the effectiveness of educa-
tional videogames in economics via lab experiments that contrast game-playing with traditional
textbook learning. They find no evidence that playing the videogame led to lower exam scores
than reading a textbook, in either multi-choice or essay questions. These findings, however, are
based on a relatively small student sample that played the game or read the textbook for only
1 hour before being tested, which may present issues related to the treatment conditions being
exogenously assigned rather than endogenously self-selected by students (i.e., a rational learning
model would predict that students optimally allocate more time to studying when the available
material is a more engaging game rather than a less enjoyable textbook). Beyond educational
videogames, several studies focus on computer-based simulations, but none presents evidence
from clean experiments comparing alternative pedagogies. And even in these cases, findings are
generally mixed (Sitzmann, 2011; Wouters et al., 2013).



time to spend on a pure-work activity (study) and on a pure-consumption activ-
ity (leisure). We assume that student’s academic performance (i.e., the student’s
test score) improves with the number of hours spent studying. We then consider
a cross-section of students that are otherwise identical, except for their relative
preferences for academic performance and leisure. This setup implies that stu-
dents who care more about academic performance end up devoting more time to

studying and so, they obtain higher marks.

Next, we examine the impact of a policy that increases the work-intensiveness
of traditional instructions, effectively making study-hours more productive. This
policy reduces the relative price of studying vis-a-vis leisure and ultimately im-
proves the academic performance of all types of students by increasing the amount
of study-hours. However, for a large class of utility functions, we show that this
policy benefits high-performing students more than low-performing ones, and
therefore widens the educational gap. The intuition is particularly straightfor-
ward if one specializes the utility function to Cobb-Douglas: high-performing
students spend a larger fraction of their day studying and so, they will benefit

relatively more from an increase in the productivity of study-hours.

We then examine a second policy that increases the work-intensiveness of
leisure, i.e., the hours spent on leisure now positively affect a student’s marks.?
This policy changes the endowment: the effective number of daily hours increases
because the student can now engage in an activity that contributes to both work
and consumption. Contrary to the first policy, this one reduces the relative price of
leisure. The ensuing increase in the number of (now productive) leisure-hours in-
duces an increase in academic performance across the board. This time, however,
low-performing students benefit more than high-performing students, because

they devote a larger fraction of their day to leisure.

A first implication of the model is that an increase in the work-intensiveness
of both leisure and studying is required for a policy to be equitable. Any other

policy would benefit specific sub-groups differentially. Keeping this in mind, it

2Same results would be obtained if one were to interpret this as an increase in consumption-
intensiveness of study-hours; in our model, the difference between the two policies is merely a
matter of semantics.



is possible to carefully design a policy that is equivalent to a lump-sum transfer
— essentially a parallel shift to the right of the budget constraint, with no price

distortion and therefore no substitution effect.

The theory also offers some testable predictions. If an intervention makes
leisure productive — for example, by introducing a videogame task — we must
observe positive treatment effects across the board (owing to work-intensiveness
of productive leisure) and larger effects for low-performing students (owing to
consumption-intensiveness of productive leisure). If the videogame task succeeds
in making leisure productive, then we must also observe that students play it
even if the game is un-incentivized, anonymous, and covers material that is al-
ready available in traditional forms (such as the textbook and slides). By the same

token, we should observe no last minute cramming in its usage.

In a subsequent section of the paper we explore a dynamic version of our
model where academic performance is not realized instantly — it is instead re-
vealed at a later date when the student sits an exam. Hence, the cost of studying
(i.e., forgone leisure hours) is incurred immediately, whereas the reward (i.e., the
mark) is accrued in the future. If some form of present-bias is allowed, this frame-
work is well known (Laibson, 1997; Fischer, 2001) to give rise to time-inconsistent
behaviors whereby students procrastinate studying. Our model predicts that stu-
dents who are less subject to the need for instant gratification outperform stu-
dents suffering from present-bias. A switch to consumption-intensive instruc-
tions makes present-biased students behave as if they were less time-inconsistent
because part of the learning experience — the part that is carried out via leisure —
is not procrastinated. Hence, as in the static version of the model, low-performing
students should benefit more: they share the same educational gains high-performing
students experience, plus they benefit from the reduction in procrastination. Un-
like the static model though, the dynamic version offers an additional testable pre-
diction: the later the exam date, the more the time-inconsistent students should
gain from consumption-intensive instructions. This is because procrastination is

more of a problem when the study period is longer.

In order to test the predictions of the model, a videogame task was especially



crafted to capture the basic elements of a videogame while maintaining full con-
sistency with the course material. Specifically, using the Comparative Advantage
chapter from the recommended course textbook, we: (i) gave the model a visual
representation using 3D graphics, (ii) allowed students to make economic deci-
sions by controlling an agent in the model, (iii) designed the objectives of the
game to match the exercises that appear in the main text of the chapter, (iv) pre-
sented the traditional (textbook) definitions via a media library, and (v) created a

score system to capture whether students made the correct choices.

To assess its impact on academic performance, we use administrative data
on the student population enrolled in a “Principles of Microeconomics” course
taught at a large selective research-intensive university. This is one of the largest
and most diverse courses: in a typical year, enrollments count more than 2,300
students, coming from 54 countries (and speaking 66 languages). The period un-
der investigation covers four semesters over the academic period 2012-2013. Our
treatment group consists of all students enrolled in the course in Semester 1 2013,
while our control includes all those taking the course in Semester 1 2012; the only
difference between these semesters is that in Semester 1 2013 the videogame mod-
ule was also made available. Of course, our approach could be problematic if the
2012 and 2013 cohorts were systematically different. To rule out this possibility,
we control for a number of observable student characteristics and we run a series
of placebo tests using various invigilated assessments (the game covered specific
examinable material) and further exploiting the fact that neither Semester 2 2012
nor Semester 2 2013 students had access to the game - see Section 3.4.) During both
our treatment and control semesters an independent lecturer-in-charge (taking no
part in this research) served as the course administrator. The team of lecturers
and their student allocations were also virtually identical. The game was made
available (without previous notice) during Week 2 of classes, it covered half of the
content taught in that week and was offered in addition to the pre-existing (2012)
teaching materials. Neither the students nor the lecturer-in-charge knew that the

videogame task would be offered in Semester 1 2013.

Having this framework in place, we test the following theoretical predictions:



(i) The videogame is engaging even in the absence of explicit incentives (con-sumption-
intensiveness of productive leisure). To test this hypothesis, we took a conservative
approach and stacked the cards against the videogame task. We did so by de-
signing our experiment in such a way that completing the videogame task was
completely un-incentivized, voluntary and anonymous: the game was made pub-
licly available, but playing was optional, it brought no marks, no login credentials
were required and students could play it anytime at their own convenience. This
design heavily disadvantaged the videogame relative to traditional online instruc-
tion, both in terms of usage and potential impact, as optional material is usually
disregarded by most students and the lack of a deadline is likely to encourage last
minute cramming. Despite all this, we find no evidence of last minute cramming
or lack of engagement. If anything, there seems to be a premiere effect: the game
usage spiked in the very first days after its release, well ahead of the first mid-term
exam date. Usage was also substantial, with aggregate server data showing that
only in the first six weeks of deployment, the videogame module was roughly
completed 1,300 times for a total of over 1,900 hours of game-play.®> This suggests
that a considerable proportion of students might have played the game at least to

some degree.

(ii) The videogame generates positive treatment effects across the board (work-intensive-
ness of productive leisure) and larger effects for low-performing students (consumption-
intensiveness of productive leisure). We begin by comparing the average marks from
Semester 1 2012 (the control group) and Semester 1 2013 (the treatment group).
There are three invigilated exams that we can use to compare marks across years:
the Week-5 and Week-9 mid-term exams (based on essay questions) and the final
exam (based on machine-graded multiple choice questions). The questions for all

exams where drawn from a preexisting database of uniformly difficult questions.

The videogame covered roughly 20% and 10% of the assessable material for
the Week-5 mid-term and the final exam, respectively. After controlling for a
number of observables, including lecturer and tutor/marker fixed effects, we find
that students who have been exposed to the videogame attained 8.35% and 9.05%

higher mean scores in their Week-5 mid-term and final exam respectively, com-

3Completing the videogame task (including all videos) was designed to take 1 hour on average.

6



pared to those who did not have access to the game. This positive result holds for
both men and women, and appears stronger for students enrolled in Economics &
Commerce or Science, Technology, Engineering and Mathematics (STEM). Over-
all, these impacts are remarkable given that the videogame covered only a fraction
of the overall assessable material and that it was non-compulsory material. They
also suggest that playing the game might have generated persistent dynamic com-
plementarities (Cunha and Heckman, 2007) or perhaps that playing the game had

a differential effect depending on the type of exam questions.

Our approach could be problematic however if the 2012 and 2013 cohorts, de-
spite being remarkably similar in terms of observable characteristics, were sys-
tematically different in some other way. If that were the case, our result could
be driven by the fact the 2013 students were simply better than their 2012 coun-
terparts. To rule out this possibility, we look at the Semester 1 results from the
Week-9 mid-term exam. The videogame task covered none of the assessable ma-
terial for this test; in fact, the model presented in the game (Ricardo’s model of
Comparative Advantage) has almost nothing in common with the Demand and
Supply model that forms the backbone of the Week-9 mid-term exam. Arguably
then, if students were better in Semester 1 2013 relative to Semester 1 2012, they
should have scored higher marks in the Week-9 exam as well. Our results do not
support this hypothesis, as the difference in average marks appears to be statis-
tically insignificant. As a further robustness check, we compare the marks of the
students enrolled in Semester 2 2012 and Semester 2 2013. Both groups of students
were not exposed to the videogame. Again, if there were a general cohort effect,
we would observe that Semester 2 2013 students performed better than their 2012
counterparts at least in some of the assessments. This conjecture is not supported
by the data, as we do not find robust and statistically significant differences in any

of the three exams (i.e., Week-5, Week-9 or final exam).

An additional concern with our results is that they could be driven by the very
nature of the essay questions as a form of assessment: it is hard to mark essay
questions consistently and it is possible that some confounding factors remain
even after controlling for the marker fixed effect. This criticism, however, would

not apply to our results concerning the final exam, which was solely based on



multiple-choice questions graded by a machine.

We next attempt to unpack some of the heterogeneity we see in our estimates.
First, our positive game effects appear remarkably robust across various subsam-
ples. They are particularly strong for the final exam of female students and, as
mentioned, for students studying Economics & Commerce or STEM. Second, we
find asymmetries in the exam scores responses to this new learning tool at differ-
ent points of the students” performance distribution that are consistent with the
prediction of the model: the positive effect of the game is large and robust for all

score quantiles, but particularly so for lower score quantiles.

(iii) The later the exam date the larger the treatment effect for low-performing stu-
dents both in absolute terms and relative to high-performing students. We find that the
positive effect of the game features an increasing pattern for the score quantiles of
the Week-5 mid-term, and a decreasing pattern for the final exam score. This con-
firms the hypothesis that low-performing students benefit more when the study
period is longer, while the relationship is reversed for high-performing students.
It is worth noticing that the final exam covers the same material as the Week-5
mid-term (i.e., the material from Week 1 to 3) plus all the remaining content up to
Week 12.

(iv) The videogame benefits those environments, such as on-line learning, that are
afflicted by last minute cramming and engagement issues. Our results confirm this
conjecture. A discussion of our contribution to the literature on on-line learning

is postponed to Section 4.

(v) The videogame benefits face-to-face learning environment. To assess whether
videogames could also enhance live lectures, in Semester 1 2013 we randomly as-
signed an additional treatment in which the videogame was used during one of
the Week 2 face-to-face lectures as a full substitute for the usual power point slides.
This condition yielded no significant estimates suggesting that the videogame

task in its current state was unable to enhance live lectures.

(vi) The videogame increases students’ attitudes toward Economic subjects and de-
grees. We finally turn to the log-run impacts of our intervention, by examining the

academic performance during the following semesters, until graduation. We are



interested in whether the videogame task affected subsequent course choices and
scores (overall and in related courses), degree field or graduation timing for those
with access to it. Given the task’s limited scope, we expect no long-lasting effects.
This is generally true with two noteworthy exceptions: we find that treated stu-
dents end up taking one more Economics course than their control counterparts,
with most of the effect coming from them having roughly 10% higher chances to

complete an Economics & Commerce degree.

The remainder of the paper is organized as follows: Section 2 presents our
model. In Section 3 we describe the videogame task and the data, discuss our
empirical methodology and main results, and conduct several robustness checks
and subsample analysis. In Section 4 we develop a dynamic version of the model
with time-inconsistency and discuss the implications of our findings for on-line

learning. Section 5 concludes.

2 A Simple Model

Consider a textbook labour model where a student chooses how many hours to
allocate to studying (S) and leisure (L). The academic production function is given
by M = ¢,S + ¢;L, where ¢, and ¢; capture the relative contribution of leisure and
study to the student’s mark (/). To begin with, consider the case where ¢; = 0,
which corresponds to the canonical model where leisure does not contribute to
work. For the sake of simplicity, also assume that ¢, = 1 so that each additional

hour of study increases the student’s mark by 1 point.

With L denoting the maximum amount of available hours, the budget con-
straint is
M=L-L.

The student’s utility function f (M, L) is well-behaved and increasing in both marks
and leisure. In Becker’s terminology, our assumptions on ¢, and ¢;, and our choice
of utility function imply that studying is a pure-work commodity (i.e., it does not
contribute to utility directly) and leisure is a pure-consumption commodity (i.e., it

does not contribute to work). Panel A in Figure 1 depicts the optimal marks (M p
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and Mpp) for two students (respectively, low- and high-performing) that are oth-

erwise identical, except for their relative preferences for marks and leisure.*

2.1 Policy: Increase in Work-Intensiveness of Studying

A policy that increases the work-intensiveness of studying is effectively making
study-hours more productive so that M = c¢,S, with ¢, > 1. The budget constraint
becomes

M =c,(L—L).

Panel B in Figure 1 presents the impact of this policy on both low- and high-
performing students for Cobb-Douglas utility. High-performing students benefit
more from this policy because they devote a larger fraction of their time-budget to
studying. The same results would be obtained for a large class of standard utility

functions.

2.2 Policy: Increase in Work-Intensiveness of Leisure

A policy that increases the work-intensiveness of leisure makes leisure productive
so that M = S + ¢ L, where 0 < ¢; < 1 captures the contribution of leisure to
work.” If ¢, = 1, leisure contributes to work as much as study-hours do. The

budget constraint becomes

M=T-(1-¢)L.

Panel C in Figure 1 presents the impact of this policy on both low- and high-

performing students for Cobb-Douglas utility. Low-performing students benefit

4In the benchmark version of the model, we look at a cross section of students that are otherwise
identical except for their preferences. It is quite straightforward to extend our model to allow for
more heterogeneity — for example, in the form of varying abilities. Qualitatively, our results
would remain unchanged, while the analysis would encompass a larger number of sub-groups,
each one defined by different distributions of students traits.

°In this section we consider a policy aimed at increasing the work-intensiveness of leisure.
Same results would obtain if one were to interpret this policy as increasing the consumption-
intensiveness of study-hours instead. In our model, the difference between such policies is merely
a matter of semantics.
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Figure 1 — Labor supply for low- & high-performing students in the absence
of any intervention (Panel A); Treatment effects of a policy that increases the
work-intensiveness of study (Panel B) and the work-intensiveness of leisure
— with (Panel D) and without (Panel C) binding upper bound on productive
leisure hours.
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more from this policy because they devote a larger fraction of their time to leisure.

As before, this results is robust to a large class of utility functions.

In the context of this policy, it is natural to imagine that there might be an upper
bound to the number of hours that one can devote to “productive” leisure. For ex-
ample, the re-playability of a videogame task might be limited. This would make
it infeasible for a student to devote all her leisure hours to productive leisure.
Denote this upper bound by Lyum.. When L > L. the budget constraint is
amended as follows:

M =T+ Lyame — L

Panel D in Figure 1 depicts the optimal allocation of hours with a binding upper

bound on productive leisure hours. Our results are qualitatively unchanged.

2.3 Testable Predictions

If an intervention (such as the introduction of a videogame task) successfully
increases the work-intensiveness of leisure then (i) it should generate positive
treatment effects for both low- and high- performing students (owing to work-
intensiveness of leisure); (ii) the treatment effects should be larger for low-performing
students (owing to consumption-intensiveness of leisure); (iii) students should en-
gage with the videogame task even in the absence of explicit incentives (owing to

consumption-intensiveness of leisure).

2.4 Policy Implications: Equity vs Efficiency

Our model suggests that any policy will disproportionally benefit specific sub-
groups of students unless it increases the work-effectiveness of both leisure and
study. This also implies that a budget-constrained policy maker whose objective
is to maximizes the aggregate academic gains, will likely to do so at the expenses

of equity. Hence, the usual trade-off applies.

Panel A in Figure 2 presents an alternative policy that is carefully designed

to equalize the treatment effects across student groups. A quick inspection re-
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Figure 2 — A policy that increases the work-intensiveness of both study and
leisure and (i) generates equal treatment effects (Panel A), (ii) is equivalent to
a lump-sum transfer (Panel B) with no price distortions.

veals that this can be achieved by increasing work-effectiveness of both leisure
and study. By manipulating work-effectiveness this way, one could also design a
policy that essentially translates into a lump-sum transfer (Figure 2 Panel B) with

no price distortions.

Just one final remark. So far we maintained that productive leisure is a perfect
substitutes for regular leisure activities (i.e., the contribution to consumption is
exactly the same). However, they are imperfect substitute for regular study-hours
(i.e., the contribution to work is smaller, owing to ¢; < 1). One could interpret
the model differently and stipulate that ¢; is a reduced-form solution to the un-
derlying optimization problem where a student allocates hours between regular
and productive leisure, and the two are no longer perfect substitutes. Then, ¢
represents the fraction of leisure-hours that a student would optimally allocate to
consumption-intensive instructions — and the latter contributes to work exactly

as much as study-hours do.
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3 “‘Fun’ and Academic Performance

3.1 The Videogame Task

This section briefly presents the educational videogame task deployed in Semester

12013. A short video is also available online.®

Content-wise, the videogame module covers the content from Chapter 2 (“Com-
parative Advantage”) of the prescribed course textbook (Frank, Jennings and Bernanke,
2012). Past experiences with Principles of Microeconomics students suggest that
this chapter is particularly difficult to understand, as reflected by systematically
low past exam scores associated with this topic. The reason is that grasping the
corresponding concepts requires familiarity with a rich array of tools, ranging
from diagrams to basic math. Such concepts are, however, essential to establish
important economic notions such as comparative advantage, absolute advantage
and opportunity cost. To ensure that the content is adequately represented, the
videogame task (i) presents the same concepts as the textbook and in exactly the
same order, and (ii) is based on numerical examples that are similar to the ones
offered in the textbook.

The game contains six levels, plus a tutorial. Students are required to master
these levels in a certain order via a system of compulsory “primary game objec-
tives’ (i.e., students must complete the primary objectives specified in one level in
order to access the next levels). However, upon completing a level, students can
replay it at will, in any order and at any time. All the instructions necessary to

play the game and use it as a learning tool are offered in a tutorial.

Each level is presented as a videogame-like map, which features a certain num-
ber of places, goods and agents. By exploring the map, students can get a sense of
what an economic model represents and what are the basic underlying assump-
tions. For instance, they can observe the agents as they leave their homes in the
morning and get to work. Through labor, they produce certain quantities of goods
depending on their productivities. Whether these are the optimal quantities for

the economy depends, for instance, on whether they specialize correctly. At night

Shttps:/ /www.dropbox.com/s/6asy0ohmwx1qOec/Field%20Experiment%20Video.mp4?d1=0
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(i.e., when the time constraint binds) the agents go back home and sleep, the tran-

sition being punctuated by a simulated day-cycle.

In playing the videogame, the student first selects one production location (by
clicking on it). A standard (textbook) graph with one good on the x-axis and
the other on the y-axis is displayed in the top-right corner of the screen. This
graph is updated in real time, allowing students to see the combination of the
two goods produced until that point in time and observe the changes as they
occur. By playing this level students realize that certain combinations of goods
are attainable, while others are not (i.e., they discover the production possibility

curve, hereafter PPC).

Subsequently, another character is introduced. This is a ‘non-playing charac-
ter” (or NPC) controlled by the computer with whom the student can trade. The
trade offer must be low enough to be acceptable to the NPC but high enough to
be profitable. By playing this part, students learn the basics of bargaining. For
a profitable deal to take place, however, the student must also specialize accord-
ing to his/her ‘comparative advantage”: she should specialize in the productive
activity she is relatively more efficient at. Hence, by offering the right terms of
trade and specializing in the right activity, everyone can consume a combination
of goods to the right and above the PPC (i.e., a combination of goods that was not

attainable in the absence of trade and specialization).

Aside from game-play, the videogame task features a media library accessible
at any time by the player. This media library contains the definitions of the ba-
sic economic concepts and includes some videos. The library definitions are the
game-equivalent of the concepts highlighted at the margin of the textbook. The
videos consist of voice recordings and screen annotations. Most of the concepts
are conveyed via game play, with some crucial concepts being reinforced by the

videos.

Finally, we note that completing the videogame task (i.e., watching all the
videos and solving the full set of levels) was designed to take, on average, 1 hour
(Dobrescu et al., 2015).
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3.2 Data

Course Structure. Our sample consists of all the students enrolled in a Principles
of Microeconomics course taught at a large research-intensive university during
the academic years 2012 and 2013. As we mentioned, the course itself is one of the
largest in the university, with over 2,300 students enrolled annually. It is a typi-
cal course with (i) 2 hours of live lectures and 1 hour of tutorials per week, (ii) 12
teaching weeks in a semester, and (iii) all course material (lecture notes and power
point slides, tutorial material, etc.) also provided online. In any academic year,
the course is offered in both Semester 1 and Semester 2, with first semester enroll-
ments being substantially higher than in the second one (see Table 1). Lectures are
usually delivered by academic staff, while tutorials are taught by teaching assis-

tants known as “tutors’ in the Australian tertiary education system.

Because of the large number of students enrolled in a semester (i.e., roughly
between 600 and 1,800), the student pool is divided, for teaching purposes, into
several groups called streams. Depending on room-size constraints, a stream can
count anywhere between 200 and 500 students. Each lecturer is assigned to one or
more streams, while the lecturer-in-charge and the tutor-in-charge are the overall
administrators of the course. In 2012 and 2013 the lecturer-in-charge and tutor-
in-charge did not change. The team of lecturers was also by and large the same
(see Table 1): for instance, all four lecturers who taught in Semester 1 2012 also
taught in Semester 1 2013. Notably, each of them had roughly the same number
of students as the previous year.” The team of tutors changed more substantially,
as one would expect. Overall, there were 42 tutors employed between Semester
1 2012 and Semester 2 2013. Together, they taught 82 (27) and 80 (28) tutorials
in Semester 1 (2) 2012 and Semester 1 (2) 2013, respectively; each tutor held 2 to
6 tutorials per semester. All tutors and lecturers used the same teaching mate-
rial, including the slides and the tutorial questions (with solutions provided by
the tutor-in-charge) and comprehensive consistency checks were established to

ensure that every student would benefit from a similar learning experience.

The only difference in Semester 12013 is Lecturer A joining the course and taking a fraction of
students from Lecturer E.
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The assessment structure of the course contains i) online multiple-choice quizzes
and hand-in assignments, typically completed over one week, ii) two invigilated
mid-terms (in Week 5 and Week 9 of each semester), and iii) one invigilated fi-
nal exam, containing multiple-choice questions.® In both 2012 and 2013, the exam
papers for the mid-term and final examinations were created by the lecturer-in-
charge, who drew the corresponding questions from the same pre-existing database
of uniformly difficult assessments. The tutors marked the essay questions, with
strict marking consistency checks in place. A machine automatically graded the

multiple-choice questions of the final exams.

In terms of the timeline, we focus on four semesters across two academic years,
2012 and 2013. We note that the homogeneity of the course in this period is quite
remarkable. First, the material taught in 2012 (both semesters) is identical to the
one taught in 2013, both content-wise and as far as the sequence of topics is con-
cerned. Second, the structure of the two mid-terms and of the final exam also
remained unchanged.” Third, the same lecturer-in-charge and the same tutor-
in-charge were employed in all four semesters. Finally, the set of lecturers who

taught in a semester remained consistent across years.

The difference between the four semesters we analyze was that in Semester 1
2013 the course material also included the videogame module. Neither the stu-
dents nor the lecturer-in-charge knew that this task would be offered. The game
was announced and made available during Week 2 of classes, it covered the first
half of the content taught in that week and completely substituted the traditional
material (i.e., power point lecture slides) in four of the six existing streams. In
the remaining two streams the videogame was used only for the initial 20 min-
utes, while the rest of the time the concepts were presented using standard slides.
Playing the game outside class was completely optional, required no login cre-

dentials and yielded no marks. Students could access the game online and play

8Semester 1 2012 final exam also contained two short answer questions. In the remainder of
the paper we are going to consider only the multiple-choice questions component to facilitate the
comparison with the Semester 1 2013 final exam.

9The mid-term (essay) questions and the final exam (multiple-choice) questions were equiv-
alent across all semesters both in terms of allocated solving time and weight in the final course
grade.
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anytime during the semester. Hence, playing the videogame was fully voluntary,

un-incentivized and anonymous.

Data and Descriptive Statics. The student-specific data we use in this study
comes from the university administrative records for 2012-2017. Given that quizzes
and assignments are completed at home with full access to course materials, we
will focus our analysis on the two mid-term scores and on the final exam mark
as objective measures of academic performance.’’ To ease the comparison across
semesters, we normalize both mid-terms and final exam scores to lie between 0
and 10. Additionally, we have data on (i) the number of times a student repeated
the course after Semester 1 2012,'! (ii) all the course scores achieved during the
eight (available) semesters that followed the one in which they entered our sam-
ple, (iii) whether and when they graduated, and iv) the field of the degree they
completed, as well as their ‘intended” field as reported at the start of their aca-

demic career.

Besides these cognitive learning indicators, our data covers several demograph-
ics characteristics such as age, gender, country of birth, and whether a student
is international or domestic. We also know whether they are enrolled full-time
or part-time, the type of and stage within their degree and, since most students
take the Principles of Microeconomics course in their first enrollment semester
(or year), we use the Australian Tertiary Admission Rank (ATAR) to account for

previous academic performance.'

Our full sample size includes the entire population of students enrolled in the
course in Semesters 1 and 2 in 2012 and 2013. We then exclude 2.24% of the sam-

ple, representing those with a missing course grade or with a missing or zero

"We note that none of the researchers involved in the creation and deployment of the
videogame task participated in any way in the marking process.

Retaking the course is more likely to happen in Semester 2 than in Semester 1; given the high
number of students enrolled in Semester 1 who, upon failing, will try again next term, this is not
surprising.

12 ATAR denotes a student’s high-school ranking relative to his/her peers when completing sec-
ondary education and it is the main criterion for entry into most undergraduate programs in Aus-
tralia. It is derived from a single aggregate score as the sum of the four best subjects that the
student completed at Year 12 standard added to 10% of the sum of the weakest two subjects (for a
total of six subjects).
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course mark (i.e., those who withdrew) and those with a missing or zero mark in
both Week-9 mid-term and final exam (which is compulsory for all those enrolled
at the end of the census). We thus end up with a total sample of 4,794 observations

across all four semesters (see Table 1).

Table 2A.1 describes the student characteristics in the control (Semester 1 2012)
and treatment (Semester 1 2013) group. Ideally, the student characteristics should
be perfectly balanced across these two groups. It turns out that most of them
are: there are around 1,800 students in each group (1,770 and 1,812 in 2012 and
2013, respectively); most students are roughly 19 years old, with very high ATAR
scores (roughly 94 out of 100); around 56% are males and more than 90% are en-
rolled full-time; roughly 80% are initially undecided about their field of study and
only around 21% graduate ‘in time’, with scores of 6.69-6.78 (out of 10) and after
taking about three Economics courses on average. Some characteristics, however,
appear to be statistically different (see Table 2B.1), but the corresponding discrep-
ancies are quantitatively small: compared to Semester 1 2013, Semester 1 2012
students were slightly more likely to be international (3.6%)'® and born in Asia
(4.1%). They were also a bit less likely to come from the Americas (1%) and Aus-
tralia (3.1%). Finally, there is a negligible difference in age (1 month) and ATAR
(0.4%). In our analysis, we will control for student characteristics, as well as for

other demographic variables.

Although our main specification involves the comparison of Semester 1 in 2012
and 2013, we are still going to use Semester 2 data as a robustness check. Table
2A.2 presents the descriptive statistics for Semester 2 students in 2012 and 2013.
The characteristics are well balanced across these two groups. There are roughly
600 students in each year (588 and 624 in 2012 and 2013, respectively); most stu-
dents are 19.5 years old, with average ATAR of 92 and around 60% are males.
More than 80% are enrolled full-time and roughly 40% of the students are inter-
national. There are only two statistically significant differences between 2012 and
2013, with Semester 2 2012 students being slightly more likely to be males (by
5.3%) and to have been born in Africa & Middle East (by 1.6%) (see Table 2B.2).

3We note, however, that the overall proportion of international students is not particularly high
in Semester 1 in either 2012 or 2013, with only one in four students coming from abroad.
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One note regarding the number of course retakes. This number is counted with
respect to Semester 1 2012 (pre-Semester 1 2012 data was not available). Hence,
by construction, the students in all the other semesters appear to be more likely
to have previously taken the course. This turns out not to be a major concern as
(i) our baseline results remain unchanged when we exclude the repeating group
from the analysis, and (ii) the Semester 2 placebo tests exclude those repeating the

course anyway (see Section 3.4).14

We now turn to our outcome variables. To ease the comparison across the
four semesters, Figures 1A-C in the Appendix show the distribution and mean of
the marks corresponding to the two mid-term exams (Figure 1A for Week 5 and
Figure 1B for Week 9) and to the final exam (Figure 1C). A quick glance at these
figures reveals several interesting facts: First, there are no significant differences
in students” marks in either the mid-terms or the final exam in Semester 2. This is
unsurprising given that the Semester 2 student pool in 2012 is very similar to the
one in 2013, and that both the course content and the instructing team remained
the same from one year to the next. Interestingly, the same does not apply to
Semester 1. Indeed, the average score in Week-5 mid-term appears roughly 7.0%
higher in Semester 1 2013 than in Semester 1 2012, while the final exam score dif-
fers by 13.5%. Week-9 mid-term scores, however, remain basically unchanged,
students achieving on average 6.86 points (out of 10) in 2012 and 6.54 points in
2013 (an insignificant decrease). This is not unexpected, given that the game cov-
ered the material tested in the Week-5 mid-term and the final exam, but not the

material tested in the Week-9 mid-term (which covered Week 6 to 8 topics).

When considering the rest of their academic career, we note that course com-
position includes 7.9% more Economics courses for Semester 1 2013 students com-
pared to their 2012 counterparts. The latter also opt less frequently for Economics
& Commerce degrees, albeit no distinct differences in marks (overall or in related

- Economics & Commerce - courses) or ‘speed’ of graduation were present.

All in all, our descriptive statistics seem to point towards a strong positive as-

14Because at least some of Semester 2 2013 students were exposed to the game in Semester 1
2013, the repeating group can potentially confound the results by inflating the performance of
Semester 2 2013 students vis-a-vis their 2012 counterparts.
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sociation between introducing the videogame task as a course resource and aca-
demic choices and performance. In the remainder of the paper we investigate the

extent to which this strong association can be interpreted as a causal effect.

3.3 Empirical Methodology and Results

The main outcome of interest is whether the availability of the videogame resulted
in any improvement in learning outcomes. Learning was measured via three main
cognitive learning variables, namely the marks achieved in the two mid-terms
and in the final examination. We prefer these cognitive indicators as measure of
academic performance because, unlike the course grade, they do not incorporate
additional non-cognitive (attendance) and cognitive (online quizzes or home as-
signments) outcomes.!®> As for our main forcing variable, we can only study the
effect of the videogame becoming an available resource (rather than the effect of
individual videogame usage) as we did not match individual IP addresses to spe-
cific student ids by using a log-in system. This was a deliberate design choice:
we wanted to stack the cards against the videogame by making it completely un-
incentivized, voluntary and anonymous. That being said, the videogame server
did routinely collect data on student use and completion of the videogame task.
The aggregate data collected shows in fact extensive usage (see below), which in
turn makes it reasonable for the game to have influenced course performance.
To complete the videogame, students had to go through all the teaching material
and correctly solve all corresponding exercises. Hence, completing it implies a
full understanding of the concepts presented therein, which are a crucial part of

the examinable material in the Week-5 mid-term and the final exam.

Methodologically, given that (i) the introduction of the videogame as a course

resource was completely exogenous,'® (ii) the videogame was relevant for the ma-

1>Attendance might be endogenous and students can collaborate with their peers on online
quizzes or home assignments (even for questions that presented them with different parameter
sets). Hence, we consider the overall course mark as a less-precise indicator of academic perfor-
mance than the supervised (in-class) exams.

18The timing of the deployment (Week 2) was dictated solely by the date when the videogame
task was finalized to include all the required educational features, and the corresponding topic
was scheduled to be presented in class according to the course syllabus.
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terials examinable in Week-5 mid-term and in the final exam, but not for the Week-
9 mid-term, and (iii) except for the introduction of the game, the course topics
and structure, as well as the admin and lecturer team remained unchanged, we

employ a treatment effect approach and estimate the following model:

/ ’ 4
Scorey = Po + 1Y 134 + X389 + Ly B3 + T84 1

where Score;; denotes either the score of the Week-5 mid-term or the final exam
score for student i in Semester 1 of Year t (where t = 2012 or 2013), and Y13 is the
dummy indicator of the treatment group (i.e., students in Semester 1 of Year 2013).
The set of covariates X; includes student i’s individual characteristics: age, gen-
der, country of birth, whether a student is international or not, whether she is
enrolled full-time or part-time, and the number of times a student repeated the
course (since Semester 1 2012). To account for instructor quality, we include (i)
a set of lecturer indicators L, to capture any potential teaching-style differences
that might bias our results, and (ii) a set of tutor indicators T, to account for po-
tential teaching- and marking-style differences. Additionally, some specifications
also include a variable denoting in-class exposure to the videogame, as showed
by the number of minutes a student was presented with the game (the entire class
as opposed to only the first 20 minutes). Finally, we also control for prior aca-
demic performance (via the variable denoting high-school ATAR score).”” In all

specifications, we present robust standard errors clustered at the individual level.

Last minute cramming and lack of engagement. Despite the fact that playing
the game was un-incentivized, voluntary and anonymous, our data show no ev-
idence of last minute cramming or lack of engagement. If anything there was a
premier effect: the videogame’s usage spiked in the very first days after its release,
well ahead of the mid-term exam date. Usage was substantial, with aggregate
server data showing that only in the first six weeks of deployment, the (1 hour)

‘Comparative Advantage’ module was fully completed roughly 1,300 times, for a

7The vast majority of students in our sample are in their first university year and do not have a
GPA equivalent score yet.
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total of over 1,900 hours of game-play, suggesting that a considerable proportion
of Semester 1 2013 students might have played the game at least to some degree
(see Figure 1D in Appendix). (Unfortunately, usage data was not collected for
the remaining part of the semester based on the assumption that students would
only play the game in view of the Week-5 mid-term. Our results on the final exam

suggest that students might have instead kept playing beyond the mid-term date.)

Performance on Week-5 mid-term and final exam. Table 3 and Table 4 present
the results from estimating model (1) for the Week-5 mid-term exam and the final
exam respectively, under different specifications. A quick glance at specification
(1) in Table 3 shows that the average score of the first mid-term test for the treat-
ment group is 4.74% higher than for the control group. And remarkably, the final
exam score is 8.20% higher in Semester 1 2013 than in Semester 12012 (see Table 4).
These results are robust to the inclusion of individual characteristics such as age,
gender, country of birth, whether one is enrolled full time or is an international

student and the number of course repeats (specification 2).

A legitimate source of concern with our empirical strategy pertains to the pres-
ence of potential lecturer and tutor/marker effects, or to the possibility that our
results might differ by in-class game exposure. The estimates in our baseline spec-
ification (4) in Table 3 and Table 4 indicate that after controlling for such poten-
tially confounding factors the treatment effect becomes even larger, with the stu-
dents who could access the game achieving 8.35% (9.05%) higher marks in their
first mid-term (final exam) than the students who could not use the game.'® The
in-class game exposure treatment, on the other hand, yielded no robust signifi-
cant impacts, suggesting that the videogame task in its current state was not able

to enhance live lectures.

Two remarks are in order here. First, note that these results are quite sizable
despite the videogame covering only small proportions of the assessable material.

For instance, they are of comparable magnitude (i) to being taught by contingent

8This considerable increase in the treatment effect for the mid-term is not entirely surprising
since the mid-term is marked by tutors; hence, including the tutor fixed effect explains an impor-
tant part of the variation in the mid-term marks.
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(teaching) faculty rather than tenure-track/tenured staff (Figlio et al., 2015), or
(ii) to being taught by instructors 5.3 to 6.7 standard deviations above the aver-
age of perceived effectiveness as evaluated by students at the end of the course
(Hoffmann and Oreopoulos, 2009), or (iii) to reducing (mean) class size by 16%
(Bandiera et al., 2010).

Second, also note that the game impact appears to be stronger for the final
exam than for the mid-term, even though the game covered less assessable mate-
rial for the former (10%) compared to the latter (20%). The structure of these two
tests is however quite different,’ which makes it difficult to directly (and mean-
ingfully) compare the game impact between these two assessments. To address
this issue, we express the estimated effects in terms of units of scores standard
deviation in Table 5. We find treatment effects of 0.468 and 0.587 standard devi-
ations for the Week-5 mid-term and the final exam scores, respectively. Hence,
even when we take into account the differences in score distributions, the impact
of the game is indeed stronger on the final exam performance than on the mid-

term scores.

This differential effect could be due to the type of exam questions or the timing
of game availability (i.e., while in preparing for the mid-term students had only
two weeks to use the game, by the final exam date the game was available for sev-
eral more weeks). But it might also suggest that playing the game has generated
persistent dynamic complementarities (Cunha and Heckman, 2007). One way to
test this hypothesis involves examining the game effect on the final exam score
achieved in the subset of questions related to topics covered in the videogame vs.
the score attained in game-irrelevant questions. We present results in Table 4A.
While the game impact appears significantly stronger for the game-relevant ques-
tions compared to the game-irrelevant ones, the effect is present for both types of
final exam questions. This suggests that (prior) skills acquired while playing the
game can affect one’s productivity at subsequent (game-unrelated) stages, per-

haps because of the cumulative nature of knowledge.

Turning to individual characteristics, it appears that age and number of times

YWeek-5 mid-term contains only essay questions; the final exam included only multiple-choice
questions.
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one repeats the course have a negative (and significant) impact on both the mid-
term and final exam scores, in almost all specifications. Gender and part-time/full-
time status remain systematically insignificant in all Week-5 specifications, but
yield a positive coefficient in the final exam ones. Interestingly, for both sexes,
the enrolment status effect appears to be driven mostly by low quantile students
(see Section 3.3). The ethnic background of students also plays a role in shaping
academic performance. This is not surprising given that the Principles of Microe-
conomics course is highly diverse ethnically (with 54 countries represented and

66 languages spoken).

Finally, it also seems that among the relatively high number of instructors
teaching the course, only one lecturer has a positive and significant effect on stu-
dents” mid-term outcomes, although no lecturer effect is present for final exam.
The same also applies to tutors, with over half of the tutors (out of 42) having a
significant effect on students” Week-5 mid-exam marks but only 10 of them be-
ing associated with a significant coefficient in the final exam specifications. This
might be due to the fact that tutors not only teach students in their tutorials, but

they also mark their mid-term exams.

Performance on Week-5 mid-term and final exam: Quantile results. In assess-
ing the effectiveness of a new learning tool, the effect on the lower tail of the
academic performance distribution (conditional on student characteristics) may
be of more interest than the effects on the mean of the distribution. For instance,
previous findings by Figlio et al. (2013) suggest that high performing students
may be less affected by the lecture format than weaker students who may need
more interactive learning. Keeping this in mind, we wanted to check if the game
impact varied for the high- compared to the low-performing students. To do so,
we conducted a quantile regression analysis and show the results from estimating
the 25%, 50% and 75% percentile for Week-5 mid-term and final exam in Table 6

(the estimated coefficients are also shown in Figures 2A-C in the Appendix).

First, note that the results on the overall (Week-5 mid-term and final exam)
scores show a positive treatment effect across quantiles, with the game leading

to 9.36% higher scores for the low-performing students and 5.99% for the high-
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performing ones, a statistically significant difference. This is in line with the
static model predictions related to low-performing students benefitting more from

consumption-intensive instructions than their high-performing counterparts.

Interestingly, this effect has an increasing pattern with the score quantiles of
Week-5 mid-term, and a decreasing pattern for the final exam score. This sug-
gests that better students benefit more in the shorter-term, while lower achieving
students gain more in the log run. These results are consistent with the theoreti-
cal prediction of the dynamic model presented in Section 3. Assuming that low-
performing students are more likely to be hyperbolic discounters, one should ob-
serve a larger treatment effect overall for low-performing students, with a particu-
lar focus on the final exam mark. The later the exam date, the more the hyperbolic
discounting students should gain because procrastination is more of a problem
when the study period is longer. This is the pattern we observe in our treatment
effects, with a gradient across quantiles — positive for the Week-5 mid-term and

negative for the final exam — that is consistent with the theoretical predictions.

In both cases, however, unlike Figlio et al. (2013), we find that the game avail-
ability has substantially benefitted all students, strong and weak, with the highest
positive effects concentrated in the lower part of the distribution for the final exam
and in the upper part for the Week-5 mid-term. Surprisingly little empirical work
has been done using quantile regressions to evaluate the effect of various learning

tools on student performance. Our findings aim to fill this gap.

Long-run results. Our results so far showed that the videogame task has sub-
stantially improved course performance. Can however this positive effect extend
to one’s academic career beyond the course (or the semester) in which the task

was used?

To tease out the potential long-run impact associated with our intervention, we
study the academic choices and performance of the students in our main sample
during the eight semesters that followed the relevant one (i.e., Semester 1 2012
for the control students, and Semester 1 2013 for treated students). Specifically,

we start by examining (i) the number of all other Economics courses completed
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after the relevant semester, (ii) the mean score achieved in all courses completed
after the relevant semester, (iii) the mean score achieved in all other Economics
& Commerce courses completed after the relevant semester, and (iv) whether a

student graduated ‘in time’ (i.e., within the term prescribed by their degree).?

To do so, we re-run our main specifications (e.g., specifications (1)-(4) from Ta-
ble 4) on a sample that excludes those who repeated the course in both relevant
semesters (0.65% of the sample). When examining the outcome variables (i)-(iii),
we further exclude 3.57% of the sample for whom the relevant semester is their fi-
nal one before graduating, while ‘graduation” models exclude Cross-Institutional
Undergraduate and Non-award Program enrolees who lack graduation status
(1.63% of the sample).

Results are presented in Tables 14 and 15. A quick glance reveals that among
variables (i)-(iv), the only relatively robust? treatment effects are present in the
specifications involving the number of other Economics courses taken. No ef-
fects are further present for course scores (overall or in Economics & Commerce
courses)”or graduating ‘in time’. This is not surprising given the scope of the
videogame task that students had access to, which may have been too limited to
have a long-lasting impact on their entire academic career, but could have influ-

enced subsequent course choices.

The findings related to taking other Economics courses warrant however fur-
ther investigation. Table 14 estimates imply that having access to the videogame
task led students to enroll in and complete roughly one more Economics course
than the control group. This is a considerable figure in the context of our interven-

tion, and we next attempt to investigate what could have prompted this result.

There are two potential channels that can lead to more Economics courses
being taken: students can either decide to opt for (or change into) degrees that
requires more Economics courses or they can simply take more such courses as

electives (i.e., without changing their field). To test the first channel, we use an in-

20 As Principles of Microeconomics is an undergraduate course, graduating from the associated
program implies being awarded a bachelor degree.

21The only exception is specification (2) in Table 14, with a treatment coefficient p-value of 0.14.

22No significant effects are present for Economics courses in isolation either. Results are avail-
able from the authors upon request.
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dicator denoting whether the degree completed is in Economics & Commerce. Re-
running our standard specifications using this variable as outcome yields robust
and significant estimates, with those exposed to our intervention having roughly
10% higher chances of completing an Economics & Commerce degree (see Table
14). For the second channel, we use a sample that excludes those enrolled in Eco-
nomics & Commerce programs and re-run our analysis to find positive but statis-
tically insignificant effects. We therefore conclude that the first channel is at play,
with our intervention increasing the ‘appetite” for Economics, despite not having

any effect on subsequent academic performance.

3.4 Robustness checks

As a first robust test, we exclude from our sample students who repeated the
course in either 2012 or 2013 and re-run our baseline specification (4). Results are
presented in Table 3 and Table 4 as specification (5). A quick glance at the new
estimates reveals that excluding repeating students leaves the treatment effects

largely unchanged (compared to when the entire population is used).

To account for prior academic performance, we also run a specification that
includes the ATAR score. The estimates in specification (6) in Table 3 and Ta-
ble 4 show that accounting for previous achievements leaves the game effect un-
changed for the Week-5 mid-term, but it increases its magnitude for the final
exam. We note, however, that such effects are identified only from the sample
of students who have attended high-school in Australia, with a large proportion
of international students being excluded from the estimation. Another way of
interpreting these estimates is as suggestive evidence that the positive treatment
effect of the game is stronger among local than among international students in

the final exam.

Next, we also wanted to take a closer look at the symmetry of our results be-
tween men and women. To this effect, we split the sample by sex and re-run spec-
ifications (4) from Table 3 and Table 4, showing the resulting estimates in Table
7. Overall, we find a considerable positive (and significant) effect of the game on

both types of scores (mid-term and final exam) for both men and women. Com-
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paring these estimates with the general sample ones, we see that the effect of the
game for females is 0.082 points (out of 10) lower for the mid-term but 0.126 points
higher for the final exam. This is a surprising result as the literature on games sug-
gests that men learn better through games than women, because women (i) have
higher computer anxiety, lower computer self-efficacy and less favorable com-
puter attitudes than men (Cooper and Kugler, 2008); (ii) have less interest in dig-
ital games and less game-related knowledge, and play less frequently (Lucas and
Sherry, 2004); (iii) are less tempted to defer learning and cram for the exam, while
men’s attraction for competitive games (Vorderer et al., 2006) might help them stay
engaged with the material; and (iv) are less competitive - and performing worse
in competitive environments - than men (Croson and Gneezy, 2009; Gneezy et
al., 2003; Niederle and Vesterlund, 2007, 2011). In our case, such a stronger effect
for females in final exam might be due to them being more conscientious and us-
ing optional material (in this case, the game) more than men, who are known to

engage less with non-compulsory tasks (Woodfield et al., 2006).

Given the interesting age effects found in our baseline results, we also wanted
to investigate more this potential source of heterogeneity. We note that in all Ta-
ble 3 and Table 4 specifications, the age coefficient (when significant) is negative,
implying that older students perform worse in the exams than younger students.
But what is the role of the game? Previous studies indicate that older students
have lower computer literacy levels or prefer the ‘chalk and talk’ learning style
that they grew up with (Prensky, 2001; Gee, 2003), which might mean that a game
could be less beneficial for their learning. In our sample, however, there is only
a minority (roughly 1%) of ‘mature” students (25+ years old) with almost 6 in 7
students being 19 or younger. As a result, we split the sample between students
with ages below 19 vs. 19+ and re-run our baseline specification (4) (in Table 3
and Table 4). The estimates in Table 8 show that the game has indeed a robust and
sizeable positive effect on mid-term and final exam scores for students aged 19
and below. For those older than 19, however, we find no significant impact on the
mid-term score but a positive effect for the final exam. These findings suggest that
younger generations might respond better to non-traditional teaching approaches

like videogames, selection effects notwithstanding.
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Furthermore, we also wanted to check whether the game had a different learn-
ing impact by field of study. To this effect, we grouped our student population in
three categories: (i) Economics & Commerce (Econ & Comm), (ii) Science, Tech-
nology, Engineering and Mathematics (STEM), and (iii) Others (e.g., Arts, Educa-
tion, Media, Social Work, etc.), and re-run our baseline specifications (see Table 9).
We find that the game had a strong, positive and sizable, effect on both the Econ &
Comm and STEM students’ scores, but we find no (robust) effect for the remain-
ing group. Indeed, after controlling for individual and class characteristics, the
game impact stays positive but becomes statistically insignificant for the ‘Others’
group, which may due to the relatively small size and high heterogeneity in the

fields of study in this sub-sample.

As an additional robustness check, we also employ a non-parametric method
(i.e., propensity score matching — PSM henceforth) to evaluate the game aver-
age treatment effect. Despite the fact that introducing the videogame module in
Semester 12013 course curriculum was completely random (and so, impossible to
anticipate by students), it might still be possible for the students in the treatment
and control groups to be systematically different. The propensity score analysis
allows us to eliminate the statistical bias caused by such potential systemic dif-
ference and facilitates the comparison between treatment and control groups who
are demographically similar to each other. Three matching methods (one-to-one
matching, radius matching and kernel) were applied in this analysis. In doing so,
we use specification (4) in Table 3 and Table 4 (excluding in-class game exposure,
the lecturer and tutor dummy indicators)® to estimate the propensity scores of our
student sample. We show our findings in Table 10 and Table 11. Table 10 presents
the balancing measures for our variables of interest between the treatment and
control groups, before and after the matching. The figures indicate that there is
a good balance between the treatment and control groups after matching (across
all the three matching methods), with the after-matching standardized percentage

bias being generally quite low (ranging from 0% to 9.3%, in absolute value for all

ZSince number of retakes, in-class game exposure time and most of the lecturer and tutor
dummy variables can predict the treatment on the student sample (or being in the control group)
perfectly, they are excluded from the logistic regression model used to calculate the propensity
score. Using specification (5) to estimate the propensity score leaves our results unchanged.
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variables).

Table 11 presents the average treatment effects of the videogame module on
the treated for Week-5 mid-term and for the final exam. For each assessment, the
estimates of the average treatment effects are quite robust among different match-
ing methods. The effect of the game is around 0.44 points (out of 10) for Week-5
mid-term and around 0.81 points for the final exam. These estimates are statisti-
cally significant and, importantly, they are comparable to the estimates obtained in
the baseline analysis. Overall, our PSM results indicate that, even after we adjust
for potential differences in individual characteristics between the treatment and
control groups, we still observe a positive and significant effect of the videogame

on students” Week-5 and final exam scores.

Finally, we also extend our long-term analysis to include four additional sum-
mer semesters. This does not affect our results, which is unsurprising given that
these semesters offer very few courses, to a very limited number of students. Ad-
ditionally, when looking at graduation timing, we also run our baseline specifi-
cations on a narrower sample that further excludes those for whom the relevant
semester is not their first one. Doing so circumvents any comparability issues re-

lated to potential changes in degree duration, and leaves our results unchanged.*

Placebo Tests. As discussed in Section 1, our approach could be problematic if
the 2012 and 2013 student cohorts were systematically different based on some
unobservable characteristics. If that were the case, our result could be driven by

the fact the 2013 students were simply better than their 2012 counterparts.

To rule out this possibility we conduct a placebo test to check if the game had
any effect on Week-9 mid-term scores. Since the videogame only covered only
20% of the material tested in Week-5 mid-term, this placebo analysis effectively
provides counterfactual evidence on the effect of the game if no effect is detected
among the ‘to-be-treated” group without the treatment. A quick glance at Table

12A shows that our specifications produce no robust placebo effects: the corre-

24Results are available from the authors upon request. We also note that there are no signif-
icant differences between the balance results pertaining to the main sample and those for this
sub-sample.
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sponding placebo estimates become insignificant after considering individual and
class characteristics, which reinforces our confidence in the identification strategy

we employ.

As a further robustness check, in Tables 12B - 12D we also compare the Week-
5 mid-term, the Week-9 mid-term and the final exam marks for (non-repeating)
students in Semester 2 2012 and Semester 2 2013. We note that no students in
these groups were exposed to the videogame. And as expected, we do not find
any robust statistically significant differences for any of these exams, suggesting
that indeed there were no general cohort effects. If there were any effects, we
would have observed that Semester 2 2013 students performed better than their

Semester 2 2012 counterparts in at least some of these assessments.

Difference-in-Difference. The last robustness check we conducted is the difference-
in-difference (DID) analysis. Since the game only covers topics examined in the
Week-5 mid-term (but not in the Week-9 mid-term), we can compare the differ-
ence in marks between the Week-5 and Week-9 mid-terms, among the treatment
group (Semester 1 2013) and the control group (Semester 1 2012). The results in
Table 13 specification (3) indicate that compared to the control group, the treat-
ment group’s average mark in the Week-5 mid-term exam is 0.795 points (out of
10) significantly higher than that in the Week-9 mid-term exam. Since Week-5
mid-term and Week-9 mid-term exams are different topics-wise, the result from
this analysis does not provide an intuitive measure of the game impact. However,
it provides evidence in support of the positive effect of the game, as we do not
only compare the difference in the marks of the affected exam (Week-5 mid-term)
between the treatment and control groups, but we also use the marks from the
unaffected exam (Week-9 mid-term) as baseline across the treatment and control

groups.
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4 Extensions and Discussion

4.1 Dynamic Model with Time-Inconsistency

In our simple static model, we considered an academic task that required a one-
time action. Academic assignments are usually structured differently: they re-
quire small actions to be completed over time. In the case of a mid-term exam,

marks are accrued after a study period that can potentially span months.

In this section, we extend our model to consider this kind of structure. This ex-
tension will allows us to capture academic procrastination — a well documented
phenomenon in education (Fischer, 2001). Procrastination can manifest itself as
last minute cramming, in which case most of the work is performed close to the

deadline. Or it can exhibit itself in missed deadlines and abandoned tasks.

Consider an assessment taking place 7' days from now. The mark is a function
of the total work (including productive leisure) completed by the deadline. Hence,

our production function becomes

T-1 T-1
MT = Z CSSt -+ Z ClLt.
i=0 i=0

For the sake of simplicity, we use a log utility function (separable in leisure and

marks) and we set ¢, = 1. The time-¢ utility function is given by

T—t—-1
Uy=1In(L) + > BSIn(Li) + B0 aln(Mr).
i=0
This model features Laibson’s (1997) quasi-hyperbolic discounting. At any given
point in time, the student is relatively impatient (i.e., he discounts tomorrow’s
utility by 0), but he expects to be less impatient the next day (i.e., he expects his
future self to discount utility by ). When tomorrow comes, the future self does

not live up to expectations, and dynamic inconsistency arises.

Following Fischer (1999), we assume that students are aware of this inconsis-

tency and solve the problem by backward induction. It is useful to think of M,
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as the total stock of available time not yet used in (unproductive) leisure that is
passed on to self . The problem reduces to solving a modified Bellman equation.®
Using a constant relative risk aversion utility function — such as our log utility
— simplifies the analysis substantially. In each period ¢, there is a unique optimal

amount of leisure given by p, M,;, where

1
[l =B+ B+ (B8)Ttal

M .
Figure 3 shows the optimal number of hours of study for a given set of parame-
ters.?® Panel A and B presents two alternative deadlines: 84 days (final exam) and

28 days (mid-term exam).

In the absence of consumption-intensive instructions (¢; = 0), the model gen-
erates an increasing pattern that represents a typical example of last minute cram-
ming (labelled “Control”). This pattern is more accentuated for the final exam,
where full procrastination occurs in the first couple of months. This is due to the
fact that the deadline is further ahead for the final exam compared to the mid-term
exam, a situation that makes procrastination more appealing. It is worth noting
that in this kind of setup, present and future selves would strictly benefit from a
uniform increase in hours of study across all periods. In other words, the solution

depicted in Figure 3 is not Pareto Optimal.

When consumption-intensive instructions are introduced (¢; > 0), a fraction
of leisure hours becomes productive. This induces students to spend more time
on leisure, but it also increases their effective hours of study. The new (effective)
study pattern is also depicted in Figure 3 (labelled “Treatment”). The positive
treatment effect is particularly strong when full procrastination is the alternative.
In that situation, the student would have had no work completed in the absence
of consumption-intensive instructions. By introducing such instructions, a frac-
tion of leisure hours becomes productive, effectively contributing to work. When
full procrastination ends, the treatment effect is somewhat smaller because the

student increases the number of (now productive) leisure hours at the expense of

BNotes available from the authors upon request.
26The problem was solved numerically with 8 = .8, a = 10000, § = 1, ¢; = .5, L = 16.
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Figure 3 — Consumption-Intensive Education with Hyperbolic Discounting.

study hours, canceling out some of the treatment effect. These patterns suggest
that consumption-intensive instructions have the potential to reduce procrastina-
tion and increase total hours of study — leaving the students strictly better off. Al-
though students’ preferences are unchanged, consumption-intensive instructions

make students behave as if they were qualitatively less time-inconsistent.

4.1.1 Testable Predictions

In both Panel A and Panel B of Figure 3 the treatment effects can be gauged by
looking at the area comprised between the two curves. A quick inspection reveals
that time-inconsistent students gain more from consumption-intensive instruc-
tions when the deadline is further away and procrastination more of a concern.
This theoretical prediction is consistent with our empirical results: assuming that
low-performing students are more likely to be hyperbolic discounters, one should
observe a larger treatment effect overall for low-performing students, with a par-

ticular focus on the final exam mark. This is the pattern we observe in our treat-
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ment effects, with a gradient across quantiles — positive for the Week-5 mid-term
and negative for the final exam — that is consistent with the theoretical predic-

tions.

4.2 Consumption-Intensive Education and Online Learning

Higher education faces an unprecedented demand for skills. In the U.S., the col-
lege wage premium has steadily increased since 1980, suggesting that the supply
of educated labor has not kept pace with demand (Goldin and Katz, 2008). The
resulting gap is not surprising given how labor-intensive the higher education in-
dustry is, with the cost per student outpacing inflation and promising to continue
to do so in the years ahead (Baum et al., 2013; Baumol and Bowen, 1966). The state
of U.S. public funding has also played a considerable role. Not only inflation-
adjusted state appropriations have failed to rise in recent years, they have in fact
declined by 16% since 2007 after a long stagnation period commencing in 1990
(Baum and Ma, 2014).

In an attempt to do more with less, the search for innovations that could ‘bend
the cost curve” has taken center stage (Deming et al., 2015; Bowen et al., 2014).
Online education promises to do just that, by reducing labor costs through larger
class size and less face-to-face interaction (Bowen, 2012). From sophisticated on-
line courses to Massive Open Online Courses (MOOCs), the adoption of online
classes has exploded, especially in the past few years (Christensen and Eyring,
2011; Cowen and Tabarrok, 2014). For instance, of all U.S. undergraduates seek-
ing a degree in 2013, 11.1% were enrolled in fully online programs, while another
25% took at least one course online (Deming et al., 2015). Interestingly, this phe-
nomenon does not involve just community and junior colleges: almost all institu-
tions with more than 15,000 students offer Internet classes. This includes 10 of the
largest 4-year colleges and universities in the U.S., some with more than 10,000

students enrolled in at least one online class per term (Figlio et al., 2013).

This profound transformation of higher education prompts the question of
whether online instruction can fulfill its promise of reducing costs while achieving

the desired learning objectives. Early evidence suggests that online learning could
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indeed significantly cut higher education costs (Deming et al., 2015). This might
come, however, at the expense of educational quality and outcomes. Experimen-
tal evidence on the effectiveness of online courses is mixed, lack of engagement
and last minute cramming being the main culprits of students’ poor performance

compared with more traditional approaches (Donovan et al., 2006).

Early randomized trials found no difference in student achievement (Bowen et
al., 2014; Figlio et al. 2013; Chou, 2012), but two recent studies show that switching
from live to online delivery has a negative impact on final grades in introductory
economics classes (Couch et al., 2014; Joyce et al., 2014). And, perhaps as a con-
sequence of this quality drop, Deming et al. (2014) find experimental evidence
that employers are less likely to contact job applicants with degrees from online

institutions.

Given how crucial education is in all aspects of life,” these mixed results have
lent urgency to designing innovations that can render online education more ef-
fective, with a particular focus on engagement. To this effect, videogame tasks
have been heralded as a possible solution (FAS, 2006; Cowen and Tabarrok, 2014).
Because of their interactive nature, they can successfully foster engagement. And
people learn more and better when they enjoy the learning process and feel moti-
vated (Bell and Kozlowski, 2008).

Despite their learning potential and rapid adoption rates, empirical evidence
on the impact of educational videogames on students” academic performance is
virtually non-existent. Our results fill this gap and seem to directly attest to the ef-
fectiveness of videogame tasks for university learning. And with the surging need
to deliver high-standard services within increasingly tight budgets, videogames

could play a crucial role in online learning.

?’Education has long been showed to have crucial (and long-lasting) effects on one’s life: those
who miss out, for instance, have more chances to be unemployed or underemployed, and are
more likely to become trapped in poverty (Nickell, 1979; Leighton and Mincer, 1982; Mincer, 1991;
Card, 2001; Farber, 2004; Riddell and Song, 2011). This has dramatic consequences in terms of
health, marriage, parenting, social isolation and intergenerational equity (Lochner and Moretti,
2004; Milligan et al., 2004; Grossman, 2005; Lleras-Muney, 2005; Oreopoulos and Salvanes, 2011,
and references therein).
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5 Conclusions

Our study provides the first causal estimates of the impact of a simple videogame
task on students” academic performance. To this purpose, in Semester 1 2013, we
designed and deployed an online interactive learning tool to all the students en-
rolled in a large Principles of Microeconomics course at a major research-intensive
university. Anonymized server data showed high game usage, both at the inten-

sive and extensive margin, and no sign of last minute cramming.

Next, we use administrative data and assess the impact of the game on the
first mid-term and the final exam scores. The material tested and the tests” struc-
ture were equivalent to the previous year, which provides a unique opportu-
nity to evaluate the effect of gamification on student learning. We find that the
videogame task substantially improved students” academic performance in both
these assessments, generating 8.35% and 9.05% higher mid-term and final exam
scores, respectively. There are no major differences by sex, but we do find stronger
effects for those enrolled in STEM and Economics & Commerce. Finally, our quan-
tile estimates also show significant heterogeneity in the effect of the game across
the student performance distribution, with low-performing students benefitting
the most. This is consistent with a model where low-performing students gain
more from consumption-intensive education, owing to an increase in the produc-

tivity of leisure hours and a decrease in the likelihood of procrastination.

In the long-run, we find that those with access to the game completed roughly
one more course in Economics during their academic career. This effect is due to
choices related to their field of study, with our intervention leading to about 10%

higher chances to opt for (and complete) Economics & Commerce degrees.

Overall, these results are directly comparable to those from the recent literature
on improving the efficacy of higher education, but importantly, they are associated
with an intervention that comes at zero marginal cost, while all the interventions
studied so far (hiring teaching dedicated staff, improving instructor quality, re-
ducing class size, etc.) are significantly more costly. Given, however, the small
scale of the material covered by the videogame task deployed and the heterogene-

ity of the game effects, more experimentation is needed before drawing a definite
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conclusion regarding the superiority of a fully gamified online course compared to
traditional online (or live) courses. Disentangling the channels through which ed-
ucational videogames may enhance academic outcomes (via cognitive processes
and/or learning motivation) is also an important task that we hope to address in

future research.
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Table 1. Lecturer allocation, by year and semester

Number of students taught by

Teaching period Lecturer A Lecturer B Lecturer C Lecturer D Lecturer E Lecturer F Total
2012, Semester 1 0 0 290 501 689 290 1,770
2012, Semester 2 0 332 256 0 0 0 588
2013, Semester 1 288 0 319 627 269 309 1,812
2013, Semester 2 0 335 289 0 0 0 624

Total 288 667 545 501 958 580 4,794

Notes: The table presents the number of students taught by a lecturer in each of the four semesters that we analyse.
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Table 2A.1: Descriptive statistics for Semester 1

Year 2012 Year 2013

Obs. Mean Std. Dev. Min Max Obs. Mean Std. Dev. Min Max
Male 1770 0.56 0.50 0.00 1.00 1812 0.56 0.50 0.00 1.00
Age 1770  18.72 2.09 16.00 66.00 | 1812 18.59 1.65 16.00 37.00
Full-time status 1770 0.93 0.25 0.00 1.00 1812 0.94 0.24 0.00 1.00
International status 1770 0.26 0.44 0.00 1.00 1812 0.22 0.42 0.00 1.00
COB: Australia 1770 0.53 0.50 0.00 1.00 1812 0.56 0.50 0.00 1.00
COB: Other Oceania 1770 0.01 0.11 0.00 1.00 1812 0.01 0.10 0.00 1.00
COB: Europe 1770 0.02 0.15 0.00 1.00 1812 0.02 0.14 0.00 1.00
COB: Asia 1770 0.41 0.49 0.00 1.00 1812 0.37 0.48 0.00 1.00
COB: Americas 1770 0.01 0.09 0.00 1.00 1812 0.02 0.14 0.00 1.00
COB: Africa & Middle East 1770 0.02 0.13 0.00 1.00 1812 0.02 0.14 0.00 1.00
ATAR score 1321  93.73 5.80 4300 99.95 | 1346 94.16 5.40 60.60 99.95
Times repeated the course after S1 2012 1770 0.00 0.00 0.00 0.00 1812 0.03 0.17 0.00 2.00
Game exposure 1770 0.00 0.00 0.00 0.00 1812  47.70 18.46 20.00 60.00
FOS: Others 1770 0.10 0.29 0.00 1.00 1812 0.07 0.26 0.00 1.00
FOS: STEM 1770 0.17 0.38 0.00 1.00 1812 0.16 0.36 0.00 1.00
FOS: Econ & Commerce 1770 0.73 0.44 0.00 1.00 1812 0.77 0.42 0.00 1.00
IFOS: Others 1770 0.02 0.15 0.00 1.00 1812 0.02 0.15 0.00 1.00
IFOS: STEM 1770 0.15 0.36 0.00 1.00 1812 0.13 0.34 0.00 1.00
IFOS: Econ & Commerce 1770 0.03 0.18 0.00 1.00 1812 0.03 0.17 0.00 1.00
IFOS: Unknown 1770 0.78 0.41 0.00 1.00 1812 0.80 0.40 0.00 1.00
IFOS: Undeclared 1770 0.02 0.12 0.00 1.00 1812 0.02 0.13 0.00 1.00
Week-5 mid-term score 1759 6.83 1.66 0.00 10.00 | 1798 7.31 1.87 0.00 10.00
Week-9 mid-term score 1769 6.86 1.71 0.00 10.00 | 1812 6.54 2.06 0.00 10.00
Final exam score 1770 6.06 1.58 0.00 9.71 1790 6.88 1.39 2.40 9.80
Number of all other Economics courses 1679 3.05 3.96 0.00 20.00 | 1729 3.29 4.02 0.00 24.00
Completed an Econ & Commerce degree 1770 0.73 0.44 0.00 1.00 1812 0.77 0.42 0.00 1.00
Mean score in all other courses 1675 6.77 1.07 0.00 9.09 1726 6.88 1.1 0.00 9.56
Mean score in all other Econ & Commerce courses 1511 6.69 1.13 0.00 9.21 1598 6.78 1.17 0.00 9.60
Graduated ‘in time’ 1720 0.21 0.40 0.00 1.00 1758 0.22 0.41 0.00 1.00

Notes: COB refers to the country of birth. The classification of the country of birth follows the Standard Australian Classification of Countries, 2011, Version 2.3
(http://www.abs.gov.au/AUS STATS/abs@ .nsf/DetailsPage/1269.02011?0OpenDocument). The Other Oceania group includes Oceania countries other than Australia.
Australian Tertiary Admission Rank (ATAR) score denotes a student’s ranking relative to his/her peers when completing secondary education. Game exposure refers to
the time (in minutes) that a lecturer introduced the game to students during class. FOS denotes the field of study of their (completed) degree, and STEM refers to
Science, Technology, Engineering & Mathematics. IFOS captures the intended field of study as reported by the students at the beginning of their academic career. To
ease comparison, all scores for Week-5 and Week-9 mid-terms, and final exam are showed on a 0 — 10 scale. “All other courses” and “all other Econ & Commerce
courses” refer to courses taken after being included in the control (Semester 1 2012) or treatment (Semester 1 2013) for the subsequent eight semesters.



Table 2A.2: Descriptive statistics for Semester 2

Year 2012 Year 2013

Obs. Mean Std. Dev. Min Max Obs. Mean  Std. Dev. Min Max
Male 588 0.61 0.49 0.00 1.00 624 0.56 0.50 0.00 1.00
Age 588 19.57 1.96 17.00 33.00 | 624 19.48 2.72 17.00  58.00
Full-time status 588 0.82 0.38 0.00 1.00 624 0.80 0.40 0.00 1.00
International status 588 0.41 0.49 0.00 1.00 624 0.41 0.49 0.00 1.00
COB: Australia 588 0.41 0.49 0.00 1.00 624 0.40 0.49 0.00 1.00
COB: Other Oceania 588 0.01 0.07 0.00 1.00 624 0.01 0.11 0.00 1.00
COB: Europe 588 0.04 0.19 0.00 1.00 624 0.04 0.21 0.00 1.00
COB: Asia 588 0.51 0.50 0.00 1.00 624 0.51 0.50 0.00 1.00
COB: Americas 588 0.01 0.11 0.00 1.00 624 0.02 0.14 0.00 1.00
COB: Africa & Middle East 588 0.02 0.15 0.00 1.00 624 0.01 0.09 0.00 1.00
ATAR score 322 91.56 7.12 63.30 99.95 355 91.95 6.78 46.65 99.90
Times repeated the course after S1 2012 588 0.11 0.32 0.00 1.00 624 0.07 0.28 0.00 2.00
Game exposure 588 0.00 0.00 0.00 0.00 624 0.00 0.00 0.00 0.00
FOS: Others 588 0.25 0.43 0.00 1.00 624 0.18 0.38 0.00 1.00
FOS: STEM 588 0.35 0.48 0.00 1.00 624 0.35 0.48 0.00 1.00
FOS: Econ & Commerce 588 0.40 0.49 0.00 1.00 624 0.47 0.50 0.00 1.00
Week-5 mid-term score 578 6.55 2.12 0.00 10.00 | 620 6.81 1.94 0.75 10.00
Week-9 mid-term score 588 6.50 2.46 0.00 10.00 | 604 6.55 2.03 0.00 10.00
Final exam score 588 5.86 1.66 0.00 9.71 611 5.90 1.36 2.00 9.00

Notes: COB refers to the country of birth. The classification of the country of birth follows the Standard Australian Classification of Countries, 2011,

Version 2.3 (http://www.abs.gov.au/AUSSTATS/abs @ .nsf/DetailsPage/1269.02011?0penDocument). The Other Oceania group includes Oceania

countries other than Australia. Australian Tertiary Admission Rank (ATAR) score denotes a student’s ranking relative to his/her peers when completing
secondary education. Game exposure refers to the time (in minutes) that a lecturer introduced the game to student during class. FOS denotes the field of
study of their (completed) degree, and STEM refers to Science, Technology, Engineering & Mathematics. To ease the comparison, all scores for Week 5

and Week 9 mid-terms, as well as for the final exam are showed on a 0 — 10 scale.
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Table 2B.1:

Difference in personal characteristics between the treatment and control groups in Semester 1

Ha: diff <0 Ha:diff!=0 Ha: diff>0
Difference Obs S.E. T-stat Pr(T <t) Pr(|T| > [t)) Pr(T > t)
Male 0.002 3582 0.017 0.123 0.549 0.902 0.451
Age 0.123*%* 3582 0.063 1.963 0.975 0.050 0.025
Full-time status -0.005 3582 0.008 -0.659 0.255 0.510 0.745
International status 0.036** 3582 0.014 2.506 0.994 0.012 0.006
COB: Australia -0.031%* 3582 0.017 -1.879 0.030 0.060 0.970
COB: Other Oceania 0.000 3582 0.004 0.075 0.530 0.941 0.470
COB: Europe 0.002 3582 0.005 0.335 0.631 0.738 0.369
COB: Asia 0.041** 3582 0.016 2.515 0.994 0.012 0.006
COB: Americas -0.010%** 3582 0.004 -2.652 0.004 0.008 0.996
COB: Africa & Middle East -0.001 3582 0.004 -0.280 0.390 0.779 0.610
IFOS: Other 0.000 3582 0.005 -0.006 0.498 0.995 0.502
IFOS: STEM 0.018 3582 0.012 1.584 0.943 0.113 0.057
IFOS: Econ & Commerce 0.004 3582 0.006 0.698 0.757 0.485 0.243
IFOS: Unknown -0.021 3582 0.014 -1.551 0.060 0.121 0.940
IFOS: Undeclared -0.001 3582 0.004 -0.311 0.378 0.756 0.622
ATAR score -0.432%* 2667 0.217 -1.992 0.023 0.046 0.977

Notes: COB refers to the country of birth. IFOS captures the intended field of study reported by the students at the beginning of their academic
career. Australian Tertiary Admission Rank (ATAR) score denotes a student’s ranking relative to his/her peers when completing secondary
education. IFOS captures the intended field of study as reported by the students at the beginning of their academic career. STEM refers to Science,
Technology, Engineering & Mathematics. * P<0.10, ** P<0.05, *** P<0.01.
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Table 2B.2: Difference in personal characteristics between the students in Semester 2 2012 and Semester 2 2013

Ha: diff <0 Ha:diff =0 Ha: diff>0

Difference Obs S.E. T-stat Pr(T <1) Pr(|T| > [t)) Pr(T > 1)
Male 0.053* 1212 0.028 1.871 0.969 0.062 0.031
Age 0.084 1212 0.137 0.613 0.730 0.540 0.270
Full-time status 0.017 1212 0.023 0.748 0.773 0.454 0.227
International status 0.001 1212 0.028 0.046 0.518 0.963 0.482
COB: Australia 0.004 1212 0.028 0.149 0.559 0.881 0.441
COB: Other Oceania -0.006 1212 0.005 -1.176 0.120 0.240 0.880
COB: Europe -0.006 1212 0.012 -0.498 0.309 0.618 0.691
COB: Asia -0.001 1212 0.029 -0.028 0.489 0.977 0.511
COB: Americas -0.007 1212 0.007 -1.026 0.153 0.305 0.847
COB: Africa & Middle East 0.016** 1212 0.007 2.215 0.987 0.027 0.013
ATAR score -0.394 677 0.535 -0.737 0.231 0.461 0.769

Notes: COB refers to the country of birth. Australian Tertiary Admission Rank (ATAR) score denotes a student’s ranking relative to his/her peers
when completing secondary education. * P<0.10, ** P<0.05, *** P<0.01.
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Table 3: Results on the game impact on Week-5 mid-term scores in Semester 1

Week-5 mid-term

Q) (2) 3) (4) (5) (6)
Year 2013 0.474%***%  (0.448***  (.535***  (.835%**  (.831***  (.827%**
(Treatment group) (0.059) (0.057) (0.200) (0.220) (0.222) (0.239)
Male 0.085 0.085 0.081 0.067 0.061
(0.059) (0.059) (0.057) (0.057) (0.060)
Age -0.152%*% Q. 151%**  -0.148***  _0.147***  -0.10]1%**
(0.028) (0.028) (0.029) (0.029) (0.032)
Full-time 0.012 -0.014 -0.011 0.008 0.083
(0.136) (0.137) (0.133) (0.135) (0.151)
International student -0.540%**  _0.534%**  _(0.526%** -0.526%** -(.383***
(0.097) (0.097) (0.094) (0.095) (0.148)
No. of retakes -0.609** -0.574%** -0.534%** -0.423
(0.274) (0.273) (0.266) (0.280)
Country of birth
Other Oceania -0.338 -0.337 -0.349 -0.308 -0.215
(0.285) (0.285) (0.265) (0.267) (0.238)
Europe 0.298 0.303 0.243 0.243 0.093
(0.223) (0.225) (0.215) (0.215) (0.259)
Asia -0.256%**  _0.255%%*  .(0.249%**  _(0.254%**  (.223***
(0.080) (0.080) (0.077) (0.078) (0.077)
Americas -0.436 -0.435 -0.439 -0.435 -0.154
(0.276) (0.273) (0.290) (0.291) (0.417)
Africa & Middle East -0.264 -0.273 -0.213 -0.201 -0.141
(0.227) (0.227) (0.217) (0.215) (0.225)
Game exposure -0.004 -0.005 -0.005 -0.007*
(0.004) (0.004) (0.004) (0.004)
Lecturer C 0.169 0.196 0.175 0.093
(0.180) (0.178) (0.180) (0.197)
Lecturer D 0.431%* 0.544%**  (,523%** 0.465%*
(0.181) (0.180) (0.183) (0.198)
Lecturer E 0.156 0.182 0.163 0.048
(0.155) (0.155) (0.158) (0.173)
ATAR 0.091*%**
(0.007)
Constant 6.832%** 9 8E3¥**  9.622%*k* 9 87F*k*  Q |8BF** -0.257
(0.040) (0.5406) (0.569) (0.589) (0.597) (0.952)
Tutor dummies x x x v v v
N 3557 3557 3557 3557 3516 2649
R-sq 0.018 0.098 0.102 0.185 0.185 0.245

Notes: The classification of the country of birth follows the Standard Australian Classification of Countries, 2011,
Version 2.3 (http://www.abs.gov.au/AUSSTATS/abs @ .nsf/DetailsPage/1269.02011?0OpenDocument). The Other
Oceania group includes Oceania countries other than Australia (which is the omitted base group). Robust standard
errors are reported in parentheses below the estimates. * P<0.10, ** P<0.05, *** P<0.01.
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Table 4: Results on the game impact on final exam scores in Semester 1

Final exam
1) (2) (3) 4) (5) (6)
Year 2013 0.820***  (.834***  (.620%** 0.905%**  0.907***  (0.98]1***
(Treatment group) (0.049) (0.049) (0.179) (0.209) (0.210) (0.226)
Male 0.527***  (.529%** 0.517*%*  (.515%**  (.542%**
(0.050) (0.050) (0.050) (0.051) (0.052)
Age -0.082***  .0.082%**  -0.080***  -0.080%*** 0.011
(0.016) (0.016) (0.016) (0.017) (0.031)
Full-time 0.367***  (.364%** 0.363** 0.374%** 0.364**
(0.138) (0.140) (0.142) (0.145) (0.162)
International student 0.081 0.082 0.089 0.083 0.222%*
(0.078) (0.078) (0.077) (0.078) (0.130)
No. of retakes -0.983***  .(0.962%**  _(0.958%** -0.094
(0.186) (0.183) (0.189) (0.221)
Country of birth
Other Oceania 0.499%**  (0.495%** 0.519%**  (0.560%** 0.528%**
(0.184) (0.184) (0.184) (0.185) (0.164)
Europe 0.375%* 0.375%* 0.392%** 0.395%* 0.360**
(0.165) (0.164) (0.161) (0.162) (0.164)
Asia -0.033 -0.033 -0.044 -0.037 -0.027
(0.068) (0.068) (0.067) (0.068) (0.064)
Americas -0.150 -0.148 -0.188 -0.183 -0.267
(0.228) (0.226) (0.226) (0.226) (0.304)
Africa & Middle East -0.144 -0.148 -0.19 -0.197 -0.103
(0.171) (0.170) (0.168) (0.172) (0.163)
Game exposure 0.004 0.004 0.004 0.000
(0.004) (0.004) (0.005) (0.005)
Lecturer C -0.009 -0.007 -0.017 0.029
(0.082) (0.083) (0.084) (0.087)
Lecturer D 0.011 0.027 0.013 0.095
(0.143) (0.147) (0.149) (0.158)
Lecturer E 0.057 0.048 0.035 0.024
(0.113) (0.115) (0.118) (0.126)
Lecturer F 0.042 0.044 0.041 0.041
(0.082) (0.084) (0.085) (0.089)
ATAR 0.129%**
(0.006)
Constant 6.056***  6.940***  6.908*** 7.019%**  7.017***  -6.904***
(0.037) (0.343) (0.361) (0.399) (0.403) (0.914)
Tutor dummies x x x v v v
N 3560 3560 3560 3560 3520 2652
R-sq 0.071 0.120 0.121 0.135 0.134 0.345

Notes: The classification of the country of birth follows the Standard Australian Classification of Countries, 2011,
Version 2.3 (http://www.abs.gov.au/AUSSTATS/abs@ .nsf/DetailsPage/1269.02011?0OpenDocument). The Other
Oceania group includes Oceania countries other than Australia (which is the omitted base group). Robust standard
errors are reported in parentheses below the estimates. * P<0.10, ** P<0.05, *** P<0.01.
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Table 4A: Results on the game impact on final exam scores in Semester 1, by question relevance

Relevant questions

Irrelevant questions

d) 2) 3) (4) ) (0 @) 2) 3) (4) ) Q)
Year 2013 1.318%**  [.353%**  [[126%**  1.239%%* ] 179%%*  ].579%** 0.845%**  (.858*** 0.645%** 0.947%%* 0.950%** 1.014%%**
(Treatment group) (0.098) (0.098) (0.400) (0.454) (0.457) (0.523) (0.050) (0.049) (0.181) (0.210) (0.212) (0.228)
Male 0.817%**  (.825%**  (.799***  (.783***  (.740%** 0.488*** 0.490%** 0.479%** 0.477%%* 0.510%**
(0.101) (0.101) (0.102) (0.102) (0.116) (0.050) (0.050) (0.050) (0.051) (0.053)
Age -0.071***  -0.070***  -0.070%**  -0.067*** 0.041 -0.082***  -0.083***  -0.080%**  -0.080%** 0.012
(0.027) (0.027) (0.026) (0.026) (0.061) (0.017) (0.017) (0.017) (0.017) (0.031)
Full-time 0.206 0.182 0.154 0.143 0314 0.367*** 0.367*** 0.368%** 0.381%** 0.366**
(0.231) (0.233) (0.237) (0.239) (0.291) (0.138) (0.140) (0.141) (0.144) (0.160)
International student 0.350%* 0.359%** 0.344%* 0.276* 0.397 0.059 0.06 0.069 0.065 0.192
(0.157) (0.157) (0.158) (0.158) (0.269) (0.079) (0.079) (0.078) (0.079) (0.130)
No. of retakes -1.313%%% -1 283%*  _]272%* -0.966 -0.969%**  _(0.949%**  _().944%** -0.065
(0.502) (0.502) (0.509) (0.658) (0.187) (0.185) (0.190) (0.221)
Country of birth
Other Oceania 0.708* 0.691* 0.686* 0.625 0.862** 0.475%** 0.472%** 0.497*** 0.542%** 0.499%**
(0.411) (0.407) (0.407) (0.412) (0.368) (0.181) (0.180) (0.182) (0.182) (0.162)
Europe -0.718* -0.719* -0.750* -0.733* -0.853 0.440%** 0.440%** 0.453%** 0.456%** 0.427***
(0.419) (0.420) (0.419) (0.418) (0.543) (0.163) (0.162) (0.159) (0.159) (0.161)
Asia -0.071 -0.071 -0.075 -0.047 -0.033 -0.034 -0.034 -0.045 -0.039 -0.033
(0.136) (0.136) (0.137) (0.137) (0.143) (0.069) (0.069) (0.068) (0.069) (0.065)
Americas -0.559 -0.556 -0.539 -0.507 -1.006 -0.14 -0.138 -0.182 -0.178 -0.248
(0.510) (0.509) (0.515) (0.515) (0.820) (0.227) (0.226) (0.225) (0.225) (0.302)
Africa & Middle East 0.055 0.048 0.018 -0.067 -0.05 -0.165 -0.169 -0.214 -0.218 -0.115
(0.337) (0.336) (0.342) (0.362) (0.368) (0.176) (0.176) (0.173) (0.178) (0.172)
Game exposure 0.004 0.007 0.008 -0.006 0.005 0.004 0.004 0
(0.010) (0.010) (0.010) (0.011) (0.004) (0.005) (0.005) (0.005)
Lecturer C 0.063 0.027 -0.007 0.152 -0.017 -0.008 -0.019 0.028
(0.178) (0.183) (0.185) (0.209) (0.083) (0.084) (0.085) (0.088)
Lecturer D 0.024 -0.056 -0.089 0.21 0.002 0.029 0.016 0.088
(0.317) (0.330) (0.334) (0.374) (0.144) (0.149) (0.151) (0.160)
Lecturer E -0.01 -0.034 -0.063 0.135 0.06 0.051 0.039 0.02
(0.271) (0.281) (0.285) (0.318) (0.115) (0.117) (0.120) (0.127)
Lecturer F 0.108 0.081 0.081 0.165 0.037 0.045 0.042 0.042
(0.178) (0.183) (0.185) (0.209) (0.083) (0.085) (0.086) (0.089)
ATAR 0.115%** 0.128%**
(0.011) (0.0006)
Constant 6.633%** 7 D5Q%kk 7 ]QQ¥Ak T DPOHEkE T DIQHEE 5] THH* 5.986%**  6.895%** 6.869%** 7.002%** 7.001%** -6.895%**
(0.067) (0.585) (0.655) (0.716) (0.710) (1.780) (0.037) (0.348) (0.367) (0.406) (0.411) (0.919)
Tutor dummies x x x v v v x x x v v v
N 3554 3554 3554 3554 3514 2646 3554 3554 3554 3554 3514 2646
R-sq 0.048 0.073 0.074 0.081 0.08 0.125 0.074 0.119 0.121 0.136 0.135 0.342

Notes: The “Relevant questions” (“Irrelevant questions”) specifications implement specification (4) in Table 4 using as dependent variable the final exam score (out of 10) that students achieved considering
only the questions that were (not) pertinent to the videogame module deployed in Week 2. Robust standard errors are reported in parentheses below the estimates. * P<0.10, ** P<0.05, *** P<0.01.



Table 5: Game treatment effect, by standard deviation

Std. dev. of Treatment effect

Specification B exam scores by std. dev.

Week-5 mid-term €)) 0.474%** 1.785 0.266***
(0.059) (0.033)

2) 0.448%** 1.785 0.251%**
(0.057) (0.032)

@) 0.835%** 1.785 0.468%**
(0.220) (0.123)

Final exam ) 0.820*** 1.541 0.532%**
(0.049) (0.032)

2) 0.834%** 1.541 0.541%**
(0.049) (0.032)

@) 0.905%** 1.541 0.587%**
(0.209) (0.136)

Notes: The table shows the OLS estimates of the treatment effect ([’3\1) obtained from specifications (1), (2)
and (4) of Table 3 and Table 4. * P<0.10, ** P<0.05, *** P<0.01.
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Table 6: Results from the quantile analysis for Semester 1

Quantile Week-5 mid-term Final exam Joint (Week-5 & final exam) score
25% (A1) 50% (A2) 75% (A3) 25% (B1) 50% (B2) 75% (B3) 25% (Al) 50% (A2) 75% (A3)
Year 2013 0.548 0.578** 0.737*** [.112%** 0.763*** 0.443 0.936%** 0.766*** 0.599**
(Treatment group) (0.370) (0.250) (0.245) (0.299) (0.265) (0.307) (0.249) (0.245) (0.241)
Male 0.107 0.065 -0.022 0.520%** 0.527*** 0.544%** 0.267*** 0.306*** 0.271%**
(0.086) (0.059) (0.054) (0.075) (0.065) (0.061) (0.065) (0.055) (0.055)
Age -0.204%** -0.147%** -0.127%** -0.075%** -0.089%** -0.089%** -0.149%** -0.141%** -0.104%**
(0.037) (0.030) (0.032) (0.024) (0.018) (0.018) (0.023) (0.028) (0.025)
Full-time 0.193 -0.039 -0.087 0.360 0.000 -0.019 0.201 -0.079 -0.083
(0.254) (0.161) (0.122) (0.220) (0.174) (0.136) (0.178) (0.155) (0.118)
International student -0.409%* -0.677*** -0.472% %% 0.031 0.129 0.046 -0.233** -0.264%** -0.300%**
(0.159) (0.100) (0.099) (0.113) (0.104) (0.088) (0.110) (0.092) (0.092)
No. of retakes -0.788 -0.257 -0.424 -1.113%** -0.905** -0.803%** -0.862%* -0.687*** -0.800%**
(0.495) (0.340) (0.313) (0.236) (0.398) (0.288) (0.350) (0.253) (0.193)
Country of birth
Other Oceania -0.548 -0.489 -0.191 0.767** 0.177 0.511 -0.100 0.097 0.125
(0.334) (0.373) (0.265) (0.307) (0.273) (0.331) (0.325) (0.248) (0.189)
Europe 0.400 0.314 0.380%** 0.361* 0.077 0.436 0.404** 0.309 0.369%*
(0.355) (0.218) (0.178) (0.213) (0.233) (0.272) (0.198) (0.201) (0.197)
Asia -0.376** -0.109 -0.155** 0.001 -0.045 -0.019 -0.129 -0.083 -0.059
(0.152) (0.080) (0.075) (0.100) (0.095) (0.079) (0.095) (0.073) (0.074)
Americas -0.935% -0.198 -0.198 -0.126 -0.345 -0.200 -0.627* -0.258 -0.255
(0.532) (0.343) (0.328) (0.365) (0.278) (0.247) (0.337) (0.298) (0.252)
Africa & Middle East 0.043 -0.050 -0.200 -0.118 0.000 -0.311 -0.319 -0.055 -0.283*
(0.295) (0.210) (0.181) (0.246) (0.228) (0.195) (0.349) (0.186) (0.153)
Game exposure -0.005 -0.002 -0.002 -0.002 0.008 0.012* -0.003 -0.002 0.003
(0.006) (0.004) (0.004) (0.006) (0.006) (0.007) (0.005) (0.005) (0.005)
Lecturer C 0.136 0.215 0.260 0.074 0.002 -0.055 0.129 0.078 0.023
(0.287) (0.203) (0.218) (0.123) (0.113) 0.111) (0.107) (0.102) (0.100)
Lecturer D 0.604** 0.469** 0.476** 0.182 -0.063 -0.169 0.407** 0.317* 0.197
(0.289) (0.203) (0.216) (0.212) (0.192) (0.215) (0.184) (0.180) (0.185)
Lecturer E 0.181 0.188 0.258 0.097 -0.043 0.000 0.192 0.120 0.120
(0.257) (0.180) (0.204) (0.173) (0.158) (0.176) (0.147) (0.149) (0.154)
Lecturer F 0.106 0.045 0.090 0.104 0.100 0.065
(0.129) (0.118) (0.110) (0.109) (0.102) (0.098)
Constant 9.463*** 9.374%** 9.902%** 5.959%** 7.605%** 8.678%** 7.977*** 8.869%** 8.983***
(0.805) (0.618) (0.716) (0.639) (0.471) (0.424) (0.514) (0.602) (0.522)
Tutor dummies v v v v v v v v v
N 3557 3560 3579
R-sq 0.1369 0.1089 0.109 0.094 0.101 0.0864 0.109 0.094 0.101

Notes: Joint (Week-5 & final exam) score is the average of Week-5 mid-term and Final exam marks (out of 10). The classification of the country of birth follows the Standard Australian
Classification of Countries, 2011, Version 2.3 (http://www.abs.gov.au/AUSSTATS/abs @ .nsf/DetailsPage /1269.02011?0OpenDocument). The Other Oceania group includes Oceania countries
other than Australia (which is the omitted base group). Robust standard errors are estimated via bootstrap and reported in parentheses below the estimates. * P<0.10, ** P<0.05, *** P<0.01.



Table 7: Results on the game impact on Semester 1 scores, by gender

Females
Week-5 mid-term  Final exam  Week-5 mid-term  Final exam
Year 2013 0.753** 1.031%%* 0.889*** 0.879%**
(Treatment group) (0.365) (0.326) (0.276) (0.278)
Age -0.196%** -0.091%** -0.122%** -0.066%**
(0.032) (0.027) (0.032) (0.019)
Full-time -0.278 0.056 0.208 0.599%**
(0.196) (0.189) (0.176) (0.199)
International student -0.410%** 0.231* -0.599%** -0.048
(0.135) (0.119) (0.126) (0.104)
No. of retakes -1.047%** -0.944%** -0.131 -0.944%**
(0.388) (0.257) (0.324) (0.277)
Country of birth
Other Oceania -0.342 0.595** -0.441 0.558**
(0.334) (0.289) (0.433) (0.232)
Europe 0.221 0.377 0.229 0.501**
(0.376) (0.274) (0.255) (0.195)
Asia -0.280%** -0.037 -0.238** -0.056
(0.117) (0.104) (0.102) (0.090)
Americas -0.792%%* -0.697** -0.106 0.109
(0.335) (0.337) (0.403) (0.297)
Africa & Middle East -0.131 -0.485* -0.298 -0.122
(0.469) (0.262) (0.242) (0.210)
Game exposure -0.006 -0.001 -0.005 0.006
(0.006) (0.007) (0.005) (0.006)
Lecturer C 0.099 0.071 0.246 -0.059
(0.292) (0.127) (0.227) (0.111)
Lecturer D 0.399 0.121 0.643%** 0.003
(0.297) (0.230) (0.229) (0.196)
Lecturer E 0.015 0.188 0.292 -0.042
(0.261) (0.178) (0.194) (0.153)
Lecturer F 0.149 -0.011
(0.130) (0.113)
Constant 10.715%** 7.588%** 8.224%** 6.893%**
(0.697) (0.568) (0.704) (0.539)
Tutor dummies v v v v
N 1554 1553 2003 2007
R-sq 0.190 0.106 0.209 0.147

Notes: The classification of the country of birth follows the Standard Australian Classification of Countries,
2011, Version 2.3 (http://www .abs.gov.au/AUSSTATS/abs @ .nsf/DetailsPage/1269. 02011?OpenDocument).
The Other Oceania group includes Oceania countries other than Australia (which is the omitted base group).
Robust standard errors are reported in parentheses below the estimates. * P<0.10, ** P<0.05, *** P<0.01.
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Table 8: Results on the game impact on Semester 1 scores, by age

Week-5 mid-term Final exam
<=19 >19 <=19 >19
Year 2013 0.977*** 0.584 0.937%*** 0.935**
(Treatment group) (0.245) (0.524) (0.238) (0.449)
Male 0.100 -0.101 0.544%** 0.364***
(0.061) (0.147) (0.055) (0.126)
Full-time 0.034 0.248 0.500%** 0.256
(0.172) (0.204) (0.195) (0.203)
International student -0.727%** 0.160 -0.018 0.502%**
(0.107) (0.214) (0.092) (0.183)
No. of retakes -1.067%** 0.337 -1.191%%* -0.919%**
(0.325) (0.384) (0.241) (0.286)
Country of birth
Other Oceania -0.146 -3.150%** 0.595%*** -0.642
(0.249) (1.191) (0.187) (0.717)
Europe 0.033 0.160 0.251 0.162
(0.291) (0.365) (0.200) (0.302)
Asia -0.181** -0.650%** 0.027 -0.392%*
(0.083) (0.248) (0.072) (0.212)
Americas -0.136 -0.845% -0.054 -0.526
(0.374) (0.480) (0.248) (0.421)
Africa & Middle East -0.026 -0.866* -0.116 -0.651*
(0.257) (0.486) (0.209) (0.372)
Game exposure -0.008* 0.005 0.002 0.010
(0.004) (0.010) (0.005) (0.010)
Lecturer C 0.200 0.314 0.045 -0.157
(0.198) (0.429) (0.094) (0.201)
Lecturer D 0.611%** 0.287 0.065 -0.108
(0.199) (0.453) (0.168) (0.327)
Lecturer E 0.145 0.308 0.070 0.026
(0.172) (0.361) (0.133) (0.246)
Lecturer F 0.045 0.019
(0.095) (0.197)
Constant 6.388*** 6.421%** 5.359%** 5.864*%*
(0.299) (0.642) (0.311) (0.496)
Tutor dummies v v v v
N 2876 681 2878 682
R-sq 0.160 0.174 0.127 0.202

Notes: The classification of the country of birth follows the Standard Australian Classification of Countries,

2011, Version 2.3 (http://www.abs.gov.au/AUSSTATS/abs@ .nsf/DetailsPage/1269.02011?0OpenDocument).
The Other Oceania group includes Oceania countries other than Australia (which is the omitted base group).

Robust standard errors are reported in parentheses below the estimates. * P<0.10, ** P<0.05, *** P<0.01.
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Table 9: Results on game impact on Semester 1 scores, by field of study

Week-5 mid-term Final exam
Econ & Comm STEM Others Econ & Comm STEM Others
Year 2013 0.768%** 0.982* 1.364 0.887%** 1.232%* 0.980
(Treatment group) (0.255) (0.552) (0.848) (0.246) (0.498) (0.734)
Male 0.128** 0.147 0.228 0.573*** 0.331%** 0.436%**
(0.063) (0.196) (0.211) (0.055) (0.147) (0.195)
Age -0.134%*** -0.105%** -0.052* -0.108*** 0.000 0.005
(0.029) (0.047) (0.031) (0.022) (0.039) (0.031)
Full-time -0.028 0.321 -0.178 0.456** -0.048 0.395
(0.171) (0.315) (0.296) (0.185) (0.240) (0.453)
International student -0.447**%*  -0.709%** 0.315 0.123 -0.162 1.077%**
(0.107) (0.235) (0.360) (0.094) (0.196) (0.311)
No. of retakes -0.565* -0.136 -1.103 -1.068*** -0.669** 0.002
(0.329) (0.520) (0.921) (0.242) (0.309) (0.641)
Country of birth
Other Oceania -0.281 -0.738 0.487%* 0.344
(0.282) (0.706) 0.211) (0.348)
Europe 0.071 0.244 0.024 0.252 1.678%** 0.579
(0.254) (1.243) (0.553) (0.178) (0.536) (0.575)
Asia -0.144* -0.563%** -0.855%* 0.015 -0.085 -0.491
(0.086) (0.206) (0.387) (0.075) (0.185) (0.316)
Americas -0.376 -0.745 -0.751 -0.608 0.273 0.010
(0.570) (0.862) (0.575) 0.441) (0.683) (0.579)
Africa & Middle East 0.067 -0.821* 0.147 -0.300 0.043 -0.023
(0.272) (0.490) (0.553) 0.217) (0.387) (0.538)
Game exposure -0.005 -0.007 -0.008 0.002 0.003 -0.003
(0.004) (0.010) (0.015) (0.005) (0.011) (0.018)
Lecturer C 0.295 -0.169 0.543 0.086 -0.100 -0.289
(0.199) (0.505) (0.795) (0.093) (0.223) (0.345)
Lecturer D 0.614%** 0.271 0.912 0.080 -0.104 0.453
(0.203) (0.503) (0.817) (0.169) (0.372) (0.594)
Lecturer E 0.267 -0.359 0.711 0.104 -0.01 -0.078
(0.174) (0.425) (0.727) (0.131) (0.307) (0.469)
Lecturer F 0.076 0.193 0.057
(0.094) (0.228) (0.374)
Constant 8.959%** 7.996%** 6.610%** 7.451%%* 6.192%** 3.805%**
(0.604) (1.293) (1.248) (0.485) (0.970) (1.445)
Tutor dummies v v v v v v
N 2680 582 295 2683 581 296
R-sq 0.154 0.263 0.291 0.139 0.199 0.260

Notes: The classification of the country of birth follows the Standard Australian Classification of Countries, 2011,
Version 2.3 (http://www.abs.gov.au/AUSSTATS/abs @ .nsf/DetailsPage/1269.02011?0OpenDocument). The Other
Oceania group includes Oceania countries other than Australia (which is the omitted base group). Robust standard

errors are reported in parentheses below the estimates. * P<0.10, ** P<0.05, *** P<0.01.
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Table 10: Balancing test between the treated and control groups, by matching method

Week-5 mid-term Final exam
One-to-one Radius Kernel One-to-one Radius Kernel

% bias p>ltl % bias p>Itl % bias  p>ltl % bias p>ltl % bias p>ltl % bias  p>ltl
Male Unmatched -0.1 0974 -0.1 0.974 -0.1 0.974 0.0 0.993 0.0 0.993 0.0 0.993
Matched 0.9 0788 -0.8 0.813 0.0 0.991 0.9 0.788 -0.6 0.847 0.1 0.976
Age Unmatched -6.0 0.072 -6.0 0.072 -6.0 0.072 -6.9 0.039 -6.9 0.039 -6.9 0.039
Matched 24 0379 1.9 0.489 2.3 0.416 2.7 0.329 0.1 0.969 2.4 0.378
Full-time Unmatched 2.2 0.515 2.2 0.515 2.2 0.515 42 0.207 4.2 0.207 4.2 0.207
Matched 0.7 0836 -1.7 0.594 24 0.455 3.0 0.365 2.2 0.482 -4.0 0.197
International student Unmatched -8.1 0.016 -8.1 0.016 -8.1 0.016 -8.5 0.011 -8.5 0.011 -8.5 0.011
Matched 1.2 0.718 3.7 0.245 0.3 0.929 1.3 0.687 2.5 0.447 0.0 0.989

Country of birth
Oceania Unmatched -0.2 0944 -0.2 0.944 -0.2 0.944 -0.1 0.972 -0.1 0.972 -0.1 0.972
Matched 1.6 0.620 -1.8 0.612 -1.0 0.768 1.6 0.620 -1.4 0.677 -0.9 0.788
Europe Unmatched -1.1 0.743 -1.1 0.743 -1.1 0.743 -1.3 0.690 -1.3 0.690 -1.3 0.690
Matched 1.9 0.543 1.4 0.660 1.0 0.759 1.9 0.538 1.5 0.640 1.8 0.569
Asia Unmatched -8.3 0.013 -83 0.013 -8.3 0.013 -8.4 0.012 -8.4 0.012 -8.4 0.012
Matched -1.5 0.654 -1.8 0.580 -4.0 0.224 -0.7 0.835 -3.1 0.347 -4.2 0.205
Americas Unmatched 8.5 0.011 8.5 0.011 8.5 0.011 8.7 0.010 8.7 0.010 8.7 0.010
Matched 0.0 1.000 0.0 1.000 9.3 0.004 0.0 1.000 0.0 1.000 8.8 0.008
Africa & Middle East Unmatched 1.8  0.584 1.8 0.584 1.8 0.584 0.3 0.935 0.3 0.935 0.3 0.935
Matched 5.9 0.055 8.4 0.004 3.2 0.328 42 0.170 0.1 0.987 -0.3 0.940

Notes: One-to-one matching matches nearest neighbour, controls for identical propensity scores. Radius matching involves matching within the radius of 0.2 standard deviation of
logit of propensity score (0.028 for Week 5 mid-term, 0.030 for final exam). Kernel matching is a matching by gaussian kernel. “% bias” denotes the standardised percentage bias,
which is the percentage difference in the sample means between the treated and control (full or matched) groups as a percentage of the square root of the average of the sample
variances in the treated and control groups. “p>ltlI” represents the p-value of the t-tests for equality of means in the two samples before and after matching.
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Table 11: Results from propensity score matching

Matching method Treated  Controls Difference S.E.
Week-5 mid-term
One-to-one 7.305 6.854 0.452%** 0.061
Radius 7.305 6.866 0.440%** 0.060
Kernel 7.305 6.866 0.440%** 0.059
Final exam
One-to-one 6.877 6.049 0.828%** 0.053
Radius 6.877 6.062 0.815%** 0.050
Kernel 6.877 6.072 0.805%** 0.050

Notes: * P<0.10, ** P<0.05, *** P<0.01.
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Table 12A: Results on the game impact on Week-9 mid-term scores in Semester 1

Week-9 mid-term

(1) (2) 3) (4) (5) (6)
Year 2013 -0.319%**  _(,328%** -0.125 -0.158 -0.167 -0.289
(Placebo group) (0.063) (0.062) (0.220) (0.248) (0.251) (0.259)
Male 0.061 0.061 0.047 0.044 0.044
(0.063) (0.063) (0.062) (0.062) (0.064)
Age -0.125%**  _0,128*** Q. 141%** (0. 139%***  _0.176%**
(0.032) (0.033) (0.032) (0.032) (0.037)
Full-time 0.184 0.190 0.197 0.207 0.351*
(0.159) (0.160) (0.158) (0.158) (0.182)
International student -0.427**%*  _0.425%**%  _0.463***  _0.461%**  -(0.443%**
(0.106) (0.106) (0.103) (0.103) (0.157)
No. of retakes -0.905%**  _0,921***  .(,942%** -0.126
(0.284) (0.286) (0.291) (0.291)
Country of birth
Other Oceania 0.176 0.182 0.128 0.214 0.143
(0.212) 0.211) (0.197) (0.181) (0.174)
Europe 0.461%** 0.479%** 0.515%* 0.515%* 0.670%***
(0.231) (0.233) (0.238) (0.238) (0.234)
Asia -0.156* -0.151* -0.122 -0.129 -0.006
(0.085) (0.085) (0.083) (0.083) (0.080)
Americas -0.511 -0.501 -0.459 -0.459 0.202
(0.354) (0.354) (0.353) (0.353) (0.443)
Africa & Middle East -0.028 -0.029 0.061 0.052 -0.036
(0.254) (0.254) (0.246) (0.252) (0.278)
Game exposure -0.002 -0.002 -0.001 -0.000
(0.004) (0.004) (0.004) (0.005)
Lecturer C 0.033 0.040 0.047 -0.051
(0.229) (0.228) (0.231) (0.240)
Lecturer D 0.265 0.169 0.172 0.098
(0.199) (0.201) (0.204) (0.211)
Lecturer E 0.167 0.176 0.178 0.017
(0.173) (0.176) (0.181) (0.186)
Lecturer F 0.243 0.163 0.165 0.035
(0.199) (0.199) (0.203) (0.210)
ATAR 0.117%**
(0.008)
Constant 6.858*** 9.159%*** 8.988*** 8.331*** 8.208*** -2.149%**
(0.041) (0.615) (0.644) (0.661) (0.667) (1.091)
Tutor dummies x x x v v v
N 3581 3581 3581 3581 3539 2666
R-sq 0.007 0.057 0.058 0.135 0.132 0.261

Notes: The classification of the country of birth follows the Standard Australian Classification of Countries, 2011,
Version 2.3 (http://www .abs.gov.au/AUSSTATS/abs@ .nsf/DetailsPage/1269.02011?0OpenDocument). The Other
Oceania group includes Oceania countries other than Australia (which is the omitted base group). Robust standard

errors are reported in parentheses below the estimates. * P<0.10, ** P<0.05, *** P<0.01.
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Table 12B: Results on the game impact on Week-5 mid-term scores in Semester 2

Week-5 mid-term

() (2) 3) 4) ) (6)
Year 2013 0.260** 0.223* 0.215% 0.232 0.209 -0.190
(Placebo group) 0.117)  (0.115)  (0.115)  (0.226)  (0.237)  (0.256)
Male -0.045 -0.045 0.014 0.048 0.084
0.118)  (0.118)  (0.115)  (0.122)  (0.139)
Age -0.088***  _0.086***  -0.086%**  -0.090*** -0.007
0.023)  (0.023)  (0.020)  (0.021)  (0.055)
Full-time 0.036 0.051 0.016 0.013 0.073
0.175)  (0.175)  (0.175)  (0.178)  (0.239)
International student L0.342%  -0.389%F  -0360%*  -0.418%*  -0.389
0.175)  (0.175)  (0.171)  (0.181)  (0.284)
No. of retakes -0.615%**  -(0.628*** (0 558%** -0.259
(0.168) (0.167) (0.163) (0.204)
Country of birth
Other Oceania -0.583 -0.601 0363 0462 -0.296
(0515)  (0497)  (0472)  (0.502)  (0.572)
Europe 0.970%** 0.977*** 0.986%*** 1.093%** 0.861%*
0319)  (0320)  (0316)  (0.325)  (0.490)
Asia L0.463%%  -0461%F  -0431%*  0357%  -0.194
(0.180)  (0.180)  (0.175)  (0.184)  (0.171)
Americas 0.292 0.285 -0.028 0.019  1.997%*
(0.495)  (0.496)  (0.498)  (0.504)  (0.872)
Aftica & Middle East 0.054 0.051 0.269 0.269 -0.098
0517)  (0.513)  (0.494)  (0.496)  (0.544)
Lecturer B L0258%%  -0272%F  -0261%F  -0.513%%*
0.116)  (0.114)  (0.121)  (0.134)
ATAR 0.120%**
(0.011)
Constant 6.551%K%  RETARKE  QIRTHEX  ROASHEE  BIOSKRE  _4 045%
0.088)  (0.492)  (0487)  (0.526)  (0.550)  (1.607)
Tutor dummies x x x v v v
N 1198 1198 1198 1198 1099 671
R-sq 0.004 0.070 0.073 0.146 0.136 0.298

Notes: The classification of the country of birth follows the Standard Australian Classification of Countries, 2011,
Version 2.3 (http://www.abs.gov.au/AUSSTATS/abs@ .nsf/DetailsPage/1269.02011?OpenDocument). The Other
Oceania group includes Oceania countries other than Australia (which is the omitted base group). Robust standard

errors are reported in parentheses below the estimates. * P<0.10, ** P<0.05, *** P<0.01.
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Table 12C: Results on the game impact on Week-9 mid-term scores in Semester 2

Week-9 mid-term

d) 2) A3 4 ©) ()
Year 2013 0.050 -0.004 -0.012 -0.098 -0.124 -0.176
(Placebo group) (0.130) (0.129) (0.129) (0.267) (0.278) (0.309)
Male -0.076 -0.076 -0.070 -0.154 0.198
(0.134) (0.134) (0.132) (0.139) (0.170)
Age -0.077** -0.076** -0.074** -0.074** -0.029
(0.032) (0.032) (0.031) (0.032) (0.065)
Full-time 0.010 0.024 -0.042 0.011 -0.085
(0.182) (0.182) (0.180) (0.181) (0.260)
International student -0.360** -0.407** -0.376%* -0.383* -0.917**
(0.183) (0.184) (0.183) (0.197) (0.358)
No. of retakes -0.667%%*  -0.679%**  -0.678*** -0.309
(0.209) (0.211) (0.214) (0.295)
Country of birth
Other Oceania -0.952 -0.970 -1.003 -1.023 -0.840
(0.759) (0.759) (0.749) (0.840) (1.017)
Europe 1.569***  1.580***  1.510%**  ].561*** 0.338

(0.328) (0.330) (0.319) (0.335) (0.694)
Asia 0.201 0.204 0.192 0.181 0.383%*
(0.189) (0.189) (0.185) (0.200) (0.194)
1.592%%% ] .587#%% | A34%*k | 430%xk 3 [43%x
(0.442) (0.443) (0.466) (0.472) (1.311)
Africa & Middle East 0.131 0.130 0.018 0.017 -0.687
(0.527) (0.536) (0.524) (0.528) (0.634)
20.247*%  -0.293**  _0316%*  -0.337**

Americas

Lecturer B
(0.131) (0.132) (0.139) (0.163)
ATAR 0.125%%*
(0.014)
Constant 6.503%%%  8005%*k  g208FKE  §305Fk*  8340*F*  _4.07]**
(0.101) (0.669) (0.656) (0.702) (0.729) (2.013)
Tutor dummies x x x v v v
N 1192 1192 1192 1192 1092 664
R-sq 0.000 0.036 0.039 0.08 0.076 0.240

Notes: The classification of the country of birth follows the Standard Australian Classification of Countries, 2011,
Version 2.3 (http://www.abs.gov.au/AUSSTATS/abs@ .nsf/DetailsPage/1269.02011?OpenDocument). The Other
Oceania group includes Oceania countries other than Australia (which is the omitted base group). Robust standard
errors are reported in parentheses below the estimates. * P<0.10, ** P<0.05, *** P<0.01.
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Table 12D: Results on the game impact on final exam scores in Semester 2

Final exam
D @) 3) 2 5) 6
Year 2013 0.039 0.005 -0.002 0.274* 0.270 0.133
(Placebo group) (0.088) (0.087) (0.086) (0.155) (0.165) (0.179)
Male 0.318***  (0.319%**  (.322%**  (.279%**  (.346%**
(0.087) (0.086) (0.086) (0.092) (0.110)
Age -0.052***  _0.050***  -0.046***  -0.049***  (0.107**
(0.016) (0.016) (0.016) (0.017) (0.044)
Full-time -0.051 -0.035 -0.070 -0.066 0.087
(0.127) (0.127) (0.126) (0.128) (0.160)
International student 0.060 0.015 -0.013 -0.083 -0.446*
(0.124) (0.126) (0.127) (0.135) (0.249)
No. of retakes -0.931***  (0.944*** () 885*** -0.726%**
(0.131) (0.131) (0.137) (0.151)
Country of birth
Other Oceania 0.180 0.161 0.110 -0.131 0.620
(0.487) (0.481) (0.490) (0.602) (0.556)
Europe 0.911%**  0.920%**  0.909***  1.028%** 0.734
(0.241) (0.240) (0.244) (0.248) (0.668)
Asia -0.010 -0.008 0.007 0.064 0.169
(0.129) (0.129) (0.130) (0.139) (0.124)
Americas 0.026 0.019 0.091 0.173 1.332*
(0.409) (0.417) (0.405) (0.407) (0.774)
Africa & Middle East 0.153 0.150 0.139 0.139 0.026
(0.314) (0.317) (0.320) (0.320) (0.370)
Lecturer B -0.250%**  -0.238***  _(.241*** -0.154
(0.087) (0.088) (0.093) (0.105)
ATAR 0.103***
(0.008)
Constant 5.857**%*  6.769%**  6.878*¥**  6.7780%**  6.861***  _5064]1%**
(0.068) (0.338) (0.333) (0.391) (0.415) (1.230)
Tutor dummies x x x v v v
N 1199 1199 1199 1199 1097 673
R-sq 0.000 0.068 0.075 0.089 0.058 0.308

Notes: The classification of the country of birth follows the Standard Australian Classification of Countries, 2011,
Version 2.3 (http://www.abs.gov.au/AUSSTATS/abs@ .nsf/DetailsPage/1269.02011?OpenDocument). The Other
Oceania group includes Oceania countries other than Australia (which is the omitted base group). Robust standard
errors are reported in parentheses below the estimates. * P<0.10, ** P<0.05, *** P<0.01.
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Table 12E: Results on the game impact on final exam scores in Semester 2, by question relevance

Relevant questions

Irrelevant questions

A (2) 3) ) (5) (6) ) (2) 3) ) (5) (6)
Year 2013 -0.586%** -0.582%**%  .(.596%** -0.192 -0.258 -0.34 0.174%* 0.143* 0.135 0.417*** 0.413** 0.293
(Treatment group) (0.220) (0.220) (0.220) (0.371) (0.390) (0.462) (0.087) (0.086) (0.086) (0.153) (0.163) (0.180)
Male 0.521** 0.522%* 0.490** 0.541%* 0.381 0.296***  (0.297***  (0.302%**  (.259%**  (.337***
(0.223) (0.223) (0.223) (0.231) (0.304) (0.087) (0.086) (0.086) (0.091) (0.110)
Age -0.070* -0.066* -0.066 -0.071* 0.161 -0.050%**  _0.048***  .0.044***  _-0.046***  (.114***
(0.038) (0.038) (0.041) (0.041) (0.122) (0.016) (0.016) (0.016) (0.017) (0.044)
Full-time 0.255 0.284 0.309 0.352 0.352 -0.045 -0.029 -0.068 -0.066 0.096
(0.307) (0.309) (0.312) (0.316) (0.515) (0.126) (0.125) (0.124) (0.127) (0.159)
International student 0.312 0.225 0.156 0.31 -0.944 0.048 0 -0.023 -0.115 -0.445%
(0.320) (0.322) (0.321) (0.336) (0.635) (0.123) (0.124) (0.126) (0.134) (0.249)
No. of retakes -1.208%**  _1233%¥* ] 2] ]*** -0.724 -0.915%**  _0.929%**  _(.863*** -0.731%**
(0.398) (0.396) (0.402) (0.538) (0.130) (0.130) (0.136) (0.147)
Country of birth
Other Oceania 1.405 1.371 1.405 1.263 0.702 0.191 0.172 0.112 -0.132 0.609
(0.929) (0.919) (0.958) (1.028) (1.281) (0.461) (0.456) (0.465) (0.576) (0.526)
Europe 0.949%* 0.966* 0.996* 1.006* 0.571 0.901*** (0. 911%**  (0.897***  1.030%** 0.738
(0.569) (0.562) (0.553) (0.552) (0.926) (0.244) (0.242) (0.246) (0.250) (0.674)
Asia -0.281 -0.276 -0.27 -0.403 -0.118 0.02 0.022 0.037 0.103 0.182
(0.332) (0.331) (0.331) (0.346) (0.356) (0.127) (0.127) (0.128) (0.138) (0.124)
Americas -1.143 -1.156 -0.976 -1.069 2.366** 0.06 0.053 0.119 0.21 1.320%*
(0.902) (0.927) (0.918) (0.926) (0.977) (0.405) (0.414) (0.401) (0.402) (0.764)
Africa & Middle East 1.968***  1.962***  2,004***  1.95]*** 2.254%%* 0.086 0.083 0.075 0.075 -0.049
(0.596) (0.593) (0.605) (0.602) (0.366) (0.311) (0.312) (0.315) (0.315) (0.360)
Lecturer B -0.469%* -0.438%* -0.419%* -0.541%* -0.260%**  -0.248*** () 259%** -0.168
(0.219) (0.223) (0.231) (0.290) (0.086) (0.087) (0.092) (0.104)
ATAR 0.153*** 0.100%***
(0.023) (0.008)
Constant 6.600%*** 7 514%¥* 7 JISFKE T 236¥*F*F 7 383F*k*  _10.800%** S5.714%**  6,579%**  6.690%**  6,599%**  6.675%**  _5,638*%**
(0.197) (0.834) (0.847) (0.966) (0.989) (3.382) (0.067) (0.338) (0.331) (0.390) (0.413) (1.208)
Tutor dummies x x x v v v x x x v v v
N 1192 1192 1192 1192 1093 671 1192 1192 1192 1192 1093 671
R-sq 0.006 0.034 0.038 0.047 0.046 0.138 0.003 0.067 0.074 0.09 0.059 0.3

Notes: The “Relevant questions” (“Irrelevant questions”) specifications implement specification (4) in Table 4 using as dependent variable the final exam score (out of 10) that students
achieved considering only the questions that were (not) pertinent to the videogame module deployed in Week 2. Robust standard errors are reported in parentheses below the estimates. *
P<0.10, ** P<0.05, *** P<0.01.



Table 13: Results from difference-in-differences analysis in Semester 1

Week-9 vs. Week-5 mid-terms

1) (2) (3)
Year 2013 -0.319%** -0.337%** -0.059
(0.063) (0.062) (0.197)
Week-5 mid-term -0.026 -0.028 -0.029
(0.049) (0.049) (0.049)
Y2013*Wk-5 mid-term 0.792%** 0.794 %% 0.795%**
(0.071) (0.071) (0.071)
Male 0.073 0.064
(0.049) (0.048)
Age -0.138%%** -0.144%%%*
(0.029) (0.029)
Full-time 0.099 0.096
(0.122) (0.121)
International student -0.483%%* -0.494%**
(0.084) (0.082)
No. of retakes -0.758%** -0.740%**
(0.202) (0.204)
Country of birth
Other Oceania -0.081 -0.109
(0.209) (0.189)
Europe 0.380** 0.381**
(0.181) (0.180)
Asia -0.206%** -0.184%3%*
(0.067) (0.065)
Americas -0.473* -0.450
(0.278) (0.283)
Africa & Middle East -0.145 -0.079
(0.201) (0.196)
Game exposure -0.004
(0.003)
Lecturer C (Wk 5) 0.180
(0.154)
Lecturer C (Wk 9) -0.068
(0.086)
Lecturer D (Wk 5) 0.357%*
(0.155)
Lecturer E (Wk 5) 0.180
(0.136)
Constant 6.858%** 9.523 %% 8.771%*x*
(0.041) (0.544) (0.576)
Tutor dummies x x v
N 7138 7138 7138
R-sq 0.022 0.084 0.133

Notes: The classification of the country of birth follows the Standard Australian Classification of Countries,

2011, Version 2.3 (http://www .abs.gov.au/AUSSTATS/abs @ .nsf/DetailsPage/1269.02011?OpenDocument).
The Other Oceania group includes Oceania countries other than Australia (which is the omitted base group).

Robust standard errors are reported in parentheses below the estimates. * P<0.10, ** P<0.05, *** P<0.01.
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Table 14: Results on the game impact on other Economics courses taken and degree completed

Number of all other Economics courses

Completed an Econ & Commerce degree

1 2 3) (4 1) (2) 3 4
Year 2013 0.240* 0.202 1.126%** 1.003* 0.039%**  (.029** 0.115%* 0.099*
(Treatment group) (0.137) (0.136) (0.537) (0.598) (0.014) (0.013) (0.052) (0.059)
Male 0.191 0.197 0.166 -0.103%**  .0.104***  -0.103%**
(0.137) (0.137) (0.138) (0.014) (0.014) (0.014)
Age -0.318%** (. 3]5%** _(325%%* -0.070%**  -0.069***  -0.067***
(0.043) (0.043) (0.043) (0.014) (0.014) (0.013)
Full-time 0.463 0.446 0.321 0.100%** 0.098*** 0.098***
(0.323) (0.322) (0.322) (0.032) (0.033) (0.033)
International Student -0.302 -0.289 -0.288 -0.065%* -0.065%* -0.066**
(0.197) (0.197) (0.199) (0.027) (0.027) (0.026)
Country of birth
Other Oceania 0.013 -0.043 -0.193 -0.008 -0.013 -0.015
(0.671) (0.681) (0.675) (0.054) (0.055) (0.055)
Europe 0.793 0.745 0.782 -0.001 -0.005 -0.004
(0.633) (0.633) (0.634) (0.053) (0.053) (0.053)
Asia -0.248 -0.246 -0.256 -0.008 -0.009 -0.009
(0.181) (0.181) (0.181) (0.018) (0.018) (0.018)
Americas -1.759%**  _] 794%**  _] 7Q5*** -0.315%**  .0.320%**  -0.320%**
(0.377) (0.392) (0.428) (0.068) (0.069) (0.070)
Africa & Middle East -0.317 -0.302 -0.281 -0.104* -0.100* -0.108*
(0.549) (0.548) (0.551) (0.055) (0.054) (0.055)
Game exposure -0.023%* -0.021%* -0.002 -0.002
(0.013) (0.013) (0.001) (0.001)
Lecturer C 0.621***  (.544%** 0.055%* 0.056**
(0.238) (0.244) (0.022) (0.023)
Lecturer D 0.745%* 0.678 -0.005 -0.001
(0.423) (0.439) (0.040) (0.041)
Lecturer E 0.513 0.348 -0.019 -0.012
(0.352) (0.365) (0.032) (0.033)
Lecturer F 0.213 0.115 -0.042* -0.038
(0.239) (0.247) (0.023) (0.023)
Constant 3.051%**  8.594%** 7 RO *k* T 8OS5SH** 0.736%**  2.036%*** 2.023%** 2.071%%*
(0.097) (0.877) (0.924) (1.006) 0.011) (0.255) (0.251) (0.247)
Tutor dummies x x x v x x x v
N 3408 3408 3408 3408 3536 3536 3536 3536
R-sq 0.001 0.03 0.032 0.045 0.002 0.164 0.171 0.19

Notes: “Number of all other Economics courses” refers to economics courses taken after being included in the control
(Semester 1 2012) or treatment (Semester 1 2013) for the subsequent eight semesters, while “Completed an Econ &
Commerce degree” is an indicator denoting whether one has graduated with an Econ & Commerce degree. Robust standard
errors are reported in parentheses below the estimates. * P<0.10, ** P<0.05, *** P<0.01.



Table 15: Results on the game impact on other courses scores - overall and in Econ & Commerce courses, and graduation timing

Mean score in all other Econ & Commerce courses

Mean score in all other courses

Graduated 'in time'

€)) 2 3) @ (H 2 3) ) €)) 2 3) “
Year 2013 0.083** 0.067* -0.349* -0.209 0.106***  0.076** -0.235 -0.107 0.012 0.024* -0.042 -0.052
(Treatment group) (0.041) (0.040) (0.180) (0.203) (0.037) (0.036) (0.160) (0.179) (0.014) (0.013) (0.051) (0.057)
Male -0.003 0.000 0.006 -0.043 -0.043 -0.037 -0.036%**  -0.035%** .(0.035%**
(0.040) (0.040) (0.040) (0.036) (0.036) (0.036) (0.013) (0.013) (0.013)
Age -0.098***  _0.098***  _(.099*** -0.064***  _0.065***  -0.065%** -0.008* -0.008* -0.008*
(0.019) (0.020) (0.020) (0.019) (0.020) (0.019) (0.004) (0.004) (0.004)
Full-time 0.202 0.171 0.173 0.297* 0.286 0.296* 0.144%**  (.145%*%* (. 148***
(0.205) (0.207) (0.204) (0.176) (0.177) (0.173) (0.019) (0.019) (0.019)
International Student -0.391%**  _(0.394%%*  _(),396%*** -0.335%**  _(0.335%%*  _(0.336%** 0.321%**  (0.321**%*  (.320%**
(0.068) (0.068) (0.068) (0.062) (0.062) (0.062) (0.023) (0.023) (0.023)
Country of birth
Other Oceania 0.143 0.154 0.195 0.065 0.077 0.118 0.080 0.080 0.085
(0.132) (0.131) (0.136) (0.136) (0.136) (0.138) (0.068) (0.069) (0.068)
Europe 0.404%** 0.415%* 0.434%** 0.384%**  (.399%*** 0.422%** 0.078 0.078 0.090*
(0.171) (0.167) (0.167) (0.142) (0.140) (0.140) (0.051) (0.051) (0.050)
Asia -0.119** -0.119%** -0.113** -0.169%**  _0.170***  -0.169*** 0.048%**  (0.047***  (0.047***
(0.053) (0.053) (0.053) (0.048) (0.048) (0.048) (0.017) (0.017) (0.017)
Americas 0.359%** 0.352%** 0.377%** 0.339%**  (.353%** 0.350%** 0.062 0.063 0.067
(0.127) (0.126) (0.130) (0.115) (0.113) (0.109) (0.074) (0.073) (0.072)
Africa & Middle East 0.145 0.135 0.124 0.208* 0.200* 0.185 -0.044 -0.045 -0.041
(0.156) (0.158) (0.157) (0.117) (0.116) (0.116) (0.050) (0.050) (0.050)
Game exposure 0.010%** 0.009** 0.007** 0.006** 0.001 0.001
(0.004) (0.004) (0.003) (0.003) (0.001) (0.001)
Lecturer C -0.152%** -0.146* -0.145** -0.147** -0.018 -0.016
(0.075) (0.077) (0.067) (0.069) (0.023) (0.023)
Lecturer D -0.179 -0.189 -0.122 -0.137 -0.061 -0.052
(0.135) (0.141) (0.121) (0.127) (0.040) (0.041)
Lecturer E -0.138 -0.155 -0.096 -0.113 -0.027 -0.008
(0.117) (0.123) (0.105) (0.110) (0.034) (0.034)
Lecturer F -0.062 -0.061 -0.019 -0.022 -0.014 -0.007
(0.076) (0.078) (0.068) (0.070) (0.023) (0.023)
Constant 6.695%** 8.427*** 8.625%** 8.823%** 6.774%** 7 850**k* 7 995H** 8.106%*** 0.206*%**  (0.137* 0.174* 0.111
(0.029) (0.356) 0.371) (0.391) (0.026) (0.347) (0.359) (0.372) (0.010) (0.080) (0.086) (0.092)
Tutor dummies x x x v x x x v x x x v
N 3109 3109 3109 3109 3401 3401 3401 3401 3478 3478 3478 3478
R-sq 0.001 0.066 0.07 0.085 0.002 0.065 0.068 0.082 0 0.142 0.143 0.156

Notes: “Mean score in all courses” denotes the average mark achieved in all courses taken after being included in the control (Semester 1 2012) or treatment (Semester 1 2013) for the
subsequent eight semesters. Graduated ‘in time’ captures whether one graduated within the specified duration of her degree; specifications (9)-(10) use a narrower sample that further

excludes those for whom the relevant semester is not their first one. Robust standard errors are reported in parentheses below the estimates. * P<0.10, ** P<0.05, *** P<0.01.



A Appendix

10

Ny
S
-—
R- ..ooo....'.""""' ll'..
Q

eee ogo0ep .'."' 'I'IlI 'l‘l‘ |‘l|

T T
2013_S1 2012_S2 2013 _S2
Year and semester

Figure 1A. : Distribution and mean of scores for the Week-5 mid-term

Notes: The actual maximum scores for the Week-5 mid-term in Semester 1 2013 and Semester 2 2013 are 15 and 20,
respectively. The scores for these two semesters are converted to 0 — 10 scale for easy comparison.
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Figure 1B. : Distribution and mean of scores for the Week-9 mid-term

Notes: The actual maximum scores for the Week-9 mid-term in all the semesters are 20. The scores for these tests
are converted to 0 — 10 scale for easy comparison.
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Figure 1C. : Distribution and mean of scores for the final exam

Notes: The actual maximum scores for the final exam in 2012 and 2013 are 65 and 50, respectively. The scores for
these tests are converted to 0 — 10 scale for easy comparison.
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Figure 1D. : Aggregate game usage statistics

Notes: Data was provided via the EApps server established to allow students to access and play the game online. No
identifiers were collected due to privacy rules. One complete play-through of the video game module was designed
to take approcimately1 hour if no mistakes were made.
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Quantile

Figure 2A. : Quantile regression coefficients for Week-5 mid-term scores

Notes: Each panel shows a specific quantile regression coefficient with the corresponding confidence interval, with the actual coefficient represented by the horizontal black line.
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