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Abstract. There has been increasing interest in using gdome=ducation, but

little investigation of how to model student leamgiwithin games [cf. 6]. We
investigate how existing techniques for modeling dtquisition of fluent skill

can be adapted to the context of an educationmnragame, Zombie Division.

We discuss why this adaptation is necessarily wffefor educational action
games than for other types of games, such as fseeb games. We
demonstrate that gain in accuracy over time iggétteorward to model using

exponential learning curves, but that models ohdaispeed over time must
also take gameplay learning into account.

1 Introduction

Over the last decades, a number of very effectedniques have been developed
for modeling student learning within interactivealeing environments. Bayesian
Knowledge-Tracing [3] and Bayes Nets [6] have proie be very effective at
modeling student knowledge at a specific pointrimet Another technique, empirical
learning curves [cf. 1,5] have proven successfulafsessing students’ gains in both
accuracy and speed over time, as they use a lgagniironment.

These techniques have been generally very suctedsfuodeling knowledge and
learning within the environments where they havenbesed, and have contributed to
making these environments more educationally éffectHowever, there are many
types of environments where these techniques amerused — in particular
educational games [6]. Almost since the advenhefptersonal computer, educational
games have been an important part of many studedtgational experiences. It has
been hypothesized by many researchers that games tha potential to make
education more fun, and to improve student learnlng improving student
engagement [cf. 7]. Yet the development of educatiGgames has generally not
benefited from the analytical tools that have beerd to study and improve the



educational effectiveness of other types of learr@nvironments, such as intelligent
tutoring systems [cf. 1,2,3,5].

One important and popular type of educational gasnt¢he educational action
game. Educational action games incorporate eduratimaterial into fast-paced
game environments where the student must respoictilgtio continual challenges.
Unlike many other forms of interactive learning momments, and turn-based
educational games (studied in [6]), educationaloacgames offer little time for
reflection, at least during main gameplay. Becaathgcational action games do not
offer time for reflection, it has been suggestedt tthey are more appropriate for
building skill fluency (i.e. speed and accuracyeaercising a skill) than for the
acquisition of new and complex concepts [cf. 9].

In intelligent tutoring systems, empirical learniogrves have been found to be an
appropriate method for assessing gain in speed amudracy [cf. 1,2,5]. Two
challenges will need to be surmounted, howeveoyrder to use exponential learning
curves for fluency assessment in educational agi@nes.

The first challenge is that the relationship betwveerformance and knowledge is
more complex in games than tutors. Unlike tutodsicational games generally do not
attempt to explicitly make student thinking visitkad communicate domain goal
structure [cf. 1], design goals which result in ieowments where it is comparatively
easy to assess student knowledge. However, Mamsk€@anati [6] have successfully
developed Bayes Nets which can make appropriagsssents of knowledge in turn-
based educational games. In this paper, we wilugis what additional challenges to
assessing knowledge are present within educatamtain games.

A second challenge, particularly important witholueational action games, is that
some portion of students’ gain in speed is likakg ¢io learning how to play the game,
rather than domain learning. In this paper, we iniestigate how gameplay learning
affects our ability to assess the developmentustit skill.

Within this paper, we will investigate how thesealidnges can be addressed, so
that student fluency gain can be accurately model#hin an educational action
game, Zombie Division.

1.1 Zombie Division

Zombie Division, shown in Figure 1, is an educatiogame designed to help
elementary school students learn about divisior4dkf Zombie Division is at its core
a third-person action game, though it also hasrdve-game elements.

Within Zombie Division, the player is a hero frorméent Greece, who must
defeat skeletal enemies in hand-to-hand combatderao progress. Each skeleton
has a number on its chest. The player has a setayons, each of which corresponds
to a divisor number. Each weapon is linked to a éeyhe keyboard — the 2 weapon
is used by pressing the “F2” key, the 3 weapors&duby pressing the “F3” key, and
so on. If the player attacks (attempts to dividskeleton by a number which divides
that skeleton’s number (i.e. skeleton modulus weap®), the skeleton dies. If the
player attacks (attempts to divide) a skeletongusimumber which is not a divisor of
the skeleton’s number, the skeleton counter-attazssing the player to lose health.

As the player proceeds from level to level of tlaeng, his or her weapons (set of
potential divisors) change, requiring the playeuse different divisors to divide the



same skeleton at different times (for example, meeth use 2 or 4 on different levels
to divide a 32 skeleton). Some skeletons are nasible by any of the student’s
weapons and must be avoided. The mathematicas skilblved in Zombie Division
(and which a student will hopefully know more abafter playing Zombie Division)
are, therefore, being able to determine whetharmaber is divisible by 2 (e.g. even),
3, or 5, and being able to determine whether a murithdivisible by 4, 6, 8, or 10
when small divisors are not available.

Beyond the mathematical features of the gameplaretare also aspects to the
game which are included purely to support enjoyadnie challenging gameplay:
some skeletons move from place to place, otheregket hold special keys that
enable the student to move on to new game regwmsie skeletons pursue the
student, and some skeletons (increasingly on higivels) attack spontaneously if the
player delays. Hence, Zombie Division is designadtiie joint purposes of teaching
mathematics and providing the student with a fuymeeience.

Later in the paper, we will also discuss data fanmalternate (“extrinsic”) version
of Zombie Division. In the “intrinsic” version disssed above, the mathematical
content of Zombie Division is integrated into thengeplay. The “extrinsic” version,
has the same mathematical content and the sameptgamieut these two components
of the student’s experience are separated. Matlieahgiroblems are given at the
completion of each game level, and the studentsptagame which is identical to the
intrinsic version of the game described above where the mathematical content has
been removed. The same keys on the keyboard atk taskill skeletons, but no
divisors are associated with those keys. Instedtheing numbers on their chests, the
skeletons have pictures of the weapons that cdrthém. The student encounters
exactly the same skeletons at the same times aatidas in each version of Zombie
Division; the only difference is the conceptual mieg of the key the student must
press to kill each skeleton.

In this paper, we will focus predominantly on stidylearning and gameplay in
the intrinsic condition of Zombie Division, wherbese two components are mixed
(as in most educational action games) — howeverwillein some cases consider
evidence from the extrinsic condition in order tettbr understand the pattern of
student performance in the intrinsic condition.

The data we will discuss is drawn from four classea large primary school in a
low-income area on the outskirts of a medium-siig im northern England. The
school has an average number of students with apeducational needs, but with
significantly below-average scores on national sssents. 17 students used the
intrinsic condition of Zombie Division; 18 studentsed the extrinsic condition of
Zombie Division — two additional students were reew from each condition for
missing the post-test. Each student used Zombiésibiv for 135 total minutes of
class-time, across 6 class days spread across kKb wemy files were used to distill
measures of students’ learning and performanckegsused Zombie Division.



Fig. 1. Zombie Division (intrinsic version)

2 Accuracy-Based Models of Student Learning Witm Zombie
Division

In this section, we will study how to adapt emgititearning curves [cf. 1,2,5] to
the context of Zombie Division in order to studydgnts’ gain in accuracy over time.

2.1 Mapping Game Actions to Evidence on Learning

In order to plot learning curves, we need to map student actions and their
consequences within Zombie Division to a concepfahework which allows us to
define opportunities to practice a mathematicall skhd whether a student has
correctly demonstrated the skill or not. Such aceptual framework has been created
for intelligent tutoring systems [1] and, more nettg for turn-based educational
games [6].

One challenge that does not occur in intelligentoring systems and is
substantially less common in turn-based educatigaahes is that not all “errors”
from the perspective of the game give evidence alblwal student’s mathematical
skill. For example, if a student walks into a skeheand does not attack, the skeleton
attacks the student and the student loses hehtihgh this is an error in gameplay
(and results in negative consequences within theegait gives little evidence on the
student’s mathematical knowledge.

However, many events within the game do give infoion on the student’s
mathematical knowledge. Attacking a skeleton anlihgiit (for example, using the
“2" weapon to divide a “26” skeleton), is evident®at the student knows how to
determine whether a number is divisible by 2. Gspomdingly, unsuccessfully
attacking a specific skeleton (for example, trytoguse the “2” weapon to divide a



“15” skeleton), is evidence that the student dastsknow how to determine whether

a number is divisible by 2. In addition, avoidingrain actions may also give

information about the student’s knowledge. If adstut flees from a skeleton (defined
as leaving the room the skeleton is in) which hefsbuld not have killed (the student
has “2”, “3”, and “5” weapons but the skeleton #9"), there is evidence that the

student knows how to determine if a number is diésby 2,3, and 5; if a student

flees from a skeleton which he/she could have killen the other hand (the student
has a “2” weapon and flees from a “16” skeletohgré is evidence that the student
does not know how to determine if a number is diésby 2.

In the analyses that follow, we consider any giskaleton as a single opportunity
for a student to demonstrate a skill [cf. 3]: nmlki attempts to kill a skeleton with
different weapons may indicate process of elimoratrather than mathematical
knowledge.

2.2 Details of Analysis

In the analyses that will follow, we focus on fanathematical skills: the student’s
ability to determine if a number is divisible by2,4, and 5. 2, 3, and 5 are all prime
numbers, introduced as weapons/divisors early éengime, and are thus reasonably
straightforward to analyze. 10 is also introducedaaweapon/divisor early in the
game, but 10 is co-present with 2 or 5 in all eapportunities to use 10. This creates
considerable risk of bias: with both 2 and 10 ald#, a student having difficulty
deciding if an even number was divisible by 10 aatomatically revert to using 2 —
hence, a number of situations where the studenndicknow how to divide by 10
could be missed during analysis. 4, on the othendhds introduced as a
weapon/divisor later in the game, when 2 has beemoved as a weapon/divisor.
Hence, students’ ability to determining if a numizedivisible by 4 is not occluded
by the presence of 2. 6, 8, and 9 also occur irg#ee as divisors, but only on later
levels and thus with insufficient frequency to auzal

Since time was controlled in this study, some sttglare able to complete more of
Zombie Division than others. Hence, some studeriisemcounter more skeletons
than others. Since students who get further in ZerBlivision and encounter more
skeletons are likely to be better at mathemattospuld introduce bias to use all data
from all student actions in our analyses. Hencesetea cut-off, and do not analyze
opportunities to practice a mathematical skill whwere reached by less than half of
the students (in practice, this gives us from Sibas per student for the divisible-by-
2 skill, to 19 actions per student for the divisitly-4 skill).

2.3 Results

Graphs showing students’ accuracy over time atgusome of the mathematical
skills needed to play Zombie Division are showrFigure 2. Each of these graphs
shows the average performance at each opportumipractice each skill, with the
best-fitting exponential curve overlaid on eachpgraAn exponential learning curve
will fit the data if students have a fairly highrar rate at the beginning, improve
fairly rapidly, and show slowing improvement oviene.



The skill of determining whether a number is divisiby 2, shown in the top-left
graph of Figure 2, appears to fit this pattern vamsll. The best-fitting exponential
function to this data achieves a very healthyofr 0.52. The skill of determining
whether a number is divisible by 5, shown in thp-ight graph of Figure 2, also
appears to fit this pattern very well. The begtrfif exponential function to this data
achieves a respectablé of 0.32. The skill of determining whether a numligr
divisible by 4, shown in the bottom-right graph Kifjure 2, also appears to fit this
pattern, though the best-fitting exponential fumctio this data achieves a relatively
low r? of 0.09. At first glance, it appears that the léapdifficulty at the seventh
opportunity to divide by 4 may indicate that twdfetient skills are being combined
together. However, many skeletons can be killedrijtiple weapons and students
often encounter skeletons in different orders, tss inot immediately possible to
interpret a spike in difficulty as a second skiflilg encountered, unlike in learning
curve analyses of intelligent tutors [cf. 1]. Ircfathat point represents 12 different
skeletons encountered by 19 students, with no tvaremade on the same skeleton.

The skill of determining whether a number is divisiby 3, shown in the bottom-
left graph of Figure 2, does not appear to fit apomential curve. The best-fitting
exponential function to this data achieves amder 0.01, and even points in the
wrong direction, going very slightly up over timéhis suggests that students are
having more difficulty determining if a number is/zdible by 3 than if a number is
divisible by 2,4, and 5 — interestingly, divisioy B had not yet been discussed in
class before the students used Zombie Divisionredeethe other divisors had been.
This serves as a valuable reminder that fluencigimgj learning environments will
probably be most effective if used after approprminceptual instruction.

Determining if a number is divisible by 2 Determining if a number is divisible by 5
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Fig. 2. Students’ change in percent correct overrie, for specific mathematical
skills



3 Time-Based Learning Models of Student Learning Whin
Zombie Division

In this section, we investigate whether studengsnléo use mathematical skills
with greater speed during the time they use Zordgsion, again using empirical
learning curves. Empirical learning curves havenbesed successfully to model gain
in speed in intelligent tutoring systems [cf. 1,Hpwever, the relationship between
speed and learning is different in educationalosciames than in intelligent tutors.
Intelligent tutors generally involve interface acts which are common to most
computer applications (such as clicking on a blan# typing a number, or pointing
and clicking). It is reasonable to assume that nststlents will have experience
applying these basic interface skills; and therfmost of the speed gains a student
has while using an intelligent tutor should involthe relevant domain skills, not
gains in speed in interacting with the user integfa

By contrast, an educational action game like Zoniiegision involves several
novel interface skills which must be learned, sasthow to move the correct distance
away from a skeleton, and how to use each divifrile many students will have
had considerable prior gaming experience, Zombieisidin's gameplay will be
subtly different from games students have playetthénpast (for example: how much
movement is obtained by pressing a movement key,verich keys correspond to
different divisors). Therefore, some of each sttidespeed gains while using Zombie
Division may be attributable to learning gamepleyisinstead of domain skills.

In this section, we will first present an analysiich ignores interface and
gameplay learning. We will then explicitly accoufar interface and gameplay
learning, and show how accounting for gameplayniearaffects the results.

3.1 Details of Analysis

In the analyses which follow, we will consider ordysubset of actions within
Zombie Division. Specifically, we will analyze thame a student takes to attack a
skeleton with an appropriate weapon, on their fitstmpt to respond to that skeleton.
We eliminate errors (attacking with the wrong numbfeom consideration, since
these actions will not be representative of thelesitis gain in efficiency at using
correct knowledge over time. We also eliminate adcand subsequent attempts to
respond to a skeleton, since they are likely toolve error-correction instead of
simply exercising a known skill. Finally, we elinsite fleeing actions from
consideration, since the amount of time requirefiieg® may be governed primarily by
the size of the room and presence of other skedatothe room .

In addition, as in the previous section, we doaralyze opportunities to practice a
mathematical skill which were reached by less thalfi of the students. For brevity,
we will focus on the skill of determining whethenamber is divisible by 2; however,
the pattern we will show in this section is the egmattern as is found when the skills
of dividing by 4 and 5 are analyzed.



3.2 Results

A graph showing students’ accuracy over time atmeining whether a number is
divisible by 2 is shown on the left of Figure 3.ilgraph shows the average time
taken at each opportunity to practice each skilh the best-fitting exponential curve
overlaid. An exponential learning curve will fitatdata if students work fairly slowly
at the beginning, improve fairly rapidly, and shelawing improvement over time.

The skill of determining whether a number is divisi by 2, shown in the left
graph of Figure 3, appears to fit this pattern vemsll. The best-fitting exponential
function to this data achieves a reasonably Hgi 6.23. Hence, using this approach
suggests that students are getting faster at diyidy 2 over time, and therefore that
they are gaining fluency in this skill.

However, it is not clear from this approach whetther students’ gain in fluency is
a gain in fluency with mathematics or a gain ireflay at playing Zombie Division.
In many cases, this distinction would be diffiddttease apart. However, in this case,
data from the extrinsic condition can be used. Bsuksed earlier, the two conditions
have identical gameplay but in the extrinsic cdoditthe mathematics is given
separately. The extrinsic condition data can tloeeebe used to determine how much
of the speed-up seen in the intrinsic conditioaxplained by gameplay learning, and
therefore how much domain learning occurred. Thikimturn give evidence on the
appropriateness of computing time learning curvdsickv do not account for
gameplay.

A graph showing students’ accuracy over time dinkjlthe skeletons using F2 in
the extrinsic condition (equivalent to dividing Byin the intrinsic condition) is shown
on the right of Figure 3. This graph shows the agertime at each opportunity to
practice each skill, with the best-fitting exponahturve overlaid. The best-fitting
exponential function to this data achieves onlyadest ¥ of 0.05, but interestingly,
the best-fitting functions have a fairly similarpgarance between conditions.

We can now use this gameplay-only curve to caleulathether there is
mathematics learning occurring in the intrinsic @ition. If there is both gameplay
and mathematics learning in the intrinsic conditittre learning curve in the intrinsic
condition should actually be a composite of twovesr a gameplay learning curve,
and a mathematics learning curve. The gameplayilgacurve derived in the

Intrinsic Version: Extrinsic version:
Determining if a number is divisible by 2 Equivalent to determining if a number is divisible by 2
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Fig. 4. Students’ mathematics learning in the intmsic condition, with gameplay
factored out. The graph on the left includes the fst point in curve calculation;
the graph on the right omits that point.

extrinsic condition should be a reasonably accuzatemate of the gameplay learning
curve in the intrinsic condition, since gameplaydisntical across conditions. Hence,
we subtract the extrinsic gameplay learning cumamf the data in the intrinsic
condition. If the resultant points still fit an expential learning curve, we can be
certain that mathematics learning actually was ooayi in the intrinsic condition.

The resultant residual data points, and learningeslare shown on the left side of
Figure 4. This curve achieves a spectacdlaf 0.77 — at first glance suggesting that
considerable domain learning is indeed occurringwever, note that the curve is
completely flat after the earliest opportunitiespiactice the skill, and that the first
point is a major outlier. If we eliminate the figsbint from consideration when fitting
the curve, the slope flips around (see the rigte sif Figure 4), going upwards
(though with funder 0.01). Hence, it appears that non-gameptayiteg is occurring
in the intrinsic condition, but only between thesfiand second opportunities to
practice the skill. The additional learning doe$ mpear to be a gain in mathematics
fluency over time. It may instead be the studeatriang to apply his or her existing
mathematical knowledge within Zombie Division.

Hence, when we look at the overall picture, it does appear that students are
gaining fluency, at least in terms of speed, aidieg if a number is divisible by 2,
while playing Zombie Division. At minimum, if theugents are gaining fluency, the
effect is much smaller and more variable than ffiects of gameplay learning. This
suggests that plotting learning curves of studpeed, without taking gameplay into
account, is not an appropriate way to model fluegaiy in educational action games.

4 Conclusions

In this paper, we have analyzed two ways of stugltudent gains in fluency
over time, within an educational action game: stoglygains in accuracy over time,
and studying gains in speed over time. We haveddhat studying gains in speed
over time is not straightforward to do correctly; particular, different results are
obtained, depending on whether or not gameplaypficitly accounted for. Because



of this, simply computing gain in speed over timéthout accounting for gameplay,
does not appear to be an appropriate way to medehihg in educational action
games. In the absence of a measure of gameplagltenmate and probably more
reliable way to assess whether students gain speegplying a skill is to time
students’ responses on the pre-test and post-test.

It does appear, though, that existing methods fodeting gain in accuracy over
time are appropriate for use in educational actigames, with only minor
modifications. This will make it possible to quigkhnd effectively determine which
skills students gain and fail to gain while using educational action game, solely
from their behavior within the system. In the ca$eZombie Division, we see that
students successfully gained fluency in determimirrgnumber is divisible by 2,4, or
5, but that students did not gain fluency in deteing if a number is divisible by 3;
in developing future versions of Zombie Divisione wow know that this skill will
require extra support and scaffolding. Generalhglgsis of accuracy learning curves
has been found to be a useful technique for makingative assessments which can
be used to drive rapid re-design and improvemenmtefligent tutoring systems [cf.
2]. The results presented here suggest that, dyopszd, this technique will be useful
for formative assessment in educational action gaasevell.
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