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Abstract. This paper presents work on applying clustering asdcation rule

mining techniques to mine users’ behavior in intergctivith an intelligent

educational game, Prime Climb. Through such behaviscogery, frequent
patterns of interaction which characterize different gsoop students with
similar interaction styles are identified. The relatibetween the extracted
patterns and the average domain knowledge of studentach group is
investigated. The results show that the students significantly higher prior

knowledge about the domain behave differently from éhaith lower prior

knowledge as they play the game and that patterid doei identified early
during the interactions.
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1 Introduction

Open-Ended Learning Environments (OELEs) suppodesit-centered learning and
allow learners to follow an exploratory interactibehavior to construct their own
models of concepts and revise their beliefs sulesqio receiving immediate
feedback on their actions [1]. Previous studiesehsivown that students could not
benefit much from an open-ended learning enviroriniemot receiving proper
feedback [2]. Among learning environments, educetigames are designed to foster
motivation and engagement which are shown to badnfial in learning [3]. To this
end, educational games such as Crystal Island gwowxploratory learning
environments and encourage autonomous interactiintihe game [4]. While such
freedom in interaction is required to maintain eyegaent in the game, it also
provides learners with the possibility of showiniffedent interaction patterns. The
interaction patterns might be indicative of certafraracteristics and understanding
such patterns can provide valuable information abwistudents.

Adaptive OELEs have been designed to answer thd fareunderstanding and
intelligently supporting varying learning styles, aapities, and preferences in
individuals in developing their skills. An adaptieglucational system maintains a
model of studers learning and leverages the student’'giiattions with the system to
provide tailored scaffolding. Many educational syss apply data mining approaches
on the logs ofteidents’ recorded interactions to extract behaVipatterns anextract
high-level information about students [5-7]. Aloris line of research, we
concentrate on understanding how students intesgitt Prime Climb (PC), an
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adaptive educational game (edu-game) and whetlege fis a connection between
behavior patterns of students and their attribigesh as prior knowledge. The
ultimate goal in an adaptive educational game sascRC is to help a higher number
of students learn the desired skills through intémgowvith the game. Achieving such
an objective requires a pedagogical agent whichntai@is an accurate understanding
of individual differences among users and provighese tailored interventions, with
the aim of guiding the learners in the right leagnidirection. For instance, if a
pedagogical agent is capable of identifying a gro@istudents with high domain
knowledge, it is possible to leverage such inforamato construct a more accurate
user model and intervention mechanidthe user’s interaction behaviours can also be
provided to developers to improve the design oftatlanal systems [8].

Behavioral discovery has been vastly used in eéut systems, but there is
limited application in educational games such am@&iClimb, in which educational
concepts are embedded and presented in the gamarisseand narratives with
minimum explicit technical notation (for instanceatimematical notations in PC) to
more genuinely support game aspects of the systeRrime Climb, students do not
explicitly practice approaches to number factoraratbut implicitly follow a self-
regulated learning approach [9] to explore and tstdad the methods and practice
them. This paper describes the first step towareréging students’ behavioral
patterns into building a more effective adaptival-game. The ultimate goal is
devising mechanisms for extracting abstract higlell@atterns from raw interaction
data and leveraging such understanding for rea-tidentification of interaction
styles to enhance user modeling and interventiorhang@sm in an edu-game like PC.

Behavior discovery has been recently applied ifeddht educational systems.
Kardan et al. [6] leveraged behavior discovery toppse a general framework for
distinguishing users’ interaction styles in explorgtlearning environments. Keshtkar
et al. [10] describe an approach to distinguisiulayers and mentors roles in a multi-
chat environment within the epistemic game Urbaier®e. In another related work,
Mccuaig et al. [5] discuss using interaction bebewvio distinguish students who will
fail or pass a course in a Learning Managemente8y$t. MS). A sequence mining
approach has been also used in differentiating Wehgpatterns in students’
interacting with Betty’s Brain, a learnidgy-teaching environment [7].

Although behavior discovery has been recently aopto many educational systems,
there is very limited work on behavior mining in apen ended intelligent
educational game like Prime Climb in which learnthgough playing the game is
intended. Additionally, most of the previous workse the entire interaction data to
make inferences about the users. In this work, vesent the results of behavior
mining not only on a big portion of interaction adiut also on a truncated data set,
which will provide the possibility of constructingn online classifier for early
detection of varying patterns of interactions.

2 Prime Climb an Intelligent Edu-game

Prime Climb (PC) is an intelligent educational gdimestudents in grades 5 and 6 to
practice number factorization skills. Prime Climb équipped with an intelligent

pedagogical agent which maintains a probabilistoideh of the student’s knowledge

on number factorization skills.



The pedagogical agent leverages
the probabilistic model to provide
an adaptive scaffolding mechanism.
If model's assessment about the
students knowledge on a skill falls
below a certain threshold, a hint is
presented to the player. The hints
are given in incremental level of
details. In PC, the player and his/her
partner climb a series of 11
mountains of numbers by pairing up
the numbers which do not share a

Fig. 1 Prime Climb common factor. There are two main

interactions of a player with PC:

Making Movements A player makes one or more movements at each tbye,
clicking on numbered hexagons on the mountainsp@ides immediate feedbacks
on correctness of movements. If a player makes agwwovement, s/he falls down.
Using Magnifying Glass Tool The magnifying glass (MG) tool is always available
for the user to benefit from. The MG is used tovelibe factor tree of a number on
the mountains; it is located in the top right coroethe game (Fig. 1).

4 Behavior Discovery in Prime Climb

Fig. 2: Behavior discovery methodology in Prime Climb

4.1 Data Collection

Data collection is first component of the behawvitiscovery methodology in PC

shown in Fig. 2. We collected interaction logs & 4tudents who played PC
voluntarily. Prime Climb consists of 11 levels (m¢&ins), and not all students could
manage to reach the last level. Out of the 45 siisgdd3 completed 9 or more levels.
The remaining 2 students who completed fewer lewadse excluded from further

analyses to ensure that all students in analysiscbenpleted a minimum of 9 levels.
For the remaining 43 students, the interaction &atshe first 9 mountains was used
in the feature extraction process.
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Movement Features

Sum/Mean/STD] of number of [correct/wrong] movertgemade by a student across moun
Mean/STD] of length of sequences of [correct/wiomgpves made by a student

Magnifying Glass (MG) Features
Mean number of [correct/wrong] movements per eaGhidage

The optimal number of clusters is determined as ltlvgest numb
suggested by C-index, Calinski and Harabasz[12] @iltibuette [13] measures
clustering validity.






Rules for Cluster 1[HPK]: (Size: 10/43 = 23.26%)

Mean-Time-on
Mean-Time-Sp

0 STD-Time-On-Wrong-Correct-Moves(1-9) WEB3/35=94.29%)
Mean-Time-On-Consecutive-Wrong-Movements(1-9) = oW81/35=88.57%)]
0 STD-Time-On-Movements(1-9) = Lowdi31/33=93.94%]

0 STD-Time-On-Correct-Movements(1-9) = Low§31/33=93.94]




Rules for Cluster 1[HPK]
(Size: 33/42=78.57%)
Mean-Time-On-Movements(1)=Lowd30/31

=96.77%)]
Mean-Time-On-Movements(1-2) lower
[29/30 = 96.67%)]
Rules for Cluster 2[LPK]
(Size: 9/42=21.43%)

- Mean-Time-Spent-On-Mountain(1-2) =
Higher, [7/7=100%)]

- Total-Time-On-Mountain(1) = Higher
[5/5=100%)]

Rules for Cluster 1[HPK]
(Size: 7/43=16.28%)
Mean-Time-On-Movements(4) = Highgs/5 =
100%]
Mean-Time-On-Correct-Movements(3) =
Higher, [3/3 = 100%]

Rules for Cluster 2[LPK]
(Size: 36/43=83.72%)
Mean-Time-On-Correct-Movements(1-4) =
Lower, [35/35 = 100%)]

Mean-Time-On-Movements(1-4)=LowdB84/34
= 100%)]
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