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Abstract: In this paper, we propose a concept density algorifor personalized game-
based learning. The use of density algorithm alldies system to compute the concept
density automatically for the given content. Basadhe analysis, the system provides the
tutoring information and auto-generated questionsetf-assess on personalized learning.
The personalized learning flow generated by thesiteralgorithm fits perfectly to the
gaming flow. Moreover, the proposed algorithm aebgethe adaptive learning from the
concept level of learning.
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Introduction

Computer games are fun and engaging. Since studani®t move their eyes away from
the computer games, the teachers tend to add exhatanhaterial into game and turn it into
an advantage of motivating students to learn. Pats®d learning experience can be
reinforced by adding game elements to the envirotiniersonalized game-based learning
has gained a lot of focus from researchers andaj®a various applications in recent years
[1-3]. Some essential elements in games have besmieed to explain their engaging
nature. A "fun" game should include goals, intecactimmersion, reward system and more
[3]. It satisfies the players' intrinsic and exsimn motivation [4]. Taking these
characteristics into learning, the elements of fumeractivity, problem solving, user
involvement, and creativity in game can be usetlawosit the pedagogical information to
players while playing.

This paper focuses on the issues of personaliaategrased learning and proposes
a concept density algorithm to compute the condepisity automatically for the given
content. Based on the analysis, the system provitesutoring information and auto-
generated questions to self-assess on personkde@ihg.

1. Personalized Game-based Learning

1.1 Issues in Personalized Game-based Learning

Although game-based learning opens up great vesieti leaning, issues and controversy
exists between game and learning. The most comsiaVéssue is that the more educational
elements the game has and the less fun the gaievisto get balanced between game and

education is widely discussed [3]. In personalilezaining, without the presence of teacher,
how to evaluate the learning status and provideriug information also need to be
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addressed. Studies to find the key factors of a™'&ducational game point out the basic

game-based learning framework [5][6].

1) Learning
Educational game has to be custom designed integraith cognitive development
and learning behaviors. Huitt and Hummel declare thfferent cognitive
developments for different age levels of learnetfsiclv need to be taken into
consideration for the game design [7]. Slavin dedirdifferent types of learning
behaviors and based on these promotes learningatioti and outcome [8].

2) Game elements
According to Alessi and Trollip [9], the content @& integral part of the game
structure. With the interactive effects such astmmadia, story scene, and user
interfaces in game, the learning content has toareeinto game design. In addition,
feedback such as rewards in game is also a keyeateior game designer to motivate
students to learn or driving students to the dddearning activities [3].

1.2 Concept-based learning

Bruner, Goodnow, and Austin [10] promoted a leagrstyle called "concept learning” or
"category learning". They defined concept learnax) "the search for and listing of
attributes that can be used to distinguish exerapleom non exemplars of various
categories." Therefore, concept learning is a legrstrategy that students learn knowledge
based on the concept level. Students will througé training be able to recognize the
learning object containing concept-relevant feataed use them to classify the objects into
groups or categories.

Concept abstraction level determines the effentge of the concept learning.
Concepts contain different degrees of informatianging in simplicity and complexity.
When a concept is more difficult, it will be leskely that the learner will be able to
recognize and learn the concept. In the other himmdhe simpler concept, the learner is
easier to spot and construct to a more complexepiriased on the association rules.

2. Concept Density Algorithm

To accomplish concept-based learning, the systself iheeds to have the capability of
recognizing the abstraction hierarchy of the cotgdpxtracting concepts from the content
has been well achieved through keyword extractmmplogy, or other text mining
techniques. However, recognizing a single learmbjgct containing how much concept
information and the abstraction level is still aaldbnge. We propose a concept density
algorithm that allows the system to extract thecepts from the learning objects, and in the
mean time, compute the concept density for eachitenobject.

Table 1. Learning content formation
AL |[A2 |A3 | M| AS
S1| A1l | A21| A32 | A41 | A53
S2| A13 | A21| A31 | A43 | A51
S3| A12 | A21 | A33| A42 | A53
HA| Al | A22 | A32 | A42 | A51
S5| A13 | A22 | A31 | A41 | A51

For a given learning content, it can commonly bemftted as Table 1 wherg S
represents the learning object andrépresents the pre-defined attribute for eachilegr

759



object. Once the format is done, the concept arsabgn be applied. First, the number of
possible concepts is retrieved by the equationdseB on the result, Table 1 now can
convert to the aspect of concepts shown in Tabl€l@arly, the count of each concept
appears in the learning content can be computed. iiformation also can use as the
threshold to cut off the non-significant concept.

CAC= (1)

(T + D= (M + D= (M + 1) (M + 1)+ ] — 1

cl 2 |03 |4 |65 |6 |C7 (C8 o9 (cl0 |cll |cl2 I3 cl4 |15 |cl6 |cl7 |CI6 |C19 |C20 |C21 |C22 |C23
Al A'l ALY AL'L AL'L ALl [A1'Y |A1'Y3 [AL3 AL'L[AI'L |AL'L [AI'3 (ALS [ALS Al'l Al
A2 A21 A1 A2l A1 A2 A2 |A2'1 A2] 421 A2l |71 |A2]
A3 431 A3l A3l A3l AZl A3 A¥L |A31 AT1 A3 |A31[A31
M
A5 453 A5 A3 A543 |A53 A3 [AS3 AS'3 |AY'S AS'3 |ASS |AS'S
count 2 2 3| 2 2 1 e 1 1 2 o 1 2 0o 0 i o I 0 98 0 o 0

Table 2. Learning content concept view

To define the concept density, we consider batiiency and the concept weights.
Equation 2 shows the definition of initial concejginsity (ICD) whereCDvaluerepresents
the weight of each concept aoduntrepresents the frequency of each concept appaaring
the learning content. Table 3 demotrates the owtptlte initial concept density A1 with the
unified weighting, 100. To put it simply, the iatidensity table indicates that conc&dt3
has the highest concept density which weights tlstrand appears most frequently.
Therefore,C13 is considerly the first candidate of the learncancepts for the given
content. Initial Concept Density (ICD):

ICD ()= @
(!_, CDvalue(C,4A.)) * count(C,)

=1

cl |c2 [c3 |c4 |c5 |c6 |c7 |c8 |9 |clofcil|cl2 [cl3 |C14|CI5|CL6 |C17 |C18|C19(c20 CEI_ c22|c23
TCD-1 | 200 200| 300] 200(200| 200| ©|200| 200(400| 0] 200{ 400 o 0/300| 0{300] O 0| o © O

Table 3. Initial Concept Density

Other than the concept weights can be evaluatethéyproposed algorithm, the
concept density table changes its values indicdtiegearners' learning status. Once the
target concept is assessed and passed, the covaigpt will be set lower gradually using
the equation 3 whergAcountrepresents the number of concepts with zero weitjné
weight change of the target concept will affectentboncepts containing partial attribute
values same with the target concept. To synchrahizechanges, equation 4 updates the
weights of the concepts which relate to the targmtcept. COWCA In equation 4
represents the updated attribute value due tohdwege of equation 3.

CDMW(i,j) = B)
[Z CDvalue(C,,A,) — (ZAcount(C,) = 20)) * count(C,)

k=1

CDOW(,j) = (4)
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(Z CDWCA{EJC]) = count(C,)

3. Personalized Game-based Learning with Concept Dsity Algorithm

To apply the concept density algorithm to persaealigame-based learning, the system
model is shown in Figure 1. Here we use the moryapaldel as the game-based framework
which is commonly used in game-based learning. Ofaning types such as RPG,
adventure game or puzzle game for game-basedrgaran be also adapted to this model.
Modules other than gaming modules are the gamedldaaening modules which include
learning record, content and exam modules. Theeobmhodule manages the learning
contents. Through this module, the teacher cansfecuediting and updating the leaning
content without considering the presentation ingame. The exam module provides the
assessment of the learning content. The learnt@ydemodule records the learning status
of the players throughout the game including timehievement, leaning goals, learned
concepts, etc.

The system model shows that the concept dengityitdm module is applied to analyze
the learning content and generate the questiorsratically to feed the exam module.
After the teacher input the learning content, thiecept density algorithm will analyze the
content and extract the concepts. The teacherdierselect the proper concepts from the
result. Based on the selected concept, the conessity algorithm then can compute the
highest-scored concept and use the correspondijertebto generate the assessment
guestion.
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Figure 1. System model

Figure 2 shows the learning flow with the concdptsity algorithm. In step 1,
teacher inputs the learning content based on thigidual need. The system will convert
the material into required format and analyze thecepts in step 2. Step 3, the system
computes the concept density table and uses thsglézt the concept for personalized
learning. For the next step, the system generhtesgjuestion automatically based on the
selected concept from the previous step. FromStepstep 8, system goes to the learning
loop. The system will update the concept densityetaccording to students' answer and
learning status.
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Figure 2. Learning Flow with Concept Density Algorthm
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4. Experiment

We implement a personalized English learning gaaseth on the proposed model and
algorithm. The game is developed under mobile addmovironment for the future mobile
game studying. The game elements include rewartersyscompetition, and problem
solving. Figure 3 shows the demo interfaces ofgirae. Figure 3.a is the login interface for
the student status record. Figure 3.b shows the mi@rface of the game. Figure 3.c demos
the problem solving interface. The reward systeao @mbeds to the problem solving
interface by providing tools to help players toveahe problem.

There exist four units of English learning materiaacher selects around 10 out of
extracted concepts from each unit. System sethaupdoring criteria using concept density.
A preliminary survey is carried out to validate tegstem effectiveness. A further
experiment will be followed to provide more evidend@he questionnaire is based on the
TAM model. Furthermore, it also surveys the at@sitoward internet usage, mobile device
using, and mobile game-based learning. The reshtie/ positive feedback on the mobile
game-based leaning. However, the effectivenessaofing needs further study.

1. If you use good tools and ____,
You can finish the job.

(1) mentality

(2) methods

(3) melody

(4) meal

Blela)e

@) ©

Figure 3. Game-based learning with concept densigigorithm demos
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5. Conclusion

Several advantages of applying concept densityrighgo to personalized game-based
learning. First, the concept density algorithm ease the teachers' loading by generating
the questions automatically based on the selectecepts. The learning content thus can be
personalized upon the request. Second, the coradegitaction level reveals naturally
according to the concept density computation. Thing learning flow generated by the
density algorithm fits perfectly to the gaming flowhe scoring and rewarding system in
game can match to the concept density tightly. bastnot the least, the concept density
weights change according to the players' intemactiach student will experience different
learning flow based on the learning status. Thdtemahe adaptive personalized learning in
this model practical. In the future, the system eaend the application to self-tutoring and
remedy learning since the system records the legstatus from the concept level.
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