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Game-based learning has become a popular topic in all levels of education. A number of computer games have been
developed to teach different subjects such as mathematics, English language, medicine, and music. This paper presents the
first study that proposes the development of edutainment games to teach data mining techniques with the scope of game-
based learning. The aim of this study is to provide an environment that is both fun and enables the achievement of learning
goals in data mining training in computer engineering. An escape game called Mine4Escape, which consists of different
rooms to teach different data mining techniques (classification and association rule mining), has been developed for
individuals at the undergraduate and post-graduate levels. The advantages of the proposed approach are discussed in
comparison with traditional data mining training. In addition, this paper describes a dynamic scoring system designed for
game-based learning. Finally, an experimental study was carried out to evaluate the performance of our learning
environment by analyzing feedback received from a test group consisting of 39 undergraduate and graduate students in
computer engineering. The findings from the questionnaire show that it is possible to enhance knowledge acquisition about
data mining via the game-based approach. However, the degree of learning interest and information acceptance changes
according to students’ age, gender, educational level, and game habits.
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1. Introduction

Recent technological innovations and developments reveal a great demand for data mining to extract valuable
knowledge from huge amounts of data. Data mining is increasingly being used in a range of areas, including
marketing, health, communication, banking, and sports. Along with this growing interest in data science has
come an increasing demand for learning data mining, especially in departments of computer engineering;
however, educating trainees who are interested in information technologies in the field of data mining is
considered a difficult task. To resolve concerns about this challenge and motivate the trainees, this paper
proposes a game-based learning approach as an alternative learning tool.

Game-based learning (GBL) is a kind of educational approach that provides learning through games to
make the learning activity more enjoyable and interesting. It plays an important role in the learning process for
students at all ages and enhances learners’ interest, attitude, and degree of technology acceptance, as well as
improving their achievements in problem-solving activities [1]. Game-based learning has a positive outcome
on students’ motivation, comprehension, and retention of newly taught concepts [2]. Considering this
motivation, this paper proposes an interactive game-based learning environment to teach data mining
techniques to students in a fun manner.

The main contributions of this study are four-fold. First, a game-based data mining learning (GBDML)
approach is proposed and its advantages are listed for the first time. Second, this paper introduces a novel
game-based learning environment that has never been implemented before to teach data mining to trainees.
Third, it describes a novel scoring mechanism designed for game-based learning, which takes into account
several factors such as the degree of task difficulty, learners’ background, and knowledge level. Fourth, this is
the first study that presents the findings about GBDML by describing the experimental results according to
learners’ age, gender, educational level, and game habits.

Asshown in Figure 1, GBDML is an interdisciplinary area that can be conceptualized as the combination of
three main fields: education, games, and data mining. The intersection of these three areas also forms other
subareas closely related to GBDML such as game-based learning, game-based data mining, and learning data
mining. Among these subareas, the field most related to GBDML is game-based data mining, which is
generally looking for new patterns in data through a game strategy.

The remainder of this paper is structured as follows: in the following section, related literature and previous
studies are summarized. Section 3 provides relevant background information. Section 4 describes the
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Fig. 1. Main areas related to learning data mining through the game-based approach.

proposed GBDML approach and explains its main benefits. In Section 5, the experimental study is presented
and the main findings about players’ data mining learning skills are discussed. Section 6 contains some
concluding remarks and directions for future study.

2. Related work

Game-based learning is increasingly being used in a range of areas including medicine [3], food [4], electric &
electronics [5], civil engineering [6], tourism [7], robotics [§], finance [9], and mechanical engineering [10].
Mortara et al. [11] developed an educational game to help people learn about cultural heritage in an engaging
way. Ross et al. [12] have also proposed a game called Space Tug Skirmish to handle complicated
sociotechnical systems engineering problems.

Several studies have been conducted on applying the game-based learning approach to the education sector
[13]. Browne et al. [14] developed three tablet applications to increase the adult literacy rate and they proved
that the applications were effective and successful at increasing learner engagement when tested with
participants. Another study by Faghihi et al. [15] proposed a novel system named Math_Dungeon, which
aims to help students teach college level mathematical concepts entertainingly by integrating video game
elements and artificial intelligence. The researchers discussed the impacts of their proposed system on the
students and concluded that the system was more successful than traditional learning activities. Juzeleniene et
al. [16] explained the GABALL project that was carried out to improve the language and culture skills of
managers at micro, small and medium-sized enterprises using Serious Game.

A number of game-based learning approaches have also been proposed to impart theoretical and applied
knowledge in the computer science discipline. Game-based learning studies in computer engineering are listed
in Table 1 with their domains and purposes. Existing research has led to many discussions and ideas regarding
how best to teach introductory computer programming. Several studies have been designed to help learners to
improve computer assembly skills. The study of game-based learning application for the data mining domain,
however, is not yet available. This present study is different from the aforementioned studies as it proposes a
game developed to teach data mining techniques to computer engineering students in an entertaining way.

Whereas some studies related to the topic aim to demonstrate potential uses, some studies are interested in
more systematic assessments of games’ potential benefits. Several studies have described the effects of game-
based learning on students’ learning performances [17, 18]. Cojocariu and Boghian [19] compared traditional
and digital game-based learning approaches, considering their advantages and disadvantages. According to
comparison results, they suggested game-based learning as an educational type for preschool and elementary
school students in particular. Ucus [20] collected elementary school teachers’ opinions about game-based
learning using semi-structured interviews and obtained views that specified the positive impact of game-based
learning on education.

Since the development of the internet and technology, several studies on digital game-based learning [21]
have been carried out with the strategy of multiplayer online games despite the fact that [22] multi-player
games may generate over-competitiveness, making the users ignore the essence of learning. Thus, the present
research aims to develop a single-player game, called Mine4Escape, that targets data mining learning and
improves data mining skills.

3. Background

3.1 Data mining

Data mining is the process of finding meaningful and potentially useful knowledge from large-scale data by
combining several disciplines such as machine learning, artificial intelligence, database management, high-
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Table 1. Game-based learning studies in computer engineering

Authors Year Domain Purpose
Hooshyar et al. [1] 2016 C++ programming To improve programming skills of students.
language
Soflano et al. [23] 2015 Structured Query Language  Teaching SQL with a developed game to gain better
(SQL) learning outcomes from 120 higher education students.
Ouahbi et al. [24] 2015 Algorithms and Motivating students to learn algorithms and
programming programming concepts and specifying their
programming levels using Scratch environment.
Bourbia et al. [25] 2014 Assembly of computer Helping learners to improve their computer assembly
skills.
Hou and Li [26] 2014 Assembly of computer Increase learners’ knowledge of computer assembly by
using educational adventure game.
Rodriguez-Cerezoetal.[27] 2014 Computer language Helping students design and implement computer
implementation languages with language processing exercises.
Corral et al. [28] 2014 Object oriented Teaching object oriented programming with C#
programming programming language through a game-oriented
approach.
Seng and Yatim [29] 2014 Object oriented Guiding students to learn object oriented programming
programming through an edutainment game.
Nunohiro et al. [30] 2013 Programming learning Providing programming learning support by
support system programming training with a puzzle-solving interface.
Kazimoglu et al. [31] 2012 Computer programming Enhancing the problem-solving abilities of students who
are learning introductory computer programming.
Schmitz et al. [32] 2011 IT knowledge Enhancing learners’ IT knowledge by developing a
game.
Lee and Ko [33] 2011 Computer programming Enhancing the computer programming skills of 116 self-
described novice programmers.
Papastergiou [34] 2009 Computer memory Teaching computer memory concepts to high school
concepts students.
Kuk and Jovanovic [35] 2014 Computer architecture Supporting efficient learning in computer architecture
course.
Minovic et al. [36] 2011 Computer networks Motivating university students to learn network
programming in computer networks course.
Mladenovic et al. [37] 2016 Computer programming Improving programming skills of university

undergraduate novice programmers.

performance computing, and statistics. The main data mining tasks are classification, clustering, and
association rule mining (ARM). This paper focuses on the development of an interactive game-based learning
environment that enables learners to perform two data mining tasks (classification and ARM) after a data
preparation step. In addition, a clustering method was used to cluster feedback received from a test group in
the experimental studies.

3.1.1 Data preparation

Data preparation is the step of knowledge discovery in databases (KDD) that makes data suitable for data
mining processes. The data preparation stage generally involves four steps:

e Data Collection and Integration: Collecting data from disparate sources and combining them into one
structure.

e Data Selection and Reduction: Making the dataset smaller according to data mining objectives and
eliminating redundant attributes and tuples.

e Data Preprocessing: Detecting and correcting the inconsistencies and errors, removing noises and outliers,
handling missing values, and smoothing data.

e Data Transformation: Converting data from one format to a destination format, i.e., data discretization and
data normalization.

In the present study, data preparation was designed as a learning objective and the proposed model enables
trainees to learn two data preparation steps by practice: data collection by clicking the objects in the room and
data preprocessing by filling missing values manually. For example, in the game Mine4Escape, the tuple of the
dataset that contains more than half number of attributes with missing values is ignored. Our game model
allows users to apply data mining techniques on the dataset obtained after completing data preparation steps.
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3.1.2 Classification

Classification is one of the most widely used data mining tasks and constructs a model to categorize objects
into pre-defined classes based on their characteristics. Classification algorithms give successful results for
many areas such as medical diagnosis, document categorization, marketing, and banking. In the current
study, Mine4Escape game is designed to teach Naive Bayes and C4.5 decision tree algorithms for the
classification task because these algorithms can be easily applied if the dataset contains a low number of
records.

Naive Bayes is a well-known classification algorithm that utilizes Bayes’ theorem to evaluate unknown
conditional probabilities. As given in Equation (1), the probability model is evaluated by multiplying the
probability of each attribute given a specified class and the prior probability of the particular class considering
the distribution of the class:

n
= argmazmeq, mpCm) | |pCilCw) (1)

=1

where p( C,,) is the prior probability of C,, for each of M classes and P(x;|C,,) is a conditional probability of x
input vector such as x=(x;, x,,. . ..,X,,) representing some # features. To specify a class label / of x, maximum
likelihood is used.

Another classification algorithm, C4.5, is a supervised learning technique that generates a tree used for
categorizing unknown target attribute values. At each node of the tree, the algorithm chooses the attribute that
most effectively splits the set of training samples into subsets.

3.1.3 Association rule mining

Association rule mining (ARM) is used to discover interesting relationships among set of items in data. In this
study, the Apriori, which is a well-known ARM algorithm, was used both to teach the algorithm depending on
the learning objective and to evaluate the performance of our learning environment.

LetT = {ij, is, ..., i,}, I # ), be a set of m distinct literals, called items. In our study, an item is an (attribute,
value) pair. Let dataset D be a set of n transactions, such that D = {¢,, , ..., t,,}, where each transaction ¢;is a set
ofitemssuchthatz; CT". Aset I CT'iscalled an itemset and a transaction #; satisfies /if all the items of 7also exist
in ¢;. In particular, an itemset with k items is called a k-itemset. Support of an itemset /is denoted by sup(I) and
given in Equation (2):

sup()=|{t € D| 1< 1}|/|D| (2)

where support of an itemset /is defined as the percentage of transactions ¢ in D containing /. Support is used to
measure the strength of an itemset. The itemset [/ is called frequent if its support is greater than some user-
defined threshold minSup, i.e., if sup(I) > minSup. An association rule r is a conditional implication of the form
r: X= Y, where Xand Yareitemsets forwhich X, YCT', X#0, Y# ®and XN Y ={. Support value of the rule r:
X = Yiscalculated as the number of transactions that contains both X'and Yitemsets divided by total number
of transactions. Rules are discovered having domain knowledge specified as a minimum support threshold
(minSup).

3.1.4 Clustering

Clustering is an unsupervised learning method that identifies similar objects and groups them into clusters by
using a similarity measure. It helps in better understanding the characteristics of the data because fewer groups
are more easily interpreted. In this study, the K-means++ clustering algorithm was used to group the feedback
received from users in the experimental studies. The K-means++ algorithm is an improvement version of the
standard K-means algorithm with a specific method to choose the initial centroids of the k clusters.

4. Game-Based Data Mining Learning (GBDML)

This is the first study that proposes the development of edutainment games to teach data mining techniques
within the scope of game-based learning. To serve this purpose, an interactive GBL environment was selected
and developed to teach classification and association rule mining techniques to trainees. This section explains
the details about the environment with the advantages and disadvantages of the proposed approach.
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4.1 Advantages and disadvantages of GBDML

As a side effect of the technological growth, game-based learning often generates negative connotations
because of'its close association with video games. Educational games, however, are typically designed with the
goal of helping the players to learn something. The GBDML has many advantages over learners and
educators. The main advantages of GBDML are improving trainees’ learning motivation, attracting trainees
to participate in learning, and further promoting their autonomous learning abilities. The following are other
advantages of data mining training when delivered through the game-based learning approach.

Skill development

GBDML allows data mining learners to develop cognitive skills (i.e., learn, think, remember, reason,
concentrate, solve problems) and physical skills (i.e., hand-eye coordination, muscle skills, reaction agility)
simultaneously.

Long term memory

Researchers have found that games have direct, positive effects on learning by enhancing long-term knowledge
retention. Repetition strengthens the learner’s memory, which helps him or her retain the information for a
longer time. Thus, the knowledge and skills acquired through GBDML will be retained longer than
information given by traditional learning methods.

Engagement & motivation

GBDML improves learners’ data mining skills by providing motivation in a fun way. Entertainment keeps
them coming back to learn even more. Prior studies show that the motivation for learning provided by the
game-based approach is higher when compared to traditional methods. Because games include rules, definitive
objectives, and competition, they deliver an interactive experience that promotes a sense of achievement for
the players. Games contain reward systems that entice them to learn more to earn more rewards.

Immediate feedback

GBDML provides instant feedback on data mining learners’ performance so they get an idea of their
understanding, as well as what else they need to know. Instead of having to wait days or even weeks for an
assignment or test grade to be returned, data mining learners get instantaneous results about whether their
decisions are correct. Real-time feedback helps learner to know his or her status, so he or she can decide to
repeat a level or move on to the next concept. While learners are playing the game to learn data mining, they get
their score immediately according to their correct answers in the game. In case of a wrong step, instant
feedback notifies learners why they are wrong and what they should have done.

Digital literacy
GBDML provides digital literacy, which is the ability to use information technologies. It requires both
cognitive and technical skills and is an important skill for a lifetime of technology use.

Cost effective
The cost of teaching large numbers of people is lower compared to traditional learning methods. If the game is
developed for the right target group, GBDML provides an economical advantage for data mining learners.

Learning pace tailored to individuals
Everyone’s learning capability is different: some can learn a data mining technique with only one case study
and others require through several examples. In the traditional learning approach, most teachers must teach
mixed ability groups and may not explain a concept more than once, so students who have difficulty
understanding the topic can become frustrated when they cannot keep up with their peers. GBDLM, on the
other hand, allows learners to practice newly acquired knowledge repeatedly until they understand it fully.
Although the GBDML approach has many advantages, it has also some disadvantages, as enumerated
below.

Waste of time

If the content of an edutainment data mining game is not clearly designed by the educators, learners may waste
their time on playing the game. For this reason, educators should prepare the content of the game to be
appropriate for the ages and skill levels of specific groups.
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Health problems
Using the computer for long period of time can lead to the emergence of certain health problems. Too much
gaming can lead to lowering eyesight, back pains and headaches.

4.2 Game design

To demonstrate the applicability of the GBDML approach, an adventure game called Mine4Escape (Mine for
Escape) was implemented with the aim of teaching data mining techniques to students. For the implementa-
tion of the game, an advanced, free game engine (Unreal Engine) platform was used. Several pedagogical
theories and strategies were implemented to design the context and tasks of this game. First, a problem-solving
strategy was adopted to promote trainees’ learning through problem-solving process. Problem-solving has
been suggested as a meaningful learning activity [38] that engages learners in a cognitive learning process.
Second, a goal-setting strategy was applied to design a task that encourages learners to complete it by
interacting with objects in the game.

MinedEscape game has been developed for individuals at the undergraduate and post-graduate levels. It
consists of different rooms with objects to teach different data mining techniques (classification and
association rule mining). Fig. 2 shows the unified representation of game rooms and their teaching objectives,
and Fig. 3 shows screenshots of certain rooms, including the music, colorful, horror and subway room. First,
the tutorial room helps trainees to learn detailed information about data mining concepts, techniques, and
algorithms. Second, the player will find hidden parts of the dataset by exploring the room and clicking on the
objects. To exit one room, the player should first collect data and then solve the data mining riddle. In the
problem-solving step, an example is also given to help the player. When the player gathers all dataset pieces
and solves the riddle correctly, he or she gets the key to exit the room.

The work presented in this paper contains certain limitations that must be acknowledged. First, the
proposed game does not include a competition mechanism that can be one of the design elements of game
environments. The creation of competition environment in a serious game can enhance the motivation of the
participants. To improve the benefits of the game, a competition mechanism can be developed for the
GBDML approach in future research. Another limitation of the game concerns the age of learners, who are
expected to be at the undergraduate and post-graduate levels (i.e., aged between 18 and 50). The upper and
lower time limits (10 and 100 minutes) used in the scoring mechanism is another limitation of the proposed
game environment.

The game presented in this article has been developed both for beginners and students who already have
some knowledge about data mining techniques and want to improve their skills in this area. The players are not
required to have background knowledge of data mining; beginners’ game play is not limited because tutorials,
explanations and examples are supported to provide an overview of data mining and its techniques. Trainees
with some prior knowledge, however, may enhance their knowledge. In this way, while some students can learn
data mining knowledge from scratch, others can benefit from the opportunity to improve their data mining
skills. In addition, learners who are interested in information technologies can be adapted to the game better.
In this study, we aimed to teach simple data mining algorithms such as Naive Bayes, C4.5 and Apriori through
game-based learning; however, Mine4Escape can also be enhanced by including advanced data mining
methods such as neural networks and support vector machines.

—— | m
X ——t FINAL ROOM

MUSIC ROOM — Questionnaire
Naive Baves COLORFULROOM | HORROR ROOM|
4 Decision Tree ARM
———— !
[ D SUBWAY ROOM l
| Association Rule Mining (ARM)

TUTORIAL ROOM
[ —

Fig. 2. Unified representation of game rooms and their teaching objectives.
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a) Music room b) Colorful room

R

(c) Horror room (d) Subway room

Fig. 3. Screenshots from game rooms.

To increase the game appeal for players who lack prior data mining knowledge, the following game elements
can be supported in the game:

e Tutorial: A tutorial can be provided to explain basic data mining concepts. The players who have
intermediate-level knowledge about data mining can skip the tutorial.

e Examples: Several examples can be given for each topic to illustrate how to perform the various data mining
tasks.

e Feedback: Guided feedback can be delivered to the player while learning is taking place. Learners are
immediately informed of how well they are performing and how they might go about making those
improvements.

e Reward: More points may be given to individuals with no data mining backgrounds than highly educated
individuals.

e Options: In the problem-solving parts of the game, multiple options can be provided, allowing the player to
choose between them. The difficulty level of the game can be changed by representing different datasets
ranging from simple to complex according to players’ level of knowledge about data mining concepts.

e Hint: While a learner solves a problem asked in the game, hints about the tasks can appear on the screen.

4.3 Game design elements

Game design elements are the parts used to build games and are characteristic of smaller games that are found
in most games. In this study, the following GBDML elements were utilized to make the learning process more
interesting.

e Learning processes: Opportunities to learn are provided through a variety of methods: tutorials, examples,
problems and tasks. For example, one of the game goals is to answer all questions correctly, which is
equivalent to the learning goal.

e Feedback: Feedback is given on whether questions are answered correctly.

e Reward: Task and scoring mechanisms are used to motivate players to learn more.

e Rules: Rules are defined to match the educational objectives. For example; if the player answers the
questions in one room correctly, he or she will pass on to the next room.
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e Environment: The virtual environment in which the game occurs is supported by the rules and solution
methods.

e Choices: The player is encouraged to choose objects by clicking on them to interact with them and perform
certain actions.

e Challenges: Finding the right difficulty level is the secret to successful learning. If the game is too difficult,
the player can give up; if it is too easy, the player can become bored. The proposed game makes learning just
difficult enough that it continues to be fun.

e Mystery: Mystery is provided by the gap between available information and unknown information.

4.3.1 Story

One possible method for binding learning with the game is to use educational story as the backbone for the
game. Story is the game framework including the background and other information needed in the playing
process. In our proposed game, narrative storytelling method was used for the game story to help the students
learn data mining techniques more efficiently. The story of the proposed game concerns a clumsy chemist and
his chemical experiment. “One day, a chemist was trying to do a chemical experiment when an accident
occurred in the laboratory. He was poisoned by gas escaping from the chemical reaction. He needs an antidote
to survive. To produce the antidote, the player should gather the components necessary to produce the
antidote. The player must visit several rooms, collecting different objects from different rooms by applying
data mining techniques. At the end of each data mining application, the player gains a component of the
antidote and a key to enter another room. After the player gathers all components of the antidote, the chemist
will survive.”

4.3.2 Goal

Goals correspond to task descriptors such as objectives, outcomes, and problems to be solved. Goals can be
based on the story, or learning goals can be presented as game goals. Combining learning goals with game
goals is the easiest method for gamifying education and provides a motivating learning experience in the flow
of game play. Table 2 presents the learning goals and game goals defined in Mine4Escape. GBDML can be
considered goal-oriented and rule-driven activities.

4.3.3 Reward

Reward is a game element that satisfies users and motivates them to achieve more. When a player executes an
action about the requested subject to be taught, he or she gains an achievement. In most games, achievements
exist simply to upgrade game mechanics. Games can provide extrinsic rewards (i.e., points, badges) and
intrinsic rewards where tasks are rewarding by their nature. The proposed game in this study includes both
mechanisms: tasks (see section 4.2.4) as an intrinsic reward and scoring mechanism as an extrinsic reward.

Table 2. The types of learning aligned with the specified learning and game goals

Type of Learning

Learning Goal

Game Goal

Problem-based learning

Feedback-based learning

Action-based learning
Inquiry-based learning
Example-based learning
Lecture-based learning
Scenario-based learning

Task-based learning

To practice data mining techniques such as Naive
Bayesian and Decision Tree .

To get higher scores, the learner tries to improve his
or her data mining skills and learning abilities.
Game points are similar to grades in educational
system.

To demonstrate data preparation steps such as data
collection, selection and preprocessing.

To inspire students to learn data mining concepts for
themselves through their own investigation.

To provide sample data mining examples to help
students learn.

To help trainees to learn detailed information about
data mining concepts.

To prompt the learner to work through a storyline
based around a scenario.

To teach data mining tasks such as association rule
mining and classification.

To escape from a room, the player should answer all
questions correctly.

Providing real-time feedback on the accuracy of
trainees’ answer to help them to know their status
and to understand what else they need to know.
Thus, the player can decide to repeat a concept or
move further to learn next concept.

To obtain the dataset, the player should click on the
objects

The player should be allowed to take his or her
research in a variety of directions.

Before getting a question, the player should examine
an example solution.

The player should visit the tutorial room.

The player tries to help the chemist who was
poisoned by gas escaping from a chemical reaction.

The player should gather all components of the
antidote for the chemist.
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A scoring mechanism can be used for setting goals, giving feedback and representing users’ status or
reputation. Points are awarded to users after completing certain challenges or reaching achievements. Getting
a good score is just one reason that people play games; players engage with games to make changes based on
their feedback. In addition, users are always competing against each other; the maximum score that they get is
a benchmark for competition. Based on the collected points, players can be listed on the scoreboard. Game
points are similar to grades in the educational system. In GBDML, one of the major ideas is that scores or
winning positions motivate users to improve their data mining skills and learning abilities.

The new scoring mechanism proposed in GBDML is based on the calculation of five parameters from player
to playing habits: age of player, educational level of player, knowledge level of player on data mining,
interaction with objects, and time to solve problems.

To calculate the score according to the player’s age, a logarithmic based function was developed as given in
Equation (3). Increasing age is negative factor in the learning process and the game is therefore designed such
that older players gain more points. There are lower and upper age limits denoted by L(age) and U(age),
beyond which younger or older learners are not in the target group. Fig. 4a shows the changes of points based
on player age with lower and upper limits set at 18 and 50, respectively.

Age > «a
Age.logyagey Age + (Age.logyagey Age) /2, L(age) < Age < U(age) 3
= U(age) + U(age)/2, Age = U(age) (3)
L(age), Age < L(age)

In the proposed scoring mechanism, if the players complete the task assigned to them correctly, they will be
given a set number of points as defined in Equation (4). This is easiest method how to implement competition in
games. All data mining tasks are timed with lower and upper time limits that are denoted by L(time) and
U(time). When learning efficiency is a factor, the time taken to learn data mining is a critical performance
measure in GBDML. Therefore, if the player completes a data mining task, the remaining time will be awarded
to the player as bonus points, which will encourage the user to continue to play and practice. If the player fails
to complete a data mining task, they will receive no points. Fig. 4b shows the changes of points over time with
lower and upper limits set as 10 and 100 minutes, respectively. An increase in the duration of activity in game
rooms acts as a penalty to the user’s score. Time affects score logarithmically according to the lower and upper
limits, and the score that will win decreases sharply or vaguely.

2.L(time).logrime U(time), L(time) < Time < U(time)
Time — B = 2.L(time), Time = U(time) (4)
(U(time)/2 — Time), Time < L(time)

Interaction points can be designed to keep participation active in the learning course. In the proposed scoring
mechanism, a player also gains points from his or her interactions with the objects in the game room. In this
study, we developed an algorithm to calculate interaction points that denoted by 7y (see Appendix). The player

90 : . . : : T 50
80 ] 45|
70T 40 +
60 -
35r
:
30
B 40 *
25|
30 -
20t 201
10 | . 151
0 L 1 1 1 L 1 10 L 1 1 1 1 1 1 L 1 1
0 10 20 30 40 50 60 70 0 10 20 30 40 50 60 70 80 90 100
Age Time (minute)

Fig. 4. Scoring mechanism according to the (a) age and (b) time.
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collects data mining related objects by clicking on interactive objects in order to handle a dataset. The selection
of the same objects again has been prevented using flag mechanisms for both interactive objects and data
mining objects.

Points can be awarded according to two different user levels: education level and previous data mining
knowledge level. By considering the inverse proportion between these levels and points, Equations (5), (6) and
(7) are constructed.

High School

Undergraduate (5)
MSc

PhD

Education Level - ¢ =

N W

; None

Beginner

Intermediate (6)
, Upperintermediate

, Advanced

Data Mining Knowledge Level —» § =

m WA »

Relationship between levels » n=Ex @ (7)

In the proposed game, the unlocking of a game room is also termed as a reward. As shown in Equation (8), the
weights of game rooms are set according to their difficulty in the interval between 1 and 2. The weight value of
the game room is multiplied by the sum of other point aforementioned.

1, Tutorial room
1.2, Subway room
. 1.4, Music room
Game room weights — @ = 16, Golorfulroom (8)
1.8, Horror room
2, Final room

Finally, overall score, denoted as 6, is calculated as shown in Equation (9), with the possibility of getting
fractional number that is rounded down. The score can also be calculated by the weighted sum of the different
point types.

Overall Score - § =8+ |o*(a+ L +y+n)l 9)

The score can also be calculated by the weighted sum of the different point types to change the importance of
the scoring parameters, as shown in Equation (10):

Weighted Score > § =8+ [@* Wy *a+wex B+w; xy+w; *1)] (10)

where w,, w,, w;, and w; are user-defined weight values for the different point types: age, time, interaction and
level, respectively.

4.3.4 Tasks

A task is a meaning-focused activity that requires learners to integrate and apply multiple skills. Therefore,
from the learner’s perspective, a task can be considered as an activity with a learning outcome and a set of
procedural guidelines to follow to reach this target. Tasks should be achievable with a reasonable amount of
effort. The learner will be bored if the task is too easy or stressed if the task is too difficult.

In the game proposed in this paper, the tasks are essentially problem-solving activities related to data
mining. The game includes data-focused activities and some exercises that require learners to practice or learn
data mining skills. In each room, learners are allowed to solve a different data mining problem. In each room,
rewards are categorized into short-time and long-time. A short-time reward is a simple key that the player is
given when he or she completes a data mining task in order to escape from the room and enter another one. A
long-time reward is to complete all data mining tasks to gather all the components of the antidote for the
chemist. To illustrate the conception of GBDML, typical game tasks are listed and explained below.
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[Sunny Hot High Weak | No |
[Sunny Hot High Strong ] No |
[Rainy Cool Normal Strong | No |

[Sunny Warm High Weak | No |
[Rainy Warm High Strong__| No |

Fig. 5. Data preparation (Task 1) and Bayesian classification (Task 2).

Task 1—Data Preparation
Asshown in Fig. 5, the player collects data mining related objects by clicking on interactive objects in order to
handle a dataset. After that, some data preparation operations (see section 3.1.1) such as data selection,
preprocessing, and transformation (i.e., data discretization and data normalization) can be applied to it as a
problem-solving approach.

Task 2—Bayesian Classification

This task is greatly simplified from asking the user to fill the blank textbox using Naive Bayes algorithm (see
section 3.1.2), as shown in Fig. 5. Small datasets (14 rows and 5 columns) are preferred to allow users to solve
the problem in a short time period.

Task 3—Association Rule Mining
Figure 6 shows an example question related to association rule mining. Two randomly chosen items are given
to the player, who is expected to write the correct support and confidence values (see section 3.1.3) in the blank

|cucumber, parsley, onion, tomato, salt, bread|

Support (Tomato => Onion) = 0.62

Confidence (Tomato => Onion) = 0.82

I tomato, cucumber, parsley |

| tomato, cucumber, olives, onion, parsley

Fig. 6. Association rule mining (Task 3).
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textboxes. Although the main challenge is solving the data mining problems, we must calibrate varying
difficulties of the task for different type of users or game levels. If challenges are too difficult to solve, the target
group can lose interests. To provide the medium difficulty, an example solution can be given as shown in Fig. 6.

Task 4—Decision Tree

Another room with a different environment has been designed to allow players to solve a decision tree
problem. The player walks around, interacts with objects to collect data, and applies the C4.5 decision tree
algorithm to it.

5. Experimental results

An experimental study was carried out to get feedback from a test group and evaluate the performance of
GBDML. The participants were asked to answer a questionnaire requesting their opinions about the game
and the effect of the game on their knowledge of data mining concepts.

5.1 Participants

The study was performed with 39 undergraduate and graduate students in computer engineering. The number
of men and women in the test group is almost equal. Before the experience, some of the participations did not
have any knowledge about data mining, while others were intermediate-level learners of data mining. The
prepared survey collected background information from the participants that may affect their performance,
learning capability and enjoyment in the game. The survey included questions about participants’ age, gender,
education level, job, game habits, and their previous data mining knowledge levels.

5.2 Questionnaire

The questions and answer choices in the questionnaire are given in Table 3. The questions ask the respondents
about their ability to learn data mining concepts. The questionnaire consists of both closed-ended and open-
ended questions. The closed-ended questions relate to aspects specific to each of the data mining skills, whereas
the open-ended questions allow participations to provide input regarding how the game could be improved to
further develop their data mining skills. It should be noted that the questionnaire also contains a choose-one-
or-specify question, which is a hybrid question that mixes a closed-ended list with an open-ended response.
The questionnaire in this study generally consists of Likert scale questions with a five-category scale; however,
it also includes one three-point scale question and one seven-point scale question.

Survey items fall into three general content categories: demographic, factual and attitudinal. Demographic
items ask respondents for information about their backgrounds. The questionnaire prepared in this study
includes several demographic questions, i.e., age, gender, job and education level. Factual items ask about
respondents’ experiences. In our questionnaire, there are several factual questions about previous data mining
experiences and game habits. Attitudinal items ask for respondents’ opinions and perceptions of a topic. The
participants were required to answer attitudinal questions about data mining tasks they completed. Some
questions are also associated with both game enjoyment and preferences for future play.

In this study, we measured five factors in investigating the motivation for computer game play and the effects
of game play on learning data mining: competence, intuitive control and autonomy. Competence refers to
players’ feelings of being capable of solving data mining problems within the game. Intuitive control refers to
the ease with which players learned how to play a game (i.e., easy or hard to play). Autonomy refers to players’
perceived degrees of data mining concepts in the game.

5.3 Analyzing survey data

After participants finished playing the game and escaped from all the game rooms, they completed a
questionnaire in a certain amount of time allotted for them. This section presents survey results, data
mining performed on questionnaire answers and interpretation of data mining results.

5.3.1 Application of decision tree technique to analyze survey data

Figure 7 shows the decision tree generated by applying the C4.5 algorithms to survey data to discover
significant parameters and rules in GBDML. The accuracy rate of a classification algorithm is generally
defined as the closeness of the predicted values to the actual values and is calculated to evaluate the success of
the algorithm on the selected dataset. In this study, the overall classification accuracy was calculated as 94.8%.

According to the decision tree, the most significant criteria that effects GBDML is “education level.” The
PhD students who have intermediate/beginner level knowledge of data mining consider GBDML useful, while
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Table 3. The questions and response options in the questionnaire

Attributes Values Questions
Age Numerical How old are you?
Gender — Male Please select your gender.
— Female
Education level — High school Please select your education level.
— Undergraduate
—MSc
-PhD
Job — Student Please select your job category.

— Computer engineer
— Research assistant
— Other

Data mining education

—Yes
- No

Have you ever taken a data-mining course?

Data mining level

— None

— Beginner

— Intermediate

— Upper intermediate
— Advanced

What is your knowledge level of data mining?

Game habit

— Never

— Rarely

— Sometimes
— Often

— Always

How often do you play computer games?

Learning method(s)

— Theoretical information

— Research / Literature review

— Solution samples
— Project development

— Coding existing algorithms

— Develop a new algorithm
— Game based

What are the effective ways to learn data mining?
(You can select more than one answer.)

Game opinion

— Funny / Boring

— Educational / Not educational
— Absorbing / Not absorbing

— Easy/ Hard

What is your opinion about this game?

Data preparation
(Learning outcome 1)

—No Idea
— Never

— Few

— Middle
— High

Did you learn something about the “Data
Preparation” topic?

Association rule mining
(Learning outcome 2)

—No Idea
— Never

— Few

— Middle
— High

Did you learn something about “Association Rule
Mining”?

Classification
(Learning outcome 3)

—No Idea
— Never

— Few

— Middle
— High

Did you learn something about “Classification”?

GBDML

—No idea
- No
- Yes

Is it possible to learn data mining through game-
based learning?

Deficiencies of the game

What are the deficiencies of the game in terms of
learning data mining?

Errors in the game

Did you get any error while playing the game?

Features need to be added

What features can be added to the game?
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ducation Level

PHD BS
MSc
Data Mining Level Data Mining Education
Advanced or Ne Yes
None Upper Intermediats] Yes -
Intermediate None ™ <
or Beginner Beginner Intermediate
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Alwaysor
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Fig. 7. Decision tree constructed on survey data.

others find it ineffective. On the other hand, opinions about the benefits of GBDML differ based on MSc
students’ game habits. Participants who play computer games frequently and younger students who can be
called “free time gamers’ interpret GBDML as successful.

According to the decision tree, the most variety in the answers come from by undergraduate students. All
undergraduate students with no knowledge of data mining background find GBDML helpful. If a participant
has taken a data mining course before, however, the answer changes according to that person’s gaming habits,
gender, and job. Generally, positive opinions about GBDML and high gaming habits are directly
proportional. In addition, opinions are also varied according to participants’ gender. Generally, males
have positive opinions, while the answer varies for women according to their jobs.

5.3.2 Cluster analysis of survey data

The K-Means++ algorithm was applied to the survey dataset to cluster participants according to their
responses to the questionnaire to identify groups of individuals who reported similar experiences with
GBDML. The most important challenge of the K-means++ algorithm is to determine the best & value, in other
words, the optimal number of clusters. For this purpose, we used the elbow method, which chooses the k at
which the sum of squared error (SSE) produces an “elbow effect” in the graph. Let C={c;, ¢5,...,cx} be k
clusters, each containing some of the x;’s Let y; be the mean of cluster ¢; such that pi=1|e)] Xy,ec,x;. We define
the squared error between ,u, and the points in c by SSE(c)) = Xy e, ||X — i || The sum of squared error over
all k clusters is SSE(C) = XX EXIEC,HXJ wi||*. As shown in Fig. 8, SSEs were calculated by executing the
algorithm repeatedly with varying k input values from 1 to 8, and then the optimal number of cluster was
determined to be 5.
Final cluster centroids are given as follows:

Attributes: age, gender, education level, job, data mining education, data mining level, game habit, GBDML
Cluster I—young, male, BSc, student, no, none, sometimes, yes (33%)

Cluster 2—adult, male, MSc, computer engineer, yes, intermediate, sometimes, no idea (15%)

Cluster 3—young, female, BSc, student, yes, intermediate, rarely, yes (31%)

Cluster 4—young, male, MSc, computer engineer, yes, upper intermediate, rarely, yes (15%)

Cluster 5—young, female, MSc, computer engineer, yes, upper intermediate, never, no (5%)

According the clustering results, the individuals in three clusters have positive opinion about GBDML, while
those in one cluster have no idea and those in the last group have an unfavorable attitude toward it. The first
cluster consists of individuals who are generally male undergraduate students under age 26 who do not have
any knowledge about data mining. The second group is simply the union of the adult computer engineers who
have an MSc degree. This group evaluated GBDML as neutral because they have already taken a data-mining
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Fig. 8. Sum of Squared Errors for K-Means++.

course. The last user group did not find GBDML particularly useful because participants in this group are
generally female and do not play digital games. The results show that the benefits of GBDML changes
according to their background knowledge of data mining. The centroids of cluster 1 and cluster 3 show that
undergraduate students have generally positive experiences in learning data mining through game-based

techniques.

5.3.3 Association rule mining to analyze survey data

The Apriori algorithm was executed on questionnaire data with minimum support of 2% to understand the
relationships between user profiles and their feedback about GBDML. Table 4 shows some of the rules

Table 4. Some rules discovered by association rule mining

Length Frequent Itemsets Support (%)
2-itemsets Opinion = Yes Age = Young 56.41
Education Level = BSc 53.85
Job = Student 46.15
Gender = Male 35.90
Opinion = No Idea Gender = Female 17.95
Game Habit = Never 7.69
Age = Adult 7.69
Opinion = No Data Mining Education = Yes 7.69
Education Level = PhD 5.13
Job = Other 2.56
Data Mining Level = Advanced 2.56
3-itemsets Opinion = Yes Education Level = BSc, Age = Young 51.28
Gender = Male, Job = Student 28.21
Data Mining Level = Intermediate, Job = Computer Engineer 10.26
Opinion = No Idea Gender = Female, Game Habit = Never 5.13
Education Level = MSc, Gaming Time = Never 5.13
Opinion = No Education Level = PhD, Age = Adult 5.13
4-itemsets Opinion = Yes Job = Student, Data Mining Education = No, Education Level = BSc 28.21
Age = Young, Gender = Female, Education Level = BSc 25.64
Opinion = No Idea Job = Research Assistant, Gender = Female, Game Habit = Never 2.56
Opinion = No Data Mining Level = Advanced, Data Mining Education = Yes 2.56
Education Level = PhD
S-itemsets Opinion = Yes Gender = Male, Education Level = BSc, Job = Student, Age = Young 23.1
Opinion = No Idea Game Habit = Never, Data Mining Education = Yes, Job = Student 5.13
Age = Young
6-itemsets Opinion = Yes Data Mining Level = None, Job = Student, Education Level = BSc, 28.21
Data Mining Education = No, Age = Young
Opinion = No Idea Game Habit = Never, Gender = Female, Education Level = MSc, 2.56

Opinion = No

Data Mining Education = Yes, Age = Young

Data Mining Level = Advanced, Gender = Male, Education Level = PhD, Data 2.56

Mining Education = Yes, Age = Adult
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Fig. 9. Overall opinion about GBDML. _ )
Fig. 10. The percentage of respondents according to their genders
and opinions about GRDML.

discovered by association rule mining. The mining results show that the main factors related to satisfaction
with GBDML are age, education level, job and gender. In addition, positive opinions about GBDML have a
strong relationship with gender = male and age = young. According to the rules obtained, it is also possible to
say that if the participants do not have any information about data mining, they find this game useful. The
gaming habit of the learner is another important factor that affects his or her ability to learn data mining
through game-based technique, especially for females. The obtained results from the questionnaire responses
showed that the developed game can be used to teach data mining concepts to BSc students.

5.4 Discussion

Figure 9 presents the overall opinion of GBDML. The results show that the game-based approach is a
promising alternative for teaching data mining concepts because more than 60% of participants evaluated it as
positive, while only 8% expressed negative opinions.

In this study, we attempted to identify the factors that influence learning data mining through game-based
techniques. Analysis of the survey data shows that three characteristics of trainees affect usefulness of
GBDML: gender, age and gaming habits.

Figure 10 shows the percentage of respondents according to their gender and opinions about GBDML.
Both males and females generally expressed positive feedback about the proposed approach; however, males
show a stronger preference for digital games compared to females and males play these games for longer than
females. For this reason, it is possible that game-based learning is more acceptable to males than females.

Figure 11 shows the opinions of the participants about GBDML based on their ages. Mining the results
shows that interest in computer games decreases with age. Thus, the age of players is inversely proportional to
their opinions about the usefulness of GBDML and young learners may therefore benefit more than older ones
from the use of computer games for learning. Y oung trainees have opportunities to achieve learning outcomes
more quickly, so they experienced feelings of satisfaction as they improved their data mining skills.

Figure 12 clearly shows that the gaming habits of participants are another factor that influences their
opinions of GBDML. If a user is not familiar with computer games, he or she may have trouble adapting to the
environment and may therefore have difficulty learning data mining. According to the survey results,
participants who often play computer games have positive opinion. In contrast, individuals who rarely play
digital games specify that they have no idea or negative opinions about the usefulness of the proposed
approach.

25
o
[J]
2 20
e
g1s
(T
10 8
3
30 ————
YES NO IDEA NO YES NO IDEA NO

YOUNG (<26) ades ADULT (226)

Fig. 11. Opinions of participants about GBDML according to age.
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Fig. 12. The percentage of respondents according to their gaming habits and opinions about GBDML.

As a result, the opinions about GBDML change according to learners’ age, gender and game habits. In
addition, their jobs, education levels and background knowledge about data mining are also secondary factors
that influence their opinions. It is possible to say, however, that GBDML provides a positive experience that
keeps learners motivated to continue playing and learn data mining.

6. Conclusion

Game-based learning is an enjoyable and interesting learning approach that promotes the improvement of
students’ skills, learning, and understanding capabilities much more efficiently than classroom learning.
Considering this motivation, our study proposes teaching data mining techniques with the scope of game-
based learning. The aim of this study is to provide a game environment that enables the achievement of
learning goals in data mining training programs. The proposed game, Mine4Escape, was structured as a puzzle
game that is based on the story of escaping from the locked rooms. The basic knowledge necessary to start a
game is being a BSc student with some education in Computer Engineering. The learning goals of the proposed
system are as follows: learning basic data mining concepts, practicing on data mining techniques, demonstrat-
ing data preparation steps, illustrating the various data mining tasks and improving data mining skills. The
game was designed to be consists of six rooms: music, colorful, horror and subway rooms for teaching Naive
Bayes, decision tree, and ARM techniques, in addition to the final and tutorial rooms for the application of the
questionnaire and providing a guide for players, respectively. In addition, this article also proposes a dynamic
scoring mechanism that awards different points to the different players by considering several factors such as
the degree of task difficulty, learners’ background and their knowledge level.

An experimental study was carried out to evaluate the performance of the proposed approach by
conducting a survey to receive feedback from a test group. In this survey, the participants stated their
opinions about the game and the effect of the game on their knowledge of data mining concepts. According to
the results of survey, 64% of participants evaluated it as positive. On the basis of the findings from the
questionnaire, it is possible to say that knowledge acquisition about data mining can be enhanced by the game-
based approach when comparing with the traditional data mining training methods. According to the results,
positive opinions were generally ranked by young participants with high game playing habits. The results also
indicate that the degree of learning interest and learners’ information acceptance changes according to
participants’ age, gender, educational level, and gaming habits.

In future research, a competition mechanism can be added to the GBDMUL approach to investigate its effect
on learning data mining. In addition, a “play with multiple users” option can also be included to provide
learners with the option of playing as a team to overcome obstacles infused in the game related to data mining.
Furthermore, a mobile game version of the proposed study can be implemented to guide students to improve
their learning motivation and effectiveness given their growing popularity. In addition to classification and
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association rule mining in the present study, other data mining tasks such as clustering or sequential pattern
mining can also be applied as learning outcomes in future research.
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Appendix

Algorithm of score from interaction with objects

Algorithm Interaction_Score()

// Scoring user interactions with objects
Input: A set of interaction objects O={04, 03, ...0n}
A set of data mining objects M={my, m,, ..., mi}, where MCO
Desired point scale, such as high=10; mid=5; low=2;
Output: Score of interactions (y)
foreach obj € O do
obj.interactionFlag = false;
if obj € M
obj.miningFlag = true;
else
obj.miningFlag = false;
endif
endfor
while (true) // Gameloop()
Event e = get_next_event();
if e.eventType = QUIT or count =M.Length
exit();
endif
if e.eventType = OBJECT_CLICK
obj = e.eventSource;
if obj.miningFlag & lobj.interactionFlag
Y += high
count++
else if lobj.miningFlag & lobj.interactionFlag
Y += mid
else if obj.miningFlag & obj.interactionFlag
y -=low
endif
obj.interactionFlag = true;
endif
endwhile
returny
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