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Abstract—This study examines the gameplay patterns of

college students in a web-based digital game-based learning
system using various data mining techniques such as clustering
and classification and usability evaluation. The objectives of the
study are to design and develop a web-based digital game-based
learning system using an input-process-output model game
design which includes: fantasy, rules/goals, sensory stimuli,
challenge, mystery and control; a knowledge-paced strategy
with easy, average and difficult levels; and, the game would also
collect attributes on: score, hint used, hint time, answering time,
tries or repetitions, and pre-test and post-test to get the learning
gain of students. In evaluating the effectiveness of the game, the
game logs are collected from the database of the digital
game-based learning system and were analyzed and described
using K-Means algorithm, the game play patterns and
performance model of students was produced using Naïve
Bayes and J48 algorithms, and a usability evaluation was also
performed to measure the user’s experience when interacting
with the game. The study was conducted in a private college
wherein students who have taken at least one language course
participated as respondents. Four clusters of students are
identified: no gain, low gain, average gain, and high gain. The
findings show that in the easy level, the attribute hint and hint
time were maximized resulting to an improvement in learning
gain; in the average level, the number of tries was maximized
thus, resulting to a higher learning gain; and lastly, for the
difficult level, the most essential attribute was the time spent on
a hint which gave the students an insight of what the base word
means. A model was produced and used to classify the gameplay
patterns of the students using Naïve Bayes and J48 algorithm
with J48 Algorithm having a higher accuracy and kappa rating
than in all game levels of difficulty.

Index Terms—Digital game-based learning, educational data
mining (EDM), machine learning, vocabulary enrichment.

I. INTRODUCTION

In this generation, the internet has become one of the main
sources for gathering information, especially in terms of
education. It has helped mostly students, in their search for
needed information with only just a click of a button which
provides easier and faster access compared to the traditional
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way of finding information through books. And with the
rapid evolution of technology [1], this generation is less
motivated to study with the use of the traditional way of
teaching and learning. For this reason, various studies have
proven that Digital Game-based Learning is the key to enable
the students’ engagement in learning while having fun.

Digital Game-Based Learning System (DGBL) is an
effective alternative method for teaching and one of its
advantages over traditional instruction is the motivation it
gives the user, especially when the subjects are too
“monotonous” for the students. Educators support DGBL as a
learning medium, because the students enjoy and at the same
time, have fun while learning when they are playing games
[2]. Designing a DGBL that would provide learning and fun
at the same time is challenging. A DGBL should be able to
incorporate a game design model which comprises of the
following game characteristics: (1) fantasy involves game
activities that are out of the context or separate from real life;
(2) rules/goals describe the goal structure of the game; (3)
sensory stimuli refer to a sensation of the user; (4) challenge
involves specific goals; (5) mystery is an external feature of
the game which evokes curiosity in the individual; and (6)
control refers to the ability to regulate, direct, or command
something [3].

Recent trends show that the use of Educational Data
Mining (EDM) in the design of the digital game-based
learning can be further improved. Educational Data Mining is
the area of scientific inquiry centered on the development of
methods for making discoveries within the unique kinds of
data that come from educational settings, and using those
methods to better understand students and the settings which
they learn in [4]. The game logs or data gathered using EDM
was used to develop new tools for discovering learning
patterns and better improve the learning experience of the
students. The data obtained from the game logs can be further
analyzed with the help of Machine Learning. Machine
learning is one of the fields in computer science that makes
use of algorithms in making predictions from a particular set
of data. In this process, what it does to feed data into the
algorithm, and the results are the predictions that might
possibly happen [5].

The objectives of this study were to design and develop a
Web-Based digital game-based learning system based on an
Input-Process-Outcome Game Model [3]. Several means of
analyzing the effectiveness were performed: (1) describe the
game play patterns of the web logs generated from the
web-based digital game-based learning system with the use
of K-Means algorithm; (2) and produce a model that
classifies the game play patterns of the students in a
web-based digital game-based learning system using the
Naïve Bayes and J48 Algorithms; and, (3) user acceptance
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testing to get the satisfaction of students in the game. The
study was limited to students from Malayan Colleges of
Laguna who are considered to be graduating or have at least
taken an English for the Workplace course. The nature of the
system restricted the subject to English. There was no
preference to the gender of the students.

II. METHODS

The study was conducted in a private academic institution
which offers a course in English for the Workplace in their
programs since the game’s domain is vocabulary enrichment
to help the students in the preparation for on-the-job training.
A sample size of 72 students out of 284 or 25% students who
are about to graduate participated in the experiment.

The students play the developed digital game-based
learning system entitled, “Web-based Word Infection” which
is a web-based version of the DGBL system. The Word
Infection DGBL for vocabulary enrichment has gone through
several versions in the past years, it first started as mobile
version [6], PC based version, and its recent version which
was made LAN based with Dashboard for Teachers for
monitoring of students’ activities [7].

The study used a simple input-process-output framework
as shown in Fig. 1. The input phase consists of inputs such as
content, strategies, game model, game attributes, and
usability evaluation.

Fig. 1. Research framework of the study.

The input phase would need the following: (1) content
which is the list of vocabulary words; (2) linear sequencing
and knowledge-paced strategies to provide students an option
when they are assessed by the game to be in the advanced
level. Linear Sequencing Strategy was used in the previous
versions of Word Infection, in this strategy; the student will
only be able to progress through the game sequentially, from
one level to another. Consequently, the learner can only go
forward one way. This was found to be effective to students
who acquired a low score for pre-test. However, there are
students with advanced knowledge, hence;
Knowledge-Paced Strategy lets the student skip levels
depending on the student’s score in the pre-test of each
difficulty. If the student gets a perfect score in the pre-test, the
student has the opportunity to skip to the next level of
difficulty. This is to make the game more challenging and
more suitable for the student; (3) The Input-Process-Outcome
Game Model was utilized in the game design to ensure the
completeness of game elements. Input refers to the

instructional content and game characteristics which are
divided into six categories or dimensions such as Fantasy,
Rules/Goals, Sensory Stimuli, Challenge, Mystery and
Control. Fig. 2- Fig. 5 are screenshots of the digital
game-based learning system exhibiting the game elements
that have been incorporated.

In the current study, the Web-based Word infection
Version has three levels of difficulty: easy, average and
difficult. Also, the theme of the game is in a workplace
setting as shown in Fig. 2: job search, job application and job
interview were considered as the different stages that one
would go through when applying for a job so the vocabulary
appropriate for the situation were also identified and
validated by language experts.

Fig. 2. Main Game modules.

As shown in Fig. 3, the main character of the game is
preparing for a job application. In this particular scenario, a
story is also being displayed on the screen which is an
explanation of what the character is going through and the
words which are underlined will be used in the drills that they
will take after the story.

Fig. 3. Main character of the game.

Meanwhile, the screenshot shown in Fig. 4 is the average
level of the game which shows a multiple type of test. Also, it
includes a hint which provides help to the student using the
game. It provides sample statement using the word that is
currently being displayed.

Fig. 4. Average level of the game.
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Fig. 5. Game play rules and goals.

In Fig. 5, the game play is explained and how to earn points
for every correct answer. This was implemented so that
students would be aware of the challenges that they are about
to go through and how they can finish the game successfully.

(4) educational data mining attributes for log analysis
consisting of nine attributes were used in order to create a
dataset, namely: a) score percentage which refers to
percentage of total score per difficulty; b) total hint refers to
total number of hints used in the game of the student; c) total
hint time refers to the total time a student spent on a hint; d)
average answer time refers to the average time a student takes
to answer a question, e) tries refer to the total number of tries
a student would take the test per difficulty; f) learning gain
(pre-test and post-test have been embedded in the game so
students would have to take the pre-test after registration and
will take the post-test after going through all the modules of
the game) is a derived attribute based on the pre-test and
post-test score of the student.

(5) satisfaction on the game through usability evaluation
which includes five categories: (a) aesthetic refers to the look
and feel of the game; (b) functionality refers to how the game
supposed to work; (c) usability refers to the user friendliness
of the game; (d) satisfaction on the content of the game; and,
(e) web behavior refers to the accessibility of the web-based
digital game-based learning system. Likert scale from 1 to 3
was utilized and interpreted as 1-Disagree, 2-Neutral,
3-Agree.

The process phase involves generation or collection of logs
from the digital game-based learning system. After the
students have used the game, dataset has been extracted and it
has undergone data mining process which includes (a)
pre-processing or cleaning the data; (b) application of
clustering to describe the game logs; and (c) performing
classification to describe the learning model of students’
performance. The collected logs of the selected attributes
were analyzed using Rapidminer, a machine learning
software, which is able to perform clustering to describe the
dataset such as K-means and classification algorithms such as
J48 and Naïve Bayes to generate the learning performance
model of students which is the expected output of the study.

III. RESULTS AND DISCUSSION

A. Clustering Analysis
After data cleaning, K-means clustering algorithm was

applied to the data set using a machine learning tool,

RapidMiner. The student performance value results were
clustered per level. The z-scores of the attributes: total score
percentage, average answer time, total hint used, total hint
time, total tries, and learning gain were calculated. The
calculated z-scores were used as input variables to
RapidMiner.

Four clusters were used to represent the following: high
learning gain, average learning gain, low learning gain, and
no learning gain. As shown in Fig. 6, Cluster 0 (BLUE)
represents 31% of students which does not utilize the game
features such as hint which indicates that the students in
Cluster 0 are already proficient in the vocabulary used in the
DGBL as indicated also in no learning gain.

Cluster 1 (GREEN) represents 24% of students who got
the highest total score percentage, highest hint usage, and
highest hint time and yet they have low learning gain which
indicates that have been too drained to answer the post-test or
gamed the system thus leading to a low learning gain.

In Cluster 2 (YELLOW), is the biggest cluster with 39% of
the total participants. They got the second lowest score in
total score percentage and average answering time. They also
utilized the hint feature of the game longer which implies
they took the game seriously yielding an average learning
gain.

The last cluster, Cluster 3 (RED) represents only 6% of
the students. Despite having the lowest total score percentage,
these students also have the highest answering time, number
of attempts, and thus learning gain. They may not have used
the hint feature of the game; however, they took time in
answering the game and patiently repeated the game until
they were familiarized with the given words thus yielding a
high gain score for learning gain.

Fig. 6. Performance values in easy level.

Fig. 7. Performance values for average level.

In Fig. 7, Cluster 0 (BLUE) represents 18% of students
who got the lowest total score percentage and number of tries;
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however, they answered the test carefully and uses hint
wisely which led to a low learning gain. Cluster 1
(GREEN----) is 10% of the total participants who score the
highest score percentage, number of tries, and high learning
gain. The students in this cluster also had the lowest score for
answer time and hint time. Given that the students in this
cluster scored the highest number of tries among the clusters,
the students may have gamed the system but managed to
familiarize themselves with the content thus leading them to
score the highest learning gain among the four clusters.

Cluster 2 (YELLOW) consists of 34% of students that
scored the highest hint usage; however, these students scored
low in total percentage score. This indicates that the students
in this cluster took advantage of the hints leading them to an
average learning gain. Finally, Cluster 3 (RED) which is 38%
of students have high total score percentage, low average
answer time, low hint usage, low hint time, and low number
of attempts. These students also have the lowest learning gain
which indicates that the students are already proficient and
have advanced skills in vocabulary enrichment.

In Fig. 8, Cluster 0 (BLUE) represents 27% of the students
who made use of the hints and taking their time in answering
the test which shows the eagerness to learn thus yielding an
average learning gain. In Cluster 1 (GREEN) which is 2% of
the total students, they have not utilized hints and have not
repeated tries resulting to lowest score percentage and no
learning gain. This is an indication that these students gamed
the system.

Fig. 8. Performance values for difficult level.

The third cluster, Cluster 2 (YELLOW) which is
composed of 55% of students that are taking their time to
answer has yielded a good score percentage. This cluster
displayed proficiency by finishing the game with a
considerably low number of tries thus yielding a low learning
gain. The last cluster, Cluster 3 (RED) which consisted of
16% of the total students got the highest score percentage and
have used hints and tries to their advantage which eventually
leads to the highest amount of learning gain among the four
clusters.

B. Classification Analysis
The set parameters used for classification are: 10-fold

cross validation for Naïve Bayes algorithm, J48 Decision
Tree Algorithm was processed with a confidence level of
0.25 and a minimal leaf size of four (4). The interpretation of
the results of the algorithms used in the study is by Landis
and Koch [8] for kappa statistics on inter-rater agreement or
reliability, as shown in Table I. The attributes that were used

as inputs in the classification process are as follows: score
percentage, total hint, total hint time, average answer time,
tries, learning gain’s verbal interpretation.

TABLE I: RESULT INTERPRETATION OF KAPPA STATISTICS

Kappa Statistic Internal Consistency
0.81 – 1.00 Almost-perfect agreement
0.61 – 0.80 Substantial agreement
0.41 – 0.60 Moderate agreement
0.21 – 4.00 Fair agreement
0 – 0.20 Slight agreement
< 0 No agreement

Table II shows the results of the accuracy and kappa
statistics of J48 and Naïve Bayes for the easy, average, and
difficult levels. In the easy level, J48 shows an accuracy of
100% and kappa statistic- rating of 1.0 while the results for
Naïve Bayes algorithm shows an accuracy of 88.67% and
kappa statistic rating of 0.89 which is still reliable having
almost-perfect agreement based on Table I.

In the Average level, J48 had a better accuracy with
59.05% and kappa statistic rating of 0.268 over the Naïve
Bayes algorithm although both are in the fair agreement.
Finally, the difficult level, J48 had a better accuracy and
kappa statistic rating having 87.14% accuracy and 0.791
kappa statistic rating over 86.90% accuracy and 0.788 kappa
statistic for the Naïve Bayes algorithm.

Even by a small amount, for this study, J48 decision
algorithm shows better reliability than the Naïve Bayes
algorithm and the easy level and difficult level produced
reliable models for the performance of the students with hint
as the attribute that is important in giving the students help in
the process of answering all the drills in the web-based digital
game-base-d learning system.

TABLE II: COMPARISON OF RESULTS OF J48 AND NA VE BAYES
ALGORITHMS

Game
Levels

J48 Naïve Bayes

Accuracy Kappa
Statistic Accuracy Kappa

Statistic
Easy 100% 1.000 88.67% 0.809

Average 59.05% 0.268 55.71% 0.133
Difficult 87.14% 0.791 86.90% 0.788

C. Usability Evaluation
The college students who participated in playing the game

answered a usability questionnaire comprised of five criteria:
usability, aesthetics, content, feedback and web evaluation as
shown in Tables III to VII. Also, questions about the
integration of the game theory elements such as rules, control,
sensory stimuli, fantasy, challenge, and mystery were
mapped in the usability testing.

TABLE III: RESULTS OF USABILITY EVALUATION

Questions Agree Neutral Disagree
1. I understood the instructions
clearly and easily. (RULES) 96% 4% 0%

2. I controlled the decision-making
and actions in the constantly
changing environment of the game.
(CONTROL)

71% 15% 14%

3. I explored, interacted, and
listened as the story unfolds in the
game.

79% 21% 0%

In usability evaluation as shown in Table III, control in the
decision-making and actions got the lowest percentage of
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71% while rules were found to be clearly and easily
understood. This indicates that the game has provided similar
rules which can be commonly found in other computer games
and unlike other games, students have the feeling of not being
quite in control of the game environment.

TABLE IV: RESULTS OF AESTHETICS EVALUATION

Questions Agree Neutral Disagree
4. I enjoyed the background
music and sound effects of the
game. (SENSORY STIMULI)

89% 10% 1%

5. I liked the animation in the
game. (SENSORY STIMULI) 85% 15% 0%

6. I saw a make-believe world
through the view of the
character. (FANTASY)

74% 23% 3%

The results of the evaluation of aesthetics being displayed
on Table IV shows that fantasy was not fully realized by
participants with only 74%; however, the sensory stimuli
were found to be effective. This indic-ates that the senses
were satisfied but not quite on making the students feel the
fantasy brought by the game.

As shown on Table V, the content was found to be helpful
and just right for each level of difficulty with- almost half
having a hard time in understanding the questions
specifically in the difficult level of the game since the
students had limited hint thus a rating of 53%; however, this
is the goal for the difficult level so that they will be able to
take the game seriously and think thoroughly before
answering the questions on the game.

TABLE V: RESULTS OF CONTENT EVALUATION

Questions Agree Neutral Disagree
7. The game was helpful in
enhancing my vocabulary skills. 82% 15% 3%

8. The questions were easy to
understand. 53% 36% 11%

9. The questions were just right
per level of difficulty. 81% 19% 0%

Participants are not quite convinced on how the sense of
mystery has been integrated in the game since only 48%
percent of them agreed in the statement; however,
participants are challenged and the feedback after each drill
was considered helpful as displayed on Table VI.

TABLE VI: RESULTS OF FEEDBACK EVALUATION

Questions Agree Neutral Disagree
10. I was challenged in the drills
and the feedback provided after
each drill helped me a lot.
(CHALLENGE)

89% 11% 0%

11. I considered the game
interesting and engaging. 84% 15% 1%

12. I believed the game has a sense
of mystery. (MYSTERY) 48% 36% 16%

TABLE VII: RESULTS OF WEB BEHAVIOR EVALUATION

Questions Agree Neutral Disagree
13. The game’s interface has a good
balance of text and graphics on each
page.

67% 27% 5%

14. I navigated the webpage easily. 84% 15% 1%
15. The webpage was responsive to
my requests. 68% 30% 1%

Navigation was easy; however, the web page’s
responsiveness and interface have to be improved with both

having received an agreement of 68% and 67% respectively
as can be seen on Table VII. This indicates that the selected
text and graphics has to be further improved.

IV. CONCLUSIONS

There are three evaluation techniques that were employed
to test the effectiveness of the design of the web-based digital
game-based learning system: (1) In order to evaluate the
game theory that was integrated in the design of the game, a
usability evaluation using usability, aesthetics, content,
feedback, and web behaviour. The results of the usability
evaluation show that the design of the developed Web-based
Digital Game-Based Learning System was able to
incorporate the necessary characteristics of the game theory
such as content, challenge, and stimuli; (2) In describing the
game patterns and performance of students, four clusters
were discovered per level of difficulty: no gain, low gain,
average gain, and high gain. In the easy level of the game,
cluster of students who took time in answering the game and
repeated the game was quite successful and having the
highest learning gain. In the average level of the game,
cluster of students with the greatest number of tries or
repetitions had the highest learning gain, and in the difficult
level of the game, cluster of students who used hints and
repeated the drills use it to their advantage which eventually
leads to the highest amount of learning gain; and, (3) In
classification, the attributes that are most relevant in student
performance are total hint and number of tries. It shows that
students who use hint, as well as those who have a high
number of attempts resulted in high learning gain. Students
who repeated a level has a chance of being familiarized with
the set of questions that appeared in the game thus, resulting
to a high learning gain.

V. RECOMMENDATIONS

The study recommends further improvements in the terms
of game design and methods. In terms of game content,
providing topics and a setting that focuses more on the
workplace rather than in preparation for the workplace is
recommended. In this w-ay, students will also be able to
familiarize themselves with the basic jargon and processes
used in the workplace. Also, this could provide students with
a larger variation of scenes and views about a particular
position in the workplace, thus, promoting motivation for the
students as they explore each setting. For the data mining part,
a larger population, may it be from the same locale or a
different locale is recommended, to be able to explore the
wide range of gameplay patterns and performance of students.
With this, more valuable and educational models may be
produced. Furthermore, a pedagogical agent could boost the
game’s effectiveness. A pedagogical agent as animated
characters that enable and promote learning in
computer-based learning environments [9] through
incorporation of agent provided hints, feedback,
encouragement and motivation to the students [7]. Lastly,
future studies can also cover Affect Mining and incorporate it
with the gameplay data mining that will be collected. This
improvement could be of help in providing correlation to
respondent’s emotional and behavioral state with his/her
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performance. Affective computing as concerned with the
synthesis of affective states which include emotions, gestures
and dynamic interaction at a short period of given time [10].
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