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Abstract

Choosing the right education is an important decision

for students. Currently there exist a wide variety of

tests to determine which education matches the stu-

dent’s interests and competencies. Current education

choice tests rely on filling in questionnaires to deter-

mine the student’s personal properties. The goal of this

research is to determine whether it is possible to get

this information from game behavior. Specifically if be-

havior in games can predict competencies and interests.

Subjects were asked to play three games to test their

dexterity, spatial visualization ability and concentra-

tion. This behavior, as represented by game events was

linked to responses to a personality test and their ac-

tual major choice. There was a successful classification

on self reported math skill with an error rate of 28%,

and also on whether the user was an AI student with

an error rate of 38%.

1 Introduction

Choosing the right education is an important part
of one’s academic career, but it is a difficult deci-
sion for most students. Between the year 2002 and
2010 the number of students switching majors in
dutch universities fluctuated between six and eight
percent. The number of students leaving the uni-
versity was between fifteen and eighteen percent
(VSNU, 2012). A common tool to help in making
the decision which major to choose is the use of
questionnaires.
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There are multiple career assessment tests avail-
able. One of the most widely accepted and most
used is the SII (Strong Interest Inventory). Accord-
ing to research by Miller (2010) this test is valid:

the Occupational Scales (OSs) of the SII
will predict a participants exact academic
major [...] for at least 35% of the sample.

Filling in these forms however, can be a boring
and tedious process. To make this process more fun
it was proposed to use games to determine which
education choice matches the student, or at least
which competencies and interests the student has.
The website “Kids Future Plaza” with three games
were created by Klassewijzer for this research. Be-
cause games are appealing to children and students
this is seen as a good way to test their interests.

Besides questionnaires, other research on the
choice of an education, specifically higher educa-
tion majors, focuses on the influence of background.
Factors like race and income of parents are taken
into account. The most relevant for this research is
how personality affects the choice of a major. Using
Holland’s personality model, Porter and Umbach
(2006) found that personality and political liber-
alism are very strong predictors of student major
choice. Other factors that are good predictors of
major choice are self-efficacy (Bandura, 1997, 1986)
and the belief that the student will be successful in
the major that he has chosen (Eccles, 1987).

To summarise: choice of major can be predicted
by these personal properties, and some external fac-
tors. If games can predict personality or skill has
not been researched much besides the link between
agression and games. However, determining player
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properties from games has been researched in the
past. Research by Chen and Hong (2007) shows
that intruders on a game account can be detected
by comparing idle time distribution. This demon-
strates the concept of inferring player properties
from features extracted from game data. Unfortu-
nately this is aimed at single users and does not
apply to behavior in real life. Research on distin-
guishing bots from humans in online role-playing
games has been done by van Kesteren, Langevoort,
and Grootjen (2009). Their algorithm was very suc-
cessful at this task. Even though the differentiation
between humans and computers is different from
distinguishing people with different skills and in-
terests, their approach to use feature extraction can
be useful in the context of this research.

One practical application of games in relation to
real-world skills is using games as a learning tool.
Current research is mostly on how well a game can
contribute to skills and properties of gamers instead
of assessing their skills from games, but this shows
that games and skills applicable in the real world
overlap.

The aim of this research is to find a possible link
between game behavior and real-life behavior, so
the research question is:

Can behavior in games be linked to real-
life competencies and interests, specifi-
cally expressed in major choice?

Traditional questionnaires make use of questions
that aim to gather information about one specific
interest or skill. When inferring this information
from a stream of gameplay events it is much less
clear what a specific action means, or what it says
about the skill being assessed. For example: mov-
ing quickly in a game could be because a player
is hasty in nature, or because he is very skilled at
the particular game. Therefore a different approach
was chosen. Many different features were extracted
from the gameplay data and used to make a clas-
sification using a Support Vector Machine (SVM)
(Cortes and Vapnik, 1995). This will be further ex-
plained in the methods section.

In section 2 the games that were used to gather
the data are explained. The features that were ex-
tracted from this data are explained in section 2.5.
In section 3 the results from statistics and classifi-
cation with an SVM are reported. Section 4 covers

the conclusions that can be drawn from the results
and gives suggestions for future research.

2 Methods

Gameplay data was gathered from three games.
Different games were selected to measure different
skills and properties of the subjects. Behavior in
games is a very broad concept, therefore different
games with much variety between them were pre-
ferred to cover as much of the range of possible
behavior in games. The look and feel of the games
was designed to be like a futuristic testing envi-
ronment: a clean, distraction-free room with eas-
ily distinguishable colored objects. The games also
needed to be able to run in a web browser. The
games were designed with Unity (Higgins, 2010).

2.1 Participants

Subjects were asked to play the games on their own
computer and play them again at a later time to
get as much data as possible per subject. Three
movie vouchers were offered as a reward for the
highest score in each game, in addition to one ran-
domly awarded to one of the participants. There
were 40 participants. Eight of them were students
from Alpha College in Groningen, 27 were students
at Rijksuniversiteit Groningen. Seventeen of these
27 students studied Artificial Intelligence. Five re-
spondents were affiliated with Klassewijzer. Figure
1 shows that 29 participants were men and 11 were
women. Figure 2 shows age varied between 18 and
48 years with a median of 23.
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Figure 1: Number of participants by sex
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Figure 2: Number of participants by age

2.2 Dexterity game: Block avoidance

In this game the objective for the player is to keep a
sphere from colliding with moving blocks by moving
it across the screen. The sphere is controlled by
pressing the arrow keys on a keyboard. The blocks
that are to be avoided appear at the bottom of the
screen and move upward at a continually increasing
speed. The player starts with three lives. When the
sphere controlled by the player collides with a block
the player loses a life. At the start of the next life
the speed remains the same as it was before the
life was lost. After three lives the score, i.e., the
number of seconds the player survived, is shown.
This game is designed to test the dexterity of the
player. In the screenprint of Figure 3 the player has
been playing for 22,77 seconds.

Figure 3: Dexterity game: Block avoidance

2.3 Puzzle game: Based on Rush
Hour

The goal of this game is to move the red block to
the exit of the board at the edge of the screen. To
achieve this, the player has to move other blocks
out of the way. This can be done by clicking and
dragging them with the mouse. The blocks can only
be moved in the direction normal to their shortest
side. After completion of the goal the next level
can be played. This game is included to test spatial
awareness of the player as well as problem solving
skill. See Figure 4 for a screenshot of the game.

Figure 4: Puzzle game

2.4 Tracking game: Based on Shell
game

This game tests how well a player can follow one
moving sphere among other moving spheres. The
game starts with a number of spheres on the screen.
One sphere is highlighted in red, the others are
blue. After a short period of time the red sphere
stops being highlighted and becomes blue like the
rest. The player must now track the sphere as it
is being switched around. Switches occur between
random spheres with the possibility of a fake switch
for extra difficulty. In a fake switch the spheres are
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not actually switched, but are moved towards each
other slightly and are then quickly returned to their
initial position. After a set amount of iterations
of shuffling the spheres the player has to click the
sphere that was highlighted at the start. The dif-
ficulty increases after each level by increasing the
number of iterations and thereby the duration, the
speed at which the spheres move and the percent-
age of fake switches. See Figure 5 for a screenshot
of the game.

(a) At the start of the
game the sphere to track
is highlighted. In this
case the leftmost.

(b) The spheres move
around.

Figure 5: Tracking game: Based on Shell game

2.5 Features

When an important game event occurs, like the
completion of a level or a game over, gameplay data
is stored in the database. Features are derived from
this data. The block avoidance game has the most
user input because the player has to almost con-
stantly move the sphere. Therefore many features
were derived from the player input in this game.
Each time a life is lost by the player 41 features are
stored. These include time, average position and
speed, number of times a key was pressed and col-
lisions with walls. In total there are 180 features
extracted from this game. For a more detailed de-
scription of these features see Appendix A. For the
puzzle game there are 13 features extracted, for ex-
ample the number of moves on each level and the
time taken to solve the level. In the tracking game
there are 27 features including the number of times
the game was played, the highest level that was
achieved and the number of times the player took
too long to answer and was timed out.

2.6 Questions

In order to get a complete picture of the person-
ality of the player 14 questions were asked. The
list of questions used is described in Table 1. These
questions were selected from a list of questions cre-
ated by Porter and Umbach (2006) for their re-
search on college major choice. The questions were
from four personality types as theorized by Holland
(1973). Questions for the investigative personality
type were: 1, 3, 5 and 11. For social 2, 9 and 10, for
artistic 7, 12 and 13. Finally for enterprising 4, 6, 8
and 14. Table 1 also shows the frequency of answers
given to those questions. To be able to make a clas-
sification, questions with an approximately equal
number of positive and negative responses are pre-
ferred. This means that questions 2, 3, 6, 7, 11 and
12 are not very useful for classification. The dis-
agree and strongly disagree are added together to
form one group and agree and strongly agree are
added together to form the other group.

2.7 Support vector machine

A support vector machine was used to classify sub-
jects. The main advantage of using an SVM is
that many features can be used for the classifica-
tion simultaneously. Subjects were divided into two
classes based on their answers on the questions, and
based on their college major. The questions where
the number of students that agreed and disagreed
were most similar were used. Question 1, 4, 8 and
13 have a distribution of responses that makes it
good enough to use this question as a classification
criterium. The features derived from their game-
play are mapped to a point in n-dimensional space,
where n is the number of features. A linear kernel
was used to compute the similarity between vec-
tors. The SVM then finds an optimal linear sepa-
rator between those points – the one that has the
largest margin between it and the positive exam-
ples on one side and the negative examples on the
other. Russell and Norvig (2003) describe the al-
gorithm and formulas to accomplish this in their
book. Cross-validation was used with 60% of the
data in the training set, and the remaining 40% as
the test set. After classification this returns an er-
ror rate between 0 and 1 that represents how many
subjects are incorrectly classified.
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1 I am good at maths 5 5 12 13 35
2 I like spending my time helping others 0 1 18 16 35
3 I am intelligent 0 1 14 20 35
4 I like to tell others what to do 6 8 16 5 35
5 I strive to get to the top in my career 2 7 17 9 35
6 I like it when others show their appreciation for what I do 0 0 11 23 34
7 I want to use my creativity in my job 0 3 10 22 35
8 I work mainly to make money 10 10 13 2 35
9 I like to cooperate with others 1 4 18 12 35
10 I find it important to do work that is useful to society 2 7 18 8 35
11 I like learning new things 1 0 6 28 35
12 I like to give unexpected solutions 0 0 8 27 35
13 I have a new idea about something every day. 5 13 12 4 34
14 I want to be my own boss so I can decide what to do myself 2 8 19 6 35

Table 1: Questions and their frequencies

3 Results

Subjects were asked to play games on their own
computers. In Figure 6 a histogram of the number
of times that the dexterity game was played is
shown. Most subjects only played the game once
or twice. Specifically eighteen subjects played the
game two times or less. Figure 7 shows a histogram
of the total number of levels played in the puzzle
game. It is possible to replay levels to finish them
in less moves or less time. The figure shows that
some subjects replayed levels since their total
amount of levels played is above 40, which is the
number of levels in the game. Figure 8 shows a
histogram of the number of times that the tracking
game was played. Note this is the number of times
a new game was started, not the amount of levels
played. Most subjects played each game once, only
a few tried several times to achieve the high score.
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Figure 6: Histogram of times played the dexter-
ity game
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Number of levels played
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Figure 7: Histogram of levels played in the puz-
zle game
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Figure 8: Histogram of times played the tracking
game

3.1 Differences in game behavior be-
tween subject groups

Using students t-test we found a significant differ-
ence in game behavior for subjects who rate them-
selves as good at maths and those who do not.
The number of times that the dexterity game was
played, the number of levels and highest achieved
level in the puzzle game and the highest achieved
level in the tracking game yielded significant re-
sults. It was expected that subjects who rated
themselves good at maths would perform better on
the games because the games were expected to ap-
peal more to beta-major students. Players that rate
themselves as good at maths will play the dexterity
game more often, score higher on the puzzle game,
will play the puzzle game more often and are better
in the tracking game. However, what we found was
the opposite for all of these hypotheses. See Table 2
for the results of t-tests. We also hypothesized that
subjects who say they work mostly for money, will
play games more often. and subjects who say they
have a new idea every day will reach higher levels on
the puzzle game. For these hypotheses t-tests did
not yield significant results. How well subjects rate
themselves to be good at math seems to be a good
predictor of a few types of game behavior. Subjects
who said they worked mainly to make money (see
question 8 in Table 1) did not differ significantly
from subjects who said they did not in the hypoth-
esized features. There also was no significant dif-
ference between subjects who said they have a new
idea every day and those who said they did not.

3.2 Support vector machine

A support vector machine algorithm was used to
classify players using the gameplay features. Users
were classified using the features of each game sepa-
rately using three classification variables: Whether
they majored in Artificial Intelligence or something
else, whether they rated themselves to be good at
math or not and whether they had a new idea every
day or not. The number of simulations used is 1000.
Two sets of runs were done for each combination of
features and classification variable. One run with
learning enabled, and one with learning disabled to
determine a null error rate to compare the SVM re-
sult to. In Table 3 the results are shown. The SVM
classification shows that whether a subject reports
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Good at maths Not good at maths t-test results
mean SD mean SD T p

Number of times played in the dexterity game 4.65 5.16 9.07 13.64 -2.71 0.01
Number of levels played in the puzzle game 5.1 4.09 17.12 16.08 -3.47 0.002
Highest achieved level in the puzzle game 4.8 3.7 15.16 11.86 -3.91 0.001
Highest achieved level in the tracking game 10.7 5.16 15.36 3.08 -3.308 0.02

Table 2: Results of t-tests

Table 3: Results SVM

Learning Enabled Learning disabled
Features used Classification variable Mean Error ± S.D. Mean Error ± S.D. T p

AI or other 0.55 ± 0.12 0.5 ± 0 13.18 < 0.001
Dexterity game good at maths 0.45 ± 0.1 0.5 ± 0 -15.81 < 0.001

new idea 0.28 ± 0.09 0.28 ± 0.09 0 1
AI or other 0.4 ± 0.1 0.5 ± 0 -31.62 < 0.001

Puzzle game good at maths 0.37 ± 0.1 0.56 ± 0.03 -57.55 < 0.001
new idea 0.57 ± 0.11 0.57 ± 0.04 0 1
AI or other 0.32 ± 0.1 0.5 ± 0 -56.92 < 0.001

Tracking game good at maths 0.28 ± 0.09 0.5 ± 0 -77.3 < 0.001
new idea 0.56 ± 0.11 0.5 ± 0 17.25 < 0.001

All games AI or other 0.38 ± 0.1 0.5 ± 0 -37.95 < 0.001

being good at maths is the best predictor across all
games with error rates between 0.28 and 0.45. This
was an expected result from the t-tests that were
run earlier. Classifying AI students and non-AI stu-
dents gave better results than chance level for the
puzzle game, the tracking game and combined fea-
tures of all games. In the dexterity game there was
a mean error rate of > 50% which is unsuccessful.
Classifying whether the subjects had a new idea ev-
ery day was not successful for the features of any
of the games.

4 Conclusion and Future
Work

So can competencies and interests be determined
from features that describe behavior in computer
games? The results for the good and not good
at math groups show that there is a difference in
player behavior based on self reported math skill.
The good at math group was expected to perform
better and play more often, but results show a sig-
nificant difference suggesting the opposite. The re-
sults from the SVM classification on the good at

maths question confirm the difference in player be-
havior with the best error rate being 28%.
Concerning predicting college major choice, there
were too many different majors with too few stu-
dents to divide subjects in different groups per cho-
sen major, so an SVM classification was run on
the categories AI student and non-AI student. The
best SVM classification resulted in an error rate
of 32%. This was significantly better than chance
level. This means that students can be classified as
AI students, however 32% is a high error rate for a
classifier.

4.1 Suggestions for future work

The games that were used for this research mostly
require dexterity skills, spatial awareness and at-
tention. A possible way to improve results would be
to add games that require different skills. This way,
more aspects of behavior can be recorded, and pos-
sibly matched to different majors. Another option
could be to use different kinds of games. Modern
role playing games usually offer multiple ways to
solve problems and achieve goals in the game. Us-
ing these different approaches could be more closely
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linked to interests, and real world behavior of sub-
jects.
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5 Appendix A

Feature Mean SD
Time in hundredths of seconds 5155,08 2879,03
Average X position of player sphere (greater X means more to the right) 0,08 0,40
Standard Deviation in X position 0,50 0,24
AverageY position of player sphere (greater Y means more to the top of the screen) 2,85 0,57
Standard Deviation in Y position 0,23 0,18
Min x position -0,80 0,54
Max x position 0,93 0,56
Min y position 2,08 0,17
Max y position 3,00 0,59
Average X speed 0,02 0,10
Standard Deviation in X speed 0,81 0,36
Average Y speed 0,08 0,13
Standard Deviation in Y speed 0,36 0,30
Number of times an Up move was made 1,03 1,01
Average time per Up move (in seconds) 0,40 0,26
Standard deviation in time per Up move 0,03 0,09
Number of times a Down move was made 0,27 0,81
Average time per Down move (in seconds) 0,06 0,16
Standard deviation in time per Down move 0,01 0,04
Number of times a Left move was made 7,62 8,59
Average time per Left move (in seconds) 0,39 0,19
Standard deviation in time per Left move 0,16 0,12
Number of times a Right move was made 7,75 8,93
Average time per Right move (in seconds) 0,40 0,18
Standard deviation in time per Right move 0,16 0,12
X position of player sphere (center) at time of collision 0,14 0,66
Y position of player sphere (center) at time of collision 2,94 0,63
X position of colliding block (center) at time of collision 0,13 0,69
Y position of colliding block (center) at time of collision 2,52 0,85
Number of times a collision with the Top plane occurs 0,60 0,53
Average time per collision (in seconds) 11,45 18,05
Standard deviation in time per collision 0,07 0,75
Number of times a collision with the Bottom plane occurs 0,00 0,07
Average time per collision (in seconds) 0,01 0,12
Standard deviation in time per collision 0,00 0,00
Number of times a collision with the Left plane occurs (Left = as the player looks) 0,37 0,79
Average time per collision (in seconds) 0,36 1,26
Standard deviation in time per collision 0,08 0,47
Number of times a collision with the Right plane occurs 0,60 0,99
Average time per collision (in seconds) 0,88 2,02
Standard deviation in time per collision 0,19 0,90
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