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Abstract

While the most used method to model the learner’s personality is the self-report
using questionnaires, this study presents and validates a newly developed framework
for implicitly modeling the learners’ personalities within a game-based learning
environment using their gaming behaviors. This framework is based on an online
role-playing game for teaching the computer architecture subject and a learning
analytics system. To evaluate the efficiency of the proposed framework, an
experiment was conducted with forty four participants (34 learners and 11 teachers)
in a Tunisian University. The obtained results showed that this framework has a high
accuracy level in correctly modeling both the extraversion and openness personality
dimensions. In addition, these results highlighted a “good” and “moderate”
agreement degree in modeling the extraversion and openness personality
dimensions respectively compared to the Big Five Inventory (BFI). The findings of this
study can advance research in game-based learning and educational psychology by
developing environments which can be used for both learning and modeling
learners’ personalities instead of using questionnaires.
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Introduction
Many studies have reported the benefits of learning using digital games instead of the

traditional method in classrooms which became boredom and not motivating (Prensky

2006; Squire and Jenkins 2003), especially for this new digital and gamer generation of

learners. Machado et al. (2018) state that digital games are good tools to make learners

more engaged and motivated to learn. Teachers also believe that using digital games for

learning can enhance learners’ motivation and learning outcomes (Huizenga et al. 2017).

In this context, 67% of American learners learn using digital games in classrooms (Statista

2018). Game-based learning (or also digital games for learning) are used to deliver several

pedagogical objectives, such as learning English (Wu and Huang 2017), artificial

intelligence (Denden et al. 2017a), mathematics (McLaren et al. 2017) and computer

architecture (Tlili et al. 2016a, 2016b). Huizenga et al. (2017) highlight several im-

portant elements that contribute to cognitive learning outcomes in game-based learning,

namely: (1) learning in safe environments which means that learners can try new things
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without worrying about the consequences of their actions, hence they can learn from their

mistakes; (2) receiving direct feedback about their choices; and, (3) active learning which

means that learners can make more than one trial, hence they can correct their errors if

needed. Besides, one of the important factors to consider in game-based learning is the

learners’ individual characteristics which make them behave differently while learning and

playing. Tlili et al. (2016a, 2016b) stated that the main important indicator of individual

differences is personality. Several studies show that personality differences can affect pref-

erences for game genres (Schimmenti et al. 2017), playing style (Bartle 2004) and learning

strategies (Pavalache-Ilie and Cocorada 2014). Chen and Lin (2017) state that knowing

the personality of each learner can make the interaction within learning systems more ef-

fective. The traditional method to model the learners’ personalities is self-report using

questionnaires, which is a subjective method. The main limitation of this method is that

the learners may not reveal their true information if they think that they will not benefit

from responding (Chen and Lin 2017). Tekofsky et al. (2013), on the other hand, show

that individuals’ actions in games are related to their personalities. For instance, learners

who react quickly in games are more likely to be low in conscientiousness. In this context,

we hypothesize in this study that the learners’ actions and choices during a game might

reveal their personalities. Therefore, this study focuses on implicitly modeling the learners’

personalities using their gaming behaviors and actions in game-based learning environ-

ments. Traditional analytic tools have been proved to be insufficient when dealing with

these environments, since they are dynamic, packed with action and learning is an integral

part of the game play. Such a specific learning environment requires a specific real-time

analytical tool that will adequately match the dynamic game environment (Minović and

Milovanović 2013). Thus, this study applies Learning Analytics (LA) to identify learners’

personalities using their gaming behaviors. LA is an emerging area that focuses on obtain-

ing information by analyzing learners’ interactions with online educational contents.

This study particularly focuses on the extraversion (low extraversion, balanced extra-

version and high extraversion) and openness (low openness, balanced openness and

high openness) dimensions because they are the most corrected dimensions that affects

user’s behaviors toward a system, including learning systems (Matzler et al. 2006; Duff

et al. 2004). Extraversion personality trait is the first and widely used dimension pro-

posed in the literature (Jung and Baynes 1921). Costa and McCrae (1992) consider in-

troverts (people low in extraversion) as people who are less sociable and outgoing,

while he considers extroverts (people high in extraversion) as people who have more

positive emotions. Openness on the other hand is considered as people who are more

open to experience and imagination (Chittaranjan et al. 2011). In this context, previous

studies showed that these two personality dimensions are positively correlated (Matzler

et al. 2006), which means that learners who are found to be high in extraversion are

more likely to be high in openness to experience.

The rest of the paper is structured as follows: Section “Literature review” conducts a

literature review about personality and how it is modeled in computer-based learning

environments. Section “Proposed framework for modeling the learner’s personality”

presents the developed framework to implicitly model the learners’ personalities using

their gaming behaviors. Section “Method” presents the followed experimental method

to validate this framework, while section “Results” presents the obtained results. Sec-

tion “Discussion” discusses these results and finally, section “Conclusion, limitations
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and future directions” concludes the paper with a summary of the findings and poten-

tial future directions.

Literature review
Personality

Since there is still no broadly accepted definition of personality, various definitions of it

have been proposed in the literature. For instance, Rose (2010) defines personality as

“the enduring emotional, personal, interpersonal, experiential, attitudinal and motiv-

ational style that explains individual’s behavior in different situations.” Mount et al.

(2005) define personality traits as stable psychological characteristics which define per-

son’s behavior and cognitive style. Previous studies showed that personality affects

learners in many ways, such as Internet use and addiction (Samarein et al. 2013; Tan

and Yang 2012), preferences for game genres as well as their emotions while playing

(Felicia and Pitt 2009; Schimmenti et al. 2017) and attitudes toward using game ele-

ments in educational environments (Denden et al. 2017b; Denden et al. 2018a). For in-

stance, learners high in extraversion prefer using leaderboard, points and avatar game

elements more than learners low in extraversion (Denden et al. 2018a). Studies have

also highlighted that learners have different responses to educational methods based on

their personalities (Cohen and Baruth 2017; Irani et al. 2003). For instance, learners

high in conscientiousness and openness are more likely to prefer using online courses

(Cohen and Baruth 2017). In addition, learners’ performances can be also affected by

personality differences (Anderson et al. 2018). For instance, Shuto et al. (2017) showed

that learners high in openness are more likely to have better performance in lecture

courses.

In order to predict learners’ personalities, various personality models have been proposed

in the literature, such as Myers Briggs (Myers et al. 1985) and Hans Eysenck (Eysenck

1990), but one of the most used and prominent psychological model is the Five Factor

Model (FFM) (Franić et al. 2014; McCrae and John 1992; Tlili et al. 2016a, 2016b). FFM

contains five dimensions which describe diversities of people (Chittaranjan et al. 2011),

namely extraversion, agreeableness, conscientiousness, neuroticism and openness to experi-

ence. Since extraversion is the first and major dimension of psychological tests (Watson and

Clark 1997) and it is highly correlated with learners’ openness to experiences (Barrick et al.

2001), this study focuses only on modeling extraversion and openness dimensions.

Extraversion or surgency as mentioned by Norman (1963) is the first proposed di-

mension in the literature by the psychological theorist Carl Jung in 1921. McCrae and

Costa Jr. (1989) stated that the extraversion dimension varies between dominance and

warmth. It refers to the degree of being sociable, activist, warmth, outgoing, have posi-

tive emotions and gregarious (Costa and McCrae 1992). In particular, extroverts

(people high in extraversion) are optimist, confident, assertiveness, activist, sociable

and friendly (Costa and McCrae 1992). In addition, they are considered as persons who

prefer warm colors (Choungourian 1967) and move their energy toward the external

word (Jung and Baynes 1921). Introverts (people low in extraversion) on the other hand

are more likely to prefer cool colors (Choungourian 1967), afraid of taking risks (Walsh

2012), prefer loneliness and characterized by moving their energy toward the inner

word (Costa and McCrae 1992; Jung and Baynes 1921). Therefore, people high in
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extraversion tend to be more engaged in different aspects of their lives than people low

in extraversion (Watson and Clark 1997).

Openness to experience was first proposed by Tellegen and Atkinson (1974) and

called “Openness to Absorbing and Self-Altering Experience” or Absorption. This

dimension refers to the degree of being intellectually curious, original, wise, logic,

foresighted, conscious, imaginative, insightful and open to new experiences

(McCrae and John 1992; Watson and Clark 1997). Since openness contains terms

that are consistent with intellect interpretation, such as being wise and logic, re-

searchers linked the openness personality with learning motivation (Barrick et al.

2001). In this context, Farsides and Woodfield (2003) highlight that openness is

strongly correlated with academic success, where students high in openness are

more likely to have better academic results. In particular, people high in openness

are more creative, curious and seek out new experiences, while people low in

openness tend to be more familiar with old experiences instead of new ideas

(Watson and Clark 1997).

Several studies have investigated the correlation between extraversion and openness

dimensions (Matzler et al. 2006; George et al. 2011). For instance, Matzler et al.

(2006) showed that extraversion and openness personality traits are positively corre-

lated in marketing to affect users’ behavior toward a product. This means that people

high in extraversion and openness are more likely to have a positive response toward

a given product. Furthermore, Aluja et al. (2003) stated that extraversion and open-

ness dimensions are strongly related with the sensation seeking construct of individ-

uals. In particular, people with strong sensation tend to be high in extraversion and

openness. The next subsequent section discusses how individuals’ personalities, in-

cluding extraversion and openness, are modeled in computer-based learning

environments.

Personality modeling in computer-based learning

Tlili et al. (2016a, 2016b) found that questionnaires are the most used method in

the literature to model the learners’ personalities in computer-based learning envi-

ronments. Questionnaires are a self-report measure where learners have to select

the statements that best describe them (Ganellen 2007). However, learners can have

low self-knowledge, which can negatively influence the validity of their responses

(McDonald 2008). In addition, questionnaires are typically too long, which can

make learners stressed and unmotivated. Moreover, learners might not give their

true information or try to respond in a fashionable way, especially when they feel

that they are being assessed by others (Okada and Oltmanns 2009) or think they

can be penalized for giving their real opinions (Chen and Lin 2017). Therefore,

many researchers have found that using behavioral patterns is more efficient in

modeling personality (Chen and Lin 2017; Scherer and Giles 1979; Vinciarelli and

Mohammadi 2014). In this context, studies showed that hand writing (Chen and

Lin 2017), speech features such as speaking rate (Mairesse et al. 2007), social

media behaviors (Gao et al. 2013), learners’ behaviors in Massive Open Online

Course (MOOC) (Chen et al. 2016) and gaming behaviors (Bunian et al. 2018) can

be used to model personality. Specifically, to the best of our knowledge, only
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digital games which are mainly designed for fun without any pedagogical objective

are used to model the learner’s personality. Thus, this study uses a newly designed

role-playing game-based learning, which aims to teach the computer architecture

subject, to model the learners’ personalities using their gaming behaviors during

the learning-playing process. Since analyzing learners’ gaming behavior requires a

real-time analysis tool which can match the dynamic game environment (Minović

and Milovanović 2013), this study uses a newly designed LA system to analyze the

collected game behavior traces. In this context, Learning Analytics (LA) has

emerged as an area which involves artificial intelligence, machine learning, informa-

tion retrieval, statistics, and visualization, in order to automatically analyze educa-

tional data to enhance learning experiences (Chatti et al. 2012). Despite the

importance of LA and game based learning, combining them remains a challenge

(Serrano-Lagunaa et al. 2013). Therefore, the next section presents the proposed

framework to implicitly model the learner’s personality in a game-based learning

environment using LA.

Proposed framework for modeling the learner’s personality
To implicitly model the learners’ personalities using their game behaviors, a newly

framework is developed which is composed of two parts, namely a Computer Architec-

ture Game (CAG) and an LA system, as shown in Fig. 1. CAG was developed and de-

ployed on an OVH web server. It contains the learning content as game activities

which are added by the teacher and the implemented game elements to model the

learner’s personality. During the learning-playing process, the learners’ gaming behavior

traces are stored in game variables, and are then automatically saved in a MySQL data-

base deployed on an OVH web server as well. This is done using typical client-server

architecture with PHP scripts. After that, the collected traces are exported to an eXten-

sible Markup Language (XML) file, and then fed to the LA system to predict learners’

personalities. Finally, the obtained results of the modeled personalities are also saved in

the MySQL database. Further details about CAG and the LA system are presented in

the next subsequent sections.

Fig. 1 The proposed framework to model the learner’s personality
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CAG game

CAG is a 2D role-playing game that aims to help learners learn the computer architec-

ture subject (Tlili et al. 2015). It represents a virtual realistic environment of a city

named “Kairouan”, which is located in Tunisia, to make learners feel like they are in a

real situation and behave like they always do in reality. The game environment contains

several areas and places that the learners can explore and visit. The main goal of the

learner is to install the antivirus in the central computer of “Kairouan” city in order to

bring it back to life. To ensure the learning process, CAG includes different game ele-

ments. For instance, it provides the learning content in a narrative game story which

can make learners more motivated to learn (Dickey 2006; Nicholson 2015). In addition,

an immediate feedback about the learners’ performance while playing is presented

(This feedback is mainly to support learners while learning within the game). For ex-

ample, when the learner responds correctly to a learning activity in the game, a positive

feedback to make him/her more motivated will appear with additional details about

that activity. Furthermore, a rewarding system, which consists of bonus money within

the game, is used to make learners more engaged in order to gain more rewards (Wer-

bach and Hunter 2012). The learners start by choosing the avatar that will represent

them in the game. After that, in order to achieve the CAG goal, they are required to

finish various activities, namely collecting coins, shooting, quiz, buying and battle, as

described in (Tlili et al. 2015). The efficiency of CAG as a learning tool has been vali-

dated in another research work (Tlili et al. 2015).

CAG also offers a session for teachers where they can update/modify the delivered

learning content (e.g., the learning content can be updated to fit the next course chap-

ter that the teacher wants to deliver). This criterion allows the reusability of CAG with

different learning contents. Figure 2 presents the interface where the teacher can mod-

ify the learning content of the “quiz” game activity. The teacher has to write in the first

text box the question that the Non Player Character (NPC) will ask to learners. In

addition, he/she has to define the three answers, which will be given by the NPC, where

Fig. 2 Game interface to manage the learning content of the “quiz” game activity
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learners should only choose the correct answer among them. Finally, the teacher has to

set up the feedback message that will appear to learners in case the answer is correct

or wrong.

For the modeling process, CAG also includes five game elements which can help

identify the learner’s personality using games. These elements are validated in our pre-

vious work (Essalmi et al. 2017) and are: (1) modeling reality aims to bring the reality

model into games. This element can influence positively on the degree of the learner’s

immersion (Rouse III 2010); (2) avatars aim to represent the learner and reflect his/her

image within the game (Bjork and Holopainen 2004); (3) goal is the ultimate game goal

that the learner tries to achieve (Bjork and Holopainen 2004); (4) non-linearity means

that the game should allow the learner to make his/her own choices regarding the way

of achieving the game goals and paths to take (Rouse III 2010); and, (5) interaction

which is in two forms, namely player to computer and player to player. The latter high-

lights the social side of games (Prensky 2001). Besides, various game behavior traces

are collected during the learning-playing process in order to model the learners’ per-

sonalities (extraversion and openness). These traces are identified based on the different

features of extraversion and openness dimensions (presented in section “Personality”).

For instance, learners high in extraversion are more likely to prefer hot colors than

learners low in extraversion who prefer cool colors (Choungourian 1967), therefore we

have used the “color” trace (CR), as shown in Table 1, for the extraversion dimension.

Moreover, learners high in openness are more likely to have better academic results

(Farsides and Woodfield 2003), thus we have used the “score” trace (SCR) for the open-

ness dimension. Table 1 presents the full corresponding gaming behavior traces for

each personality dimension and its definition.

For instance, to collect the “risk” trace, the learners, while navigating in the game en-

vironment, will have to freely choose one of two paths to take. The first path is written

Table 1 The related gaming behavior traces for each personality dimension

Personality
dimension

Game traces Definition in the game

Extraversion Time (T) The total amount of time that the learner spends in reading the story.

Confidence (C) The use of the option “your score will be seen by all your
friends” to verify if the learner will check this option.

Color (CR) The color of the chosen clothes for the game character.

Accessed Areas (AA) The places that the learner visited while exploring the game
environment.

Risk (R) The paths that the learner decides to follow (risky or safe paths).

Number of
friends (NF)

Number of friends that the learner will make in the game.

Feeling (F) The positive or negative feelings that the learner has toward
making conversation with NPCs. This can be done by freely
choosing to accept or reject to start this conversation.

Gregariousness (G) Learner’s preference for accompanying NPCs for a tour in the
game.

Openness Time (T) The time that the learner spends in reading the story.

Score (SCR) The accumulated score that the learner earned during the
learning-playing
process.

Accessed Areas (AA) The places that the learner visited while exploring the game environment.
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on it “dangerous” and the second path is written on it “safe”. The taken path will help

in identifying if the learner is a risk taker or not, hence identify if he/she is low or high

in extraversion. Additionally, as shown in Fig. 3(a), in order to collect the “color” trace

(to model extraversion personality), learners have to visit a clothes shop to choose

clothes for their avatars where only two colors are available, namely red and sky blue

(hot and cool color). The choice of the learner can help deduce if he/she is high or low

in extraversion. Figure 3(b) also presents another game scenario to collect the “accessed

areas” trace (to model openness personality). In this context, while navigating within

the game environment, the learners can visit different areas, such as disco or libraries.

The type of the visited areas can help deduce if the leaner is sociable and open or not,

hence identify if that learner is low or high in openness.

Finally, the collected traces are automatically saved in a MySQL database. Specifically,

each trace has a game threshold, if the learner overpasses it then the game stores the

value of that trace in the database as high; if the learner reaches the threshold without

overpassing it, the game stores the value of that trace in the database as medium;

Otherwise, it is stored as low. For instance, the game threshold for the “number of

friends” trace is four. If the learner makes more than four friends in the game, the

“number of friends” value will be “high” in the database. If the learner makes only four

friends, the “number of friends” value will be “medium” in the database. Otherwise, the

“number of friends” value will be “low” in the database. Finally, all the collected traces

are fed to the developed LA system, which is presented in the next subsequent section,

to model the learners’ personalities.

Learning analytics system

The collected traces are then fed to the developed LA system to model learners. Many

approaches based on various artificial intelligence methods were proposed in the litera-

ture in order to model learners, such as the overlay model (Stansfield et al. 1976), ste-

reotypes (Rich 1979), machine learning techniques (Webb 1998), fuzzy logic (Zadeh

1996), bayesian networks (Conati et al. 2002) and ontology-based student modeling

(Winter et al. 2005). Bayesian networks are considered as one of the most used

methods which deal with the uncertainty of learners’ model (Chrysafiadi and Virvou

2013). They are a powerful tool for knowledge representation (Cheng et al. 2002) due

to their sound mathematical foundations and natural way to represent the probabilistic

Fig. 3 (a) CAG scenario to collect the “color” trace (b). CAG scenario to collect the “accessed areas” trace
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relationships among a set of variables (Heckerman 1997). Therefore, our LA system

uses Bayesian networks to analyze learners’ gaming behavior traces in order to model

their personalities. In this context, Naïve Bayes classifier algorithm, which is based on

the below Bayesian rule, is used.

P Cjjdð Þ ¼ P djCjð ÞP Cjð Þ
P dð Þ

P(Cj|d) is the posterior probability of instance d being in class Cj.

P(d|Cj) is the likelihood, which is the probability of generating instance d given a

class Cj.

P(Cj) is the prior probability of occurrence of class Cj.

P(d) is the prior probability of occurrence of instance d.

Naïve Bayes classifier is a supervised algorithm which may be developed using expert

opinion instead of requiring historical data. Therefore, to identify the personality (class)

that each learner belongs to, namely extraversion (low extraversion, balanced extraver-

sion and high extraversion) and openness (low openness, balanced openness and high

openness), several classification rules were prepared by four experts, which are aca-

demics specialized in psychology, based on the learners’ gaming behavior traces. Table 2

presents examples of these rules which are used within our developed LA system.

The LA system also uses data visualization techniques to show the teachers in a glo-

bal view the personality distribution of their classes using pie chart representation. In

addition, it considers several strategies to overcome several issues highlighted in (Tlili

et al. 2018) during the data preparation for LA. For example, the LA system uses au-

thentication method to allow only authorized persons to have the access to the col-

lected traces and results, hence ensure the privacy of the learners. In addition, the

collected traces and generated reports are stored for a pre-defined period (one aca-

demic year) before they are automatically deleted. Furthermore, to ensure the transpar-

ency of LA, the students have the possibility to see their collected gaming behavior

traces. The next section presents the followed experimental method to validate this

framework.

Method
In order to prove or disprove the following hypothesis the learners’ actions and choices

during a game might reveal their personalities, an experiment was conducted in a

Table 2 Examples of the given classification rules by the experts

Dimension Classification rules

Extraversion If T is high AND C is high AND AA is sociable AND R is risk taker AND NF is high AND CR is
warm AND G is yes AND F is positive THEN high extraversion

If T is medium AND C is medium AND AA is sociable AND R is not risk taker AND NF is
high AND CR is cool AND G is yes AND F is negative THEN balanced extraversion

If T is low AND C is low AND AA is not sociable AND R is not risk taker AND NF is low
AND CR is cool AND G is no AND F is negative THEN low extraversion

Openness If T is high AND SCR is high AND AA is sociable THEN high openness

If T is medium AND SCR is low AND AA is not sociable THEN balanced openness

If T is low AND SCR is low AND AA is not sociable THEN low openness
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public Tunisian University. This section presents the participants of this experiment. In

addition, it describes the followed procedure and the used instruments.

Participants

The participants of this study were forty five participants divided as follows: thirty four

undergraduate learners, who were all majoring in computer science and aged between nine-

teen and twenty two, participated in validating the accuracy of the proposed LA system in

modeling personality. Eleven teachers on the other hand, who were also from different pub-

lic Tunisian Universities and aged between twenty six and thirty six, participated in validat-

ing the technology acceptance toward using the LA system in their classrooms. The

followed experimental procedure is presented in the next subsequent section.

Procedure

The learners started by playing CAG which is deployed online for twenty minutes.

After that, they took a break for ten minutes, and then they answered the Big Five In-

ventory (BFI) to model their personalities. This assessment questionnaire took between

ten and fifteen minutes. Finally, the modeling results obtained from the BFI and the LA

system are analyzed and compared to evaluate the accuracy level and agreement de-

gree. As a second step (after the validation process of implicitly modeling the learners’

personalities), the teachers answered the Technology Acceptance Model (TAM) ques-

tionnaire which took about ten minutes, in order to see their technology acceptance

degree toward the newly developed LA system. This was also done to investigate if the

teachers are willing to use this LA system in classrooms to model their students’ per-

sonalities. The used instruments are detailed in the next subsequent section.

Instruments

To identify each personality, learners had to answer the original English BFI version

which is a validated and widely used questionnaire in the literature (John et al. 1991). It

contains 44 statements regarding the five traits presented in the Five Factor Model. BFI

is a five points Likert-scale questionnaire from 1 (strongly disagree) to 5 (strongly

agree). This study used only the given answers of the eight statements which cover the

extraversion dimension and the ten statements which cover the openness to experience

dimension (defined in the BFI scoring). BFI scoring is divided into three groups for

each dimension (low extraversion, balanced extraversion and high extraversion and low

openness, balanced openness and high openness). In particular, the values between 1

and 2 indicate that the learner has a low personality dimension (extraversion or open-

ness); the value of 3 indicates that the learner has a balanced personality dimension;

and, the values between 4 and 5 indicate that the learner has a high personality dimen-

sion. Specifically, decimal values are rounded to the nearest whole value (e.g., the value

2.9 is rounded to the nearest value which is 3).

To identify the teachers’ technology acceptance degree toward the developed LA sys-

tem, they had to answer the Technology Acceptance Model (TAM) questionnaire

(Davis 1989). TAM questionnaire is a five points Likert-scale questionnaire from 1

(strongly agree) to 5 (strongly disagree) which covers four variables, namely: (1) per-

ceived usefulness (U) refers to the degree to which teachers find the LA useful for

Denden et al. Smart Learning Environments            (2018) 5:29 Page 10 of 19



modeling personality; (2) perceived ease of use (EOU) refers to the degree to which

teachers believe that using the LA system is free of efforts; (3) attitude toward using

the LA system (ATT) refers to the degree to which teachers report a favorable and

positive attitude toward the LA system after using it; and, (4) intention to use the LA

system (INT) refers the degree to which teachers are willing to use the LA system again

in the future to model learners’ personalities.

Results
Accuracy results

To evaluate the accuracy level of the personality modeling results using the proposed

framework, each learner’s personality result is compared to his/her results obtained

from the BFI. In particular, no missing data was reported in the learners’ BFI responses.

Accuracy is defined as the percentage of correctly classified learners and it is calculated

using the below formula:

Accuracy ¼ correctly predicted class
total testing class

� 100%

As shown in Table 3, in both the extraversion and openness dimension respectively,

only 7 and 10 learners (out of 34) had wrong personality results using our framework

compared to the BFI. Consequently, the accuracy level of modeling both personality di-

mensions (extraversion and openness) results using our framework was high (79.41%

and 70.58%).

Agreement degree results

To determine the agreement degree between the proposed framework and the BFI, the

Kappa (K) variable is calculated (Cohen 1960). It is used to validate newly developed in-

struments compared to already validated instruments, such as the instruments to meas-

ure depression (Ekeroma et al. 2012) or Anhedonia symptoms in Parkinson’s disease

(Nagayama et al. 2012). According to Landis and Koch (1977), kappa < 0 indicates no

agreement, from 0.0 to 0.2 indicates slight agreement, from 0.21 to 0.40 indicates fair

agreement, from 0.41 to 0.60 indicates moderate agreement, from 0.61 to 0.80 indicates

good agreement, and from 0.81 to 1.0 indicates perfect agreement. Table 4 presents the

results of the Kappa variable.

Table 3 Accuracy level results

Personality dimension Personality
Dimension Level

Number of
learners
(Using
the BFI)

Number of
wrong
results
(Using our
system)

Number of correct
results (Using our
system)

Accuracy
level

Extraversion High Extraversion 23 3 20 79.41%

Balanced Extraversion 2 0 2

Low Extraversion 9 4 5

Openness High Openness 24 6 18 70.58%

Balanced Openness 0 0 0

Low Openness 10 4 6

Denden et al. Smart Learning Environments            (2018) 5:29 Page 11 of 19



As shown in Table 4, the level of agreement between the proposed framework and

the BFI for modeling both personality dimensions (extraversion and openness) is statis-

tically significant (p = 0.000 < 0.05). Furthermore, the agreement level is “good” for the

extraversion personality since the obtained Kappa value is greater than 0.5 (Kappa =

0.651) and “moderate” for the openness personality since the obtained Kappa value is

less than 0.60 (Kappa = 0.57).

Technology acceptance results

Prior to conducting further analyzes, it is important to evaluate the reliability of this ques-

tionnaire’s measurement. Thus, the Cronbach’s alpha for each variable (presented in the

TAM questionnaire) was calculated. Furthermore, the median and mean of the teachers’

answers to the questionnaire were calculated. In general, a mean and median near 1 indi-

cate that teachers are satisfied with the LA system. However, a mean and median near 5

indicate that they are dissatisfied with the LA system. Table 5 presents the mean, median

and Cronbach’s alpha values for the variables EOU, U, ATT and INT.

If Cronbach’s alpha is equal or greater than 0.7, it means that the instrument is reli-

able (Yu 2001). Therefore, as shown in Table 5, the questionnaire’s measurements are

reliable since all the values of the four TAM variables are greater than 0.7. Besides, as

shown in Table 5, all values of the mean and median are around 1 and completely far

from 5, thus the teachers were very satisfied with this LA system. The next section dis-

cusses the obtained results.

Discussion
The results of this study showed a “good” and “moderate” agreement degree in model-

ing extraversion and openness dimensions compared to the BFI. These findings support

our hypothesis which suggests that the learners’ personalities can be identified based

on their actions and choices in the games. However, few of the personality results using

CAG game were wrong. Specifically, most wrong results are found when we are trying

to model low personality dimensions (low extraversion and openness). This can be ex-

plained by personality can affect differently learners’ perception towards game genres

(Peever et al. 2012). This can make learners with low extraversion and openness not

comfortable while playing our CAG game, hence not show their real personalities while

playing. Additionally, further investigation is needed regarding the used classification

rules to identify learners with low personality dimensions in Table 2. This may enhance

the accuracy level of modeling specifically learners with low extraversion and openness.

Besides, to evaluate the efficiency of our proposed framework which implicitly models

the learners’ personalities, Table 6 compares this framework with similar systems re-

ported in the literature. These systems are presented in different papers which were

collected from different databases, including the ACM Digital Library, Taylor & Francis

Online and Cornell University Library. The terms “modeling”, “implicitly” and

Table 4 Kappa agreement degree results

Personality dimension Value Asymp. Std. Error Approx. T Approx. Sig.

Extraversion .651 .122 4.425 .000

Openness .57 .245 4.567 .000
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“personality” were used to search all these papers. The conducted search highlighted a

large number of papers, which were then reduced to 11 papers using the following cri-

teria: (1) must be an empirical research which reports its findings; and, (2) must involve

human participants. The comparison between our proposed system and the obtained

systems (in the 11 research papers) was based on six features, as follows: (1) learning

means that the proposed system is for learning purposes or not; (2) fun means that the

proposed system stimulates the fun side or not; (3) traces means the used type of traces

to implicitly model the learners’ personalities; (4) personality model specifies the used

personality model; (5) data analysis method refers to the applied method to analyze the

collected traces; and, (6) accuracy refers to the accuracy level of the proposed system in

correctly modeling personality. For the learning and fun features, if the system contains

one of these features, it will be represented within the cell with “+”, if not it will be rep-

resented with “-”. Table 6 also aims to summarize and give readers the research works

reported in the literature which aims to implicitly model the learners’ personalities

using information systems.

As shown in Table 6, several systems were used for implicitly modeling the learners’

personalities based on different traces. For instance, MOOC is designed for teaching,

but it did not include the fun side. Psyops on the other hand is a game which is de-

signed for fun but it is not educational. Therefore, compared to these proposed systems

presented in Table 6, our proposed framework is the only one that combines both the

learning and fun sides while implicitly modeling personality. In addition, most of these

systems, including ours, refer to the FFM personality model, since it is the most used

one in computer based learning environment (Tlili et al. 2016a, 2016b).

In addition, Fig. 4 presents the distribution of the used traces to implicitly model per-

sonality, based on Table 6. It is seen that games can help more in identifying learners’

personalities. For instance, the choice of the strategy to follow or the way of interacting

in the game can make learners behave like in a real situation. As a result, collecting

more behavioral information that can be used in the modeling process of individual

characteristics, not only personality but also, working memory capacity (Khenissi et al.

2015), emotions (Conati and Zhou 2002) and learning style (Stathacopoulou et al.

2007). However, using gaming behaviors traces for personality modeling is critical since

many factors may impact individuals’ behaviors in games, hence affect the accuracy

level of the personality modeling results (Milam et al. 2012), as shown in Table 6. For

instance, Milam et al. (2012) state that the learner’s previous gaming experience can

affect the accuracy of personality results. Erfani et al. (2010) also highlight that age,

gender and gaming experience can impact the learner’s performance in games.

Moreover, gender differences affect players’ play style and emotions during the game

(Hartmann and Klimmt 2006; Yee 2006). For instance, male players were found to be

more aggressive than female players in games (Williams et al. 2009). Furthermore, the

Table 5 Technology acceptance results

TAM variables Inter-items Cronbach’s alpha Mean Median

EOU 3 .82 1.29 1

U 3 .75 1.15 1

ATT 4 .89 1.33 1

INT 3 .91 1.37 1
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game genre may impact the learners’ perception of the game (Billieux et al. 2011) and

the content of the learning activities (Chong et al. 2005; Prensky 2005), consequently

affect their gaming behaviors.

Conclusion, limitations and future directions
This study presents a newly developed framework for implicitly modeling the learners’

personalities, namely extraversion and openness, using their gaming behaviors. This

framework is composed of both a game-based learning CAG and an LA system which

uses Naïve Bayes classifier algorithm. The obtained results showed that this framework

has a high accuracy level with a “good” and “moderate” agreement degree compared to

the BFI for modeling the extraversion and openness personalities respectively. In

addition, the teachers found the LA system easy to use and useful as well as they were

willing to use it again in the future.

This study can advance research in game-based learning by developing environments

which can be used for both learning and modeling learners’ personalities. In particular,

this study highlights several game behaviors to be collected for personality modeling as

well as the way of collecting those behaviors using different game scenarios which re-

searchers and practitioners can use while designing their games. This research can also

advance research in educational psychology by providing a new method for modeling

the learners’ individual differences instead of using the traditional method, namely

questionnaires.

This study on the other hand has several limitations which should be acknowledged

and further researched. For instance, it covers only the extraversion and openness per-

sonality dimensions. Furthermore, this study contains a limited number of participants

(only 45 participants). Moreover, the developed LA system uses only one algorithm

(Naïve Bayes classifier) to model the learners’ personalities.

Fig. 4 Distribution of the used traces to implicitly model personality
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Future work could focus on: (1) modeling the remaining personality dimensions,

namely Agreeableness, Conscientiousness and Neuroticism; (2) using other personality

instruments (in addition to the BFI) to model the learner’s personality and compare the

obtained results with the results of our LA system. This will further help evaluate the

accuracy of the obtained results; (3) trying to implement our proposed framework as a

service on the cloud. This can help provide an open learner model which can be reused

by other learning systems or even universities, resulting in a low cost of learner model-

ing; and, (4) making CAG adaptive by providing a personalized game environment

based on each identified learner’s personality. For instance, learners high in extraversion

prefer hot colors (Choungourian 1967). This could be used for texts which will appear

on the game interfaces to make learners more engaged and motivated. Moreover,

learners high in openness are curious and open to experiences (Watson and Clark

1997), thus implementing some game elements, such as stories, may attract them more

to use the game.

Acknowledgements
Not applicable.
This work is an extension of the paper “An educational role-playing game for modeling the learner's personality”.
(Denden et al. 2018b).

Funding
Not applicable.

Availability of data and materials
The datasets generated and/or analyzed during the current study are not publicly available due to privacy reasons but
are available from the corresponding author on reasonable request.

Authors’ contributions
Each author contributed evenly to this paper. All authors read and approved the final manuscript.

Competing interests
The authors declare that they have no competing interests.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.

Received: 12 June 2018 Accepted: 22 October 2018

References
A. Aluja, Ó. García, L.F. García, Relationships among extraversion, openness to experience, and sensation seeking. Personal.

Individ. Differ. 35, 671–680 (2003)
G. Anderson, M.J. Keith, J. Francisco, S. Fox, The Effect of Software Team Personality Composition on Learning and Performance:

Making the “Dream” Team (2018), pp. 451–460
M.R. Barrick, M.K. Mount, T.A. Judge, Personality and performance at the beginning of the new millennium: What do we

know and where do we go next? Int. J. Sel. Assess. 9, 9–30 (2001)
R.A. Bartle, Designing Virtual Worlds (New Riders Publishing, USA, 2004)
J. Billieux, J. Chanal, Y. Khazaal, L. Rochat, P. Gay, D. Zullino, M. Van der Linden, Psychological predictors of problematic

involvement in massively multiplayer online role playing games (MMORPG): Illustration in a sample of male cybercafes
players. Psychopathology 44(3), 165–171 (2011)

S. Bjork, J. Holopainen, Patterns in game design (game development series) (Charles River Media, 2004)
R. Buettner, Predicting user behavior in electronic markets based on personality-mining in large online social networks.

Electron. Mark. 27(3), 247–265 (2017)
S. Bunian, A. Canossa, R. Colvin, M.S. El-Nasr, Modeling Individual Differences in Game Behavior using HMM. Proceedings of the

Thirteenth AAAI Conference on Artificial Intelligence and Interactive Digital Entertainment (AIIDE-17) (2018), pp. 158–164
M.A. Chatti, A.L. Dyckhoff, U. Schroeder, H. Thüs, A reference model for learning analytics. Int J Technol Enhanced

Learn 4(5–6), 318–331 (2012)
G. Chen, D. Davis, C. Hauff, G.J. Houben, in Proceedings of the 2016 conference on user modeling adaptation and

personalization. On the impact of personality in massive open online learning (2016), pp. 121–130
Z. Chen, T. Lin, Automatic personality identification using writing behaviours: an exploratory study. Behav. Inform. Technol.

36(8), 839–845 (2017)
J. Cheng, R. Greiner, J. Kelly, J. Kelly, D. Bell, W. Liu, Learning Bayesian networks from data: an information-theory based

approach. Artif. Intell. 137(1–2), 43–90 (2002)

Denden et al. Smart Learning Environments            (2018) 5:29 Page 16 of 19



G. Chittaranjan, J. Blom, D. Gatica-Perez, in Wearable Computers (ISWC), 2011 15th Annual International Symposium on. Who's
who with big-five: Analyzing and classifying personality traits with smartphones (IEEE, 2011), pp. 29–36

Chong, Y., Wong, M., Thomson Fredrik, E. (2005). The Impact of Learning Styles on the Effec- tiveness of Digital Games in
Education. Proceedings of the Symposium on Information Technology in Education, KDU College, Patailing Java

A. Choungourian, Introversion—extraversion and color preferences. J Proj Tech Pers Assessment 31(4), 92–94 (1967)
K. Chrysafiadi, M. Virvou, Student modeling approaches: A literature review for the last decade. Expert Syst. Appl. 40(11),

4715–4729 (2013)
A. Cohen, O. Baruth, Personality, learning, and satisfaction in fully online academic courses. Comput. Hum. Behav. 72, 1–12 (2017)
J. Cohen, A coefficient of agreement for nominal scales. Educ. Psychol. Meas. 20(1), 37–46 (1960)
C. Conati, A. Gertner, K. Vanlehn, Using Bayesian networks to manage uncertainty in student modeling. User Model. User-

Adap. Inter. 12(4), 371–417 (2002)
C. Conati, X. Zhou, in International Conference on Intelligent Tutoring Systems. Modeling students’ emotions from cognitive

appraisal in educational games (Springer, Berlin, Heidelberg, 2002), pp. 944–954
Costa, P. T., & McCrae, R. R. (1992). Revised NEO personality inventory (NEO-PI-R) and NEO five-factor inventory (NEO FFI):

Professional manual. In Psychologycal Assessement Resources
F.D. Davis, Perceived usefulness, perceived ease of use, and user acceptance of information technology. MIS quarterly 13(3),

319–340 (1989)
M. Denden, F. Essalmi, A. Tlili, in Innovations in Smart Learning. A 3-D Educational Game for enhancing learners’ performance

in A star Algorithm (Springer, Singapore, 2017a), pp. 29–32
Denden, M., Tlili, A., Essalmi, F., & Jemni, M. (2017b). Educational gamification based on personality. Proceeding of the 14th

International Conference on Computer Systems and Applications (AICCSA) (pp. 1399–1405)

M. Denden, A. Tlili, F. Essalmi, M. Jemni, in 18th International Conference on Advanced Learning Technologies (ICALT). Does personality
affect students' perceived preferences for game elements in gamified learning environments? (2018a), pp. 111–115

M. Denden, A. Tlili, F. Essalmi, M. Jemni, in Challenges and Solutions in Smart Learning. An educational role-playing game for
modeling the learner’s personality (Springer, Singapore, 2018b), pp. 129–134

M.D. Dickey, in ACM SIGGRAPH 2006 Educators program. Ninja looking for instructional design: the design challenges of
creating a fame-based learning environment (2006)

A. Duff, E. Boyle, K. Dunleavy, J. Ferguson, The relationship between personality, approach to learning and academic
performance. Personal. Individ. Differ. 36(8), 1907–1920 (2004)

A.J. Ekeroma, B. Ikenasio-Thorpe, S. Weeks, J. Kokaua, K. Puniani, P. Stone, S.A. Foliaki, Validation of the Edinburgh Postnatal
Depression Scale (EPDS) as a screening tool for postnatal depression in Samoan and Tongan women living in New
Zealand. N Z Med J 125(1355), 41–49 (2012)

M. Erfani, M. Seif El-Nasr, D. Milam, B. Aghabeigi, B.A. Lameman, B. Riecke, H. Maygoli, S. Mah, in Human-computer
interaction. The effect of age, gender, and previous gaming experience on game play performance, vol 332
(2010), pp. 293–296

F. Essalmi, A. Tlili, L.J.B. Ayed, M. Jemni, Toward Modeling the Learner's Personality Using Educational Games. International
Journal of Distance Education Technologies (IJDET) 15(4), 21–38 (2017)

H.J. Eysenck, Genetic and environmental contributions to individual differences: The three major dimensions of personality. J.
Pers. 58(1), 245–261 (1990)

T. Farsides, R. Woodfield, Individual differences and undergraduate academic success: The roles of personality, intelligence,
and application. Personal. Individ. Differ. 34(7), 1225–1243 (2003)

P. Felicia, I. Pitt, in Games-Based Learning Advancements for Multi-Sensory Human Computer Interfaces: Techniques and Effective
Practices. Profiling users in educational games (IGI Global, 2009), pp. 131–156

S. Franić, D. Borsboom, C.V. Dolan, D.I. Boomsma, The big five personality traits: psychological entities or statistical constructs?
Behav. Genet. 44(6), 591–604 (2014)

R. Ganellen, Assessing normal and abnormal personality functioning: Strengths and weaknesses of self-report, observer, and
performance-based methods. J. Pers. Assess. 89(1), 30–40 (2007)

R. Gao, B. Hao, S. Bai, L. Li, A. Li, T. Zhu, in Proceedings of the 7th ACM conference on Recommender systems. Improving user
profile with personality traits predicted from social media content (2013), pp. 355–358 ACM

L.G. George, R. Helson, O.P. John, The “CEO” of women's work lives: How Big Five Conscientiousness, Extraversion, and Openness
predict 50 years of work experiences in a changing sociocultural context. J. Pers. Soc. Psychol. 101(4), 812–830 (2011)

F. Ghorbani, G.A. Montazer, E-learners’ Personality Identifying Using Their Network Behaviors. Comput Hum Behav (Part A) 51,
42–52 (2015)

J. Golbeck, C. Robles, M. Edmondson, K. Turner, Predicting personality from twitter. Proceeding of the Third International
Conference on Social Computing (SocialCom) (IEEE, USA, 2011), pp. 149–156

T. Hartmann, C. Klimmt, Gender and computer games: Exploring females’ dislikes. J. Comput.-Mediat. Commun. 11(4), 910–931 (2006)
D. Heckerman, Bayesian networks for data mining. Data Min. Knowl. Disc. 1(1), 79–119 (1997)
J.C. Huizenga, G.T.M. ten Dam, J.M. Voogt, W.F. Admiraal, Teacher perceptions of the value of game-based learning in

secondary education. Comput. Educ. 110, 105–115 (2017)
T. Irani, R. Telg, C. Scherler, M. Harrington, Personality type and its relationship to distance education students' course

perceptions and performance. Quarterly Review of. Distance Educ 4(4), 445–453 (2003)
O.P. John, E.M. Donahue, R.L. Kentle, The Big Five Inventory--Versions 4a and 54 (University of California, Berkeley, Institute of

Personality and Social Research, Berkeley, 1991)
C.G. Jung, H.G. Baynes, Psychological Types or the Psychology of Individuation (Kegan Paul Trench Trubner, London, 1921)
M.A. Khenissi, F. Essalmi, M. Jemni, T.W. Chang, in Emerging Issues in Smart Learning. Measuring learners’ working memory

capacity from their interactions within educational game (2015), pp. 233–237
J.R. Landis, G.G. Koch, The measurement of observer agreement for categorical data. Biometrics 33(1), 159–174 (1977)
R.S. Machado, I. Oliveira, I. Ferreira, B.H.S. das Neves, P.B. Mello-Carpes, The membrane potential puzzle: a new educational

game to use in physiology teaching. Adv. Physiol. Educ. 42(1), 79–83 (2018)
F. Mairesse, M.A. Walker, M.R. Mehl, R.K. Moore, Using linguistic cues for the automatic recognition of personality in

conversation and text. J. Artif. Intell. Res. 30, 457–500 (2007)

Denden et al. Smart Learning Environments            (2018) 5:29 Page 17 of 19



K. Matzler, S. Bidmon, S. Grabner-Kräuter, Individual determinants of brand affect: the role of the personality traits of
extraversion and openness to experience. J. Prod. Brand. Manag. 15(7), 427–434 (2006)

R.R. McCrae, P.T. Costa Jr., The structure of interpersonal traits: Wiggins's circumplex and the five-factor model. J. Pers. Soc.
Psychol. 56, 586–595 (1989)

R.R. McCrae, O.P. John, An introduction to the five-factor model and its applications. J. Pers. 60(2), 175–215 (1992)
J.D. McDonald, Measuring personality constructs: The advantages and disadvantages of self-reports, informant reports and

behavioural assessments. Enquire 1(1), 1–19 (2008)
McLaren, B. M., Adams, D. M., Mayer, R. E., & Forlizzi, J. (2017). A computer-based game that promotes mathematics learning

more than a conventional approach. Int J Game Based Learn (IJGBL), 7(1), 36–56
D. Milam, L. Bartram, M. Seif El-Nasr, Investigation of Expertise and Visual Balance in a Railed-Shooter game (2012)

M. Minović, M. Milovanović, in Proceedings of the First International Conference on Technological Ecosystem for Enhancing
Multiculturality. Real-time learning analytics in educational games (2013), pp. 245–251 ACM

M.K. Mount, M.R. Barrick, S.M. Scullen, J. Rounds, Higher-order dimensions of the big five personality traits and the big six
vocational interest types. Pers. Psychol. 58(2), 447–478 (2005)

I.B. Myers, M.H. McCaulley, R. Most, Manual, a guide to the development and use of the Myers-Briggs type indicator (Consulting
Psychologists Press, UK, 1985)

H. Nagayama, S.I. Kubo, T. Hatano, S. Hamada, T. Maeda, T. Hasegawa, Y. Baba, Validity and reliability assessment of a
Japanese version of the Snaith-Hamilton pleasure scale. Int Med (Tokyo, Japan) 51(8), 865–869 (2012)

S. Nicholson, in Gamification in education and business, ed. by T. Reiners, L. C. Wood. A RECIPE for meaningful gamification
(Springer, New York, 2015), pp. 1–20

W.T. Norman, Toward an adequate taxonomy of personality attributes: Replicated factor structure in peer nomination
personality ratings. J. Abnorm. Soc. Psychol. 66, 574–583 (1963)

M. Okada, T.F. Oltmanns, Comparison of three self-report measures of personality pathology. J. Psychopathol. Behav. Assess.
31(4), 358–367 (2009)

D.O. Olguın, P.A. Gloor, A.S. Pentland, in Proceedings of the 2009 AAAI Spring Symposium on Human Behavior Modeling.
Capturing Individual and Group Behavior with Wearable Sensors, vol 9 (2009), pp. 68–74

M. Pavalache-Ilie, S. Cocorada, Interactions of Learners’ Personality in the Online Learning Environment. Procedia Soc. Behav.
Sci. 128, 117–122 (2014)

N. Peever, D. Johnson, J. Gardner, in Proceedings of the 8th australasian conference on interactive entertainment: Playing the
system. Personality & video game genre preferences (ACM, 2012)

M. Prensky, Digital game-based learning (McGraw-Hill, New York, 2001)
M. Prensky, in Handbook of Computer Game Studies, ed. by J. Raessens, J. Goldstein. Computer Games and Learning: Digital

Game-Based Learning (The MIT Press, Cambridge, 2005), pp. 97–122
M. Prensky, Don’t bother me, Mom, I’m learning! How computer and video games are preparing your kids for 21st century success

and how you can help (Paragon House, St. Paul, 2006)
E. Rich, User modelling via stereotypes. Cogn. Sci. 3(4), 329–354 (1979)
Rose, R. C. (2010). Expatriate performance in overseas assignments: The role of Big Five Personality. Asian Soc. Sci., 6(9), 104–113
R. Rouse III, Game design: Theory and practice (Jones and Bartlett Learning, USA, 2010)
Z.A. Samarein, N.S. Far, M. Yekleh, S. Tahmasebi, F. Yaryari, V. Ramezani, L. Sandi, Relationship between personality traits and

internet addiction of learners at Kharazmi University. Int J Psychol Behav Res 2(1), 0–17 (2013)
K. R. Scherer, H. Giles (eds.), Social markers in speech (Cambridge University Press, 1979)
A. Schimmenti, A. Infanti, D. Badoud, J. Laloyaux, J. Billieux, Schizotypal personality traits and problematic use of massively-

multiplayer online role-playing games (MMORPGs). Comput. Hum. Behav. 74, 286–293 (2017)
Á. Serrano-Lagunaa, J. Torrentea, B. Maneroa, Á. del Blancoa, B. Borro-Escribanoa, I. Martínez-Ortiza, B. Fernández-Manjóna, in

Proceeding of the International Conference on Games and Learning Alliance. Learning analytics and educational games:
lessons learned from practical experience (2013), pp. 16–28

M. Shuto, H. Washizaki, K. Kakehi, Y. Fukazawa, S. Yamato, M. Okubo, B. Tenbergen, in 18th IEEE/ACIS International Conference
on Software Engineering, Artificial Intelligence, Networking and Parallel/Distributed Computing (SNPD). Relationship between
the five factor model personality and learning effectiveness of teams in three information systems education courses
(2017), pp. 167–174

K. Squire, H. Jenkins, Harnessing the power of games in education. Insight (American Society of Ophthalmic Registered
Nurses) 3(7), 5–33 (2003)

Stansfield, J. C., Carr, B., & Goldstein, I. P. (1976). Wumpus advisor I: A first implementation of a program that tutors logical
and probabilistic reasoning skills. At Lab Memo 381, Massachusetts Institute of Technology, Cambridge, Massachusetts.

R. Stathacopoulou, M. Grigoriadou, M. Samarakou, D. Mitropoulos, Monitoring students’ actions and using teachers’
expertise in implementing and evaluating the neural network-based fuzzy diagnostic model. Expert Syst. Appl.
32(4), 955–975 (2007)

Statista. (2018). Which digital learning materials do you use in your classroom in a typical week?. Retrieved from https://www.
statista.com/statistics/658475/us-classroom-digital-learning-materials-weekly-usage/. Accessed 15 May 2018.

W. Tan, C. Yang, in Proceeding of the International Conference on Economics, Business Innovation. Personlaity trait predicts of
usage of Internet services, vol 38 (2012), pp. 185–190

S. Tekofsky, P. Spronck, A. Plaat, H.J. van den Herik, J. Broersen, in Proceedings of the FDG 2013. Psyops: Personality assessment
through gaming behavior (2013)

A. Tellegen, G. Atkinson, Openness to absorbing and self-altering experiences ("absorption"), a trait related to hypnotic
susceptibility. J. Abnorm. Psychol. 83, 268–277 (1974)

A. Tlili, F. Essalmi, M. Jemni, in 5th International Conference on Information & Communication Technology and Accessibility (ICTA).
An educational game for teaching computer architecture: Evaluation using learning analytics (2015), pp. 1–6

A. Tlili, F. Essalmi, M. Jemni, Improving learning computer architecture through an educational mobile game. Smart Learn
Environ 3(1), 7 (2016a)

A. Tlili, F. Essalmi, M. Jemni, Kinshuk, N.S. Chen, Role of personality in computer based learning. Comput. Hum. Behav. 64,
805–813 (2016b)

Denden et al. Smart Learning Environments            (2018) 5:29 Page 18 of 19



A. Tlili, F. Essalmi, M. Jemni, Kinshuk, N.S. Chen, A Complete Validated Learning Analytics Framework: Designing Issues from
Data Preparation Perspective. Int J Inform Commun Technol Educ (IJICTE) 14(2), 1–16 (2018)

A. Vinciarelli, G. Mohammadi, A survey of personality computing. IEEE Trans. Affect. Comput. 5(3), 273–291 (2014)
B. Walsh, The upside of being an introvert (and why extroverts are overrated) (Time Magazine, USA, 2012)
D. Watson, L.A. Clark, in Handbook of personality psychology. Extraversion and its positive emotional core (Academic Press,

1997), pp. 767–793
G. Webb, Preface to UMUAI special issue on machine learning for user modeling. User Model. User-Adap. Inter. 8, 1–3 (1998)
K. Werbach, D. Hunter, For the win: How game thinking can revolutionize your business (Wharton Digital Press, Philadelphia,

2012)
D. Williams, M. Consalvo, S. Caplan, N. Yee, Looking for gender: Gender roles and behaviors among online gamers. J.

Commun. 59(4), 700–725 (2009)
M. Winter, C. Brooks, J. Greer, in Proceedings of the 12th international conference on artificial intelligence in education. Towards

best practices for semantic web student modeling (2005), pp. 694–701
T.T. Wu, Y.M. Huang, A mobile game-based English vocabulary practice system based on portfolio analysis. J. Educ. Technol.

Soc. 20(2), 265–277 (2017)
N. Yee, Motivations for play in online games. CyberPsychology Behav 9, 772–775 (2006)
C.H. Yu, in Proceedings of the 26th SAS User Group International Conference. An introduction to computing and interpreting

Cronbach Coefficient Alpha in SAS (2001), pp. 22–25
L.A. Zadeh, Fuzzy logic=computing with words. IEEE Trans. Fuzzy Syst. 4(2), 103–111 (1996)

Denden et al. Smart Learning Environments            (2018) 5:29 Page 19 of 19


	Abstract
	Introduction
	Literature review
	Personality
	Personality modeling in computer-based learning

	Proposed framework for modeling the learner’s personality
	CAG game
	Learning analytics system

	Method
	Participants
	Procedure
	Instruments

	Results
	Accuracy results
	Agreement degree results
	Technology acceptance results

	Discussion
	Conclusion, limitations and future directions
	Acknowledgements
	Funding
	Availability of data and materials
	Authors’ contributions
	Competing interests
	Publisher’s Note
	References

