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ABSTRACT
Emotions and personality are important parts of human characteristics and they play a significant role in parts of adaptive
e-learning systems, it is essential to consider them in designing these systems. This paper presents an empirical study on
the impact of using an adaptive e-learning environment based on learner’s personality and emotion. This adaptive
e-learning environment uses the Myers-Briggs Type Indicator (MBTI) model for personality and the Ortony, Clore
& Collins (OCC) model for emotion modeling. The adaptive e-learning environment is compared with a simple
e-learning environment. The results show that students deal with the adaptive e-learning environment (experimental
group) expressed the adaptive e-learning environment is more attractive and close to their personality traits than others
(control group). Moreover, the adaptive e-learning environment understand their emotional state better, has a suitable
reaction to them, and improves their learning rate.
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1. INTRODUCTION
Nowadays, the number of e-learning systems and online degree programs has noticeably increased (Allen
& Seaman, 2007). Despite the increasing in using e-learning systems and their advantages such as access to
different online resources, and self-directed learning, learning e-learning systems suffer from several
problems. The most important problem of these systems is high dropout rate (Yukselturk, et al., 2014). A lot
of learners are easily leaving e-learning systems without satisfaction (Carr, 2000; Inan et al., 2009; Kotsiantis
et al., 2003; Lykourentzou et al., 2009; Willging & Johnson, 2004). Because this type of learning
environment cannot interact with learners as well as traditional learning environments. Then, it is necessary
to consider the human characteristics in the design and implementation of e-learning environments, aiming to
make them more realistic and attractive (Niesler & Wydmuch, 2009).
Since emotions and personality are important parts of human characteristics and they play an important
role in parts of adaptive systems such as implicit feedback, it is necessary in designing adaptive learning
systems. Many adaptive e-learning systems have been developed to consider human characteristics but most
of these systems just consider emotions, mood, learning styles, motivations, or personality alone (Trantafillou
et al., 2002, Grigoriadou et al., 2001, Wolf, 2003, Bajraktarevic et al., 2003). There is a few research used
combination some of the human characteristics together (Conati, & Zhou 2002; Chalfoun et al., 2006; Fatahi
et al., 2009; Fatahi & Moradi, 2016). In addition, most of the research in adaptive e-learning system area do
not pay attention to the experimental evaluation of impact these systems have had on learners. In this study,
we have designed and implemented two versions of e-learning systems. One of them is a simple e-learning
environment and the other one is an adaptive e-learning environment based on learner’s personality and
emotion. The goal of this paper is the evaluation of impact the adaptive e-learning environment which uses
learner’s personality and emotion to interact with the learner.
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2. RELATED WORKS
Numerous studies have been carried out in adaptive e-learning systems area, in this section; the most
important ones are listed. Kim et al. (2013) examined the relationship between a learner's personality
dimensions and the influence of personality dimensions on learners’ preferences. The findings of this
research demonstrate individuals with different personality have different preferences and learning styles.
Then, these differences should be considered in designing adaptive learning systems. The authors proposed
design guidelines to provide appropriate material to learners based on their learning styles. Rani et al. (2015)
proposed an ontology-driven system which is used to provide personalized learning materials for learners. To
evaluate the system, a questionnaire which measures different dimensions such as learner, teacher, course,
technology, and design is used. The results indicate that the average score that was calculated for all
dimensions is reasonable. Garcia-Cabot et al. (2015) carried out an empirical study on an adaptive mobile
system. The aim of this research was evaluating the learning performance and attitude of learners when they
use an adaptive mobile system. The results illustrated that mobile learning adaptation had a limited effect on
learning performance of practical skills when compared to an e-learning system. Bourkoukou et al. (2016)
consider learner’s personality to design a personalized e-learning system. The system works based on
different learning scenario for each learner. It recommends suitable learning materials according to learner
profile. Authors suggested an algorithm to recommend learning object to learners. After evaluating the
proposed model, the results show that prediction accuracy of it is reasonable. Isaias et al. (2017) carried out
an empirical study on a group of 79 students who used mobile and distance learning. The goal of this
research was the influence of attitude toward empathic forums, used for mobile and distance learning. The
results show that performance expectancy and effort expectancy had a positive influence on the students’
attitudes towards empathic forums. Despite all these efforts, there is a lot of research in adaptive e-learning
systems but there is no work on evaluating an adaptive e-learning system which considers personality and
emotion of learner against a simple e-learning environment. In this paper, our aim is to compare an adaptive
e-learning system which considers personality and emotion of learner and a simple learning environment.

3. METHODOLOGY
This study is based on an e-learning environment which includes many online courses. The course in this
study is the “Introduction to computing systems and programming” (ICSP) which is taught to the first year
students at the school of electrical and computer engineering at the University of Tehran in Iran. Figure 1
displays the overview page of the course.
Since this study focuses on personality and emotion of learner as important human characteristics, then in
the first step, the participants are asked to fill out the online MBTI questionnaire to determine their
personality. Therefore, in the first step, the personality of students based on MBTI are identified. Also, the
goals of students are determined through a questionnaire is based on Ames’s theory.
In the second step, we categorize students in experimental and control group. The experimental group
who will work with an adaptive e-learning system based on personality and emotion and the control group
who will work with another version of the system without adaptation. It should be mentioned that the
experimental and control groups carry out exactly the same learning activities in the same amount of time.
In this study, one of the chapters of the ICSP syllabus, “Pointers and Arrays” is selected to teach the
students. In the third step, the student logs in into the course page and has to participate in an online quiz
consisting five questions about pointers and arrays which called Pre-quiz. This process helps us to measure
the level of knowledge before learning materials and desirability level of him in associated with e-learning
environment events. For each question of the quiz, the hint button is provided. If the student needs a hint to
answer the question, use it easily. If the student clicks on hint button and uses it, the system asks him how
much the hint was helpful (Figure 2). The student must give a rate on how much the hint was helpful. The
rate is one to five, one means very low and five means very high.
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Figure 1. Overview page of the course

Figure 2. Determine the helpfulness of the hint

Later, the student can go back to submit his answer to the question. After answering a question, the effort
level of student is asked (Figure 3). This question determines how much the student had the effort to answer a
question. The student should give a rate between one to five, one means very low and five means very high
for the effort level. It should be mentioned that the time to answer each question is three minutes and after
that, the system automatically redirects the student to the effort level measuring page.

Figure 3. Determine the effort level
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Finally, the desirability level will be asked and the student should answer how much he desirable or
undesirable of this learning environment event (Figure 4). For example, it seems clear that the student could
not answer questions has undesirable emotion.

Figure 4. Determine the desirability level

After the student answers all questions or skips them in Pre-quiz step, a part of the lesson on the subject
“Pointers and Arrays” is taught to the student, in the fourth step. It should be mentioned the designing
e-learning environment for experimental and control group in teaching section is totally different (Figure 5
and Figure 6).

Figure 5. Adaptive e-learning Environment

Figure 6. Simple e-learning Environment
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3.1 Adaptive e-learning Environment based on Personality
For ISTJ (Introversion, sensing, thinking and judging) individuals designing e-learning environment adapted
to their personality dimensions and emotion. These people learn best from an orderly sequence of details,
likes to know the “right way” to solve problems, interested to learn structured materials, choose to work
alone, likes quiet space to work, works on one thing for a long time, dislikes interruptions, prefer to begin
with the details and facts, and then move towards concepts: there is also more liking for step-by-step
exposition, likes logic, facts, and objectivity, sets up “shoulds” and “oughts” and regularly judges self against
these (Dewar & Whittington 2000). In designing adaptive e-learning system, we consider ISTJ individuals
characteristics which are explained below: Since ISTJ people choose to work alone and like quiet space to
work, the online and personalized learning environment is fit with their preferences. Also, we added a
progress bar to each page of the lesson so that the student knows how much he had the progress in the lesson.
In addition, we highlighted current outlines in each page of the lesson. These features would help the ISTJ
individuals who set up “shoulds” and “oughts” and regularly judges self against these. Since ISTJ people
likes fact and objective materials and they obtain information through their senses not their intuitions, we
used some pictures instead of text only. Furthermore, we added a navigation bar which shows topics and
subtopics. It helps that the student knows what section will be present in the future and the student may want
to change the flow of the lesson or skip some sections. Also, ISTJ persons need to know the goals and
sub-goals of their task. Finally, due to ISTJ individuals prefer to work on one thing for a long time and
dislike interruptions, this online learning course designed for 45 minutes.

3.2 Adaptive e-learning Environment based on Emotion
As mentioned before, the OCC model is used in this study and we focus on desirability variable is one of the
most important variables to calculate the first group of emotions. To calculate the desirability level, we used
a computational model (Fatahi & Moradi, 2016) which is based on learner’s personality, e-learning
environmental events, and learner’s goals. The results show this model can predict desirability level 76%
accuracy. Then, we used this model to predict student’s desirability level. It should be mentioned we ask the
desirability level of the student but we use the actual value for comparing with predict value of the model for
sure. After Pre-quiz and before starting the teaching, the desirability level of the student is determined. After
that, we used some motivational strategies to encourage the student continue to work with the adaptive
e-learning environment. These strategies are some encouraging message with energetic music, and
animations.
In the fifth step, after studying the lesson, students are tested with an online quiz consisting five questions
about pointers and arrays which called Post-quiz. The process in the Pre-quiz and Post-quiz is same.
In the final step, all students in experimental and control group fill out a questionnaire consisting five
questions about the impact of adaptive learning environment on the learning (Table 1).
Table 1. Evaluation System Questionnaire
Questions
1- How much this e-learning environment is interesting?
2- How much this e-learning environment close to the
features of your personality?
3-Howmuchyour emotional state understand?
4- How much well the e-learning environment reacted to
you (with the consideration of your emotional state)?
5- How much this e-learning environment can be
improved learning rate?

Very low

Low

Medium

High

Very high

4. EXPERIMENT AND RESULTS
We collected data from 222 students who enrolled in the course. Only 181 of students participated in the
online MBTI questioner. Eventually, 127 valid questioners were collected. Fig 8 shows the personality
distribution of students in each dimension of MBTI and Fig 7 shows the distribution of personality types of
the MBTI. As mentioned before, we consider two groups of students for experimental and control group.
Based on the data collection phase, there are 27 students who have ISTJ personality type and just 16 of them
participated in the online course and completed the course and answered the final questionnaire.
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Fig 7. The personality type distribution of students in each type of MBTI

Figure 7. The Personality Type Distribution of Students in Each Type of MBTI

Also, the number of other students which participated in the course and have others personality types
were 100. Only 34 of them finished the Pre-quiz, only 29 of 34 finished the Postquiz, and finally, 27 of them
answered the final questioner. Therefore, there is 16 sample of ISTJ data (experimental group) and 27 of
others personality type (control group). Since the number of data in the experimental and control group is not
the same, we normalized the obtained results. The results reported in two steps which are Pre-Quiz and
Post-Quiz. In the Pre-quiz step, the students log in into the web course while they have not been trained. In
the Post-Quiz, the students have been trained a subject. Figure 8 shows the scores that the experimental and
control group of student obtained in Pre-quiz and Post-quiz and Figure 9, the desirability level of students.

Figure 8. Quiz scores

Figure 9. The evaluation questionnaire result
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5. DISCUSSION
The goal of this study is comparing a simple e-learning environment and an adaptive e-learning environment
based on learner’s personality and emotion. The results show that there are differences between these
environments. As Figure 8 shows, in the Pre-quiz, the control group gained higher scores to answering
questions than experimental group. It implies the level of knowledge about pointers and arrays is better
among the control group. After teaching, the experimental group in the adaptive e-learning environment
based on their personality and emotion improved their performance significantly rather than the control
group. The rate of progress in quiz score of the experimental group is almost 4.6 times more than the control
group. Figure 9 shows the results of a questionnaire which filled out by two groups of students to compare
two environments. As Figure 9 display the adaptive e-learning system has more scores in all measures. The
higher score is related to the appreciate reaction of the system which means how much the system has a
suitable reaction after understanding learners’ status. Also, the students confirm the adaptive learning was
designed very close to their personality types.

6. CONCLUSION AND FUTURE WORKS
In this paper, an adaptive e-learning system based on personality and emotion designed, implemented and
evaluated. We used the MBTI model for personality module and OCC model for emotion module. The
system tested in two versions for control and experimental group. The control group deals with a simple
e-learning system while the experimental group interacts with an adaptive e-learning system based on
personality and emotion. As the results have shown considering the human characteristics such as emotion
and personality improves the learning process. The experimental group believed that the adaptive e-learning
environment causes progress in their learning rate. Also, it can recognize their status in terms of emotional
state and personality traits. Therefore, this system has fit strategies to interact with learners. This finding can
be used in later research in order to customize the e-learning environment. One limitation of this study was
the number of participants in the course. In the future work, we can collect more data and designed the
adaptive system for all sixteen personality types of the MBTI.

REFERENCES
Allen, I. E., & Seaman, J. (2007). Online nation: Five years of growth in online learning. Sloan Consortium. PO Box
1238, Newburyport, MA 01950.
Bajraktarevic N, Hall W, Fullick P (2003). ILASH: Incorporating learning strategies in hypermedia. Paper presented at
the Fourteenth Conference on Hypertext and Hypermedia, August 26-30, Nottingham, UK.
Bourkoukou, O., El Bachari, E., & El Adnani, M. (2016). A Personalized E-Learning Based on Recommender System.
Int. J. Learn. Teach, 2(2), 99-103.
Carr, S. (2000). As distance education comes of age, the challenge is keeping the students. Chronicle of higher education,
46(23).
Chalfoun, P., Chaffar, S., & Frasson, C. (2006, June). Predicting the emotional reaction of the learner with a machine
learning technique. In Workshop on Motivaional and Affective Issues in ITS, ITS'06, International Conference on
Intelligent Tutoring Systems.
Conati, C., & Zhou, X. (2002). Modeling students' emotions from cognitive appraisal in educational games. In Intelligent
Tutoring Systems: 6th International Conference, ITS 2002, Biarritz, France and San Sebastian, Spain, June 2-7, 2002.
Proceedings (p. 944). Springer Berlin/Heidelberg.
Dewar, T., & Whittington, D. (2000). Online learners and their learning strategies. Journal of Educational Computing
Research, 23(4), 385-403.
Fatahi, S., Kazemifard, M., & Ghasem-Aghaee, N. (2009). Design and implementation of an eLearning model by
considering learner's personality and emotions. Advances in electrical engineering and computational science,
423-434.
Fatahi, S., & Moradi, H. (2016). A fuzzy cognitive map model to calculate a user's desirability based on personality in
e-learning environments. Computers in Human Behavior, 63, 272-281.

87

ISBN: 978-989-8533-78-4 © 2018

Fatahi, S., Moradi, H., & Kashani-Vahid, L. (2016). A survey of personality and learning styles models applied in virtual
environments with emphasis on e-learning environments. Artificial Intelligence Review, 46(3), 413-429.
Garcia-Cabot, A., de-Marcos, L., & Garcia-Lopez, E. (2015). An empirical study on m-learning adaptation: Learning
performance and learning contexts. Computers & Education, 82, 450-459.
Inan, F. A., Yukselturk, E., & Grant, M. M. (2009). Profiling potential dropout students by individual characteristics in an
online certificate program. International Journal of Instructional Media, 36(2), 163-177.
Jung, C. G. (1971). Psychological types. The Collected Works of CG Jung, A Revision by RFC Hull of the translation by
HG Baynes.
Kim, J., Lee, A., & Ryu, H. (2013). Personality and its effects on learning performance: Design guidelines for an adaptive
e-learning system based on a user model. International Journal of Industrial Ergonomics, 43(5), 450-461.
Kotsiantis, S. B., Pierrakeas, C. J., & Pintelas, P. E. (2003, September). Preventing student dropout in distance learning
using machine learning techniques. In International Conference on KnowledgeBased and Intelligent Information and
Engineering Systems (pp. 267-274). Springer, Berlin, Heidelberg.
Isaias, P., Reis, F., Coutinho, C., & Lencastre, J. A. (2017). Empathic technologies for distance/mobile learning: An
empirical research based on the unified theory of acceptance and use of technology (UTAUT). Interactive
Technology and Smart Education, 14(2), 159-180.
Lykourentzou, I., Giannoukos, I., Nikolopoulos, V., Mpardis, G., & Loumos, V. (2009). Dropout prediction in e-learning
courses through the combination of machine learning techniques. Computers & Education, 53(3), 950-965.
Niesler, A., & Wydmuch, G. (2009). User profiling in intelligent tutoring systems based on MyersBriggs personality
types. In Proceedings of the international multiconference of engineers and computer scientists (Vol. 1).
Papanikolaou, K. A., Grigoriadou, M., Kornilakis, H., & Magoulas, G. D. (2001, August). INSPIRE: An intelligent
system for personalized instruction in a remote environment. In Workshop on Adaptive Hypermedia (pp. 215-225).
Springer Berlin Heidelberg.
Rani, M., Nayak, R., & Vyas, O. P. (2015). An ontology-based adaptive personalized e-learning system, assisted by
software agents on cloud storage. Knowledge-Based Systems, 90, 33-48.
Rodríguez, L. F., Ramos, F., & Wang, Y. (2011, August). Cognitive computational models of emotions. In Cognitive
Informatics & Cognitive Computing (ICCI* CC), 2011 10th IEEE International Conference on (pp. 75-84). IEEE.
Trantafillou E, Pomportsis A, Georgiadou E (2002). AES-CS: adaptive educational system based on cognitive styles. In
P. Brusilovsky, N. Henze and E. Millan (eds), proceedings of the workshop on adaptive systems for web-based
education. Held in conjunction with AH 2002, Malaga, Spain.
Willging, P. A., & Johnson, S. D. (2009). Factors that influence students' decision to dropout of online courses. Journal of
Asynchronous Learning Networks, 13(3), 115-127.
Wolf C. (2003). iWeaver: Towards learning style-based e-learning. In Greening T, Lister R (eds) Conferences in
Research and Practice in Information Technology. Proc. Fifth Australasian Computing Education Conference
(ACE2003), Adelaide, Australia., pp. 273-279
Yukselturk, E., Ozekes, S., & Türel, Y. K. (2014). Predicting dropout student: an application of data mining methods in
an online education program. European Journal of Open, Distance and Elearning, 17(1), 118-133.

88

