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Abstract

Teaching and learning have been the most important is-
sues form psychologists point of view. With the advent of
computers to the world of science, researchers have tried to
design intelligent tutoring systems to benefit from this tech-
nology as a useful tool for teaching and learning. Since each
person has a learning style according to his/her personality
and with considering the impact of affects in learning
process, researchers have tried to use these parameters to
personalize learning environment and make it adaptable to
the user’s needs.

This paper, for the purpose of improvement of learning
process, models the learner with determining his learning
style and estimating affects during learning. The proposed
system teaches the student with his learning style, and then
gives him a test to assess his learning. In order to interact
with student while teaching and testing, a rule-based expert
system which uses fuzzy concepts and certainty factors is
made. System gets the degree of student’s learning style and
affect, fuzzifies them, and proposes educational tactics to the
animated agent in user interface. The agent applies these
tactics in system and interacts with student to make the envi-
ronment appealing.

In order to evaluate the system, another version prepared
in which modeling the user was omitted. Educational impact
of main version was 24% more than the other version.
Moreover, whereas main version received 7.32 of 9 in user
interface satisfaction evaluation, the other version just re-
ceived 6.8 of 9. Keywords: intelligent tutoring system, learn-
ing style, affect, rule-based expert system, agent

1. Introduction

Teaching and learning always have been one of the most
basic human needs and simplifying and making them perva-
sive have been one of the researcher’s concerns. In relation
with formal learning and sometimes informal, a lot of intel-
ligent tutoring systems have been made and used.

Intelligent tutoring systems have users who have different
knowledge, learning styles, interests, background and prefe-
rences. This has paved way to research on interfaces that can
be designed to recognize the goals and characteristics of the

user and adapt accordingly. In order to achieve adaptability
of personalized information, it is important to observe the
user’s behavior, and make predictions based on those obser-
vations. The information pertaining to individual user ob-
tained from such observation is known as a user model. A
user model may consist of information collected by filling
questionnaires, by observing user- actions, or by making
inferences. Personalization aims at providing users with the
content that they need without necessarily requiring the us-
ers to specify it explicitly [1].

Each student has his/her own learning style. Interfaces that
can adapt according to that learning style are so desirable in
intelligent tutoring environments.

Many researchers now feel strongly that intelligent tutor-
ing systems would be significantly enhances if computers
could adapt according to the emotions of students. This idea
has spawned the developing field of Affective Tutoring Sys-
tems (ATSs). ATSs are ITSs that are able to adapt to the
affective state of students in the same ways that effective
human tutors do [2].

This paper figures on designing intelligent user interface
for tutoring systems. Using this system, students find it as it
is designed just for them, feels their emotions and shows
appropriate reaction.

In section 2 we present a concise overview of related work
on making intelligent tutoring system and a brief primer on
learning styles and emotions. In section 3 we explain our
proposed model and discuss the implementation and evalua-
tion of that model in section 4. Section 5 discusses the re-
sults and section 6 includes conclusions and future work.

2. Related Work

In this section, we discuss related work focused on intelli-
gent tutoring systems and a brief explaining of learning
styles and emotions.

Aplusix is an ITS for algebra, investigates whether high-
performing students’ experience of affect is different from
that of low-performing students. The results show that stu-
dents with the highest number of correct answers expe-
rienced flow the most while students with the lowest number
of correct answers experienced confusion and boredom the
most. Students who took the longest time in solving the al-
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gebra problems experienced confusion the most. Students
who used the most number of steps to solve a problem expe-
rienced confusion and boredom the most. This tutoring sys-
tem uses a team of six observers to recognize affective states
of the students and system logs all user interactions [3].

MITS is an affective tutoring system which detects the at-
tention information and affective state and uses the informa-
tion to drive the agent tutor to individualize interaction with
the learner [4].

Easy with Eve is an affective tutoring system in the do-
main of primary school mathematics. The system adapts to
students via a lifelike animated agent called Eve, who is able
to detect student emotion through facial expression analysis,
and can display emotion herself. Eve’s tutoring adaptations
are guided by a case-based method for adapting to student
states. This method uses data that was generated by an ob-
servational study of human tutors [2].

Personality and individual differences are effective para-
meters in learning. In a research a model is designed based
on the learner’s personality. A questionnaire is used to de-
termine the learning style according learner’s personality.
Then an expert knowledgebase select a suitable Virtual
Classmate Agent (VCA) for learner. The VCA selects tactics
to interact with the learner and will be able to cooperate in-
telligently with him/her. The results show that the presence
of the VCA leads advancements in the learning process and
attractiveness of virtual learning environment [5].

Human tutoring is a solution that students, parent and
teachers use when students don’t get ideal grades in school.
Guru is a computerized tutor which models expert human
tutors. Guru is an ITS in which an animated tutor agent en-
gages the student in a collaborative conversation. This sys-
tem is modeled after 50 hours of expert human tutor obser-
vations that revealed markedly different pedagogical strate-
gies from previously observed novice tutors. This system
which covers biology topics uses virtual pedagogical tools
and some exercises for better learning [6].

A. Learning styles

Comprehensive study of cognitive physiology shows that
people have considerable individual differences in problem
solving and decision making. Most of these differences are
called learning styles [5].

Everyone has a different learning style and learns better
via different methods. Learning styles are the variety of
people capabilities in information gathering. In other word,
learning style is the method that lets someone to collect
knowledge and use it best.

Fleming and Mills (1992) suggested four modalities that
seemed to reflect the experiences of the students and teach-
ers. The acronym VARK stands for Visual, Aural,
Read/write, and Kinesthetic sensory modalities that are used
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for learning information. These modalities are discussed in
brief:

Visual: This preference includes the depiction of informa-
tion in maps, spider diagrams, charts, graphs and all the
symbolic pointers and other devices, which people use to
represent what could have been presented in words.

Aural: This perceptual mode describes a preference for in-
formation that is heard or spoken.

Read/write: This preference is for information displayed
as words.

Kinesthetic: This modality refers to the perceptual prefe-
rence related to the use of experience and practice (simulated
or real) [7].

In this paper the VARK questionnaire is used to determine
students learning styles. With asking 16 questions, the stu-
dent’s learning style which may be visual, aural, read/write
or kinesthetic is determined. The point of each style would
be between 1 and 16. Whatever the point is larger, the learn-
ing style would be more definite and so students would learn
better with that style.

B. Emotions

There are several different ways that computers can at-
tempt to identify the affective state of users. These can be
divided to two main groups: methods that aim to detect emo-
tions based upon their physical effects, and methods that aim
to predict emotions based upon understanding their causes
[2].

Although being static, questionnaires are the tools for pre-
dicting emotions and can be useful means for detecting mo-
tivational traits and more enduring characteristics of the stu-
dents [8].

Academic settings abound with achievement emotions
such as enjoyment of learning, hope, pride, anger, anxiety,
shame, hopelessness, or boredom. These emotions are criti-
cally important for students’ motivation, learning, perfor-
mance, identify development and health. AEQ or Achieve-
ment Emotion Questionnaire is a self report instrument mea-
suring various emotions that students commonly experience
in academic settings [9].

Among nine emotions studied in this questionnaire, bore-
dom and hopelessness are discussed in this paper.

3. Proposed Model

We call the proposed model PATS which stands for Per-
sonalized Affective Tutoring System. In this model student’s
learning style and emotions are the factors for personalizing
the learning environment. Both of them are linguistic va-
riables and can be fuzzifed. Students fill the questionnaires
discussed above in the first time using the system, and the
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facts about their learning style and emotions will be asserted
to the knowledgebase. System starts teaching according to
the student’s learning style and then a test with 10 questions
of different levels will be given to them. One of the other
facts of the knowledgebase is the difficulty level of the ques-
tions which are answered wrong. This model is shown in

Figure 1.
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Figure 1. The proposed model named PATS for personalizing
learning environment

As shown in Figure 1, system asserts the information as
facts to the knowledgebase before learning and during test,
and through its inference engine fires the rules which are
matched with these asserted facts. The proposed tactics will
be given to the agent in the user interface and agent applies
them.

4. Implementation and Evaluation

This paper for improvement of learning process through
personalizing learning environment has developed a rule-
based expert system on the basis of the model discussed in
the prior section.

This expert system supports fuzzy concepts and certainty
factors and is made with FuzzyClips shell. The other part of
the system is the user interface in which teaching the educa-
tional content and interaction with agent is done and is pro-
grammed with Visual Studio.Net.

One of the important parts of the production of an expert
system is knowledge acquisition. For producing the rules of
the knowledge base of the system, we used a standard ques-
tionnaire with 54 closed questions. The questionnaire has
two parts for learning and test, and asks from participants to
choose an appropriate educational tactic by knowing the
degree of students’ learning style (poor, average or rich),
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level of boredom and hopelessness (low, medium or high)
and level of question difficulty(easy, normal or hard).

The questionnaires were given to 28 teachers (experts) and
according to the number of experts who chose a tactic, a
certainty factor was given to the rules of the expert system.
Figure 2 shows a sample of these rules.

In this rule we can see for a situation that the degree of
learning style is rich but student feels hopelessness high and
has answered an easy question wrong, the expert system
proposal would be not showing the answer to the student
with certainty of 0.67.

(defrule 73

declare (CF 0.67))

(learning-style rich)

(hopelessness high)

(question easy)

=>

(assert (agent tactic not-show-answer))
)

Figure 2. A rule in the PATS knowledgebase produced from the
answers of 28 experts to the questionnaires explained above

Then agent will apply the tactic with the highest certainty
in the user interface. The pseudo code of the process taking
place in PATS fuzzy expert system is shown in Figure 3.

Pseudo code of PATS fuzzy expert system

Input: crisp values of learning style, boredom, hopelessness and
question

Output: pedagogical tactic proposed to agent

for each student do
Begin
get the crisp value of her/his learning style;
get the crisp value of her/his boredom and hopelessness level;
assert above information as facts to the knowledgebase;
firing the rules that match asserted facts;
proposing results as learning tactics to agent;
for each question answered by student do
if answer is wrong
begin
assert question number as a fact to knowledgebase;
firing the rules that match asserted facts;
proposing results as test tactics to agent;
end
end

Figure 3. The pseudo code of PATS fuzzy expert system

In Figure 3 we can see the inputs and outputs of the sys-
tem. The system gets the crisp values of learning style and
boredom from the questionnaires filled by students and also
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the degree of the questions’ difficulty as the inputs. Then
during learning and test fires the rules which are matched
with those facts and proposes a tactic.

Also to make the learning environment attractive and ap-
ply the expert systems’ proposed tactics in the user interface
of PATS we selected Merlin agent Microsoft agents.

In order to evaluate the educational impact of PATS and
study the effects of personalization factors in the success of
the system, two versions of PATS were produced.

First version: the learning environment without user model

Second version: the learning environment with user model

In the first version students’ learning style is determined
with the VARK questionnaire but system teaches the student
according to style which obtained lowest point. In this ver-
sion there is no emotion, no expert system and no agent to
interact with learner. But the second version is the main
which was explained earlier in the implementation section.

To compare the performance of two versions, system was
given to 24 students. 12 learned with first version and 12
with second version. All the participants were female. Al-
most half of the participants in each team were high-
performing students.

Also to evaluate the user interface of PATS, we used
QUIS-Questionnaire for User Interface Satisfaction- that is
developed in Maryland University. This questionnaire has
27 questions and is organized in five sections including
overall reaction to the software, screen factors, terminology
and system feedback, learning factors and system capabili-
ties [10]. The questionnaire was given to all participants
using two versions.

5. Results and Discussion

Figure 4 shows the comparison of students’ learning using
two version of the system. Average of correct answers in the
test was used for this reason.

BO
60
40
20 1
B student's
0 learning

firstversion

second version

Figure 4. Evaluation of student’s learning in two versions of
PATS environment
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As it is shown in Figure 4 students’ learning in the first
version environment which doesn’t have personalization
factors is 50%, while it has reached 74.1% in the second
version.

Figure 5 illustrates the results of QUIS that is also a com-
parison between two versions of the system. Darker bars
show the satisfaction of first version and lighter bars shows
that of second version. As it is shown in all 5 sections of
evaluation second version has obtained more satisfaction.
Also the results show that in total average satisfaction of
second version is 7.23 out of 9, while it is 6.8 out of 9 for the
first version.
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Figure 5. Results of evaluating QUIS for two versions of PATS

6. Conclusion and Future Work

Personalization of learning environments has significant
impact in learning process improvement. This paper has
presented a model that combine learning styles and emotion
as two factors to improve this process. In the proposed mod-
el only two negative emotions — boredom and hopelessness-
are used. We can improve our model with considering other
emotions like shame, anger and stress and proposing solu-
tions to omit these emotions during learning process. This
model chooses the learning style which has the highest point
in the questionnaire, but in the future we can consider mul-
timodal learning styles that are a combination of two or
more styles.
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