Preface

Tremendous advances in intelligent paradigms, such as artiﬁcial neural systems, machine learning, evolutionary computing, web-based systems and
intelligent agent systems, have immensely contributed in the ﬁeld of interactive systems. The personalization of intelligent interactive systems has become
reality. Researchers are working on fusing adaptivity and learning in interactive systems. Intelligent recommender systems, intelligent tutoring systems,
intelligent web-shops, intelligent interactive TV, intelligent mobile services,
aﬀective systems and narrative environments constitute typical intelligent
interactive systems. However, the list of intelligent interactive systems is not
exhausted to the aforementioned applications, as research and developments
in the area expand to many more applications.
The main aim of this book is to report a sample of the most recent advances
in the ﬁeld of intelligent interactive systems in knowledge-based environments.
This book consists of ten chapters reﬂecting the theoretical foundations as well
as typical applications in the area of intelligent interactive systems.
We wish to express our gratitude to the authors and reviewers for their
wonderful contributions. Thanks are due to Springer-Verlag for their editorial support. We would also like to express our sincere thanks to Ms Sridevi
Ravi for her wonderful editorial support. We believe that this book would
help in creating interest among researchers and practitioners towards realizing
human-like machines. This book would prove useful to the researchers, professors, research students and practitioners as it reports novel research work
on challenging topics in the area of intelligent interactive systems. Moreover,
special emphasis has been put on highlighting issues concerning the development process of such complex interactive systems, thus revisiting the diﬃcult
issue of knowledge engineering of such systems. In this way, the book aims
at providing the readers with a better understanding of how intelligent interactive systems can be successfully implemented to incorporate recent trends
and advances in theory and applications of intelligent systems.
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Summary. This chapter presents an aﬀective bi-modal Intelligent Tutoring System
(ITS) with emphasis on the early stages of its creation. Aﬀective ITSs are expected
to provide a more human-like interaction between students and educational software.
The ITS is named Edu-Aﬀe-Mikey and its tutoring domain is Medicine. The two
modes of interaction presented in this chapter concern the keyboard and the microphone. Emotions of students are recognised by each modality separately and then,
evidence from the two modalities is combined through a decision making theory.
After emotion recognition has been performed Edu-Aﬀe-Mikey adapts dynamically
its tutoring behaviour to an appropriate emotion of an animated tutoring agent. In
this respect an aﬀective and adaptive interaction is achieved in the interactions of the
student with the ITS, by performing both aﬀect recognition and aﬀect generation.

2.1 Introduction
Learning is a complex cognitive process and it is argued that how people feel
may play an important role on their cognitive processes as well [9]. Indeed,
as Coles [3] points out poor learning can produce negative emotions; negative emotions can impair learning; and positive emotions can contribute to
learning achievement and vice versa. Therefore, a way of improving the learning process is recognising the users’ emotions by observing them during their
engagement with the educational software and then adapting its interaction
to their emotional state.
Ahn and Picard [1] point out that aﬀective biases from aﬀective anticipatory rewards can be applied for improving the speed of learning, regulating
the trade-of between exploration and exploitation in learning more eﬃciently.
In Kim et al. [13] as well as in Burleson [2] it is suggested that pedagogical
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agents with emotional interaction with learners should be used in learning
environments. The ﬁndings of these studies imply that the emotional states of
learning companions can be utilised to optimise students’ motivation, learning
and perseverance. For this purpose diﬀerent approaches have been proposed
in the literature. For example, Kapoor and Picard [12] propose a multi-sensor
aﬀect recognition system for children trying to solve an educational puzzle on
the computer.
However, a problem that arises in such approaches in the way that these
interaction modalities are combined in order to improve the accuracy and overall performance of emotion recognition in an Intelligent Tutoring System. In
fact, the mathematical tools and theories that have been used for aﬀect recognition can drive a classiﬁcation of aﬀect recognisers. Such a classiﬁcation has
been made in [14]. Liao and his colleagues, have classiﬁed aﬀect recognisers
into two groups on the basis of the mathematical tools that these recognisers have used: (1) the ﬁrst group using traditional classiﬁcation methods in
pattern recognition, including rule-based systems, discriminate analysis, fuzzy
rules, case-based and instance-based learning, linear and nonlinear regression,
neural networks, Bayesian learning and other learning techniques. (2) The second group of approaches using Hidden Markov Models, Bayesian networks etc.
Indeed, a recent piece of research uses the above approaches for the integration
of audio-visual evidence [24]. Speciﬁcally, for person-dependent recognition,
they apply the voting method to combine the frame-based classiﬁcation results
from both audio and visual channels. For person-independent test, they apply
multistream hidden Markov models (HMM) to combine the information from
multiple component streams. In contrast with these approaches we have used
a decision making method in order to make decisions about which modalities should be taken to account while trying to recognise diﬀerent emotional
states. For this purpose two empirical studies were conducted and the results
of these studies were used as criteria for the proposed decision making model.
A rather promising approach that has not attracted adequate attention
despite of the potential beneﬁts of its application is multi-criteria decision
making theories. The main advantages of this approach derive from the fact
that user-computer interaction is, by nature, multi-criteria-based. However,
multi-criteria decision making requires several development steps for their
application. More speciﬁcally, there is a need for experimental studies for
selecting the criteria, estimating their weights of importance, test the models
eﬀectiveness, etc. Therefore, special emphasis should be given during requirements analysis and the design of an Intelligent Tutoring System (ITS). Indeed,
as Virvou [23] point out, both students and tutors have to be involved in many
phases of the software life-cycle in order to ensure that the software is really
useful to students.
In view of the above, in this chapter, we discuss the requirements analysis
and design of an ITS called Edu-Aﬀe-Mikey. The proposed ITS is targeted to
ﬁrst-year medical students and its main characteristic is that it can adapt its
interaction to each user’s emotional state. For this purpose, the system uses
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a multi-criteria decision making method called Simple Additive Weighting
(SAW) [8, 10] for combining two modes of interaction, namely keyboard and
microphone. More speciﬁcally, SAW is used for evaluating diﬀerent emotions,
taking into account the input of the two diﬀerent modes, and selects the one
that seems more likely to have been felt by the user.
For requirements analysis and the eﬀective application of the particular
approach two diﬀerent experimental studies have been conducted. The experimental studies involved real end users as well as human experts. In this way
the application of the multi-criteria model in the system was more accurate as
it was based on facts from real users’ reasoning process. The main aim of the
ﬁrst study was to capture videos with real user’s interaction with the system
and as a result ﬁnding out how users express their emotions while interacting with educational software. The second empirical study involved human
experts. These experts were asked to deﬁne the criteria that they usually use
to perform emotion recognition of his/her students during the teaching course
as well as their weights of importance.
The main body of this chapter is organised as follows: In Sect. 2.2 we
present the multi-criteria decision making method called SAW. In Sect. 2.3
we present the ﬁrst empirical study during requirements speciﬁcation and
analysis. In Sect. 2.4 we present the second empirical study for deﬁning the
criteria that are taken into account while performing emotion recognition. In
Sect. 2.5 we give an overall description of the system and in Sect. 2.6 we
give information of how the decision making method has been applied in the
system for combining evidence from two diﬀerent modes and select the user’s
emotion. Finally, in Sect. 2.7 we give the conclusions drawn by this work and
discuss ongoing work.

2.2 SAW: A Simple Decision Making Method
A multi-criteria decision problem is a situation in which, having deﬁned a
set A of actions and a consistent family F of n criteria g1 , g2 , . . . , gn (n ≥ 3)
on A, one wishes to rank the actions of A from best to worst and determine
a subset of actions considered to be the best with respect to F [22].
When the DM must compare two actions a and b, there are three cases
that can describe the outcome of the comparison: the DM prefers a to b, the
DM is indiﬀerent between the two or the two actions are incompatible.
The traditional approach is to translate a decision problem into the optimisation of some function g deﬁned on A. If g(a) > g(b) then the DM prefers
a to b, whereas if g(a) = g(b) then the DM is indiﬀerent between the two.
For the calculation of the function g many diﬀerent decision making theories are introduced in the literacy. The Simple Additive Weighting (SAW)
[8,10] method is among the best known and most widely used decision making
method. SAW consists of two basic steps:
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1. Scale the values of the n criteria to make them comparable. There are cases
where the values of some criteria take their values in [0,1] whereas there
are others that take their values in [0,1000]. Such values are not easily
comparable. A solution to this problem is given by transforming the values
of criteria in such a way that they are in the same interval. If the values of
the criteria are already scaled up this step is omitted.
2. Sum up the values of the n criteria for each alternative. As soon as the
weights and the values of the n criteria have been deﬁned, the value
of a multi-criteria function is calculated for each alternative as a linear
combination of the values of the n criteria.
The SAW approach consists of translating a decision problem into the
optimisation of some multi-criteria utility function U deﬁned on A. The decision maker estimates the value of function U (Xj ) for every alternative Xj and
selects the one with the highest value. The multi-criteria utility function U
can be calculated in the SAW method as a linear combination of the values
of the n criteria:
n

U (Xj ) =
wi xij
(2.1)
i=1

where Xj is one alternative and xij is the value of the i criterion for the Xj
alternative.

2.3 Requirements Analysis for Aﬀective Bi-Modal
Interaction
Requirement speciﬁcation and analysis in the aﬀective bi-modal intelligent
tutoring system resulted from an empirical study. The main aim of this study
was to ﬁnd out how users express their emotions through a bi-modal interface that combines voice recognition and input from keyboard. This empirical
study involved 50 users (male and female), of the age range 17–19 and at
the novice level of computer experience. The particular users were selected
because such a proﬁle describes the majority of ﬁrst year medical students in
a Greek university, which the educational application is targeted to. They are
usually between the age of 17 and 19 and usually have only limited computing
experience, since the background knowledge required for medical studies does
not include advanced computer skills.
In the ﬁrst phase of the empirical study these users were given questionnaires concerning their emotional reactions to several situations of computer
use in terms of their actions using the keyboard and what they say. Participants were asked to determine what their possible reactions would be when
they are at certain emotional states during their interaction. Our aim was to
recognise the possible changes in the users’ behaviour and then to associate
these changes with emotional states like anger, happiness, boredom, etc.
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After collecting and processing the information of the empirical study we
came up with results that led to the design of the aﬀective module of the
educational application. For this purpose, some common positive and negative
feelings were identiﬁed. These data were used for identifying the criteria that
are taken into account when evaluating an emotion and a database was built
for acquiring the weights of importance of these criteria.
The empirical study also revealed that the users would also appreciate if
the system adapted its interaction to the users’ emotional state. Therefore, the
system could use the evidence of the emotional state of a user collected by a
bi-modal interface in order to re-feed the system, adapt the agent’s behaviour
to the particular user interacting with the system and as a result make the
system more accurate and friendly.
One conclusion concerning the combination of the two modes in terms
of emotion recognition is that the two modes are complementary to each
other to a high extent. In many cases the system can generate a hypothesis
about the emotional state of the user with a higher degree of certainty if it
takes into account evidence from the combination of the two modes rather
than one mode. Happiness has positive eﬀects and anger or boredom have
negative eﬀects that may be measured and processed properly in order to
give information that is used during a human-computer aﬀective interaction.
For example, when the rate of typing backspace of a user increases, this may
mean that the user makes more mistakes due to a negative feeling. However
this hypothesis can be reinforced by evidence from speech if the user says
something bad that expresses negative feelings.
2.3.1 Aﬀect Perception Based on Speech
A small percentage of the participants say something with anger when they
make a spelling mistake. However from the participants who do say something,
74% of them consider themselves having little or moderate (2–6 months of
practice) computer knowledge. One very interesting result is that people seem
to be more expressive when they have negative feelings (Fig. 2.1), than when
they have positive feelings.
Another important conclusion coming up from the study is that when people say something either expressing happiness or anger it is highly supported
from the changes of their voice. They may raise the tone of their voice or more
probably they may change the pitch of their voice, Fig. 2.2.
Moreover it is interesting to notice that a very high percentage (85%) of
young students who are also inexperienced with computers ﬁnd the oral mode
of interaction very useful.
2.3.2 Aﬀect Perception Based on Keyboard Actions
While using the keyboard most of the participants agree that when they are
nervous the possibility of making mistakes increases rapidly. This is also the
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Fig. 2.2. Changes in voice when expressing a feeling (either positive or negative)

case when they have negative feelings. Mistakes in typing are followed by many
backspace-key keyboard strokes and concurrent changes in the emotional state
of the user in a percentage of 82%. Yet users under 20 years old seem to be
more prone to making even more mistakes as a consequence of an initial mistake and lose their concentration while interacting with an application (67%).
Students also admit that when they are angry the rate of mistakes increases,
the rate of their typing becomes slower 62% (on the contrary, when they are
happy they type faster 70%) and the keystrokes on the keyboard become
harder (65%). Of course the pressure of the user’s ﬁngers on the keyboard
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is something that can not be measured without the appropriate hardware.
Similar eﬀects to the keyboard were reported for the neutral emotional state
instead of anger.

2.4 Speciﬁcation and Analysis of Multiple Criteria
Any decision making method requires prior to its application the speciﬁcation
of some criteria. Therefore, an empirical study was conducted in order to
locate the criteria that human experts take into account while performing
emotion recognition. The empirical study should involve a satisfactory number
of human experts, who will act as the human decision makers and are reviewed
about the criteria that they take into account when providing individualised
advice. Therefore, in the experiment conducted for the application of the
multi-criteria theory in the e-learning system, 16 human experts were selected
in order to participate in the empirical study. All the human experts possessed
a ﬁrst and/or higher degree in Computer Science.
The participants of the empirical study were asked which input action from
the keyboard and the microphone would help them ﬁnd out what the emotions
of the users were. From the input actions that appeared in the experiment,
only those proposed by the majority of the human experts were selected. In
particular considering the keyboard we have:
(a) User types normally
(b) User types quickly (speed higher than the usual speed of the particular
user)
(c) User types slowly (speed lower than the usual speed of the particular user)
(d) User uses the backspace key often
(e) User hits unrelated keys on the keyboard
(f) User does not use the keyboard
Considering the users’ basic input actions through the microphone we have
seven cases:
(a) User speaks using strong language
(b) Users uses exclamations
(c) User speaks with a high voice volume (higher than the average recorded
level)
(d) User speaks with a low voice volume (low than the average recorded level)
(e) User speaks in a normal voice volume
(f) User speaks words from a speciﬁc list of words showing an emotion
(g) User does not say anything.

2.5 Overview of the System
In this section, the overall functionality and emotion recognition features of
our system, Edu-Aﬀe-Mikey is described. The architecture of Edu-Aﬀe-Mikey
consists of the main educational application with the presentation of theory
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and tests, a programmable human-like animated agent, a monitoring user
modelling component and a database.
While using the educational application from a desktop computer, students
are being taught a particular medical course. The information is given in text
form while at the same time the animated agent reads it out loud using a
speech engine. The student can choose a speciﬁc part of the human body
and all the available information is retrieved from the systems’ database. In
particular, the main application is installed either on a public computer where
all students have access, or alternatively each student may have a copy on
his/her own personal computer. An example of using the main application is
illustrated in Fig. 2.3. The animated agent is present in these modes to make
the interaction more human-like.

Fig. 2.3. A screen-shot of theory presentation in Edu-Aﬀe-Mikey educational
application
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Fig. 2.4. Snapshot of operation of the user modelling component

While the users interact with the main educational application and for the
needs of emotion recognition a monitoring component records the actions of
users from the keyboard and the microphone. These actions are then processed
in conjunction with the multi-criteria model and interpreted in terms of emotions. The basic function of the monitoring component is to capture all the
data inserted by the user either orally or by using the keyboard and the
mouse of the computer. The data is recorded to a database and the results are
returned to the basic application the user interacts with. Figure 2.4 illustrates
the ‘monitoring’ component that records the user’s input from the microphone
and the keyboard and the exact time of each event.
Instructors have also the ability to manipulate the agents’ behaviour with
regard to the agents’ on screen movements and gestures, as well as speech
attributes such as speed, volume and pitch. Instructors may programmatically
interfere to the agent’s behaviour and the agent’s reactions regarding the
agents’ approval or disapproval of a user’s speciﬁc actions. This adaptation
aims at enhancing the eﬀectiveness of the whole interaction. Therefore, the
system is enriched with an agent capable to express emotions and, as a result,
enforces the user’s temper to interact with more noticeable evidence in his/her
behaviour.
Figure 2.5 illustrates a form where an instructor may change speech
attributes. Within this context the instructor may create and store for future
use (Fig. 2.6) many kinds of voice tones such as happy tone, angry tone, whisper and many others depending on the need of a speciﬁc aﬀective agent-user
interaction. In some cases a user’s actions may be rewarded with a positive
message by the agent accompanied by a smile and a happy tone in the agent’s
voice, while in other cases a more austere behaviour may be desirable for
educational needs. Figure 2.7 illustrates how an instructor may set possible
actions for the agent in speciﬁc interactive situations while a user takes a
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Fig. 2.5. Setting parameters for the voice of the tutoring character

Fig. 2.6. Speech control tags. Default speech attributes for emotional states
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Fig. 2.7. Programming the behaviour of animated agents depending on particular
students’ actions

test. Instructors have also the potential of authoring their own tests for speciﬁc parts of the theory as to adapt the educational process to each individual
student (Fig. 2.8). Finally Fig. 2.9 illustrates the interaction between a student and the animated agent while a student is taking a test. The system
monitors all user actions and in cases where a student’s action and a speciﬁed
by an instructor event are correlated, the agent performs a pre-programmed
behavior (visual and oral) that corresponds to that event.

2.6 Application of the Decision Making Method
For the evaluation of each alternative emotion the system uses as criteria the
input actions that relate with the emotional states that may occur while a user
interacts with an educational system. These input actions were identiﬁed by
the human experts during the second experimental study and are considered
as criteria for evaluating all diﬀerent emotions and selecting the one that
seems to be more prevailing. More speciﬁcally, the system uses SAW for a
particular category of users. This particular category comprises of the young
(under the age of 19) and novice users (in computer skills). The likelihood for
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Fig. 2.8. Authoring tests for the educational application

Fig. 2.9. The aﬀective agent interacts with the student, correspondingly to the
student’s actions
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a speciﬁc emotion (happiness, sadness, anger, surprise, neutral and disgust)
to have occurred by a speciﬁc action is calculated using the formula below:
em1e1 1 + em1e1 2
2
em1e1 1 = w1e1 k1 k1 + w1e1 k2 k2 + w1e1 k3 k3 + w1e1 k4 k4
em1e1 2

+ w1e1 k5 k5 + w1e1 k6 k6
= w1e1 m1 m1 + w1e1 m2 m2 + w1e1 m3 m3 + w1e1 m4 m4
+ w1e1 m5 m5 + w1e1 m6 m6 + w1e1 m7 m7

(2.2)
(2.3)

em1e1 1 is the probability that an emotion has occurred based on the keyboard
actions and em1e1 2 is the probability that refers to an emotional state using
the users’ input from the microphone. These probabilities result from the
application of the decision making model of SAW and are presented in (2.2)
and (2.3) respectively. em1e1 1 and em1e1 2 take their values in [0,1].
In (2.2) the k’s from k1 to k6 refer to the six basic input actions that
correspond to the keyboard. In (2.3) the m’s from m1 to m7 refer to the
seven basic input actions that correspond to the microphone. These variables
are Boolean. In each moment the system takes data from the bi-modal interface and translates them in terms of keyboard and microphone actions. If an
action has occurred the corresponding criterion takes the value 1, otherwise
its value is set to 0. The w’s represent the weights. These weights correspond
to a speciﬁc emotion and to a speciﬁc input action and are acquired by the
database.
In order to identify the emotion of the user interacting with the system, the
mean of the values that have occurred using (2.2) and (2.3) for that emotion
is estimated. The system compares the values from all the diﬀerent emotions
and determines whether an emotion is taking eﬀect during the interaction. As
an example we give the two formulae with their weights for the two modes of
interaction that correspond to the emotion of happiness when a user (under
the age of 19) gives the correct answer in a test of our educational application.
In case of em1e1 1 considering the keyboard we have:
em1e1 1 = 0.4k1 + 0.4k2 + 0.1k3 + 0.05k4 + 0.05k5 + 0k6
In this formula, which corresponds to the emotion of happiness, we can
observe that the higher weight values correspond to the normal and quickly
way of typing. Slow typing, often use of the backspace key and use of unrelated
keys are actions with lower values of weights. Absence of typing is unlikely to
take place. Concerning the second mode (microphone) we have:
em1e1 2 = 0.06m1 + 0.18m2 + 0.15m3 + 0.02m4 + 0.14m5 + 0.3m6 + 0.15m7
In the second formula, which also corresponds to the emotion of happiness,
we can see that the highest weight corresponds to m6 which refers to the
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‘speaking of a word from a speciﬁc list of words showing an emotion’ action.
The empirical study gave us strong evidence for a speciﬁc list of words. In the
case of words that express happiness, these words are more likely to occur in
a situation where a novice young user gives a correct answer to the system.
Quite high are also the weights for variables m2 and m3 that correspond to
the use of exclamations by the user and to the raising of the user’s voice
volume. In our example the user may do something orally or by using the
keyboard or by a combination of the two modes. The absence or presence of
an action in both modes will give the Boolean values to the variables k1 . . . k6
and m1 . . . m7 .
A possible situation where a user would use both the keyboard and the
microphone could be the following: The speciﬁc user knows the correct answer
and types in a speed higher than the normal speed of writing. The system
conﬁrms that the answer is correct and the user says a word like ‘bravo’ that
is included in the speciﬁc list of the system for the emotion of happiness. The
user also speaks in a higher voice volume. In that case the variables k1, m3
and m6 take the value 1 and all the others are zeroed. The above formulae
then give us em1e1 1 = 0.4∗ 1 = 0.4 and em1e1 2 = 0.15∗ 1 + 0.3∗ 1 = 0.45.
In the same way the system then calculates the corresponding values for
all the other emotions using other formulae. For each basic action in the
educational application and for each emotion the corresponding formula have
diﬀerent weights deriving from the empirical study. In our example in the ﬁnal
comparison of the values for the six basic emotions the system will accept the
emotion of happiness as the most probable to occur.

2.7 Conclusions and Ongoing Work
In this chapter we have described an aﬀective educational application that
recognises students’ emotions based on their words and actions that are identiﬁed by the microphone and the keyboard, respectively. The system uses an
innovative approach that combines evidence from the two modes of interaction
using a multi-criteria decision making theory.
The main advantage of the proposed approach is that the whole process
is based on experimental studies in which real users participate. Therefore,
potential users of the software and human experts have participated in an
empirical study. The analysis of the results of the empirical study gave evidence for the design of the aﬀective module of the educational application. As
the aﬀective module uses a multi-criteria decision making theory for combining evidence from the two diﬀerent modes, the results of the empirical study
were used for selecting the criteria and estimating their weights of importance.
In future work we plan to improve our system by the incorporation of
stereotypes concerning users of several ages, educational backgrounds and
computer knowledge levels. Moreover, there is ongoing research work in
progress that exploits a third mode of interaction, visual this time [21], to
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add information to the system’s database and complement the inferences of
the user modelling component about users’ emotions. The third mode is going
to be integrated to our system by adding cameras and also providing the
appropriate software, as for a future work.
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