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1. Introduction

1.1 General Overview

In recent decades there has been extensive progress towards several Artificial

Intelligence (AI) concepts, such as that of intelligent agent. In fact, AI could be seen

as a study of agents who engage perceptions from the environment and realise actions.

Agent is each entity that acts within an environment. In information technology, an

agent of software is an abstraction, a reasonable model that describes the software that

acts for a user or for another program concerning a service (Franklin & Graesser,

1996). The relative and produced significances include the intelligent agents,

particularly those exhibiting some aspect of artificial intelligence, such as learning

and reasoning.

Meanwhile, it has been established that emotions play a crucial role concerning

human reasoning and learning. Throughout the last decades, affective neuroscience

and psychology have reported that human affect plays a significant and useful role in

human learning and decision making, as it influences cognitive processes (Damasio,

1994). More and more research evidence confirms that rational ability is tightly

connected to emotion. Inspired by such research (Bechara, Damasio, Tranel, &

Damasio, 1997; Damasio, 1994, 2003; Goleman, 1995), the objective of many

researchers has become the creation of a computing system capable of recognizing

and expressing emotions. Agents able to simulate or process emotional behaviour are

the kind of agents that we would call emotional agents (Camurri & Coglio, 1998).

Thus, developing an intelligent agent able to recognize and express emotions has been

considered an enormous challenge for AI researchers. Preliminary conclusions on

emotional artificial intelligence are located in research into physical expressions of

emotions through suitable choice of embodied agents’ gestures and body language,

and in the field of speech recognition and composition. These characters, in which the

significance of emotion and personality is inherent, are also known as embodied

conversational agents (ECAs) (Cassell, Sullivan, Prevost, & Churchill, 2000).



17

Due to the emergence of believable and social agents, a number of computational

models of emotions have been proposed within the agent’s community. The goal is to

have at our disposal emotional agents who will be able to recognize user’s emotion

and respond in a way that will increase positive and decrease negative emotions,

according to the objectives of each application.

Embedding a computational model of emotions in intelligent agents can be beneficial

in a variety of domains, including e-learning applications. However, until recently

emotional aspects of human learning were not taken into account when designing e-

learning platforms.

Concerning e-learning, researchers of AI in education have considered the integration

of intelligent agents capable of modelling students’ affective states and providing an

adequately tailored response based on a pedagogical models. A step towards this

direction is to provide computer-aided learning systems with an automatic affect

recognizer, in order to collect data which can identify a student’s emotional state.

With this information, the computer could respond appropriately to the student’s

affective state rather than simply respond to student’s commands (Picard, 1997). An

appropriate computer response to a student’s affective state also requires evolving and

integrating pedagogical models into computerized learning environments, which

assess whether or not learning is proceeding at an efficient rate and intervene

appropriately (Picard, Papert, Bender, Blumberg, Breazeal, Cavallo, et al., 2004).

There has been some valuable research towards these directions but a lot of work still

needs to be done to advance scientific knowledge.

1.2 Purpose and Scope

Students often fail to successfully complete a learning task because of emotional

pressure taking many forms, such as emotional pressure exerted by parents, teachers,

schoolmates and even themselves. Moreover, academic success appears to hold the

key to students’ success in later life. All these factors may seriously impair students’

learning performance, as well as their psychological and physical health (Pekrun,

Goetz, Titz, & Perry, 2002).
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Self-assessment is a key process in training students to self-regulate their cognition,

motivation, and behaviour towards their learning goals (Nicol & Macfarlane-Dick,

2006). One way of implementing self-assessment is through a multiple choice

questions test that could be used to support the learner by providing adequate

feedback (Nicol, 2007). Research suggests that feedback integrated in the learning

process could significantly advance performance and learning gains (Taras, 2003;

Black & Wiliam, 1998).

A self-assessment test platform with affective support could help students

psychologically and cognitively during their preparation for the exams. Positive

feedback can help students of low self-esteem to become skilled at the subject

material that they fear the most. According to stress-inoculation theory, people

exposed to small doses of an upsetting experience, in time, experience less fear and

anxiety. Taking preparation tests frequently could help students increase their self-

efficacy, learn more and reduce test anxiety.

A self-assessment test platform capable of handling students’ affective and cognitive

needs would help students improve their knowledge and acquire a positive attitude

towards learning. According to Moridis and Economides (2009a) a system of this

kind would be able to: (1) recognise the current affective state of the student; (2)

distinguish when and how to intervene in order to influence the student’s affective

state, based on a holistic educational pedagogy integrating affective models in

learning; (3) produce the most optimal affective state for learning. Additionally, the

tutoring system’s affective handling has to be successfully combined with the

student’s cognitive handling. Consequently, further research related to the

aforementioned needs is required for the effective development of such a system

(Moridis & Economides, 2008a).
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1.3 Contribution

Affective learning instructional technology is a new, multidisciplinary research area,

which has been developed during the last decade. Different fields of research

contribute to this new research area in different ways. Therefore, chapter 2 provides

an overview of the various components of “computer-aided affective learning

systems”. This is one of the first efforts (Moridis & Economides, 2008a) to classify

research that could contribute to affective learning systems. The research is classified

into 3 main scientific areas that are integral parts of the development of these kinds of

systems. The three main scientific areas are: 1) affective states and their connection to

learning; 2) affect recognition; and 3) affective instruction and design.

Nevertheless, the main focus of this Ph.D. is to introduce the concept of an Affective

Self-Assessment Test system (A.S.A.T, see chapter 3) and therefore provide self-

assessment test systems with affective capabilities. There have been few approaches

regarding affect recognition in the context of an e-learning system. Yet, to the best of

my knowledge there has been no previous attempt at recognizing learners’ affective

states in the context of a self-assessment test system. This is a crucial void, since

without affect recognition capabilities, self-assessment test systems cannot accurately

provide any form of affective feedback. Moreover, misleading affect recognition

could result in inadequate affective feedback, ruining the self-assessment process.

Furthermore, to the best of my knowledge there has been no previous effort to

develop and evaluate any kind of affective feedback in the context of a self-

assessment test system. Thus, the work presented here is a first step towards

integrating affect recognition and affective feedback capabilities into self-assessment

test systems.

1.3. 1 Contribution to Affect Recognition during a Self-Assessment
Test
Affect recognition methods were developed to recognize students’ mood and

emotions during a self-assessment test. Mood and emotion not have common features,

but also differences (Larsen, 2000). Two basic distinct characteristics of mood could

carry valuable information concerning a student’s learning experience: (1) Duration

and intensity: Duration is a distinguishing feature of mood, while intensity is a

distinguishing feature of emotion; (2) Information: Emotion carries information
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concerning the environment, e.g. information about a threat in our environment, while

mood carries information concerning our capacity to face that threat.

That is to say, during a test, mood could carry information concerning a student’s self-

evaluation about his/her capacity to successfully undertake the test. Moreover,

duration as a characteristic of mood could serve long-term learning goals. The student

should have a positive approach towards learning, both during and after interaction

with the tutoring system (Moridis & Economides, 2009b). Consequently, it may be

more useful in the long term for affective tutoring systems to induce a positive mood

concerning learning than to be focused on the current emotion.

On the other hand, instant emotions during a self-assessment test also play a crucial

role. For instance, faced with frustration, despair, worry, sadness, or shame, people

lose access to their own memory, reasoning, and the capacity to make connections

(Goleman, 1995). In many cases students’ intellectual energies and capacities are

impaired by negative emotional states. Thus, both mood recognition and emotion

recognition methods were developed and evaluated in this Ph.D.

Learners’ mood models during an online self-assessment test were developed and

evaluated: Three formula-based models were evaluated using data emanating from

experiments with 153 high school students from three different regions of Greece.

The results confirm the models’ ability to estimate a student’s mood.

Formula-based Model 1 (see section 4.2.1 Formula-based Model 1) was based on

research stating that a person’s emotions could be predictable if their goals and

perception of relevant events were known (Ortony, Clore, & Collins, 1988).

According to the OCC model, joy and distress emotions arise when a person focuses

on the desirability of an event in relation to his/her goals. The OCC model defines joy

as being pleased with a desirable event, and distress as being displeased with an

undesirable event. Implemented in a computational model this can be achieved by

using agents, artificial intelligence techniques, reasoning on goals, situations, and

preferences (Conati, 2002). For example, if the system can reason about the emotional

state of a user from the input that the system receives, appropriate content could be

displayed in a way adapted to the user’s emotion or mood. Accordingly, Formula-
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based Model 1 assumes that students’ emotional state, when interacting with a self-

assessment test system, is dependent on their success when answering a set of

predefined questions. If a student fails to give correct answers to a large number of

questions, he/she is highly likely to be exhausted by negative feelings. On the other

hand, if the student gives correct answers to almost every question, he/she is a highly

likely to be positively aroused. In that sense, Formula-based Model 1 provides a

measurement for the evaluation of the student’s mood with respect to each question

the student is about to answer.

Formula-based Model 2 (see section 4.2.2 Formula-based Model 2) makes further

assumptions, anticipating that the student’s goal influences the student’s mood during

the test in relation to the remaining questions and his/her record. That is to say, if a

student knows that he/she has already failed to reach his/her goal during the test,

because the remaining questions are fewer than the questions he/she has to answer

correctly in order to reach his/her goal, he/she is a highly likely to enter a negative

mood. In addition to that, it is assumed that the student’s mood is also influenced by

his/her success or failure to answer the questions just before the current one. For

instance, if a student has failed to provide a correct answer to all of the five previous

questions, he/she is a highly likely to be negatively influenced, but if a student has

managed to provide a correct answer to all of the five previous questions, he/she is

highly likely to be positively influenced. With a view to checking these hypotheses,

Formula-based Model 2 was formulated.

Formula-based Model 3 (see section 4.2.3 Formula-based Model 3) evolves Formula-

based Model 2, assuming that the influence of questions already answered on learner

mood declines in relation to their distance from the current question. Formula-based

Model 2 already indicated that considering the recent correct or incorrect answers in a

row just before the current question increases the method’s sensitivity in evaluating

student’s mood. What Formula-based Model 2 did not take into consideration is that

the effect of recent correct or incorrect answers in a row just before the current

question may diminish as the test proceeds and these answers become less recent.

According to this assumption, the recent correct or incorrect answers should be

weighted proportionately to how recent they are. This purpose is achieved by

employing “exponential logic”. This idea stems from evidence that human senses are
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better modelled through the use of an exponential function. Thus, it was assumed that

this could also apply to affective modelling. Emotions, similar to senses, may not

respond to stimulus in a linear way. Therefore, the new method makes the assumption

that success or failure to answer correctly the recent questions does not influence

student’s mood in a linear way but in a logarithmic one. Moreover, it sets out to

indicate that “exponential logic” may help produce more efficient models if integrated

adequately into affective modelling.

Furthermore, the same set of data, emanating from experiments with 153 high school

students from three different regions of Greece, was analyzed developing a neural

network method throughout two stages (see sections 5.4.1 Neural Network Stage 1 &

5.4.2 Neural Network Stage 2). A crucial point to neural network’s success in

recognizing a student’s mood is the proper selection of the input parameters. For this

purpose, the results of two stages of training were compared to decide which of the

two would be more effective in selecting the input parameters for the neural network

mood recognizer:

At a first stage, the neural network was initially trained using the same input

parameters that were used by Formula-based Models 2 & 3. At a second stage, it was

assumed that an input parameter selection module (in this case the Formula-based

Model 2) would reduce the compute load and increase the generalization ability of the

neural network mood recognizer. That is because issues related to emotion may have

a clear cause (e.g. happiness because of the presence of a good friend), but they can

also be difficult to explain (e.g. sadness after winning the lottery). Affect seems to be

on both sides of the logical, discrete representations that conventional algorithmic

methods handle carefully, and the non-symbolic representations that neural networks

construct. It is an advantage of neural networks that they have the potential to allow

evidence to make the emergence of fitting intervening structures. However, it is a risk

that they may generate weighting patterns which work mostly in a limited area but

which can neither be understood nor extended. Therefore, hybrid structures would be

preferable for addressing those issues (Cowie et al., 2001).

Indeed, the neural network of stage 2 outperformed the neural network of stage 1,

indicating that hybrid structures would be preferable for the construction of affect
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recognition systems. This indicates that neural networks and conventional algorithmic

methods should not be in competition but complement each other for the development

of affect recognition systems. Moreover, both neural network methods succeeded in

recognizing student’s mood based on the same assumptions as the formula-based

method. This is further verification that the chosen input parameters have an influence

on student’s mood while undertaking a test. The proposed neural network could be

trained to perform even better. What is essential is that the presented work indicates

that neural networks can provide a significant prediction of student’s mood during a

test using the proposed input parameters and that hybrid structures would be

preferable.

For the recognition of instant emotions, students’ facial expressions were used as a

recognition source. Data emanated from 172 undergraduate students of the University

of Macedonia, Thessaloniki, Greece, who participated in an adequately designed

experiment (see chapter 9). FaceReader instrument, lately developed by Vicar Vision

and Noldus Information Technology bv, was used for this purpose. The FaceReader

recognizes facial expressions by distinguishing six basic emotions (happy, angry, sad,

surprised, scared, disgusted, plus neutral) with an accuracy of 89% (Den Uyl & van

Kuilenburg, 2005). The system is based on Ekman and Friesen’s theory of the Facial

Action Coding System (FACS) that states that basic emotions correspond with facial

models (Ekman & Friesen, 1977).

Emotion recognition through facial expressions during a computerized test is a very

challenging task, since students’ facial expressions during a test have particularities

that can mislead emotion recognition. For instance, many times FaceReader measured

an angry emotion simultaneously with a neutral one, but neutral was the only emotion

experienced by students. This particular disagreement was expected. When

participants read the questions, many of them had clouded eye-brows. People are

taking this facial expression when reading something with great concentration (Zaman

& Shrimpto-Smith, 2006)

This is the first attempt to evaluate an emotional facial recognition instrument during

a computerized test. The analysis indicates some useful results. Firstly, FaceReader

can measure emotions with an over 87% accuracy during a computerized test.
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Specifically, FaceReader successfully recognized neutral, surprised, happy, scared

and sad emotions, while it faced some limitations with angry and disgusted emotions.

Moreover, the results of the experiment indicate that FaceReader does not operate

significantly different regarding emotion recognition between genders, except for Sad

where it was more successful for females and for Scared where it was more effective

for males. This indicates that facial expressions can be a valid source for emotion

recognition during a computerized test. Besides the evaluation of FaceReader, the

results provide empirical data for the emotional states of students during a

computerized test.

1.3.2 Contribution to Affective Feedback during a Self-Assessment
Test
The information obtained by the proposed mood recognition methods (see chapters 4,

5, 6, 7, & 8) and the recognition of instant emotions through facial expressions (see

chapter 9), should be used to provide students with adequate feedback. The affective

feedback can take place before and after the test, during the test, and before and after

a student’s answer to a question. In all these cases affective feedback can be provided

either routinely according to the student’s affective state, or upon the student’s or the

teacher’s request.

In the context of this Ph.D., affective feedback was developed to treat students’

emotional states during a self-assessment test. Students’ mood during a self-

assessment test could be greatly influenced by instant emotions. For instance, when a

student is searching the answer to a question, he/she may experience a variety of

instant emotions, which could determine his/her mood towards the testing experience.

Therefore, it may be beneficial to the self-assessment process if affective feedback

aims to treat both instant emotions and mood. To address this problem, it was decided

that it would be useful to first acquire experience from a micro level (emotions),

before treating a macro level (mood). In that sense, affective feedback practices

proposed in this Ph.D. focus on students’ emotion regulation, rather than mood

regulation during a self-assessment test.

A self-assessment test platform may have some particularities which may involve

basic emotions. For instance, fear of failure has been shown to be an important factor
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during test taking. Several studies observed (Achebe, 1982; Thompson, 2004) that in

some students, self-defeating beliefs and fear of failure were strongly associated with

eventual test failure, the very situation that they were trying to avoid.

In chapter 9 the percentage of emotions experienced by students during a self-

assessment test is shown. Although fear is not often observed, it is still an emotion

that can have a detrimental effect on students’ performance during a test. Neither is

happy often observed, but positive emotions may also occasionally necessitate

instruction. For instance, providing the correct answer to a hard question could induce

positive emotions such as joy and enthusiasm, but also lead to loss of concentration if

too much consideration is given to the elicited emotions. With no pedagogical

feedback, positive emotions can lead students to focus on the excitement and

undervalue the effort required to achieve a successful result (Economides, 2005;

Efklides & Volet, 2005). On the other hand, sad was observed often enough to be an

emotion “calling for feedback”.

Nevertheless, experiments with as many emotional states as possible will provide

valuable empirical knowledge. Affective feedback, so as to correspond to the needs of

personalized self-assessment, should be able to adapt even when learners experience

uncommon emotional states. However, fear, happy, and sad emotions were chosen to

be the focus of emotional feedback strategies developed in this Ph.D., employing

empathetic Embodied Conversational Agents (ECAs).

Empathetic behavior has been suggested to be one effective way for ECAs to provide

feedback to learners’ emotions. An issue that has been raised is the effective

integration of parallel and reactive empathy. Parallel empathy involves a person

displaying an emotional state alike to that of another individual. This is usually based

on a considerate attitude towards another’s individual emotional state and expresses a

person’s ability to identify with the emotions of that individual. Reactive empathy

aims at another’s individual emotional state trying to provide insight for recovering

from that state. Thus, reactive empathy may involve a person displaying emotions that

are different from those of his/her interlocutor so as to change the other individual’s

affective state.
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An adequately designed experiment (see chapter 10), with 172 undergraduate students

of the University of Macedonia, Thessaloniki, Greece, was set to examine the impact

of ECAs’ emotional facial expressions combined with empathetic verbal behavior,

when displayed as feedback to students’ fear, sad, and happy emotions in the context

of a self-assessment test. Three identical female agents were used for this purpose: 1)

An ECA performing parallel empathy combined with a neutral facial expression, 2)

An ECA performing parallel empathy displaying an emotional facial expression that

was relevant to the emotional state of the student, and 3) An ECA performing parallel

empathy by displaying a relevant emotional facial expession followed by an

expression of reactive empathy with the goal of altering the student’s emotional state..

Results indicate that an agent performing parallel empathy displaying a facial

expression relevant to the emotional state of the student may cause this emotion to

persist. Moreover, the agent performing parallel and then reactive empathy appeared

to be effective in altering an emotional state of fear to a neutral one.

Except trying to treat fear, happy, and sad emotions engaging empathetic ECAs, this

Ph.D. also focused on handling a wider range of negative emotions. With a view to

this, a reward feedback was developed to treat students’ anxiety, which can be

categorised under the two different headings of state and trait anxiety. State anxiety

could be specified as a negatively alarming emotional experience in the face of

menacing demands or dangers (Spielberger, 1972, 1983). According to Lazarus

(1991), a cognitive evaluation of threat is a precondition for the occurrence of this

emotional state. However, trait anxiety reflects a predetermined level of anxiety going

through an individual who has a predisposition to being more anxious and responding

less appropriately to anxiety-arousing stimuli (Eysenck & van Berkurn, 1992). In

other words, trait anxiety indicates the presence of established individual differences

in the tendency to react with state anxiety in the expectation of endangering situations.

Anxiety may seriously harm test performance, resulting in scores that do not correctly

reveal a candidate’s true levels of the relevant attributes (Arvey, Strickland, Drauden,

& Martin, 1990). This may eventually result in the selection of less talented

candidates (Arvey et al., 1990; Spielberger & Vagg, 1995). A self-assessment test

system should help individuals to be psychologically prepared to face negative

emotional states, such as anxiety, that can impair performance during the final test.
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The applause was chosen as a reward feedback, after a correct answer to a question,

because it is socially perceived as an intense manifestation of support (Neda, Ravasz,

Brechet, Vicsek, & Barabasi, 2003; Lupyan & Rifkin, 2003). The effect of this

achievement-based reward feedback on students’ state and trait anxiety was examined

in an appropriately designed experiment (see chapter 11) with ninety-two

undergraduate students of the University of Macedonia, Thessaloniki, Greece. Results

highlighted gender differences concerning this emotional type of feedback.

Another approach to evaluate the affective feedback strategies developed in the

context of this Ph.D., was made by examining the impact of the three ECAs,

described in chapter 10, in terms of their impact on alpha and beta brainwave activity.

Various brain frequency bands, including alpha (8-12Hz) and beta (13-30Hz), have

been associated with different perceptual and cognitive functions. Accordingly,

certain studies concerning test anxiety indicated that the enhancement of the alpha

frequency band would probably lead to a significant reduction in test anxiety (Garrett

& Silver, 1976). Moreover, the stimulation of alpha rhythm seems to improve

personal competence (Ossebaard, 2000), while the beta stimulation has appeared to

improve attention (Patrick, 1996; Lane, Kasian, Owens, Marsh, 1998), overall

intelligence, short-term stress, and to relieve emotional exhaustion (Ossebaard, 2000).

However, high beta frequencies have been associated with intensity or anxiety (Huang

& Charyton, 2008). The relevant measures were taken with the aid of an

encephalograph (EEG).

An experiment (see chapter 12) was conducted with thirty participants recruited

through advertisement, to examine the impact of the three ECAs (presented at chapter

10) on subjects’ Fear, Sad, and Happy emotions. The experiment and the analysis of

the EEG data were done in cooperation with the Laboratory of Medical Informatics,

the Laboratory of Clinical Neurophysiology AHEPA Hospital, and the Laboratory of

Experimental Ophthalmology, all laboratories of the Aristotle University, School Of

Medicine, Thessaloniki, Greece.

While other research has attempted to study empathy employing brain imaging

methods (Shamay-Tsoory et al., 2005; Jackson, Brunet, Meltzoff, Decety, 2006;
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Cheng, Yang, Lin, Lee, & Decety, 2008), to the best of my knowledge this is the first

brain-imaging study that attempts to measure the impact of empathetic agents as

feedback to human emotions so as to improve brainwave activity conducively to

learning. Results showed that the ECAs can definitely have an impact on alpha and

beta brainwave activity towards learning.
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1.5 Structure

Chapters 2 & 3 are introductory chapters, which discuss the main issues concerning

this Ph.D. and specify its research field. Chapter 2 provides an overview of the

various components of “computer aided affective learning systems”, while Chapter 3

introduces the concept of an Affective Self-Assessment Test system (A.S.A.T.).

Chapters 4 -9 include research, developed and evaluated in the context of this Ph.D.,

concerning affect recognition methods during A.S.A.T. Chapters 4, 5, 6, 7, & 8

develop and evaluate the formula-based and neural network based mood recognition

models, while Chapter 9 evaluates the recognition of instant emotions through facial

expressions and provides empirical data for the emotional states experienced by

students during A.S.A.T.

Chapters 10-12 present the development and evaluation of affective feedback methods

of this Ph.D., aiming to handle students’ emotional states during A.S.A.T. Chapter 10

examines the impact of Embodied Conversational Agents’ (ECAs) emotional facial

expressions combined with empathetic verbal behavior, when displayed as feedback

to students’ fear, sad, and happy emotions in the A.S.A.T context. Chapter 11
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examines the effect of the sound of applause as an achievement-based reward

feedback on students’ negative emotional states (state and trait anxiety). Chapter 12

attempts to measure the impact of empathetic agents (examined in chapter 10) as

feedback to human emotions for improving brainwave activity towards learning, as

measured by the EEG.

Finally, Chapter 13 summarizes the main contributions of this Ph.D. and presents

directions for future research.
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2. Towards Affective Learning Tutoring Systems
Moods and emotions are both states of affect. Emotions are the result of a specific and intense reaction
to a particular event. When compared to emotions, moods’ are less intense, their cause is not clear,
and they last longer.

2.1 Introduction

The aim of this chapter is to provide an overview of the various components of

affective learning systems. The research is classified into 3 main scientific areas that

are integral parts of the development of such systems. The three main scientific areas

are: I) emotions and their connection to learning; ii) affect recognition; and iii)

emotional instruction and design. Affective learning instructional technology is a new,

multidisciplinary research area, which has been developed during the last decade.

This chapter depicts the development of the core relevant areas and describes the

concerns.

Accurately identifying a learner’s cognitive-emotional state is a critical mentoring

skill. Although computers perform as well as or better than people in selected

domains, they have not yet risen to human levels of mentoring. It is widely

acknowledged by researchers that the computer community in general used to dismiss

the role of affect (Picard & Klein, 2002). This tendency has been dramatically

reversed due to the work of neuroscientists (Damasio, 1994, 2003), and other

humanistic psychologists and educators (Best, 2003; Leal, 2002). Recent affective

neuroscience and psychology have reported that human affect plays a significant and

useful role in human learning and decision making, as it influences cognitive

processes (Bechara et al., 1997; Goleman, 1995). However, the extension of cognitive

theory to explain and exploit the role of affect in learning is in its infancy (Picard,

Papert, Bender, Blumberg, Breazeal, Cavallo, et al., 2004).

Hence, researchers of Artificial Intelligence (A.I.) have considered the emotions in

intelligent systems modeling, thus developing a new field of research in A.I.:

“Affective Computing.” According to Picard (1997), Affective Computing is:
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“computing that relates to, arises from or deliberately influences emotions.”

Moreover, techniques of affective computing have also been studied in order to model

the emotions of the student in educational (computational) systems. Few attempts

have been made to study emotions in Intelligent Tutoring Systems (ITS), though it is

an area gaining increasing attention (Conati, 2002; del Soldato, & du Boulay, 1995;

Lester, Voerman, Towns, & Callaway, 1999a).

A step toward this direction is to provide computer-aided learning systems with an

automatic affect recognizer, in order to collect data which identify a user’s emotional

state. With this information, the computer could respond appropriately to the user’s

affective state rather than simply respond to user commands (Lisetti & Schiano, 2000;

Picard, 1997). An appropriate computer response to a student’s affective state also

requires evolving and integrating new pedagogical models into computerized learning

environments, which assess whether or not learning is proceeding at a healthy rate and

intervene appropriately (Kort, Reilly, & Picard, 2001a, 2001b). The risk of

inappropriate interactions takes several forms. For example, if an agent is overly

excited about a learner’s success, the learner may feel awkward, which may lessen

his/her motivation for continued interactions with the agent and on the task (Burleson

& Picard, 2004).

In this sense, two issues arise: one is to research new educational pedagogy, and the

other is a matter of building computerized mechanisms that will accurately,

immediately, and continually recognize a learner’s emotional state and activate an

appropriate response based on the integrated pedagogical models.

Nevertheless, no current instructional design approach answers the question

extensively as to how any instructional technology should be designed in order to

educate children with computers in an emotionally sound way (Astleitner, 2000a,

2000b). Instructional technology should take into account issues of aesthetics and

interface design, since learning through computers can be tactile, visual, audible,

interactive, and sensually pleasing (Cooper, 2006).

This chapter is organized as follows: In the next section, emotions’ relations to

learning are described. A computer-aided affective learning system aims at enhancing
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learning through the activation of an emotional state that is beneficial to learning.

Hence, the development of such systems is essentially based on knowledge about how

emotions are related to learning. The subsequent section refers to issues concerning

affect recognition and the current stance in core affect recognition methods is

described in brief. A computer-aided affective learning system has to include methods

of affect recognition. Misleading affect recognition could result in inadequate

emotional feedback, ruining learning. In the last section, issues of emotional

instruction and design are reported. Emotional feedback should be implemented

through suitable emotional strategies, integrated into computer-aided learning

systems, whose effectiveness could increase if issues of aesthetics and interface

design were taken into account.

2.2 Affect and Learning

2.2.1 What is Emotion?

Emotions are a common human experience being present in every aspect of human

life. However, arriving at an unambiguous definition of emotion is still a matter of

controversy. As LeDoux (1999) assumed “everyone knows what [emotion] is until

they are asked to define it.” The answer to “what emotions are” is varied and

complicated. Nevertheless, Barbalet (1998) has suggested that in spite of controversy

in the literature about the definition of emotion, there is agreement that emotion

includes three components: “a subjective component of feelings, a physiological

component of arousal, and a motor component of expressive gesture”.

Darwin (1872/1965) was possibly one the first researchers who tried to provide a

classification for a broad range of emotions. According to Darwin emotions

correspond to mechanisms responsible for the adaptation and survival of human

beings. Interestingly, some existing researchers in the field of emotion still

acknowledge this evolutionary function (Frijda, 1994; Ekman, 1994).

Another point of view considers emotions in a behaviourist way. Emotions are seen as

states triggered by situations which involve stimuli of reward or punishment (Rolls,

1999). Thus, according to this approach, emotions represent a tendency to “ask for
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and accept” or “avoid and reject” situations that would be pleasant or unpleasant for

an individual (Evans, 1989). Moreover, according to this view, emotions could be

seen as motivators of behaviour, expressing a disposition to act in a certain way

towards a stimulus that is evaluated to be positive or negative to an individual’s well-

being (Barbalet, 1998). In other words, this approach considers emotions as an

instrument influencing an individual’s selection of action in reaction to certain stimuli

(LeDoux, 1999; Lerner & Keltner, 2000).

Emotion has also been regarded as a mixture of physiological, psychological and

psychomotor elements. One of the first to propose this aspect was James (1891/1952),

who defined emotion in expressions of bodily reactions which occur as a response in

anticipation of a stimulating event. Also, James was the first who proposed that

patterns of physiological response could be used to recognize emotion. More recently,

psychologists have been using physiological measures as identifiers of human

emotions such as anger, grief, and sadness (Ekman, Levenson, & Friesen, 1983).

Changes in emotional state are usually associated with physiological responses such

as changes in heart rate, respiration, temperature, and perspiration (Frijda, 1986).

All the aforementioned approaches view emotion as an experience happening on an

individual level. However, emotions have also been considered in socio-cultural

terms. Each individual’s emotions could also have an influence on other people’s

emotions (Goleman, 1995). Furthermore, emotions could be seen as acts, relevant to

interactions with self and interactions with others, taking place in a social context

(Denzin, 1984).

Nevertheless, an important insight into emotion has been provided by the field of

neurobiology. Here emotions, instead of being viewed at a psychological or social

level, are examined as phenomena corresponding to certain brain functions (LeDoux,

1999). Employing brain imaging methods such as Positron Emission Tomography

(PET), Functional Magnetic Resonance Imaging (FMRI), electroencephalograph

(EEG), as well as other clinical methods, researchers have described emotion as being

connected to complex biological transformations in which neurological, biochemical,

and socio-cultural factors all play a contributing role (Damasio, 1994).
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A more conclusive definition was provided by Kleinginna and Kleinginna (1981),

based on an analysis of about 100 definitions concerning emotions. According to

Kleinginna and Kleinginna emotion is a complex set of interactions among subjective

and objective factors, mediated by neural/hormonal systems, which can: “(a) give rise

to affective experiences such as feelings of arousal, pleasure/displeasure; (b) generate

cognitive processes such as emotionally relevant perceptual effects, appraisals,

labelling processes; (c) activate widespread physiological adjustments to the arousing

conditions; and (d) lead to behaviour that is often, but not always, expressive, goal

directed, and adaptive.”

In addition to studying the function and role of emotion, there is also a controversial

issue concerning the classification and naming of emotions. Darwin (1872/1965)

referred to over thirty different emotions which he regarded as seven groups, grouping

related emotions together. James (1891/1952), depending on how obvious and strong

an emotion’s influence is on physiological reactions, distinguished between “heavy”

emotions, such as grief, fear, and anger, and “lighter” ones. One similar and more

recent approach is that of Damasio (1994), who distinguished between “primary”

emotions, such as happiness, sadness, anger, fear and disgust, and “secondary”

emotions. According to Damasio, “secondary” are emotions such as euphoria, ecstasy,

and melancholy, which he considered slight variations of the “primary” emotions.

Various emotion theorists have suggested that potential emotions are numerous and

even endless, partly depending on the socio-cultural context in which they are

observed (Averill, 1980). However, other theories of emotion have suggested that

there are between two and twenty basic or prototype emotions (Leidelmeijer, 1991;

Plutchik, 1980). The four most common emotions appearing on the numerous

theorists’ lists are fear, anger, sadness, and joy. Despite disagreement about the

fundamental emotions, significant theorists distinguished among eight basic families

of emotions—fear, anger, sorrow, joy, disgust, acceptance, anticipation and

surprise—and supported that all emotions belong to one of these families (Goleman,

1995; Plutchik, 1980).

Two main theories have actually been established for categorising or structuring

emotions: a discrete approach, adopting the existence of universal “basic emotions”
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(Plutchik, 1980; Ekman, 1992) and a dimensional approach, assuming the existence of

two or more major dimensions which can depict various emotions and distinguish

between them (Russell, 1980). According to a dimensional approach, the result of an

emotion depends on how pleasant (positive) or unpleasant (negative) this emotion is

and on how much it provokes active or passive behaviour. Consequently, the

emotions are described more in terms of continuous dimensions rather than of distinct

categories. The emotions or emotional states can be easily placed in an “emotional

space” (Fig. 1) that is fixed by these dimensions (Astleitner, 2004; Peter & Herbon,

2006). Arousal (active-passive) and valence (positive-negative) are not claimed to be

the only dimensions or to be adequate to distinguish equally between all emotions, but

they have proved to be the two main dimensions (Russell, 1983). The issue, of which

approach (discrete vs. dimensional) best captures the structure of emotion is still

controversial, although attempts have been made to combine the two (Russell, 1999).

Figure 1: The activation – evaluation model of emotions

2.2.2 What is Mood?

Mood and emotion have common features, but also have distinctions (Larsen, 2000).

Emotion and mood share three basic characteristics:

1) They are subjective experiences.

2) They are expressed through human communication channels.

3) They have a physical impact.
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On the other hand, emotion and mood are distinct in four basic points:

1) Duration and Intensity: Duration is a characteristic of mood, while intensity is a

characteristic of emotion.

2) Timing: It is easier to distinguish between the beginning-climaxing and the end of

an emotion than of a mood.

3) Cause-Reaction: The cause of an emotion is usually more evident than the cause of

a mood. In addition, emotion fires a target reaction, while a mood’s reactions are

frequently vague.

4) Information: Emotion carries information concerning the environment, e.g.,

information about a threat in our environment, while mood carries information

concerning our capacity to face such a threat.

Thus, it may be better for the purposes of affective learning to address the issue of

mood regulation rather than emotion regulation. Duration as a characteristic of mood

is what serves learning better. We want the student to maintain a positive attitude

towards learning both during and after the interaction with the tutoring system.

Moreover, the information carried by the student’s mood may be more descriptive

concerning the student’s learning experience because of its self-assessment quality.

Consequently, it may be more useful in the long term for affective tutoring systems to

produce a positive mood concerning learning than to be focused on the momentary

emotion.

2.2.3 Affect, Cognition and Learning

Research in affective neuroscience and psychology has reported that human affect

plays a significant and useful role in human learning and decision making, as it

influences cognitive processes (Bechara, Damasio, Tranel, & Damasio, 1997;

Goleman, 1995). Moreover, emotional states are involved in decision-making and

include a disposition to act. Consequently, emotion features elements of motivation

and action, as well as of feeling. Thus, emotion should not be regarded as a synonym

of irrationality (Ingleton, 2000).
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Damasio (1994, 2003) provided a clear distinction between emotions and feelings. In

particular, Damasio distinguished between the physical state of the body (the

emotion) and the perception of that emotion (the feeling). This order is actually

reversed by other approaches (Gratch & Marsella, 2004), which call an emotion what

Damasio would consider a feeling. This Ph.D. dissertation also follows this “reversed

order”. This order applies to all text preceding and succeeding this one.

A feeling is transformed into an emotion in the same way as a stimulus becomes part

of human consciousness. A feeling could be considered to be a stimulus acquiring

intellectual qualities and therefore becoming an emotion, which is consciously

evaluated. Consequently, it can be supported, that in order to involve somebody’s

consciousness it is enough to address him/her a question with regards to his/her

emotions, such as “how are you doing today?”. Emotions are always admitted by a

conscious being. When someone says, for instance, “I am happy”, they are in contact

with their consciousness. In that sense, we could paraphrase the well-known phrase of

Descartes "Cogito ergo sum" (I think hence I exist) to "Sentio ergo sum" (I feel hence

I exist) (Economides & Moridis, 2008).

The fundamental nature of affective factors in human cognitive procedures and

learning has been acknowledged by numerous researchers (Goleman, 1995; Rogers,

1959; Ortony, Clore, & Collins, 1988; Damasio, 1994, 2003; Heckhausen & Dweck,

1998; Heckhausen, 2000; Best, 2003; Rheinberg, 2008; Heckhausen & Heckhausen,

2008). Therefore, during the last few decades, there have been attempts by several

educators to develop learning strategies in order to take advantage of these issues

(Keller, 1983, 1987; Brophy, 1987; Rheinberg, Vollmeyer, & Rollett, 2000;

Astleitner, 2000a). In addition, various researchers have pointed to the need for

developing tutoring systems with the capacity to recognize a learner’s emotional state

and activate an appropriately tailored response based on integrated pedagogical

models (Picart et al., 2004; De Vicente & Pain, 1998; Du Boulay & Luckin, 2001).

However, the extension of cognitive theory to explain and exploit the role of affect in

learning is in its infancy (Picard et al., 2004).
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Several theoretical models of learning assumed that learning occurs in the presence of

affective states (Craig, Graesser, Sullins, & Gholson, 2004). Henceforth, it is

recognized that positive and negative emotional states trigger different types of

mental states, which can have a significant impact on the learning process (Table 1).

The research community is increasingly acknowledging an intense need for a

comprehensive theory of learning that effectively integrates cognitive and affective

factors (Picard et al., 2004). Emotions can disorganize thinking and learning.

Research has indicated that happiness has a positive effect on learning, memory, and

social behavior (Isen, 2003). Conversely, negative emotional states, such as anger and

sadness, have been shown to exert a negative impact on learning and motivation

(Goleman, 1995).

TABLE 1: POSITIVE AND NEGATIVE EMOTIONAL STATES TRIGGER DIFFERENT TYPES OF
MENTAL STATES, WHICH CAN HAVE AN IMPORTANT EFFECT ON THE EDUCATIONAL PROCESS

Positive emotions such as joy, acceptance, trust, and satisfaction can enhance

learning. On the contrary, prolonged emotional distress can impair the ability to learn.

It is well known that learning or remembering something in a state of anxiety, anger,

or depression can be difficult for any individual (Goleman, 1995). Some children and

adults have difficulty managing negative emotions. Anger is a core emotion related to

externalizing negative behaviours; frustration often leads to anger. Frustration occurs

when desires, efforts, and plans are inhibited. Faced with frustration, despair, worry,

sadness, or shame, individuals lose access to their own memory, reasoning, and the

capacity to make connections (Goleman, 1995).
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However, negative affect initially engages the mind, leading to better concentration

(Schwarz and Bless, 1991). In situations of an urgent threat this is favourable, for it

concentrates processing power upon the danger. When creative problem-solving is

necessary this is unfavorable, for it leads to narrow tunnel vision (Norman, 2002).

Positive affect widens the thought processes, making it easier to be distracted. When

the problem involves focusing, positive affect may interfere with the subject’s

concentration, whereas when the problem is treated through creative thinking, results

are optimal. Similarly, the proper amount of anxiety or fear can help individuals to

focus, on the grounds that anxiety focuses the mind, reducing distractions. It is when

the negative affect is too strong that learning tasks are inhibited (Bower, 1992).

2.2.4 Theoretical Models for the Role of Affect in Learning

Stein and Levine (1991) assumed that emotional experience is related to receiving and

comprehending inflowing information. If the inflowing information has not been met

before, it appears to have low relevance to existing “schemas’’ (Armbruster, 1986),

thus provoking a particular stimulation of the central nervous system (CNS). This

stimulation, combined with a cognitive appraisal of “what is going on” forms an

emotional reaction. Hence, Stein and Levine’s theoretical model of the role of

emotions in learning indicates that learning almost always occurs in the presence of

an emotional sequence. This is in line with other cognitive and affective theories

which state that profound knowledge appears when students face oppositions to their

goals, adverse events, surprises, and experience unexpected situations (Maturana &

Varela, 1992). Cognitive imbalance is very likely to mobilize conscience, so that

cognitive balance is restored. Emotional states such as confusion and disappointment

are likely to appear during cognitive imbalance (Kort, Reilly, & Piccard, 2001a,

2001b). Recent empirical research has shown that confusion is an important emotional

factor in scientific inquiry (Rozin & Cohen, 2003b).

There is a range of emotional states that arise in the course of learning. Some, like

curiosity and attraction, are evidently beneficial to the process. Others, like confusion

and puzzlement, may be at first constructive, as long as they do not persist for too

long. The Kort-Reilly-Picard dynamic model of emotions for SMET (Science, Math,

Engineering, Technology) considers learning to be an emotional process with four

main repeated stages. According to this model, during learning the student repeatedly
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passes from curiosity to disappointment, frustration, and acceptance (Kort et al.,

2001a). The learning process is separated by two axes, vertical and horizontal,

labelled learning and affect, respectively. The learning axis ranges from “constructive

learning” at the top, where new information is being integrated into schemas, and “no

learning” at the bottom, where misconceptions are identified and isolated from

schemas. The affect axis ranges from positive affect on the right to negative affect on

the left.

However, none of the existing frameworks employ emotions frequently seen in the

SMET learning experience (Kort et al., 2001a), some of which are stated in Figure 2.

Whether all of these are important, and whether the axes shown in Figure 2 are

appropriate, requires further evaluation before a fundamental set of emotions involved

in learning can be established. Such a set may be culturally altered and is also likely

to be different according to developmental age.

If further advanced such research could specialize itself also per cognitive object. For

example, the model of Kort-Reilly-Picard suggests an emotional process that refers to

SMET (Science, Math, Engineering, and Technology). In a similar way, a number of

different emotional models could be developed for the teaching of Literature, for the

teaching of the English Language and so on. Toward this direction, it is fundamental

that deeper knowledge be acquired of the involvement of emotions in learning, which

would lead to the formulation of a new educational pedagogy.

Furthermore, it has been suggested that learners who enter an affective state

detrimental to learning are likely to remain in that state, entering a “vicious cycle”

that prevents them from actively reengaging in the constructivist learning process

(Baker, D'Mello, Rodrigo, & Graesser, 2010; D’Mello, Taylor, & Graesser, 2007)..

Baker et al. (2010) have suggested that considerable effort should be put into

recognizing and giving adequate feedback to boredom and confusion, with an

emphasis on developing pedagogical interventions to interrupt the ‘‘vicious cycles’’

occurring when a student becomes bored and remains bored.
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Figure 2: The Kort-Reilly-Picard dynamic model of emotions in learning

Knowledge with regards to how emotions influence learning is a fundamental part of

computer-aided affective learning systems. Nevertheless, this knowledge would have

no use in emotional instructional technology if these systems could not recognize a

student’s emotional state. With regard to this, the following section will aim to briefly

describe the considerations that evolve regarding affect recognition and the current

stance on core affect recognition methods.

2.3 Affect Recognition

2.3.1 Introduction

Humans recognize emotional states in other people by a number of visible and audible

cues. Facial expression is a valuable means of communicating emotion. Moreover,

there is evidence of the existence of a number of universally recognized facial

expressions reflecting emotions such as happiness, surprise, fear, sadness, anger, and

disgust (Ekman, 1982). In addition, the body (gesture and posture) and tone of voice

are the other core channels for the communication of emotion (Argyle, 1988). There

is also a number of psycho-physiological correlates of emotion, such as pulse or

respiration rate, most of which cannot easily be detected by human observers, but

which could be made accessible to computers given appropriate sensory equipment.

From all of these channels, researchers of Artificial Intelligence in education are

attempting to infer the student’s affective state.
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According to Picard (2003), trying to improve the accuracy of recognizing people’s

emotions is one of the major challenges in affective computing. Additionally, Picard

argued that people’s expression of emotion is so idiosyncratic and variable, that there

is little hope of accurately recognizing an individual’s emotional state from the

obtainable data. Furthermore, Tractinsky (2004) supported that cultural and individual

differences are likely to make a reliable interpretation of a user’s emotions

impossible. In regard to this question, there is evidence that individuals can more

efficiently understand universal emotions expressed by members of a cultural group

to which they have greater exposure (Elfenbein and Ambady, 2003).

People’s behavior while undertaking a task may be affected by several factors such as

personality, age, experience, general educational background etc. For example,

experienced computer users may be less frustrated than novice users. Similarly, older

people may have different approaches to interacting with computers, in comparison to

younger people (Alepis and Virvou, 2006). Peter, Ebert, & Beikirch, (2005) makes

the point that during the process of collecting data relating to a user’s emotional state,

artificial laboratory circumstances and being connected to different technical devices

will most likely prevent the subject from functioning normally. Ward and Marsden

(2004) argue that users who are aware that the computer is monitoring their emotions

may modify their behaviour to ease the computer’s task. Notably, not all human

emotional signals are transmitted subconsciously; in fact, it is very common for

humans to purposely send emotional expressions which do not necessarily reflect

their inner state (Argyle, 1988). It is hence, also possible that users will learn to

exhibit emotional expressions in their interactions with computers if they see a benefit

in doing so.

Thus, for the purpose of analyzing the results of an empirical study, it would be

preferable if users were categorized into several groups, in order to take into account

important characteristics of each user in the form of stereotypes. The stereotypes for

user modelling were first introduced by Rich (1983) in the framework of a

recommender system called GRUNDY, which included different characteristics of

users so as to recommend to them what book to buy. The necessity of utilizing user

stereotypes is acknowledged by other researchers as well. For example, Moriyama

and Ozawa (2001), and Moriyama, Saito, and Ozawa (2001) suggested that the
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integration of stereotypes in emotion-recognition systems improves the system’s

accuracy. Stereotype-based interpretation takes an initial impression of the user and

utilizes this to build a user model based on default assumptions (Kay, 2000).

Stereotypes offer supplementary evidence supporting whether the assessment of a

user’s feelings is correct or incorrect.

Preferably, evidence from many modes of interaction should be combined by a

computer system so that it can generate as valid estimations as possible about users’

emotions. This view has been supported by several researchers in the field of human

computer interaction (Oviatt, 2003; Pantic & Rothkrantz, 2003). Nevertheless,

multimodal recognition of human affective states is a particularly demanding problem

and is largely unexplored. Notably, the work of Picard, Vyzas, & Healey (2001)

achieved 81% classification accuracy of eight emotional states of an individual over

many days of data, based on four physiological signals. Pantic and Rothkrantz (2003)

provided a survey of other audio-video combination efforts and a synopsis of issues in

building a multimodal affect recognition system.

With regard to learning, there have been very few approaches to affect recognition.

An outstanding one is Conati’s (2002) work on probabilistic assessment of affect in

educational games. In addition, Mota and Picard (2003) describe a system that uses

dynamic posture information to classify altered levels of interest in learning

environments.

The next sections describe in brief the current stance on several core methods of affect

recognition (Table 2).
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TABLE 2: STRENGTHS AND LIMITATIONS OF AFFECT RECOGNITION METHODS

Affect recognition methods Strengths Limitations
Using personal preference
information

Does not require special
equipment

Require knowing students’
personal information, goals,
and events that are actually
taking place

Using facial expressions There is evidence for
universal facial expressions
of certain emotions

1) Require special
equipment

2) There are
considerable
differences in facial
expressions between
individuals

3) A real-time analysis
of facial expressions
is still a difficult task
to achieve

Using physiological data Physiological changes related
to affective changes are
universal

1) Require special
equipment

2) Sensors might often
fail and result in
missing or bad data

Using speech recognition There are common
tendencies in the acoustic
correlates of basic emotions
across different cultures

1) Certain emotions
have similar
physiological
reactions, which
makes it difficult to
distinguish between
them

2) Affect recognition in
non-formal everyday
speech is still a
difficult task to
achieve

Using questionnaire 1) Does not require
special equipment

2) Easy to administer
3) Provides feedback

from the user’s point
of view rather than
an outsider’s

1) Being static, it
cannot recognize
changes in affective
state

2) Subjects hesitate to
use extreme ends of
rating scales

3) Demonstration, order
and terminology are
all known to affect
subject responses
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2.3.2 Affect Recognition Frameworks using Personal Preference
Information

Emotional Recognition Frameworks using Personal Preference Information are based

on the assumption that people do not necessarily recognize emotions just by signals

seen or heard; they also use a high level of knowledge and reason, to be able to

process the user’s goals, situations and preferences. A person’s emotions could be

predictable if their goals and perception of relevant events were known (Ortony et al.,

1988). Implemented in a computational model this can be achieved by using agents,

artificial intelligence techniques, reasoning on goals, situations, and preferences

(Conati, 2002). For example, if the system can reason about the user’s reactions from

the input that the system receives, (assumption made derived from the time of day,

speed of reading, provided personal information, etc.) appropriate content could be

displayed in a way adapted to user’s emotion or the mood.

To begin with, aiming to calculate a human’s emotion, the “Emotion Generating

Calculations (EGC)” method (Mera, 2003) measures pleasure/displeasure and

classifies it into 20 types of emotions using personal preference information. The

EGC method assumes a three-dimensional space to calculate pleasure/displeasure. It

defines three important elements for each type of event concept. The system

constructs the synthetic vector based on the elements’ preference values named

“Favorite Value (FV)” and distinguishes pleasure/displeasure by judging which area

the vector is in. The FVs are given a real number on a ratio of [–1.0, 1.0]. The method

also calculates the degree of extracted emotion from the length of the synthetic vector.

Next, the system classifies the pleasure/displeasure into 20 emotion types. It requires

judging some conditions as follows: “feeling for another”, “prospect and

confirmation” and “approval/disapproval”. The EGC method considers 20 emotion

types which are classified into six emotional groups as follows: “joy” and “distress”

grouped under “Well-Being”; “happy-for”, “gloating”, “resentment”, and “sorry-for”

grouped under “Fortunes-of- Others”; “hope” and “fear” grouped under “Prospect-

based”; “satisfaction”, “relief”, “fears-confirmed”, and “disappointment” grouped

under “Confirmation”; “pride”, “admiration”, “shame”, and “disliking” grouped under

“Attribution”; “gratitude”, “anger”, “gratification”, and “remorse” grouped under
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“Well-Being/ Attribution.” The EGC method is applied into e-mail software

(Ichimura et al., 2001) and chat systems (Ichimura et al., 2002).

Moreover, Ortony et al. (1988) developed a computational emotion model, which is

often referred to as the OCC cognitive theory of emotions and has established itself as

the standard model for emotion synthesis. According to the OCC model, joy and

distress emotions arise when a person focuses on the desirability of an event in

relation to his goals. The OCC model defines joy as a person pleased with a desirable

event, and distress as a person displeased with an undesirable event. Lately, some

studies have been conducted (Katsionis and Virvou, 2005; Conati and Zhou, 2002)

which used it to model user emotional states. The OCC theory specifies the way

emotions causally occur from the interaction of one’s goals and preferences with

known states of the world. The OCC theory assumes that there is just one activated

goal during the cognitive appraisal process and, therefore, the resulting emotional

reaction is always deterministic. Nevertheless, a person can have multiple goals or

even conflicting goals (Zhou and Conati, 2003), which indicates that the OCC model

is impractical.

Another “personal preference information approach” to infer a user’s emotions is the

BDI model (Bratman, 1990) which is based on Belief, Desire and Intention mental

states. According to this model, the agent obtains information about the user’s

emotions by examining his/her actions through his/her observable behaviour, which

includes success or failure in the implementation of an exercise, as well as asking for

or denying the tutor’s help. Jaques and Viccari (2004) used the BDI approach to the

functioning of the mind of an affective pedagogical agent that infers a student’s

emotions, models these emotions and decides on a suitable affective tactic based on

them. This particular agent deduces the student’s emotions through its appraisal of the

information that it has collected about the student. In order to achieve this task, it

requires knowing the student’s goals and the events that are actually taking place

while the student is interacting with the system.
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2.3.3 Affect Recognition from Facial expressions

Knowing how facial expressions relate to the underlying emotional experiences is an

important factor in using facial expression measurements as an input signal in

affective computing. Therefore, the assessment of emotional experiences from

objectively measured facial expressions becomes an important research topic. In the

field of facial expression recognition, several efforts have been made in trying to

recognize expressions of discrete emotions, especially the ones suggested by Ekman

(1992). Although there is evidence for universal facial expressions of certain emotions

(Ekman, 1994), it is important to realize that there are also differences in the facial

behaviour of different people. With regard to this issue, Ekman (1985) supported that

the most accurate interpretation of facial expression benefits from the knowledge of

what is normative for each individual. Hence, the findings that there are considerable

differences in facial behaviour between individuals recommend that the best results in

emotion estimation could be obtained using a person adaptive system. This system

would form an individual model of facial behaviour for each individual user (Partala,

Surakka, & Vanhala, 2006).

Mase (1991) proposed an emotion recognition system that uses the major directions of

specific facial muscles. The muscle movements were discerned by the use of optical

flow. For classification, the K-nearest neighbor rule was used, with an accuracy of

80% involving four emotions: happiness, anger, disgust and surprise. Yacoob and

Davis (1994) propose a similar method. Instead of using facial muscle actions, they

built a dictionary to convert motions associated with edge of the mouth, eyes and

eyebrows, into a linguistic, per frame, mid-level representation. They classified the

six basic emotions (happiness, sadness, surprise, disgust, anger, and fear), introduced

by Ekman and Friesen (1971), by the use of a rule-based system with 88% accuracy.

Essa and Pentland (1997) developed a system that quantified facial movements based

on parametric models of independent facial muscle groups. They modelled the face by

the use of an optical flow method coupled with geometric, physical and motion-based

dynamic models. They generated spatial-temporal templates that were used for

emotion recognition. Without considering sadness, which was not included in their

work, a recognition accuracy rate of 98% was achieved.
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Another important issue is that many of the existing facial recognition systems rely on

analyzing single facial images instead of tracking the changes in facial expressions

continuously (Partala et al., 2006). It would be more meaningful if the computerized

learning environments could analyze the student’s facial expressions continuously to

be able to react to changes in the student’s emotional state at the right time. Relative

to this, Essa and Pentland (1997) made the point that the lack of temporal information

is a significant limitation in many facial expression recognition systems.

Consequently, methods for analyzing facial expressions in human–computer

interaction, especially those concerning computer-aided learning systems, should

incorporate a real-time analysis. This can be achieved either by using advanced video-

based techniques (Essa and Pentland,1997) or by measuring the electrical activity of

muscles with EMG (facial electromyography ) (Partala and Surakka, 2004).

However, at present, different machine vision techniques using video cameras are the

predominant methods in measuring facial expression (Cohen et al., 2003; Oliver,

Pentland, & Berard, 2000; Smith, Bartlett, & Movellan, 2001). A notable application

is the FaceReader, lately developed by Vicar Vision and Noldus Information

Technology bv. The FaceReader recognizes facial expressions by distinguishing six

basic emotions (happy, angry, sad, surprised, scared, disgusted, and neutral) with an

accuracy of 89% (Den Uyl and van Kuilenburg, 2005). The system is based on Ekman

and Friesen’s theory of the Facial Action Coding System (FACS) that states that basic

emotions correspond with facial models (Ekman and Friesen, 1977).

2.3.4 Affect Recognition using Physiological Data

The measurement of physiological quantities, such as temperature or blood pressure,

is important not only for the study of physiological processes and the clinical

diagnostics of various diseases, but also for the estimation of the affective state.

William James (1884) was the first who proposed that patterns of physiological

response could be used to recognize emotion. Psychologists have been using

physiological measures as identifiers of human emotions such as anger, grief and

sadness (Ekman et al., 1983). Usually, changes in affective state are associated with



51

physiological responses such as changes in heart rate, respiration, temperature and

perspiration (Frijda, 1986).

The use of engineering techniques and computers in physiological instrumentation

and data analysis is a new, challenging research practice, especially when referring to

affect recognition. For instance, researchers at the MIT Media lab have been using

sensors which detect galvanic skin response (GSR), blood volume pulse, respiration

rate and electromyographic activity of muscles (Picard, 1998). The emotion mouse, an

example of recent advances in affective computing, measures the user’s skin

temperature, galvanic skin response (GSR) and heart rate, and uses this data to

categorize the user’s emotional state (Ark, Dryer, & Lu, 1999). It has also been

suggested that facial electromyography (EMG) could be potentially useful input

signals in HCI (Partala and Surakka, 2003; Partala and Surakka, 2004). Therefore,

there is a need for adequate measures to associate physiological measurements with

definite emotional states in order to assign them to conditions meaningful to a

computer (Bamidis et al., 2004). Since the physiological state is so closely associated

with the affective state, an accurate model of a physiological response could enable

computer interactive environments to effectively determine a user’s affective state in

order to guide appropriate customized interactions (McQuiggan, Lee, & Lester, 2006).

Nevertheless, subjective and physiological measures do not always agree, which

indicates that physiological data may detect responses that users are either

unconscious of or cannot recall at post-session subjective assessment (Wilson and

Sasse, 2004). However, the sensors might often fail and result in missing or

unfavorable data, a common problem in many multimodal scenarios, resulting in a

considerable reduction in the performance of the pattern recognition system (Kapoor

and Picard, 2005).

There are several studies, examining the relation between physiological states and

affective states. To begin with, Ekman et al. (1983) used manual analysis to interpret

the physiological signals (finger temperature, heart rate and skin conductance) that

occurred when anger, fear, disgust, and happiness were elicited. The results

demonstrated that anger, fear and sadness produced a larger increase in heart rate than

disgust did, whereas anger produced a larger increase in finger temperature than fear
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did. It was also found that anger and fear produced a larger heart rate than happiness,

while fear and disgust produced larger skin conductance than happiness.

More recently, Gross and Levenson (1997) elicited amusement, neutrality, and

sadness by showing films. Skin conductance, inter-beat interval, pulse transit times

and respiratory activation were measured. Their results showed that inter-beat interval

increased for all three states, but for neutrality it was less than that of amusement and

sadness. Skin conductance increased after the amusement film, decreased after the

neutral film and remained the same after the sadness film.

Healey and Picard (2000) conducted a study in which physiological signals

(electrocardiogram, electromyogram, respiration, and skin conductance) of drivers

were measured in order to detect their stress levels. They used SFFS (sequential

forward floating selection) algorithms to recognize patterns of drivers’ stress levels.

They recognized the intensity of a driver’s stress by 88.6%.

Picard et al., (2001) conducted another valuable study by showing emotion specific

pictures to elicit happiness, sadness, anger, fear, disgust, surprise, neutrality, platonic

love, and romantic love. The signals measured were galvanic skin response, heartbeat,

respiration, and electrocardiogram. The algorithms used to analyze the data were

SFFS, Fisher Projection, and a hybrid of these two. The best classification

achievement was gained by the hybrid method, which resulted in an overall 81.25%

accuracy.

2.3.5 Affect Recognition from Speech

The modulation of voice intonation is one (of the) main channel(s) of human

emotional expression (Banse & Sherer, 1996). Certain emotional states, such as anger,

fear or joy, may produce physiologic reactions (Picard, 1997), such as an increase in

cardiac vibrations and more rapid breathing. These in turn have quite mechanical and

thus predictable effects on speech, particularly on pitch, (fundamental frequency F0)

timing and voice quality (Oudeyer, 2003). Some researchers have investigated the

existence of reliable acoustic correlates of emotion in the acoustic characteristics of

the signal (Banse & Sherer, 1996; Burkhardt & Sendlmeier, 2000). Their results agree

on the speech correlates that are derived from physiological constraints and
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correspond with broad classes of basic emotions, but disagree and are unclear

concerning the differences between the acoustic correlates of fear and surprise or

boredom and sadness. This is perhaps explained by the fact that fear produces similar

physiologic reactions to surprise, and boredom produces similar physiologic reactions

to sadness, and consequently very similar physiological correlates result in very

similar acoustic correlates (Oudeyer, 2003). This also provides an explanation for the

results of Tickle’s (2000) experiments, demonstrating that the best emotional speech

recognition score for humans was only 60%. Additionally, Tickle’s experiments

indicated that there is only little difference between performance in detecting the

emotions conveyed by someone speaking the same language or another language.

This could be attributed to the fact that physiological effects of emotional states are

rather universal, meaning that there are common tendencies in the acoustical

correlates of basic emotions across different cultures (Oudeyer, 2003).

A considerable effort is that of Roy and Pentland (1996), who classified emotions

using a Fisher Linear classifier. Using short-spoken sentences, they recognized two

kinds of emotions: approval or disapproval. They conducted several experiments with

features extracted from measures of pitch and energy, obtaining an accuracy ranging

from 65% to 88%. Moreover, Lee et al. (2004) used 13 Mel-frequency cepstral

coefficients (MFCC) to train a Hidden Markov Model (HMM) to recognize four

emotions. Nwe, Wei, and De Silva (2001) used 12 Mel-based speech signal power

coefficients to train a Discrete Hidden Markov Model to classify the six archetypal

emotions (Ekman & Friesen, 1971). The average accuracy in both approaches ranged

from 70 to 75%.

Research dealing with speech modality, both for emotional automated production and

recognition by technology, has only been active for a few years (Bosh, 2000) and has

gained much attention (Dellaert & Polzin, 1996; Cowie, 2003; Lee & Narayanan,

2005). However, it is uncertain whether research results would effectively generalize

to a naturally produced, rather than an “acted” emotional expression. The task of

machine recognition of basic emotions in non-formal everyday speech is extremely

challenging and will greatly contribute towards the evolution of computerized

learning systems.
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2.3.6 Affect Recognition with the use of Questionnaire

Many researchers have used static methods such as questionnaires, dialogue boxes,

etc., in order to infer a user’s emotions. These methods are easy to administer but

have been criticized for being static and thus not able to recognize changes in

affective states. Moreover, Oatley (2004) recognized that self-reporting of emotions

simplifies the recognition problem. However, Dieterich, Malinowski, Kühme, and

Schneider-Hufschmidt (1993) stated that this approach transfers one of the hardest

problems in adaptive affective interfaces from the computer to the user. Thus, another

advantage of the questionnaire is that it provides feedback from the user’s point of

view and not an outsider’s (Zaman & Shrimpton-Smith, 2006). Questionnaires can be

used to infer users’ emotions, either standalone or assisting another affect recognition

method.

On the other hand, the way questions are framed and demonstrated (Lindgaard &

Triggs, 1990), the order in which questions are asked and the terminology employed

in questions are all known to affect the subject’s responses (Lindgaard, 1995;

Anderson, 1982). Similarly, there is evidence that judgments on rating scales are non-

linear, and that subjects hesitate to use the extreme ends of a rating scale (Slovic &

Lichtenstein, 1971). Hence, when using verbal scales, one should make sure that the

terminology employed and the context in which it is to be presented, really reflect the

subjective significance of the subject population (Lindgaard, 2004).

However, recently, some innovative techniques, using questionnaires, have been

engaged for obtaining self-reports of emotional experience (Isbister, Hook, Sharp, &

Laaksolahti, 2006; Stahl, Sundstrom, & Hook, 2005; Alsmeyer, Luckin, & Good,

2008). These methods indicate that stimulating the student to participate more actively

in the process of self-reporting emotional experience could greatly enhance the

quality of learning. For instance, Alsmeyer et al. (2008) used the concept of colour as

a means of communicating emotional information. Students reported their emotions to

the teacher through the selection of a colour, which they had previously associated

with one of seven optional emotions. In addition, they suggested that the use of colour

may be easier for the students to understand than the use of emotional terms

themselves.
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The student’s recognized emotional state should be properly managed from the

computer aided affective learning system, based on pedagogical models which

integrate our knowledge about emotions and learning. The system would assess

whether the learning process is developing at a healthy rate. If there is a positive

development, the system should help the learner maintain this emotional state. If not,

the system should induce the learner to an emotional state beneficial to learning. The

“peak of spear” of computer aided affective learning systems are emotional

instruction strategies, through which emotional feedback is implemented. Aesthetics

and interface design of such systems also play a crucial role in the culturing of

emotional states favourable to learning. Hence, in the next and last section of this

chapter, issues of emotional instruction and design are referred to, completing the

report on the new field of computer aided affective learning systems.

2.4 Affective Instructional Systems—Design and Aesthetics

2.4.1 Introduction

Actual computerized learning environments, whether web based or not, usually

include a combination of carefully structured hypertext, animations and test based

feedback in a well organised environment. In addition, current research aims to

provide these systems with the ability to recognize a learner’s emotional state and

activate an appropriately tailored response based on integrated pedagogical models.

Providing individualised feedback according to a student’s cognitive and affective

state, has been neglected until recently, when its value has become more apparent

(Mavrikis, Maciocia, & Lee, 2003). However, too much feedback may also prove

detrimental if it results in information overload, unnecessary interruptions, or an

irrational amount of pressure (Alder, 2007).

Emotionally sound instruction consists of instructional strategies for making

instruction more emotionally sound when using instructional technology (Astleitner,

2000a). The term “Emotionally sound” means that the learning companion must be

able to recognize emotions that arise in the course of learning, and manage a suitably

constructive dialogue that resolves gaps and misconceptions in learning, while



56

attending to the affective needs of the learner. Intervention is most required when

negative emotional states like anxiety, frustration, and despair threaten to disrupt the

learning process. The term "instructional technology", usually refers to present ways

of computer-based instruction, such as multi-media-based learning, web-based

(distance) education, and cognitive or collaborative tools1 (Jonassen, 1996).

Agents able to process or simulate emotional behaviour (emotional agents) are an

integral part of “computer aided learning systems”. Therefore, on the next pages,

emotional agents’ architectures are outlined, as well as issues of aesthetics and

interface design that play a vital role in the effectiveness of this kind of systems.

Lastly, some renowned emotional instructional strategies are described, which are the

“peak of spear” of an affective learning system.

2.4.2 Designing Affective Agents

A main subject in A.I. is the idea of intelligent agent. We regard A.I. as a study of

agents who engage perceptions from the environment and realise actions. Agent is

each entity that acts within an environment. In information technology, an agent of

software is an abstraction, a reasonable model that describes the software that acts for

a user or for another program concerning a service (Franklin & Graesser, 1996). The

relative and produced significances include the intelligent agents, particularly those

exhibiting some aspect of artificial intelligence, such as learning and reasoning.

During the last decade serious efforts have been made in order to create artificial

agents with dialogic behaviours that are based on social rules and lead to the

achievement of communication objectives. In these characters the significance of

emotion and personality is inherent (Cassell, Sullivan, Prevost, & Churchill, 2000).

Emotional agent systems consist of four components: a method for interpreting

stimuli (input) whether internal or external; a computational model of emotions that

1 In the case of cognitive tools, learners use software programs as tools for organizing their
personal knowledge, accessing and interpreting information, and representing and expressing
what they know (Jonassen & Reeves, 1996). According to Reeves (1999): “examples of
cognitive tools include: databases, spreadsheets, semantic networks, expert systems,
communications software such as teleconferencing programs, on-line collaborative
knowledge construction environments, multimedia/hypermedia construction software, and
computer programming languages.”
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regulates how emotions are generated and managed; a mode to direct agent behavior

and actions informed by emotional state; and a process for displaying emotional state

to the world (Camurri & Coglio, 1998).

A useful process to model agent communication and behavior is the BDI (Belief,

Desire, and Intention) approach. It describes an agent as an intentional system

functioning through properly determined mental states. Bratman’s (1990) BDI model

is based on belief, desire, and intention mental states. Beliefs correspond to

information about the present state of the environment that is updated after each

sensing action, and are thus considered the informative factor of the system state.

Desires are the motivational status of the system; they carry information about the

priorities associated with the goals to be achieved. Accordingly, the agent activates a

set of desires that can be fulfilled under particular circumstances. Therefore, intention

represents the currently chosen course of action that has been selected to be executed

according to the schedule, under the condition that it can be accomplished according

to the agent’s beliefs.

Recently, Emotional-BDI (EBDI) architecture was introduced (Pereira, Oliveira, &

Moreira, 2006; Pereira, Oliveira, Moreira, & Sarmento, 2005) based on the previous

work of Oliveira and Sarmento (2003) on emotional agent architecture. Emotional-

BDI agents are concerned with computational agents whose behavior is guided by

interactions between beliefs, desires, and intentions influenced by the role of emotions

in reasoning and decision-making. According to Jiang, Vidal, & Huhns (2007), in

order for EBDI architecture to include emotions in agents, three issues need to be

addressed:

1. how to evaluate or present emotions;

2. how emotions influence the decision-making procedure; and

3. how to keep the status of emotions informed.

They stated that the details of the solutions depend on specific applications. Thus,

EBDI architecture combines these three concerns into a BDI architecture based on a

human’s practical reasoning process, while leaving the details available to designers.
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At the moment, there are various agents’ methodologies and frameworks based on the

BDI model (Damjanovic, Kravcik, & Devedzic, 2005).

Another valuable method to generate emotions for embodied characters is the OCC

model (Ortony et al., 1988). The OCC model is most likely the most widely

implemented of the emotion models (Bartneck, 2002) and it categorizes 22 diverse

emotion types based on the positive or negative reactions to events, actions, and

objects. However, the OCC model indicates what emotions occur when events,

actions, or objects in the environment are evoked, but not what actions an agent is

expected to take as a result (Silverman, Johns, O’Brien, Weaver, & Connwell, 2002).

Bartneck (2002) proposed a framework to provide the OCC model with further

features in order to efficiently serve the needs of emotion modeling in embodied

characters. These features include a history function, a personality designer and the

interaction of the emotional states. The history function helps to calculate the

probability, realization, and effort of events. The personality designer enables the

designer of the character to methodically vary the parameters of the character, such as

its values and attitudes. The interaction function combines the emotional values of

events, actions, and objects with the character’s emotional state in progress. The

emotion model must be capable of evaluating all situations that the character might

encounter (history function) and must also supply a structure for variables which have

an impact on the intensity of the emotion (personality designer). Such an emotion

model enables the character to display the right emotion with the right intensity at the

right time (interaction function).

A very fundamental and effective method commonly used by humans to express their

affection is empathy. Carl Rogers (1959) defines empathy as the ability to perceive

another person’s inner psychological frame of report with precision, but without ever

losing consciousness of the fact that it is a hypothetical situation. Therefore, empathy

is to feel, for example, someone else’s pain or pleasure and to perceive the cause of

these feelings as perceived by the other person, without setting aside self-awareness.

There is research evidence indicating that humans interact with computers in a way

similar to the social behavior exhibited in human-human interactions (Nass & Moon,

2000; Reeves & Nass, 1996). Furthermore, a number of authors has argued that the

presence of empathic emotion in a computer agent has significant positive effects on a
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user’s impression of that agent and, as a result, will advance human-computer

interaction (Brave, Nass, & Hutchinson, 2005; Dehn & Van Mulder, 2000;

Economides & Moridis, 2008).

Klein, Moon, and Picard (2002), developed and tested an interfering module planned

to reduce user frustration, deliberately caused by a computer application to serve the

needs of the task at hand. A group of people were asked to play a computer game and

at some point indicate on a scale how much frustration they were experiencing. Then

these people were given feedback from what the authors call a support agent. A text-

based interaction, based on a dialogue strategy considered to be successful at lowering

negative emotion in human–human interactions, was employed via a computer agent.

This agent merely presented to the user various texts that mirrored the level of

frustration that the user complained about. The authors found that when the support

agent was functioning, users showed considerably increased attentiveness to dedicate

time to interact with the system. This may indicate that the acknowledgment and

understanding of the user’s level of frustration is essential to user engagement.

2.4.3 Designing the Interface

Griffiths and Hunt (1995) showed that the machine’s impression, typified by

characteristics such as music, lights, colors, and noise, was perceived as one of the

machine’s most stimulating qualities by a significant number of the adolescents

questioned. Of the 269 computer players (12-16 years of age) who accounted for

playing their favorite game, 16% stated the game was fun, 14% that it had good

graphics, 10% that it was exciting, and 4.5% that it had good sound effects.

Unfortunately, many virtual learning environments or web-based learning portals

continue to be predominantly text-based (Cooper, 2006).

Moreover, Lester, Converse, Kahler, Barlow, Stone, and Bhogal (1997) mentioned

that users respond differently to interfaces which feature an interface character than to

those without an interface character. This could provide support for the realism

hypothesis, according to which designed realism of an interface character increases

the user’s involvement in that interface character.
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Regarding to realism, one can distinguish between form realism and behavioural

realism. Form realism defines the external appearance of an interface character, for

example, whether it will resemble a human or look more like an animal. Form realism

can be essential in terms of social identity and therefore with the engagement of the

character (Van Vugt, Konijn, Hoorn, Keur, & Eliens, 2007). Behavioural realism of

interface characters is connected with the character’s behavioural patterns, such as

facial expressions, body and head movements, gestures etc. (Cassell, Pelachaud,

Badler, Steedman, Achorn, Becket, et al., 1994).

Recent research results (Van Vugt et al., 2007; Van Vugt, Hoorn, Konijn, & de Bie

Dimitriadou, 2006) state that apparent aesthetics was the most significant variable that

had an impact on the user’s engagement with the interface character. The more

beautiful users found the character in regard to its exterior appearance, the more

engaged they were.

Hone’s (2005) experiments confirmed the frustration reducing effect of the Klein et

al. (2002) text-based affective agent. They also provided evidence that an embodied

affective agent exhibiting the same approach could lessen user frustration more

effectively than the text-only version and that a female embodied agent may be more

effective than a male agent character. In the case of embodied agents (text vs.

embodied agent and male vs. female agent gender), the outputs displayed were the

same as the text-based agent, but rather than appearing in a text-box, they appeared to

come from an on-screen character by means of a speech bubble. The female character

proved more effective than the male character since the female gender is generally

more associated with qualities such as empathy. Interestingly, gender stereotypes

coming from the real world can apply to human–computer interaction (Reeves &

Nass, 1996; Lee, Nass, & Brave, 2000).

Another important factor which should be taken into consideration when designing

computer-aided affective learning systems is language use. Light (2004) has

demonstrated that language can be manipulated within a system to have a major

impact on the user’s perceptions. For instance, according to Light, the use of the word

“submit” on the button which participants use to register for a site does not have to be
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seen as a direct synonym for “send.” This is important for the dynamics of the

relationship between the producer and the user.

2.3.4 Designing Affective Instructional Strategies

One can distinguish between domain-dependent and domain-independent

instructional strategies. Domain-dependent strategies assist students by providing

appropriate suggestions and strategies in order to ameliorate the worried student’s

emotional state. This is done by softening the demanding environmental factors, for

instance, by seeking information about a suitable action. Domain independent or

emotion-focused strategies are applied to help students handle their emotions. Domain

independent strategies utilize coping statements, such as “this task is achievable” or

“this problem from another point of view seems to be more manageable,” and

relaxation methods, such as muscle and head exercises (Gross, 1999; Lazarus, 1991;

Yusoff & du Boulay, 2005).

A framework for designing emotional instructional strategies is the FEASP approach

(Astleitner, 2000a, 2000b). FEASP signifies five important dimensions of

instructional related emotions: Fear, Envy, Anger, Sympathy, and Pleasure. The

FEASP-approach refers to 20 instructional strategies aiming to decrease negative

feelings (fear, envy, and anger) and to increase positive feelings (sympathy and

pleasure) during instruction. The FEASP-approach has not only been developed for

traditional instruction, but also for designing modern instructional technology. The

FEASP-approach has been significantly recognized in international research, both on

traditional and computer-based instruction (Chapnick & Meloy, 2005; Ferdig &

Mishra, 2004; Niegemann, Heasel, Hochscheid-Mavel, Aslanski, Deiman, &

Kreuzberger, 2004; Pekrun, 2005).

For evaluating the weight and the effects of the FEASP-approach, an instrument

based on a questionnaire was developed and validated within an Austrian sample of

high school teachers and university students (Astleitner, 2001). A relevant study

(Sztejnberg, Hurek,& Astleitner, 2006) attempted to re-validate the findings of the

Austrian sample within a sample of Polish secondary education teachers and students.

The re-validation results were comparable to those found within the Austrian sample,

indicating that teachers and students are convinced that emotions are in most cases
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essential during instruction. Regarding the relevance of the FEASP-emotions, both

studies argued that fear, anger, and pleasure were important in view of teachers and

students, whereas envy and sympathy were considered less important.

Emotional instructional strategies can be implemented by using beneficially positive

emotions, while preventing, controlling, and managing negative emotions. Moreover,

the emotional feedback (Economides, 2006) can also be implemented using negative

emotions in order to increase the student’s devotion and engagement. These

“strategies” can be applied using humor and jokes, amusing games, expressions of

sympathy, reward, pleasant surprises, encouragement, acceptance, praises but also

through criticism and punishment (Economides, 2005). Emotional instructional

strategies can be applied in several domains of emotional learning and can generate

further research.
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3 Towards an Affective Self-Assessment Test Platform

3.1 From Paper and Pen to Computerized Self-Assessment
Tests

Assessments are a valuable supplement to the educational process with a great impact

on students’ learning experience and learning outcomes (Joosten-ten Brinke, van

Bruggen, Hermans, Burgers, Giesbers, Koper et al., 2007; Siozos, Palaigeorgiou,

Triantafyllakos & Despotakis, 2009). Therefore, the educational community has put a

considerable effort into integrating assessment with instruction. In this context, the

role of students has also been shifting from inactive learners to actively engaged

participants who are aware of the learning process, support teamwork, and perform

self-assessment. Self-assessment within an educational context involves students

evaluating their own work and progress towards learning goals. Thus, a self-

assessment process could involve students monitoring and evaluating their own

essays, reports, projects, presentations, performances, dissertations and even exams.

Self-assessment can be an extremely important tool in helping students review their

own work and acquire judgments about its strengths and weaknesses (Kaklauskas,

Zavadskas, Pruskus, Vlasenko, Seniut, Kaklauskas et al., 2010).

During the last decades, the assessment test environment is changing from paper and

pen to computerized assessment tests. The use of the information technologies has

been developed to offer computerized tests that are convenient and efficient, as well

as aesthetically and pedagogically improved (Rafaeli & Tractinsky, 1989, 1991).

Technologies of computerized testing have been introduced as a way to automate the

assessment process (Charman & Elmes, 1998). Computerized testing offers huge

potential for innovations in testing and assessment and can be applied in numerous

learning contexts. Assessment through the use of computers can be regarded as

formative and summative assessment: Summative assessment has to do with the

evaluation of students’ progress towards certain learning goals.  Formative assessment

provides regulatory feedback to help students reach learning goals (Birenbaum, 1996).
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Previous research has shown that students derive many benefits from computerized

assessment tests as compared to written assessment. Students have been shown to

consider assessment through computer testing more promising, credible, objective,

fair, interesting, fun, fast and less difficult or stressful (Croft, Danson, Dawson, &

Ward, 2001; Sambell, Sambell, & Sexton, 1999).

Interest in computerized tests has been increasing rapidly, due to many related

advantages, such as test security, cost and time reduction, speed of results extraction,

automatic record keeping for item analysis and distance learning (Bugbee, 1996;

Drasgow & Olsen-Buchanan, 1999; Mazzeo & Harvey, 1988; Mead & Drasgow,

1993; Parshall, Spray, Kalohn, & Davey, 2002; Smith, & Caputi, 2005; Tseng,

Macleod, & Wright, 1997; Thelwall, 2000). Furthermore, integrating these systems

with adequate multimedia and interactive features such as color, sound, video, and

simulations, could render users’ experience more exciting and engaging (Griffiths and

Hunt, 1995). More than a few renowned computer-based tests, such as the Graduate

Record Exam (GRE) and the Graduate Management Admissions Test (GMAT), are

currently administered on the web.

Moreover, tests administered on the web offer an extra potential for testing

innovations. The capability of web-based testing systems to allow assessments to be

conducted at any place, any time has been considered one of their main advantages

(Rafaeli and Tractinsky, 1989, 1991). Web-based testing systems offer all the

advantages of computer based tests, plus the flexibility of being delivered online.

Thus, current on-line assessment systems constitute an environment offering

numerous opportunities for innovations in testing and assessment, providing students,

teachers, developers and administrators with a new scope for improving the learning

process (McDonald, 2002).

A way for implementing computerized self-assessment is through a multiple choice

questions (MCQs) test that could be used to support the learner by providing adequate

feedback (Nicol, 2007). Even though MCQs have been criticized for being less

effective in capturing higher-order cognitive skills (Welsh, 1978; Gronlund, 1988), it

has been established that multiple choice tests can be used to assess higher order

knowledge if the questions are designed appropriately (Brown, Bull & Pendlebury,
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1997; Bull & McKenna, 2001). Furthermore, MCQs offer many advantages including

the chance to test a greater part of the syllabus (the writing time is minimised in the

multiple choice format), the chance to provide more effective feedback, and the

ability to mark the assessments online (Ramesh, Sidhu, & Watugala, 2005).

Rickets and Wilks (2002b) have found that the presentation of questions of a MCQ

test may have an effect on students’ performance. Median marks of students

answering questions presented on-screen in a scrolling format were 14% lower when

compared to questions presented on paper, and 20% lower when compared to

questions presented on-screen one at a time. Using a scroll bar to navigate through

questions may have interfered with the students’ concentration. Other studies have

also shown that displaying questions one at a time helps students to focus on a single

item (Clariana & Wallace, 2002).

Improvements in assessment practices have also been considered in recent years.

Assessment systems are shifting from a culture of demanding of students to memorize

mass amount of information to a culture where high-order thinking, such as

developing, analyzing and solving problems, is considered a key factor to the learning

process (Zohar and Dori, 2002). Two such higher-order skills include evaluating

peers’ work (peer assessment), as well as being critical towards one’s own work (self-

assessment) (Birenbaum, 1996; Sluijsmans, Moerkerke, van-Merrienboer, & Dochy,

2001). According to Larisey students should be driven towards self-directed learning

in order to become self-engaged learners (Larisey, 1994). Moreover, Bostock (2004)

argued that objective testing, peer, group, and self-assessments often motivate

students better than traditional examinations and coursework. Moreover, Snow (1989)

pointed out the need to test not only cognitive structures, but also conative structures,

such as self-regulatory functions and motivational orientations.

3.2 Affective Self-Assessment Test Platforms

Students often fail to successfully complete a learning task because of emotional

pressure taking many forms, such as emotional pressure exerted by parents, teachers,

schoolmates and even themselves. Moreover, academic success appears to hold the

key to students’ success in later life. All these factors may seriously impair students’
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learning performance, as well as their psychological and physical health (Pekrun,

Goetz, Titz, & Perry, 2002).

A self-assessment test platform capable of handling students’ affective and cognitive

needs would help students improve their knowledge and acquire a positive attitude

towards learning. According to Moridis and Economides (2009a), such a system

would be able to: (1) recognize the current affective state of the student; (2)

distinguish when and how to intervene in order to influence the student’s affective

state, based on a holistic educational pedagogy integrating affective models in

learning; (3) produce the most optimal affective state for learning. Additionally, the

tutoring system’s affective handling has to be successfully combined with student’s

cognitive handling. Consequently, further research related to the aforementioned

needs is required for effectively developing such a system (Moridis & Economides,

2008a).

Sometimes, it may be conducive to the learning experience to be self-assessed with

the aid of a tutoring system, rather than with a real teacher. Research evidence has

shown that people with more anxiety trust real humans less as their interaction

partners (Kang, Gratch, Wang, & Watt, 2008). Tests should give the participants

exercises, tasks or activities that challenge their understanding. Feedback should point

out where the students' understanding is faulty and resolve potential

misunderstandings, but without undermining their confidence. Positive feedback can

lead students with low self-esteem to believe that they can manage and learn from the

subject material that they feared the most (Bouchard, 1989). Increased self-efficacy

was found to have increased individuals’ resistance to negative emotions like anxiety,

distress and even fear (Hidi, 2004). If students frequently took practice tests, self-

efficacy would increase and they would learn more. Moreover, test anxiety would be

reduced and immune systems might benefit. This sense also relates to stress-

inoculation theory, whereby persons exposed to small doses of a frightening

experience eventually experience less fear and anxiety (Snooks, 2004).

Thus, such systems could be utilized by any kind of educator to administer online

tests based on their course, so as to provide their students with the potential benefits

of an affective tutoring system. Students could also use these systems after having
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studied each chapter of a book to self-assess their comprehension and progress in an

affective way. In addition, any learner could benefit from the use of such systems

depending on their learning goal, which can range from preparing oneself for a test

such as the Graduate Record Examination (GRE) to self-assessing one’s knowledge

during an online course of any topic. A flexible e-learning system would take into

consideration the student’s current knowledge and learning preferences (Albano,

Gaeta, & Salerno, 2006) to generate individualized learning paths (Albano, Gaeta, &

Salerno, 2007). In addition, the system would try to introduce students to an

emotional state conducive to learning by providing adequate feedback (Economides,

2005). Affective routines of the tutoring system will be embedded within learning and

the effort to produce an adequate mood and an optimal emotional-motivational state

for the current learning task will apply to the entire learning experience (Economides,

2008). Thus, we are dealing with various elements which need to be combined

effectively to produce a new generation of self-assessment test systems. Therefore, a

way to do this is to formulate and establish every constituent in separation and then

try to determine how they can all be combined to produce optimal results. This has to

be a joint effort, bringing together scientists from various fields (Moridis &

Economides, 2008a).

3.3 System Architecture
An online multiple-choice-questions self-assessment test system has been developed

for the purposes of this Ph.D. The system has been realized in a Windows XP

machine using JavaScript with Perl Common Gateway Interface (CGI) on Apache

web server with MySQL. The CGI is used to provide dynamic web pages to students

and the Perl programming language is a common choice for various reasons,

including its simple and powerful string manipulation, web server integration (i.e.,

Apache web server) and data manipulation (Guelich, Gundavaram, & Birznieks.,

2000). Many students took the online test simultaneously, thus MySQL, which is

designed for multiple users accessing files through a single server process, was a very

convenient choice for this kind of work (Kofler, 2005).
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Figure 3: The self-assessment test system’s architecture created for the purposes of this Ph.D.

The student’s terminal sent a standard HTTP request encoded with special variables

(commonly called CGI variables) and their values. The Apache web server received

the HTTP request and determined that the request was destined for a CGI program

and not for an HTML file. The Perl interpreter accepted the input from the server,

parsed the variables, contacted the MySQL database for reading and recording data,

applied some programming logic to the data and returned a document back to the web

server (Fig. 3).
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4. Formula-Based Models of Students’ Mood during an
Online Self-Assessment Test

4.1 Introduction

While some researchers address the issue of motivational skills concerning an

intelligent tutoring system (de Vicente & Pain, 1998; del Soldato & du Boulay, 1995;

de Vicente & Pain, 2002), others try to develop systems that focus on emotion (Kort,

Reilly, & Picard, 2001a, 2001b; Conati & Zhou, 2002). However, to the best of the

author’s knowledge, there has been no previous attempt at developing a tutoring

system with mood recognition capacities. Motivation, emotion, and mood overlap, but

have distinct characteristics as well. According to Bull, Brna, and Pain (1995) there

are benefits to extending the scope of student models to include additional

information. Therefore, motivation, emotion and mood could all be essential

concerning student modelling.

Although even emotions researchers frequently disagree with each other about the

definitions and the differences/similarities of mood, emotion, and motivation, it would

be helpful to briefly discuss about these concepts before continuing.

According to Williams and Burden (1997), motivation may be described as a

condition of cognitive and emotional arousal, which leads to a conscious choice to

take action, and which initiates a period of continued intellectual and/or physical

effort, so as to achieve a previously determined goal.

Moreover, mood and emotion have common features, but also have distinctions

(Larsen, 2000). Emotion and mood share three basic characteristics:

1) They are subjective experiences.

2) They are expressed through human communication channels.

3) They have a physical impact.

On the other hand, emotion and mood are distinct in four basic points:
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1) Duration and Intensity: Duration is a characteristic of mood, while intensity is a

characteristic of emotion.

2) Timing: It is easier to distinguish between the beginning-climaxing and the end of

an emotion than of a mood.

3) Cause-Reaction: The cause of an emotion is usually more evident than the cause of

a mood. In addition, emotion fires a target reaction, while a mood’s reactions are

frequently vague.

4) Information: Emotion carries information concerning the environment, e.g.,

information about a threat in our environment, while mood carries information

concerning our capacity to face such a threat.

Positive mood has been indicated to increase human ability to distinguish relevant

from irrelevant pieces of information, thus achieving advanced performance

concerning cognitive skills (Isen & Means, 1983). In addition, people in a positive

(vs. negative) mood are known to perform better on creativity tasks (Isen &

Daubman, 1987; Isen, Johnson, Mertz, & Robinson, 1985). However, positive mood

is not always the optimal state for learning because it widens the thought processes,

making it easier to be distracted. When the problem involves focusing, positive affect

may interfere with the subject’s concentration (Schwarz & Herbert, 1991). In such

cases, negative mood could be more helpful. There is conclusive evidence that people

in a negative (vs. positive) mood tend to further analyse information and perform

analytical/systematic information processing prior to making judgments or decisions

(Schwarz & Herbert, 1991; Bless, Bohner, Schwarz, & Strack, 1990; Forgas, 1992).

Negative mood focuses the mind, reducing distractions. It is when the negative affect

is too strong that learning tasks are inhibited (Bower, 1992).

Consequently, the further removed one is from the ideal affective state for the

learning task to be accurately carried out, the more definite the impact of non-optimal

affect on performance. Thus, people experiencing positive (vs. neutral) mood, for

example, should be more likely to regulate mood downwards when facing an
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analytical task, since they are further removed from the optimal negative mood

(Cohen & Andradea, 2004).

Though Cohen and Andradea (2004) have provided evidence that humans indeed try

to self-regulate their mood to match the needs of a certain task, there are many

students who cannot do so. Some children and adults have difficulty managing

positive and negative affective states successfully (Goleman, 1995).

Students’ affective states that are detrimental to learning could be overcome through a

self-assessment system. Importantly, an online self-assessment test could help

students to regulate their mood appropriately during their preparation for exams.

Thus, students would not only be cognitively, but also psychologically prepared to

deal with exams. Hopefully, students could use this mood regulation experience to

deal with other challenging issues as well. Moreover, an online multiple-choice-

questions test platform would help students to identify and improve their weaknesses.

A flexible e-learning system would take into consideration the student’s knowledge

state and learning preferences (Albano et al., 2006) to generate individualised learning

paths (Albano et al., 2007).

The aforementioned system, as every affective learning system, needs to have affect

recognition capabilities. The formula-based models described in this chapter are based

on student’s personal preference information. Because of the difficulty to distinguish

between each negative and positive emotion in emotional recognition framework

using personal preference information, negative and positive emotions were grouped

under negative and positive mood respectively. Besides, it has been suggested that

polarized moods enclose more behaviourally related information than neutral moods

for the reason that the signal is stronger and probably more reliable (Pham, Cohen,

Pracejus, & Hughes, 2001; Wegener & Petty, 1994). This agrees with evidence that in

a positive or negative mood, compared to a neutral mood, individuals are more

influenced by affect as information throughout an evaluative process (Schwarz &

Clore, 1996).

Research evidence has shown that if people are in some way inclined to regulate their

mood in expectation of social interaction, the direction of such regulatory attempts
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should be in the direction of neutrality, regardless of whether the initial mood is

positive or negative (Erber, Wegner, & Therriault, 1996). Moreover, there is research

evidence indicating that humans regard computers in a way similar to the social

behaviour exhibited in human-human interactions (Reeves & Nass, 1996; Nass &

Moon, 2000). Consequently, students may consider online self-assessment tests to be

a form of social interaction, so they may attempt to neutralize their mood in

anticipation of the test. A neutral mood does not signify affective indifference, nor

does it imply that moods are bipolar experiences. To a certain extent, it could be

interpreted as readiness for participation in interaction that suspends or erases prior

mood. This is because prior emotions will probably be unrelated to new interactions,

so they may even disrupt them. Therefore, in anticipation of interaction humans

attempt to collect their thoughts and emotions in order to facilitate interaction.

After making several assumptions, three formula-based models were developed and

evaluated in order to provide a measurement for the estimation of the student’s mood

while undertaking a self-assessment multiple-choice-questions test. To evaluate the

three models, I created a suitable online self-assessment test of multiple-choice

questions (see section 3.3) about basic computer knowledge and experimented with

153 high school students from three different regions in Greece. The results verified

the assumptions and proved the models’ ability to approximate students’ mood

satisfactorily.

4.2 Formula-Based Models 1 & 2: Approach

A person’s affective state could be predictable if their goals and perception of relevant

events were known (Ortony et al., 1988). Implemented in a computational model, this

can be achieved by using agents and artificial intelligence techniques, as well as

reasoning on goals, situations and preferences (Conati, 2002). For instance, it has

been demonstrated (de Vicente & Pain, 2002, 2003) that it is possible to create a

tutoring system able to infer a student’s motivation judging from the student’s

interaction with the system based on a set of predefined rules. Emotion recognition

systems are generally based on a rule base system, or on a system that has learnt to

solve the problem through extensive training (Caridakis, Karpouzis, & Kollias, 2008).

The richer the information provided by the interaction is, the more parameters can be

derived for extracting the interaction environment and for achieving a better emotion
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recognition performance. Thus, I suggest combining various indications in order to

optimize inferences about affective states during an online self-assessment test.

Furthermore, affective states are created through the interaction of social and personal

factors (Boehner, DePaula, Dourish, & Sengers, 2007). That is to say that emotion is

produced culturally and through personal interaction. Consequently, when we attempt

to model affective issues during students’ interaction with the on-line self-assessment

test environment, these factors play a crucial role and therefore should be taken into

account. Moreover, these factors should be integrated into an affective student’s

model when trying to provide the student with adequate feedback, so as to introduce

him/her into an emotional state beneficial to learning (Economides, 2005;

Economides, 2006). Hence, the proposed methods are built in such a way that

information about student’s interaction with the system can be incorporated during the

self-assessment test. This kind of information will enable the system to provide

adequate feedback on a student’s current mood based on the student’s interaction with

the system. Social and personal traits could offer some indication as to which factors,

and in which way, they could be used to influence students’ mood favourably to

learning (Economides, 2009a).

Formula-based Model 2 takes advantage of students’ personal goal which depends on

personal and social factors, such as parents’ expectations, personal ambition etc.

(Zimmerman, Bandura, & Martinez-Pons, 1992). Thus, students, in the experiment

phase, were asked to set a personal performance goal at the beginning of the test, and

students’ success or failure to reach this goal was monitored by the system during the

test.

Several research questions in the context of an online multiple-choice -questions self-

assessment test were explored, providing a measurement for evaluating the students’

mood during the test. To do so, I formulated and evaluated models on the basis of

hypotheses that could have an impact on a student’s mood during the test.

4.2.1 Formula-Based Model 1

One hypothesis centred on the likely impact of correct or wrong test answers on the

students’ mood. It was assumed that if a student gives correct answers to almost every
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question, he/she is highly likely to be positively affected, whereas if a student fails to

give correct answers to a large number of questions, he/she is a highly likely to be

overwhelmed by negative feelings. Another hypothesis explored whether a student’s

mood also depends on the number of given questions. Specifically, it was supposed

that the student feels little pressure when he/she has answered the first three questions

wrongly, and proceeds to answer the next question given that the total number of

questions is 100. On the other hand, if the same student had answered 80 questions

wrongly and he/she was about to answer the 92nd out of 100 questions, then the

emotional pressure would be much higher. The opposite would happen if the student

was about to answer question 92 being aware of the fact that he/she had already given

80 correct answers. In this case, the student would certainly be more relaxed.

Based on these assumptions, the first model was formulated in order to provide a

measurement for the evaluation of the student’s mood, with respect to each question

the student is about to answer (Moridis and Economides, 2008b):

(1) M(q, r, w) = (r – w) * q,

where:

M= the student’s mood

r= the number of correctly answered questions

w= the number of questions for which the student gives wrong answers

q= the total number of questions up to the current point.

If the number of correctly answered questions r is greater than the number of

incorrectly answered questions w, then M (i.e., student’s mood) is a positive number,

as derived from Equation (1), and this indicates that the student is in a positive mood.

On the other hand, if the number of wrong answers exceeds that of correct ones, M is

of negative value. In this case the student is in a negative mood. When the two

numbers r and w are of equal values, M equals zero, which implies a neutral student’s

mood. It is notable in Equation (1) that the quantity (r – w) is multiplied by the

parameter q. In this way, it is taken into account that the student’s mood also depends

on the number of answered questions.
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The maximum value that M can take in the system according to Equation (1) is:

(2) maxM = q2

while the minimum value that M can take according to Equation (1) is:

(3) minM = –(q2)

4.2.2 Formula-Based Model 2

Formula-based Model 2 is largely based on the student’s goal and the student’s

performance aimed at achieving this goal during the test. This is consistent with

research into human goals related to emotions, motivation, and mood, as discussed

earlier. Moreover, each individual expects to meet a certain personalized performance

goal, depending on their interest in a certain field and personal investment in time.

Allowing the student to set a personal goal is tantamount to personalizing the learning

experience.

Thus, another hypothesis was that the student’s goal influences his/her mood during

the test in relation to the remaining questions and his/her record. That is to say, if a

student knows that he/she has already failed to reach his/her goal during the test,

because the remaining questions are fewer than the questions he/she has to answer

correctly in order to reach his/her goal, he/she is a highly likely to be in a negative

mood. In addition to that, it was assumed that the student’s mood is also influenced by

his/her success or failure to answer the questions immediately before the current one.

For instance, if a student has failed to provide a correct answer to all of the five

previous questions, he/she is highly likely to be negatively influenced, but if a student

has managed to provide a correct answer to all of the five previous questions, he/she

is highly likely to be positively influenced. With a view to checking these hypotheses,

Model 2 was formulated (Moridis & Economides, 2009c):

(4) ),0()(,)( NqRqNqR 

where:
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R= the number of questions remaining before the end of the test

N= the total number of questions

q= the number of the current question

(5) )()( qrIqD 

where:

D(q)= the number of questions that the student still needs to answer in order to reach

his/her goal

I= the student’s goal

r(q)= the number of the student’s correct answers up to the current point

(6) )()()( qDqRqH 

where H(q) is a number that shows whether the remaining questions suffice for the

student to reach his/her goal. For example, H(q) = –4 would mean that the student has

already failed to reach his/her goal by four questions.

(7)
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where:

M(q)= the student’s mood

rr(q)= the number of correct answers in a row directly preceding the current question

wr(q)= the number of wrong answers in a row directly preceding the current question.

So, if there is one or more correct answers in a row directly preceding the current

question, we add them to H(q), while if there is one or more wrong answers in a row

directly preceding the current question, we subtract them from H(q).

Model 2 also provides minimum and maximum values for M, which are given from

the formulas shown below:
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(8) max M = 2N

(9) min M = –2N

4.3 Formula-Based Model 3: Approach
Relationships between actual physical magnitude of a stimulus and the human

perception of that stimulus were studied earlier than 1860 by the science of

psychophysics (Fechner, 1964). Psychophysics has been defined as the scientific

research of the relation between stimulus and sensation (Gescheider, 1997). This

means that it deals with the analysis of perceptual processes by observing the effect

on a subject’s experience or behaviour of methodically varying the properties of a

stimulus along one or more physical dimensions (Stevens, 1975). Psychophysics is a

sub discipline of psychology researching the connection between physical stimuli and

their subjective correlates, or percepts.

Our five senses (sight, hearing, touch, taste, and smell) inform us about the

surrounding environment. In other words, the most basic function of our senses is to

detect energy or changes of energy in the environment (for instance, chemical as in

taste or smell, electromagnetic as in vision, mechanical as in audition). According to

Weber-Fechner law (Fechner, 1964), as formulated in the middle of the nineteenth

century, our skill to become aware of small changes in these sensations (the “just

noticeable difference”), is proportional to the original intensity of the sensation.

This law was mostly founded on experiments where individuals were given two

almost equal stimuli (for instance, two similar weights) and tested whether they could

perceive a difference between them. It was deduced that the smallest perceptible

difference was approximately proportional to the intensity of the stimulus. That is to

say, if a subject could always feel that a 110 g weight was heavier than a 100 g

weight, they may well also feel that 1,100 g was more than 1,000 g. What was

important was that a constant relative difference in the intensity corresponds to a

constant absolute difference in the logarithm of the intensity.

Similarly, other sensations work in the same way. In a quiet area, you can hear a bird

singing. A second or a third bird singing could also be heard separately: The added

sound would be significant in relation to the existing sound level. But the more the
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singing birds become, the less you are able to distinguish between their songs,

because now the added sound is insignificant in relation to the already existing sound

level. In other words, as sounds get louder, there needs to be a bigger alteration in

intensity in order to identify it.

The mathematical description of this experience is called Stevens’ Power Law

(Stevens, 1975). Stevens’ Power Law suggests that the perceived sensation, R

(loudness of a sound, brightness of a light), is an exponential function of the present

level of the stimulus, S, (measured sound level or brightness). It is described by the

following formula:

(10) aSoSKR )( 

where S0 is the threshold, or lowest noticeable level, of the sensation, and K is a

proportionality constant. The value of the exponent a depends on the particular

sensation. Using the logarithm in both sides of the equation, the formula takes the

following form:

(11) KSoSaR log)log(log 

Evidence that human senses are better modelled through the use of an exponential

function, could also apply to affective modelling. Emotions, just like senses, do not

respond to stimulus in a linear way. Therefore, the new method makes the assumption

that success or failure to answer correctly the immediately previous questions does

not influence student’s mood in a linear but in a logarithmic way. The transformation

of the initial model, to take into account this assumption through the integration of an

exponential function, has provided a new method, which is more efficient than the

previous in estimating student’s mood. To the author’s knowledge, this is the first

research evidence supporting the use of logarithms to address the modelling of human

affective states. Whether logarithmic expression of human emotions is a suitable way

to address human affective states remains as yet to be proven.

4.3.1 Formula-Based Model 3
The formula-based model 2 already indicated that taking into consideration the

recently previous correct or wrong answers in a row just before the current question

increases the method’s sensitivity in evaluating student’s mood. What the previous
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model did not take into consideration is that the effect of recently previous correct or

wrong answers in a row immediately before the current question may diminish as the

test is proceeding and these answers are becoming less recent. According to this

assumption, the recently previous wrong or correct answers should be weighted

proportionately to how recent they are.

Thus, instead of just adding rr(q) (the number of recently previous correct answers in

a row just before the current question) or subtracting wr(q) (the number of recently

previous wrong answers in a row just before the current question) from H (q), a new

formula is utilised to calculate the number that is going to be added or subtracted from

H(q):

(12)  
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Thus, according to formula-based Model 3 student’s mood would be:

(13)
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Where i is the number of recently previous correct or wrong answers in a row just

before the current question. Accordingly, if one or more answers immediately before

the current question were correct, we add (12) to H(q). Whereas, if one or more

answers immediately before the current question were wrong, we subtract (12) from

H(q).

The comparison between H(q) alone and M(q) (Table 6, section 7.1 Formula-based

Model 2 vs. Model 1), indicated that adding one point for each correct or wrong

answer was a useful part of the previous model. Therefore, the new model retains that

part. However, it adds or subtracts only one point for all previous wrong or correct

answers in a row before the current one. Moreover, it adds or subtracts an extra
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weight for each wrong or correct answer in a row just before the current question,

proportionately to how recent it is.

The exp( ) function returns a number specifying e (the base of natural logarithms)

raised to a power. That is to say, the natural logarithm of a number is the inverse of

the exp( ) function. The number e is used to express values of such logarithmic

quantities as field level, power level, sound pressure level, and logarithmic decrement

(Mills, Taylor, & Thor, 2001). Affective issues concerning humans could be defined

as logarithmic quantities as well. It is suggested that human cognitive and affective

reactions are not linear to the stimulus causing these reactions, but rather exponential.

Hence, in order to express the logarithmic decrement of the influence of each recently

previous answer proportionately to how recent this answer is, the exp( ) function is

used.

The model also provides minimum and maximum values for M, which are obtained

from the formulas shown below:

(14)  
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4.4 Calculating the Agent’s Feedback to the Student’s Mood
Since, according to Formula-based Models 1 and 2, we know the maximum and

minimum values that M can take in the system, we can use a set of discrete values in

order to approximate the real value of M. In this way, each discrete value of input M

is mapped to a discrete output value which corresponds to a set of certain actions the

agent will perform as a feedback to the student. Thus, we can calculate the agent’s

feedback to the student using the formula shown below:

(16) feedback(M, L) = A
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where L is the discrete level to which M is assigned and A is a set of actions that can

be triggered from the M, L pair. In order to provide the agent with a much richer and

varying behaviour, we can attach more than one possible action to each M, L pair.

These actions could be triggered randomly or based on the frequency of their

appearance. It would be preferable if the agent did not repeat the same action for the

same M, L pair.

For instance, for M taking values from -100 to 100 (zero not included) and 10 discrete

levels (L) (L1 -100 to -81, L2 -80 to -61, L3 -60 to -41, L4 -40 to -21, L5 -20 to -1, L6

1 to 20, L7 21 to 40, L8 41 to 60, L9 61 to 80, L10 81 to 100), an M value of -88

would declare an action (A) triggered randomly from a set of actions corresponding to

level 1 (L1). Actions for such a negative mood could include expressions of

sympathy, pleasant surprises, acceptance e.t.c, so as to help the student cope with

his/her negative mood.
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5. Neural Network-Based Models of Students’ Mood
during an Online Self-Assessment Test

5.1 Introduction
Neural network-based methods were also used to predict student’s mood during a

self-assessment test. Neural networks contain no preconceptions of what the model

shape will be, so they are ideal for cases of low system knowledge. They are useful

for functional prediction and system modelling where the physical processes are

either incomprehensible or highly complex (Zhang, Patuwo, & Hu, 1998).

Affect recognition systems using conventional algorithmic methods follow a set of

instructions in order to recognize emotional states. However, unless the specific steps

that need to be followed are known, these methods cannot function effectively.

Besides, the problem solving capability of conventional algorithmic methods is

restricted to comprehensible and soluble problems. However, methods for affect

recognition would be so much more useful if they were efficient in domains, such as

affective learning, with which we do not exactly know how to deal. To solve this

inefficiency, neural networks, with their significant ability to derive meaning from

complicated or vague data, can be used to extract patterns and identify trends that are

too complex to be noticed by either humans or other computer techniques. Therefore,

neural networks are being used in an increasing variety of applications besides the

traditional areas such as pattern recognition and control. Non-linear learning

capabilities offer neural networks an advantage over conventional methods for solving

certain problems, in which generalization capabilities are indispensable.

Thus, in this case, neural networks may represent an attractive alternative to

conventional techniques. Techniques like neural networks, which are inherently suited

to addressing complex relationships, are likely to have a key place in describing the

patterns that exist concerning affect recognition (Cowie, Douglas-Cowie, & Cox,

2005). The neural network methods developed here confirm points of theory which

state that neural networks could be useful for the task of affect recognition. The

proposed neural network is initialized randomly and must undergo ‘‘supervised
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learning” prior to use as a mood recognizer. This requires knowledge of the desired

output for each input vector. An automatic mood recognition system that employs

neural networks, such as the one developed for the purpose of mood recognition

during a self-assessment test, requires sufficient training and testing material. This

material should contain two streams: an input stream and an output stream. As far as

test taking students’ mood is concerned, the input stream would consist of the

extracted relevant parameters (student’s goal, correct or wrong answers, remaining

questions, etc.) and the output would include the emotional class or category, in

general, the student’s mood for which the input parameters were extracted.

Able to model any arbitrarily complex nonlinear relationship, neural networks are not

restricted by a predefined mathematical relationship between dependent and

independent variables (White, 1989). A data analysis between the variables, recorded

and calculated during the experiment, used from the formula-based Model 2, the

neural network and the hybrid method to predict student’s mood (input), reveals that

there is no significant linear relationship between them and the student’s declared

mood on the slide bar (output to be predicted). Table 3 shows the linear correlation

coefficient (r) for each variable:

TABLE 3: LINEAR CORRELATION COEFFICIENT (R) FOR EACH VARIABLE USED BY THE MOOD
RECOGNITION MODELS

R D H rr wr R w

0.23 -0.39 0.64 0.32 -0.25 0.02 -0.29

The neural network in this experiment was trained using the same dataset emanating

from experiments made with high school students (described in section 6). Initially,

the neural network was trained using eight input parameters that intuitively seemed to

have an influence on students’ mood. Then, it was assumed that using the formula-

based Model 2 as an input parameter selection module would help to apply logic to

the available data before importing them to the neural network. This step reduced the

input parameters from 8 to 5, saving the neural network from unnecessary compute

load and increasing its effectiveness. Indeed, in this case, the neural network mood

recognizer performed better, indicating that hybrid structures would be preferable for

the construction of affect recognition systems.
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5.2 A Brief Introduction to Neural Networks
Neural networks are inspired by biology, and attempt to imitate learning processes in

the brain. As in nature, the network function is determined largely by connections

between elements. As knowledge on nervous systems is not extensive, we have to

define different functionalities and connection structures apart from a biological

perspective. We can train a neural network to perform a particular function by

adjusting the values of the connections (weights) between elements (Fausett, 1994).

An artificial neuron is an element with inputs, output and memory that may be

implemented with software or hardware. It has inputs that are weighted, added, and

compared with a threshold, although there can be various other types of neural

network architectures. The way neurons connect to each other is generally referred to

as the architecture of the neural network. Whenever the neural network makes an

error, some weights and thresholds have to be changed to compensate for this error.

The rules which govern how exactly these changes are to take place are referred to as

the learning algorithm. Different types of neural networks may have different learning

algorithms. Thus, when we refer to various types of architecture, it means the set of

possible interconnections and the learning algorithm defined for it.

One way to train a neural network is to initialize it with random weights and then

provide a series of inputs. An outstanding feature of neural networks is their learning

ability. They learn by adaptively updating the synaptic weights that characterize the

strength of the connections. The weights are updated according to the information

extracted from new training patterns. Artificial neural networks are often classified

into two distinctive training types, namely supervised or unsupervised (Leea, Boothb,

& Alamc, 2005). Supervised learning networks have been the mainstream of neural

model development. The training data consists of many pairs of input/output training

patterns. For an unsupervised learning rule, the training set consists of input training

patterns only. The network learns to adapt based on the experiences collected through

the previous training patterns. There are two phases in neural information processing,

namely the learning and the retrieving phase. In the training phase, a training data set

is used to determine the weight parameters that define the neural model. This trained

neural model will be used later in the retrieving phase to process real test patterns and

yield classification results.
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Of the many neural network architectures proposed, the multilayer perceptron (MLP)

with back-propagation learning algorithm has been found to be effective for solving a

number of real-world problems (Li & Yu, 2002; Murphey & Luo, 2002). Thus, the

neural network created here is of a MLP network structure. The MLP network

structure consists of an input layer, one or more hidden layers, and one output layer.

Each layer can have one or more neurons (Fig. 4).

Figure 4: Usual MLP artificial neural network structure

The traditional training method is the standard back-propagation (Rumelhart, Hinton,

& Williams, 1986), although numerous training schemes are available to impart better

training with the same set of data. According to Demuth and Beale (1995), the

Levenberg–Marquardt updating rule is more effective than the delta rule, used in

regular back-propagation. Trainlm is a MATLAB network training function that

updates weight and bias values according to Levenberg–Marquardt optimization.

Trainlm is often the fastest back-propagation algorithm in the MATLAB neural

network toolbox, and is highly recommended as a first-choice supervised algorithm,

although it does require more Random Access Memory (RAM) than other algorithms

(Hadi, 2003).

5.3 Software
In order to develop the neural network method, the Neural Network Toolbox 4.0.6

and MATLAB 7.1 were used. A MATLAB script was written which loaded the data

file, trained and validated the networks and saved the models’ architecture and
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performance in a file ready for further use. The input and output data were normalised

and de-normalised before and after the actual application in the network. The Neural

Network Toolbox offers a broad variety of parameters for neural network

development which can be chosen flexibly. MATLAB implements numerous learning

algorithms described by Demuth, Beale, & Hagan (2005).

By applying the developed MATLAB script it was possible to search for the best

model in an easy manner. Through the process of trial and error, several hundreds of

models were trained and validated, until a satisfactory architecture and MATLAB

Neural Network Toolbox settings for the method were developed.

5.4 Proposed Neural Network
One of the most serious problems that arise in learning by neural networks is over-

fitting of the provided training examples. This means that the learned function fits

very closely the training data but it does not generalise well, that is it cannot model

sufficiently well unseen data from the same task (Lawrence, Giles, & Tsoi, 1997).

A three-layer feed-forward neural network was trained as a mood recogniser using

trainlm. The neural network had the tansig transfer function in hidden layer and the

purelin transfer function in output layer. Transfer functions calculate a layer’s output

from its net input. The tansig and purelin transfer functions used in MATLAB are tan-

sigmoid and linear transfer function respectively. Each input vector was matched to

the desired output, which is the student’s mood. The dataset emanating from the

experiments with 153 high school students consisted of 765 vectors. The total

available data were randomly divided into a training set (sample data) of 150 vectors

and a test set of 615 vectors. To avoid over-fitting, a smaller part of the available data

was used as a training set and a bigger part as a test set. For the same reason, the

learning process was limited to 100 epochs.

Building a neural network is one thing, but making it a useful application is

something much more important. A key point to the success of a neural network in

recognizing a student’s mood is proper selection of the input parameters. In view of

this, the results of two stages of training were compared to decide which of the two
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would be more effective for selecting the input parameters of the neural network

mood recognizer.

At a Stage 1, the neural network was trained using the same input parameters that

were used by Formula-based Models 2 & 3. At Stage 2, it was assumed that an input

parameter selection module (in this case the Formula-based Model 2) would reduce

the compute load and increase the generalization ability of the neural network mood

recognizer.

5.4.1 Neural Network Stage 1
At a first stage, the neural network was initially trained using 8 input parameters that

intuitively seemed to have an influence on student’s mood: (1) The number of the

current question, (2) the number of questions remaining before the end of the test, (3)

the number of questions that the student still needs to answer in order to reach his/her

goal, (4) the number that shows whether the remaining questions are more or less than

the number of questions that the student has to answer so as to reach his/her goal, i.e.,

student’s hope to reach his/her goal, (5) the number of correct answers one after the

other just before the current question, (6) the number of wrong answers one after the

other just before the current question, (7) the number of correct answers up to the

current question, (8) the number of wrong answers up to the current question. The

neural network of stage 1 had one neuron for each input parameter (8 neurones) in

input layer, 16 neurones in hidden layer, and 1 neuron in output layer.

5.4.2 Neural Network Stage 2
At a second stage, it was assumed that an input parameter selection module (in this

case the formula-based Model 2) would reduce the compute load and increase the

generalization ability of the neural network mood recognizer. That is because issues

related to emotion may have a clear cause (e.g. happiness because of the presence of a

good friend), but they can also be difficult to explain (e.g. sadness after winning the

lottery). Affect seem to be on both sides of the logical, discrete representations that

conventional algorithmic methods handle carefully, and the non-symbolic

representations that neural networks construct. It is an advantage of neural networks

that they have the potential to allow evidence to make the emergence of fitting

intervening structures. However, it is a risk that they may generate weighting patterns

which mostly work in a limited area but which can neither be understood nor
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extended. Therefore, hybrid structures would be preferable for addressing those issues

(Cowie, Douglas-Cowie, Tsapatsoulis, Votsis, Kollias, Fellenz, et al., 2001). For that

reason, the neural network was also trained using as input parameters only the output

of the functions of the formula-based Model 2: (1) The number of questions

remaining before the end of the test, (2) the number of questions that the student still

needs to answer in order to reach his/her goal, (3) the number that shows whether the

remaining questions are more or fewer than the number of questions that the student

has to answer so as to reach his/her goal, i.e., student’s hope to reach his/her goal, (4)

the number of correct answers one after the other just before the current question, (5)

the number of wrong answers one after the other just before the current question. The

neural network of stage 2 had one neuron for each input parameter (5 neurones) in

input layer, 16 neurones in hidden layer, and 1 neuron in output layer.
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6. Experiment to Test the Mood Recognition Models

6.1 Participants
High school students (N = 153) were recruited from three different regions in Greece

(60 students from Athens, 50 students from Thessaloniki, and 43 students from

Mitilini). The respondents consisted of 56% females and 44% males. The average age

of the participants was 16.8 (SD = 1.98), with 90% of the sample ranging from 15 to

19 years.

6.2 Material
The multiple choice questions were focused on basic computer knowledge and skills,

based on material taught in lectures. The context of questions was pre-specified by the

teachers prior to the study. The test consisted of 45 questions. The order of questions

presented was randomly altered among students.

6.3 Procedure and Data Collection Methodology
The duration of the experiment was approximately 45 min. It took place during the

regular schedule of laboratorial classes. Students were told that this is a general

education test concerning computer knowledge that would help them assess their

knowledge about computers. At the beginning of the test, the system asked students

how many correct answers would make them feel satisfied by the level of their

knowledge, making them set their personal goal. Throughout the test, a student

selected his/her answer among four possible answers and confirmed his/her choice by

clicking the ‘‘submit” button. After each question the system informed the student

whether his/her answer was right or wrong and presented his/her score. Then the

student could proceed to the next question by clicking the ‘‘next” button.

During these 45 questions a slide bar (Fig. 5) appeared asking the student to move it

according to his/her mood concerning the test, from -100(extremely negative mood)

to +100(extremely positive mood). The slide bar appeared five times during the test,

once every 9 questions, at a different instant for each student, as shown in Table 4.

Accordingly, it took 9 students for the slide bar to appear once after every question of

the test. So, the 153 participants enabled us to check students’ mood after every
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question 17 times. Thus, the data set consisted of 765 instances (5 instances of each

student). The slide bar appeared once every 9 questions during the test because of the

danger of irritating the student.

TABLE 4: THE SLIDE BAR SEQUENCE WHICH WAS REPEATED EVERY NINE STUDENTS

Student Question after which the slide bar appeared
1st student 1st 9th 18th 27th 36th

2nd student 2nd 11th 20th 29th 38th

3rd student 3rd 12th 21st 30th 39th

4th student 4th 13th 22nd 31st 40th

5th student 5th 14th 23rd 32nd 41st

6th student 6th 15th 24th 33rd 42nd

7th student 7th 16th 25th 34th 43rd

8th student 8th 17th 26th 35th 44th

9th student 10th 19th 28th 37th 45th

The usual techniques of getting self-report about a student’s emotional state, through

questionnaires and/or textboxes, have obvious disadvantages (Moridis & Economides,

2008a). Questionnaires are easy to manage but have been criticized for being static

and thus incapable of recognizing changes in affective states. In addition, the way

questions are framed and demonstrated, the order in which questions are presented

and the terms employed in questions are all known to influence the subject’s

responses (Anderson, 1982; Lindgaard, 1995).

Using a slide bar to evaluate the mood recognition methods was intended to avoid

verbalization, so that students would give feedback concerning their mood without

their activity being disrupted as would be if they had to plainly verbalize their current

mood. In addition, by avoiding verbalization and using a slide bar instead of a

questionnaire, it was possible for students to declare their current mood through a less

culturally dependent process (Isbister, Hook, Sharp, & Laaksolahti, 2006).
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Figure 5: A screenshot of the slide bar

Each time the student declared his/her mood by moving the slide bar, 10 parameters

were calculated and recorded: (1) The number of the current question, (2) the number

of questions remaining before the end of the test, (3) the number of questions that the

student still needs to answer in order to reach his/her goal, (4) the number that shows

whether the remaining questions are more or fewer than the number of questions that

the student has to answer so as to reach his/her goal, i.e., student’s hope to reach

his/her goal, (5) the number of correct answers one after another before the current

question, (6) the number of wrong answers one after another before the current

question, (7) the number of correct answers up to the current question, (8) the number

of wrong answers up to the current question, (9) the score, and (10) the mood that the

student indicated by moving the slide bar.



92

7. Results of the Mood Recognition Models

7.1 Formula-Based Model 2 vs. Model 1
Initially the two mood recognition models were evaluated based on the divergence

from the real mood that the students pointed out on the slide bar. However, not only is

this a quantitative method of evaluation, but it is also difficult to be highly accurate in

predicting students’ mood, an extremely sensitive variable.

Fig. 6: Linear correlation coefficient (r) between the user-declared mood and the mood
estimated by Formula-based Model 1

The linear correlation coefficient between the user-declared mood and the one

estimated by Model 1 (section 4.2.3) is weak (r = 0.28) (Fig. 6). However,

experiments in Human-Computer Interaction (HCI) involve the most variable of all

phenomena – people. Thus, a mean error of 0.14 with a standard deviation of 0.11 and

a normal error distribution is a pretty fine performance for Model 1 in predicting the

student’s mood. In this case, a confidence level of 90% gives us a confidence interval
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of 0.01, which means that the mean error range for the true population mean is 0.13 to

0.15.

Though in a quantitative evaluation, the linear correlation coefficient between the

user-declared mood and the mood estimated by Model 2 is strong (r = 0.71) (Fig. 7).

The mean error for Model 2 is 0.1 with a standard deviation of 0.1 and a normal error

distribution. A confidence level of 90% for Model 2 gives us a confidence interval of

0.01, which means that the mean error range for the true population mean is 0.09 to

0.11.

Figure: 7. Linear correlation coefficient (r) between the user-declared mood and the mood
estimated by Formula-based Model 2.

It is obvious that Model 2 has a much better performance than Model 1 (Table 5). So,

taking into consideration more factors of students’ behaviour during the test increases

the model’s efficacy. Specifically, a student’s success or failure to reach his/her goal

during the test influences his mood. The closer to his/her goal the student is

throughout the test, the more positive his/her mood becomes. On the other hand, the

more the student’s distance from his/her goal increases as he/she proceeds with the

test, the more negative his/her mood becomes.
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TABLE 5: QUANTITATIVE COMPARISON BETWEEN FORMULA-BASED MODEL 1 & FORMULA-
BASED MODEL 2

Models r Mean
error

SD Confidence
level

Confidence
interval

Range for
true

population
mean

Model 1 0.28 0.14 0.11 90% 0.01 0.13-0.15

Model 2 0.71 0.1 0.1 90% 0.01 0.09-0.11

Another important issue is that adding or subtracting the number of correct or wrong

answers in a row immediately before the current question increases the Model’s 2

efficacy (Table 6). H (q) was separately compared with the entire Model 2, which is H

(q) plus rr(q) (the number of correct answers in a row immediately before the current

question) or minus wr (q) (the number of wrong answers in a row immediately before

the current question). The comparison showed that student’s success or failure to

immediately previous questions influences his mood positively or negatively towards

the current question.

TABLE 6: COMPARING H(Q) WITH THE ENTIRE FORMULA-BASED MODEL 2, SHOWS THAT
TAKING INTO ACCOUNT THE NUMBER OF CORRECT OR WRONG ANSWERS IN LINE

IMMEDIATELY BEFORE THE CURRENT QUESTION INCREASES THE MODEL’S EFFICACY.

Models r Mean
error

SD Mean success
recognizing

whether student
is in a positive or
negative mood

Mean success
recognizing whether

student is in a positive
mood

Mean success
recognizing

whether
student is in a
negative mood

H(q)
alone

0.64 0.11 0.1 77% 79% 80%

Model
2

0.71 0.1 0.1 82% 85% 82%

Trying to determine the exact percentage of student’s positive or negative mood is a

difficult task. However, if we try to determine just whether a student is in a positive

mood or in a negative mood, things are facilitated. Thus, in a qualitative evaluation of

the two models, we would judge the models by their success in predicting whether a
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student is in a positive or negative mood, no matter how positive or how negative this

mood is. Again Model 2 shows greatly improved performance compared to Model 1

(Table 7). Using Model 2 we can have a safe prediction of student’s mood in terms of

whether this mood is positive or negative.  A problem that is difficult to solve from a

quantitative viewpoint, becomes more approachable from a qualitative point of view.

TABLE 7: QUALITATIVE COMPARISON BETWEEN FORMULA-BASED MODEL 1 & FORMULA-
BASED MODEL 2

Models Mean success
recognizing

whether student
is in a positive or
negative mood

Mean success
recognizing

whether student
is in a positive

mood

Mean success
recognizing

whether
student is in a

negative
mood

Model 1 62% 67% 58%

Model 2 82% 85% 82%

7.2 Formula-Based Model 2 vs. Model 3
The linear correlation coefficient between user-declared mood and mood estimated by

formula-based model 3 (r = 0.73) is stronger than that of model 2 (r = 0.71). The

mean error for the model 3 is also improved at 0.05, with a standard deviation of 0.13,

and has a normal error distribution.  A confidence level of 90% for model 3 gives us a

confidence interval of 0.02, which means that the mean error range for true population

mean is 0.03 to 0.07.

When we try to determine whether a student is in a positive mood or in a negative

mood, model 3 is again more successful than the previous model 2 (Table 8).

Modelling multiple variables is important as students have complex characteristics

that ultimately affect their performance. However, adding additional variables will not

always increase the accuracy of the student model (Triantafillou, Georgiadou, &

Economides, 2007). In this case, the choice of taking into account how recent a

student’s correct or incorrect answer is produced good results. It seems that the

influence of correct or incorrect answers fades as the test proceeds and what counts

more is the most recent record.
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TABLE 8: COMPARING FORMULA-BASED MODEL 2 WITH FORMULA-BASED MODEL 3 INDICATES
THAT WEIGHTING THE RECENTLY PREVIOUS WRONG OR CORRECT ANSWERS, PROPORTIONALLY

TO HOW RECENT THEY ARE, INCREASES THE MODEL’S EFFICACY.
Model 2 Model 3

r 0.71 0.73

Mean error 0.1 0.05

S.D. 0.1 0.13

Mean success recognizing whether student is in a positive or
negative mood 82% 85%
Mean success recognizing whether student is in a positive mood

85% 87%
Mean success recognizing whether student is in a negative mood

82% 83%

7.3 Neural Network Stage 1 vs. Stage 2
Statistical analysis was performed using extra code written in Matlab. The calculation

of the mean error was normalized from 0 to 1. Initially, the neural networks of stage 1

and of stage 2 were evaluated based on their divergence from the mood that students

pointed out on the slide bar. Nevertheless, this is a quantitative way of evaluation. The

linear correlation coefficient between the user’s declared mood and the one estimated

by the neural network method trained with the input vector of stage 1 is also strong (r

= 0.7).  The mean error for the neural network of stage 1 is 0.08 with a standard

deviation of 0.1 and has a normal error distribution.  A confidence level of 90% for

the neural network mood recognizer of stage 1 gives us a confidence interval of 0.01,

which means that the mean error range for true population mean is 0.07 to 0.09.

The neural network trained with the input vector of stage 2 has a stronger linear

correlation coefficient (r = 0.74).  The mean error for the neural network of stage 2 is

0.04 with a standard deviation of 0.13 and has a normal error distribution.  A

confidence level of 90% for the neural network mood recognizer of stage 2 renders a

confidence interval of 0.02, which means that the mean error range for true population

mean is 0.02 to 0.06.
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It is obvious that the neural network of stage 2 outperforms the neural network of

stage 1, which indicates that hybrid structures would be preferable for the

construction of affect recognition systems (Table 9).

TABLE 9: QUANTITATIVE COMPARISON BETWEEN THE NEURAL NETWORK OF STAGE 1 AND
THE NEURAL NETWORK OF STAGE 2.

Methods r Mean
error

S.D. Confidence
level

Confidence
interval

Range for true
population

mean
Neural Network-
Stage 1

0.7 0.08 0.1 90% 0.01 0.07-0.09

Neural Network-
Stage 2

0.74 0.04 0.13 90% 0.02 0.02-0.06

TABLE 10. QUALITATIVE COMPARISON BETWEEN THE NEURAL NETWORK OF STAGE 1 AND
THE NEURAL NETWORK OF STAGE 2.

Methods

Mean success
recognizing whether

student is in a positive
or negative mood

Mean success
recognizing whether

student is in a
positive mood

Mean success
recognizing whether

student is in a
negative mood

Neural
Network-
Stage 1

82% 84% 80%

Neural
Network-
Stage 2

86% 87% 84%

Trying to determine the exact percentage of student’s positive or negative mood is a

difficult task. However, if we try to determine just whether a student is in a positive

mood or in a negative mood, things are getting much easier. So, in a qualitative

evaluation of the two methods, we would judge the methods by their success in

predicting whether a student is in a positive or negative mood, no matter how positive

or how negative this mood is. Again, the neural network of stage 2 performs better

than the neural network of stage 1. Using the hybrid method a safe prediction of

student’s mood in terms of whether this mood is positive or negative can be obtained

(Table 10).  A problem that is difficult to solve from a quantitative viewpoint

becomes more manageable from a qualitative point of view.
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8. Discussion of the Mood Recognition Models

8.1 Discussion of Formula-Based Model 2 vs. Model 1

Two models for student’s mood recognition during a computer test were presented,

with respect to each question the student is about to answer. It was shown that these

models are fairly accurate and easy to implement. A relatively large number of

students took an online test designed to collect data about their personal goals and

their records during the test. After each question, the system informed the student

whether he/she had provided a correct or wrong answer and presented his/her score.

The recorded data was used as input to the two models. The system also presented a

slide bar five times during the test at a different interval for each student, asking the

student to move it according to his/her mood concerning the test. Both models’

evaluation was based on the student’s feedback concerning his/her mood during the

test.

This approach to students’ mood recognition is unique for a number of reasons:

1) It demonstrated the two models’ ability to find good statistical fits to predict

the student’s mood based on the student’s goal and record during the test.

2) It provided evidence that more detailed models, taking into consideration

multiple factors concerning the student’s record, are significantly advanced

over more general models. This is the reason for the better performance of

Model 2 over Model 1.

3) It made obvious that H(q) is a basic factor for approximating student’s mood.

This means that a student’s verification or rejection of hope to reach his/her

goal configures his/her mood during a test.

4) It demonstrated that a student’s success or failure to answer correctly the

immediately preceding questions influences his/her mood towards the current

question positively or negatively.

5) It showed that it may be helpful to see HCI problems from a qualitative rather

than from a quantitative point of view.
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8.2 Discussion of Formula-Based Model 2 vs. Model 3
Let us assume that a student named John has set a personal goal of correctly

answering 31 out of 45 questions. Moreover, he has already provided answers to 35

questions, 20 correct, and 15 incorrect. Additionally, he has provided a correct answer

to the four previous questions in a row (questions 32-35). Thus, he is now ready to

deal with question number 36. Using model 2, John’s mood at that point would be:

(17) 10)35(3545)35(  RR

(18) 11)35(2031)35(  DD

(19) 1)35(1110)35(  HH

(20) 3)35(41)35(  MM

The above could be considered to be a positive mood, although John is already one

question behind achieving his personal goal. According to the new method John’s

mood would be:

(21) ))]4exp(/1())3exp(/1())2exp(/1())1exp(/1(1[1)35( M

(22) 57.0)(57.11)35(  qMM

Now let us examine what the two methods would have predicted for John’s mood

given the following sequence of questions and answers (Table 11):

TABLE 11: A SEQUENCE OF CORRECT AND WRONG ANSWERS

Question number 1 2 3 4 5 6 7 8
right (r)-wrong (w)
Answer w r r r w w w W
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Model 2 question 1:

(23) 44)(145)1(  qRR

(24) 31)(031)1(  qDD

(25) 13)(3144)1(  qHH

(26) 12113)1( M

Model 3 question 1:

(27) 63.11)1())]1exp(/1(1[13)1(  MM

Model 2 question 2:

(28) 43)2(245)2(  RR

(29) 30)2(131)2(  DD

(30) 13)(3043)(  qHqH

(31) 14)(113)2(  qMM

Model 3 question 2:

(32) 38.14)2()]1exp(/1(1[13)2(  MM

Model 2 question 3:

(33) 42)3(345)3(  RR
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(34) 29)3(231)3(  DD

(35) 132942)3( H

(36) 15)(213)3(  qMM

Model 3 question 3:

(37) ))]2exp(/1())1exp(/1(1[13)3( M

(38) 5.14)3( M

Model 2 question 4:

(39) 41)4(445)4(  RR

(40) 28)4(331)4(  DD

(41) 13)4(2841)4(  HH

(42) 16)(313)4(  qMM

Model 3 question 4:

(43) ))]3exp(/1())2exp(/1())1exp(/1(1[13)4( M

(44) 55.14)4(  M
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Model 2 question 5:

(45) 40)5(545)5(  RR

(46) 28)5(331)5(  DD

(47) 12)5(2840)5(  HH

(48) 11)5(112)5(  MM

Model 3 question 5:

(49) 63.10)5())]1exp(/1(1[12)5(  MM

Model 2 question 6:

(50) 39)6(645)6(  RR

(51) 28)6(331)6(  DD

(52) 11)6(2839)6(  HH

(53) 9)6(211)6(  MM

Model 3 question 6:

(54) ))]2exp(/1())1exp(/1(1[11)6( M

(55) 5.9)6( M
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Model 2 question 7:

(56) 38)7(745)7(  RR

(57) 28)7(331)7(  DD

(58) 10)7(2838)7(  HH

(59) 7)7(310)7(  MM

Model 3 question 7:

(60) ))]3exp(/1())2exp(/1())1exp(/1(1[10)7( M

(61) 44.8)7( M

Model 2 question 8:

(62) 37)8(845)8(  RR

(63) 28)8(331)8(  DD

(64) 9)8(2837)8(  HH

(65) 5)8(49)8(  MM
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Model 3 question 8:

(66) ))]4exp(/1())3exp(/1())2exp(/1())1exp(/1(1[9)8( M

(67) 42.7)8( M

Figure 8: An example of mood prediction of Formula-based Models 2 & 3.

Using John’s case to display the example of Table 11 reveals that the new method

behaves more smoothly than the previous (Fig. 8). In order to demonstrate the

advantage of the new method over the previous method it is crucial to examine how

the two methods operate under “extreme conditions”. Let us assume that a test is

consisted of 100 questions and that a student named Mark has set his personal goal of

providing correct answers to all of the 100 questions. Let us also assume that Mark

has utterly failed to reach this goal. He has wrongly answered 99 questions in a row.

According to model 2, Mark’s mood at that point would be:

(68) 1)99(99100)99(  RR

(69) 100)99(0100)99(  DD

(70) 99)99(1001)99(  HH
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(71) 198)99(9999)99(  MM

Supposing that Mark answers the last question of the test correctly, Model 2 would

predict Mark’s mood as follows:

(72) 0)100(100100)100(  RR

(73) 99)100(1100)100(  DD

(74) 99)100(990)100(  HH

(75) 98)100(199)100(  MM

Based on Model 2 Mark’s mood would be ameliorated by 100 units, from -198 to -98,

merely because he answered the last question of the test correctly. This is a very

unrealistic prediction. Predicting Mark’s mood with Model 3 leads to a solution to this

problem:

For question 99:

(76) 58.100)99( M

And for question 100:

(77) 63.97)100( M

Therefore, Model 3 provides a much more realistic prediction under “extreme

conditions”. Model 3 agrees with Model 2 on the fact that the student’s success or

failure regarding the previous questions does have an influence on student’s mood.

Nevertheless, Model 3 weights this influence differently. The less recent a question is,

the less its influence on student’s current mood should be weighted. This feature

allows the new method to adapt to unexpected testing conditions such as Mark’s

“extreme case”.
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Model 3 manages to adapt not only to the ordinary student but also to the

unanticipated one. However, the difference between the two methods is not so

apparent and did not have a strong effect on the study reported, since it does not

concern the usual student type. Nevertheless, in unexpected cases Model 2 fails by far

to predict student’s mood. Thus, the difference between the two methods may be

small for a whole group of students, but it is very essential for those individuals at the

extremes. Consequently, Model 3 is preferable as it incorporates all the advantages of

Model 2 plus an apparent advantage in extreme cases. Personalizing the learning

experience through a tutoring system requires building models able to adapt to a wide

variety of characters beyond the usual student type. Model 3 can support the needs of

personalized self-assessment much more efficiently than Model 2.

8.3 Discussion of Neural Network Stage 1 vs. Stage 2
Modelling student’s mood during an online self-assessment test through a hybrid

method (Stage 2), using a neural network combined with the formula-based Model 2,

was compared with a method using a neural network alone (Stage 1). The neural

network of stage 1 learned the data well enough to show a high correlation

coefficient, but the hybrid model showed a higher correlation coefficient and a lower

mean error. Moreover, in a qualitative evaluation of the two methods, judging the

methods by their success in predicting whether a student is in positive or negative

mood, regardless of its degree, the hybrid model was again more successful. This

shows that the hybrid method is more effective.

The results proved the neural network method’s ability to approximate student’s

mood at a satisfactory level. The success of the neural network of stage 2 in

recognizing student’s mood based on the same assumptions as the formula-based

Model 2 is a further verification that the chosen input parameters have an influence on

student’s mood while undertaking a test. Thus, the results confirmed that goals are

central to mood regulation throughout a test on the grounds that they provide the

comparison point used during the appraisal process. It was made obvious that a

student’s gaining or losing hope for reaching his/her goal determines his/her mood

during a test. Furthermore, the results imply that neural networks can constitute a
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high-quality solution for tutoring systems’ affect recognition methods using personal

preference information.

The neural network of stage 2 outperformed the neural network of stage 1, indicating

that hybrid structures would be preferable for the construction of affect recognition

systems. Using the formula-based Model 2 as an input parameter selection module for

the neural network reduces the compute load and increases the generalization ability

of the neural network mood recognizer. This indicates that neural networks and

conventional algorithmic methods should not be in competition but complement each

other for the development of affect recognition systems.

The proposed neural network could be trained to perform even better. What is

essential is that the presented work indicates that neural networks can provide a

significant prediction of student’s mood using personal preference information. These

results are very promising, indicating that the proposed method can form an effective

tool for the task of mood recognition during an online test, based on a student’s goal

and record during the test.
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9. Measuring Instant Emotions based on Facial
Expressions during a Self-Assessment Test

9.1 Introduction
Measuring emotions could be crucial in many fields, as varied as psychology,

sociology, marketing, and information technology. Furthermore, emotions are very

important during learning and assessment procedures. However, measuring emotions

is a very demanding task. Several tools have been developed and used for this

purpose.

The core channels/methods for measuring emotions are the following (Moridis &

Economides, 2008a): (1) questionnaire, (2) personal preference information, (3)

speech recognition, (4) physiological data, and (5) facial expressions. These methods

are described in section 2.3. The study described in this chapter focuses on measuring

emotions from facial expressions during a self-assessment test and particularly using

FaceReader 2, lately developed by Vicar Vision and Noldus Information Technology

bv. The FaceReader recognizes facial expressions by distinguishing six basic

emotions (happy, angry, sad, surprised, scared, disgusted, and neutral) with an

accuracy of 89% (Uyl & van Kuilenburg, 2005). The system is based on Ekman and

Friesen’s theory of the Facial Action Coding System (FACS) that states that basic

emotions correspond with facial models (Ekman & Friesen, 1977). Several studies

have used FaceReader for different purposes (Benţa, Cremene, & Todica, 2009;

Truong, Neerincx, & Van Leeuwen, 2008).

In this chapter, the efficiency of the FaceReader during a self-assessment test is being

evaluated. Instant measurements of the FaceReader are compared to two researchers’

estimations regarding students’ emotions. The observations took place in a properly

designed room in real time. Statistical analysis showed that there are some differences

between FaceReader’s and researchers’ estimations regarding Disgusted and Angry

emotions. Results showed that FaceReader is capable of measuring emotions with an

overall efficacy of over 87% during a self-assessment test, and that it could be
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successfully integrated into a computer-aided learning system for the purpose of

emotion recognition.

Moreover, this chapter provides useful results for the emotional states of students

during a self-assessment test. This is actually the first time that students’ instant

emotions were measured during a self-assessment test, based on their facial

expressions. Results showed that most of the time students were experiencing neutral,

angry and sad emotions. Furthermore, gender analysis highlights differences between

genders’ instant emotions.

9.2 Methodology
The course was an introductory informatics course, in the Department of Economic

Sciences of the University of Macedonia, Thessaloniki, Greece. The course contains

theory and practice. In the theoretic module, students have to learn general concepts

of Information & Communication Technology (ICT). In the practical module,

students have to learn how to use Word Processing and the Internet. The self-

assessment test included questions from both modules.

208 students enrolled to participate in the self-assessment test. The next step was the

arrangement of the appointments. Finally, 172 applicants out of the 208 attended their

appointments. There were 60 males (35%) and 112 females (65%). The average age

of students was 18.4 (SD=1.01). The self-assessment test was voluntary. The test

consisted of 45 multiple choice questions and its duration was 45 min. Each question

had 4 possible answers. The sequence of questions was randomized.

The use of the self-assessment test system (see section 3.3) was very simple. Each

student had to choose the right answer and then he/she had to push the “next” button.

Each page included the question, the 4 possible answers and the “next” button. The

text was in Greek. Teachers did not offer any additional instruction in the beginning.

Only a few students, who were not very comfortable with the use of the assessment

and asked for help with its use, received further information and instructions. The

system’s appearance was simple, too, in order to avoid any effects of design and

aesthetics.
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During the evaluation stage of a system, the effects of human-computer interaction

(HCI) are often examined by what is called the “wizard of oz mode”, in which a

researcher hidden behind a curtain controls the system and makes observations

(Cassell & Miller, 2007). Accordingly, each student took the test alone in a properly

designed room. The room had two spaces. There was a bulkhead between the two

spaces. In the first space, there was the PC on which the test was taken. Moreover, the

camera of the FaceReader was hidden in a bookcase. In the second space were the 2

researchers. FaceReader was connected with another PC in that space, so the

researchers were able to watch the facial expressions and the emotions of the

participants in real time. Each researcher recorded the student’s emotions measured

by the FaceReader and his estimation regarding the student’s emotion at the same

time. Besides, it is well known that people express themselves more freely when they

feel that they are on their own.

The purpose of this chapter has two dimensions in the context of a self-assessment

test platform: The first is the examination of FaceReader’s efficiency in measuring

students’ instant emotions, and the second is to provide empirical data concerning

students’ instant emotions.

9.3 Results
For the 172 students, 7416 different emotional states were recorded by the

FaceReader. Table 12 shows the results for each emotional state. The second column

shows confirmed records. Confirmed records are FaceReader’s records that are also

confirmed by the researchers.  In contrast, the third column shows all the records

(Confirmed records + Not Confirmed records) of the FaceReader during CBA.

Researchers and FaceReader had almost the same opinion regarding Neutral (99%)

and Happy (90%) emotions. Moreover, researchers and FaceReader largely coincided

for Scared (87%), Surprise (82%) and Sad (79%) emotions. However, the agreement

results were lower regarding Disgusted (70%) and Angry (71%) emotions.

Nevertheless, there was a high degree of agreement overall between the emotions

measured by the FaceReader and the researchers’ opinions.
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TABLE 12: FACEREADER AND RESEARCHERS’AGREEMENT ON VARIOUS EMOTIONAL STATES.
Emotion Confirmed

Records:
FaceReader

and
researchers’
agreement

Total
Records:

Confirmed
and not

Confirmed
FaceReader’s

records

Percentage
Of Confirmed/Total

records

Disgusted 295 421 70%
Surprised 215 262 82%
Neutral 3561 3607 99%
Happy 263 292 90%
Angry 1325 1870 71%
Scared 195 223 87%
Sad 586 741 79%
Total 6440 7416 87%

TABLE 13: FACEREADER AND RESEARCHERS’AGREEMENT ON VARIOUS EMOTIONAL STATES
OBSERVED REGARDING EACH GENDER.

Emotion Confirmed
Records:

FaceReader
and

researchers’
agreement

Total
Records:

Confirmed
and not

Confirmed
FaceReader’s

records

Percentage
Of Confirmed/Total

Records

z-test significant
difference

Disgusted male 131 198 66% 1.544 No
Disgusted female 164 223 73%
Surprised male 82 93 88% 1.743 No
Surprised female 133 169 78%
Neutral male 1196 1205 99% 1.837 No
Neutral female 2365 2402 98%
Happy male 68 73 93% 0.791 No
Happy female 195 219 89%
Angry male 563 779 72% 1.088 No
Angry female 762 1091 70%
Scared male 62 63 98% 2.876 Yes
Scared female 133 160 83%
Sad male 200 272 74% 2.736 Yes
Sad female 386 469 82%
Total male 2302 2683 86% 1.959 No
Total female 4138 4733 87%

Moreover, Table 13 shows the agreement between researchers and FaceReader on the

emotional states observed in each gender. For Neutral, Happy and Angry emotions,

FaceReader showed almost the same results in both genders.  Scared emotion was
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recognized better by FaceReader regarding males than females with statistically

significant difference. Finally, Sad emotion was recognized better by FaceReader

regarding females than males, also with statistically significant difference. Thus,

gender differences, concerning FaceReader performance, were observed in 2 out of 7

emotional states.

TABLE 14: CONFIRMED AND TOTAL RECORDS PERCENTAGES FOR EACH EMOTION RECORD OUT
OF OVERALL RECORDS DURING THE TEST.

Emotion Confirmed
Records:

FaceReader
and

researchers’
agreement

Total
Records:

Confirmed
and not

Confirmed
FaceReader’s

records

z-test Significant
difference

Disgusted 4.58% 5.68% 2.879 Yes
Surprised 3.34% 3.53% 0.565 No
Neutral 55.30% 48.64% 7.808 Yes
Happy 4.08% 3.94% 0.376 No
Angry 20.57% 25.22% 6.461 Yes
Scared 3.03% 3.01% 0.019 No
Sad 9.10% 9.99% 1.747 No

Table 14 demonstrates the confirmed (column 2) and total (column 3) proportions of

each instant emotion record out of overall records during the self-assessment test. Z-

test was used to compare the proportions of the two groups determining if they are

significantly different from one another. It was expected that Neutral would be the

instant emotion with the highest proportion. During the test, students’ facial

expressions remained calm. Students’ facial expressions changed instantly only if

they read questions or answers that provoked negative or positive emotions in them.

However, the percentage of Neutral’s appearances in the overall emotions, observed

by the FaceReader alone, was less (48%) than the percentage of confirmed Neutral

appearances (55%) in the overall confirmed emotions (observed by FaceRader and

confirmed by the researchers). The co-appearance, in FaceReader’s observations, of

Neutral with other emotions such as Angry and Disgusted increased the total records

and thus decreased the Neutral’s percentage. For cases such as this, the researchers

agreed most of the times only on the Neutral observation.



113

On the other hand, the percentage of confirmed Disgusted and Angry emotions in the

overall confirmed observations was lower than it was for the overall observations of

FaceReader alone. However, Surprised, Happy, Scared and Sad were not statistically

different. This indicates that FaceReader’s and researchers’ observations agreed

concerning these emotions during the test. The results also showed that “negative”

emotions (Angry, Sad, Disgusted) appeared more often than positive emotions such as

Happy.

Table 15 demonstrates the confirmed (column 2) and total (column 3) percentages of

instant emotions for each gender. Neutral and Angry were also statistically different

for both genders. However, Disgusted was statistically different only in males. This

indicates that there was an agreement between the FaceReader and researchers’

observations concerning females’ emotions of Disgusted. Thus, concerning Happy,

Scared, Surprised and Sad emotions, FaceReader’s and researchers’ observations

were statistically indistinguishable in both genders.

TABLE 15: CONFIRMED AND TOTAL RECORDS PERCENTAGES FOR EACH EMOTION RECORDS
OUT OF OVERALL RECORDS DURING THE TEST FOR EACH GENDER.

Emotion Confirmed
Records:

FaceReader
and

researchers’
agreement

Total
Records:

Confirmed
and not

Confirmed
FaceReader’s

records

z-test significant
difference

Disgusted male 5.69% 7.38% 2.339 Yes
Disgusted
female 3.96% 4.71%

1.673 No

Surprised male 3.56% 3.47% 0.095 No
Surprised
female 3.21% 3.57%

0.874 No

Neutral male 51.95% 44.91% 4.931 Yes
Neutral female 57.15% 50.75% 6.01 Yes
Happy male 2.95% 2.72% 0.403 No
Happy female 4.71% 4.63% 0.128 No
Angry male 24.46% 29.03% 3.595 Yes
Angry female 18.41% 23.05% 5.337 Yes
Scared male 2.69% 2.35% 0.675 No
Scared female 3.21% 3.38% 0.387 No
Sad male 8.69% 10.14% 1.695 No
Sad female 9.33% 9.91% 0.887 No



114

Moreover, the confirmed percentages of the two genders for each emotion record, out

of overall records during the test, were compared. Table 16 shows whether the

differences between the two genders are statistically significant.  Results indicated

that males were more Disgusted and Angry than females. On the other side, females

showed significantly more frequently Neutral and Happy facial expressions than

males. Surprised, Scared and Sad had no significant difference between the two

genders regarding confirmed records.

TABLE 16: STATISTICAL SIGNIFICANCE OF THE DIFFERENCES BETWEEN THE CONFIRMED
PERCENTAGES FOR EACH EMOTION RECORD OUT OF OVERALL CONFIRMED RECORDS DURING

THE TEST FOR EACH GENDER.
Emotion Male Female z-test Significant

difference
Disgusted 5.69% 3.96% 3.12 Yes
Surprised 3.56% 3.21% 0.677 No
Neutral 51.95% 57.15% 3.996 Yes
Happy 2.95% 4.71% 3.354 Yes
Angry 24.46% 18.41% 5.724 Yes
Scared 2.69% 3.21% 1.091 No
Sad 8.69% 9.33% 0.811 No

9.4 Discussion
Measuring instant emotions by using facial expressions is a well-known method.

However, this knowledge and technology has not been yet extensively used in

learning environments. The aim of this chapter was firstly to present the evaluation of

the effectiveness of the FaceReader during a computer based assessment. In parallel,

the instant emotions’ percentages that were produced during the test are demonstrated.

In other words, it is presented how the students felt instantly while taking the test.

Furthermore, the analysis is extended to genders in order to highlight differences

between them.

Results showed that FaceReader is capable of measuring emotions with an overall

efficacy of over 87% during the test (Fig. 9), and that it could be successfully

integrated into a computer-aided learning system for the purpose of emotion

recognition. Specifically, FaceReader successfully recognized Surprised, Happy,

Scared and Sad emotions (Fig 9). FaceReader was also successful for Neutral (Fig 9).
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Percentage Of Confirmed / Total Records
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Figure 9: FaceReader and researchers’ agreement on various emotional states.

Moreover, results indicated that FaceReader did not exhibit significant differences

regarding emotion recognition between genders, except for Sad and Scared emotions

(Fig. 10). For Sad, FaceReader was more successful in females. In males, FaceReader

was more effective for Scared.

Pe rce ntage  of Confirm e d to total Face Re ade r  re cords  for  e ach
ge nde r

72%

93%

99%

88%66%

74%

98%

73%

98%

89%
70%

83%

78%82%

Disgusted

Surprised

Neutral

HappyAngry

Scared*

Sad*

male

female

Figure 10: FaceReader and researchers’ agreement on various emotional states observed
regarding each gender.

Emotions with an * declare significant differences
regarding emotion recognition between genders
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Analysis of the results showed limitations concerning the distinction between Neutral,

Angry and Disgusted in males during a computerized test. Practitioners and

researchers could enhance emotion face recognition methods to be more effective in

distinguishing between Neutral, Angry, and Disgusted in the context of a

computerized test. Specifically, Figures 11, 12, and 13 show examples of

FaceReader’s limitations during a test. As discussed earlier, most of the times

FaceReader simultaneously measured Angry and Disgusted, the researchers agreed

only with the presence of an Angry emotion (Fig. 11). Some movements of jaw,

mouth and nose may have interfered with the FaceReader’s accuracy.

Figure 11: Angry and Disgusted emotions co-appearance during FaceReader’s measurements.

Additionally, FaceReader frequently measured an Angry emotion simultaneously with

a Neutral one, but Neutral was the only emotion confirmed by the researchers (Fig.

12). This particular disagreement was expected. When participants read the questions,

many of them had clouded brows. People are taking this facial expression when

reading something with great concentration. Zaman and Shrimpto-Smith (2006) came

up to the same result. This may be the reason for FaceReader frequently measuring an

Angry emotion simultaneously to a Neutral one.
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Figure 12: Angry and neutral emotions co-appearance during FaceReader’s measurements.

Moreover, FaceReader faced limitations with bespectacled or pierced participants.

Other problems were caused by special personal features like big noses, bushy brows,

small eyes or chins. Another difficulty was fringes reaching down to eyebrows (Fig.

13).

Figure 13: At certain cases FaceReader’s modeling failed.
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However, these limitations are being confronted. Researchers currently classify

features which are located outside the modelled area of the face (e.g. hair) or features

that are poorly modelled, such as wrinkles, tattoos, piercing and birthmarks.

Moreover, person identification will be added to the system (Den Uyl & van

Kuilenburg, 2005).

Analysis of the results also included the measurements of the various instant emotions

that appeared during the test. Neutral was the most dominant of confirmed instant

emotions with 55% (Fig 14). As discussed earlier, most of the time students’ facial

expressions stayed calm and they were changing their facial expressions only if they

read something that changed their emotions, such as a very difficult or a very easy

question. Besides Neutral, the appearance of confirmed Angry was also very frequent

at 20% (Fig 14), which is a very crucial result. Angry is a negative emotion that could

disorganise student’s effectiveness during a self-assessment or a learning procedure

(Goleman, 1995). Another negative confirmed instant emotion of high frequency

during the test was Sad (9.1%). Similarly, Sad could have negative effects on

student’s attention and motivation (Bower, 1992). Disgusted (4.6%) and Scared (3%)

are two other negative confirmed emotions that were not observed extensively (Fig

14). However, their measurement is also important because if practitioners and

researchers wish to manage student’s instant emotions, they also have to take into

account Disgusted and Scared (Economides & Moridis, 2008). During a computerized

test, Disgusted and Scared are two negative emotions that can have an influence on

student’s emotional experience. Scared and Disgusted were observed most of the

times after a long series of wrong answers. On the other hand, confirmed Happy (4%)

also had a small percentage during the test (Fig 14). This result may be justified, since

a test is an anxiety provoking procedure. Happy was observed when students correctly

answered a difficult question or during the last questions if they felt that they had

already reached a satisfactorily high score.
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Confirmed records percentages for each emotion records out of overall
confirmed records during CBA.
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Figure 14: Confirmed records percentages for each emotion record out of overall confirmed
records during the self-assessment test.
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Moreover, gender analysis revealed some useful results (Fig. 15). Surprised, Scared

and Sad did not significantly differ between genders. Males presented significantly

larger percentages for Disgusted and Angry. This may indicate that males lose their

temper and concentration more easily. On the other hand, females appeared to

experience more Neutral and Happy emotions.

9.5 Conclusions
An instrument like FaceReader is very crucial for the amelioration of computer-aided

learning systems. Educators will have the opportunity to better recognize how their

students are feeling during the learning procedures and they will also be able to give

better and more effective emotional feedback in learning, self-assessment or CAT

(Computer Adaptive Testing) systems (Economides, 2006).

This is the first attempt to evaluate an emotional facial recognition instrument during

a computerized test. Analysis indicates some useful results. Firstly, FaceReader is

efficient in measuring emotions with an over 87% overall accuracy during a test.

Specifically, FaceReader successfully recognized Neutral, Surprised, Happy, Scared

and Sad emotions, while it faces some limitations with Angry and Disgusted

emotions. Moreover, the results of the experiment presented in this chapter indicate

that FaceReader does not exhibit significant differences regarding emotion

recognition between genders, except for Sad, in which it was more successful for

females and in Scared, where it was more effective for males.

Besides the evaluation of FaceReader, the results provide empirical data for the

emotional states of students during computerized tests. Analysis showed that Neutral

(55%) was the dominant instant emotion, followed by Angry (20%) and Sad (9%).

Students were also experiencing the other four instant emotions that FaceReader is

able to measure, at lower percentages (Disgusted with 4.5%, Happy with 4%,

Surprised with 3.3%, and Scared with 3%).  Finally, gender analysis revealed that

females were experiencing significantly larger percentages of Neutral and Happy

emotions. On the other hand, males appeared to experience more Disgusted and

Angry emotions.
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To conclude, this chapter provides useful and important results regarding the

effectiveness of FaceReader and the students’ instant emotions during a self-

assessment test. These results could be useful for tutors, researchers and practitioners.

The information obtained by the proposed mood recognition methods (see chapters 4,

5, 6, 7, & 8) and the evaluation of FaceReader during a computerized test (presented

in this chapter), should be used to provide the student with adequate feedback.

Affective feedback can be provided before and after the test, during the test, and

before and after a student’s answer to a question. In all these cases affective feedback

can be provided either routinely according to the student’s affective state, either upon

the student’s or the teacher’s request. Affective feedback can be applied by using

constructively positive emotions, while preventing, controlling and managing

negative emotions. Moreover, affective feedback can also be provided by means of

negative emotions in order to increase the student’s devotion and engagement. Thus,

it can be implemented using humour and jokes, amusing games, expressions of

sympathy, reward, pleasant surprises, encouragement, acceptance, praises but also

through criticism and punishment. Nevertheless, further research is needed to produce

successful methods of affective feedback. Thus, in the context of my Ph.D. research,

ways to integrate emotional feedback into self-assessment test platforms were also

examined.
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10. The Impact of Empathetic Agents with Emotional
Facial Expressions on Student’s Fear, Sadness, and
Happiness

10.1 Introduction
A main focus of research relating to any kind of interactive computerized

environment, ranging from video games to tutoring systems, has to do with Embodied

Conversational Agents (ECAs) and Avatars. ECAs are digital models determined by

computer algorithms, whereas avatars are digital models guided by humans in real

time (Bailenson, Yee, Merget, & Schroeder, 2006). Thus, avatars’ interaction is

human-controlled, whereas ECAs have an automated, predefined behaviour. While

this chapter focuses on ECAs empathetic behaviour in the context of a self-assessment

test, some of the conclusions of this work could be interesting for applications using

avatars as well.

Regarding ECAs, Cassell and Miller (2007) have suggested that an ECA: “..must be

capable of simulating many of the same responses that humans give, such as

happiness and sadness, attentiveness and boredom, desire to take the floor, and

acknowledgement that the other’s words have been understood.” Moreover, an ECA

developed for a tutoring system should know when and how to intervene in order to

influence the student’s emotional state, based on an educational pedagogy integrating

emotional models in learning (Moridis & Economides, 2008a).

In the study described in this chapter, three identical female ECAs with three different

types of empathetic behaviour were displayed as feedback to students’ Happy, Sad,

and Fear emotional states in the context of a self-assessment test. Then their affective

transitions from these three emotions to Happy, Angry, Sad, Surprised, Scared,

Disgusted, plus Neutral emotional states were examined.

It has been suggested that learners who enter an affective state detrimental to learning

are likely to stay in that state, entering a “vicious cycle” that prevents them from
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actively reengaging in the constructivist learning process (Baker, D'Mello, Rodrigo, &

Graesser, 2010; D’Mello, Taylor, & Graesser, 2007). Baker et al. (2010) have

suggested that considerable effort should be put into recognizing and giving adequate

feedback to boredom and confusion, with an emphasis on developing pedagogical

interventions to interrupt the ‘‘vicious cycles’’ happening when a student becomes

bored and remains bored.

Moreover, it has been proposed (Woolf, Burleson, Arroyo, Dragon, Cooper, & Picard,

2009) that emotions in a learning context tend to differentiate regarding the kind of

emotional incident experienced by students. That is to say, for example, that in an

educational context anger may include a cognitive component that may lead to

frustration. To address this issue, Woolf, Burleson, Arroyo, Dragon, Cooper, and

Picard (2009) referred to emotions occurring in learning as “cognitive-affective”

terms. Thus, according to this approach, each “basic” emotion can be seen on a scale,

resulting in four orthogonal bipolar axes of cognitive-affect. For instance, the

proposed scale for fear is: “I feel anxious … I feel very confident” (Woolf, Burleson,

Arroyo, Dragon, Cooper, & Picard, 2009).

However, the study presented in this chapter is committed to addressing Happy, Fear,

and Sad emotions in the context of a self-assessment test. When the effect of negative

emotions, such as Sad and Fear, is too strong, the student’s performance can be

seriously impaired. Frequent errors could create the expectation of more errors, thus

increasing negative emotions and leading to even more wrong answers until the

student’s performance collapses (Yusoff & Du Boulay, 2009).

Fear of failure has been stated to be an important factor during test taking. As shown

in (Achebe, 1982), some students’ self-defeating beliefs and fear of failure had a

strong association with eventual test failure, the very situation that they were trying to

avoid. Fear causes the amygdala, regions of the brain, to put the body on alert, quickly

shutting down higher-order thinking, long-term memory, and our capacity to perform

(Goleman, 1995). Therefore sometimes students happen to know the answers after the

test, but not while taking it (Economides & Moridis, 2008).



124

Positive emotions may also occasionally necessitate instruction. For instance,

providing the correct answer to a hard question could induce positive emotions such

as joy and enthusiasm, but also lead to loss of concentration if too much consideration

is given to the elicited emotions. With no pedagogical feedback, positive emotions

can lead students focus on excitement and undervalue the effort required to achieve a

successful result (Efklides & Volet, 2005; Economides, 2005).

The domain in which an agent is displayed is possible to significantly influence the

emotions an agent expresses, as well as the users’ reactions to those emotional

expressions (Beale & Creed, 2009). Various educational assessments increasingly

depend on computer-based assessment tests. Moreover, the preparation of self-

assessment tests is increasingly becoming a key issue in the educational process.

Experiments with as many emotional states as possible will provide valuable

empirical knowledge. Affective feedback aimed at corresponding to the needs of

personalized self-assessment, should be able to adapt even when learners experience

uncommon emotional states.

It has been shown that empathetic feedback expressed through an agent can change

the affective state of the learner (D’ Melo et al., 2008; McQuiggan, Robison, &

Lester, 2008). Moreover, there is research evidence supporting that students

interacting with an empathetic agent would show higher self-efficacy and be more

interested in learning tasks (Kim, 2005). An embodied pedagogical agent for

recognizing and providing feedcack to learners’ affective states is Autotutor (D’ Melo

et al., 2008). Autotutor uses an outstanding approach for detecting and responding to

learner’s affect, integrating empathetic behaviour with emotional facial expressions

and emotionally synthesized speech.

However, a lot of research still needs to be conducted to arrive at conclusive evidence

concerning different forms of ECAs’ empathetic behaviours displayed under different

learning contexts. Accordingly, few researches have been done with the purpose of

finding appropriate facial expressions for empathetic ECAs displayed in tutoring

systems. The study, presented in this chapter, aims to examine the impact of ECAS’

emotional facial expressions combined with empathetic verbal behavior, when
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displayed as feedback to student’s fear, sad, and happy emotions in the context of a

self-assessment test.

In order to develop affective tutoring systems, it is essential that the ways in which

emotions influence learning be known. Nevertheless, this knowledge would have no

use in affective tutoring systems if these systems could not recognize a student’s

emotional state (Moridis & Economides, 2008a). Preferably, data from many modes

of interaction should be combined by a computer system so that it can make as valid

estimations as possible about users’ emotions (Oviatt, 2003; Pantic & Rothkrantz,

2003).

In this study students’ emotions during a computerized self-assessment test were

observed by two independent researchers and the FaceReader. The FaceReader,

developed by Vicar Vision and Noldus Information Technology bv, recognizes facial

expressions by distinguishing six basic emotions (Happy, Angry, Sad, Surprised,

Scared, Disgusted, plus Neutral) with an accuracy of 89% (Den Uyl & van

Kuilenburg, 2005). The system is based on Ekman and Friesen’s theory of the Facial

Action Coding System (FACS) that states that the basic emotions correspond with

facial models (Ekman & Friesen, 1977).

Feedback was displayed only when both the FaceReader and the researchers agreed

that a student was in a Fear, Sad, or Happy emotional state. All emotions during the

test, including the affective transitions observed as a result of each feedback, were

registered only when both the FaceReader and the researchers agreed that a student

was in a Neutral, Sad, Happy, Surprise, Disgust, Fear, or Angry emotional state.

Students participating in the self-assessment test were randomly distributed into 4

groups: 1) A group where no feedback was displayed (N.F. group), 2) A feedback

group where an ECA performing parallel empathetic verbal behaviour with a neutral

facial expression was displayed (ECA 1 group), 3) A feedback group where an ECA

was performing parallel empathetic verbal behaviour, displaying a facial expression

that was relevant to the emotional state of the student (Fear, Sad, Happy) (ECA 2

group), and 4) A feedback group where an ECA was performing parallel and then

reactive empathetic verbal behaviour, displaying a facial expression that was relevant
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to the emotional state of the student (Fear, Sad, Happy) for parallel empathy and then

displaying an emotional facial expression different from the emotional state of the

student for reactive empathy (ECA 3 group).

The aim of the study described in this chapter is to examine the inclusion of emotional

facial expressions in the delivery of parallel and reactive empathy, and its impact on

how students’ emotions of Happiness, Fear, and Sadness were altered as a result of

this kind of agents’ empathetic behaviour.

This chapter continues as follows: Section 10.2 briefly describes some research

paradigms of related work. Section 10.3 refers to the methodology of this study, as

related to issues of ECAs empathetic behaviour, issues related to the design of the

ECAs used in this study, and issues concerning the design of this study’s experimental

environment. Section 10.4 is a description of the experimental process. Section 10.5

describes the methods used for analysing the experimental data. All results are

presented in section 10.6. Section 10.7 is a conclusion section, discussing important

findings of this work and issues concerning future research.

10.2 Related Research
Although ECAs expressing empathetic behaviour are increasingly gaining attention,

there are still few research paradigms attempting to analyse and examine the role of

ECAs’ empathetic behaviour in a learning context. Some of these are presented in the

following paragraphs.

An early approach was that of Lester, Towns, and Fitzgerald (Lester, Towns, &

FitzGerald, 1999b), implementing a lifelike pedagogical agent named COSMO,

aiming to provide tutoring help in a learning environment for the domain of Internet

packet routing. COSMO does not resemble a virtual human, but rather an “impish,

antenna-bearing creature”. The agent is capable of performing full-body emotive

behaviors in reply to learners' problem-solving actions. Moreover, COSMO agent

utilizes empathetic behaviour as feedback to learners’ experiences of disappointment

and sadness.
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Hone, Axelrod, and Pakekh (2005) programmed an embodied character using

Microsoft Agent and Visual Basic. Microsoft Agent is a collection of programs for

Microsoft Windows featuring animated characters that are capable of talking,

performing facial expression and bodily displays of emotion. A virtual human

character, James the butler, was chosen from the Microsoft Agent character

collection. Hone, Axelrod, and Pakekh integrated to the agent various strategies to

reduce negative emotions. Moreover, some of the agent behaviours were derived from

human displays of empathy. The agent was displayed in a biology learning

environment for university undergraduates (18-25 years old). Results confirmed the

agent’s ability to reduce negative emotions (frustration, boredom and depression).

Burleson and Picard (2007) developed an Affective Agent Research Platform,

consisting of a character agent able to perform a wide variety of expressive

interactions. The agent resembles a “humanoid robot” and is capable of mirroring a

number of nonverbal behaviors supposed to influence persuasion, liking, and social

rapport. Furthermore, the agent responds to frustration with empathetic or task-

support dialogue. Burleson and Picard examined the impact of this agent on 11–13-

year-old children, while helping them solve the Towers of Hanoi problem. Results

from this study revealed gender specific impacts of the agent’s nonverbal behaviours

and affective support strategies on children’s frustration and perception of the agent.

Important research has emanated from the Autotutor project. Autotutor is a more than

10-year-old project aiming at developing an intelligent tutoring system that enhances

students learning by maintaining a conversation in natural language (Graesser,

Chipman, Haynes, & Olney, 2005; Graesser, Person, & Harter, 2001; Graesser,

VanLehn, Rose, Jordan, & Harter, 2001; Graesser, Wiemer-Hastings, Wiemer-

Hastings, & Kreuz, 1999). The agent appears as a virtual human and interacts with the

learner through synthesized speech, facial expressions, and simple hand gestures.

Empathetic behaviour has also been integrated in the autotutor as feedback to

learners’ emotions of boredom and frustration (D’ Melo et al., 2008). Results from

numerous experiments conducted with the AutoTutor “teaching” college students

Newtonian physics, computer literacy, and scientific reasoning indicate that the

system can greatly improve learning gains.
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Some recent research efforts towards empathetic ECAs have been conducted in the

context of a narrative centered inquiry-based learning environment, the CRYSTAL

ISLAND (McQuiggan, Robison, Phillips, & Lester, 2008). There are 6 virtual human

characters (Audrey, Elise, Jin, Quentin, Robert, and Teresa) in the CRYSTAL

ISLAND environment, each one of them playing a distinct role. The environment was

developed to provide tutoring for the fields of microbiology and genetics to middle

school students. The empathetic characters respond to students’ emotions (anger,

anxiety, boredom, confusion, delight, excitement, fear, flow, frustration, and sadness)

employing parallel and reactive empathy. Results of these experiments have been very

promising, showing the agents’ capability to alter the student’s emotional state

(D’Mello, Taylor, & Graesser, 2007; McQuiggan, Robison, & Lester, 2008; Robison,

McQuiggan, & Lester, 2008).

This study follows the same approach as previous researchers concerning the parallel

and reactive empathetic mechanisms performed through the ECAs. Moreover, the

effects of ECAs’ emotional facial expressions when combined with parallel and

reactive empathy were examined, in the context of a self-assessment test.

10.3 Methodology

10.3.1 Empathetic Behaviour
Before analysing the design of the ECAs used in this experiment, it would be

appropriate to discuss some issues of agents’ empathetic behaviour so as to provide

the rationale for the selected empathetic responses presented in this chapter.

A common human reaction to communicate affection is that of empathy. There are a

variety of ways for conceptualizing empathy (Davis, 1996). The aspect of empathy,

employed in this study, is based on Rogers (1959), who defined empathy as the ability

to perceive another person’s inner psychological frame of report with precision, but

without ever losing consciousness of the fact that it is a hypothetical situation.

Therefore, empathy is to feel, for example, someone else’s pain or pleasure and to

perceive the cause of these feelings as perceived by the other person, without

overlooking self-awareness.
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A number of authors argued that the presence of empathetic emotion in a computer

agent has significant positive effects on a user’s impression of that agent and, as a

result, will advance human-computer interaction (Brave, Nass, & Hutchinson, 2005;

Dehn & Van Mulder, 2000).  Other studies have shown that empathetic agents can

lessen feelings of frustration more efficiently than non-empathetic agents (Klein,

Moon, & Picard, 2002; Hone, 2005).

Nevetheless, empathy is a multidimensional and confusing concept. Some of the

confusion emanates from the distinction between empathy as an internal personal

experience and empathy as a communication process, and from the way this

distinction is played out in practice (Price &. Archbold, 1997)].

The authors of the above studies were pioneers of empathetic agents in intelligent

systems. Their work showed that there is much potential in the development of

empathetic agents. As such, their work did not examine the effects of emotional facial

expressions when combined with empathetic behaviour. The aim here is to provide

empirical evidence towards this direction.

There are several ways to express empathetic behaviour. Two common forms include

parallel and reactive empathy (Davis, 1996). Parallel empathy involves a person

displaying an emotional state similar to that of another individual. This is usually

based on a considerate attitude towards another’s individual emotional state and

expresses a person’s ability to identify with the emotions of that individual.

Reactive empathy aims at another’s individual emotional state trying to provide

insight for recovering from that state. Thus, reactive empathy may involve a person

displaying emotions that are different from those of his/her interlocutor so as to

change the other individual’s affective state.

So, parallel empathy expressed through an embodied agent would consist of mere

replication of another’s affective state, such as “I feel frustrated by this as well”,

whereas in the case of reactive empathy the agent would show greater cognitive

awareness performing an emotional behaviour different from the recipient’s, such as



130

“I really feel that you can get it!”, with the intension to alter his/her emotional state

(McQuiggan et al., 2008).

In some cases an agent expressing empathy uses the first person “I”, while in others

cases the third person “you” is used, for instance “It seems you did not like this

question so much” (Hone, 2005; Prendinger & Ishizuka, 2005). Regarding this issue,

Kalisch (1973), has suggested that in the context of nurse-patient communication, a

nurse could instead of saying “You really are feeling helpless”, state “It's a helpless

feeling” or even “I feel so helpless.” According to Kalisch, as long as the nurse

remains aware that her identity is separate from the patient's, she can use various

empathetic styles to help the patient.

In that example, it is not desirable that the nurse enter a state of sympathy,

preoccupied with her similarities to the patient and thus loosing focus on helping the

patient. Moreover, sympathy would indicate agreement with the patient's point of

view, while in empathy such agreement is not a given. Therefore, according to

Kalisch, empathy can help a nurse understand a patient's viewpoint and express this

understanding to him/her without necessarily agreeing with it. What is important in

the above example is the “as if” situation, as described by Roger’s definition of

empathy.

However, empathetic behaviour is not so far sufficiently well understood. It is still

uncertain which type of empathy and under what conditions would be most useful

(McQuiggan et al., 2008). Experimenting with empathetic agents in various scenarios

may contribute to gathering valuable information to construct agents that can

effectively interact within each social context.

10.3.2 Design of the ECAs
Three identical female 3D ECAs with 3 different kinds of empathetic behaviour were

implemented for this experiment in order to be displayed as feedback to students’

Happy, Sad, and Fear emotions during the self-assessment test. Each ECA displayed a

different empathetic behaviour for each of these 3 emotions. The ECAs’ emotional

facial expressions were accompanied by an equivalent emotional tone of voice in

speech. The synchronized speech and facial expressions of the ECAs are shown in
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Table 17. The instances shown were given in Greek and were translated into English

for the purposes of this chapter. Only one instance of the text (shown in Table 17) of

feedback for each ECA/Emotion case was examined. This was chosen in order to be

as certain as possible about the effect of this particular combination.

The three ECAs behaved as follows:

ECA 1: Displayed relevant to the student’s emotion (Happy, Sad, or Fear) parallel

empathetic verbal behaviour, performing a neutral facial expression.

ECA 2: Displayed relevant to the student’s emotion (Happy, Sad, or Fear) parallel

empathetic verbal behaviour, displaying a facial expression that was relevant to the

emotional state of the student.

ECA 3: When the student was in a Sad or in a Fear emotion, ECA 3 displayed

empathetic encouragement verbal behaviour, displaying a facial expression that was

relevant to the emotional state of the student (Sad, or Fear) synchronized with the

parallel empathetic verbal behaviour, and then a Happy facial expression

synchronized with the reactive empathetic verbal behaviour. When the student was in

a Happy emotion, ECA 3 displayed empathetic encouragement verbal behaviour,

displaying a facial expression that was relevant to the emotional state of the student

(Happy) synchronized with the parallel empathetic verbal behaviour, and then a

Neutral facial expression synchronized with the reactive empathetic verbal behaviour.

Based on Yee, Bailenson, and Rickertsen (2007) meta-analysis on embodied agents

that stated that agents with higher realism are generally rated more positively than

those with lower realism, it was preferred to develop a virtual human rather than an

animal character. It was also preferred to develop a female agent stimulated by

Hone’s (2005) research evidence that female representations may be more effective at

reducing frustration than male representations. Hone suggested that this may be

attributable to the stereotype that females are usually more empathetic than males.

Interestingly, gender stereotypes coming from the real world could apply to human–

computer interaction (Reeves & Nass, 1996; Lee, Nass, & Brave, 2000).
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In their experiments, some researchers have used several ways to express empathy

through an embodied agent. In some cases they merely used specific sentences, such

as “It seems you did not like this question so much” (Hone, 2005; Prendinger &

Ishizuka, 2005). Other researchers synchronized an agents’ empathetic verbal

behaviour with simple emotional expressions (Ochs, Pelachaud, & Sadek, 2008) such

as joy or anger. Others have even used complex emotional expressions, where

different emotions can be expressed on different areas of the face (Niewiadomski,

Ochs, Pelachaud, 2008).

TABLE 17: THE EMBODIED CONVERSATIONAL AGENT’S (ECA) SYNCHRONIZED SPEECH AND
FACIAL EXPRESSIONS

FEAR-ECA 1 FEAR-ECA 2 FEAR-ECA 3

Voice: Somehow
this test makes you feel afraid

Facial expression: Neutral

Voice: Somehow this test
makes you feel afraid.

Facial expression: Fear

Voice: Somehow this test
makes you feel afraid.
Cheer up, continue trying
and you will succeed.
Facial expression: Fear and
then happy

SAD-ECA 1 SAD-ECA 2 SAD-ECA 3
Voice: Somehow this test
makes you feel sad

Facial expression: Neutral

Voice: Somehow this test
makes you feel sad

Facial expression:
Sad

Voice: Somehow this test
makes you feel sad.
Cheer up, continue trying
and you will succeed.

Facial expression:
Sad and then happy

HAPPY-ECA 1 HAPPY-ECA 2 HAPPY-ECA 3
Voice: Somehow this test
makes you feel happy.

Facial expression: Neutral

Voice: Somehow this test
makes you feel happy

Facial expression: Happy

Voice: Somehow this test
makes you feel happy.
Continue the test with
attention
Facial expression: Happy
and then Neutral

In this experiment simple facial expressions (Happy, Fear, and Sad) were used to

examine the influence of presence/absence of emotional facial expression of an

empathetic agent (Fig. 16) on student’s emotions. An identical set of behaviour,

displayed by identical virtual humans, with only one difference (in this case facial

expression) could provide valuable information (Cassell & Miller, 2007).

It was very crucial for this experiment to address whether each ECA’s emotional

facial expression can be assigned to the relevant emotion as well as if the participants
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were capable of perceiving it. Accordingly, at a previous stage the effect of each ECA

was measured using 30 (15 females and 15 males) participants recruited through

advertisement. The self-assessment experiment involved first-year undergraduate

students from the University of Macedonia, Thessaloniki, Greece. Since the

participants did not come to the experiment all at once, they were not chosen to

validate the ECAs’ emotional expressions. Students that were about to participate at

the experiment during the following days could be biased by being informed by their

colleagues that emotions did play a role in this experiment. Therefore, the ECAs

emotional expressions were validated only from the participants recruited through

advertisement. Each one of the 30 subjects was asked to complete a questionnaire,

composed by the images of all ECAs’ facial expressions. More specifically, subjects

were called to assign to each ECA’s image an emotional state among Angry, Neutral,

Sad, Happy, Disgust, Surprise and Fear. Results showed that Happy and Sad facial

expressions were easily recognized by the participants with high percentages, 93%

and 97% respectively. Fear and Neutral facial expressions were recognized with lower

percentages by the participants, 73% and 77% respectively. Fear was mostly confused

with Surprise, and Neutral with Angry. Probably, Fear and Neutral are two emotional

states that are difficult to perceive only by showing one image. Most likely, during the

experimental procedure the combination of facial expressions with the voice’s tone

facilitated recognition.

Figure16: The Embodied Conversational Agent (ECA) in sad and happy facial expressions

Speech is another key source of extracting information on the affective state of an

interacting entity, human or virtual human. In speech, emotional changes can be

detected by deviations from vocal settings of a speaker, such as loudness, pitch,

vibrato, precision of articulation, e.t.c. (Kappas, Hess, & Scherer, 1991). In this
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experiment, the ECAs contained emotional voice recordings of a female human actor.

Actors are often used in experiments because they are trained to produce a variety of

emotions in a convincing manner (Hirschberg, Liscombe, & Venditti, 2003). Probably

the ECAs’ combination of emotional facial expressions and emotional voice should

have been validated. The fact that only the ECAs’ emotional facial expressions were

validated may constitute a limitation of this work. However, in this case a

professional actress’ skills at performing a range of emotional voices were trusted.

10.3.3 Design of the Experimental Environment
An online multiple choice question test system (see section 3.3), built for the

experiment described at chapter 6 (Moridis & Economides, 2009a; 2009b) was

adjusted to serve the needs of the study described in this chapter. The system has been

developed within a Windows XP machine using JavaScript with Perl CGI on Apache

Web server with MySQL.

Throughout the test, a student selected his/her answer among 4 possible answers and

confirmed his/her choice by clicking the ‘‘submit” button. After each question the

system informed the student whether his/her answer was right or wrong and presented

his/her score. The student could proceed to the next question by clicking the ‘‘next”

button.

Each student took the test alone in an appropriately designed room. The room had two

spaces, divided by a curtain. In the first space, there was the PC on which the self-

assessment test was administered. Moreover, the camera of the FaceReader was

hidden in a bookcase. It is well known that people express themselves more freely

when they feel that they are on their own. In the second space were the 2 researchers.

FaceReader was connected with another PC in that space, so the researchers were able

to watch the facial expressions and the FaceReader recorded participants’ emotions in

real time. Each researcher recorded the student’s emotions measured by the

FaceReader and his/her estimation regarding the student’s emotion at the same time.

All emotions during the test, including the affective transitions observed as a result of

each feedback, were registered only when both the FaceReader and the researchers

agreed that a student was in a Neutral, Sad, Happy, Surprise, Disgust, Fear, or Angry

emotional state.
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Similarly, feedback was triggered manually only when both the FaceReader and the

researchers recorded a Happy, Sad, or Fear emotion. During the development stage of

a system, the effects of ECAs on interaction are often examined by what is called the

“wizard of oz mode”, where a researcher hidden behind a curtain controls the actions

of the ECA (Cassell & Miller, 2007).

10.4 Experimental Process

10.4.1 Participants
Participants were first year undergraduate students. The course was a basic IT

(Information Technology) skills course and the syllabus included IT knowledge and

techniques. Students were told that they could optionally participate in a self-

assessment multiple choice questions test to help them assess their knowledge before

exams. Those who wished to participate filled in an application form in order to

arrange an appointment. 208 applications were collected. The next step was the

arrangement of the appointments. Since the purpose of the self-assessment test was to

help the students assess their knowledge before exams, it was left to students to

decide when they would feel that such a test would be helpful to them. Eventually,

172 applicants out of the 208 appeared to their appointments. The average age of

students was 18.4 (SD=1.01). Out of the 172 students, 60 were male (35%) and 112

were female (65%).

10.4.2 Material
The multiple choice questions were focused on course material taught in lectures. The

content of the questions was pre-specified by the course instructors prior to the study.

The test consisted of 45 questions. The order of questions presented was randomly

altered among students.

10.4.3 Procedure and Data Collection Methodology
The duration of the test was approximately 45 minutes. Each participant was

randomly assigned to one of the 4 groups (Table 18): 1) Non-Feedback (N.F.) group,

2) ECA 1 group, 3) ECA 2 group, and 4) ECA 3 group. Thus, 42 students were

assigned to the N.F. group (16 males and 26 females), 42 students were assigned to

the ECA 1 group (14 males and 28 females), 45 students were assigned to the ECA 2
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group (16 males and 29 females), and 43 students were assigned to the ECA 3 group

(14 males and 29 females).

During the test, one of the two independent researchers and the FaceReader were

recording the participant’s emotions. Because of the large number of participants, the

two researchers were observing alternately the participants’ emotions, so for each

participant one of the two researchers was behind the curtain.

TABLE 18: PARTICIPANTS’ DISTRIBUTION AT THE 4 FEEDBACK GROUPS

GENDER GROUP TOTAL
N.F. ECA

1
ECA
2

ECA
3

MALE 16 14 16 14 60
FEMALE 26 28 29 29 112
TOTAL 42 42 45 43 172

Facial expressions are often a mixture of emotions, so it is highly likely possible that

two (or even more) emotions occur simultaneously with a high intensity.

FaceReader’s facial configurations correspond to multiple prototypical expressions.

FaceReader first builds a model of the face and then classifies this model using

classifiers trained on large sets of prototypical expressions of basic emotions.  Facial

Action Coding System (FACS) analysis is time consuming and it requires very

intensive training. It is, consequently, not appropriate for large data sets. FaceReader

is capable of analyzing facial expressions real-time and is, thus, an interesting choice.

The actual classification of the facial expressions by FaceReader is achieved by

training an artificial neural network. Almost 2000 manually annotated images were

used as training data. Further details of the algorithms employed in FaceReader can be

found in Kuilenburg, Wiering, & den Uyl, 2005.

In a live analysis FaceReader’s output is a number of charts and files. Each emotion is

expressed as a value between 0 and 1, indicating the intensity of the emotion. ‘0’

means that the emotion is not visible in the facial expression, ‘1’ means that the

emotion is fully present. The emotion with the bigger value is considered as the

dominant one. Each time the dominant emotion changes and is active for at least 0.5

seconds, a record is written to a file. Thus, FaceReader can provide up to 2 different

dominant emotional recordings per second. Moreover, all emotions’ values (3 times
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per second) are written at another detailed file. Furthermore, FaceReader provides all

this information dynamically through live charts during its function.

In the study presented in this chapter, only dominant emotions were taken into

account. However, in this case face modeling failed for reasons such as student’s

sudden move (e.g. head rotation), student’s placing his/her hand in front of his/her

face (e.g. touching his/her mouth while thinking about the answer to a question). In

these cases FaceReader did not provide any readings until student’s face or hand was

back to the “correct position”. Also, FaceReader provided fewer recordings of

students’ who wore glasses or had fringes reaching down to their eyebrows. The

emotional recordings referred here then, are about dominant emotions that took place

at time points that the aforementioned factors did not hinder the function of

FaceReader.

When both the FaceReader and the reasearcher recorded a Happy, Sad, or Fear

emotion, feedback was triggered manually depending on the group to which the

participant was assigned. The post-feedback emotional transition was registered only

when the researcher’s and the FaceReader’s recordings were identical. That rule also

applied to all recorded emotions.

Out of 7416 emotional states that were recorded by the FaceReader for the 172

students, 6440 that agreed with the researchers’ observations were registered for

further analysis. The 6440 instances include:  Emotions (fear, sad, and happy) after

which feedback was triggered, the affective transitions as a result of feedback, as well

as emotional states during which students did not receive any feedback or emotional

states that did not result from feedback. The plan for each student was to receive

feedback 3 times during the test, once for each of the 3 treated emotions. This means,

for instance, that if feedback were triggered for happy emotion once, it would not be

triggered again, however happy the student was during the remainder of the test.

Unfortunately, some students did not appear to experience all 3 emotions during the

test. Thus, some of them received feedback only twice, or even once throughout the

procedure.
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10.5 Data Analysis

10.5.1 Metric
The computation of transition likelihoods was based on D’Mello, Taylor, and

Graesser (D’Mello, Taylor, & Graesser, 2007) metric (1). Other researches have used

this metric for affective transition analysis as well (McQuiggan, Robison, & Lester,

2008; Robison, McQuiggan, & Lester, 2008; Baker, Rodrigo, & Xolocotzin, 2007). L

computes the probability of a transition between two affective states (CURRENT →

NEXT) occuring, CURRENT is a reported emotion at time t, and NEXT is the next

reported emotion at time t+1.

(78)

In order to compute L for each participant the conditional probability of emotion

NEXT following emotion CURRENT is calculated. In order to take into account the

base rate of emotion NEXT, D’Mello, Taylor, and Graesser metric (78) then subtracts

the probability of observing emotion NEXT. L accounts for the base frequency of the

NEXT emotional state in assessing the likelihood of a transition. Finally, so as to

normalize scores between -∞ and 1, L’s numerator is divided by )Pr(1 NEXT . L equal to

1 means that emotion NEXT always following the CURRENT emotion; L equal to 0

means that the likelihood of emotion NEXT following the CURRENT emotion is

equal to chance, i.e., the probability of observing emotion NEXT (the base rate)

regardless of the CURRENT emotion. An L value less than 0 means that the

likelihood of emotion NEXT following the CURRENT emotion is less than chance

(the probability of observing NEXT regardless of the CURRENT emotion).

For instance, consider a learner that only experiences two affective states: Neutral and

Happy. Let’s now assume that the learner remains in a Neutral state 73% of the time,

while 27% of the time the learner is Happy. Moreover let’s assume that:

]Pr[1
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]Pr[
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NEXT
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CURRENT
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In this case, according to (78) the likelihood (L) of transitioning to a Happy state from

a Neutral one would be:
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And the likelihood (L) of transitioning to a Neutral state from a Neutral one would be:

(82)  
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10.5.2 Statistical Analysis
The aim of the following analysis was to reveal any statistically significant affective

transitions from the state of a Happy, Sad, or Fear emotion to a Neutral, Sad, Happy,

Disgust, Surprise, Fear, or Angry affective state that would be a result of a feedback

type (N.F., ECA 1, ECA 2, ECA 3) to that emotion.

A transition’s likelihood of an affective state (e.g. Happy to Neutral) as a result of one

of the feedback types was examined for its significance in relation to the likelihood of

this transition occurring as a result of the other feedback types. Moreover, a

transition’s likelihood to an affective state (e.g. Happy to Neutral) as a result of one of

the feedback types was also examined for its significance in relation to the likelihood

of transitioning to other affective states (e.g. Happy to Sad) as a result of that same

feedback type. Thus, affective transitions were compared between the 4 groups, as

well as within groups.
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Analysis was performed using Matlab Statistical Toolbox. The Statistical Analysis

included the Kruskal Wallis test, since data at all groups were far from a normal

distribution. Following a significant Kruskal-Wallis test, Dunn-Sidak multiple

comparison procedure was applied to identify which transitions were significantly

different, using multcompare function of the MATLAB Statistical Toolbox.

Multcompare’s parameter alpha was set for all cases at the default level (0.05), unless

mentioned otherwise.

An ANOVA approach would be appropriate in this case. So as to render conducting

this analysis legitimate it had to be ensured that the data fulfil all the assumptions of

ANOVA. Firstly, it had to be made sure that the normality assumption was not

violated. However, in this case data in all groups were far from a normal distribution.

Thus, the Kruskal-Wallis test was used, which is the most common non-parametric

equivalent of Anova. Similarly, as it would have be done after an ANOVA, the Dunn-

Sidak method was used (a powerful means-comparison test, similar to, but less

conservative than, the Bonferroni procedure) for the post hoc comparisons. Analysis

was performed using Matlab Statistical Toolbox. Thus, following a significant

Kruskal-Wallis test, Dunn-Sidak multiple comparison procedure was applied to

identify which transitions were significantly different, using multcompare function of

the MATLAB Statistical Toolbox. Multcompare’s parameter alpha was set for all

cases at the default level (0.05), unless mentioned otherwise.

10.6 Results

10.6.1 Between Groups

1) Transitions from the state of Happy (Table 19)

Happy to Neutral
Kruskal-Wallis yields statistically significant differences (Kruskal-Wallis 2 = 19.3;

p= .0002) in the likelihood that a Neutral emotional state would follow a Happy

emotion as a result of the 4 different feedback types. Dunn-Sidak multiple

comparisons showed that ECA 3 has a significantly higher likelihood (.09) to induce a

Neutral emotional state after a Happy emotion than ECA 2 (-.86). ECA 2 was also



141

statistically different from ECA 1 (-.38). ECA 1 was statistically indistinguishable

from all other feedback types. The N.F. group was statistically indistinguishable from

all feedback types.

Happy to Happy
Statistically significant differences (Kruskal-Wallis 2 = 30.84; p= .000001) were

found in the likelihood that a Happy emotional state would follow after a Happy

emotion as a result of the 4 different feedback types. Dunn-Sidak multiple

comparisons showed that the ECA 2 has a significantly higher likelihood (.67) to

make a Happy emotional state persist than the ECA 3 (.18) and the N.F. group (-.09).

ECA 3 only statistically differed from the ECA 2. ECA 1 (.36) only statistically

differed from the N.F. group (-.09).

Happy to Sad-Disgust-Surprise-Fear-Anger
A Sad or a Disgust emotional state was not observed when ECA 1, ECA 2, and ECA

3 were displayed after a Happy emotional state. Also, a Fear emotional state was not

observed when ECA 1 and ECA 3 were displayed after a Happy emotion. Moreover, a

Surprise emotional state was not observed when ECA 2 was displayed after a Happy

emotional state. Besides, Kruskal-Wallis yields no statistically significant differences

in the likelihood that a Surprise, Fear, or Anger emotional state would follow a Happy

emotional state, as a result of the different feedback types.

TABLE 19: BETWEEN GROUPS TRANSITIONS FROM THE STATE OF HAPPY
N.F. ECA 1 ECA 2 ECA 3

N .12
n.s.

-.38
ECA 2

-.86
ECA 1,
ECA 3

.09
ECA 2

Sa .-.09
H -.09

ECA1, ECA2
.36
N.F.

.67
N.F.,

ECA 3

.18
ECA 2

D .03
Su .005

n.s.
.01
n.s.

-.01
n.s.

F .01
n.s.

-.03
n.s.

A .11
n.s.

-.09
n.s.

-.09
n.s.

-.03
n.s.

Between-groups analysis of transitions from the state of Happy. N=Neutral, Sa=Sad, H=Happy, D=Disgust,

Su=Surprise, F=Fear, A=Angry, n.s=Not Significant, empty spaces=nothing observed. Numbers in cells denote the

likelihood of a transition occurring. Note: Groups that statistically differ from a group at one particular transition

likelihood appear in the relevant transition cell for that group.
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2) Transitions from the state of Sad (Table 20)

TABLE 20: BETWEEN GROUPS TRANSITIONS FROM THE STATE OF SAD
N.F. ECA 1 ECA 2 ECA 3

N -.14
n.s.

-.48
n.s.

-.9
n.s.

-.3
n.s.

Sa .17
ECA 2

.09
ECA 2

.45
N.F.,

ECA 1,
ECA  3

-.05
ECA 2

H -.03
n.s.

.11
n.s.

.01
n.s.

.25
n.s.

D .1
n.s.

.026
n.s.

Su -.02
n.s.

-.04
n.s.

-.027
n.s.

F -.02
A .09

ECA 2
.03
n.s.

.011
N.F.

Between-groups analysis of transitions from the state of Sad. N=Neutral, Sa=Sad, H=Happy, D=Disgust,

Su=Surprise, F=Fear, A=Angry, n.s=Not Significant, empty spaces=nothing observed. Numbers in cells denote the

likelihood of a transition occurring. Note: Groups that statistically differ from a group at one particular transition

likelihood appear in the relevant transition cell for that group.

Sad to Sad
Kruskal-Wallis yields statistically significant differences (Kruskal-Wallis 2 = 32.42;

p= .000001) in the likelihood that a Sad emotional state would follow a Sad emotion

as a result of the 4 different feedback groups. Dunn-Sidak multiple comparisons

showed that the ECA 2 has a significantly higher likelihood (.45) to make a Sad

emotional state persist than the N.F. group (.17), ECA 1 (.09) and ECA 3 (-.05). The

N.F. group, ECA 1, and ECA 3, statistically differed only towards ECA 2.

Sad to Angry
Statistically significant differences (Kruskal-Wallis 2 = 7.54; p= .02) were found in

the likelihood that an Angry emotional state would follow a Sad emotion as a result of

the 3 different feedback types (N.F., ECA 1, and ECA 2). Anger was not observed

when ECA 3 was displayed after a Sad emotional state. Dunn-Sidak multiple

comparisons confirmed that the N.F. group has a significantly higher likelihood (.09)

to induce an Angry emotional state after a Sad emotion than ECA 2 (.011). ECA 1

was statistically indistinguishable.
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Sad to Neutral-Happy-Disgust-Surprise-Fear
A Disgust, Surprise, or Fear emotional state was not observed when ECA 2 was

displayed after a Sad emotional state. Moreover, a Fear emotional state after a Sad

emotion was not observed to the N.F. group. Besides, Kruskal-Wallis yields no

statistically significant differences in the likelihood that a Neutral, Happy, Disgust, or

Surprise emotional state would follow a Sad emotional state as a result of the different

feedback types.

3) Transitions from the state of Fear (Table 21)

Fear to Neutral
Kruskal-Wallis yields statistically significant differences (Kruskal-Wallis 2 = 20.68;

p= .0001) in the likelihood that a Neutral emotional state would follow a Fear emotion

as a result of the 4 different feedback types. Dunn-Sidak multiple comparisons

showed that ECA 3 has a significantly higher likelihood (.83) to induce a Neutral

emotional state when displayed after a Fear emotion than the N.F. group (-.32), ECA

1 (-.65), and ECA 2 (-.98). The N.F. group, ECA 1, and ECA 2, statistically differed

only towards ECA 3.

Fear to Fear
Statistically significant differences (Kruskal-Wallis 2 = 28.1; p = .000001) were

found in the likelihood that a Fear emotional state would follow a Fear emotion as a

result of the 3 different feedback groups (N.F., ECA 1, and ECA 2). Fear was not

observed when ECA 3 was displayed after a Fear emotional state. Dunn-Sidak

multiple comparisons showed that ECA 2 has a significantly higher likelihood (.57) of

making a Fear emotional state persist than the N.F. group (.14), and ECA 1 (.012).

The N.F. group and the ECA 1 statistically differed from ECA 2.

Fear to Sad-Happy-Disgust-Surprise-Angry
A Sad emotional state was not observed when the ECA 2 or ECA 3 was displayed

after an emotional state of Fear. Moreover, a Sad emotional state after a Fear emotion

was not observed in the N.F. group. A Disgust emotional state was not observed when

ECA 2 was displayed after a Fear emotion. A Surprise emotional state was not
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observed when ECA 2 or ECA 3 was displayed after an emotional state of Fear. An

Angry emotional state was not observed when ECA 3 was displayed after an

emotional state of Fear. Besides, Kruskal-Wallis yields no statistically significant

differences in the likelihood that a Happy, Disgust, Surprise, or Angry emotional state

would follow a Fear emotional state, as a result of the different feedback types.

TABLE 21: BETWEEN GROUPS TRANSITIONS FROM THE STATE OF FEAR
N.F. ECA 1 ECA 2 ECA 3

N -.32
ECA 3

-.65
ECA 3

-.98
ECA 3

.83
N.F.,

ECA 1,
ECA 2

Sa -.07
H -.03

n.s.
.14
n.s

.04
n.s.

.06
n.s.

D .05
n.s.

.005
n.s

.01
n.s.

Su .03
n.s.

-.001
n.s

F .14
ECA 2

.012
ECA 2

.57
N.F.,

ECA 1
A .09

n.s
.16
n.s

-.08
n.s.

Between-groups analysis of transitions from the state of Fear. N=Neutral, Sa=Sad, H=Happy, D=Disgust,

Su=Surprise, F=Fear, A=Angry, n.s=Not Significant, empty spaces=nothing observed. Numbers in cells denote the

likelihood of transition occurring. Note: Groups that statistically differ from a group at one particular transition

likelihood appear in the relevant transition cell for that group.

10.6.2 Within Groups

1) Transitions from the state of Happy (Table 22)

N.F. Group
Transitions from the state of Happy were not significantly different in the N.F. group.

ECA 1 Group
Analyzing the transitions from the state of Happy we find that ECA 1 yields

statistically significant differences (Kruskal-Wallis 2 = 13.96; p= .003) in the

likelihood that the Neutral, Happy, Surprise and Angry emotions may occur as a result

of this emotional feedback type. Transitions to Sad, Disgust and Fear emotions did not

occur. Dunn-Sidak multiple comparisons showed that Happy (.36) has a significantly

higher likelihood of following Happy than does Angry (-.09). However, the transition

to a Happy emotion was statistically indistinguishable from that of Surprise (.01) and
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Neutral (-.38). Moreover, no transition was statistically different from that of Surprise.

Transition to Neutral statistically differed from that of Angry and transition to Angry

statistically differed from that of Neutral and Happy

ECA 2 Group
Analyzing the transitions from the state of Happy, we find that ECA 2 yields

statistically significant differences (Kruskal-Wallis 2 = 68.84; p= 0.000000000001)

in the likelihood that Neutral, Happy, Fear and Angry may occur as a result of this

emotional feedback type. Sad, Disgust, and Surprise transitions did not occur. Dunn-

Sidak multiple comparisons showed that Happy has a significantly higher likelihood

(.67) of following Happy than does Fear (-.03), Angry (-.09) and Neutral (-.86).

Moreover, the transition to Angry statistically differed only from that of Happy,

Neutral differed from Fear and Happy, and Fear differed from Neutral and Happy.

ECA 3 Group
Analyzing the transitions from the state of Happy we find that ECA 3 yields

statistically significant differences (Kruskal-Wallis 2 = 18.11; p= .0004) in the

likelihood that the Neutral, Happy, Surprise and Angry emotions may occur after a

Happy emotion as a result of this emotional feedback type. Transitions to Sad,

Disgust and Fear emotions were not observed when ECA 3 was displayed after a

Happy emotion. Dunn-Sidak multiple comparisons showed for this feedback type that

Happy has a significantly higher likelihood (.18) of following Happy, than does

Neutral (.09), while Surprise (-.01) and Angry (-.03) transitions weren’t significantly

different from that of Happy. However, Neutral was statistically different from

Happy, Surprise, and Angry. Surprise and Angry only differed from Neutral.

TABLE 22: WITHIN GROUPS TRANSITIONS FROM THE STATE OF HAPPY
N Sa H D Su F A

N.F. .12
n.s.

.-.09
n.s.

-.09
n.s.

.03
n.s.

.005
n.s.

.01
n.s.

.11
n.s.

ECA1 -.38
A

.36
A

.01
n.s.

-.09
H,
N

ECA2 -.86
F,H

.67
A,F,N

-.03
H,N

-.09
H

ECA3 .09
H,Su,A

.18
N

-.01
N

-.03
N

Within-groups analysis of transitions from the state of Happy. N=Neutral, Sa=Sad, H=Happy, D=Disgust,

Su=Surprise, F=Fear, A=Angry, n.s=Not Significant, empty spaces=nothing observed. Numbers in cells denote the

likelihood of a transition occurring. Note: Transitions within groups that statistically differ from one transition

likelihood appear in the relevant transition cell for that group (e.g. H, Su, A).
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2) Transitions from the state of Sad (Table 23)

N.F. Group
Kruskal Wallis test showed statistically significant differences (Kruskal-Wallis

2 =29.02; p = 0.0001) at the N.F. group in the likelihood that Neutral, Sad, Happy,

Disgust, Surprise and Anger would follow a Sad emotion. Fear was not observed after

Sad at the N.F. group. Dunn-Sidak multiple comparisons showed that Sad has a

significantly higher likelihood (.17) of following Sad than does Angry (.09), Disgust

(.1), Surprise (-.02), and Happy (-.03). The transition to Neutral (-.14) was statistically

indistinguishable from all transitions. Transitions to Angry, Disgust, Surprise and

Happy significantly differed only from the transition to Sad.

ECA 1 Group
Kruskal Wallis test showed that ECA 1 yields no statistically significant differences in

the likelihood that emotional transitions would follow a Sad emotion as a result of this

emotional feedback type.

ECA 2 Group
Kruskal Wallis test showed that ECA 2 yields statistically significant differences ( 2 =

23.88; p= .0001) in the likelihood that Neutral, Sad, Happy, and Anger would follow a

Sad emotion as a result of this emotional feedback type. Disgust, Surprise and Fear

emotions were not observed when ECA 2 was displayed after a Sad emotion. Dunn-

Sidak multiple comparisons showed that Sad has a significantly higher likelihood

(.45) of following Sad than Angry (.011) and Neutral (-.9). Happy transition

likelihood (.01) would only be statistically different from that to Sad at a 90%

confidence level. Angry, Neutral and Happy transitions differed significantly only

from the transition to Sad.

ECA 3 Group
Kruskal Wallis test showed that ECA 3 yields statistically significant differences ( 2 =

13.86; p= .0031) in the likelihood that Neutral, Sad, Happy and Surprise would follow

a Sad emotion as a result of this emotional feedback type. Fear, Disgust and Angry

emotions were not observed when ECA 3 was displayed as feedback to Sad. Dunn-

Sidak multiple comparisons showed that Happy has a significantly higher likelihood

(.25) of following Sad than does Sad (-.05). Transion to Neutral (-.3) was statistically
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indistinguishable from all transitions. Transition to Surprise (-.027) only differed

significantly from that to Sad.

TABLE 23: WITHIN GROUPS TRANSITIONS FROM THE STATE OF SAD
N Sa H D Su F A

N.F. -.14
n.s.

.17
A,D,Su,H

-.03
Sa

.1
Sa

-.02
Sa

.09
Sa

ECA1 -.48
n.s.

.09
n.s

.11
n.s.

.026
n.s.

-.04
n.s.

-.02
n.s.

.03
n.s.

ECA2 -.9
Sa

.45
A,N,H

.01
Sa

.011
Sa

ECA3 -.3
n.s.

-.05
H,Su

.25
Sa

-
.027
Sa

Within-groups analysis of transitions from the state of Sad. N=Neutral, Sa=Sad, H=Happy, D=Disgust,

Su=Surprise, F=Fear, A=Angry, n.s=Not Significant, empty spaces=nothing observed. Numbers in cells denote the

likelihood of a transition occurring. Note: Transitions within groups that statistically differ from one transition

likelihood appear in the relevant transition cell for that group (e.g. H, Su, A).

3) Transitions from the state of Fear (Table 24)

N.F. Group
Transitions from the state of Fear at the non-feedback group were significantly

different (Kruskal-Wallis 2 = 17.47; p= .037) in the likelihood that Neutral, Happy,

Disgust, Surprise, Fear, and Anger would follow Fear. Sad was not observed

following Fear in the N.F. group. Dunn-Sidak multiple comparison set at 90%

confidence level showed that Fear has a significantly higher likelihood (.14) of

following Fear than does Disgust (.05), Surprise (.03) and Happy (-.03). The

transition to Fear was statistically indistinguishable from that of Angry (.09) and

Neutral (-.31), though Angry and Neutral transitions were not significantly different

from any transition. Disgust, Surprise and Happy transitions differed significantly

only from that to Fear.

ECA 1 Group
Transitions from the state of Fear were not significantly different in the likelihood that

emotional transitions would follow Fear as a result of ECA 1.

ECA 2 Group
Transitions from the state of Fear are significantly different (Kruskal-Wallis 2 =

40.9; p= .00000001) in the likelihood that Neutral, Happy, Fear and Angry emotions

would follow Fear as result of ECA 2. Transitions to Sad, Disgust and Surprise

emotions were not observed when ECA 2 was displayed as feedback to Fear. Dunn-



148

Sidak multiple comparisons showed that Fear has a significantly higher likelihood

(.57) of following Fear than does Happy (.04), Angry (-.08) and Neutral (-.98). Happy

was significantly different from Neutral and Fear, Angry only differed significantly

from Fear, while Neutral was significantly different from Happy and Fear.

ECA 3 Group
Transitions from the state of Fear are significantly different (Kruskal-Wallis 2 =

26.27; p= .00001) in the likelihood that Neutral, Happy and Disgust emotions would

follow Fear as result of ECA 3. Transitions to Sad, Surprise, Fear and Angry were not

observed when ECA 3 was displayed as feedback to Fear. Dunn-Sidak multiple

comparisons showed that Neutral has a significantly higher likelihood (.83) of

following Fear than does Happy (.06) and Disgust (.01). Transitions to Happy and

Disgust were only significantly different from the transition to Neutral.

TABLE 24: WITHIN GROUPS TRANSITIONS FROM THE STATE OF FEAR
N Sa H D Su F A

N.F. -.32
n.s.

-.03
F.

.05
F.

.03
F.

.14
D.,Su,H

.09
n.s.

ECA1 -.65
n.s.

-.07
n.s.

.14
n.s.

.005
n.s.

-.001
n.s.

.012
n.s.

.16
n.s.

ECA2 -.98
H,F

.04
N,F

.57
N,H,A

-.08
F

ECA3 .83
H,D

.06
N

.01
N

Within-groups analysis of transitions from the state of Fear. N=Neutral, Sa=Sad, H=Happy, D=Disgust,

Su=Surprise, F=Fear, A=Angry, n.s=Not Significant, empty spaces=nothing observed. Numbers in cells denote the

likelihood of a transition occurring. Note: Transitions within groups that statistically differ from one transition

likelihood appear in the relevant transition cell for that group (e.g. H, Su, A).

10.7 Discussion
An important finding of the study, described in this chapter, is that the ECA 2

(performing parallel empathy with a relevant to the student’s emotion facial

expression) reinforced the student’s emotion. When ECA 2 was displayed while the

student was experiencing Fear, there was a great likelihood (.57) that the student

would remain at the state of Fear. This result was statistically different from the

relevant result for the ECA 1 (.012) and the N.F. (.14) group (Fear was not observed

when ECA 3 was displayed as feedback to Fear). Moreover, this transition’s

likelihood (Fear to Fear), as a result of the ECA 2, also statistically differed from the

likelihood of transitioning to the state of Neutral (-.98), Happy (.04) and Angry (-.08)
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as a result of displaying ECA 2 as feedback to the emotion of Fear (transitions to Sad,

Disgust, and Surprise were not observed in this case).

Similarly, when ECA 2 was displayed while the student was Sad, there was a great

likelihood (.45) that the student would remain Sad. This result was statistically

different from the relevant result for the ECA 1 (.09), the ECA 3 (-.05), and the N.F.

(.17) group. Furthermore, this transition’s likelihood (Sad to Sad), as a result of the

ECA 2, also statistically differed from the likelihood to transitioning to the state of

Neutral (-.9), Happy (.01) and Angry (.011) as a result of displaying ECA 2 as

feedback to a Sad student (transitions to Disgust, Surprise, and Fear were not

observed in this case).

When ECA 2 was displayed while the student was Happy, there was a great

likelihood (.67) that the student would remain Happy. This result was statistically

different from the relevant result for the ECA 3 (.18) and the N.F. (-.09) group, but it

was statistically indistinguishable from the ECA 1 (.36). In addition, this transition’s

likelihood (Happy to Happy), as a result of the ECA 2, also statistically differed from

the likelihood to transitioning to the state of Neutral (-.86), Fear (-.03) and Angry (-

.09) as a result of displaying ECA 2 as feedback to a Happy student (transitions to

Sad, Disgust, and Surprise were not observed in this case).

Individuals react as in a social context to both human and computer-controlled entities

(Reeves & Nass, 1996; Nass & Moon, 2000). Moreover, there is research evidence

suggesting that users can experience empathetic emotional reactions towards

embodied agents (Paiva, Dias, Sobral, Woods, & Hall, 2004). In the ECA 2 case,

students showed empathy towards the agent’s emotion by expressing that same

emotion themselves. Nevertheless, this was not observed for the ECA 1, having the

same appearance and performing the same empathetic behaviour as the ECA 2, but

displaying a neutral facial expression. So, the emotional facial expression must be

what made the difference between ECA 1 and ECA 2.

Strong transitions to the same emotional state were observed when ECA 2 was

displayed as feedback to Fear, Sad, and Happy emotions. Possibly, that effect could

be observed with other emotional states as well. For instance, it has been stated
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(Robison, McQuiggan, &. Lester, 2008) that students experiencing frustration are

very likely to remain frustrated if presented with a character mimicking their emotions

by displaying parallel empathetic behaviour. Moreover, an agent’s parallel empathetic

behaviour has been shown (McQuiggan, Robison, & Lester, 2010) to reinforce a

student’s experience of boredom   Nevertheless, it has also been shown (McQuiggan,

Robison, & Lester, 2010) that an agent displaying parallel empathetic behaviour may

encourage students experiencing the state of flow to remain to that state, and thus stay

put in that “virtuous cycle” of learning. Thus, future developers may need to take into

account this effect when designing empathetic agents for tutoring systems.

Another important finding of this study is that the ECA 3 (performing a combination

of parallel and reactive empathy, displaying a relevant to the student’s emotion facial

expression for parallel empathy and a different from the student’s emotion facial

expression for reactive empathy) appeared to have a considerable likelihood (.83) to

induce the student to a Neutral state, when displayed as feedback to a student

experiencing Fear. This result was statistically different from the relevant result for

the ECA 1 (-.65), the ECA 2 (-.98) and the N.F. (-.32) group. Moreover, this

transition’s likelihood (Fear to Neutral), as a result of the ECA 3, also statistically

differed from the likelihood to transitioning to the state of Happy (.06) and Disgust

(.01) as a result of displaying ECA 3 as feedback to the emotion of Fear (transitions to

Sad, Surprise, Fear, and Angry were not observed in this case).

ECA 3 appeared to be effective in altering the state of Fear to a Neutral one. A similar

effect was not observed when ECA 3 was displayed as feedback to Sad and Happy

emotions. It is not clear whether this has to do with the particular nature of Sad and

Happy emotions or with other factors as well.

This is the first time that agents’ empathetic behaviour is examined in combination

with agents’ emotional facial expressions in a learning context. So, what is essential

here is the evidence that this kind of reactive behaviour (ECA 3) does have an effect

on students’ emotional regulation, even if this effect turned out to be statistically

significant only for Fear. The ECA 3 could also have been effective to regulate the

emotional states of sad and happy emotions, if its verbal behaviour and emotional

expressions were different. Besides, it has been shown in (McQuiggan, Robison, &
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Lester, 2010) that agents displaying reactive empathetic behaviour are most likely to

alter students’ emotional states towards learning goals. For the time being, we can

keep the ECA 3 effect on Fear as an empirical finding. Since empathy is not so far

fully understood, it is not clear which kind of empathetic behaviour and under what

conditions would be most effective. Thus, empirical findings from human-ECA

interaction could help develop agents that would respond appropriately in various

social contexts (McQuiggan, Robison, Phillips, & Lester, 2008).

Other findings of this study were not considerable because of their very small

likelihood and/or their lack of statistical significance. However, all findings are

presented in the Results section. Sometimes even not significant findings can provide

useful insight.

An important issue that should be clarified concerning the recording of emotional

facial expressions is whether the ECAs’ responses to students’ emotions were

delayed, since feedback was triggered manually.  Of course the researcher needed

some time to confirm the emotion observed by the FaceReader. But the ECA’s

response was not triggered if the student did not continue to experience that same

emotion (as observed by the FaceReader and confirmed by the researcher). For

instance, if the FaceReader observed that a student was experiencing a Sad emotion,

but at the time the researcher confirmed that emotion, the student had started reading

a new question and was Surprised by its content, the ECA’s response wasn’t

triggered. So, the ECA’s response was accurate.

In the future, I would like to experiment with more emotional states to meet the needs

of personalized self-assessment. Affective feedback should be able to adapt even

when learners experience uncommon emotional states. Furthermore, I plan to examine

ECAs’ empathetic behaviour in combination with emotional facial expressions and

body movements. A valuable platform for doing this kind of work is GRETA, which

has been used in various European projects (CALLAS, SEMAINE, HUMAINE).

GRETA is an embodied conversational agent with a 3D representation of a woman,

accustomed to MPEG-4 animation standard. “She” is capable of talking while at the

same time performing facial expressions, gestures, gaze, and head movements

(Pelachaud, 2009). The platform provides the researcher with numerous options of
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verbal and nonverbal behaviours, plus the opportunity to implement his/her own new

patterns of ECA behaviour.

Reasearch towards affective learning systems is an extremely important

multidisciplinary area, involving a collaborative effort of scientists from many

different fields. Students with great talent in science or other disciplines could fail to

perceive their potential and follow a career that does not fulfil their real inclination,

because of emotional exhaustion, lack of self-competence or other psychological

inefficiencies. Consequently, an educational system not integrating helpful affective

learning techniques could result in unsatisfied individuals and in loss of valuable

social capital.
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11. Applause as an Achievement-Based Reward
during a Computerized Self-Assessment Test

11.1 Introduction
Self-assessment is a key process in training students to self-regulate their cognition,

motivation and behaviour towards their learning goals (Nicol & Macfarlane-Dick,

2006). Cassady and Gridley (2005) highlight the importance of the preparation period,

before exams, where anxiety may lead students to procrastinate and fail to employ

adequate cognitive skills to master the learning material. They propose that training

through preparation tests could induce higher test performance for students suffering

from test anxiety and test failure. This sense also relates to stress-inoculation theory,

whereby persons exposed to small doses of a frightening experience eventually

experience less fear and anxiety (Snooks, 2004). Moreover, preparation tests do not

impose the stressful experience of a typical exam, and so the detrimental effects of

anxiety on students’ cognitive skills are not triggered (Cassady, 2004). Thus

preparation tests could help students acquire an effective learning strategy and

establish self-confidence before final exams take place.

In addition, it has been shown that students would prefer assessment delivered

through a computer (Sambell, Sambell, & Sexton, 1999; Croft, Danson, Dawson, &

Ward, 2001; Ricketts & Wilks, 2002a). Furthermore, Sim and Holifield (2004)

provided evidence that students’ prior experience of using computers in assessment

does not seem to significantly influence their preference for having their tests

computerized. In addition, Ricketts and Wilks (2002b) have provided evidence that

computerized assessments could be more user friendly for certain groups of disabled

students. Moreover, they have indicated that computerized assessments may cause

less anxiety in dyslexic students than paper-based assessments. Besides, there is

increasingly research evidence indicating that the majority of students consider testing

through computers less stressful than paper-based assessment (Bocij & Greasley,

1999; Ricketts & Wilks, 2001). Reasons for students to prefer computerized

assessments include being able to take a test at the time and place they choose

(particularly when the test can be delivered online), being judged without bias (the
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computer does not know who you are), and being able to have their test results

delivered immediately (Bocij & Greasley, 1999; Cassady & Gridley, 2005).

Consequently, a computerised self-assessment test system could help students

improve their knowledge and acquire a positive attitude towards the learning material.

Importantly, a computerised test could be used to support the learner by providing

adequate feedback (Nicol, 2007). Research suggests that feedback integrated in the

learning process could significantly advance performance and learning gains (Taras,

2003; Black & Wiliam, 1998a). Nicol and Macfarlane-Dick (2006) suggested seven

principles of good feedback practice that support self-regulation: 1) Clarify what good

performance is (goals, criteria, expected standards); 2) Facilitate the development of

self-assessment (reflection) in learning; 3) Deliver high quality information to

students about their learning; 4) Encourage teacher and peer dialogue around learning;

5) Encourage positive motivational beliefs and self-esteem; 6) Provide opportunities

to bridge the gap between current and desired performance; 7) Provide teachers with

information that can be used to help shape the teaching.

Viewing feedback merely as a cognitive process limited to transmission of

information, ignores the way feedback interacts with motivation and beliefs (Nicol &

Macfarlane-Dick, 2006; Economides, 2005, 2009b). The idea of a computer system

capable of taking into account users’ affective states has introduced a relatively new

research field, that of Affective Computing. According to Picard (1997), Affective

Computing is: “computing that relates to, arises from or deliberately influences

emotions.” Affective computing could apply to a variety of computer applications to

enhance users’ experience. Concerning e-learning, researchers of Artificial

Intelligence (A.I.) in education considered developing systems capable of modelling

students’ affective states and providing an adequately tailored response (affective

feedback) based on pedagogical models (Moridis & Economides, 2008a). Previous

studies proposed the integration of various types of affective feedback in

computerised tutoring systems (Economides, 2005, 2006; Heylen, Vissers, Akker, &

Nijholt, 2004; Lester, Towns, & FitzGerald, 1999b; Picard et al., 2004). However,

few studies experimentally evaluated the effectiveness of each feedback type (Hone,

2005; Kang, Gratch, Wang, & Watt, 2008; Klein, Moon, & Picard, 2002; Lankes et

al., 2008; Whang et al., 2007).
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Economides (2005; 2006) proposed an emotional feedback framework, taking as field

of application the CAT (Computer Adaptive Testing) systems, in order to manage

emotions. When the effect of negative emotions is too strong, the student’s

performance can be significantly hampered. Errors could produce the expectation of

more errors, arousing negative emotions, causing even more wrong answers until the

student’s performance eventually collapses (Yusoff & Du Boulay, 2009).

Nevertheless, positive emotions may also necessitate instruction. For example,

answering a hard question correctly could produce positive emotions such as joy and

enthusiasm, but also cause loss of concentration if too much attention is given to the

elicited emotions. Without pedagogical feedback, positive emotions can lead students

to focus on the excitement and undervalue the effort required to obtain a good result

(Efklides & Volet, 2005).

The emotional feedback can occur before and after the test, during the test, and before

and after a student’s answer to a question (Economides, 2006). In all these cases,

emotional feedback can be provided either automatically according to the student’s

emotional state, either upon the student’s or the teacher’s request. Thus, an affective

testing system could implement emotional feedback by using constructively positive

emotions, while preventing, controlling and managing negative emotions. Moreover,

the emotional feedback can also suitably employ negative emotions so as to raise the

student’s devotion and engagement. Humour and jokes, amusing games, expressions

of sympathy, reward, pleasant surprises, encouragement, acceptance, praises but also

criticism (Economides, 2005) are some of the possible actions that could be practised

by an affective testing system.

Although, as referred earlier, it has been shown that students would prefer assessment

delivered through a computer (Sambell, Sambell, & Sexton, 1999; Croft, Danson,

Dawson, & Ward, 2001; Ricketts & Wilks, 2002a), there is research evidence that

computerized tests may cause fear and anxiety in some people (Igbaria & Chakrabarti,

1990; Rosen, Sears, Weil, 1993; Abdelhamid, 2002), which makes the need for

affective feedback provided by testing systems even more intense. Personalizing the

testing experience requires building systems able to adapt to a wide variety of

characters beyond the usual student type (Moridis & Economides, 2009b).
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Students often fail to successfully complete a learning task because of emotional

pressure taking such forms as emotional pressure exerted by parents, teachers,

schoolmates and even themselves. Moreover, academic success appears to hold the

key to students’ success in later life. All these factors may seriously impair students’

learning performance, as well as their psychological and physical health (Pekrun,

Goetz, Titz, & Perry, 2002). Students who encounter difficulties are led to believe that

they lack ability, and this belief leads them to attribute their difficulties to a defect in

themselves about which they cannot do much (Black & Wiliam, 1998b). Individuals

who doubt their capabilities and experience high levels of fear of failure are less likely

to set and work toward goals, thus giving them no opportunities to increase levels of

self-efficacy (Caraway & Tucker, 2003).

Furthermore, numerous studies have demonstrated that anxiety can seriously impair

academic performance (Seipp, 1991). It is a well-known fact that learning or

remembering something in a state of anxiety, anger, or depression can be difficult for

any individual (Goleman, 1995). Anxiety can be categorised under the two different

headings of state anxiety and trait anxiety. State anxiety could be specified as a

negatively alarming emotional experience in the face of menacing demands or threats

(Spielberger, 1972, 1983). According to Lazarus (1991), a cognitive evaluation of

threat is a precondition for the occurrence of this emotional state. However, trait

anxiety reflects a predetermined level of anxiety experienced by an individual who

has a predisposition to be more anxious and respond less suitably to anxiety-arousing

stimuli (Eysenck & van Berkurn, 1992). In other words, trait anxiety indicates the

presence of established individual differences in the tendency to react to state anxiety

in anticipation of endangering situations. On the other hand, the proper amount of

anxiety or fear can help individuals to focus, because anxiety focuses the mind

reducing distractions. It is when the negative affect is too strong that learning tasks

are inhibited (Bower, 1992).

A self-assessment test system capable of handling students’ affective and cognitive

needs would help students improve their knowledge and acquire a positive attitude

towards learning. According to Moridis and Economides (2009a) a system of this

kind would be able to: (1) Recognise the current affective state of the student; (2)
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Distinguish when and how to intervene in order to influence the student’s affective

state, based on a holistic educational pedagogy integrating affective models in

learning; (3) Produce the optimal affective state for learning. Additionally, the

tutoring system’s affective handling has to be successfully combined with the

student’s cognitive handling. Consequently, further research related to the

aforementioned needs is required for the effective development of such a system

(Moridis & Economides, 2008a).

This chapter focuses on the affective handling capabilities of such a system and

particularly on emotional feedback. The study described in this chapter examined how

an achievement-based reward would influence the students’ state and trait anxiety

during a self-assessment test, overall and in relation to gender. Moreover, it examined

how the interaction of this particular feedback with students’ state and trait anxiety

would relate to students’ performance, overall and in relation to gender. The sound of

applause was heard after a correct answer to a question as an achievement-based

reward. The applause was chosen as a reward sound because it is socially perceived as

providing an intense sense of support (Neda, Ravasz, Brechet, Vicsek, & Barabasi,

2003; Lupyan & Rifkin, 2003).

Although students may need more support when they provide an incorrect answer to a

question, achievement based-reward could also help a student recover from a

detrimental emotional state and a low performance. As discussed earlier, wrong

answers could create the expectation of even more wrong answers, thus increasing

negative emotions and leading to even more errors until the student’s performance

eventually collapses (Yusoff & Du Boulay, 2009). When a student provides a correct

answer, this is also a chance to present affective feedback (such as reward) so as to

diminish the negative effect of previous wrong answers by increasing student’s

intrinsic motivation and self-efficacy (Schunk, 1984, 1989; McQuiggan, Mott, &

Lester, 2008).

Research evidence suggests that achievement-based rewards during learning or testing

increase individuals' intrinsic motivation (Cameron, Pierce, Banko, & Gear, 2005).

According to Ormrod (1995), motivation can support learning in a range of ways: (a)

encourage behaviour toward certain goals, (b) facilitate increased effort and energy,
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(c) enhance initiation of, and persistence in, activities, (d) improve cognitive

processing, and (e) lead to improved performance. Moreover, Rebolledo-Mendez,

duBoulay, and Luckin (2006) indicated a positive effect of the motivational

scaffolding, particularly on unmotivated students who showed higher learning gains.

The results of the experiment described in this chapter could be useful for the design

of future systems.

11.2 Aim of the Study
This study aimed to examine the influence of applause sound as an achievement-

based reward after a correct answer to a question during a self-assessment test. In this

context, two issues were addressed:

1) The influence of this particular feedback on students’ state anxiety levels,

overall and in relation to gender.

2) How the interaction of this particular feedback with students’ state and trait

anxiety would relate to students’ performance, overall and in relation to

gender.

11.3 Experiment Procedure

11.3.1 System
The online multiple choice question test system, described in section 3.3, was

adjusted to serve the needs of the current study. The system has been developed

within a Windows XP machine using JavaScript with Perl CGI on Apache Web server

with MySQL.

Throughout the test, a student selected his/her answer among four possible answers

and confirmed his/her choice by clicking the ‘‘submit” button. After each question the

system informed the student whether his/her answer was right or wrong and presented

his/her score. In case of students assigned to the applause group, the system would

additionally provide an applause sound when the answer was right. Then the student

could proceed to the next question by clicking the ‘‘next” button.
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11.3.2 Participants
First year undergraduate students of the university of Macedonia, Thessaloniki,

Greece, in an introductory informatics course were recruited. During the test one

group heard applause after each correct answer to a question and the other did not.

Thus, participants were 92 students randomly assigned to each group: 46 (22 males

and 24 females) participants received applause and 46 (13 males and 33 females)

participants did not. Subjects’ age varied from 18 to 21, mean age 19,1 (SD=1,02).

11.3.3 Measurement Scales
Students’ anxiety levels were measured using the State-Trait Anxiety Inventory

(STAI) (Spielberger, 2005). The self-report inventory includes the State (Y1) and the

Trait (Y2) scales, 20 items to assess state anxiety, and another 20 items to assess trait

anxiety. These two parts differ in the item wording, the response format, and the

instructions on how to respond. Respondents are instructed to complete the items of

the Y1 scale according to their current feeling (e.g. right now). When responding to

the Y1 scale, participants blacken the number on the test form to the right of each

item-statement (e.g. I feel at ease) that best describes the intensity of their feelings: (1)

not at all; (2) somewhat; (3) moderately so; (4) very much so. On the other hand,

respondents are instructed to complete the items of the Y2 scale according to how

they feel generally. When responding to the Y2 scale, participants blacken the number

on the test form to the right of each item-statement (e.g. I lack self-confidence) that

best describes the frequency of their feelings: (1) almost never; (2) sometimes; (3)

often; (4) almost always. Scores for both the State and Trait Anxiety scales can vary

from a minimum of 20 to a maximum of 80. The STAI is the most frequently used

scale in research to measure state and trait anxiety and has received many foreign

language adaptations and citations.

The reliability and validity of the Greek translation has been shown (Fountoulakis,

Papadopoulou, Kleanthous, Papadopoulou, Bizeli, Nimatoudis, et al., 2006). The

State and Trait scores for healthy participants were 34.30 ± 10.79 and 36.07 ± 10.47

respectively. Scores for the depressed individuals were 56.22 ± 8.86 for State anxiety

and 53.83 ± 10.87 for Trait anxiety. Both State and Trait scores were normally

distributed in control subjects. Cronbach's alpha was 0.93 for the State and 0.92 for

the Trait subscale. The Pearson Correlation Coefficient between State and Trait
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subscales was 0.79. Test-retest reliability was outstanding, with Pearson coefficient

being between 0.75 and 0.98 for individual items and equal to 0.96 for Y1 and 0.98

for Y2.

11.3.4 Material
The multiple choice questions were focused on basic computer knowledge and skills,

based on material taught in lectures. The content of questions was pre-specified by the

course instructors prior to the study. The test consisted of 45 questions. The order of

questions presented was randomly altered among students.

11.3.5 Procedure and Data Collection Methodology
Students were told that they could optionally participate in a self-assessment test to

help them assess their knowledge before exams. Those who wished to participate

filled in an application form in order to arrange for an appointment. Since the purpose

of the self-assessment test was to help the students assess their knowledge before

exams, it was left to students to decide when they would feel that such a test would be

beneficial to them. The duration of the test was approximately 45 minutes.

Y1 questionnaire was distributed both before and after the test. Then Y2 questionnaire

was distributed. Y2 scale has been shown to remain uninfluenced even after stressful

conditions (Auerbach, 1973; Spielberger, 2005). Thus, distributing Y2 both before

and after the test would be pointless, since trait anxiety would probably have

remained constant. However, it would be a mistake to administer Y2 before Y1. The

State anxiety scale is designed to be responsive to the particular conditions under

which the questionnaire is distributed, and thus the emotionality that may be created if

Y2 is distributed first could have an influence on Y1 scores (Spielberger, 2005).

Regarding students assigned to the applause group, they were informed immediately

before Y1 questionnaire was distributed that after a correct answer to a question an

applause sound would be played. Then Y1 questionnaire was distributed and the

students took the test. The sound was played through headphones. Students not

assigned to the applause group proceeded directly to Y1 questionnaire.



161

11.4 Results
Table 25 and Table 26 present the basic results of this study, concerning males and

females receiving and not receiving applause: Average, median, max and min values

of State anxiety scores (measured before and after the test), Trait anxiety scores, and

test performance scores are presented for each group. Then a more sophisticated

analysis is presented, including the two-way Anova and calculations of Spearman's

Correlation Coefficient.

The first goal of this study was to examine whether affective feedback in the form of

applause could influence students’ state anxiety, overall and in relation to their

gender. A two way Anova was conducted. The two independent variables that crossed

each other are gender and applause (Table 27). This study has a 2 x 2 design with the

two genders (male-female) and two types of applause (present-absent). The dependent

variable was students’ state anxiety measured before and after the test.

TABLE 25: MALES RECEIVING AND NOT RECEIVING APPLAUSE: AVERAGE (AVG), MEDIAN
(MED), MAXIMUM (MAX) AND MINIMUM (MIN) VALUES FOR STATE ANXIETY MEASURED

BEFORE (STATE ANXIETY-1) AND AFTER (STATE ANXIETY-2) THE TEST, TRAIT ANXIETY,
AND TEST PERFORMANCE.

MALES APPLAUSE
(N=22)

MALES NO APPLAUSE
(N=13)

AVG MED MAX MIN AVG MED MAX MIN
STATE
ANXIETY-1

36.73 34 63 23 38.46 39 46 27

STATE
ANXIETY-2

22.7 21.5 33 20 30.54 30 58 20

TRAIT
ANXIETY

31.36 29 46 20 38.31 36 57 27

TEST
PERFORMANCE
OUT OF 45

36.36 36 44 30 36.23 38 40 25
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TABLE 26: FEMALES RECEIVING AND NOT RECEIVING APPLAUSE: AVERAGE (AVG), MEDIAN
(MED), MAXIMUM (MAX) AND MINIMUM (MIN) VALUES FOR STATE ANXIETY MEASURED

BEFORE (STATE ANXIETY-1) AND AFTER (STATE ANXIETY-2) THE TEST, TRAIT ANXIETY,
AND TEST PERFORMANCE.

FEMALES APPLAUSE
(N=24)

FEMALES NO
APPLAUSE

(N=33)
AVG MED MAX MIN AVG MED MAX MIN

STATE
ANXIETY-1

39.9 37.5 65 22 40.91 39 64 23

STATE
ANXIETY-2

28.25 27 51 20 29.7 28 51 20

TRAIT
ANXIETY

36.71 33.5 53 25 37.48 37 59 22

TEST
PERFORMANCE
OUT OF 45

36.37 37.5 42 25 36.4 37 43 25

Data in almost all groups were positively skewed, thus a logarithmic transformation

was used to satisfy the normality assumption. Accordingly, the Anderson–Darling

statistical test was employed to detect departures from normality. Prior to the Anova

test, Levene's Test for Equality of Variances was performed to confirm that

homogeneity of variance assumption was not violated. An unweighted means analysis

was selected to treat the different sample size in groups (unbalanced two-way Anova).

TABLE 27: THE APPLAUSE STUDY DESIGN

Gender Applause Total
Present Absent

Female N=24 N=33 57
Male N=22 N=13 35
Total 46 46 92

Concerning students’ state anxiety measured before the test, the two-way Anova

showed no significant results. The row, column, and interaction effect failed to reach

statistical significance. This means that state anxiety before the test for males and

females was not significantly influenced by the expectation or non-expectation of the

reward sound of applause (column effect), or gender (row effect), and that the

expectation or non-expectation of applause did not significantly influence state

anxiety before the test in relation to gender (interaction effect).
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Concerning students’ state anxiety measured after the test, the column effect was

significant (F[3.95]=11.17, p<0.01), while the row effect was not (F[3.95]=0.39,

p>0.05) indicating that state anxiety after the test was not significantly influenced by

gender but by the presence or absence of applause. Interestingly, the interaction effect

was also significant (F[3.95]= 15.39, p<0.01), representing a significant interaction

between the two factors (gender-applause). This means that the presence or absence

of applause did have a significant influence on state anxiety after the test in relation to

gender.

Post hoc comparisons, using the Bonferroni correction, followed to identify which

means differences were significant (Table 28). Males not receiving applause were

significantly more anxious than females not receiving applause. Furthermore, males

receiving applause were significantly less anxious than males not receiving applause.

Given that there is an interaction along with a main effect of applause, the main effect

must be re-examined for its consistency. According to the main effect, students that

received applause had less state anxiety after the test. However, when looking at the

cell means, it is obvious that this is only the case for males receiving applause

feedback. Hence, in this case the main effect is not consistent. Moreover, the main

effect of gender is not significant, but the interaction between males and females not

receiving applause is. Males not receiving applause had significantly higher state

anxiety after the test than females not receiving applause. Additionally, males

receiving applause were significantly less anxious after the test than males that did not

receive applause.

TABLE 28: POST HOC COMPARISONS RESULTS OF Y1MEAN SCORES MEASURED AFTER THE TEST
IN EACH GROUP

Comparison Significant? (P <0.05?) T
1: Females-Males receiving applause No 2.467
2: Females-Males not receiving applause Yes 3.059
3: Females receiving applause-Males not No 2.536
4: Males receiving applause-Females not No 2.179
5: Males receiving applause-Males not Yes 4.578
6: Females receiving applause-Females not No 0.478

The second aim of this study was to point out correlations between STAI scales and

students’ performance, overall and by gender (Table 29). Spearman's Correlation
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Coefficient was used as the non-parametric equivalent of Pearson’s correlation, since

data concerning score were far from being normally distributed, even after

transformation efforts.

TABLE 29: SPEARMAN’S CORRELATIONS BETWEEN TEST PERFORMANCE  SCORE AND Y1
(MEASURED BEFORE THE TEST) – Y2 SCALES, OVERALL AND BY GENDER. VALUES WITH AN *

DECLARE A SIGNIFICANT CORRELATION

SCORE
Males and Females-Y1
N=92
Sig. (two tailed)

0.119

0.26
Females-Y1
N=57
Sig. (two tailed)

-0.053

0.697
Males-Y1
N=35
Sig. (two tailed)

0.454*

0.006
Males and Females-Y2
N=92
Sig. (two tailed)

-0.195

0.063

Females-Y2
N=57
Sig. (two tailed)

-0.296*

0.025

Males-Y2
N=35
Sig. (two tailed)

-0.018

0.92

A significant correlation was found between males’ state anxiety before the test and

their test performance, r = .454 (33), p (two-tailed) < .01. This shows that there is

some association between males’ state anxiety before the test and their test

performance, indicating that to some extent the higher males’ anxiety before the test

was, the better males performed. A low, though significant, negative correlation was

found between females’ trait anxiety and their test performance, r = -.296 (55), p

(two-tailed) < .05. This significant negative correlation between females’ trait anxiety

and their test performance reflects a small degree of negative association between the

two variables, proportionately to which the higher the trait anxiety was, the worse

females performed.

Further analysis between females’ trait anxiety and their test performance and males’

state anxiety before the test and their test performance revealed that the above

correlations were even higher, but were significant only for those females and males
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that did receive applause, r = -.47 (22), p (two-tailed) < .05 and r = .507 (20), p (two-

tailed) < .05, respectively (Table 30).

TABLE 30: SPEARMAN’S CORRELATIONS BETWEEN FEMALES’Y2 RECEIVING-NOT RECEIVING
APPLAUSE AND TEST PERFORMANCE SCORES, AND MALES’Y1 (BEFORE THE TEST) RECEIVING-
NOT RECEIVING APPLAUSE AND TEST PERFORMANCE SCORES. VALUES WITH AN * DECLARE A

SIGNIFICANT CORRELATION

SCORE
Females not receiving applause-
Y2
N=33
Sig. (two tailed)

-0.19

0.289

Females receiving applause-Y2
N=24
Sig. (two tailed)

-0.47*

0.02
Males not receiving applause-Y1
N=13
Sig. (two tailed)

0.263

0.386
Males receiving applause-Y1
N=22
Sig. (two tailed)

0.507*

0.016

Nevertheless, no significant correlations were found in any of the groups between

state anxiety measured after the test and test performance.

11.5 Discussion
Anxiety may seriously hinder test performance, resulting in scores that do not

correctly reveal a candidate’s true levels of relevant attributes (Arvey, Strickland,

Drauden, & Martin, 1990). This may eventually result in the selection of less talented

candidates (Arvey et al., 1990; Spielberger & Vagg, 1995). A self-assessment test

system could help individuals to be psychologically prepared to face anxiety and other

emotional states that can impair performance during the final test.

A step towards this direction is to provide these systems with adequate emotional

feedback techniques. There are many types of feedback which need to be investigated,

before they can be purposely integrated into an affective self-assessment test system.

An experiment was conducted to explore the influence of a reward sound (applause),

after a correct answer to a question, on students’ state anxiety levels, overall and in

relation to gender. Moreover, this experiment examined how the interaction of this
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particular feedback with students’ state and trait anxiety would relate to students’

performance, overall and in relation to gender.

There is research evidence that reward stimulus promotes memory development via

dopamine release in the hippocampus prior to learning (Adcock, Thangavel,

Whitfield-Gabrieli, Knutson, & Gabrieli, 2006). Both males and females were

informed just before the test started whether they were going to be in the group

receiving the sound of applause or not.

Results showed that males not receiving applause had significantly higher state

anxiety after the test than females not receiving applause. Additionally, males

receiving applause were significantly less anxious after the test than males that did not

receive applause. In relation to this, research evidence has suggested that females are

more likely to have coping resources available to deal with anxiety before tests and

are more likely to use adaptive coping behaviors during a test (McCarthy & Goffin,

2005).

However, there was no significant difference between males’ and females’ state

anxiety before the test. The expectation or non-expectation of applause did not

significantly influence state anxiety before the test in relation to gender. It was after

the test, when the reward sound of applause had been experienced by males and

females assigned to the applause group, that the interaction between presence-absence

of applause and gender showed significant differences in state anxiety.

Nevertheless, when males were informed before the test that a reward sound of

applause was going to follow each correct answer to a question, their state anxiety

before the test was significantly positively correlated with scores. We propose that

state anxiety before the test might have been a “motivational device” for males faced

with the challenge of answering correctly to the questions of the test in order to hear

the rewarding sound of applause as many times as possible. We assume that the

higher males’ state anxiety was at that point (before the test started), the more they

were challenged by the possibility of being rewarded for providing correct answers.

Similarly, the more they tried to provide correct answers during the test (so as to be

rewarded), the better they performed.
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Several studies on gender differences in self-evaluations of the intelligence quotient

(I.Q.) (Furnham & Rawles, 1995) and performance (Beyer, 1990) have indicated that

males tend to exaggerate concerning their capacities, whereas females tend to

underestimate themselves. Moreover, it has been shown (Beyer and Bowden, 1997)

that when an educational task is considered “masculine” (e.g. mathematics, computer

science)   females’ self-evaluations of performance are unfairly low. Accordingly, it

has been indicated that male college students have more confidence in using

computers than females and that even female Computer Science majors could be less

confident about computer use than would be male non-majors (Beyer, Rynes,

Perrault, Hay, & Haller, 2003).

Importantly, self-perceptions can have an influence on behaviour or mental health,

even if they are inaccurate (Taylor & Brown, 1988; Beyer & Bowden, 1997). Thus,

inaccurate self-evaluations can diminish intrinsic motivation to compete on a

challenging task (Beyer, 1998). This may provide some justification for experimental

evidence suggesting that women are not as motivated as men in competitive

environments (Gneezy, Niederle, & Rustichini, 2003).

Accordingly, there is evidence that males show greater sensitivity to whether they

receive reward or not than females in a social as well as in a personal context (Li,

Huang, Lin, & Sun, 2007). Concerning this, researchers have shown that during a

video game play the part of the brain that generates rewarding feelings is more active

in men than in women (Hoeft, Watson, Kesler, Bettinger, & Reiss, 2008). Let’s

assume that this could also be observed during a self-assessment test. Nevertheless,

this is merely a hypothesis and future research will show if such an assumption stands

true. Besides, as already discussed earlier, males' communication has a tendency to

express components of social status, seeking to establish and maintain reputation and

dominance in their group (Maltz & Borker, 1983). Thus, the reward sound of applause

could be interpreted as a competitive characteristic of the system that satisfied the

male need for distinction, producing for males a “motivational device” before the test.

Yet, no significant correlations were found in any of the groups between state anxiety

measured after the test and scores. We assume that since correlation quantifies how
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well these two variables are associated, a reason for not finding any significant

correlation may be that the second variable (test performance) was not “active” when

the first variable (state anxiety) was measured (after the test). It is likely that some

factors (e.g. test preparation, personal characteristics, time and place of taking the test,

e.t.c) influence both variables. But while any influence on test performance had

ceased to exist (the test was over), several factors may have continued to influence

state anxiety at the time it was measured (after the test).

There was no significant difference in the levels of trait anxiety between males and

females in this experiment. This is consistent with earlier research stating that there

are no significant gender differences concerning trait anxiety in science (Zoller &

Ben-Chaim, 1989), or in any of the disciplines (Westerback & Long, 1990).

However, when females heard applause there was a significant negative correlation

between females’ trait anxiety and their scores, indicating that the higher the trait

anxiety was, the worse females performed. The reason for this observation in the

female group that received applause may result from the way females interpreted the

sound of applause. Thus, it could be implied that females related the rewarding sound

of applause to the already anxiety provoking experiences they had concerning a test.

Pursuing reward through the sound of applause was a competitive characteristic of the

self-assessment test which worked for males but not for females.

Several studies related to this (Gorriz & Medina, 2000; Lucas & Sherry, 2004;

Hartmann & Klimmt, 2006) have pointed out that there is a gender gap concerning

video games. One main finding of this research was that female players were unlikely

to enjoy game-play situations involving games that incorporated competition features.

Usually, winning is less important for females than it is for males. Women and girls

tend to have a preference for games involving exploration and narrative (Gorriz &

Medina, 2000).

Female preference for less competitive tasks may be explained by socialisation factors

that prescribe gender-specific expectations concerning anxiety provoking stimuli

(McLean & Anderson, 2009). Thus, males may have learned that the male role

involves courage and determined coping behaviour when encountering anxiety-
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provoking situations (Bem, 1981), while females may have learned that the female

role typically tends to avoid competition. Nevertheless, gender differences in terms of

competitive behaviour could also be attributed to biological factors (McLean &

Anderson, 2009). Gender differences must be further examined and better interpreted

so that the development of successful affective learning systems can be facilitated

(Burleson, 2006).

Although the results of this study correspond with other research on gender

differences in education, they should be confirmed by studies targeting the settings of

a self-assessment test platform. The environment of a self-assessment test platform is

a separate case where affective feedback has not been examined sufficiently.

Moreover, the content of the self-assessment test, in this study, was focused on basic

computer knowledge and skills, based on material taught in lectures. Possibly, results

might have been different if the test involved a different course (not involving

computers and technology). In addition, students took the self-assessment test in a

university laboratory. They might have behaved differently if the test had taken place

at the convenience of their home. This is an important factor, since the aim of self-

assessment test platforms is online use, helping students prepare for exams at the time

and place they choose.

Furthermore, in this study, the sound of applause as a reward after a correct answer to

a question was examined. Maybe a different kind of reward (e.g. a music rhythm)

would have provided different results. Thus, we should keep in mind that these results

relating to reward concern only this particular kind of feedback.

Despite the limitations of this study, it is clear that this particular kind of reward (the

sound of applause after a correct answer to a question) has a different effect on males

and females. This may also be the case for other kinds of affective feedback.

Therefore, research into affective feedback should also take into account gender

differences.  Moreover, other parts of an affective learning system (e.g. the interface)

may require a gender specific approach.  Thus, research in the direction of gender

differences concerning different parts of affective learning systems will greatly

contribute to the personalisation of the learning experience while using such systems.
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As discussed earlier, males not receiving applause were more anxious after the test

than females not receiving applause, and more anxious than males that received

applause. Nevertheless, no significant effect was observed on state anxiety before the

test. Moreover, a significant positive correlation was observed between state anxiety

before the test and test performance by males assigned to the applause group.

However, no such effect took place after the test. Finally, a significant negative

correlation was found between trait anxiety (measured after the test) and test

performance by females assigned to the applause group. Some interpretation of these

results is given in the discussion section of this paper. These results are a step towards

providing self-assessment test platforms with affective feedback capabilities.

This study particularly focused on the effect of achievement-based reward feedback

on students’ state and trait anxiety in the context of a self-assessment test platform.

This kind of feedback is as one of the many tools that should be added to the

platform’s “affective feedback arsenal”. For the time being, we can regard the effect

of the sound of applause as an empirical finding. Since it is not so far clear which kind

of affective feedback and under what conditions would be most effective, empirical

findings from future research could help develop various kinds of affective feedback

that could be effective under different conditions (e.g. trying to help students with

excessive fear of failure).

Affective feedback is only one out of many capabilities that a self-assessment test

system could perform to become more efficient. A self-assessment test system with

affective and cognitive handling could be utilized by any kind of educator to

configure online multiple choice question tests based on their course, so as to provide

their students with the potential benefits of such a system. A flexible system would

take into consideration the student’s current knowledge and learning preferences to

generate individualized tests. In addition, the system would try to introduce students

to an emotional state conducive to learning by providing adequate feedback

(Economides, 2005, 2006). Furthermore, affective handling has to be successfully

combined with cognitive handling. Moreover, the use of this platform should be

effectively embedded within each educational context.
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12. Taking EEG Measurements: Empathetic Embodied
Conversational Agents to Modulate Brain Oscillations
towards Learning.

12.1 Introduction
An experiment was set (Moridis et al., 2010) to examine the impact of the three ECAs

(presented in chapter 10) on subjects’ Fear, Sad, and Happy emotions, as measured by

the electroencephalograph (EEG). The experiment and the analysis of the EEG data

were done in cooperation with the Laboratory of Medical Informatics, the Laboratory

of Clinical Neurophysiology AHEPA Hospital, and the Laboratory of Experimental

Ophthalmology, all laboratories of the Aristotle University, School Of Medicine,

Thessaloniki, Greece.

In relation to the aforementioned, certain studies of neurofeedback concerning test

anxiety indicated that enhancing the alpha frequency band would probably lead to a

significant reduction in test anxiety (Garrett & Silver, 1976). Moreover, stimulating

alpha rhythm seems to improve personal competence (Ossebaard, 2000), while beta

stimulation appears to heighten attention (Patrick, 1996; Lane, Kasian, Owens, Marsh,

1998), raise overall intelligence, decrease short-term stress, and to relieve emotional

exhaustion (Ossebaard, 2000). However, high beta frequencies have been associated

with intensity or anxiety (Huang & Charyton, 2008).

The aim of this chapter is to examine the objective impact of the three ECAs

described in chapter 10. The aforementioned objectivity is based on the evaluation of

the cerebral responses, as they were recorded by the electroencephalogram (EEG),

when individuals were exposed to empathy with emotional facial expressions, to

empathy with neutral facial expressions, and to an empathetic encouragement with

emotional facial expressions, as a feedback to fear, sadness, and happiness, emotions

provoked by pictures of the International Affective Picture System collection (Lang,

Bradley, & Cuthbert, 2005). While other researchers have attempted to study empathy

employing brain-imaging methods (Shamay-Tsoory et al., 2005; Jackson, Brunet,

Meltzoff, Decety, 2006; Cheng, Yang, Lin, Lee, & Decety, 2008), to the best of my
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knowledge this is the first brain-imaging study that attempts to measure the impact of

empathetic agents as feedback to human emotions for improving brainwave activity

towards learning.

12.2 Materials and Methods

A. EEG data

Real EEG data have been obtained from thirty healthy subjects [15 males (mean age:

23.47±3.39) and 15 females (mean age: 22.8±3.74)] during an emotion evocative-

stimuli experiment. EEG was recorded by nineteen scalp electrodes placed according

to the International 10-20 System. More specifically sensors were placed at Fp1, Fp2,

F3, F4, F7, F8, Fz, C3, C4, Cz, T3, T4, T5, T6, P3, P4, Pz, O1 and O2 sites.

B. Experimental procedure

The experiment protocol consisted of an Euler square of order three over three

emotions (fear, sad, happy) triggered by IAPS and three ECAs (displaying empathy

with emotional facial expressions, empathy with neutral facial expression, and

empathetic encouragement with emotional facial expressions) displayed as emotional

feedback. All subjects were exposed to three IAPS images with either fear or sad or

joy content for twelve seconds (four seconds each), followed by a female ECA (Fig.

16) performing for five seconds. The ECA depicted either empathy with neutral facial

expression, or empathy with relevant to the image emotional facial expression, or

empathetic encouragement with relevant to the image emotional facial expression for

empathy, and then a happy facial expression for encouragement when images had a

sad or fearful content. A neutral facial expression was used for encouragement by the

“empathetic encouragement” ECA when the images had a happy content.

A more detailed description of the protocol as well as the synchronized speech and

facial expressions of the ECAs are shown in Tab.1. It has to be mentioned that after

each ECA an eight-second phase with neutral or relaxing IAPS images intervened

(two images four sec each).
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TABLE 31: THE TABLE SUMMARIZES THE EEG EXPERIMENTAL PROTOCOL. FEAR, SAD AND
HAPPY INDICATE THE EMOTIONAL CONTENT OF THE THREE DISPLAYED IMAGES, WHILE 1, 2

AND 3 DENOTES THE ECA’S BEHAVIOR IN TERMS OF SYNCHRONIZED SPEECH AND FACIAL
EXPRESSION.

In order to evaluate the accuracy of these results, it is crucial to examine if each

ECA’s facial expression can be assigned to the relevant emotion as well as if the

participants were capable of perceiving it. Therefore, each subject’s ability to

recognize the ECA’s emotions through its facial expression had to be evaluated in

order to assess the correctness of the EEG results. Thus, at the end of the experimental

protocol, each subject was asked to complete a questionnaire, composed of the images

of all ECA’s facial expressions. More specifically, subjects were called to assign to

each ECA’s image an emotional state among angry, neutral, sad, happy, disgusted,

surprised and scared.

C. Pre-processing and Artifact Rejection

EEG signals were digitized at a rate of 256Hz and they were further filtered using a

band pass filter at 0.5-40Hz and a notch filter at 50Hz for line noise extraction. It has

also to be mentioned that the double banana bipolar montage was used in order to

isolate external noise common to neighbour electrodes. Double banana resulted in
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eighteen electrodes because the Cz site was only used for referencing purposes. A

robust version of Second Order Blind Identification (SOBI) algorithm (Belouchrani &

Cichocki, 2000; Klados, Papadelis, Lythari, Bamidis, 2008) was used to decompose

EEG signal to statistically independent components. Then three independent

observers marked and rejected the contaminated components by ocular and/or heart

artefacts resulting in the artifact-free EEG signals.

D. ERD/ERS

ERD/ERS illustrates the percentage of the power spectrum changes during a test

interval compared to a reference interval for certain brainwaves. For the purposes of

this analysis the band power method (Pfurtscheller & Aranibar, 2000) was adopted for

the computation of ERD/ERS index. Following this methodology, each EEG signal

was band-pass filtered in the alpha1, alpha2, beta1, beta2 frequency bands (8-10Hz,

10-12Hz,12-18Hz and 18-22Hz respectively), squared in order to obtain each band’s

power and the mean value for each test and reference interval was computed. Finally

in order to obtain the ERD/ERS, the following formula was used:

(83) %100*/
R

RTERSERD 


where T and R denotes the power of a certain brain rhythm during the test and the

reference interval respectively. It is obvious that positive ERD/ERS values stand for

greater power in test interval rather than in reference interval, which reveals

synchronization (ERS) of the certain brain oscillations, while negative ERD/ERS

values denote desynchronization (ERD).

E. Statistical Analysis

Data at all groups were far from the normal distribution. Thus, the non parametric

Mann-Whitney test (two sided Pvalue) was applied to check the null hypothesis that

ECAs shown after the fear, the sad, and the happy IAPS images had no significant

influence on the alpha1, alpha2, beta1, and beta2 frequency bands. In order to obtain

the confidence interval for the facial expression’s emotion recognition, a binomial

proportion confidence interval was used. The Adjusted Wald interval provides

optimal coverage for a specified interval when the number of sample size is small.

Thus, Adjusted Wald was used with a confidence level of 95%.
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12.3 Results
A statistically significant difference (p<0.05) at the modulation of the beta2 band

power was observed for the FEAR-1(+10.14%) and FEAR-3(-4%) ECAs. The ECA

HAPPY-1 as well, significantly increased the beta2 frequency band power by 5.39%.

Concerning the beta1 band, the ECAs SAD-2 and HAPPY-2 resulted in a significant

increase by 2.83% and 5.49% respectively. Alpha2 band power was significantly

increased by the FEAR-3 (10.06%), SAD-2 (5.85%), and SAD-3 (18%) ECAs.

Alpha1 band was significantly increased by the FEAR-3 (9.99%), SAD-2 (1.45%),

and HAPPY-1 (48.47%) ECAs. A summary of these results is provided by table 32.

TABLE 32: SIGNIFICANT DIFFERENCES TO BETA1, BETA2, ALPHA1, ALPHA2 DUE TO ECA
EMOTIONAL FEEDBACK. “-” SIGNIFIES NON-SIGNIFICANT RESULTS. RED CIRCLES DENOTE
POTENTIALLY NEGATIVE INFLUENCE ON LEARNING PROCEDURES, WHILE GREEN CIRCLES

DENOTE POTENTIALLY POSITIVE INFLUENCE.

Table 33 summarizes the results for the emotion recognition of the facial expressions

shown with their relevant confidence intervals. Happy and sad facial expressions were

easily recognized by the participants with high percentages, 93% and 97%

respectively.

Scared and neutral facial expressions were recognized with smaller percentages by the

participants, 73% and 77% respectively. Scared was mostly confused with surprised,

and neutral with angry. Moreover, male percentage is higher than female percentage
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in all four categories. Scared and neutral are two emotional states that are difficult to

be perceived only by being shown one image. Most likely, during the experimental

procedure the combination of facial expressions with the voice’s tone made the

recognition easier.

TABLE 33: 95% CONFIDENCE INTERVAL FOR FACIAL EXPRESSION-EMOTION RECOGNITION

12.4 Discussion
This chapter provides evidence that ECAs could be effectively used as emotional

feedback to improve brainwave activity towards learning. The empathetic

encouragement ECA appeared to be an effective emotional feedback to fear IAPS

images as it desynchronizes (- 4%) beta2 oscillations and considerably synchronizes

alpha2 (+10.06%) and alpha1 (+9.99%) brain oscillations. Interestingly, the

empathetic ECA, showing a fearful facial expression after the fear IAPS images,

appeared to increase (+10.14%) the beta2 band power, indicating that its presence

provoked even more intense emotions. Concerning the sad IAPS images, the

empathetic ECA with a neutral facial expression could be effective emotional

feedback, as its appearance resulted in an increase in beta1 (+2.83%),

alpha1(+1.45%), and alpha2 (+5.85%) frequency band powers. The empathetic

encouragement ECA could also be effective emotional feedback to a sad emotional

state, as it considerably synchronizes (+18%) the alpha2 oscillations. Regarding

happy emotional states and learning, emotional feedback that would help maintain

concentration and avoid excessive relaxation would be preferable. In this context, the

empathetic ECA with a neutral facial expression appears to be a good solution, as it

increases (+5.49%) the beta1 band power. Surprisingly, the empathetic ECA
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displaying a happy facial expression appears to increase (+5.39%) the beta2 band

power, while it excessively increases (+48.47%) the alpha1 band power. However,

these results should be confirmed by further analysis (e.g. asymmetry measures) and

be further tested in the context of a tutoring system, so as to prove their efficacy as

emotional feedback for instructional technology.
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13. Conclusions

13.1 Overview
Computerized self-assessment test systems can be an integral part of any e-learning

system. Moreover, preparation tests through computerized self-assessment test

systems, to help students before final exams, can be essential to any educational or

learning process. Although lack of emotional recognition and emotional feedback

capabilities of traditional tools of e-learning has been acknowledged as one major

limitation in the recent decade, there have been no previous efforts to incorporate

affective handling capabilities into self-assessment test systems.

This Ph.D. thesis is a first step towards this direction. In the context of this Ph.D.

affect recognition and affective feedback methods were developed and evaluated for

use during a computerized self-assessment test.

13.2 Innovation

13.2. 1 Innovation in Affect Recognition during a Self-Assessment
Test
The proposed formula-based and neural-network-based mood recognition models are

easy to implement in a system. So far, there has been no applicable computational

model for affect recognition during an online test. Moreover, the relevant results

indicate that the assumptions underlying the mood recognition methods may prove

useful for future research.

Students’ personal goal at the beginning of the test proved to be a crucial feature of

the mood recognition process. When models were formulated so as to monitor how

students are approaching or moving away from their goal during the test, the system’s

mood recognition capacity dramatically increased (e.g. Formula-based Model 1 vs.

Formula-based Model 2). This feature could help self-assessment tests to adapt to the

specific personal characteristics of each student, such as their interests, ambitions,

personal experiences, time devoted to studying, etc. Moreover, setting a personal

performance goal may enhance self-motivation and self-awareness. Therefore, it may

be important to start constructing future systems taking into account student’s

personal goal.
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Another feature that proved to be essential is the idea that since human senses are

better modelled with the use of logarithms, affective issues could also be modelled

more effectively with the use of logarithms. Incorporating “exponential logic” in the

formula-based models produced a mood recognition model (Formula-based Model 3)

able to adapt not only to the ordinary student but also to the unanticipated one.

Moreover, results (Formula-based Model 3 vs. Formula-based Model 2) vindicated

the assumption that the influence of questions already answered should be weighted in

relation to their distance from the current question. Thus, indicating that the influence

of previous questions on student’s mood diminishes as new questions appear.

Furthermore, an interesting hypothesis that proved to be valuable is that neural

networks could be useful for the task of affect recognition, and that conventional

algorithmic methods developed for the purpose of affect recognition could be

improved if combined with neural network methods (e.g. Neural Network stage 1 vs.

stage 2). The   relevant results showed that neural networks and conventional

algorithmic methods should not be in competition but complement each other for the

development of affect recognition systems That is because issues related to emotion

may have a clear cause (e.g. happiness because of the presence of a good friend), but

they can also be difficult to explain (e.g. sadness after winning the lottery). Affect

recognition systems using conventional algorithmic methods follow a set of

instructions in order to recognize emotional states. However, unless the specific steps

that need to be followed are known, these methods cannot function effectively. To

solve this inefficiency, neural networks, with their significant ability to derive

meaning from complicated or vague data, can be used to extract patterns and identify

trends that are too complex to be noticed by either humans or other computer

techniques. In that sense, the results of the neural network-based models confirmed

points of theory which state that neural networks could be useful for the task of affect

recognition.

Additionally, affect was recognized through students’ facial expressions during a self-

assessment test. A self-assessment test may be a procedure involving particular facial

expressions that could be misleading. For instance, the facial expression of a student

who is trying to concentrate in order to answer a question could be misinterpreted as
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an angry emotion, while in fact the student is merely focusing on the test procedure.

Cases like this were identified, so as to provide future systems with information in

order to register only facial expressions triggered by relevant emotions during a

computerized test. To the best of my knowledge this is the first attempt to evaluate

facial expressions, as an emotional recognition source during a self-assessment test.

Results indicated that facial expressions can be a reliable source of recognizing

emotional states during a computerized test. Moreover, useful results concerning the

emotional states experienced by students during a test were provided. The analysis

showed that the dominant instant emotion was neutral, followed by angry and sad.

Finally, gender analysis revealed that females exhibited significantly higher

percentages for neutral and happy emotions. On the other hand, males appeared to

experience more disgusted and angry emotions.

13.2. 2 Innovation in Affective Feedback during a Self-Assessment
Test
Affective feedback strategies aimed at regulating fear, happy, and sad emotions

during a self-assessment test were developed and evaluated. Moreover, affective

feedback strategies were developed and evaluated to treat state and trait anxiety, so as

to take into account a wider range of negative emotions.

In order to handle students’ fear, happy, and sad emotions, empathetic Embodied

Conversational Agents (ECAs), were designed and implemented. Few research

studies have employed empathetic ECAs for the purpose of emotional regulation.

Nevertheless, none of them tested the effect of different types of emotional facial

expressions combined with different types of empathetic behaviour (parallel and

reactive empathy). Results indicated that an ECA performing parallel empathy with a

relevant to the student’s emotion facial expression may cause this emotion to persist.

Moreover, results showed that an ECA performing parallel and then reactive empathy

(displaying a relevant to the student’s emotion facial expression for parallel empathy

and a different from the student’s emotion facial expression for reactive empathy)

appeared to be effective in altering an emotional state of fear to a neutral one.

Additionally, in order to treat a wider range of negative emotions, the influence of a

reward sound (applause), after a correct answer to a question, on students’ state

anxiety levels, overall and in relation to gender was examined. Moreover, it was
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examined how the interaction of this particular feedback with students’ state and trait

anxiety would be related to students’ performance, overall and in relation to gender.

Results showed that such rewarding feedback had a positive influence on males’ state

anxiety and performance during the test, while it was detrimental to females’

performance with high trait anxiety levels. Thus, it could be implied that females

related the reward sound of applause to the already anxiety-provoking experiences

they had concerning a test. Pursuing reward was a competitive characteristic of the

self-assessment test which worked for males but not for females. Female preference

for less competitive tasks may be explained by socialisation factors that prescribe

gender specific expectations concerning anxiety-provoking stimuli (McLean &

Anderson, 2009). On the other hand, the analysis showed that males not receiving

reward feedback had significantly higher state anxiety after the test than females that

did not receive any feedback. In relation to this, research evidence has suggested that

females are more likely to have coping resources available to deal with anxiety before

tests and are more likely to use adaptive coping behavior during a test (McCarthy &

Goffin, 2005).

To summarize, the analysis of the affective feedback reward strategy developed and

evaluated in this Ph.D., aimed at regulating students’ state and trait anxiety, revealed

that gender differences should be taken seriously into account when designing

affective feedback strategies for a self-assessment test system.

Another attempt towards affective feedback was implemented by evaluating the

impact of empathetic agents as feedback to human emotions for improving brainwave

activity conducively to learning, as measured by the EEG. The analysis showed that

empathetic ECAs can indeed have a significant influence on alpha and beta brainwave

activity, and thus improve brainwave activity towards learning. To the best of my

knowledge this is the fist attempt to evaluate the impact of empathetic ECAs in terms

of their capacity to modulate brain rhythms in order to be beneficial to learning

activities.
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13.3 Future Work
In this Ph.D, both mood and emotion methods were developed for the purpose of

affect recognition in the context of a self-assessment test. Nevertheless, the developed

feedback strategies focused only on students’ emotional states and mood was not

taken into account. In the future, the experience acquired from the emotional feedback

strategies developed in this work could provide a research basis on which mood

regulation strategies could also be developed.

Moreover, the analysis of the affective feedback reward strategy (see chapter 11)

revealed that issues of gender differences are crucial when applying affective

feedback strategies to a self-assessment test system. Thus, in future work concerning

students’ affect regulation during a self-assessment test, the “gender dimension”

should be further investigated and adequately integrated into the system’s affective

capabilities.

The affective recognition and feedback methods developed in this Ph.D. were

examined based on the educational field of information technology. Most likely, these

methods can be applied to other courses and be as effective as they were in the

educational context of information technology. In any case, new experiments are

needed in order to confirm this assumption.

Furthermore, it is crucial to examine whether the affective methods presented in this

work would be valid for a culturally different population. This could include

minorities in the Greek population, but also population from other countries.

Furthermore, affective handling has to be successfully combined with cognitive

handling. A flexible system would take into consideration the student’s current

knowledge and learning preferences to generate individualized tests. In addition,

affective strategies could be improved if they integrated students’ personality

dimensions.

The development of an Affective Self-Assessment Test system (A.S.A.T.) deals with

several different elements which need to be combined effectively to produce a new

generation of self-assessment test systems. Therefore, a way to do this is to formulate
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and establish each part in separation and then try to determine how they can all be

combined together to produce optimal results. Clearly, this has to be a joint effort,

bringing together scientists from various fields.

The experience that is going to be derived from the implementation of affective

methods in self-assessment test systems will reveal their strengths and weaknesses.

For the time being, integrating affect recognition methods into such systems makes

feedback much more effective. This yields systems that are more efficient than merely

applying non-individualized feedback as was done in previous e-learning tools.
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