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Abstract

This chapter presents the role of ontologies in the field dé&fve Computing.
For illustrating the main concepts, we analyse a particafaotional ontology, de-
signed and implemented using Semantic Web technologiesstanly its use for the
representation, recognition and generation of emotioatsaie present in textual doc-
uments.

The emotional ontology developed has been used in threereliff applications,
which will be explained in this chapter, related to the auated markup of text with
emotional content. The first one is selecting the most spemifiotion that represents
the general affective content of a sentence according teiation that each word
represents. The second one is establishing what emotiaidshe assigned to a sen-
tence given the set of emotional assignments suggestedoyp gf annotators. The
third one is determining whether the emotion assigned tasémence in automatic
emotion markup is correct. These ontology-enhanced maagpfications have been
tested and the results show improvements with respect foréwious version created
without Semantic Web technology.
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There are various approaches for representing emotioresnibist used represen-
tations areemotional categoriesvhere fixed words are used to refer to emotions, and
emotional dimensionsvhere emotions are defined using numerical values to expres
different aspects of emotion. To address the problem olaéing dimensions into
categories, a common problem in this type of applicatioasheof the categories of
our emotional ontology is related to three different dimens (i.e. evaluation, power
and control) by means of data ranges. By applying automdsedification in terms
of the emotional ontology, the system can interpret unieett inputs in terms of a
— restricted set of concepts for which particular rules aowipled. An example of appli-
cation of this use of the ontology is presented in which thesrapplied for document
markup with emotional dimensions provide configuratiorapagters for an emotional
voice synthesizer.

1. Introduction

Affective Computing is defined as the subfield of Computer Science thig déth rep-
resentation and processing of emotions. This field is gaining importance raanhu
computer interaction systems become more sophisticated and a wide specpromis-
I ing applications appear in areas such as virtual reality, robotics and intelligerfaces
(Tao and Tan, 2005).

Affective Computing has always been a field strongly dependent onlkdge and se-
mantics. Whether the goal is to organize emotions using different repatisas, or to
understand or transmit certain emotions in a text, it is necessary to havetseimfanma-
tion to relate meanings of emotions and represent these meanings usirad kevededge

@ representation paradigms. In this chapter we study how an ontology azsehe for de-
scribing emotional information and we present some applications of this ogttdoghe
automatic extraction and mark up of emotions in a text.

1.1. Ontologies for Emotion Representation

Existing approaches for representing emotions in the Affective Compugftyviary from
identifying a set oemotional categorieéwvith a name tag assigned to each one of them) to
designing a multi-dimensional space in termguofotional dimension@rimitive elements)
such that any particular emotion can be defined in terms of a tuple of numexiagak along
the different dimensions. For different purposes, one approachbadetter suited than
the other. Emotional categories and emotional dimensions are explained ilmedgtan
Sectior Z.1.1.

One important problem to face with emotional categories representatios fiasethe
fact that there is a large number of emotional categories as human lasdwageproduced
extremely powerful labels for emotional states. For example, English mewtleast 107
emotion-denoting adjectives and German at least 235, and the differandesimilarities
between them are not clear cut. If we have two different emotional labelsva want to
compare them, the different granularity of the labels could be an importpata® de-
termine if the two emotions are equivalent, different or similar specificatioriseofame
general emotion. For example, if we want to compglenessandjoy and we consider
both emotional categories as individual units we will determine these two labéidiaa-
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tive of different emotions, but in fagjladnessandjoy are two emotion-denoting words
provided by English to denote the same abstract emotiappinessAgain, if we compare
sulkingandannoyanceapparently two different emotions, we found that both are specifi-
cations of the same abstract emotemmgerwhich differs only in their arousal degree. To
consider each of these categories as individual labels (not related totlzer category)
produces an uncontrolled proliferation of labels which multiplies the compleXitgsixs
that involve the use of these emotions. If the emotional categories weredinotiral iso-
lated units but units related to each other this might simplify tasks such as compaon
different emotional labels or deciding which is the emotion that better remiegee gener-
alization of two different emotions. A taxonomy of emotional categories waaretional
labels are structured and organized in levels, from the most general todstespecific,
might provide a very useful tool in the treatment of emotional categories.

A separate problem arises when operating computationally with emotionsseggre
in more than one representation. In this case we would face the task of &lgimdo
find equivalences from one to another. This task is reasonably eaamy gfanging from
emotional categories to emotional dimensions: it would suffice to assign aytartiaple
of numerical values for the emotional dimensions of each emotional cataybmn trying
to find an equivalence from emotional values expressed in terms of enladiorensions
to a representation in terms of emotional categories this is not so simple. Thlerpries
in the fact that, given the subjectivity associated with emotional perceptierpatticular
values assigned to a given impression by one person usually deviate stightlyvhat a
different person would have assigned. This suggests that the protesnverting from
emotional dimensions to emotional categories should be carried out in a nthanalitows
a certain tolerance, so that a region of space in the universe of emaotionahsions is
assigned to each emotional category, rather than just a single point in itregsen An
ontology of emotional categories in which each of the categories is related ¢ortbtional
dimensions by means of data ranges might be a useful tool for the intéigmeitbemotions
expressed in terms of emotional dimensions as emotional categories.

In this context, the development of an ontology of emotional categoriesl lmasde-
scription logics, where each element is defined in terms of a range of \&aregthe space
of emotional dimensions, provides a simple and elegant solution to the probtessnjed
above. Thanks to a taxonomical reasoning system an implicit hierarchiidaroncepts
represented in the ontology can be inferred automatically. The ability to cargutomatic
classification of concepts simplifies the addition of new concepts - possiphgssed only
in terms of their values along the axes of emotional dimensions - without havingrty
explicitly about where in the ontology they should be placed.

1.2. Ontologies for Emotion Recognition and Generation in Tets

Two very promising areas in the field of Affective Computing are the reidogrand gener-
ation of emotions expressed in natural language. Getting corpora makeithuemotions

is essential to most attempts to make human-computer interaction respond to thaamotio
aspects that are present in any human activity. In particular, the idetificzf emotions
within a text is useful for studying how people relate textual information withtems.
Once these emotion-text relations are extracted, it is possible to train autoystéms
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that assign emotional contents to raw texts. In order to fulfill these tagksrdie informa-
tion about the relations between different emotions is required.

The use of an ontology of emotional categories could improve the perfaearsys-
tems that deal with the task of automated mark up of texts with emotional informatiis. T
kind of ontology could be used to improve the treatment of emotions at threealfifflevels
within the process of automatic mark up of texts with emotions: to establish what emotio
should be considered for a sentence given the set of emotional assignsnggested by
a group of annotators, to select the most specific emotion which repreéberd$fective
information of the sentences from the probability that each word in the senters of in-
dicating different emotions, and to determine if the emotion assigned to the setgm
mark up application is correct.

The first step towards the automatic treatment of emotions is to understandebpie p
annotate texts with emotional information. For this task, a corpus of texts deddig
different evaluators must be used. As emotions are subjective feelamigdiffierent people
experience in different ways, some kind of process must be used tevfiih emotion
would be considered as the most appropriate for the annotators as a \Maglever, this
problem is a very hard one. Even when it is possible that differenttators have experi-
enced more or less the same emotion when reading a sentence, it is probatiieyttwill
use different words or categories to refer to it. For example, if a seatatbe considered
as transmittindhappinesstwo different evaluators might uggadnessandjoy respectively
for expressing it. It is therefore required to have some kind of semantmirition about
how different emotions are related to be able to identify situations like this. £Aslagy of
emotional categories as the one we are proposing in this chapter is véuy/foselealing
with this kind of problems.

Once a corpora of texts marked up with emotional information is available, thie mar
up system can be trained with it by finding correspondences betweesspiétexts and
emotions. When performing the mark up of a new text using the learned infiorman
ontology of emotional information can be extremely useful for performingratices over
the available information. For example, we can find a sentence with a veryplroghability
of beinghappy but with low probabilities of beingngry, outrageoussulkinganddisplea-
suring If the sum of the probabilities of these four emotions is higher than the pildipa
of happinesswe can consider that the sentence is naorgrythanhappy This kind of rea-
soning would only be possible if an ontology of emotions representing thisKiredations
is available.

Finally, an emotional ontology would also be very helpful when determiningenier-
mance of the automated mark up system. The kind of reasonings that havexpésined
before for the creation of the corpora and the automatic annotation of sextsecalso quite
useful for determining if the solution found by the mark up system is more srsiesilar
than the emotion chosen by the initial annotators.

In addition, by reasoning over the emotion ontology, insertion of new inetaoicemo-
tional concepts into the ontology results in their automatic classification undeothe
sponding branch of the hierarchy. The system can then trace thedastem the ontology
of the corresponding value, until a more general concept is foundpphications where
different emotional specification degrees are required. This coulddfelfor some appli-
cations that require the use of general emotions instead of more speeific/mexample
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would be a voice synthesizer that relies on rules based on a reducde:s®itions for gen-
erating an appropriate voice synthesis configuration for expressirigtdreled emotional
impression.

The rest of the chapter is structured as follows. Sedtibn 2. presentsfadwview of
computational representation of emotions, Semantic Web technologies tedbémv em-
ployed, existing ontologies of emotions and a review of the system chosdgonzan of
application. SectionB. presents the emotional ontology created. Sectiom{3l. present
the application of the ontology in the mark up of texts with emotional categoriesnand
the interpretation of emotional dimensions as emotional categories, reghectinally,
in Sectior 8. we conclude by discussing how the emotional ontology is alussturce
for marking up text with emotions and for interpreting emotional dimensions ai@rmb
categories. This last section presents, as well, some lines of future wairkhbuld be
faced in order to apply and improve the obtained results.

2. Related Work

To understand the work presented here, four basic topics must beedowmputational
representation of emotions, Semantic Web technologies that have been ethplape

project, existing ontologies of emotions and a review of the system that bashesen as
example for the use of our ontology. These topics are covered in the fofjaubsections.

2.1. Computational Representation of Emotions

There are plenty of emotional models proposed in the academic literatutbebeitseems
to be agreement about the fact that emotions are subjective expergamtegerson feels in
a very different way. Following this ideq, Parrott (2001) defines emstama response to
events that are important for us, which are governed by specific lagvthahemerge and
manifest themselves according to what the operating mechanism of thesdidéatss. In
the context of this chapter themotional stategefined by Cowie and Cornelius (2003) are
the type of emotional content considered.

2.1.1. Classification of Emotions

In order to study emotional states we must decide how they are going to teseaped.
There are different ways to represent emotional states, but two ofdnette most com-
monly accepted: the use emotional categorieandemotional dimensions

Emotional Categories: The most common method for describing emotions is the use
of emotional words or affective labels. Different languages provissorded words of
varying degrees of expressiveness for the description of emotitetalss That is why
several approaches have been proposed to reduce the numberdsf wsmd to iden-
tify emotions, for example with the use dfasic emotionssuper ordinate emotional
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categoriesor essential everyday emotion termsThe use ofbasic emotionsconsid-
ers that there are some emotions that are more known and understaratableerfy-
body than others (Cowie and Cornelius, 2003). In #uper ordinate emotional cate-
gories approach some emotional categories are proposed as more fundamentialg a
that they subsume the othefs (Scherer, 1984). Finally,efsential everyday emotion
termsapproach focuses on emotional words that play an important role in exetifd
(Cowie, Douglas-Cowie, and Romano, 1999).

Emotional Dimensions: Emotional Dimensions are measures that try to model the
essential aspects of emotions numerically. Although there are differentnsiomal
models with different dimensions and numerical scales (Fontaine et al)),200dst

of them agree on three basic dimensions cal®luation activation and power
(Osgood, Suci, and Tannenbaum, 195Bvaluationrepresents how positive or negative
an emotion is. At one extreme we have emotions sudieppinesssatisfactionandhope
while at the other we find emotions suchwathappinessunsatisfactiorand desperation
Activationrepresents an activity versus passivity scale of emotions, with emotiohsasuc
excitationat one extreme, androusaland at the other emotions suche@m andrelax-

I ation. Powerrepresents the sense of control which the emotion exerts on the subject. At
one end of the scale we have emotions characterized as completely consoudeddgear
andsubmissiorand at the other end we find emotions suck@sinanceandcontempt

For different purposes, one approach is better suited than the otitenskance, when
attempting to synthesize voice utterances that reflect emotion to some extenagsieiste
identify the parameters for voice production associated with conveyingiayar emotion

{B category. For assigning emotional values to given utterances, on thehathé, human
evaluators find it much easier to provide numbers along given dimensions.

2.1.2. Structure of Emotions

Psychologists have been searching for an intelligent way to structurgigtieg emotional
repertoire. Several methods have been proposed, each with its oantagles and disad-
vantages.

Methods based on emotional dimensions try to capture the similarities and wii#ésre
between emotions. Some researchers propose a two-dimensional shcsyely con-
sidering evaluation and activation. This is called dmeumflex modeivhere the points
that correspond to all possible emotions form a circle (Russell,| 1980)vingethe multi-
tude of emotions as points in a two-dimensional space can be useful instart#ing the
most generic emotions but not the most specific ones. This model ignoreariaty of
emotional states, and does not capture the slight differences foundd#ye most generic
sensations.

As an alternative to dimensional spaces some researches have uded @hady-
sis (Storm and Storm, 1987; Shaver et al., 1987; Parrott,2001). Empseaches group
emotions into clusters, with the number of clusters dependent on each spggifoach.
Shaver et al. (1987) proposes the use of five clusters caffedtion happinesssadness
angerandfear. [Parrott (2001) presents a more detailed list of emotions categorized into
a short tree structure. This structure has three levels for primaryndagoand tertiary
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emotions. As primary emotions, Parrot presdots, joy, surprise anger, sadnessand
fear. Secondary emotions specialize primary emotions, &ge hasaffection lust and
longing as secondary emotions. Finally, tertiary emotions specialize secondary esyotio
e.g. lustis a secondary emotion withrousal desire passionandinfatuationas tertiary
emotions. Instead of grouping emotions using their global similarity, othearesers pre-
ferred to group emotions based on other criteria such as the compon#ms afppraisals
(Scherer, 1984) and the events that give rise to them (Ortony, CludeCallins, 1988).

To summarize, there are different ways for structuring emotions and &amtoach
could be useful for a different purpose. Any approach that trieg tadeful for a variety of
applications should take advantage of these different representatiemotions.

2.2. Semantic Web Technologies

The Semantic Web is being developed with the intention of providing a globakfrerk
for describing data, its properties and relationships in a standard fagkiiany develop-
ers and researchers on knowledge systems are taking the apprassthgpEemantic Web
technologies in order to obtain more interoperability and reusability with existifiyare
and to take advantage of the strong trend of development that theseltegba@re expe-
riencing nowadays.

In this section we review the tools used in our project explaining what wertetthno-
logical choices and the different criteria behind them.

2.2.1. Ontology Web Language

The Semantic Web relies heavily on ontologies. The most common languagenialifer
Semantic Web ontologies is OWL (Ontology Web Langdgya recommendation of the
W3C. The goal of this standard is to formalize the semantics that were cradteacin
old frame systems and semantic networks. OWL has three increasinglyseigr sublan-
guages: OWL Lite, OWL DL, and OWL Full.

OWL Lite is the simplest subset of OWL, specially designed to provide a quickamig
tion path for other taxonomical structures.

OWL DL is the subset of OWL designed for applications that need the maxinxum e
pressiveness without losing computational completeness and decidatilisybdsed on
Description Logics, a particular fragment of first order logic, in whicimazpts —OWL
classes—, roles —OWL properties—, individuals and axioms that relate(tisémg universal
and existential restrictions, negation, etc.) are defined. These entailmentsentiased
on a single document or multiple distributed documents that we combine using the impo
OWL mechanisms. The OWL DL reasoning capabilities relies on the good cotigmaia
properties of DLs. OWL DL has support for polyhierarchical automdgssification.

OWL Fullignores some significant restrictions of OWL DL, becoming a moregtul
language for representing complex statements, but less useful fonmegsvith them due
to their computational properties.

Nowadays, the newest version of OWL, OWL 2 has three differeriasgbiages: OWL
2 EL (oriented to maximize the expressivity), OWL 2 QL (oriented to queryansg) and

lowL 1: http: /7 www. W3. org/ TR oW - ref/|and OWL 2:http: /7 ww. W3. or g/ TR owl 2- over vi ew
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OWL 2 RL (oriented to rule systems). To understand the ideas of this cliaj@eot nec-
essary to update the terminology, so we still refer to the well-known OWL aeghages.

2.2.2. Frameworks and APIs

An all-in-one framework or a versatile application programming interfaceldvioa a very
desirable tool for any novice Semantic Web application developer. Javahalgy the
most important general-purpose language for developing Semantic \fébagipns, and
it is also the language in which the original system we used for our expelsmes made,
so the choice was obvious. But there are at least two very promisingfiéaxaworks
available. One of them is Sesaﬁlean open source RDF framework with support for RDF
Schema inferencing and querying. The other one isBemaother open source framework
with a programmatic environment for RDF, RDFS, OWL, SPARQL and its ouatlased
inference engine.
Sesame has alocal and remote access API, several query langnelgeled SPARQL)
and it is more oriented to offer flexible and fast connections with storagters\s.
Jena has also RDF and OWL APIs, tools to deal with RDF/XML, N3 and NIgsip
formats, an SPARQL query engine and also some persistent storagomiafity. It is
I important to consider that Jena is a useful tool for exploring the strdatjae between
SPARQL queries and OWL-DL ontologies (Jing, Jeong, and Baik,|2008)

For our purposes performance issues can be ignored and onlynicéeseipport for
Description Logics is taken into account. The architecture of Sesame ialgyobasier
to extend than the architecture of Jena, but from the point of view of thetdiglding a

{B wrapper for the functionality of the underlying framework, Jena is the nmbsitive and
usable API. Because of that we chose Jena.

The framework that has been selected to carry out the developmeninwtbi& chapter
is a short extension of DLModefunctionalities. DLModel is avery straightforward open
source API for accessing a Description Logic model instantiated in a setalbgies, a set
of DL-Safe rules|(Motik, Sattler, and Studer, 2005) and a knowledge.balthough it has
an abstract DL interface, it can be viewed as a wrapper on top of Janaftars simpler
methods to access concepts, roles, attributes, annotations and indiafiireknowledge
base from any Java application. This management includes DL reasaminBlaSafe
rule reasoning as implicit services that will benefit the programmer acting ‘astalligent
black box” that knows how to use Semantic Web low-level technologies.

2.2.3. Ontology Editor

Another important tool is the Integrated Development Environments (IDEY ts edit
the ontology and the knowledge base. During our review of the statd-ofeafound two
interesting editors able to perform this task: SWOOP and Protégé.

SWOOPH is a hypermedia-based OWL ontology browser and editor written in Java.
It is open source and it tries to simplify ontology development using an intedawilar

2nttp: /7 www. openr df . or g, currentyr el aunchedasCpenJena: ht t p: /7 openj ena. or g/
Shttp: /7] ena. sour cef or ge. net/

4http: /7T ederi copel nado. com pr o] ect s/ dl model /

Shtt p:// www. m ndswap. or g/ 2004/ SWOOP/

9_
@ /L Page (PS/TeX): 8 /8, COMPOSITE @


http://www.openrdf.org, currently relaunched as OpenJena: http://openjena.org/
http://jena.sourceforge.net/
http://federicopeinado.com/projects/dlmodel/
http://www.mindswap.org/2004/SWOOP/

Semantic Web Approaches to the Extraction and Representation of Emotiosesn I

to a web browser. It includes some advanced features as ontology pamtitialebugging
and different kinds of visualization, so it makes ontologies more scalablatairable and
easy to use.

Protég@, specially the Protégé-OWL version, focuses on editing OWL ontologtes. |
is a powerful Java open source tool with a user-friendly interfacddtsayou edit and visu-
alize ontologies in a very easy way. It can be seen as a frameworkJelogéng Semantic
Web applications itself. The number of plugins (including some plugins fowletge
— acquisition), the stability of the last version, and the extensibility of its archite¢piug-
and-play environment) allow rapid prototyping and application developmesttyjoat we
were looking for.

Ontology building is still more of a craft than an engineering task and that iets®n
why tools as Protégé-OWL, which is fundamentally open to new collaborfdaires
gaining importance within the Semantic Web paradigm, are a better choice for us.

2.2.4. Reasoner

Two different reasoners were considered for this project: Pellet dbimp, 2006) and

Racer Prdl.

I Pellet is an open source DL reasoner completely implemented in Java. Indealsly
with taxonomical reasoning but also with datatype reasoning, DL-Safe imig@emented
in SWRL and other features that were considered very important fopraject. Pellet is
the default reasoner integrated with SWOOP.

RacerPro is an OWL reasoner and inference server for the SemartiiclViiea well-

{B known system for OWL/RDF which claims to be the most efficient and robuseBsoner

available. Nowadays itis a commercial product, but some educationaldsans available.

Compared to Racer Pro, Pellet may have drawbacks, but ignoring agaprdhlem
of performance, Pellet is certainly one of the most feature-rich OWLloreas. It is also
supported by a strong development team and community, which is important ifigo
looking for different approaches and uses of the same tool, allowing tigggmmer to see
what is happening in the internal code when something goes wrong ondbast as it is
supposed to.

The language that the Jena implementation of DLModel used to communicate with an
DL reasoner is DIG 1.1 (Bechhofer, Moller, and Crowther, 2003) Hrllet is used as the
default reasoner, being integrated as a Java library in the API.

2.3. Existing Emotional Ontologies

Representing the emotional states of a user or simulating emotional states ininamaech
quires a suitable representation formalism. Although there are severalplarkguages
containing elements of emotion annotation, few of them have considered tbepate

chological theories about emotion or have been designed for generfalisedn a broad
range of applications. And, with respect to technology, it is surprisingttieae are few

Bhttp: /7 protege. stanf or d. edul
“nttp: /W, T acer - syst ems. com
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applications that uses the most advanced results in Semantic Web techricgdogegre-
sentation formats as RDF or OWL, reasoning tools as Protégé or Pellet, eapprimach
the emotional phenomena.

WordNet Affect was developed by Strapparava and Valitutti (200dh)j-seitomatically.
In WordNet Affect each word of WordNet (Miller, 1995) has an affee label. The labels
include: semantic labels based on psychological and social theoriels, flabthe valence
(positive or negative), for the activation (active or passive), ¢warn be said that WordNet
— Affect is an ontology that related the synsets of WordNet to affectivel$alilhe affective
labels presented in WordNet Affect do not conform a taxonomy, that WordNet Affect
emotions are individual isolated units not related to each other.

In (Obrenovic et al., 2005) the authors consider the great variety ofdtieal models
of emotions and implementation technologies which can be used in the designtadremo
based systems. They found researchers usually made practicalschbivedels and de-
velop ad-hoc solutions. To improve this situations, the authors introduasegig@pproach
to modeling emotional cues, using an ontology of Emotional Cues. The dsnicethis
ontology are grouped into three global modules representing three yermotions’ pro-
cessing that enables a more flexible and implementation-independent tiesasipemo-

tional cues at different levels of abstraction. The ontology is developad) a proprietary
XML-based formalism, and there is also a light comparison with the UML formalidme.
authors seems not to have considered the benefits of using richer sereprggentations.
In this case we have an ontology that relates emotional clues to emotiongafopke, a
change of average tone (10% to 50%) is related in this ontologgyan speechAs in the
previous ontology emotions are individual isolated units.
@ Mathieu (2005) introduces a semantic lexicon in the field of feelings and enspthuat
further develops in a representation formalism in the form of an ontologgy Tise Pro-
tégé, in its classic frames-based modality, as a tool for annotating emotionsgsrseemi-
automatically, as well as establishing links for navigating the text. Although thé pops
ular tool of Semantic Web is used (i.e. Protégé) the approach is just a ptugembtion-
based annotation and does not take advantages of the semantic expessiof RDF or
OWL. This ontology classifies 950 French words (600 are verbs ad@&bnouns) into 38
semantic classes according to their meanifgaysemenEmotion Passion Indignation
etc.). This ontology only has one level of especification for each semaasis.c

The Emotion Incubator Grmﬁ)is one of those exceptions that have started to consider
SemWeb technology for modeling emotions. They have identified a set ofases for
an Emotion Markup Language (Schréder et al., 2007), compiling a setjafrements that
arose from those use cases in order to obtain a standard specificatipatdme with ex-
isting markup language. After reviewing different taxonomies of affectiates (emotions,
moods, interpersonal stances, preferences/attitudes, affectiimmsetc.) five different
components of emotions are identified. The first one is the subjective cempae. feel-
ings, what is most strongly associated with the term emotion in folk psycholdmgysecond
one is the cognitive component, the role of conscious and unconsciotsl merctesses that
are concerned with the generation of emotion. The third one is the physialagimpo-
nent, i.e. neural connections and their role in the emotional phenomendourtieone is

8hittp://www.w3.0rg/2005/Incubator/emotion/charter-20071129
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the behavioral component , how emotions associate to a small set of actilemésss in a
human subject. Finally the fifth one is the expressive component, i.e. faddady ges-
tures, voice modulation, etc. Authors also review the previous annotatidupanguages
used to model emotions in text and accepted at recommendations or woraftgyr the
W3C (i.e. SMIL Synchronized Multimedia Integration Language , SSML Spe&yn-
thesis Markup Language, EMMA Extensible MultiModal Annotation markugisge,
PLS Pronunciation Lexicon Specification, InkML Ink Markup Languag@&RL Emotion
— Annotation and Representation Language and VHML Virtual Human Matlarguage)
and connect these languages with the five components of emotions mentesaesl @ he
conclusions of this research are the same as many of us perceive inldhenfeny of
the requirements of the emotion markup language cannot be found in any ofattkups
considered, specially the core part: emotion-specific elements. They mdmiomany
formalisms only allow the use of emotional categories or emotional dimensionsobut
both. Attitudes, moods or affect dispositions are usually ignored. On tlee loéimd timing,
modality and metadata are other non emotion-specific elements that are verdyamse
usually well-covered in the current languages. In this ontology emotiansetated to a
feeling, a cognitive component, a psychological component, a behbe@rgonent and a
I expressive component. Once again emotions in this ontology are not stdicturelated

to each other.

To summarize, existing ontologies try to relate emotions to synsets, emotiong| clues
behavior, etc. without first structuring the emotions themselves. In thisehee are
going to present an ontology of emotional categories where emotions actuséd and
organized in levels which might provide a very useful step to future welkting this

{B ontology of emotions to synsets, emotional clues or behavior.

2.4. Automatic Extraction and Mark Up of Emotions in Text

In this section first a brief outline of the most important approaches for enadtinark up
of texts are presented. Then, we explain more in detail the system seleaedain for
the use of our emotional ontology, EmoTag.

2.4.1. Existing Approaches for the Emotional Marked Up of Texts

There are various approaches that use emotional categories (Sec-
tion [2.1.1l) to classify emotions such as the systems created by
Zhe and Boucouvalas (2002), Liu, Lieberman, and Selker (2003), afldnSproat (2005),
Sugimoto and Yoneyama (2006)/or Strapparava and Mihalcea|(2008).

Zhe and Boucouvalas (2002) have developed an emotions extractimme evigich can
analyse sentences given by the user. This system is included in the Imachime com-
munication domain so it only takes into account the emotions referring to thkespde
system analyses the sentences, detects the embégppy sad fear, surprise angeror
disgus} and shows the suitable facial expression. In order to obtain the emotievotide
that compound the sentence are looked up in a dictionary of 16.400 wordsler to test
the system a questionnaire was presented to 50 people, the same quest®asswered
by everyone and 450 sentences in total were returned.

9_
@ /L Page (PS/TeX): 11/11, COMPOSITE @



12 Virginia Francisco, Federico Peinado, Raquel Hervas and Pabla&e

Liu, Lieberman, and Selker (2003) created an approach based erdeate real-world
knowledge. This system marks up with the emotions defined by the OCC Maui#t With
emotional relevance are extracted from the OMCS (Open Mind Common )Seoggus.
On this basis, a ‘common sense affect model’ is constructed. The modestoaf a set
of component models which compete with and complement each other. Toustbrib
models, emotion keywords are propagated in three passes over the.dénpotion values
initially are 1, then with each propagation are reduced by some fdciw classify text, it
— is first segmented into clauses, then “linguistically processed”, and finalyaed by 2-
stage process using the models. To test their approach they incorpibigiteadfect sensing
engine into a email browser adding it the use of emotional faces. A study o$&s was
conducted in order to see what was preferred by the users: a ravtsaneutral faces, a
browser with randomized emotional faces or a browser with the facesajedeby Liu's
system.

Sugimoto and Yoneyama (2006) have a system that marks up text with emaiions f
Japanese in the narrative domain. The emotions used by this systgoyaserrow, anger,
surpriseandneutral It decides the emotion of the sentence from the emotion of the names,
adjectives and verbs which compose the sentence and from the gramistaticalre of the

sentence. Japanese generally has three sentence types: adjettinees€S+V+Adjective

Complement), noun sentence (S+V+Noun Complement) or verb senten¢eSEv+0).

The rules in order to determine the emotion of the sentence are differeendiag on the

type of the sentence. In the adjective and noun sentences the emotion igisthigeight

is the emotion assigned to the adjective or to the noun. In the verbal semtieraamotion

is determined by the combination of the emotions assigned to the subject andithe ve
@ Aman and Szpakowicz (2007) mark up blog posts with 6 basic emottwagpiness
sadnessanger, disgust surpriseandfear) and emotion intensityhjgh, mediumandlow).
A corpus of 10,000 sentences blog posts was collected from the Webwas iharked up
by 4 evaluators. The words in the blog posts are looking up in The Geimgpailter and
WordNet Affect in order to extract tags BMOT (emotion),Pos/Pstypositive),happiness
fear, etc. associated to each word. Then, Naive Bayes and Support Wethines (SVM)
techniques are used to automatically mark up of blog posts.

Strapparava and Mihalcea (2008) mark up texts with 6 basic emotmge disgust
fear, joy, sadnessindsurprise. This work uses Laten Semantic Analysis (LSA) and Naive
Bayes classifiers to automatically mark up text with basic emotions using thescofpu
SEMEVAL 2007 (a corpus of 250 headlines annotated by 6 evaluatodsy aollection of
blog posts annotated with moods that were mapped to the six emotions.

The systems presented mark up text with a reduced number of emotions. ¢asbs
the different granularity of the labels is not an important aspect to take actwat. So we
have selected as domain of application of our emotional ontology a systemathatark
up text not only with a reduced number of emotions but with labels of diffegeamularity
(from basic emotions to the more specific ones), EmoTag, which is explairgtaii in
the next section.
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2.4.2. EmoTag

EmoTag|(Francisco and Gervas, 2006) is a system that marks up textawdgtioeal cat-
egories which are selected from a group of 92 emotional labels, and stensgonsiders
each of these categories as individual concepts not related to anycatiegiory. This
uncontrolled proliferation of labels multiplies the complexity involved in tasks sigctie-
ciding which is the best reference emotion for a sentence from the emottetdesl by
some human annotators, marking the sentences automatically with an emotiocigorgle
if a particular assignment of emotion to text is correct. If the emotional cdatsgaere not
individual units but units related to each other this might improve significantlyebelts
obtained by EmoTag.

EmoTag relies on a dictionary of word-emotion assignments. This is obtaioedar
corpus of human evaluated texts by applying language analysis techsigeless stem-
ming, POS taggin or dependency analysis (Lin, 1998). Similar techniques are later ap-
plied to the assignment of emotions to sentences from the emotions associatedtodh
that compose the sentences.

Let us review the different stages required for the use of EmoTan), fihe annotation
of a textual corpus by human evaluators, to the automatic annotation of emiotiamaw
text using the information extracted from the corpus.

The corpus used to train EmoTag consisted in 18 fairy tales with differegtien
written in English, making a total of 16.816 words and 1.389 sentences. [jketive
was to cover different styles by having tales from different authodsteme periods. The
sentence is the common unit of linguistic communication as it contains a completéthoug
package. Therefore, it seemed reasonable to assign a different eah@iimtent to each
sentence, so the sentence was considered as emotional unit of the. &&mph sentence of
the tales had an emotion assigned to it.

Identification and assignment of emotions to a sentence is a subjective daslicls
text from the corpus had to be annotated by several annotators intordeEtuce possible
annotator bias. The intention was to have the maximum number of stories anriptated
significant number of people. A reference value for each sentersce e obtained based
on the emotions assigned to the sentence by the annotators. In order ts gefdience
value, EmoTag selects the emotion most often assigned to the sentence,imgptiniek
account the different granularity of emotional concepts or the relatiehsden them. If
the assigned emotions showed too much variability between annotators, thecgewas
discarded and not included in the corpus.

An affective dictionary is required by EmoTag to know which emotions arestréitted
by the words it is going to found in text. Using the tales marked up by humarntatons
EmoTag obtains a database of words (List of Emotional Words or LEW)whidudes the
relation of each word in the texts with different emotional categories.

In order to obtain this LEW list the first step is to decide which are the relevards
in the texts. It was considered that the words that must be taken into asgbere those
ones whose part-of-speech was somehow relevant. For example, iyiprabable that
nouns and verbs are influencing the emotion conveyed by a sentertisprepositions
or pronouns are not. For each of the relevant words EmoTag obtaitsrisaad associated

Shttp://www.english.bham.ac.uk/stafffomason/software/qtag.htmi
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emotion in the annotation. Next, the system computes the complement of the emotional
content of the words under the scope of negations, and it inserts thedioas into the
LEW list. Finally, a process of normalization and expansion is performed.

EmoTag classifies sentences into emotions by taking into account the relatoats w
emotion in the affective dictionary. This process is carried out in the follgwiay:

e Sentence detection and tokenization are performed. With this information EmoTa
obtains the words affected by negations using dependency analystetheand the
part-of-speech of each of the words.

e The emotional value associated to each word is obtained by looking in tlotiadfe
dictionary (LEW list).

e The words under the scope of the negations are correctly processed.

e EmoTag obtains the emotional value of the sentence based on the emotiasis asso
ated to the words which compose it. Once all the words of the sentencebdave
evaluated, the probabilities of each emotion for the different words aledadp and
the emotion which has a higher probability is assigned to the sentence. This pro
cess does not consider the different granularity of emotional concépige have
several generalizations of the same emotional concept, each of its pitesabre
considered individually.

A sample part of a tale marked by EmoTag is given below:

<neut r al >The knight threw the spea«/ neut r al >
<sad>lt killed the fierce lioness</ sad>

<happy >The knight resurrected the pretty blonde princesshappy >
<del i ght >She returned to the strong castle/ del i ght >
<happy>The knight and the princess lived happy ever afterwatdshappy >

3. OntoEmotion. The Emotional Ontology

For supporting the semantic necessity of emotional systems, we have dslalopntol-
ogy of emotional categories called OntoEmotion as a useful resourcesfonahagement
of emotional content. By using this ontology we can identify relations betwétaranht
levels of specification of related emotions when the emotional content issesjiesl as
emotional categories. We took emotional categories (i.e. emotion-denotimtg wach as
happinesssadnessandfear) as first class citizens of our ontology. In particular, we used
the following basic emotionssadnesshappinesssurprise fear andanger. The ontology
was developed by trying to integrate all the cluster structures describesttio®2.1.2.,
while taking into account the emotional structures found in existing literatufe oh-
tology is written in OWL (Bechhofer et al., 2004) and uses Pellet as reas@motional
categories are structured in a taxonomy that covers from basic emotiomsntm#h specific
emotional categories. In addition, the ontology relates each of the emotteglcies to
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the three emotional dimensions by means of data ranges. In this way, thisgyntohkiso
appropriate when it is required to change between different repediaTs of emotions.

Concepts in the ontology represent language-independent emotioaspmrding to
common experiences in life. The hypothesis is that we all have the samecabetreeption
of Happinessfor instance, while different words can be used to refer to it. The instam
the ontology represent the words provided by specific languaged$gtjsh) for referring
to emotions. So, a concept can have multiple instances as a languageeas giultiple
words to refer to the same emotion.

3.1. Structure
Our ontology has two root concepts:

e Emotion: Each emotional concept is a subclass of this root. Emotions are structured
in a taxonomy, with the number of levels under each basic emotion depending on
the level of available specification for it. For examgBadnessas two sublevels of
specification. The second of this levels indicates different typ&adhessDespair,
DisappointmentGrief or Shame Some of these emotions are specialized again in
the third level. For exampleé&Shames divided intoRegretand Guilt. On the other
hand,Surpriseonly has one sublevel with two emotional concefimazemenand
Intrigue.

e Word: This is the root for the emotion-denoting words, the specific words tlwdt ea
language provides for denoting emotions. Our ontology is currently alailabtwo
different languages: English and Spanish. In order to classify thdsniato their
corresponding language the root conc@yiird has two subclasse€nglishWord
andSpanishWord

As instances of th&nglishWordand SpanishWordsubclasses we can find emotion-
denoting words, which are all the words used for denafinger, AnnoyanceDispleasure
Terror, etc. Each of these instances has two parents: a concept frabmtbion hierarchy
(which indicates the type of abstract emotion denoted by the word) anccagioinom the
Word hierarchy (which indicates the language of the word).

Figure[d shows a fragment of the ontology. It shows emotional concepager,
Fear and Surprise Under those emotional concepts there are emotional words such as
annoyance unhappines&ndterror. In this fragment it can be seen how the emotional
categories are related both to one emotional concept and to one woehtoRor example,
the wordunhappinesss an instance of the emotional conc8aidnessat the same time itis
an instance of the word concephnglishWord which means thainhappinesss a possible
English word for denoting the sadness emotion.

Another valid way of representing these relations might be to create a raperpy
called “language” to connect each word to an instance of the languagdoids. We
have chosen the in-built “type” relation because individuals with manyréifiietypes are
considered natural in OWL DL, and it is easier to retrieve every wordspegific type than
“every word that has a relation with a specific individual”.

According to the semantics we chose for our ontology, all the instances fattme
emotional concept are synonyms. For example, the wargd®yanceandirritation are
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Englishword ,— SpanlshWord

Figure 1. Partial view of the emotional ontology

considered synonyms because both are instances of the emotionaltcemeeyanceThis
is specially relevant considering the importance of this type of semantic redaticiext
processing, compared to the classic bag of words apprbach (Wahg2&Qs).

To summarize, we can conclude that our emotional ontology representsitimeal
categories as instances of a tree structure of emotional concepts. rBatibral word is
an instance of two concepts: an emotional concept which representtitiere denoted
by the emotional word and a word-of-a-particular-language concbhmthwietermines the
language to which the word belongs. From a given emotion-denoting wartehys of our
ontology we can obtain the emotion concept directly associated with an emotiondl
in the ontology, i.e. its parent, as well as other more general emotion comegitsd to
that word, according to the conceptual hierarchy. Finally we can alsorothe synonyms
of an emotion word and getting the siblings of a particular instance. For exagipés
the emotional wordexcitementwe have as direct emotional concéptcitementas gen-
eral emotional conceptenthusiasmHappinessand Emotionand as a Spanish synonym
excitacion

3.2. Emotional Categories and Dimensions Equivalence by Meansf
Datatype Properties

Once we have a hierarchy of emotions and relations between the emotiotindenords,

their language and the concept they represent, we want to link the ematiotapts in the
ontology with the three main emotional dimensions. Numeric data can be rejge$en
OWL using datatype properties. To achieve this we have declared theggmaproperties:

¢ hasEvaluation Represents the data range for the evaluation dimension.

¢ hasActivation Represents the data range for the activation dimension.
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Emotion hasActivation hasEvaluation hasPower
Anger 7<=x<=10 O<=y<=3 3<=z<=5
Displeasure 7<=x<7.5 O<=y<=3 3<=z<=5
Annoyance 7.5<=x<8 O<=y<=3 3<=z<=5
Sulking 8<=x<8.5 O<=y<=3 3<=z<=5
Indignation 8.5<=x<9 O<=y<=3 3<=z<=5
Fury 9<=x<=10 O<=y<=3 3<=z<=5

Table 1. Datatype properties assigns to the different forms of angsenqed in our ontol-
0gy.

e hasPower Represents the data range for the power dimension.

Each of the emotional concepts is defined by specifying appropriate aageg for
these properties. Each emotional concept in the ontology takes up a iegiua three-
dimensional space of emotional dimensions. In order to describe this withatatype

properties we have to define our own datatype restrictions, becausewsiag specific
I intervals between numbers of type float. This can be done using data defigiions.
For example, for théAngeremotional concept, the region of the space associated with it
can be described in the following way<#hasActivatiorc=10, O<=hasEvaluatior =3,
3<=hasPowet=5.
To establish the dimensional intervals for each emotional categories weimpleyed
{B the existing literature that explains the diferences between specificatiarsaofie abstract
emotion in arousal, evaluation or activation. For example, (Ekman,|20@gieg thadis-
pleasure annoyancesulking indignationandfury are different forms of the basic emotion
anger that differ from one another in their intensity of aroudapleasures the form of
anger with the lowest intensity of arousal wheréay is the one with the highest intensity
of arousal. Taking into account that the intensity of arousal in the basiti@manger
ranges from 7 to 10 we have defined the ranges in Table 1 fo the threégpdapaoperties.

The fragment of the OWL file which correspond to the data range fdnaiséctivation
property is shown in Tablg 2.

In this way, by means of the data ranges on the datatype properties, thetin&dn
the abstract emotional concepts and the three-dimensional space of exhdimensions
is established.

3.3. Automatic Classification of Emotional Dimensions as Ematnal Cate-
gories

A requirement to be taken into account when representing emotions usimgrical data
is to have some reasoning device capable of processing such data iprapragie way.
Pellet is able to classify concepts with restrictions formed by combinationsofdedined
datatypes.

Once we have defined the emotional concepts by means of the emotional idinsens
Pellet automatically classifies the concepts into a hierarchy of emotional tsncehis
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<ow : Restriction>
<ow : al | Val uesFronp
<ow : Dat aRange>
<ow : onDat aRange rdf:resource=""http://ww. w3. org/ 2001/ XM_.Schena#f | oat’ ' />
<ow : ninlnclusive rdf:datatype=""http://ww.w3.org/ 2001/ XM.Schena#f | oat’ ' >
7.0</ow : m nl ncl usi ve>
</ ow : Dat aRange
</ ow : al | Val uesFron»
<ow : onProperty>
<ow : Functional Property rdf:about=""#hasActivation'/>
</ ow : onProperty>
</ow : Restriction>
<ow : Restriction>
<ow : onProperty>
<ow : Functional Property rdf:about=""#hasActivation'/>
</ ow : onProperty>
<ow : al | Val uesFrom»
<ow : Dat aRange>
<ow : onDat aRange rdf:resource=""‘http://ww. w3. org/ 2001/ XM_.Schena#f| oat’ ' />
<ow : maxl ncl usi ve rdf:datatype=""http:// ww. w3. org/ 2001/ XM.Schema#f | oat’ ' >
10. 0</ ow : max| ncl usi ve>
</ ow : Dat aRange>
</ ow : al | Val uesFron»
</ow : Restriction>

Table 2. Fragment of the OWL Ontology file which corresponds to the datgerfm the
hasActivatiorproperty.

means that Pellet obtains a hierarchy of emotions in which the most basigpt®ace at
the top of the hierarchy and the concepts which are more specific appdaseendants of
the more general ones.

Datatype properties transform the classification of the emotional concdpta irel-
atively simple task. It is not necessary for the designer of the ontologyda kvhich
concepts are more specific than others because it is the reasoner theet @ar the task
automatically. For example, if we define the ranges in Table 1 for the thretyplatarop-
erties, just by loading the ontology in DLModel, the reasoner automaticallgifiesthe
conceptdispleasure AnnoyanceSulking IndignationandFury as subclasses of the emo-
tional concepfAngerwhich is automatically identified as more general. In Figure 2 we can
see how the reasoner classifies the concepts in the correct way.

4. Using the Emotional Ontology for the Automatic Treatment
of Emotions in Texts

The use of an ontology like OntoEmotion could improve the performance tdregsthat
deal with the task of automated mark up of texts with emotional information. This kind
of ontology could be used to improve the treatment of emotions at three diffieneels
within the automated marked up of emotions in texts. As a practical example, \geiage

to study how the ontology improves the performance of EmoTag at thesedifierent
levels:

1. For obtaining the reference value for each sentence from the emséilwtsed by the
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Displeasure
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Indignation

3==hasPower<=5

7<= hasActivation <=10|
0<= hasEvaluation == 3

7.5<=hasActivation < &
0== hasEvaluation == 3
3==hasPower<=5

7.5<=hasActivation
0<=hasEvaluation <=
3<=hasPower<=5

<8
3

8<=hasActivation < 8.5
0O==hasEvaluation <=3
3J==hasPower«<=5

5.5<= hasActivation =

9
0<=hasEvaluation <=3
3J==hasPower«=5

9<= hasActivation <=10|
0<=hasEvaluation <=3
3«=hasPower==5

REASONER

Figure 2. Example of the automatic classification of emotions using datatyperpesp

annotators. In the original version of EmoTag the reference valuegvaast often
assigned to a sentence by the annotators) did not take into account thersnastio
related units. If we look not only for the choice of a specific value buterchoice
of a similar value the reference value could be more accurate.

For selecting the appropriate emotion for a sentence based on the erastioosted

to each word and the probability of that association. In order to selechtbéan to

be assigned to a sentence, the original EmoTag considered the emotiods@enin
dent units again, so the emotion with a higher resulting probability was the emotion
assigned to the sentence. This was a good first solution but it can be eddrgwis-
tinguishing the different granularity of emotional concepts and the relatbnden
emotions derived from the ontology. For example, if we have that emotion A is a
generalization of emotion B and C it could be an interesting approach to eonsid
the probability of emotion A as the addition of the probability of emotion B and the
probability of emotion C.

. For evaluating the resulting mark up. In order to determine how well a sekbken
marked up, EmoTag considered that each sentence was successfydly thtghe
emotion assigned by the tagger matched exactly the reference value ceddite
the sentence. In this way, a sentence only could be correctly markedooreotty
marked. However, there are other intermediate values that it may be intgrestin
consider. If the sentence is marked with an emotion A which is a generalizdtion o
the emotion B used by the annotators, it would be wrong to consider this serasn
completely incorrectly marked.

We will now see how the ontology was used to enhance the performing of &mnoT
for each of the problems explained above, and how the results obtainednmaroved by
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means of the emotional ontology. In order to evaluate the effect of the nisE=@otion in
EmoTag, we have carried out different tests for studying the improverobtasmed.

4.1. Using the Ontology to Identify the Reference Value for Eeh Sentence

In the corpus used by EmoTagreference valuéor the emotion of each sentence was ob-
tained by choosing the emotion most often assigned to that sentence by humadaters.
This was a good first solution but it can be improved. Because of theetitfgranularity

of emotional concepts, in the case of an assignment of emotions by anadtedsentence
as shown in Tablgl3, the emotisadnessvould be taken as the reference emotion as it is
the most repeated one. Howevsgadnesss not the best reference value in this case. If
we look in the emotional ontology we can see tagbny anguish grief andsorrow are
synonyms which are related to the emotional congeietf, so the best reference value for
that sentence would ligief instead olsadness

Annot. 1

Annot. 2

Annot. 3

Annot. 4

Annot. 5

Annot. 6

agony

anguish

grief

sorrow

sadness

sadness

Table 3. Example of the assigment of emotions by annotators to a sentence.

In this ontology-enhanced version of EmoTag we consider emotions asgestaf the
ontology and we select the most specific emotion supported by at leasf lizdf annota-
tors. The detailed process undertaken to accomplish this task is the following:

1. If at least half of the annotators are in agreement on the assignmamieofiotion to
the sentence, we take this emotion as reference value for the sentence.

2. Otherwise, we group emotions by levels of emotional concepts from tiodogw.
We obtain all the ancestors of the concepts in the lowest level. If any emotiogris
supported by at least half of the annotators, it is taken as referehse Vié there
are two emotions that are supported by at least half of the annotatorskevéhta
emotion with the lowest level.

3. We repeat the previous step for each level in ascending order orgihation sup-
ported by most annotators is found.

4. Finally, if there is no emotion supported by at least half of the annotéit@rsentence
is left out from the corpus.

This process is exemplified in Figure 3, which shows an example of how tondb&a
reference value for a sentence annotated by 6 annotators. In thalllestve present the
assignments made to the sentence. The first step is to group the emotionstaietab
level of each emotion by means of the emotional ontology. The result is shaha&second
table. From the second table it can be seen that no emotion is supportethagtatalf of
the annotators, so we get the concepts related to the emotions with the lovee §Glésf,
HelplessnesandRemorsg We insert all their related concepts in the table (in this case
Distress Powerless Regretand Sadnesshree times). The result can be seen in the third
table. Based on these results we see 8@tnesss supported by four annotators, i.e. more
than half, so this is the emotion taken as reference value for this sentence.
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Eval 1 Eval 2 Eval3 | Evald Eval 5 Eval 6

Depression | Sadness | Grief | Helpless | Remorse | Fear

—| Group emofions in levels
Sadness Level 1
Level 1 | Fear(1), Sadness(1) /:/ \\K
Lewvel 2 | Depression(1) Depression Distress Powerless Regret Level 2
Level 3 | Grief{(1), Helpless{1), Remorse(1) | | | Level 3

Grief Helpless Remuorse

Cibtain related concapis

Level 1 | Fear(1), Sadness(4) /3?9"3?3
Level 2 | Depression(1), Distress( 1), Powerless(1], Deprassion Distross - E;ém
Regret(1) |
Level 3 | Griefi1), Helpless(1), Remorse(1) Grief Helpless Remarse
4 == /7

Reference Value = Sadness

Figure 3. Example of the reference value obtained from the assigmentatioms by the
annotators.

4.1.1. Comparison of Results

The percentage of sentences on which the majority of the human evaluatdfof their

number plus one - agree on the assignment of an emotion is higher than iretheupr
version, around 70% (in the previous, around 45%). This is an impdrtgrovement of
the ontology-enhanced version.

We have also empirically evaluated the category reduction performed wheamtiota-
tors did not agree on the emotion assigned to a sentence. In order tatealugeference
values we asked annotators whether the re-annotation of the tales thassigmed to them
was acceptable. This evaluation was performed by the eight annotatoranmbtated the
higher number of tales in the original experiment. We presented them<aievious an-
notation, reference value along with some sentences that they annotated witpréngous
annotationand which had then been re-annotated by the method above witaférence
value For each pair they had to specify if they agreed with the new annotatiast. oEach
pair was tested by at least four annotators. The annotators agreed evitlevihreference
value given in 90% of the pairs presented. Therefore it can be coedideat the method
used in order to get the reference value when the annotators did re® was appropri-
ate. Taking into account this evaluation it can be considered too that thimgyntased
is a valid tool for structuring and relating emotions. The pairs that were idshtify the
annotators as non equivalent wetddmiration, Happiness, <Excitement, Happiness
<Gratification, Happiness, <Hope, Happiness, <Powerlessness, Fear <Suffering,
Sadness and<Torment, Sadness
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4.2. Ontology-Supported Automated Mark Up of Emotions

As mentioned in Section 2.412., in order to mark up a sentence with an emotion EmoTag
splits it into words and assigns to each of them the probability of having thereliff emo-

tions. Based on these probabilities for the words, EmoTag obtains the rinagiom of the
sentence as follows: once all the words of the sentence have beeatedaitiadds up the
probability of each emotion of the different words and assigns to the sentha emotion

with a higher probability. In this case we have a similar problem as in the piesgiEetion:

if we have several generalizations of the same emotional concept, ei&eprababilities is
considered individually. In this case it will be better to consider their driities together
under the more general concept. As an example, suppose we have tiiensraad their
corresponding probabilities shown in Table 4.

Anger | Indignation | Sulking | Displeasure | Happiness | Happiness
0.2 0.1 0.05 0.1 0.1 0.2

Table 4. Example of emotions and their corresponding probabilities

ity is happinesg0.3=0.1+0.2), but using the emotional ontology we can seeirloig-

nation, sulkinganddispleasureare generalizations of the emotional concapger With

this information we can determine that the emotion with the highest probabilégder

(0.45=0.2+0.1+0.05+0.1) which seems to be a better result.

The process followed in the ontology-enhanced version of EmoTag isotlosving:

{B once all the words of the sentences have been evaluated, EmoTagatdguobability of

each emotion of the different words, and it carries out the followinggssdor each of the

possible emotions:

I In this example EmoTag would consider that the emotion with the highest probabil-

e It processes all the emotions in order to obtain the related emotional corftiepts
parents of the emotion in the ontology).

e The related emotional concepts are added to the previous ones with théiftpba
associated to the more specific concept.

e Emotions are grouped by their corresponding level in the ontology.

e The more general emotion (lower level in the ontology) with the higher piibtyab
assigned to the sentence.

Figure[4 shows an example of this process. In this example we have aczentith
three emotional words, each of them with the probabilities shown in the firgt tathe
first step is to get the level of each emotion and put all the emotions in thedéaiole
with their summed up probabilities. Then, we obtain for each emotion its relateggtsn
(Indignation - Anger, Sulking- Anger, Displeasure- Anger and Amazement Surprisg
which are added to the third table with their probability being the sum of the drtagio
children:

e Anger= 30% (previous probability) + 20%r{dignationprobability) + 15% Sulking
probability) + 30% Displeasureprobability) = 95%
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e Surprise= 65% (previous probability) + 5%AMmazemenprobability) = 70%).

Anger, the more general emotion with the higher probability, is assigned to the sentenc

Emaotion | Anger | Fear | Surprise | Sadness | Indignation | Sulking | Displeasure | Amazement
Word 1 30% | 40% 0% 30% 0% 0% 0% 0%
Word 2 0% 20% 50% 10% 20% 0% 0% 0%
Word 3 0% 20% 15% 15% 0% 15% 30% 5%
] Total 30% | 80% 55% 45% 20% 15% 30% 5%
_ _ Group by levels
Level 1 | Fear(80%). Anger(30%), ////E"‘“"E“\\ LevelD
0 0,
Sadness(45%), Surprise(65%) Fear Anger Sadness  Surprise Level 1
Level 2 | Indignation(20%), Sulking(15%), / L\
Displeasure{30%), Amazement(5%) Indignation  Sulking Displeasure Amazement  Level 2
[ cetretated concepts
Level 1 | Fear(50%). Anger(95%), //Erﬁ““f'“\k
Sadness{45%), Surprise{70%) Fear Anger Sadness Surprise
I Level 2 | Indignation{20%), Sulkingi 15%?, L |
Displeasure{30%), Amazement(5%) Indignation  Sulking Displeasure Amazement

Get final emotion

Final emotion = Anger

Figure 4. Example of the assignment of the final emotion to a sentence baseel @mo-
tions of the words which compond it.

4.2.1. Comparison of Results

In order to evaluate the effect of the use of the ontology in EmoTag we ¢eavied out

similar tests as the ones done for the previous version of EmoTag. In tkisvedsave used
four tales. Each of these four texts have been marked up with using ematédegories

by different annotators. Then we have obtained the mark up by EmoTag. rAsult, we

have two different measures: the emotions assigned by the human amh@iatmotator’'s
results), and emotions assigned by EmoTag (tagger’s results). Thesetswaf results are
explained below:

e Annotator’s results: A reference emotion for each sentence is obtajnelddosing
the emotion most often assigned to that sentence by the human annotatarsingnd
the emotional ontology as explained in Secfionl4.1..

e Tagger's results: The reference value obtained in the annotatouksrésused to be
compared with the results generated by the ontology-enhanced EmoTagrakih in
Figurd® shows the percentages of success obtained for each téxégmiicentage of
sentences incorrectly annotated which correspond to a sentence inthéniclajority
of the annotators did not agree.
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100,00% -

50,00% +

50,00% 4

40,00% 4

20,00% 4

0,00% -
Rapunzel The fox andthe  The princess and  The tortoise and
Crom the pea the hare

||:|Success percentage mUUnsuccess and no consensus |

Figure 5. Percentage of success in automated tagging with ontologyesahegrsion of
EmoTag.

In addition, Figuré16 compares the results obtained for the ontology-eatiar@rsion
with the ones obtained for the previous version. We can see that the enhatitiokpgy
increases the percentage of sentences correctly marked around a 15%

4.3. Ontology-Supported Evaluation of the Mark Up

In order to determine how well a text had been marked up, EmoTag coeditleat each
sentence was successfully tagged if the emotion assigned by the taggeeadntieref-
erence value obtained from the annotators. In this way, a sentencenlyabeocorrectly
marked (1) or incorrectly marked (0). However, by using the emotiontlogy we can
determine how well a sentence is marked up with a finer granularity.

In the ontology-enhanced version of EmoTag we assign to each seatsocee, which
ranges from 0.0 to 1.0, in order to determine how well the sentence is maskdthis score
is based on the number of levels in common between the two emotions being cdrapdre
the level of the most specific emotion (see Equdiion 1).

Correctness= number commonlevelglevel specific emotion QD)

For example, in the case of a sentence marked by the evaluatexsitsmentind by
EmoTag aenthusiasn{see Figur&l7), we have that the emotional categowitements
related to the emotional concdpkcitementn the emotional ontolog¥Excitemen(level 3)
is related ta&Enthusiasnilevel 2) and this is related tdappinesglevel 1). On the other side,
we haveenthusiasnwhich is related to the emotional concépithusiasnin the ontology,
andEnthusiasn(level 2) is related tdHappinesglevel 1). To summarizegnthusiasnhas
level 2, excitemenhas level 3 anénthusiasnandexcitemenhas 2 emotional concepts in
common:EnthusiasnandHappinessso the correctness is 2/3 = 0.67.
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100,00% -

80,00% -

60,00% 4

40,00% 1

20,00% 7

0,00% +
Rapunzel The fox andthe  The princess and  The tortoise and

Croi the pea the hare

|DWith emctional ontology mWWithout emctional ontology |

Figure 6. Relative improvement in mark up success of the ontology-enth&ecsion with
respect to the previous one.

Sentence Reference value (evaluators) EmoTag
The concert was expectacular, a full show. (/e}cifemeﬁf\:; (é;;thusfasn; \j
T
EMOTION |
Level 1 _ HAPPINESS |
Level 2 Gloating Satisfaction (jEnthusiasrﬁi‘: \\"éﬁ}husfaégf_>

«_( excitement
S o

Excitement

»

a

i'ﬁumber common Ievels\\,‘;
e T T Correct=2/3 =067

—
level_specific_emotion =3 /

Figure 7. Example of correctness of the emotion assignment to a sentence.

4.3.1. Comparison of Results

Only the sentences with a correct level of 1 has been taken into accdaheténaluation as
correct sentences, because the percentage of sentences with adhwveefa value higher
than 0 and lower than 1, that is sentences mark up with an emotion not equatébetence
value but similar) is so low that it can be disregarded. We can concludé¢hthaise of a
emotional ontology for the comparision of the tagger value with the refenaalae do not
improved significantly the results.
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Emotion | Wlume | Rate | Pitch Baselingl Pitch Range
Anger +10% | +21% +0% +173%
Surprise +10% +0% +25% +82%
Happiness +10% | +29% +35% +27%
Sadness -10% -8% -10% -36%
Fear +10% | +12,5% +75% +118%

Table 5. Configuration Parameters for Emotional Voice Synthesis

5. Using the Emotional Ontology to Interpret Emotional Di-
mensions as Emotional Categories

To address the problem of translating dimensions into categories, in our ealaigology
each of the categories is related to three different dimensions (i.e. evaluativer and
control) by means of data ranges. By applying automated classification in térthe
emotional ontology, the system can interpret unrestricted inputs in termsesfricted set
of concepts for which particular rules are provided. An example of agpdia for this use
of the ontology is presented in which the rules applied for document markhgmotional
dimensions provide configuration parameters for an emotional voice syrghe

EmoSpeech (Francisco, Hervas, and Gervas,|2005) is a systeblecapaodulating
the voice quality of a synthesizer while reading aloud children’s tales, sahbavoice
conveys at least part of the emotions expressed by the corresporndingtis is achieved
by controlling those parameters in the synthesizer that have been idergitiedtiag more
relevance in the expression of emotions in human voice. EmoSpeech speititdive
basic emotionsanger, happinesssadnessfear andsurprise which correspond with the
basic emotions of the emotional ontology. The aspects of the voice that petsality
identifiers are: volume, rate, pitch baseline and pitch range. EmoSpeeshaugroup
of rules which relate the five basic emotions to the specific changes on \eniameters
involved in the communication of emotion in human voice utterances. The valukesH
parameters for every emotion were obtained by refining an original pabfny Schréder
(Schrbder, 2004), based on the analysis of emotional material geshénatactors. The
optimal values were obtained through the systematic variation of the parardatarg
synthesis. Tablel5 summarizes the rules of the synthesizer for the basic sndtising
the particular configuration of parameters for that particular basic ematiersynthesizer
reads out aloud the text with the emotion assigned to the sentences.

EmoSpeech needs as input a text mark up with basic emotional categoriesoif
Speech receives as input a text mark up with emotional dimensions it mashtaproblem
of translating emotional dimensions into basic emotional categories. To dedhsifirob-
lem EmoSpeech needs a tool that relates emotional categories to emotionaidimein
OntoEmotion each of the categories is related to 3 different dimensions (ia¢uaton,
activation and power) by means of data ranges. OntoEmotion allows trarafon of a
text marked up with emotional dimensions into a text marked up with basic emotiteal ¢
gories by means of the reasoner Pellet that classifies a point in the ihmeasibnal space
of emotional dimensions into a concept of the ontology (emotional categ@we we
have the related emotional category we can easy obtain the basic emotioogptelated
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to it by means of DLModel.

In Figurel8 we can see how this process works for a specific examptleislaxample,
we have a sentence of an input text marked up with the following valuesébr@motional
dimension:evaluation= 1, activation= 7 andpower= 5. These values represent a point
in the dimensional space which is classified by means of the emotional ontaidgy the
annoyancemotional concept. We ask DLModel for the parentamfioyancend theanger
emotional concept is returned. EmoSpeech then receives the sentd¢meenput text and
the emotiorangeras the one associated to the sentence, so it selects the rules corregpondin
to this basic emotion. Once EmoSpeech has the suitable rules for the emotionaigrada
the sentence, the synthesizer reads aloud the sentence in an angry way.

The option of using a description logic ontology - and the associated abilitiesny ¢
out instance recognition and automatic classification - as an interface tovethie con-
version as proposed in this chapter, presents two distinct advantages:

e It provides a method for the automatic association of any point in the three dimen
sional space to whatever is the closest available configuration of thehspgathe-
sizer, based on information that is defined at the conceptual level faveglies on
an underlying level of geometrical representation.

e Any subsequent refinement of the set of configurations available déosyththesizer
- for instance, if the existing configurations are refined into a larger fseptions
by fine tuning them to better represent more specific emotions -, it woulddaggbn
to associate the new configurations to the corresponding concepts, sgfthéthe
search algorithm to stop at the first ancestor that has some configurataoass$oci-
ated with it.

6. Conclusion

The use of an ontology of emotions is a good solution to improve the results abtamne
a system that marks up text with emotional categories automatically. We halyethgp
ontology to a system that marks up texts with emotions (EmoTag) in three difteiss:
obtaining the reference value of each sentence from the emotions sdbgdteel human
annotators, marking up of sentences with emotions and determining if a sehi@nbeen
correctly marked up. After analysis of the results obtained with the ontctodnanced
version of EmoTag we can conclude that the ontology improves the pegesiteeference
values supported by the majority of evaluators by 25% and the percentagatences
correctly marked by 15%. The only change in the ontology-enhanceibwewhich has
not proven results is the application of the ontology to the determination of thectmess
of a sentence, because the percentage of sentences with a valuenb@tmvekl is so low
that can be disregarded.

The emotional ontology provides a solution to the problem of translating embtiona
dimensions into emotional categories. OntoEmotion has been applied forctiogniext
marked up in terms of emotional dimensions to a synthesizer that is in principleanly
pable of processing material marked up in terms of basic emotional categbhnie®ffect
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]

THE SELFISH GIANT

<emo eval=5 act=5 pow=S5=When he anived he saw the
children playing in the qarden.=femo=

-

~Zemo eval=1 act=7 pow=5> Vhat are you doing here?
~2lemo>

NS

<ema eval=1 act=7 pow=5= R chied in a very gruf waice,
and the children ran away.=/emo=

Evaluation = 1
Activation =7
Power=15

D

=1
REASONER
T==act==10 T==act= 8 He=aci= 4 Ye=act==10

Indignation O==eval==3 (==gval==3 N==gval==3

Je=powe=5 Fe=powe=5 Je=pow<=5

T==act==10
D==gval==3
3==pow==5

Ta=act= 8 g==act= 4 G==act==10
D==eval==3 De=gval==3 O==eval==3
3==pow==5 Js=pow==5 3==pow==5
: Yolume = +10%

Rate = +21%
Baseline pitch = +0%

7 Pitch range = +173%

THE SELFISH GIANT

=neutral= When he arived he saw the
children plaving in the garden.<ineutral=
— EMOSPEECH
. —Zanger:= What are you doing here?
| <femo>

<neutral= he cried I @ very aruf voice,
and the childrer ran awsy. <medtrals

Figure 8. Example of the configuration a voice synthesizer based on a ealatiark up
with emotional dimensions

of the emotional ontology on the quality of speech output is Iir@eblecause the emotion
ontology is being used only as interface between the emotional mark up digpliaad the
voice synthesizer. For inputs originally tagged with emotional categorieadttigon of the
ontology has little impact. Nevertheless, emotional categories as a methodederiing
emotions provide only very limited granularity. On the other hand, emotional diimes
provide much more flexible means of representing emotions, with greaterssiye power.
The main obstacle in switching from one representation to another lies in thtedathere

19The quality and emotional precision of the resulting voice has been destessewhere. Details can be
found in [Francisco, Hervés, and Gervas, 2005).
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is no easy way of converting from emotional dimensions to voice synthesirdigura-
tions. At best, the three dimensional space of emotional dimensions coulartite®oped
into restricted volumes of space, and a particular configuration of theesinér assigned
to each volume.

The next step is to relate the concepts that appear in a text with emotions. Wd/e ha
an ontology of emotions and we are developing an ontology of concept$ wdpcesents
the concepts which take part in a tale. In order to get the semantic emotion lef\aeta
— have to link these two ontologies. This way, we will obtain the emotions related to the
concepts that take part in the tale. An example of the relation between ¢srfcbprac-
ters and actions) and emotions can be seeh in (Francisco, Hervaseards 2006). In
order to identify the links between a given sentence and the concepts ithardwe
can apply text analysis technigues. We have already used technigquireassdependency
analysis to identify key concepts of a sentence in order to build concegagat from a
text corpus|(Francisco, Hervas, and Gervas, 2007). This is imppliacause depending
on the semantic content the final emotion could differ from the lexical emotitaniraul
at the moment by EmoTag. For example, the action “to die” is a sadness actibthea
emotional dictionary used by EmoTag is marked up this way, but if the sulfjfds@ction

is “the witch” the action “to die” turn into a happy action.

Regarding the technologies that have been presented in this chapterobonese
are not generally accepted as standard. Datatypes (and “reasevithghumbers and
strings) are not part of the essence of Description Logics. OWL Disidens datatypes
properties disjoint with every object property. In the sublanguage lpsofif OWL 2
(Motik et al., 2009) support for datatypes has been improved, bedaoas been showed

{B useful for many applications. The version of OWL that we have usethferwork only

supports some standard XML Schema datatypes and it lacks a standdi@hsiaurepre-

senting user-defined datatypes. DIG 1.1, being a standard desigrtbd fmmmunication
with DL reasoners, does not accept restrictions over datatype fiepefThis obstacle
made it impossible for us to send an ontology that includes such restricti@uslyliirom

Protégé to Pellet for its automatic classification. DIG 2.0, with support for QVdffers

those features, but for now other shortcuts must be used in orderdonr@dth restric-
tions on datatype properties. Old versions of Protégé had a proprietatips to represent
user-defined datatypes, which allowed the creation of restrictions wittestbieg datatype
properties and even visualization of the limits of a numeric interval in the GUleNer,

DIG 1.1 does not allow that kind of information to travel to a DL reasondteR®y itself,

can deal with user-defined datatype restrictions, and now the last wengiports the in-
line syntax of OWL 2. So because we are using Protégé as the editorrfontmliogy and
knowledge base, we have to edit the files manually to add those restrictifone mading

everything in DLModel using a Pellet-Java default configuration. Weshbpt some of
these shortcomings might be solved when updating to the later versions eft¢cbsolo-
gies. Although reasoning support for datatype properties in OWL DL ismsitlistandard,
there are available technologies that let us experiment with these featgredi@v us to
develop Affective Computing applications like the ones described in thisteha@WL,

Jena, DLModel, Protégé and Pellet are the common choices for develupinderations
of the software. Still more improvements are needed in editors such as é€totéake
advantage of all the possibilities of reasoners such as Pellet and its Eiesteaanents.
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