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Abstract

This paper presents an approach to automated marking up of
texts with emotional labels. The approach considers the rep-
resentation of emotions as emaotional dimensions. A corpus
of example texts previously annotated by human evaluators
is mined for an initial assignment of emotional features to
words. This results in a List of Emotional Words (LEW)
which becomes a useful resource for later automated mark
up. An algorithm for the automated mark up of text is pro-
posed. This algorithm mirrors closely the steps taken dur-
ing feature extraction, employing for the actual assignment
of emotional features a combination of the LEW resource,
the ANEW word list, and WordNet for knowledge-based ex-
pansion of words not occurring in either. The algorithm for
automated mark up is tested against texts from the original
samples used for feature extraction to test its correctness. Itis
also tested against new text samples to test its coverage. The
results are discussed with respect to two main issues: correct-
ness and coverage of the proposed algorithm, and additional
techniques and solutions that may be employed to improve
the results.

Introduction

The task of annotating text with specific labels indicatitsg i
emotional content or inclination is fundamental for any at-
tempt to make computer interfaces respond in some way to
the affective nature of the content they are handling. This
is particularly true for research attempts to produce smnth
sised voice with different emotional states, but it may also
be applicable in other contexts, such as multimodal presen-
tation, where colours, typography or similar means can be
used to convey emotion.

A comprehensive definition of emotion must take in account
the conscious feeling of the emotion, the processes that ap-
pear in the nervous system and in the brain and the ex-
pressive models of the emotion (Izard 1971). Two issues
must addressed when experimenting in this field: to obtain
a corpus of emotionally annotated texts to act as reference
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data, and to decide on a particular representation of emo-
tion. There are different methods for representing emstion
in research (Cowie & Cornelius 2003):

e Emotional categories: Description of emotions by the use
of emotion-denoting words, or category labels.

Descriptions based on psychology: The appraisal of a
stimulus determines the significance of stimulus for the
individual, and triggers and emotion as an appropriate re-
sponse (Alteet al. 2000).

Descriptions based on evaluation: These theories de-
scribed the emotions from the point of view of the evalu-
ations involves.

Circumflex models: Emotional concepts are representd by
means of a circular structure (Russell 1980). When two
emotional categories are close in the circle represents the
conceptual similarity of these two categories.

Emotional dimensions: Emotional dimensions represent
the essential aspects of emotion concepts. Evaluation
(positive/negative) and activation (active/passive)thee
main dimensions; sometimes they are complete with the
power dimension (dominant/submissive).

For the particular purpose contemplated in this paper we
have chosen emotional dimensions because this approach al-
lows measurement of the similarity between different emo-
tional states and because of the relative arbitrarily iningm

the dimensions.

The aim of this work is to present an approach to emo-
tional tagging and analizing the results obtained with iewh
marking up texts of a particular domain - simple version of
children fairy tales. The last section discusses some ideas
we are working on to improve these results.

Marking up text with emotinal dimensions

This section presents a brief review of previous work on the
labelling of texts with emotions. Another important deoisi
when annotating text with emotions is which the particular
approach to be used to relate emotions and textual elements.



Existing approaches to annotation

Existing approaches can be grouped in five mainly cate-
gories: keyword spotting, lexical affinity, statisticaltneal

language processing, approaches based on large-scale real

world knowledge and hand-crafted methods.

e Statistical natural language processing: This method in-
volves feeding a machine learning algorithm a large train-
ing corpus of text marked-up with emotions (Goerteel
al. 2000). These techniques are usually semantically
weak because lexical elements which not are obvious af-
fect keywords have little predictive value.

¢ Hand-Crafted method: This method involves modelling
emotional states in terms of hand-crafted models of af-

sentences into one of the emotions, the emotional stricture
in this case are phrases. Another approach more sophisti-
cated is to combine into large units the affectively marked
sentences using an algorithm. Boundaries between larger re
gions of text can be determined using layout structure {para
graph, scene, chapter breaks ...) or discourse cues (key-
words and phrases which denote a break in the discourse).

EmoTag

EmoTag mark up texts with the three emotional dimensions:
valence, arousal and dominance. EmoTag relies on a dic-
tionary of word to emotion assignments. This is obtained
from a corpus of human evaluated texts by applying lan-
guage analysis techniques. Similar techniques are later ap

fect based on psychological theories about human needs, jjied to assign emotions to sentences from the assignments
goals, and desires. This requires a deep understandingfo the words that compose them.

and analysis of the text. The difficulty with this approach
is that it is very difficult to generalize. An example of this
approach is Dyer's DAYDREAMER (Dyer 1987).

e Keyword spotting: Text is marked up with emotions based
on the presence of emotional words like "angry”, "sad”
... The disadvantages of this approach are two: errors in
the marked up when negation is involved and reliance on
obvious emotional words. Examples of this approach are
the Ortony’s Affective Lexicon (Ortony, Clore, & Collins

1988) or the ANEW word list (Bradley & Lang 1999).

e Lexical affinity: This method is more sophisticated than
the previous. This technique not only detects affective
words but also assigns arbitrary words a probability of in-
dicating different emotions. These probabilities are usu-
ally obtained from a corpus. The weaknesses of this ap-
proach are mainly two: it can easily have problems with
negation and it is difficult to develop a reusable model be-
cuase words and affinity are obtained from a corpus.

e Approach based on large-scale real-world knowledge:
Rather than looking at surface features of the text this
method evaluates the affective qualities of the underly-
ing semantic content of text. Relies on having large-
scale real-world knowledge about people’s common af-
fective attitudes toward situations, things, people and ac
tions (Liu, Lieberman, & Selker November 2002). There

Construction of the Dictionary

This section deals with the process of building two basic
resources for emotional mark up: a corpus of fairy tale sen-
tences annotated with emotional information, and a list of
emotional words (LEW). Both the corpus and the list of

emotional words are annotated with emotional dimensions
(valence, arousal and dominance).

The method we are going to use for the mark up follows an
approach which mixes keyword spotting and lexical affinity
in the hope that the weaknesses of each individual approach
are reduced by their combination. Based on a large corpus
of marked up emotional text we have obtained a list of words
and their relation with emotions (LEW). When we mark up
a text we look for every word in this first list. If the word is
not in our list we look in the ANEW word list (Bradley &
Lang 1999), which is a list obtained by means of a keyword
spotting. If the word is in none of the two lists we try to ob-
tain from an ontology (WordNet) a word related to it which
is in one of our emotional word lists.

In the following sections we describe in detail how we have

are three large-scale generic knowledge bases of com- obtained the list of emotional words (LEW) and how our
monsense which can be used for this purpose: Cyc (Lenat @pproach works.

1995), Open Mind Common Sense (OMCS) (Singh 2002)
and Thought Treasure (Mueller 1998). An example of this
approach is the Liu’s Model of Textual Affect Sensing us-
ing Real-World Knowledge (H.Liu, Lieberman, & Selker
2003).

Parts of the texts annotated

On deciding the parts of the text which are going to be
marked with emotions there are different options: word,
phrase, paragraph, chapter. The easier approach is @dssifi

Corpus Annotation Method If we want to obtain a pro-
gram that marks up texts with emotions, as a human would,
we need first a corpus of marked-up texts in order to analyze
and obtain a set of key words which we will use in the mark
up process. Each of the texts which forms part of the corpus
may be marked by more than one person because assignment
of emotions is a subjective task so we have to avoid "subjec-
tive extremes”. In order to do that we obtain the emotion
assigned to a phrase as the average of the mark-up provided
by different persons. Therefore the process of obtainieg th
list of emotional words involves two different phases: first



several persons mark up some texts of our corpus, then from
the mark-up texts of the previous phase we obtain emotional
words.

As a working corpus, we selected eight popular tales, with
different lengths, written in English. Tales are split is&n-

tences and evaluators are offered three boxes for each sen-

tence in which to put the values of the emotional dimensions:
valence, arousal and dominance. In order to help people
in the assignment of values for each dimension we provide
them with the SAM standard. SAM figures comprise the
bipolar scales of each emotional dimension (Lang 1980) as
can be seen in the Figure 1.

Figure 1: Dimensional scales according with SAM: valence,
arousal and dominance

Extraction method for a list of emotional words Based

on the tales marked up by different persons we obtain a data ®

base of words and their relation with emotional dimensions.

Firstly we split text into phrases and we obtain for every
phrase the representation of the emotional content. Phrase
are processed with the gtagiagger which for each word
returns the part-of-speech (e.g. noun, verb, etc.). Evamy s
tence is divided into words and with every word and its label
we carry out the following process:

Check if the label is in the list of stop labels, if is in there
we leave it out. Our stop list is composed of the follow-
ing labels: verbs "to be”, "to do”, "to have” and all their
conjugations, conjunctions, numbers, determiners, exis-
tential there, prepositions, modal auxiliary (might, vill
possessive particles, pronouns, infinitive marker (to), in
terjections, adverbs, negative markers (not, n't), qumat
mark, apostrophe. ..

If the label is not in the stop list we proceed to extract the
stem of the word using a slightly modified version of the

Porter stemming algorithm (Porter ). The modifications
are intended to ensure that no information relevant to the
current process is lost during the stemming process.

e Once we have the stem of the word it is inserted into our
word data base. If the word was already in our list we add
up the new values to the ones we had.

e Once all the tales have been processed we carry out a nor-
malization and expansion process of our list of words.
We extend our list with synonyms and antonyms of ev-
ery word which are looked up in WordNet (Miller 1995).
This process looks up all the synonyms and antonyms for
every word in the list, and for each of them the additional
words are inserted in our list. We divide the numeric value
we have for each of the three dimensions: valence, arousal
and dominance, by the number of appearances of the word
in the texts, to work out the average value of each dimen-
sion for each word. For inserting related words into the
database, the same values of dimensions as the original
word are used for synonyms and the opposite value is used
in the case of the antonyms (9 - original value).

A Method for Automated Mark Up of Emotions

Our process classifies sentences into emotions, the fipst ste
is to split the tales into sentences and split each sentence
into words in order to carry out our process based in the
relation between words and different emotions. In order to
obtain the value of each of the emotional dimensions of the
sentence we look up every word of the sentence and assign
to it a value for the three dimensions as given by our lists.
Based on these values of the words we obtain the final value
of the sentence. The process is explained next:

By means of the tagger gtag, mentioned in the previous
section, we obtain the tag for every word in the sentence;
based on these tags and words we decide the emotion of
the sentence.

e Ifthe tag associated to the word is in our label stop list we

leave it out.

e If the tag is not in our stop list we get the stem of the
word by means of the modified Porter stemming algo-

rithm mentioned before.

e Once we have the stem and the tag of the word that we
want to classify, we look it up in the lists of emotional
words(LEW). If the word is present we get the value of
each of the three dimensions.

¢ If the word is not in any of the lists available we obtain
the hypernyms of the word from WordNet, and we look
them up in the available lists (first LEW, then ANEW);
the first appearance of a hypernyms is taken and the emo-
tional content associated to the hypernyms is associated

to our original word.

¢ If none of the hypernyms appear in the available lists, the

hitp://www.english.bham.ac.uk/staffflomason/software/qtag.html  word does not take part in the process.



e Once all the words of the sentences have been evaluated,
we add up the value of each dimension of the different
words and assign to the sentence the average value of va-
lence, arousal and dominance, that is, we divide the total
value of each dimension by the number of words which
have taken part in the process

A sample part of a marked tale:

<val ence=5. 43 arousal =5. 34 dom nance=4. 87> A Fox once saw
a Crow fly off with a piece of cheese in its beak and settle on a branahreg.
</val ence=5. 43 arousal =5. 34 donmi nance=4. 87>

<val ence=5. 31 arousal =5. 37 dom nance=4. 90> That's for me,
as | am a Fox, said Master Reynard, and he walked up to the foot df¢ke
</ val ence=5. 31 arousal =5. 37 domi nance=4. 90>

<val ence=4. 29 arousal =5. 54 dom nance=5.56> That will do,

said he.</ val ence=4. 29 arousal =5. 54 domi nance=5. 56>

<val ence=4. 45 arousal =5. 62 dom nance=4. 79> That was all |
wanted.</ val ence=4. 45 arousal =5. 62 domi nance=4. 79>

<val ence=4. 68 arousal =5. 95 dom nance=5. 28> In exchange for
your cheese | will give you a piece of advice for the futwd:val ence=4. 68

arousal =5. 95 domi nance=5. 28>

<val ence=5. 94 arousal =5. 25 dom nance=5. 98> Do not trust flat-
terers. </ val ence=5. 94 arousal =5. 25 dom nance=5. 98>

Evaluation

In order to evaluate our work we carried out some tests, in
these tests four tales are going to take part, two of them have
been in our original corpus, the corpus we have used to ob-
tain our LEW list and the other two are new tales, which
did not take part in our extraction method. This way we
will measure on the one hand how well our process marks
the tales from which we have obtained our LEW list and on
the other hand how well our approach works with tales that
have not been involved in our extraction process. The esult
obtained are explained in the following section.

The data on emotional dimensions we have available for
each tale are the values that each dimension takes for each
sentence. To evaluate our tagger we have divided the evalu-
ation according to the different dimensions: valence, sabu
and dominance. In order to get a measure of our tagger we
have take measures first from the evaluators’ tales and then
from our tagger’s tales.

e Evaluators’ tales: As reference data, we have the values

assigned for each dimension and each sentence by the hu-Figure 2: Evaluator deviation and tagger deviation for dif-
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man evaluators. An average emotional score for each di- ferent emotional dimensions

mension of a sentence is calculated as the average value
of those assigned to the corresponding dimension by the
human evaluators. The deviation among these values is
calculated to act as an additional reference, indicatieg th
possible range of variation due to human subjectivity. The
average deviation between evaluators is 1.5. Figure 2
shows the average deviation of evaluators in each of the
tales mark up by them.




e Tagger’s tales: For each dimension, to determine if a sen- Voice generated by speech systems is not as natural as hu-
tence is tagged correctly we have compared the deviation man voice and that it is the main cause of rejection by the
of the tagger with respect to the average score against the public. An important challenge for text to speech systems
average deviation among the human evaluators. If the de- is to generate voice more natural with different emotional
viation of the tagger is less or equal to the average de- states. We have developed an emotional synthesizer which
viation among evaluators, we consider that the sentence take into account five differents emotions (sad, happy, fear
is tagged correctly. The average deviation of the tag- angry and surprise), in this synthesizer emotions areielass
ger stands at 1.5 for the valence dimension, 0.75 for the fied according to emotional categories it will be interegtin
arousal dimension, and 1 for the dominance dimension. modifiying it in order to use emotional dimensions, that way
This seems to indicate that the tagger is obtaining better the texts marked up by EmoTag could be read by the synthe-
results in terms of deviation from the average obtained sizer. Why emotional dimensions could be better than emo-
by humans for the arousal and dominance dimensions, tional categories? In a tale, an emotional state may build
and comparable results in the case of valence. The actual up rather gradually, and may change over time as the inter-
values are shown in the graphs given in Figure 2, where action moves on. Consequently, a speech synthesis system
the average values of the various deviations are plotted should be able to gradually modify the voice in a series of
against the four tales that have been evaluated. steps towards an emotional state. In addition, it seems rea-

sonable to assume that most of the dialogues between char-

acters will require the machine not to express only extreme
emotional states. Emotional dimensions are a representati

of emotional states which are naturally gradual, and are ca-

The graph in Figure 3 shows the percentage of success - the
percentage of sentences in which the deviation of the au-
tomatically tagged dimensions from the human average is ; i’ : S
within the deviations observed between human evaluators. pable of representing low-intensity as well as high-intigns

Looking at the graph we can see the greatest percentages Ofstates. While they do not define the exact properties of an

. . emotional state in the same amount of detail as a emotional
success are reached in the last two tales, which are the ones

. ; . category, they do capture the essential aspects of the emo-
that were used to obtain the list of emotional words LEW. tional state. Another important issue to take into accosint i

that the representation of emotions in terms of emotional di
mensions is much better suited for translation into the kind

100% of parameters required by a speech synthesizer (pitch; volu
— men, rate ...).
0% 4 The narration of the tale could be livening up with some mu-
sic, of course emotional music, that is music depends on the
25% 1 marking up of the tale, if the value of the activation dimen-
0% sion is high (around 9) the music in this region will be very

lively and on the other hand if the value of activation is low
“ cz o3 4 (around 1) the musice will be very slow.

O%alence B Srouszal ODominance . . .
Once we have the music and the emotional voice of the nar-

rator and characters it leaves only the aparence of therscree
during the story telling. Based on marked up emotions the
Figure 3: Percentage of success in automated tagging for thescreen could change his colour from black (the tale’s region
different dimensions of the evaluated tales is very sad) to white (the tale’s region is neutral) and tixé te
could be animated with some emotional icons.

With respect to the percentage of success we can conclude
that the best results are obtained with the tales which took
part in our extraction method (C3 and C4). Analysis of the Conclusions
sentences that were tagged incorrectly indicates that ofiost
them are either very long, include negations, or correspond
to sentences with very high deviation between human eval- Our method for marking emotions uses ideas from two of
uators - no consensus among human evaluators. the main existing methods for marking texts with emotions:
keyword spotting and lexical affinity. Our aim was to com-
bine the advantages of each method in a way that avoided
An Application of EmoTag: Emotional Story 'their disadva}ntages. lee f_apt that we have considered Wc_>rds
I in a context instead of individually reduces some of the dis-
Tellers advantages associated with simple keyword spotting, be-
cause the same word may have different meanings in dif-
Once we have our texts marked up with emotions, what can ferent contexts. Some issues related to context still need
we do with it? In this section we are going to explain our further work. Negation, for instance, may have the effect of
goals and applications of EmoTag in different fields. inverting the polarity of the emotional content of words un-




der its scope. We are working in include in EmoTag the
use of Minipar (Lin May 1998), which is a dependency-

based method for parser evaluation, to determine the scope
of negations appearing in the sentences, in order to take

their effect into account, both when computing word emo-
tion from sentence emotion and viceversa.

With respect to methods based on lexical affinity we have re-

duced the dependency on a given corpus by resorting to two
different data bases: LEW (corpus dependent) and ANEW
(corpus independent). We have also complemented our data
base of emotional words with synonyms, antonyms, and hy-

pernyms. Nonetheless, we still get better results for tles ta
used to obtain the LEW corpus than for new tales, so we
consider necessary to continue exploring better solufians
this problem.

Aside from these issues requiring improvement, we have
observed that very long sentences lead to confusion when

assigning emotions. In future versions we will consider a
finer granularity for representing sentences. Another prob

lem was the large observable disagreement between human

evaluators. This may be reduced by carrying out experi-
ments with a larger number of evaluators, and by introducing
metrics to keep track of it.
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