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3 3 

LEXICA LL  AND SYNTACTI C 
CORRELATE SS OF PROMINENCE1 

Abstract t 

ThisThis chapter describes the relationship between perceived prominence and lexical / 
syntacticsyntactic features, such as word class (Part-of-Speech), number of syllables, and the 
positionposition of the word in the sentence. These relationships are formulated as heuristic 
rules,rules, which predict the location and the degree of prominence in a sentence. The 
performanceperformance of the prominence / non-prominence predictor was found to be 81% 
correctcorrect when used on an independent test set The ability to predict prominence with 
featuresfeatures that are derived from textual input can be applied in the fields of speech 
technologytechnology and particularly in speech synthesis. 

11 Parts of this chapter  were published in Helsloot &  Streefkerk (1998), in Streefkerk 
ett  al. (1999 a) and in Streefkerk et al. (2001). 
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3.11 Introductio n 

Speakerss place prominence on particular words or syllables and this placement is 
guidedd by syntactic and lexical information and / or by semantics and pragmatics. 
Thee key issue here is to discover which of these syntactic and lexical features are the 
mostt effective guides. For example, when only syntax and the lexicon guide the 
placementt of prominence, the result is a kind of neutrality in the style of the 
sentencess spoken. We call this a default pronunciation of the sentence. Most 
commerciall  Text-to-Speech systems produce these more or less neutral sentences, 
sincee the context in which the sentence appears, is not known. But even without 
furtherr context, sentences should preferably show some form of focusing. 
"Fluency""  (Fluent Dutch Text-to-Speech system Version 1.0, http://www.fluency.nl) 
aa commercial Dutch Text-to-Speech system provides a 'default' realization of, for 
instance,, the sentence De nieuwste rage in Deventer is het schieten vanuit rijdende 
auto'sauto's (The latest craze in Deventer is shooting from moving cars) as shown in 
figuree 3.1. To make words prominent, the system produces a pitch movement on all 
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Figuree 3.1: Pitch movements and segmentation of a sentence De nieuwste 
ragerage in Deventer is het schieten vanuit rijdende auto's (The latest craze in 
DeventerDeventer is shooting jrom moving cars), spoken by the Text-to-Speech system 
Fluencyy (top) and spoken by a woman (bottom). 

http://www.fluency.nl
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thee content words, i.e. nieuwste (latest), rage (craze), Deventer (city in the 
Netherlands),Netherlands), schieten (shooting), rijdende (moving) and auto's (cars). The system 
realizedd lexical stress by lengthening the duration of the vowel concerned, which 
alsoo causes differences in prominence. However, in the same naturally spoken 
sentencee from our Dutch Polyphone database (from a female speaker) only pitch 
movementss are visible on nieuwste (latest), schieten (shooting) and rijdende 
(moving)(moving) (see Figure 3.1). This illustrates the possibly large difference between 
naturallyy spoken sentences and those produced by a synthesizer. The naturally 
spokenn sentence is enunciated wim only one pitch movement on one of the three 
adjacentt content words: nieuwste rage (in) Deventer (latest craze (in) Deventer), 
whereass the synthesizer places a pitch movement on all three adjacent words. In 
Figuree 3.1 it can also be observed that the durations of the syllables differ, which 
causess differences in prominence. These large differences are not only dedicated to 
thingss like speaker variability and gender. We believe that a better prediction of 
prosodiee parameter on the basis of lexical and syntactic information is possible. 

Inn principle, any word in a sentence can be prominent. Special meanings can be 
givenn to sentences in specific situations. Even Articles can be prominent, as in the 
followingg sentence: Hij zei niet HET boek, maar DE boek (He didn't say the 
(neuter)(neuter) book, but the (non-neuter) book). The Articles de and het are the most 
prominentt words in this sentence. In normal conversation, however, those parts of 
speechh that are most important for conversation are prominent. Articles are hardly 
everr prominent, but putting these words into contrastive / narrow focus as these two 
elementss de and het stand in contrast to each other can highlight even those parts of 
speech. . 
Inn this study, however, the notion of focus is of secondary interest; primarily we 
wantt to point out that, in general, words containing new information and / or being 
importantt for the communication receive prominence and are less predictable from 
thee context, whereas words wim given information are more predictable. There is no 
needd to highlight these words, as their message has already been announced. 

Fromm literature much is known about pitch accent and lexical stress. One stream of 
linguisticc research deals with the relationship between lexical and syntactic 
informationn and the theoretic notions of stress and accent (for instance Chomsky & 
Halle,, 1968). Another stream within linguistic research relates stress and accent with 
semanticc and pragmatic information (for instance in Bolinger, 1972). Bolinger 
pointss out that accent placement is not so much a matter of syntax and word 
structuree but a matter of information structure. He formulated the hypothesis that 
accentss can only be predicted if the hearer is a 'mind-reader'. The exact placement 
off  accent, and even more the exact placements of different prominence degrees in a 
sentencee are determined by the speaker. It depends on how a speaker chooses to 
presentt information, and in this sense prominence is unpredictable as long as one is 
nott a 'mind-reader'. 
Prominencee is a cluster of pitch accent and lexical stress. The computer is not a 
'mind-reader',, so the prediction of prominence under all conditions will be 
impossible,, but most speakers still behave according to common linguistic 
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knowledge.. Consequently, the prediction is possible up to a certain level Prediction 
off  prominence could only be done for word types and not per word token. The aim 
off  this chapter is to investigate to what extent we can predict prominence solely 
fromfrom textual information, coming as close as possible to a 'default' prominence 
prediction.. The notions of pitch accent and lexical stress are of secondary interest. 

3.1.11 Relevant studies 

Twoo data-driven studies by Lea (1980) and Altenberg (1987), are discussed in 
sectionn 3.1.1.1. These two studies deal with the relationship between stress and 
accentt and word class based on empirical data. The more application-oriented 
studiess are discussed in section 3.1.1.2. 

3.1.1.11 Data driven studies 
Leaa (1980) describes the relationship between word categories and the amount of 
perceivedd reduction. He defines a continuum from stressed to reduced syllables and 
usess a perception experiment to define the amount of reduction. Five listeners were 
askedd to judge if a syllable is stressed, unstressed or reduced. Adding up the 
judgmentss of all five listeners, a number on a scale from -5 (most reduced) to +5 
(mostt stressed) is given to each syllable. The results show that various word 
categoriess can be arranged along a scale from most reduced (such as Articles, 
Conjunctions,, Prepositions, Auxiliary Verbs, Pronouns), to most stressed (such as 
mainn Verbs, Adjectives, sentence Adverbs, Nouns, Quantifiers and command 
Verbs).. It is worm pointing out that, generally speaking, most function words are 
perceivedd as reduced and most content words are perceived as stressed. This finding 
iss used in early and in present-day Text-to-Speech synthesizers by simply giving all 
contentt words an accent. This approach tends to place an accent on too many words. 
Givingg all content words a pitch accent results in a 'neutrally' spoken sentence. 
Althoughh die sentences are comprehensible, such an abundant accent placement 
doess not sound very natural. 

Inn Altenberg's (1987) research various speech corpora (containing dialogues, radio 
speech,, and face to face conversation) were labeled by hand for word classes and for 
prosodiee information, expressed in prosodie labels ('zero', 'stress', 'booster' and 
'nucleus')) mat indicate an increase of prominence ranging from 'zero' to 'nucleus'. 
Altenbergg (1987) found that function words are only labeled 1-4% of the time with 
highh prominence. Labels indicating high prominence were mainly found in the 
categoriess of content words. The study also shows mat the various categories of 
contentt words can behave very differently when it comes to receiving prominence. 
Adverbs,, for instance, were labeled as zero 23% of the time whereas Nouns were 
labeledd zero only 8% of the time. Altenberg's study shows that, generally, the word 
classs could be ranked for its ability to be accented. This means that there are words 
fromfrom a word class, which are hardly ever accented and other words from another 
specificc class, which are almost always accented. 
Suchh findings together with the 'hierarchy of ability to be accented' can easily be 
usedd and can actually be implemented in a synthesizer to optimize the accent 
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placement.. The word class labeling must ideally be done automatically for this 
purpose,, because for speech synthesis hand-marked word classes are not available 
either. . 

3.1.1.22 Application-oriented studies 
Wee limit ourselves in this section to studies that deal with the prediction of stress 
andd accent placement for Text-to-Speech systems, particularly for Dutch. An 
importantt requirement for such an application is mat the textual information must be 
derivedd automatically, and the prediction should be easily implementable in a speech 
synthesizer. . 

Baartt (1987) developed two algorithms to predict sentence accent for a Dutch Text-
to-Speechh system. The first, very simple, algorithm is based on the distinction 
betweenn function words and content words. A list of unaccentable words is made; all 
wordss not occurring in this list are, accented. How this list was made is not 
described,, nor does it cover the whole set of function words. The algorithm does not 
detectt either the difference between homonymic words, such as the Noun het weer 
(the(the weather) and the Adverb weer (once again). This algorithm can be used fully 
automaticallyy and independently from a syntactic parser. 
Thee second algorithm is based on syntax and focus and requires more information 
thann simply the word class. Instead, the full phonological surface representation of a 
sentencee and the domain of focus are used. This means that both the syntax and the 
lexicall  information are available. This additional information, such as the focus 
domain,, had to be derived by hand and therefore this algorithm could not be used 
fullyy automatically. 
Bomm algorithms were tested in a Text-to-Speech system. The accent labels were 
translatedd to specific acoustic parameters and listeners evaluated the resulting 
sentences.. Results of the tests showed that the second algorithm is better as it uses 
moree accurate and more specific linguistic information than the first. Research by 
Dirksenn & Quené (1993) and Quené & Kager (1993), described in the next two 
paragraphs,, is based on Baart's (1987) work and describes the design of a full 
systemm for synthesis applications. 

Baart11 s (1987) first approach was analyzed in more detail in Quené & Kager (1993). 
Thee set of unaccentable function words was improved and extended with specific 
unaccentablee content words (see for more details Quené & Kager, 1993). In 
principlee all content words were accented, but some Verbs and other words which 
weree considered as having less semantic information (such as maand (month) and 
jaarjaar (year)) were excluded. As the algorithm still produced too many accent labels, 
thee authors have devised two rules to remove some of them: the middle one of three 
adjacentt content words is de-accented, and words which reliably convey given 
informationn are also de-accented, for instance epitheta before a proper name 
(koningin(koningin Beatrix (queen Beatrix)). Additionally, the authors developed special rules 
forr the accentuation of Verbs. The algorithm gives a binary accent value: either plus 
orr minus accent. Differences in degrees of prominence are not taken into account. 
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Dirksenn & Quené (1993) designed a system, which is also basically founded on 
Baart'ss (1987) second algorithm. The accent assignment and phrasing is based on 
syntacticc information presented in the form of a metrical tree augmented with focus 
markers.. The information needed to predict the accent placement was not obtained 
automatically.. However, some metrical aspects were also implemented, for example 
thee system deaccented one of the two adjacent accented words. Results similar to the 
evaluationn of Baart's second algorithm can be expected. 

Hirschbergg (1993) developed an algorithm for assigning pitch accent, which is used 
inn the Bell Laboratories Text-to-Speech System. Several corpora were labeled for 
prosodyy according to TOBI (Pierrehumbert, 1980). Part-of-Speech, discourse 
informationn such as focus, and given and new information contribute to improve 
accentt prediction. Hirschberg achieved a rate of 80-98% correct accent assignment 
forr different speech corpora. A perceptual experiment to test the systems for the 
predictionn of accent was not conducted, so no comment can be made concerning the 
increasee of acceptance and/or the naturalness of the sentences with accent placement 
predictedd by this sophisticated algorithm. Ultimately this algorithm provides only 
thee prediction of an accent label, which then still has to be realized as a pitch accent 
inn synthetic speech. This sometimes has consequences for the duration of the 
syllable.. Hirschberg (1993) did not pay attention to the fact that words are perceived 
ass having different degrees of prominence. Hirschberg & Rambow (2001) describe a 
moree sophisticated approach. Adding tree-based syntactic dependency, e.g. the 
dependencyy between Auxiliary verbs and full Verbs or Determiners and Nouns, 
bringss further improvements for boundary prediction, however, not (yet) for accent 
prediction. . 

Rosss & Ostendorf (1996) used probabilistic approaches, which differ from the rule-
basedd approach of Quené & Kager (1993). These probabilistic approaches show an 
increasee in the correct prediction of prosodie labels. Moreover, they take into 
accountt different degrees of prominence. Ross & Ostendorf (1996) used 
computationall  models to predict accent location, symbolic tones such as H*L, and 
thee relative prominence of these tones. The prediction of the relative prominence is 
limitedd to the F0 peak height. As input Ross & Ostendorf used prosodie phrase 
structuree information as to whether a word conveys given or new information, and 
Part-of-Speechh labels plus information from the dictionary as input to accent 
assignment.. All required information except boundary information is extracted 
automatically.. In this study, Ross & Ostendorf argued that boundary location and 
pitchh accent placement should ideally be predicted at the same time. But to simplify 
thee problem they used hand-labeled boundaries to predict pitch accent. The exact 
locationn of the boundaries makes the prediction of accents easier. The pitch accent 
predictionn was 82.5% correct using all available information. Results showed that 
fourr factors are important in the prediction of pitch accent: lexical stress, the number 
off  syllables since the last pitch accent, the syllable position within the word, and the 
contentt word versus function word distinction. The pitch accent type and the number 
off  pitch accents in the phrase are the most important cues for prominence. 
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Perceptuall  evaluation experiments were also performed. Listeners compared three 
differentt synthesized versions of one sentence. Version one contained their predicted 
accents,, version two the hand-labeled pitch accents, and version three was the 
defaultt realization of the synthesizer. In the experiment the listeners marked all three 
versionss with 2.70 to 2.74 on a naturalness scale of 1 to 5, with 1 indicating the most 
natural.. This result shows mat synthetic speech is far from natural, and that even 
hand-labeledd accents do not make sentences sound natural. 
Bulykoo & Ostendorf (1999) dealt with the prediction of gradient F0 variation and its 
contributionn to prominence. They used similar lexical / syntactic information as 
Rosss & Ostendorf (1996) next to whether a word was new to the paragraph and / or 
whetherr a word was a part of a hand-marked named entity. A direct comparison of 
theirr results with previous ones is not possible since they are directly translated into 
acousticc features. 

Threee degrees of prominence (corresponding to accented or non-accented and to 
lexicallyy stressed or unstressed) have been implemented in most present-day 
prosodyy generators. However, the implementation of different degrees of 
prominencee in Text-to-Speech systems could improve the synthesized speech 
qualityy by making it sound more natural. This is the approach Portele & Heuft 
(1997)) used. In their synthesizer they implemented different degrees of prominence. 
Thee algorithm was partly developed in perception experiments in which listeners 
hadd to mark on a 31-point scale the degree of prominence placed on syllables and 
thee strength of the boundaries between words. By statistical analysis of a hand-
labeledd database, prosodie rules and a rnachme-learning algorithm to predict word 
prominencee were developed (Widera et al., 1997). The information used to predict 
wordd prominence makes use of 21 different word classes (hand-labeled), the word 
classs of the neighboring words, and their position in the utterance. The correct 
predictionn rates of prominence are low: 41% correct at best. 
Thee translation of the predicted prominence values to acoustic parameters was only 
performedd for those syllables that have a mid / high prominence prediction (syllables 
withh the value 17, on a scale from 0 to 30). Parameters concerning pitch movements 
weree used to predict prominence for these syllables. Portele (1999) predicts height, 
positionn of the pitch movements relative to the vowel onset, and the steepness of the 
pitchh movement. The differences in prominence were acoustically reflected in 
differencess in F0-peak height, but differences in duration and loudness were 
discarded.. Some of the variability of 31 different prominence values was translated 
too acoustic parameters such as pitch, duration and loudness and was incorporated in 
aa running synthesis system. The next step would be to translate not only the high 
prominencee values to parameters concerning pitch movements, but to translate all 
thee different prominence values including those concerning duration and loudness, 
too acoustic parameters. 

Data-drivenn intonation modeling of both prominence on a 10-point scale and 
boundaryy strength on a 4-point scale is an approach (Buhmann et al., 2000; Fackrell 
ett al., 1999) similar to that of Portele & Heuft (1997). In the research of Buhmann et 
al.. (2000) and Fackrell et al. (1999) six European languages were involved. The 
initiall  labeling was only partly annotated by hand for prominence and boundary 
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strength;; Vereecken et al. (1998) used automatic labeling for further annotation. 
Theyy used both linguistic and acoustic features for automatic labeling. This 
combinationn brings further improvement for automatic prominence assignment. 
Moree than 110 acoustic features were used and about 70 linguistic input features, 
suchh as POS (Part-of-Speech), position of the word in the sentence, and position of 
thee syllable in the word. Depending on the language, between 77% and 93% correct 
prominencee classification is reached on a scale from 0 to 9 (with an accuracy of plus 
orr minus 1 in comparison with hand labeled prominence). For Dutch the 
classificationn correct is 80%. However, no phonetic and linguistic knowledge about 
thee relationship between those acoustic features and prominence is obtained with 
thiss large set of features. 
Forr such large prosodically annotated databases, a probabilistic approach is possible. 
Inn this way, acoustic parameters such as F0 contour and durations of speech 
segmentss can be predicted for Text-to-Speech systems. Automatic learning 
techniques,, such as regression trees and neural networks, are fed with input features 
concerningg orthography, phonetic transcription, segmentation, Part-of-Speech, word 
length,, position of the word in the sentence, etc. Comparing the results of such 
approachess is difficult since it directly concerns the actually used acoustic 
parameters.. Buhmann et al. (2000) found a correlation coefficient of 0.66 between 
thee smoothed observed intonation contour and the predicted contour. Results for 
otherr acoustical parameters, such as duration and intensity are not presented in the 
abovee paper. A perceptual evaluation is reported in Fackrell et al. (1999). This 
evaluationn shows that listeners prefer the automatically derived prosody model to 
thee old hand-crafted prosody model of the Lernout & Hauspie Text-to-Speech-3000 
synthesizer. . 

Inn summary, in the research discussed above, we see four different research lines: 
(1)) algorithms are either based on linguistic knowledge, as in Baart (1987), or (2) on 
databasee research, as in Ross & Ostendorf (1996). Another possibility (3) is to 
developdevelop algorithms by using perceptual labeling (prominence) as done by Portele & 
Heuftt (1997) or (4) to predict the acoustical parameters of prominence and boundary 
strengthh directly as done by Buhmann et al. (2000) and Fackrell et al. (1999). They 
actuallyy used bom linguistic and acoustic features and do not have a perceptual 
evaluation. . 
Thee goal of our study is not only to show relationships between textual information 
andd prominence judgments, but also to formulate these relationships in such a way 
thatt they can be expressed in heuristic rules to predict prominence. This rule set 
couldd then be used to enable more natural sounding speech synthesis. Therefore, all 
thee desired textual information for the prediction of prominence must be derived 
automatically. . 

3.22 Pilot study to find lexical / syntactic correlates 

Inn this section we describe a pilot experiment mat was carried out to investigate the 
relationshipp between prominence and textual information. The pilot was based on a 
subsett of 50 sentences. A main goal was to check if we could find a similar 
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relationshipp between prominence and word classes (POS, Part-of-Speech) as found 
inn the research done by Lea (1980) and Altenberg (1987). In this pilot word class 
tagss were assigned by hand for the following content word classes: Adjectives, 
Nouns,, Verbs, Adverbs, additionally to the number of syllables and the position of 
thee word in the sentence. This lexical / syntactic information was investigated with 
respectt to prominence. A careful metrical and linguistic analysis of these sentences 
providedd new insights, especially on (slightly) different word class definitions. The 
methodd used and the results obtained in this pilot experiment are described 
elaboratelyy in Helsloot & Streefkerk (1998). 

Thee pilot study confirmed that, in general, function words are perceived as less 
prominentt than content words. Within these two categories we nevertheless found a 
considerablee amount of variability. There were indications that the four content 
wordd classes are not enough to explain the variability, and that for instance 
Negationss should be treated as a separate class. Our selection of the later used 
elevenn word classes is based on the observations in the pilot study. 
Theree also were indications that some of mis within-category variability could be 
explainedd by the polysyllabic versus monosyllabic distinction. The question whether 
polysyllabicc words are generally more prominent than monosyllabic words needs 
testingg on a much larger set of sentences. It is necessary to investigate whether this 
effectt is also valid within one word class, because this polysyllabic / monosyllabic 
distinctionn could perhaps also be ascribed to the fact that function words contain, on 
average,, fewer syllables man content words. 
Inn the pilot study die word class tags were assigned by hand. However, such tags 
willl  have to assigned automatically when predicting prominence for large sets of 
sentences.. The discrepancy between hand-assigned word class labels and 
automaticallyy derived labels could make the task of automatically predicting 
prominencee more error prone. 

3.33 Main experiment on lexical / syntactic correlatess of prominence 

So,, in the main experiment presented below we will look more closely at the variety 
off  word classes and we will try to explain some other aspects of the variability 
found.. Therefore we will include combinations of word classes as well as the 
positionn of die word in the sentence. 
Inn this analysis a much larger set of 1244 training sentences was used to analyze the 
relationshipp between perceived prominence and textual information (Part-of-Speech 
tags,, number of syllables, and position of the word in the sentence). The results were 
usedd to derive a number of rules to predict prominence. These rules were evaluated 
withh an independent test set of 1000 sentences. Ten listeners judged the 1244 read-
aloudd newspaper sentences of the training set, whereas only one representative 
listenerr judged the sentences of the test set (see for more details chapter 2). The 
cumulativee marks of the ten listeners form degrees of prominence for the training set 
(11-pointt scale from 0 to 10). This scale was reduced to a binary scale (prominent 
versuss non-prominent) since mat was all we had available for the test set. The 
relationshipp between lexical / syntactic information on the one handd and prominence 
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onn the other hand, had to be confirmed, further developed and elaborated into rules. 
First,, we will describe the automatically derived word classes, then we will go into 
detaill  about the relationship between prominence and lexical / syntactic features, and 
att the end of this chapter the derived rules for prominence prediction will be 
described,, tested and discussed. 

33.11 Assigning lexical and syntactic features 

Thee test set and the training set were automatically labeled for Part-of-Speech by a 
parserr (Daelemans et al., 1996). The memory-based Part-of-Speech tagger is based 
onn similarity reasoning. It compares a particular word in a particular context with the 
mostt similar case stored. Generally, two factors determine a Part-of-Speech tag: its 
lexicall  probability and its contextual probability. The lexical probability of a given 
wordd belonging to a given category is stored in the lexicon, whereas the contextual 
probabilityy of a given word in a given context is stored in the case base. The lexicon 
andd the case base were generated from a large corpus. Those lexical probabilities are 
onlyy useful if a given word is known. Therefore unknown words are treated 
differently;; the Part-of-Speech tag is guess-based on the form and / or context of the 
unknownn word. It is reported that labeling fails in 5 to 10% of the cases (Daelemans 
ett al., 1996). We used this memory-based Part-of-Speech tagger, because, although 
imperfect,, to our knowledge it yields the best results for our goal. For our purposes 
ninee word classes were distinguished (Noun, Adjective, Quantifier / Numeral, Verb, 
Article,, Pronoun, Adverb, Preposition, Conjunction). Furthermore, based on the 
findingsfindings of the pilot study, the word class of Auxiliary Verbs is separated from the 
Verbss and forms a class on its own, just as Negations such as niet (not) do. In total 
wee distinguish eleven different word classes. In the next section we describe the 
wordd classes used and give an indication of what kind of words belong to each word 
class. . 

Article s s 
Thee word class of Articles is relatively simple to define. Words as de, het, der, des, 
eeneen (the, the, of the, of the, a) belong to this class. 

Conjunctions s 
Conjunctionss can be divided into coordinating Conjunctions such as en, noch, 
alsmede,alsmede, maar, of want, dus (and, neither, as well as, but, if, because, therefore) 
andd subordinating Conjunctions such as dat, sinds, toen, terwijl, zodat (that, since, 
then,then, while, so). 

Prepositions s 
Normall  Prepositions, such as bij, tussen, voor (with, between, for) belong to this 
classs together with the group of prepositional Adverbs, which form a part of 
separablee Verbs, such as aangeven (to hand, to indicate) and voorkomen (to occur, 
toto prevent). 
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Pronouns s 
Pronounss are divided into subgroups of relative Pronouns such as die, dat (this, 
that),that), personal Pronouns, such as ik, wij, mij, ons, (I, we, me, our), possessive 
Pronounss mijn, ons, jullie, zijn, haar (mine, ours, yours, his, her) and the indefinite 
formss iedereen, allen, allemaal, alles, iemand (everybody, all, all, everything, 
somebody).somebody). Based on the findings of the pilot study the pronominal Adverbs er, 
daardaar (there) were also included. 

Auxiliar yy verbs 
Onlyy Auxiliary verbs of tense zijn, hebben, zullen (be, have, shall) and the passive 
voicee worden (be) are put in this word class. Based on the observation in the pilot 
studyy the Auxiliary verbs of causality and modality are included in the full Verb 
class. . 

Verbs s 
Thiss group contains all full Verbs plus the Auxiliary verbs of causality doen, laten 
(do,(do, let) and modal Verbs kunnen, moeten, mogen, willen (can, must, may, want). 

Adverbs s 
Adverbss contain various subgroups. As already mentioned above, the prepositional 
Adverbss and the pronominal Adverbs have been shifted to the Prepositions or 
Pronouns,, respectively. The Adverbs of place waarheen, ginds (where, over there), 
timee toen, morgen, hoelang (then, tomorrow, how long), degree nogal, graag 
(rather,(rather, gladly), and modality misschien, wellicht (perhaps, possibly) still belong to 
thiss word class. 

Nouns s 
Properr names and nominally used Adjectives are put in the Noun category. 

Numerals s 
Thee class of Numerals contains definite Numerals such as beide, vier, driehonderd 
(both,(both, four, three hundred) and indefinite ones such as veel, enkele, sommige, 
voldoende,voldoende, minder (much, a few, some, sufficient, less). 

Adjectives s 
Thee category of Adjectives contains the predicatively used Adjectives. 

Negations s 
Basedd on observation in the pilot study Negations are put in a class of their own. It 
containss the words: geen, niet, niets, nooit (none, not, nothing, never). 

Thee speech material used was labeled automatically according to the word 
categoriess as described above. 



48 8 CHAPTERR 3 

33.1.11 Description and evaluation of the automatically derived Part-of-Speech 
(POS)) tags 

Sincee in this research the linguistic information used must become available 
automatically,, the speech material was tagged automatically. 
Too obtain a clear idea of the number of errors made by the automatic parser, the 
trainingg set (1244 sentences) was also tagged manually. The hand-corrected tags 
weree initially obtained from CELEX. CELEX (Center for Lexical information, 
Celex@mpi.nl)) provides all possible options for 'ambiguous' word tags. These 
hand-correctedd tags were compared with the tags of the parser, which resulted in a 
numberr of 1057 out of a total of 13119 words that were incorrect classified. This is 
8%% of the total number (13119) of word tokens of the training set. Of these words 
59700 (46%) are function words and 7149 (54%) are content words. 
Thee total number of words distributed over the 11 word classes used is presented in 
tablee 3.1. The parser, described above, assigned the word classes. The categories of 
Articles,, Prepositions, Verbs and Nouns are the largest, with for the training set 
14.6%,, 13.7%, 13.2% and 24.3%, respectively. The large number of Prepositions 
(13.7%)) may be normal for this type of material, which was obtained from a 
newspaper.. The smallest classes are the Negations (173, which is 1.3%), Numerals 
(327,, which is 2.5%) and Conjunctions (434, which is 3.3%). 

Tablee 3.1: Distribution of the eleven different word classes for the training set 
andd for the test set, presented both in absolute numbers and in percentages. 
Thee word class was automatically assigned The dotted line separates between 
functionn and content words (except for the Negations, which formally belong 
too the function words). 

Article e 
Conjunction n 

Preposition n 

Pronoun n 
Auxiliaryy verbs 

Verb b 
Numerals s 

Adverb b 

Adjective e 

Noun n 
Negation n 

Parserr labeling 

trainingg set 

Number r 

1912 2 

434 4 

1795 5 
1121 1 

708 8 

1734 4 

327 7 

765 5 

977 7 

3173 3 
173 3 

-\ \ 

^ ^ 

y y 

-\ -\ 

y y 

J J 

5970 0 

7149 9 

% % 

14.6 6 

3.3 3 
13.7 7 

8.5 5 
5.4 4 

13.2 2 

2.5 5 

5.8 8 
7.4 4 

24.3 3 

1.3 3 

Parsei i  labeling 

testt set 

Number r 

1537 7 
329 9 

1376 6 

759 9 
644 4 

1391 1 

268 8 

558 8 

805 5 

2521 1 

142 2 

"N N 

> > 

>V V 

)» )» 

J J 

4645 5 

5685 5 

% % 

14.9 9 
3.2 2 

13.3 3 

7.3 3 
6.2 2 

13.5 5 

2.6 6 
5.4 4 

7.8 8 
24.4 4 

1.4 4 

Total l 13119 9 100 0 10330 0 100 0 

mailto:Celex@mpi.nl
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Tablee 3.1 also gives the parser labeling for the different word classes for the test set. 
Thee 1000 sentences used for test purposes contain 10330 words, which is on average 
100 words per sentence (Std. Dev. 2.3). The number of content words is 5685 (55%) 
andd of function words is 4645 (45%). These percentages per word class are more or 
lesss the same as for the training material. 

Describingg the relationship between these word classes and prominence is the next 
step,, which will be presented in the following sections. Clear relationships are 
neededd in order to be able to formulate heuristic rules to predict prominence. 

33.22 Relationship between word class and prominence 

Tablee 3.2 presents some general data on the training material in terms of means and 
mediann values of prominence marks (on a scale from 0 to 10), and their standard 
deviation.. We also present the median values, because the distributions were askew 
att the edges of the prominence scale. The word classes were ordered by increasing 
prominence,, indicated by the mean values, from Articles (mean prominence 0.1) to 
Adjectivess (mean prominence 6.3). The standard deviation increases from 0.8 for 
Articless to 3.5 for Adverbs. In general, it is clear that the function words (Article, 
Auxiliaryy verbs, Prepositions, Conjunctions, and Pronouns) are the least prominent 
Theirr mean prominence slightly increases from 0.1 to 1.5, but the standard deviation 
alsoo increases. The median is still 0, thus indicating that these are not normal 
distributions,, but we will discuss this later in this section. 
Thee mean prominence values of the content words (Verbs, Adverbs, Nouns, 
Adjectives,, Numerals) reflect that these words are more prominent than the function 

Tablee 3.2: The mean, median and standard deviation of prominence per word 
classs ordered by increasing prominence. The dotted line separates function 
wordss from content words, except for the Negations, which formally belong 
too the function words. 

Prominence e 
Wordd class 
Article e 
Auxiliaryy verbs 

Preposition n 
Conjunction n 

Pronoun n 

Verb b 

Adverb b 
Noun n 

Numeral l 
Negation n 
Adjective e 

Number r 

1912 2 

708 8 

1795 5 
434 4 

1121 1 

1734 4 

765 5 

3173 3 
327 7 

173 3 
977 7 

Mean n 

0.1 1 

0.3 3 

0.4 4 

0.4 4 

1.5 5 

2.6 6 
3.8 8 

5.6 6 
5.7 7 

6.2 2 

6.3 3 

Median n 

0 0 

0 0 
0 0 

0 0 
0 0 

1 1 

3 3 
6 6 

6 6 

7 7 

7 7 

Std.. Dev. 

0.8 8 

1.2 2 
1.4 4 

1.2 2 

2.8 8 

3.1 1 

3.5 5 
2.8 8 

3.1 1 

3.1 1 

2.8 8 
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words,, which was already found in the pilot study (see Helsloot & Streefkerk, 1998) 
andd by data in the literature (Altenberg, 1987 and Lea, 1980). However, we can be 
moree specific, as the Verbs and the Adverbs have smaller mean prominence values 
(2.66 and 3.8) than the other content words. The words belonging to the Noun, 
Adjective,, Numeral and Negation categories are perceived as prominent with mean 
valuess from 5.6 to 6.3 (see for more details table 3.2). A 'hierarchy of ability to be 
prominent'' is already becoming apparent. The line in table 3.2 separates the function 
wordss from the content words. Negations do not strictly belong to the content words. 
Ass far as prominence is concerned, they behave similarly to content words. 
Ass indicated earlier by the high standard deviations of prominence within each class 
(tablee 3.2), the variation within word classes is high and it is worm looking at the 
separatee prominence distribution within each category. 
Thesee prominence distributions (on a scale from 0 to 10) per word class for function 
wordss are shown in figure 3.2 and for content words in figure 3.3. Function words 
aree mostly those words, which are almost never marked as prominent (93% and 69% 
havee zero prominence for Articles and Pronouns, respectively). The prominence 
histogramss for Articles, Auxiliary Verbs, Prepositions and Conjunctions show that 
thee higher the prominence marks the lower the percentages of the histograms (see 
figurefigure 3.2). This holds also for Pronouns, but there is a small additional group that is 
markedd with high prominence (seven, eight, nine and ten). Of the total number of 
Pronounss (1121, see table 3.2), 71 are marked with eight, nine and ten, which is 7% 
off  the Pronouns. This can be explained by the fact that Subject-pronouns can be 
moree prominent. Subject-pronouns are very difficult to detect automatically, which 
makess it difficult to use mis information in a rule set for prominence prediction. The 
factt that only 71 words are involved, which is less than 0.5% of all the words from 
thee training set, makes it less interesting too. 
Thee prominence distributions with respect to content words look differently in 
severall  ways, as shown in figure 3.3. All content word classes show that the number 
off  words never marked as prominent is less than 8%, except for the Verbs and the 
Adverbs.. For the Verbs this number is 40% and for the Adverbs it is 27%. Verbs and 
Adverbss form a middle class, whereas the distributions of Nouns, Adjectives, 
Numeralss and Negations are situated in the upper part of the prominence scale. 
Furthermore,, Adverbs and, to a smaller extent, Numerals and Negations show 
bimodall  distributions. 27% of the Adverbs are never marked as prominent, but the 
relativee number of Adverbs marked by eight, nine or ten of the listeners is certainly 
highh as well (22%). This once more confirms mat the Adverb group is a difficult 
one,, containing a variety of words that behave in different ways. Numerals and 
Negationss show distributions with the maximum at the upper part of the prominence 
scale,, but the number of Numerals and Negations judged by none or only one 
listenerr is still 7.6%, 5.3% and 7.5%, 7.5%, respectively (see also figure 3.3). 
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Figuree 3.2: The distribution (in percentages) of the degrees of prominence (on a scale 
fromfrom 0 to 10) for the various types of function words. 
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Figuree 3.3: The distribution of degrees of prominence (on a scale from 0 to 10) for the 
variouss types of content words and Negations. 

Thee prominence distributions of Negations and Numerals are also bimodal; in 
generall  these words are perceived as prominent but there are still a number of words 
thatt are never marked as such. An explanation for the non-prominent Numerals 
couldd be that Numerals referring to a current century are usually perceived as non-
prominent.. This occurs 14 times in our training material. Nine times these words are 
neverr or only once marked as prominent. As far as Negations are concerned, no 
explanationn on a textual level could be found for the non-prominent ones, so the 
predictionn of prominence for these special word groups is difficult. 
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33.33 Relationship between word length and prominence 

Ann interesting relationship may be observed between the word length (number of 
syllables)) and prominence, which cannot be exclusively attributed to the tact that 
moree function words than content words are monosyllabic. Table 3.3 shows mean 
prominencee value, median value and standard deviation of prominence, as a function 
off  the number of syllables in a word. In conclusion, the longer the words, the higher 
thee mean prominence values. 
Thee difference between monosyllabic words (mean prominence value 1.4) and 
polysyllabicc words (mean prominence values from 4.4 in the case of two syllables 
upp to 6.4 in die case of six syllables) is considerable. 
Tablee 3.4 presents prominence values of each word class split up for polysyllabic 
andd monosyllabic words. Generally, it is true that the polysyllabic words tend to be 
moree prominent than the monosyllabic words (see table 3.3). However, there is more 
variabilityy within word classes. The difference between polysyllabic words and 
monosyllabicc words is statistically significant (p < 0.005, tested with a student t-test 
forr two samples) for Conjunctions, Prepositions, Pronouns, Verbs, Adverbs, and 
Nouns.. Adjectives, Numerals and Auxiliary verbs are exceptions and there are no 
polysyllabicc words at all in the class of Articles or Negations. The differences 
betweenn polysyllabic and monosyllabic words are largest within Verbs, Adverbs, 
Conjunctionss (only 15 polysyllabic words) and Pronouns. 

Tablee 3.3: Mean prominence value, standard deviation and median value of 
prominencee broken down by word length (number of syllables). 

Prominence e 
Wordd length (num 

1 1 
2 2 
3 3 
4 4 
5 5 
6 6 
7 7 

syU.) ) Number r 
7751 1 
2769 9 
1571 1 
729 9 
241 1 
57 7 

1 1 

Mean n 
1.4 4 
4.4 4 
5.5 5 
5.9 9 
6.1 1 
6.4 4 
7.0 0 

Median n 
0 0 
4 4 
6 6 
6 6 
6 6 
7 7 
7 7 

Std.. Dev. 
2.7 7 
3.4 4 
3.0 0 
2.8 8 
2.3 3 
2.4 4 
--
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Tablee 3.4: Mean, median and standard deviation of perceived prominence of 
poly-- versus mono-syllabic words per word class. 

Article e 

Auxiliaryy verb 

Conjunction n 

Preposition n 

Pronoun Pronoun 

Verb b 

Adverb b 

Noun n 

Numeral l 

Adjective e 

Negation n 

Mono o 
Poly y 
Mono o 
Poly y 
Mono o 
Poly y 
Mono o 
Poly y 
Mono o 
Poly y 
Mono o 
Poly y 
Mono o 
Poly y 
Mono o 
Poly y 
Mono o 
Poly y 
Mono o 
Poly y 
Mono o 
Poly y 

Number r 
1912 2 

601 1 
107 7 
419 9 

15 5 
1628 8 
167 7 
947 7 
174 4 
573 3 

1161 1 
496 6 
269 9 
685 5 

2488 8 
152 2 
175 5 
165 5 
812 2 
173 3 

Mean n 
0.15 5 

0.32 2 
0.46 6 
0.32 2 
3.73 3 
0.31 1 
1.64 4 
0.86 6 
5.28 8 
1.43 3 
3.24 4 
2.83 3 
5.47 7 
4.92 2 
5.77 7 
5.70 0 
5.70 0 
6.30 0 
6.29 9 
6.17 7 

Median n 
0 0 

0 0 
0 0 
0 0 
3 3 
0 0 
0 0 
0 0 
6 6 
0 0 
2 2 
1 1 
6 6 
5 5 
6 6 
6 6 
7 7 
7 7 
7 7 
7 7 

Stdd Dev. 
0.79 9 

1.16 6 
1.25 5 
0.86 6 
3.01 1 
1.10 0 
2.60 0 
2.12 2 
3.23 3 
2.60 0 
3.11 1 
3.26 6 
3.33 3 
3.04 4 
2.72 2 
2.98 8 
3.25 5 
2.94 4 
2.83 3 
3.09 9 

Thee finding that polysyllabic words are generally perceived as more prominent may 
bee connected to the 'metrical weight' of a word (Helsloot, 1995). The more syllables 
aa word contains, the more weight this word carries in the utterance. Thus, the larger 
thee metrical weight, the greater the possibility that the word will be prominent. This 
iss especially true for Pronouns, Verbs, and Adverbs, which is shown in table 3.4 
above.. Figure 3.4 illustrates mis even more clearly. We left the word class 
Conjunctionss out of this figure because of the low number of occurrences of 
polysyllabicc Conjunctions. The three word classes Pronouns, Verbs and Adverbs 
belongg to the middle range in the 'hierarchy of prominence'. They belong to the 
groupp of words that are sometimes prominent and sometimes non-prominent. A 
distinctionn between polysyllabic and monosyllabic words may explain some of this 
behavior.. Histograms for monosyllabic and polysyllabic words for these three 
groupss are given in figure 3.4. Within a word class the percentages of a subclass 
(poly-- or monosyllabic) add up to 100%. Most monosyllabic words lie in the lower 
rangee of the prominence scale, whereas the polysyllabic words are more evenly 
spreadd across the scale. The polysyllabic Pronouns and Adverbs move higher up the 
scale. . 
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Verbs s II  Poly 
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Figuree 3.4: Prominence distributions in (percentages) of polysyllabic and 
monosyllabicc Pronouns, Verbs and Adverbs. The absolute numbers are given 
inn table 3.4. 
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Inn conclusion, monosyllabic Pronouns, Verbs and Adverbs carry more often low 
prominencee in comparison with polysyllabic ones. Such differences between 
monosyllabicc and polysyllabic words will be used in a heuristic rule system to 
predictt prominence values from textual information. 

3.3.44 Relationship between the position of a word in a sentence and prominence 

Figuree 3.5 shows a histogram in which the first content word in a sentence and other 
contentt words occurring at other places are displayed separately for prominence 
distribution. . 

Figuree 3.5: The prominence distributions of content words that occur at the 
beginningg of a sentence as opposed to those occurring at other places in the 
sentence. . 

IfIf  words in the Noun, Adjective, Numeral, and Negation classes are placed at the 
beginningg of a sentence, they tend to carry greater prominence than when placed at 
thee middle and / or end of a sentence. The fact that these words are generally more 
prominentt at the beginning of the sentence than at the end may be connected with 
thee specific material we use. The first word carrying information is predetermined to 
bee more prominent in sentences that are read aloud out of context, whereas in 
sentencess with contextual information this may not be the case. This observation 
showss that rules for prominence prediction can be made optimal for a specific type 
off  speech material, but on the other hand may also be unique for that material. 

3.3.55 Adjective-Noun combinations and prominence 

Off  the total number of words in the training set of 1244 sentences, 24% are Nouns. 
Thiss large group is spread over the whole range of the prominence scale, as shown 
inn figure 3.3. There is a lot of variation within this word class. Some of this variation 
cann be explained by taking a closer look at the combinations in which Nouns occur. 
Thee Adjective is much more prominent than the Noun in combinations where an 
Adjectivee is immediately followed by a Noun. Table 3.5 gives the mean, median and 
thee standard deviation of prominence for the number of times Adjectives-Noun 
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Tablee 3.5: The number of occurrence as well as the mean, standard deviation 
andd the median prominence value for Adjectives and Nouns found in 
Adjective-Nounn combinations, and Adjectives and Nouns found in all other 
combinations. . 

Adjectivess followed by a Noun 

Nounss preceded by an Adjective 

Adjectivess in all other combinations 

Nounss in all other combinations 

Number r 

242 2 
242 2 
735 5 
2931 1 

Mean n 

6.66 6 

3.66 6 

6.18 8 

5.74 4 

Median n 

7 7 
3 3 
7 7 
6 6 

Std.. Dev 

2.75 5 
2.24 4 

2.87 7 

2.79 9 

combinations,, and Adjectives and Nouns occurring in all other combinations. The 
meann prominence values for Adjectives followed by a Noun (6.66) and in all other 
combinationss (6.18) are more or less the same, as displayed in table 3.5. Nouns 
presentt a different story. The mean prominence values for Nouns when preceded by 
ann Adjective (3.66), are much lower than the mean prominence values for the 
remainingg Nouns (5.74), indicating that Nouns in such a combination are less 
prominent.. The distributions of these two groups of Nouns are shown in figure 3.6. 
Thesee two distributions do not correspond and confirm that the mean prominence 
valuess differ. These data show that the subgroup of 242 Nouns preceded by an 
Adjectivee could be predicted with greater accuracy. 

Itt must be said that 242 Nouns is only about 8% of the total found in the training 
material,, and about 2% of the total number of words. Whether or not this 
relationshipp can be formulated into a simple rule still needs to be tested and if so, 
alsoo whether this rule improves prominence prediction. 

 Nouns rn other combinations 
11 Nouns preceded by an Adj 

Figuree 3.6: Distribution of Nouns, separated for Nouns which are immediately 
precededd by an Adjective and Nouns occurring in other combinations. 
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33.66 Algorith m with lexical / syntactic input for  prominence prediction 

Inn the preceding sections several relationships were presented between textual 
informationn and perceived prominence for a considerable total of 1244 sentences. 
Theree is a relationship between word classes and prominence. Function words are 
generallyy perceived as less prominent, whereas content words are perceived as very 
prominent.. Words belonging to the word classes of Pronouns, Verbs and Adverbs 
aree generally found in the middle of the prominence scale. We also discovered that 
thee larger the number of syllables, the higher the mean prominence rating of that 
word.. Furthermore, we saw that the first content word in a sentence was often 
perceivedd as very prominent. The Noun is generally less prominent in Adjective-
Nounn combinations than when found in other combinations. All this information has 
beenn used to devise an algorithm to predict prominence from text. This algorithm is 
basedd on a number of simple heuristic rules. 

Thee following section describes how the relationship between lexical and syntactic 
informationn derived automatically from texts, and the prominence marks of the 
naivee listeners will be combined into a set of heuristic rules for automatic 
prominencee prediction. 

Too predict prominence by using the rules developed in mis study, we devised a 
systemm similar to a 'metrical grid'. Units of words were put in a grid and then each 
wordd could be marked for prominence on different levels. The words can receive 
marks,, which are indicated by an 'x', by applying various rules. After applying these 
rules,, the grid is filled with marks (x) and consequently a prominence grid pattern 
emerges.. Our rule system, described in more detail below, predicts up to four marks 
perr word. The rules work additively, as will be clear from the example below. 

Twoo heuristic rules can be formulated that reflect the general relationship between 
wordd class and prominence: 

rulee I  : each content word receives one mark; 
rulee II  : each word from the classes {Noun, Adjective, Numeral, Negation} 

receivess an additional mark; 

Ass an example of how these and subsequent rules are applied, we use one sentence 
fromm Polyphone: Ik luisterde hoe de wind blies (I listened how the wind blew). We 
usedd a notation system similar to the metrical grid representation. In this example 
thee words luisterde (Verb), hoe (Adverb), wind (Noun) and blies (Verb) receive a 
markk according to rule I, indicated by an x. Rule II gives the Noun wind an 
additionall  mark. 

rulee II x 
rulee I x x x x_ 

IkIk luisterde hoe de wind blies 
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Thee difference between polysyllabic and monosyllabic words should also be 
includedd in our set of rules. A simple suggestion would be that all polysyllabic 
wordss receive an additional prominence mark. Rule ma could then be formulated as 
follows: : 

rulee ma: each polysyllabic word receives an additional mark; 

Variationss to this rule are possible. The difference between polysyllabic and 
monosyllabicc words is largest for Pronouns, Verbs and Adverbs (for more details 
seee table 3.4). A variant could thus be that only polysyllabic Pronouns, Verbs and 
Adverbss receive an additional mark. In this way, applying the rule would put 
polysyllabicc Pronouns, Verbs and Adverbs at the same prominence level as 
Negations,, Numerals, Adjectives, and Nouns, and they would receive an extra mark 
accordingg to rule n. The prominence prediction of polysyllabic Adverbs and 
Pronounss with 5.47 and 5.28 mean perceived prominence, respectively, would then 
bee the same as for Negations (6.17), Numerals (5.70), Adjectives (6.29), and Nouns 
(5.77).. However, the actual mean prominence value for the largest group of 
polysyllabicc Verbs is only 3.24. An additional mark is given to these Polysyllabic 
Verbss to avoid including these polysyllabic Verbs into one group with the other 
highlyy prominent words. Rule OTb is thus reformulated in the following way: 

rulee IHb: each polysyllabic word from the classes {Pronoun, Verb, Adverb} 
receivess an additional mark, and each word from the classes 
{Noun,, Adjective, Numeral, Negation}  receives an additional 
mark; ; 

AA third variant is also possible. The difference between polysyllabic and 
monosyllabicc words is statistically significant only for Conjunctions, Prepositions, 
Pronouns,, Verbs, Adverbs, and Nouns. The difference is not statistically significant 
forr Auxiliary Verbs, Adjectives and Numerals (see section 3.3.3). There are no 
polysyllabicc words at all among our Negation class and Articles in our corpus. So 
thee third variant of rule in would be mat all polysyllabic words except Articles, 
Numerals,, Negations and Adjectives receive an additional mark. All Adjectives and 
Negationss must also receive an additional mark or else they would belong to the 
samee predicted prominence level as the monosyllabic Nouns. This brings about the 
formulationn of the third variant of rule m as follows: 

rulelllc:: each polysyllabic word from the classes {Conjunction, 
Preposition,, Pronoun, Verb, Adverb, Noun}  receives an additional 
mark,, and each word from the classes {Numeral, Adjective, 
Negation}}  receives an additional mark; 

Thee next step is to determine which of the three variants most accurately predicts 
prominence.. In our example the three variants differ in their prominence prediction 
forr the monosyllabic Noun wind. The Noun 'wind*  receives an extra mark only 
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whenn the mb rule is applied. The polysyllabic Verb luisterde receives an additional 
markk from all rules (Ilia, mb or IQc). 

rulee IQ x (x) 
rulelll  x 
rulee I x x x x 

IkIk luisterde hoe de wind blies 

Rulee IVa is derived from our discovery that the first content word is more prominent 
thann the other content words. 

rulee IVa: the first content word in the sentence receives an additional mark; 

Variantss of rule IV are also possible. One possibility would be to upgrade the first 
wordd predicted with two or three marks with one additional mark. Nouns, Numerals, 
Negationn and Adjectives, plus polysyllabic Verbs and Adverbs belong to the group 
off  two- or three-marks words. 

rulee IVb: the first word in a sentence with two or three marks receives one 
additionall  mark; 

rulee IV x 
rulee HI x (x) 
rulelll  x 
rulee I x x x x 

IkIk luisterde hoe de wind blies 
00 8 0 0 7 2 

Thee result is that the Verb luisterde receives an additional mark from both rules IVa 
andd IVb and receives three marks in total. 

Thee last rule we can formulate concerns the Adjective-Noun combination. As 
describedd in section 3.3.5, Nouns preceded by an Adjective are perceived as less 
prominentt than Nouns found in other combinations. This then becomes rule number 
VV for prominence prediction: 

rulee V: every Noun immediately preceded by an Adjective loses one mark; 

Suchh an Adjective-Noun combination does not occur in our example sentence. 

Thee perceived prominence values are given in the last row in our example sentence 
above.. The two words luisterde and wind carry perceived prominence values of 
eightt and seven, respectively. So in our example the words predicted with high 
prominencee agree with highly perceived prominence. This is partly true for the less 
prominentt word blies. This monosyllabic Verb blies, and the monosyllabic Adverb 
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hoehoe receive only one mark, but the prominence values are two and 0. As expected, 
thee words with no marks at all are not perceived as prominent All formulated rules 
aree summarized below: 

rulee I: each content word receives one mark; 
rulee II : each word from the classes {Noun, Adjective, Numeral, Negation} 

receivess an additional mark; 
rulee ma: each polysyllabic word receives an additional mark; 
rulee nib: each polysyllabic word from the classes {Pronoun, Verb, Adverb} 

receivess an additional mark, and each word from the classes 
{Noun,, Adjective, Numeral, Negation}  receives an additional 
mark; ; 

rulee IIIc: each polysyllabic word from the classes {Conjunction, 
Preposition,, Pronoun, Verb, Adverb, Noun}  receives an additional 
mark,, and each word from the classes {Numeral, Adjective, 
Negation}}  receives an additional mark; 

rulee IVa: the first word content in the sentence receives an additional mark; 
rulee IVb: the first word in a sentence with a level two or three mark receives 

ann additional mark; 
rulee V: each Noun preceded by an Adjective is decreased by one mark; 

Thee variants of rules HI and IV are indicated with a, b, and c. 
Thee application of these rules was partly demonstrated in an example in the previous 
sectionss and results in a prominence prediction system that predicts five levels of 
prominencee on a scale from 0 to 4. The rules divided the words of each sentence into 
differentt groups. With the different variations of rules m and IV, six different 
combinationss of rules can be put together. In order to get an optimal combination of 
rules,, these different sets must be tested to find out which one is the most effective 
inn predicting prominence. The different sets of rules are defined as follows: 

Sett A: 
SetB: : 
SetC: : 
SetD: : 
SetE: : 
SetF: : 

rulee I 
rulee I 
rulee I 
rulee I 
rulee I 
rulee I 

ruleH H 
rulell l 
ruleH H 
rulell l 
ruleH H 
ruleH H 

ruleUta a 
rulelHb b 
rulelHc c 
rulee Hla 
rulelHb b 
rulelHc c 

rulee IVa 
rulee IVa 
rulee IVa 
rulee IVb 
rulee IVb 
rulee IVb 

rulee V 
ruleV V 
ruleV V 
ruleV V 
rulee V 
rulee V 

Firstly,, the various subsets that receive different numbers of predicted prominence 
markss must be made more clearly visible. It is difficult to see which set of words 
receivess which number of marks, by applying the rules used in the various subsets. 
Inn Appendix table A 3.1, the subgroups of words receiving a given number of marks 
aree presented. For instance, when applying rule set B or E, the function words 
receivee no mark, but by applying set A or D only the monosyllabic function words 
receivee no marks. 
Alll  rules described above were put into a simple algorithm in which the following 
textuall  input features are used: 

OR R 

OR R 

OR R 
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-Pait-of-Speech h 
-numberr of syllables in a word 
-Adjective-Nounn combinations 
-positionn of the word in the sentence 

Thiss algorithm, in which the various rules are implemented automatically, assigned 
prominencee marks to the training set. In order to effectively compare the results of 
eachh set of rules with the perceived prominence, a means of comparison must be 
found. . 
Basically,, there are two problems. First, we want to compare different scales with 
eachh other. Secondly, sentences contain a different number of words: the greater the 
numberr of words in a sentence the higher the probability of error. Additionally, we 
wantt to compare the prominence contour of a sentence and not a comparison of 
individuall  words. 
Thee predicted prominence values and the perceived prominence judgments were 
dividedd by their maximum scale value, being here 10 or 4, respectively. The result 
wass that all values lie between 0 and 1. The total perceived prominence within a 
sentencee was used for length normalization. The predicted prominence values were 
dividedd by this total. This allowed us to compare sentences of different word length 
withh each other. Using this total (and not, for instance, the number of words per 
sentence)) makes that falsely predicted prominence weighs more than falsely 
predictedd non-prominence. The sum of the absolute differences per word is a value 
describingg the goodness of fit. If predicted and perceived prominence fit perfectly, 
thiss value equals 0. 

Ann example: 
stepp I : 
Predictedd number  of marks (set B) 0 

Ik Ik 
Perceivedd prominence 0 

3 3 
luisterde luisterde 

8 8 

1 1 
hoe hoe 
0 0 

0 0 
de de 
0 0 

2 2 
wind wind 

7 7 

1 1 
blies blies 

2 2 

Maximum m 
4 4 

10 0 

Eachh prominence value, predicted and perceived, is divided by the maximum of its 
scale.. Al l values then lay between 0 and 1. 

stepp II : 
Predictedd number  of marks (set B) 0 0.75 

IkIk luisterde 
Perceivedd prominence 0 0.8 

0.255 0 
hoehoe de 
00 0 

0.50 0 
wind wind 
0.7 7 

0.25 5 
blies blies 
0.2 2 

Total l 

1.70 0 

Eachh value, predicted and perceived, is divided by 1.7, which is the sum of the 
prominencee judgments, in order to fit  the scales for the number of words and the 
numberr of prominence judgments and to allow comparison over sentences. 

stepp HI : 
Predictedd number  of marks (set B) 0 0.44 

IkIk luisterde 
0.155 0 0.29 
hoehoe de wind 

0.15 5 
blies blies 
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Perceivedd prominence 0 Q.47 0 0 0.41 0.12 
Thee absolute difference between the scaled predicted and perceived prominence 
givess an indication of the goodness of fit. 

stepp IV : 

Difference e 
Ik Ik 
0 0 

luisterde luisterde 
0.03 3 

hoe hoe 
0.15 5 

dede wind 
00 0.12 

blies blies 
0.03 3 

Totall  error 

0.33 3 

Thee total error of this example sentence is 0.33. Mean values of this goodness of fit 
couldd be calculated for each rule set by adding all values of each sentence and by 
dividingg them by the total number of sentences. 
Thee value of the worst fit  depends on the total number of judgments given per 
sentence.. This kind of normalization weighs correct prediction of highly prominent 
wordss and of non-prominent words in the same way. 
Thee mean goodness of fit  values of the prominence prediction over all training 
sentencess are given in table 3.6. This table shows the effect of each rule 
incrementally:: going from left to right an increasing number of rules were applied to 
obtainn the prominence prediction. Only rules HI and IV exist in more than one form 
andd they vary depending on the set used. Consequently, rules I and n give the same 
matchh of perceived prominence and predicted marks for all sets. The results show 
thatt the more rules are applied, the better the fit  is and this is true for all sets. Up to 
Rulee m set B (0.821) and set E (0.821) are the best. Rule m b was applied in these 
sets.. Rule m b only gives an extra mark to polysyllabic Pronouns, Verbs, and 
Adverbs.. Up to Rule V set B is the best (0.616). Rule IVa (see rule distributions 
above)) fits the perceived prominence judgments better and accordingly, set A 
(0.638),, B (0.635) and C (0.639) are better than sets D (0.652), E (0.649), and F 
(0.652).. This means that upgrading the first content word in a sentence results in a 
betterr fit  than upgrading words that already have two or three marks. However, it 
mustt be mentioned that the different variants of Rule m and Rule IV do not bring a 
lott of improvement. Each additional rule improves the fit more than applying 

Tablee 3.6: The mean normalized error of the different sets of rules applied to 
thee training set. Tne rules are incremental, which means, for example, that 
valuess for + rule in are values for a prediction in which rule I, rule II and rule 
mm were applied. 

Sett A 

SetB B 

SetC C 

SetD D 

Sett E 

Sett F 

Rulee I 

1.130 0 

1.130 0 

1.130 0 

1.130 0 

1.130 0 

1.130 0 

++ RuleII 

0.873 3 

0.873 3 

0.873 3 

0.873 3 

0.873 3 

0.873 3 

++ Rule m (a, b, c) 

0.829 9 

0.821 1 

0.827 7 

0.829 9 

0.821 1 

0.827 7 

++ Rule IV (a, b) 

0.638 8 

0.635 5 

0.639 9 

0.652 2 

0.649 9 

0.652 2 

++ RuleV 

0.619 9 

IIP P 
0.619 9 

0.628 8 

0.625 5 

0.629 9 
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Tablee 3.7: Absolute number of predicted prominence marks applied by the 
ruless of set B crosstabulated against the prominence judgments of the 
listeners.. The gray cells indicate the diagonal. 

Perceived d 
Prominence e 00 1 

11 1 
2 2 
3 3 
4 4 
5 5 
6 6 
7 7 
8 8 
9 9 
10 0 

Total l 

0 0 

110 0 
51 1 
48 8 
23 3 
27 7 
34 4 
32 2 
34 4 
15 5 

5796 6 

Predicted d 

1 1 

II 528 
11 195 

P^^f^ P^^f^ 
IHmWUBHHHHI I 600 I 

722 1 
79 9 
97 7 
96 6 
97 7 
60 0 

1480 0 

prominence e 

2 2 

438 8 
311 1 
259 9 
236 6 

1833 I 
1844 f 

166 6 
131 1 
103 3 

2430 0 

marks s 

3 3 
87 7 
135 5 
184 4 
207 7 
225 5 
280 0 

348 8 
302 2 
222 2 

2673 3 

4 4 

10 0 
13 3 
15 5 
16 6 
26 6 
36 6 
54 4 
117 7 

740 0 

Total l 

5977 7 

1162 2 

679 9 
595 5 
586 6 
603 3 
645 5 
813 3 

EE 802 
11 739 
11 518 

13119 9 

differentt variants of one Rule. Rule V improves the fit substantially, and the final 
resultt is that set B is the optimal solution to predict prominence on the basis of 
textuall  information only. 
Wee will take a closer look at the results of the optimal set B. The resulting predicted 
prominencee has been compared with the prominence judgments of the listeners and 
iss presented in table 3.7, table 3.8 and in figure 3.7. Tables 3.7 and 3.8 present 
absolutee numbers and relative numbers, respectively. The cells should be clustered 
aroundd the main diagonal of the confusion matrix for an optimal prediction. The 
cellss at the extremes of the prominence scale are more clustered around the diagonal 
thann the middle prominence classes. The number 4914 given in the first cell in table 
3.77 represente 82.2% of the total number of 5977 words never judged as prominent. 
Thesee percentages are presented in table 3.8. More interesting is the second cell of 
thee first row in table 3.7, which shows the number 528. The largest number of words 
withh the prominence prediction of only one mark fall in this cell, but it is only 8.8% 
relativee to the total number of words with a degree 0 prominence as presented in 
tablee 3.8. For the words with some degree of perceived prominence the quantities 
aree more evenly distributed over the matrix. Only 118 of the 518 words that were 
perceivedd as highly prominent (marked as prominent by all ten listeners), were 
correctlyy predicted with four marks, which is 22.8%. The words with prominence 
degreess of 8 and 9 were predicted correctly (prominence mark 4) 160 times out of 
8022 (20.0%) and 175 times out of 739 (23.7%) respectively. Words with three 
predictedd marks are distributed over the whole perceived prominence scale. The 
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Tablee 3.8: Matrix of relative numbers (percentages) of predicted prominence 
markss applied by set B with respect to the number of prominence judgments 
off  listeners. 

Perceived d Predictedd prominence marks 
Prominence e 

0 0 
1 1 
2 2 
3 3 
4 4 
5 5 
6 6 
7 7 
8 8 
9 9 
10 0 

0 0 
82.21 1 

43.72 2 
WÊmmmmBM WÊmmmmBM 

16.2 2 

8.57 7 

8.19 9 

3.81 1 

4.19 9 

4.18 8 

3.99 9 

4.60 0 

2.90 0 

1 1 
8.83 3 

11 16.78 

16.35 5 

14.29 9 

10.24 4 

11.94 4 

12.25 5 

11.93 3 

11.97 7 

13.13 3 

11.58 8 

2 2 
7.33 3 

26.76 6 

38.14 4 

39.66 6 

38.73 3 

31.84 4 

28.37 7 

22.63 3 

20.7 7 

17.73 3 

19.88 8 

3 3 
1.46 6 

11.62 2 

27.10 0 

34.79 9 

38.40 0 

46.44 4 

46.82 2 

46.87 7 

43.39 9 

40.86 6 

42.86 6 

4 4 
0.17 7 

1.12 2 

2.21 1 

2.69 9 

4.44 4 

5.97 7 

8.37 7 

14.39 9 

19.95 5 

23.68 8 

22.78 8 

Total l 

100 0 
100 0 
100 0 
100 0 
100 0 
100 0 
100 0 
100 0 
100 0 
100 0 
100 0 

predictedd prominence class with three marks covers perceived prominence classes 
fromfrom 11.6% for perceived prominence scale 1, up to 46.9% for perceived 
prominencee scale 7. Fortunately, only 1.5% of the non-prominent words were 
markedd with three marks. The cells for one and two predicted marks are more filled 
att the lower part of the prominence scale, and there is less spreading. 

Figuree 3.7 presents the relative numbers of predicted prominence over the perceived 
prominencee degrees. Each column presents one perceived prominence degree and 

HH 0 Marks E3 1 Marks 122 Marks O 3 Marks 144 Marks 

44 5 6 
Prominence e 

99 10 

Figuree 3.7: Predicted prominence values (set B) in comparison with the 
prominencee judgments of listeners. 
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Tablee 3.9: Absolute number of occurrence, as well as mean, median and 
standardd deviation of the perceived prominence per predicted mark. 

Predictedd prominence 
0 0 
1 1 
2 2 
3 3 
4 4 

Number r 
5796 6 
1480 0 
2430 0 
2673 3 
740 0 

Mean n 
0.40 0 
3.15 5 
3.84 4 
5.85 5 
7.50 0 

Median n 
0 0 
2 2 
3 3 
6 6 
8 8 

Std.. Dev. 
1.36 6 
3.40 0 
3.09 9 
2.77 7 
2.25 5 

thee total of each column is 100%. The total number of words with perceived 
prominencee degree can be looked up in table 3.7. For instance, 603 is the total 
numberr of perceived prominence at degree five. Figure 3.7 presents in principle the 
samee data as presented in table 3.7. However, the data are presented as a diagram to 
illustratee more clearly that the extreme categories (no mark at all and four marks) are 
indeedd found on the extremes of the perceived prominence scale, whereas words 
predictedd with three marks are spread over the whole perceived scale. 
Generally,, the mean perceived prominence values agree with the predicted ones, but 
thee standard deviation is still high. These values are given in table 3.9. The mean 
prominencee value of the words marked with four marks is 7.5. These data reflect 
oncee more that the prediction of highly prominent words corresponds with the 
perceptionn of the listeners. For the sets of words with one or two marks the mean 
prominencee values are 3.15 and 3.84, respectively. For this set the standard 
deviationn is the highest. The high standard deviation shows that more analysis wil l 
bee needed to lower the large spreading. Maybe a more detailed look at the subgroups 
off  Pronouns, Verbs and Adverbs, e.g. possessive Pronouns or relative Pronouns, wil l 
givee indications of how to lower further the standard deviation. These values do not 
indicatee that these sets should necessarily be treated as separate prominence 
categories. . 

Tablee 3.10: Absolute numbers of predicted prominence marks, relative to the 
totall  number of predicted marks within one class put in the prominence 
classess derived from the perceived prominence scale. 

Perceived d 

Prominencee class 

0 0 

I I 

n n 
m m 

0 0 

4914 4 

618 8 

149 9 

115 5 

Predicted d 

1 1 

528 8 

306 6 

296 6 

350 0 

prominencee marks 

2 2 

438 8 

570 0 

838 8 

584 4 

3 3 

87 7 

319 9 

1014 4 

1253 3 

4 4 

10 0 

28 8 

132 2 

570 0 

Total l 

5977 7 

1841 1 

2429 9 

2872 2 

Total l 57966 1480 2430 2673 740 13119 
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Tablee 3.11: The results of prominence prediction based on textual information 
forr the training set. The predicted prominence marks and the perceived 
prominencee classed have been agglomerated. The percentages of correct 
predictionn are given in the last column. 

Perceived d 
prominencee class 

0+1 1 

n+m m 
Total l 

Predicted d 

0+1 1 

6366 6 
910 0 

7276 6 

prominence e 
2+3+4 4 

1452 2 
4391 1 

5843 3 

marks s 

Total l 

7818 8 
5301 1 

13119 9 

%% correct 

82.0 0 
81.4 4 

82.8 8 

Usingg the clustered prominence categories rather than the original scores from 0 to 
100 might be an advantage. This is discussed below. 
Thee overall performance of predictive rules of set B for the training set of 1244 
sentencess is presented in table 3.10 and table 3.11 for two clustering methods. The 
originall  perceived prominence rate is chunked into four classes by means of 
hierarchicall  cluster analyses. (For details see, section 2.4.1.3.) Table 3.10 thus 
presentss a 4x5-table, in which the non-prominence classification shows quite good 
performance:: 4914 of the 5977 words are classified correctly. Prominent words 
causee more problems. Only 570 of the 2872 prominent words are classified with 
fourr marks, and the prediction in the middle prominence categories is even lower. 
However,, by putting these data into a simple 2x2-table a classification rate of 82.0% 
correctt can be achieved, see table 3.11. In this table it is also specified which 
categoriess are put together in the dichotomy between non-prominent and prominent. 
Ass a conclusion we can say that the prediction of prominence is accurate for the 
extremess of the prominence scale, but that the middle section of the scale is much 
moree difficult to predict. The following section deals with testing the prominence 
predictionn rule on the independent test set. 

3.44 Independent test of the prominence assignment rules 

Thee algorithm for prominence prediction was tested on an independent test set of 
10000 sentences. The same parser used for me training data automatically tagged 
POSS labels for these sentences as well (see section 3.3.1 for more detail). With the 

Tablee 3.12: Perceived prominence and predicted prominence marks for the 
independentt test set. 

Perceived d 
prominence e 

0 0 
1 1 

Total l 

0 0 
4001 1 

180 0 
4181 1 

Predicted d 
1 1 

841 1 
272 2 

1113 3 

prominencee marks 
2 2 

930 0 
1284 4 
2214 4 

3 3 
516 6 

1709 9 
2225 5 

4 4 
44 4 

553 3 
597 7 

Total l 
6332 2 
3998 8 

10330 0 
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Tablee 3.13: The predicted prominence marks and the perceived marks and an 
overalll  result in percentage correct. 

Perceived d 
prominence e 

0 0 
1 1 

Total l 

Predicted d 

0+1 1 
4842 2 
452 452 

5294 4 

Measuree of agreement (K) 

prominence e 
2+3+4 4 

1490 0 
3546 6 

5036 6 

Total l 
--

6332 2 
3998 8 

10330 0 

%% correct 

81.2 2 
76.5 5 
88.7 7 

--

0.62 2 

helpp of the automatically derived word class labels, the number of syllables in each 
word,, and the position of the word in the sentence, the various prominence levels 
weree predicted according to optimal rule set B, as described in section 3.3.6. In order 
too test the generalizability of our set of rules, it is necessary to predict prominence 
onn an independent test set. The procedure for matching predicted and perceived 
prominencee for the test set shows differences with that for the training set. Only 
binaryy judgments of the 'optimal' listener are available for the test material. The 
prominencee prediction on a 5-point scale and the prominence judgments of the 
optimall  listener had to be matched, as presented in table 3.12 or as presented in 3.13. 
Thee middle section of the predicted prominence scale was distributed over 
prominencee and non-prominence. Table 3.12 shows that prominence prediction with 
markk four is rare, but if it occurs then the word is almost always perceived as 
prominentt as well. Similar to table 3.11, we also reduce for these independent test 
dataa the number of predicted categories from 5 to 2. A direct comparison with the 
binaryy perceptual scores then becomes possible. We observed to our satisfaction that 
thee overall performance, even on this independent test set, can reach 81.2% correct 
classification.. The exact data are given in table 3.13. As the data for the test set are 
derivedd from a single listener, it is possible to calculate the agreement between this 
optimall  listener and the prediction achieved through the use of rules based on textual 
input.. The resulting Cohen's Kappa of 0.62 is, in fact, better than the between-
listenerr agreement, with a mean Kappa of K = 0.50 (St. Dev. = 0.16). 

3.55 Discussion and conclusion 

Inn the previous sections, we have shown that it is possible to predict perceived 
prominencee with an accuracy of 81.2 % on the basis of textual information only. The 
advantagee of this kind of prediction is that most of the required information can be 
derivedd automatically. The prominence prediction is used on the following text 
features: : 

-Part-of-Speech h 
-numberr of syllables in a word 
-Adjective-Nounn combinations 
-positionn of the word in the sentence 
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Thee agreement between the automatic prominence prediction and the optimal 
listenerr may not seem high (K = 0.62), but is higher than the agreement between 
listenerss (mean K = 0.50). The performance on the training set is 82.0% correct 
classificationn (binary: in terms of prominent / non-prominent). With the present 
analysiss of the data, appropriate rules have been formulated. These rules are simple 
andd intuitively appropriate. A disadvantage is that some rules may be specific for the 
particularr types of sentences used in mis experiment. It could be the case that for a 
differentt type of speech material a different set of rules must be formulated. 
Inn accordance with Fackrell et al. (2000), there is much prosodie variation between 
differentt text types. It is, for instance, very well possible that rule IV (every content 
wordd at the beginning of a sentence receives an additional prominence mark) is 
specificc for this type of speech material. In the material we used, all sentences were 
readd aloud without context, so it is possible that most speakers felt the need to 
highlightt the first word carrying some kind of information. Given a text type one 
mayy be able to formulate text-specific rules and consequently to improve 
prominencee prediction. 




