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Abstract: The Dutch lexicon contains very few sequences of a long vowel followed by a
consonant cluster, where the second member of the cluster is a non-coronal. We provide
experimental evidence that Dutch speakers have implicit knowledge of this gap, which cannot
be reduced to the probability of segmental sequences or to word-likeness as measured by
neighborhood density. The experiment also shows that the ill-formedness of this sequence is
mediated by syllable structure: it has a weaker effect on judgments when the last consonant
begins a new syllable. We provide an account in terms of Hayes and Wilson’s Maximum
Entropy model of phonotactics, using constraints that go beyond the complexity permitted by

their model of constraint induction.

1. Introduction

Phonological analysis and theorizing typically takes phonotactics as part of the data to be
accounted for in terms of a phonological grammar. Ohala (1986) challenges this assumption,
raising the possibility that knowledge of the shape of a language’s words could be reduced to
“knowledge of the lexicon plus the possession of very general cognitive abilities”.! As an
example of the requisite general cognitive abilities, he points to Greenberg and Jenkins’
(1964) similarity metric, which measures the closeness of a nonce word to the existing lexicon
as proportional to the number of real words obtained by substituting any set of the nonce
word’s segments with other segments.

Like many other models of word-likeness or probability, Greenberg and Jenkins’
model of phonotactic knowledge is quite different from those constructed in phonological
theory. The first difference is in the nature of the representations employed: Greenberg and
Jenkins make use only of segments, while a phonological analysis of a language’s
phonotactics typically refers to segment-internal features as well as prosodic constituents such
as syllables. While Greenberg and Jenkins and Ohala recognize the absence of features from

the model as a potential flaw, purely segmental models of phonotactics continue to be

! We have also encountered this point of view in informal conversations with many phonologists, who
speculate like Ohala that phonotactics could be reduced to knowledge of the lexicon, unmediated by
phonological grammar. Thus, it would in fact be inaccurate to say that there is consensus within the
phonological community that phonotactics is part of the explanatory burden of phonological grammar.
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common in psycholinguistics and natural language procesing. The second difference is in the
nature of the computation used to evaluate a representation. As Ohala (1986) points out, the
Greenberg and Jenkins model assumes no ‘“abstracted (‘derivative’) knowledge about
language-specific or language-universal sound patterns”, that is, it makes no use of
phonological constraints or rules. The third and final difference is in the nature of the
classification of a representation that the model returns: the Greenberg and Jenkins model
yields a range of scores for representations that would typically be classified as only either
“well-formed” or “ill-formed” in a phonological analysis (this two-way classification is
commonly assumed in phonological theory — see e.g. Hayes 2004, Prince and Tesar 2004,
though cf. Chomsky and Halle 1968:417 and others cited just below). Ohala (1986) points to
experimental data gathered by Ohala and Ohala (1986) that shows that nonce word judgments
are gradient in the way that the Greenberg and Jenkins model predicts.

Phonologists have only recently responded to Ohala’s (1986) challenge. The first type
of response has involved the creation of models of phonotactics that provide gradient
evaluation of well-formedness, but that exploit the representational vocabulary of
phonological theory (e.g. Coleman and Pierrehumbert 1997, Bailey and Hahn 2001, Frisch,
Pierrehumbert and Broe 2004, Anttila 2008, Coetzee 2008, Coetzee and Pater 2008, Hayes
and Wilson 2008, Albright 2009). The second type of response has been to provide
experimental evidence that phonotactic knowledge is encoded in terms of the constructs of
phonological theory, and cannot be attributed solely to measures of word-likeness or
probability calculated over segmental strings (e.g. Berent, Everett and Shimron 2001, Frisch
and Zawaydeh 2001, Coetzee 2008, Albright 2009).

The present paper contributes a novel type of evidence in support of a phonological
account of phonotactics. Our focus is on a phonotactic restriction whose complexity poses a
challenge to both what can be taken as a baseline probabilistic model of phonotactics, as well
as to some versions of the more elaborate Maximum Entropy model proposed by Hayes and
Wilson (2008).

A probabilistic model of phonotactics assigns to every word some probability over the
space of possible words. The simplest probabilistic model of phonotactics is an n-gram
model. An n-gram model of phonotactics is based on the frequency of each segmental string
of length n in the words of a language. These frequencies yield a probability for each of the
strings (the frequency of a string divided by the summed frequencies of all strings of length

n). The probability of any string longer than n can then be calculated as the product of the
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probabilities of the substrings of length n. For example, a unigram model would calculate the
probability of [paka] as P([p])*P([a])*P([k])*P([a]). A bigram model would calculate the
probability of [#paka#] as P([#p])*P([pa])*P([ak])*P([ka])*P([a#]).

While appealingly simple, and broadly used in psycholinguistic research and natural
language processing (see Jurafsky and Martin 2000), n-gram models are limited in terms of
the types of pattern they can capture. One limit derives from the sparseness of attested strings
over the space of possible strings when n gets larger than 2, making even trigrams typically
unuseable as models of phonotactics (see Pierrehumbert 2003: 214 ff. for related discussion).
A second limit derives from the inability of n-gram models to cross-classify strings, to
express the non-independent restrictions imposed by constraints on various aspects of
phonological representation (Martin 2007, Hayes and Wilson 2008).

To overcome these limits, Hayes and Wilson (2008) propose a Maximum Entropy
model of phonotactics, which calculates probability of a word based on the weights of a set of
phonological constraints (see Hayes and Wilson 2008, as well as section 4 below on the
details of this calculation). There is no limit to complexity of the constraints that can be
employed in a Maximum Entropy model, nor is there a requirement that they be independent.
This probabilistic model of phonotactics can in principle accommodate any constraint that has
been proposed in phonological theory (that is, so long as the constraint assigns to each
representation a numerical score, such as the number of violations).

Hayes and Wilson (2008) also propose a method for learning the constraints, and this
method does impose limits on constraint complexity. Hayes and Wilson’s constraints are
restrictions against sequences of segment types (classified in terms of natural classes), with an
upper limit of three elements in the sequence. To express dependencies between non-adjacent
segments, as needed to capture vowel harmony and stress placement regularities, Hayes and
Wilson make use of projections, similar to those used in autosegmental theory. However,
Hayes and Wilson’s learner does not acquire constraints that refer to syllable structure or any
other prosodic structure.

The Dutch phonotactic restriction that is the subject of our study targets long vowels
followed by a consonant cluster ending in a non-coronal (e.g. *[me:lk]). This *V:CCcor
restriction cannot be expressed in terms of bigrams, since both the sequence of a long vowel
followed by a consonant (e.g. [me:1] ‘flour’), as well as the consonant cluster ending in a non-
coronal (e.g. [me:lk] ‘milk’), are well-attested. Section 2 documents this restriction based on

corpus statistics.



Pierrehumbert (2003: 218) raises the issue of whether triphone constraints are
internalized by native speakers: “Possibly, people may have some implicit knowledge of these
facts, but it would be difficult to demonstrate that any such knowledge goes beyond lexical
neighborhood effects”. Section 3 presents experimental results that show that Dutch speakers
have indeed internalized the *V:CC|.oy restriction. In two types of judgment study (scalar
rating and comparative well-formedness), subjects show a stronger dispreference for long
vowels followed by a cluster than for long vowels followed by just a singleton consonant. The
experimental items were controlled for bigram and trigram frequency, as well as for measures
of lexical similarity, including the lexical neighborhood density measure mentioned by
Pierrehumbert (which is close to the Greenberg and Jenkins model discussed above). These
controls appear to rule out any model of phonotactics based purely on raw segment frequency
as an account for these results.

Violations of *V:CC.y can occur both tautosyllabically, and across a syllable
boundary (e.g. *[me:lkal]). At issue is whether violations in these contexts are judged equally
serious by human subjects. Our corpus study supports Kager’s (1989) observation that this
sequence is also highly under-represented heterosyllabically: it gives no evidence for the
constraint's sensitivity to syllable structure. Nevertheless, our experimental results show that
syllable structure affects subjects’ judgments; *V:CC.o has a stronger effect when the
string is contained in a single syllable.

We take these results to support the view that phonotactics do require a phonological
account, since no explicit model of “knowledge of the lexicon plus...general cognitive
abilities” that we know of can account for them. They also support the view that phonotactic
knowledge is not categorical, since the *V:CCp.o constraint does have exceptions, yet
speakers still show evidence of having internalized the pattern. In section 4, we provide an
account of our results in terms of Hayes and Wilson’s Maximum Entropy model of
phonotactic grammar, using a constraint set that goes beyond the one that would be induced
by their learner. In particular, the constraint set must distinguish between violations of
*V:CClcor that occur word-finally and those that occur word-internally. In terms of purely
linear constraints, this would exceed the three-element maximum imposed by Hayes and
Wilson. In our account, the distinction is achieved by allowing constraints to be indexed to
prosodic context. We also extend Hayes and Wilson’s model by using their grammar with an
on-line learner. We do not, however, provide an alternative model of constraint induction that

would generate these constraints. The case of *V:CC.y thus continues to stand as a
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challenge for models of the learning of phonotactics.

2. Corpus data

We focus on a phonotactic pattern of Dutch that is known as Moulton's generalization
(Moulton 1962). Long vowels before consonants are allowed (1a), and so are clusters ending
in non-coronals (1b), yet the combination of the two substrings creates a structure that has
been claimed to be ill-formed (though as we will see, there are exceptions) (Moulton 1962,

Trommelen 1983).

(1) a. VC b. VCCicon c. *V:CClcor
pail  ‘pole’ palm ‘palm’ *pa:lm
stoom ‘steam’ stomp ‘dull’ *sto:mp
haxr  ‘hair’ harp  ‘harp’ *ha:rp
me:l  ‘flour’ melk  ‘milk’ *me:lk

This 'long' constraint *V:CC|.o Spans three segments, combining a length restriction on the
first segment (a vowel) and a place restriction on the third (a consonant). A small number of
exceptions occur (e.g. [twa:lf] ‘twelve’, [[mink] ‘makeup’).2 Although the pattern may appear
to reflect a rime size restriction (Trommelen 1983), a complication is that this constraint
seems to hold even when C, is in onset of a second syllable (Kager 1989) (e.g. *[me:lkal],
again with some exceptions, e.g. [kumpal] ‘miner’).

The following are the statistics (type counts) from a dictionary of 8,305
monomorphemic stems derived from the CELEX Dutch Phonological Lemmas database
(Baayen, Piepenbrock and Gulikers 1995). We start with word-final position, as in the above
examples.3 The expected values (E) are calculated from the joint probability of the two levels
of a variable in this set of strings. For example, E = 99 in the V:CC cell comes from the
overall probability of long vowels (0.39) times the overall probability of clusters (0.19) times
the total number of strings (1340). O/E is the observed number (O) divided by E. When O/E

* High tense vowels /i u y/, while phonetically short in most contexts, are distributionally long
(Moulton 1962; Trommelen 1983). We have included these vowels in our corpus data as well as in our
stimuli, for the reason that Moulton's generalization can be restated in terms of tenseness (rather than
length), which does not affect our argument.

3 In all counts presented below, consonants C; in VC,; and VC,C, were limited to liquids {l r} and
nasals {m n }, and consonants in C, of VC,C, to obstruents {p b fv; k g x y; td s z} and nasals. Long
vowels included {aeiouy @}, short vowels {a €10 ce}.
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is lower than 1, the observed value is lower than expected. Since there are only two long
vowels in the context of word-final clusters that end in non-coronals, O/E is quite low (O/E =
0.02). A chi-square test measures the likelihood that the overall distribution arose from
chance. The distribution in Table 1 is highly unlikely to have arisen from chance (Yates chi-

square = 191.87; df = 1; p < 0.0001).

C _CcC
\% 563 252
(O/E=0.85) | (O/E=1.63)
V: 523 2
(O/E=1.23) | (O/E =0.02)

Table 1. Word-final position in monomorphemic Dutch stems, where C; is [-cor].

The under-representation of V:CCp.o sequences is thus not merely the product of the
probability of long vowels in the _CCjy context and the probability of postvocalic CCcor
sequences as compared with C. It is also not the case that the gap can be explained by the low
probability of clusters ending in a non-coronal (CC) as compared to ones ending in a
coronal (CCoyq). This can be seen by examining the last column in the fuller contingency
table in Table 2: VCC .y sequences continue to be under-represented, and V:CCpcop
sequences continue to be over-represented. We can further note that while long vowels are
somewhat under-represented in all _CC contexts, the effect is far stronger with clusters that
end in a non-coronal. The overall distribution is again highly unlikely to have arisen by

chance (Chi-square = 240.38; df = 2; p < 0.0001).

C

_CC [+cor]

_CC [-cor]

563
(O/E =0.80)

264
(O/E = 1.22)

252
(O/E =1.53)

523
(O/E =1.36)

70
(O/E =0.59)

2
(O/E =0.02)

Table 2. Word-final position in monomorphemic Dutch stems

We now turn to the distribution of clusters which occur in prevocalic position, and

hence, are heterosyllabic. Again, long vowels are highly under-represented before non-
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coronal-final clusters. Compared with word-final position, the coronal/non-coronal difference
is slightly smaller (that is, the degree of under-representation of long vowels before coronal-
final clusters is higher in Table 3 than Table 2). The overall distribution is again highly
unlikely to have arisen by chance (Chi-square = 1190; df = 2; p < 0.0001).

C

_CC [+cor]

_CC [-cor]

408
(O/E =0.49)

485
(O/E =1.73)

492
(O/E =1.80)

1124
(O/E=1.61)

30
(O/E =0.13)

10
(O/E =0.04)

Table 3. Prevocalic position in monomorphemic Dutch stems

The bisyllabic words in our experiment are limited to monomorphemic stems ending
in a schwa-liquid cluster. Table 4 presents the figures for words of this type in the Dutch
lexicon, which form a subset of the cases in Table 3. The pattern is largely the same, though
for some reason long vowels are preferred in the _C context in table 3, while short vowels are
more common in this same context in table 4. The overall distribution is once more highly

unlikely to have arisen by chance (chi-square = 23.48; df = 2; p < 0.0001).

C

_CC [+cor]

_CC[—cor]

54
(O/E =0.86)

66
(O/E =1.07)

71
(O/E =1.07)

14
(O/E =2.66)

1
(O/E =0.19)

1
(O/E =0.18)

Table 4. Prevocalic position in Dutch stems ending in VC(C)oL

In sum, long vowels are strongly under-represented before CC.coy clusters both in
tautosyllabic (word-final) position and in heterosyllabic (prevocalic) position. The corpus data
thus clearly support the *V:CC|.o constraint, but also leave open its sensitivity to syllable
structure. To investigate whether the *V:CC|c constraint is internalized by native speakers,
and whether the constraint is syllable-sensitive, we ran two experiments with non-word

judgments.
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3. Experimental data

3.1 Experiment 1: Scalar ratings

The first experiment involved a scalar rating task, in which native speakers were presented
with nonce words and indicated on a 7-point scale how word-like each stimulus sounded.
Hypothesis 1 states that judgments of nonce words should be influenced by the *V:CCpcoy
constraint, which predicts that the difference in ratings between nonce words containing a
long versus a short vowel should be larger in the case of nonce words which contain a CC_coy
cluster than for nonce words which contain a singleton consonant. Hypothesis 2 takes into
account syllabic affiliation, stating that the negative effect on well-formedness ratings of long
vowels before CCp clusters should be stronger in tautosyllabic than in heterosyllabic
contexts. This predicts that there should be an interaction between the factors Cluster (cluster

versus singleton) and Number of syllables (monosyllabic versus disyllabic).

3.1.1 Design

Farticipants. Participants were 20 native speakers Dutch, all students of Utrecht
University. None reported any hearing difficulties. They were paid a small amount for
participation.

Materials. A total of 240 stimuli was included, monosyllabic and disyllabic.
Monosyllabic stimuli consisted of four sets of 30 nonce words of the structural types CVC,
CVCC, CV:C, and CV:CC, varying in vowel length (short versus long) and the presence of a
cluster (cluster versus singleton consonant). The clusters consisted of a sonorant /I r m/ in first
position, and a voiceless obstruent /p f k x/ or a nasal /m/ in second position. All clusters used
Np, 1k, Im, rp, rf, rm, mp, mk/ are attested in monomorphemic words; one cluster was attested
only intervocalically (/mk/). Singleton consonants ending CV(:)C nonce words were /I r m/,
matching postvocalic consonants of the CV(:)CC items. Disyllabic stimuli consisted of 4 sets
of 30 nonce words of the structural types CVCaoC, CVCCaC, CV:CoC, and CV:CCoC, all
ending in schwa plus liquid. These again had /1 r m/ in C;, but a slightly wider range of choice
for C,, which also included the voiced obstruents /b v x/. Nonce words of the types CV:1(C)al
and CV:r(C)or were avoided in order to rule out any possible influence from constraints
disfavoring identical liquids. Stimuli came in short-long pairs: for each nonword containing a

short vowel, there was another that was identical except having a long vowel. Moreover,



stimuli came in cluster-singleton pairs: for each nonword containing a consonant cluster, there
was another that was identical except having a singleton, omitting the cluster's final

consonant. Examples of nonword stimuli occur below:

CVC CV:C CVCC CV:CC
bam ba:m bamk ba:mk
x9l xo0:1 xolm xo:lm
CVCaC | CV:CaC | CVCCaC | CV:CCaC
demor de:mor demxor de:mxoar
jolar jo:lor jolbar jo:lbor

Table 5. Examples of monosyllabic and disyllabic nonce words.

Nonce words ending in clusters contained zero or low-frequency V(:)CCi.coy portions. The
rationale was that if speakers have internalized a constraint, then this should generalize to all
V:CCp.or sequences, including zero-frequent ones (such as /e:mk/). See Appendix A for a
complete list of stimuli.

Throughout the stimulus set, we controlled for lexical factors and phonotactic
probability, which were held constant between sets of long-short pairs, e.g. CVC versus
CV:C, CVCC versus CV:CC. Two lexical factors were controlled for between the conditions:
Lexical Neighborhood Density (LND; defined as the sum of logged token frequencies of a
nonce word's neighbors, where neighbors were words that result from changing, inserting, or
deleting a single segment) and Cohort Density (CD; defined as the sum of logged token
frequencies of a nonce word's cohort members, where a nonce word's cohort was defined as
all words sharing its first three segments). In addition to lexical factors, we controlled for
sequential probabilities in terms of biphone and triphone transitional probabilities (TPs; TP-
biphone = p(xy) / p(x); TP-triphone = p(xyz) / p(xy)). To the 240 stimuli, 124 fillers were
added, monosyllabic and disyllabic nonce words, none of which contained clusters used in the
test words.

The materials were spoken by a female native speaker who was naive to the purposes
of the experiment, and were recorded digitally.

Procedure. Participants were instructed to rate the word-likeness of nonce words on a

7-point scale, which was displayed on a computer screen. On the screen, extreme positions on



the scale were labeled as follows: Position 1 "Could not have been a Dutch word", Position 7
"Could very well have been a Dutch word". Stimuli were presented aurally; no orthographic
representation was shown. Participants listened to stimuli through headphones at a
comfortable level of loudness. They responded by a mouse click on the screen. After each
response, a pause of 1000 ms. was inserted. A warning message was shown when a response
was entered before the presentation of the stimulus had been completed. Stimulus order was

randomized between subjects. The task was self-paced.

3.1.2 Results

The average well-formedness ratings of the nonce words are displayed in Table 6, together

with the average differential scores (differences in rating between short-long pairs).

Monosyllabic Disyllabic

Singleton | Cluster | Singleton | Cluster
Short vowel 3.74 2.38 3.95 3.19
Long vowel 3.81 1.98 3.97 3.01
A Long-Short| +0.07 | -0.40 | +0.02 | -0.18

Table 6. Average well-formedness ratings for nonce words in Experiment 1,

with differential scores for nonce words differing in vowel length.

These averages are displayed visually in Figures 1 and 2.

Monosyllables Disyllables
4.5 4.5
4
4 -
> 3.3 1 i 2 331 Singleton
£ 3 Singleton £ 3] —_—
L] o5 ] Cluster € 55 Cluster
5 \\- 5 |
1.5
1.5 r T
Short Long Short Long

Figure 1. Average well-formedness ratings for the nonce words in Experiment 1:

monosyllables and disyllables
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The differential scores were analyzed by a repeated measures ANOVA, with factors Cluster
(singleton vs. cluster) and Syllable (monosyllabic vs. disyllabic). Four differential scores were
entered for each subject, giving a total of 80 data points: 20 subjects * 4 differential scores. A
main effect of Cluster occurred (F(1, 19) = 10.13; p = 0.005) but no effect of Syllable (F(1,
19) = 1,13; p = 0.302). Posthoc paired samples t-tests on each of the monosyllabic and
disyllabic sub-conditions find that the singleton vs. cluster difference is significant for the
monosyllables (t = 3.847, df = 19, p = 0.001, significant at the 0.01 level with Bonferroni
correction), but not for the disyllables (t = 1,660, df = 19, p = 0.113). The interaction of
Cluster and Syllable nearly reached the 0.05 significance level (F(1, 19) = 3.59; p = 0.073).
The results confirm the prediction from Hypothesis 1 that the difference in rating
between nonce words which contain a long versus a short vowel should be larger in the case
of nonce words which contain a CCj¢y cluster than for nonce words which contain a
singleton, entailing a main effect of Cluster. The prediction from Hypothesis 2 was that there
should be an interaction between the factors Cluster and Syllable. Although the results tend in

the predicted direction, they fail to reach statistical significance.

3.1.3 Discussion

The results strongly support our hypothesis that Dutch native speakers have internalized a
constraint *V:CC.o. Hypothesis 2, that the internalized constraint is sensitive to the syllable,
received some support, in that the effect was statistically significant only in the case of the
monosyllables, but the predicted interaction failed to be found. We therefore ran a second
experiment that used a task that we expected would provide a more sensitive measure of

subjects knowledge of word-likeness.

3.2. Experiment 2: Comparative well-formedness ratings

The second experiment involved a comparative well-formedness judgment task, in which
participants were presented with pairs of nonce words and indicated which item in a pair
sounded more word-like. Comparative word-likeness has been found to bring out finer-
grained differences in word-likeness as compared to absolute scaling (Berent and Shimron
1997, Coetzee to appear). Hence, it was expected that comparative word-likeness ratings
should bring out the syllable-dependency of the *V:CCi.y constraint more clearly.

Hypotheses were identical to those of Experiment 1.
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3.2.1 Design

Participants. Participants were 34 native speakers Dutch, all students of Utrecht
University. None reported any hearing difficulties. They were paid a small amount for
participation.

Materials. The same set of 240 monosyllabic and disyllabic nonword stimuli from
Experiment 1 were used. The stimuli were paired into 120 long-short pairs, such that each
stimulus pair only minimally differed in vowel length, but were otherwise identical. Examples

of test pairs are:

monosyllabic disyllabic
CVCC-Cv:CC bamk - ba:mk bamvar - ba:mvar
CVC-CV:C bam - ba:m bamoar - ba:mar

Table 7. Examples of monosyllabic and disyllabic nonword test pairs used in

the comparative well-formedness experiments.

The 120 test pairs were mixed with 120 filler pairs, which all consisted of one test item plus a
filler item from the first experiment (e.g. [bamvar] - [xo:lor]). Each test pair and filler pair
was presented in both orders, so that the total number of trials was 480. Stimulus order was
randomized between participants.

Procedure. Participants were instructed to select the most word-like item of a pair of
nonce words. They listened to stimuli through headphones at a comfortable level of loudness.
Responses were made by a button box. The interstimulus interval (time elapsed between the
members of the pairs) was 200 ms. The intertrial interval (time elapsed between the response
and the next stimulus pair) was 500 ms. The response duration was 2500 ms. If no response
was made at that point, the next pair was presented. Stimuli were presented with an

interstimulus interval 200 msec between members of the pairs.

3.2.2 Results

For each stimulus pair, the proportion of short vowel preference was calculated by taking the
ratio of the number of trials on which subjects preferred a short vowel nonce word stimulus
and the total number of trials (excluding faulty trials, in which no response was made). The
average short vowel preferences in Table 8 show an overall short vowel preference of 0.66

(the neutral value being 0.5). Hence, stimuli with short vowels were judged to sound more
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Dutch-like than stimuli with long vowels, in all four conditions (all combinations of
singleton/cluster and monosyllabic/disyllabic). Nevertheless, short vowel preferences were
higher before clusters than before singletons, for monosyllables (0.732 vs. 0.585), and
disyllables (0.685 vs. 0.621).

singleton cluster average
monosyllabic 0.585 0.732 0.659
disyllabic 0.621 0.685 0.653
average 0.603 0.708 0.656

Table 8. Average short vowel preferences in short-long pairs differing in the
number of syllables (monosyllabic versus disyllabic) and presence of a cluster

(singleton versus cluster)

The difference in short vowel preference before clusters than before singletons is larger in
monosyllables than disyllables, which comes out clearly in the graphical display of average

short vowel preferences in Figure 2.

0,8

0,75

0,7 /

0,65

—— monosyllabic
——disyllabic

0,6 /

0,55

proportion of short vowel preferences

0,5 T |

singleton cluster
Figure 2. Average short vowel preferences in short-long pairs differing in the
number of syllables (monosyllabic versus disyllabic) and presence of a cluster

(singleton versus cluster)

This graphically suggests an interaction of Vowel length * Cluster. A two-way repeated-
measures ANOVA on short vowel preferences with two within-subject factors, Syllable
number (monosyllabic vs. disyllabic) and Cluster (singleton vs. cluster) yielded no main effect

of Syllable number (F (1, 33) = 0.021; p = 0.885), but a main effect of Cluster (F (1, 33) =
13



30.035; p = 0.000), as well as an interaction of Syllable number and Cluster (F (1, 33) =
15.37; p = 0.000). The main effect of Cluster gives evidence for the constraint, while the
interaction of Cluster and Syllable supports the constraint’s syllable sensitivity. Posthoc tests
find that within monosyllables the effect of cluster is significant (t = —8,362; df = 33; p =
0.000) while within disyllables fails to reach significance at the Bonferroni corrected
significance level of 0.025 (t =-2,092; df = 33; p = 0.044).

Regression analysis. Although we controlled for lexical neighborhood density and
sequence probability, we performed a further test of the effects of these factors by running a
logistic regression model. In contrast to the ANOVA, which was limited to the test pairs
differing in vowel length, this analysis was based on all responses, including responses to
items from filler pairs that coincided with test items. Three phonological factors were
included: Syllable number (monosyllabic vs. disyllabic), Long vowel (short vs. long), and
Cluster (singleton vs. cluster). Two lexical factors were added: LND (logged lexical
neighborhood density) and CD (logged cohort density), as well as transitional biphone
probability (TP). Since in the comparative well-formedness design, lexical factors might
affect the first and second stimulus in pairs differently, it was decided to split the three lexical
factors. For example, we split LND into separate factors LND1 and LND2 (the LNDs of the
first and second stimulus of the pair, respectively), and similarly for CD and TP.

The regression analysis confirms that long vowels have a strong negative effect on
judgments (coef = —=2.735; p = 0.0000). Presence of a cluster also has a negative effect (coef =
—0.820; p = 0.0034). Number of syllables does not have an effect on its own, but it interacts
with other factors. There is a strong interaction Long vowel * Cluster (coef = 1.945; p =
0.0000), such that the negative effect of long vowels is stronger in items with clusters. This is
the interaction predicted from Hypothesis 1. A further interaction occurs of Long vowel *
Syllable number (coef = 0.554; p = 0.0003); hence the negative effect of long vowels on well-
formedness is smaller for bisyllables than for monosyllables. A marginal interaction occurs of
Cluster * Syllable number (coef = 0.333; p = 0.0619), hence clusters are rated worse in
monosyllables than in disyllables. Finally, a three-way interaction occurs of Long vowel *
Cluster * Syllable number (coef = —0.684; p = 0.0006), predicted from Hypothesis 2. That is,
the negative effect of long vowels before clusters is stronger in monosyllables than in
disyllables. Of the low-level phonotactic and lexical factors, TP1 (the transitional probability
of first stimuli) has a positive effect on rating of the first stimulus (i.e., the higher the TP the

more "1" responses), while similarly TP2 has a negative effect (i.e., the higher the TP the

14



more "2" responses). However, it turns out that TP's only have an effect when other factors
are in the regression model. (In a model which contains only TP1 and TP2, neither has any

effect, p> 0.15.) LND and CD do not seem to affect the ratings at all.*

3.2.3 Discussion

Hypothesis 1, predicting an effect of the *V:CC. constraint on nonword well-formedness,
is again confirmed by comparative well-formedness judgments, in the form of a main effect of
Cluster in the ANOVA as well as by an interaction of Long vowel * Cluster in the regression
analysis. Furthermore, the constraint's effects cannot be reduced to ill-formedness of its
biphone subconstituents. Although Long vowel and Cluster are both main effects, the
regression analysis shows that their interaction is significant in its own right. This suggests
that native speakers have internalized a triphone constraint *V:CCy. Moreover, the
regression analysis shows that effects of *V:CC|.,yj cannot be reduced to lexical similarity as
measured by LND and CD, or sequential probability, as measured by TPs.

The prediction from Hypothesis 2 was that negative effects on well-formedness of
long vowels before clusters should be stronger in monosyllables, where clusters are
tautosyllabic, than in disyllables, where clusters are split between syllables. This prediction
was confirmed by the results. In the ANOVA, a strong interaction of Cluster and Syllable
number occurred. The regression analysis supported a syllable-based interpretation of the
constraint by showing a three-way interaction as predicted.

Two unexpected effects were found. First, a large negative effect of vowel length on
non-word well-formedness was found, which was not anticipated. This effect cannot be
entirely attributed to the low well-formedness of long vowels before clusters, since it shows
up before singletons as well (see averages in Table 8). We can exclude the possibility that this
reflects a general under-representation of long vowels in Dutch, since there is none. We
hypothesize that the dispreference for long vowels represents an artefact of the way the
stimulus pairs were constructed. Each pair contained one nonword with a short vowel and
another with a long vowel. Hence, participants may have noticed this recurrent short-long

vowel pattern and developed a response pattern on the basis of it, even though filler pairs had

* There seems to be a small effect of CD2, but a bootstrap validation of the regression model, which is
akin to a step-wise regression, deleted this factor.
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been included to mask the relevant factor as much as possible.5 A second unexpected effect
was the interaction of Long vowel and Syllable number (the negative effect of long vowels is
smaller for bisyllables than for monosyllables), which may be interpreted as being due to
cluster syllabification: long vowels before tautosyllabic clusters (V:CC) are judged worse than
before heterosyllabic clusters (V:C.CV).

In sum, strong effects were found of vowel length and cluster (both negatively
affecting non-word well-formedness) as well as an interaction of vowel length and cluster,

giving evidence for the syllable-based nature of the *V:CC ¢ constraint.

4. A Maximum Entropy phonotactics account

Our experiments show that Dutch speakers have knowledge of the *V:CC|oy restriction: their
dispreference for long vowels is stronger before a cluster ending in a non-coronal than before
a singleton consonant. The results also show that the force of *V:CC. 1s mediated by
syllable structure: the dispreference for long vowels is stronger when the cluster is fully
contained in the same syllable as the vowel. In this section, we provide an account of this
aspect of Dutch phonology in terms of a Maximum Entropy model of phonotactics (Hayes
and Wilson 2008) that incorporates constraints referring to prosodic structure.

The Maximum Entropy model uses weighted constraints to define a probability
distribution over the space of possible words. As an illustration, we consider the probability
distribution defined over a set of monosyllabic words by two constraints. The constraints
penalize long vowels (*V:), and consonants in coda position (*CODA), assigning a violation
score of —1 for each offending structure. The scores assigned by the constraints to the types of
word under consideration are shown in the rows of the table. The first word type, V:CC
contains a long vowel, and thus scores —1 on *V:, as well as two coda consonants, which
result in a —2 score on *CODA. The weights of the constraints are shown beneath the
constraint names in the first row: *V: has a weight of 2, and *CoDA has a weight of 1. The
column labeled H shows the Harmony of each word type: the sum of the violation scores,
each multiplied by the constraint’s weight (see Smolensky and Legendre 2006 on the history
of Harmony in linguistics). Words of the V:CC type have Harmony = 2(-1) + 1(-2) = —4. The
next column exp(H) shows the result of raising e (2.72) to the power of H. This number is

used as the basis for the calculation of the probability of each word type, shown in the final

> This interpretation does not undermine the central result, as our hypotheses did not concern the
presence of an effect of vowel length per se, but rather the interaction of vowel length and the
presence of a cluster.
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column labeled P.

2) lllustration of Maximum Entropy phonotactics

*V: *CopA | H exp(H) P
2 1
V:CC -1 -2 —4 0.02 0.01
VCC -2 -2 0.14 0.08
V:C -1 -1 -3 0.05 0.03
VC -1 -1 0.37 0.22
V: -1 -2 0.14 0.08
\Y% 0 1.00 0.59

This example illustrates several properties of the model. First, well-formedness, defined in
terms of probability, is gradient, ranging from 0.59 for a word with neither a long vowel nor
coda, to 0.01 for the V:CC word type. Second, we can see how the constraint weights affect
probability: because *V: has a higher weight than *CODA, words with long vowels (V:) have
a lower probability (0.14) than words with codas (VC, 0.37). And finally, we can see the
cumulative effect of constraint violation: *V:CC words have the lowest probability not
because they violate any one constraint that the others satisfy, but because they have a greater
number of constraint violations than the others.

The results that we seek to account for are summarized in Table 9. Each pair of rows
corresponds to a pair of word types that were compared in our experiments. The row labels
are examples of the types: [se:lk] stands for monosyllabic words with a long vowel followed
by a cluster ending in a non-coronal, [se:l] stands for monosyllables with a long vowel and a
final consonant, and so on. The column labeled “A Exp. 1” provides the difference in the
mean judgment values; by subtracting the scores for the long vowel items from the short
vowel ones, we get a measure of the degree of preference for the short vowels. Short vowels
are preferred in the pre-[lk] environment, and the degree of that preference is higher when
both consonants are in the same syllable ([se:lk] vs. [s€lk]) than when they are not ([se:1koal]
vs. [selkal]). The “A Exp. 2” column shows the degree to which the mean comparative well-
formedness scores diverged from chance (0.5). In all cases, short vowels were preferred over
long vowels, but the degree of that preference was higher in the pre-[lk] environment, and

highest of all when the consonants were tautosyllabic with the vowel.
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A Exp. 1 A Exp. 2
selk > se:1k 0.40 0.23
selkal > se:lkal 0.18 0.19
se€l > se:l -0.07 0.09
selal > se:lal -0.02 0.12

Table 9. Preferences for short vowels in experimental comparisons

In terms of the Maximum Entropy model, we seek a set of constraints, and weights on those
constraints, that will result in well-formedness scores being assigned to the word types that
match the relative degrees of preference for short vowels across these comparisons.

We also have as a goal that the constraint weights be set on the basis of data similar to
the data that a human Dutch learner would experience. As these data, we used the lexical
counts presented in Section 2.° The counts for each word type are repeated in Table 10. The
row labels are again examples of the types: here [t] stands for coronal consonants, so that
[selt] stands for monosyllables with a short vowel and coronal-final cluster (see Section 2 on

the exact criteria used for these categories).

® For the cases in which singleton or cluster is intervocalic, we used the counts for schwa-
liquid-final stems from Table 4, since these most closely matched our experimental stimuli.
When we ran the simulation with the counts from Table 3, we obtained a similar, but slightly
different outcome. The long-short harmony difference (see Table 11) was again the highest in
the tautosyllabic pre-CC context (1.5), and the lowest in the heterosyllabic pre-C context
(0.01), but the heterosyllabic pre-C and tautosyllabic pre-CC contexts are both intermediate
(0.78).
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Word-type | Count | Proportion | Word-type | Count | Proportion
se:lk 2 0.001 se:lkal 1 0.001
se:lt 70 0.037 se:1tal 1 0.001
selk 252 0.134 selkal 71 0.038
selt 264 0.140 seltal 66 0.035
se:l 523 0.278 se:lal 14 0.007
sel 563 0.299 selal 54 0.029

Table 10. Learning data

The constraints penalize types of segmental sequence, as in Hayes and Wilson (2008),
and much other research in phonology. We do not employ Hayes and Wilson’s constraint
learning algorithm, since it does not yield prosodically conditioned constraints. Instead, we
employ the full set of constraints of a particular type that apply to our case, with the
expectation that these may well be learned both by humans and by a learning algorithm on the
basis of the observed forms of the language.” As a first pass at a set of constraints, we can

consider the following “biphone”-type constraints:

3) *e:l  Assign —1 to a long vowel followed by a consonant
*el  Assign -1 to a short vowel followed by a consonant
*lk  Assign -1 to a consonant followed by a non-coronal

*It Assign —1 to a consonant followed by a coronal

Because constraint interaction is cumulative in the Maximum Entropy model, one might think
that this constraint set could account for the *e:lk restriction as the cumulative effect of *e:l
and *1k. However, the biphone constraints in a Maximum Entropy model will not suffice to

account for the Dutch data, for a reason parallel to why the bigram model fails to account for

71t is imaginable that constraints of this type could be projected from observations of implications that
hold from single pieces of data (Burzio 2002, Boersma and Pater 2007, Adriaans & Kager 2009), but
such a learning algorithm remains to be implemented. Like Hayes and Wilson (2008), we have not
tailored our constraint set to yield typological predictions: with different weights, they could yield
implausible outcomes, such as a language that has lower probability of short than long vowels before
tautosyllabic consonants. Our results could equally well be accounted for with a typologically tailored
constraint set; we adopt the present approach for ease of comparison with Hayes and Wilson (2008).

19



them. The problem is illustrated in (4).

4) The failure of biphone constraints

*e:1 | *lk | *el | H | exp(H) | P
2 2|1
se:lk | -1 | -1 -41 0.02 |0.03
selk -1 |-1]-3| 0.05 |0.09
se:xl | -1 2| 0.14 |0.24
sel -1 |-1| 037 |0.64

By granting *e:l a greater weight than *€l, and assigning a positive weight to *1k, we succeed
in making the Harmony of [se:lk] lower than that of the other word types, and thus making its
probability the lowest. However, this also leads to [se:1] being at least as ill-formed relative to
[sel] as [se:lk] is to [selk]. If we take well-formedness to be a function of Harmony (see
Coetzee and Pater 2008 on phonotactics), then the difference between these two pairs of word
types will be equivalent (it is equal to difference between the weights of *e:1 and *el). If we
take well-formedness to be a function of exp(H) (Hayes and Wilson 2008), or of P, then the
difference between [se:1] and [sel] will in fact be greater, since exponentiation makes the
contribution of the *e:1/*¢l difference lower when the words also violate *1k. Either way, the
outcome is not the one we want: greater ill-formedness of [se:lk] compared to [selk] than of
[se:1] vs. [s€l].

We thus require a constraint that will pick out [se:lk] as especially ill-formed. To
produce this constraint as one instantiation of a constraint type, we expand our constraint set

to include the triphone constraints in (5):

5) *e:lk  Assign —1 to a long vowel followed by a consonant and a non-coronal
*elk  Assign —1 to a short vowel followed by a consonant and a non-coronal
*e:lt  Assign —1 to a long vowel followed by a consonant and a coronal

*elt  Assign -1 to a short vowel followed by a consonant and a coronal

We also require a constraint to pick out [se:1k] as opposed to [se:1kal], so as to make the short

vowel preference stronger when the *e:lk violation is tautosyllabic. To produce the constraint
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type of which this is an instance, we include domain-specific versions of all of the constraints,
which apply only when the sequence is contained in a single syllable. The domain-specific

version of *e:1k is shown in (6).

(6) *e:lks Assign —1 to a long vowel followed by a consonant and a non-coronal

contained within a syllable

Finally, because the number of bisyllables in the learning data is low relative to the
monosyllables, we include a constraint that assigns —1 to every bisyllabic word (*cG). The
presence of this constraint in our model reduces noise in the data, and allows for a better fit.

To find constraint weights, we used stochastic gradient descent, which Jdger (2006)
employs for a version of Maximum Entropy grammar that operates with candidate sets, as in
Optimality Theory (Prince and Smolensky 1993/2004). For Maximum Entropy phonotactics,
this on-line error-driven algorithm iterates through the following steps. The learner is
provided with a learning datum, or observed form, sampled from the distribution over the
space of possible words. In our case, the observed form is sampled from the distribution
defined by the proportions in the corpus data in Table 10. The learner then generates an
expected form, by sampling from the probability distribution defined by the current grammar.
The constraint weights are then updated. This is done for each constraint by subtracting the
observed form’s score from the expected form’s score, multiplying the result by the learning
rate (a positive real < 1), and adding that value to the constraint’s pre-update weight. To keep
the constraint weights positive, we used Exponential Maximum Entropy (Boersma and
Weenink 2008), which multiplies a constraint’s violation score by exp(w) rather than w, where
w is the constraint’s weight.

The simulation we report here was performed in Praat (Boersma and Weenink 2008).
The learning rate was set at 0.001, and the learner was provided with 1,000,000 pieces of data
sampled from the distribution Table 10. The table in (7) shows the outcome for the word
types included in our experiment. The constraints included here are all those that are violated
by at least one of the word types, and have a weight exp(w) greater than 0.01. The Harmony
values (H) are those calculated using the unrounded weights of all of the constraints. The
probability is calculated over all of the word types in the training data, and can thus be
compared to those in Table 10. This comparison shows that the learner succeeded in fairly

closely matching the probability of the word types in the learning data.
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7 Results after adding triphone constraints

*e:ddk | *elk | *els | *e:dk | *e:l | *el | ¥k | *oc| H |exp(H)| P
G s 10.07|3.45|1.14]0.88|0.55]|2.46
1.79 | 0.31
se:lk -1 -1 | -1 -1 —6.93 | 0.001 |0.001
selk -1 -1 -1 | -1 -1.81 | 0.163 | 0.133
se:lkoal -1 | -1 -1 | -1 |-7.05| 0.001 |0.001
selkal -1 -1 | -1 | -1 |-3.41| 0.033 | 0.027
se:l -1 -1.14 | 0.320 | 0.262
sel -1 -1 -0.95| 0.386 | 0.316
se:lal -1 -1 | -3.60 | 0.027 | 0.022
selal -1 -1 |1 -3.34 | 0.036 |0.029

Even though the learner did not have this as an explicit goal, it also succeeded in finding a
grammar that lines up with our experimental results. In Table 11, we repeat the degree of
preference for short vowels in the comparisons conducted in our experiments, alongside the
differences between the Harmony values assigned by the final state grammar.

dispreference for long vowels is highest for the [se:1k] vs. [s€lk] comparison, intermediate for

the [se:lkal] vs. [s€lkal] one, and lowest for the others.

¥ Hayes and Wilson (2008) correlate experimental judgments of well-formedness with rescaled exp(H)
values. To get the desired relative magnitudes of difference here, the exp(H) values would indeed need

to be rescaled, since with the raw exp(H) numbers the [se:l] vs. [s€l] difference is greater than the

8

[se:lkal] vs. [s€lkal] one. Here we can avoid rescaling by simply using Harmony rather than exp(H).
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AExp.1 | AExp.2 | AH

selk > se:lk 0.40 0.23 5.12

selkal > se:lkal 0.18 0.19 3.64

sel > se:l —0.07 0.09 0.19

selal > se:lal -0.02 0.12 | 0.26

Table 11. Degrees of preference for short vowels in experimental results and learning

results

The difference between the top two rows is due to activity of *e:lks (or more precisely, the
greater activity of *e:lks than the sum of *€lks and *€ls). If constraints were not relativized to
syllable structure, then the only way distinguishing them would be to include constraints of a
four-segment size, which also go beyond the capacity of Hayes and Wilson’s (2008) learner,
and likely many other approaches to constraint induction. These results thus argue for the

incorporation of syllable structure in models of phonotactic knowledge.

5. Conclusions

The results of our experiments show that native speakers have internalized a phonological
constraint that refers to a sequence of three segments. The fact that this constraint cannot be
construed as a combination of two biphone constraints poses problems for both n-gram
models of phonotactics, discussed in the introduction, as well as for phonological models that
induce constraints only of biphone size (see Pierrehumbert 2003%). A second aspect of our
experimental results is that the internalized representation of this phonotactic constraint refers
to the syllable. While the Hayes and Wilson (2008) model of phonotactics is in principle
compatible with syllable-based phonotactics, their learning model does not induce syllabically
conditioned constraints. In our learning simulation, we showed that with such constraints, a
Maximum Entropy learner trained on corpus data from Dutch ends up with a grammar that

matches the distinctions found in the human judgment data. This supports the general point

? Pierrehumbert (2003: 218) hedges on whether a purely biphone-based theory of phonotactics is
feasible, suggesting that triphone constraints might sometimes be induced. Pierrehumbert does not
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made by both Pierrehumbert (2003) and Hayes and Wilson (2008) that probabilistic models,
which are motivated by the gradience of phonotactic judgments, can and should operate over

the sorts of representations developed in phonological theory.
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Appendix. Stimuli used for the nonword judgments

score short
score long
delta length
LND CVC
LND CV:C
CD CVC
CD CV:C
2TP short
2TP long
3TP short
3TP long

27

average well-formedness judgment of the short vowel item in Experiment 1
average well-formedness judgment of the long vowel item in Experiment 1
difference between the average judgments (score long — score short)
lexical neighborhood density of the short vowel item

lexical neighborhood density of the long vowel item

cohort density of the short vowel item

cohort density of the long vowel item

biphone transitional probability of the short vowel item

biphone transitional probability of the long vowel item

triphone transitional probability of the VCC part of the short vowel item
triphone transitional probability of the VCC part of the long vowel item



CV(:)C monosyllables

short | long | score | score | delta | LND | LND CD CD 2TP 2TP
short | long |length | short | long | short | long | short | long

bam |bam 4.40 | 440 0.00 | 2.234 | 1.849 6.38 6.51]-1.202 | -1.137

dem demm 3.80 | 4.45 0.65 | 1.979 | 1.822 6.71]101.19| -1.480 | -1.366

dil dil 395 | 4.55 0.60 | 2.049 | 2.315 299 21.00] -1.291 [ -1.265
far far 3.15 | 4.10 0.95 | 1.526 | 2.385 [ 20.98 9.17] -1.301 | -1.244
fol foil 3.35 220 | -1.15 | 2.115 | 2.021 | 31.24| 6.67|-1.373 | -1.427
hoem | hum 430 | 3.20 | -1.10 | 2.135 | 2.126 7.48 0.60 | -1.316 | -1.381
Jel jeil 3.65 340 | -0.25 [ 2.063 | 2.035 0.00f 0.78]-1.491 | -1.523
jir jir 2.60 | 2.10 [ -0.50 | 2.424 | 2.522 0.00f 0.00] -1.927 | -1.834
joer jyir 3.60 | 3.10 [ -0.50 | 2.373 | 2.587 9.13| 17.44]-1.464 [ -1.423

kem |kemm 430 | 3.55 | -0.75 [ 1.735 | 2.034 | 23.17 1.26| -1.429 | -1.432

koem | kum 420 | 395 | -0.25 | 2.021 | 2.017 1.15 5.42|-1.239 | -1.443

Iim lim 4.05 | 400 | -0.05 | 1.834 | 2.470 | 11.11| 18.54[-1.413|-1.416

loem | lum 395 | 435 0.40 | 2.057 | 1.854 8.04 1.90 | -1.373 | -1.459

loer lyr 3.60 | 4.60 1.00 | 1.788 | 2.107 3.18 1.70 | -1.363 | -1.271

nil nil 4.05 | 4.05 0.00 | 1.749 | 2.416 0.00f 0.00] -1.402 | -1.398

nol no:l 4.10 | 3.20 | -0.90 | 2.278 | 1.841 2.13 0.00 | -1.556 | -1.471

poeem | pum 395 | 4.00 0.05 | 1.660 | 1.765 3.89] 2.16]-1.336 | -1.458

IIr riir 2.25 3.65 1.40 | 1.823 | 2.485 0.00f 0.00] -1.570 | -1.349

sal sail 3.80 320 | -0.60 | 2.184 | 2.223 | 15.84| 54.45]-1.375[-1.293

sor Soir 2.90 275 | -0.15 | 1.705 | 2.207 | 18.57| 25.18|-1.228 | -1.194

Jol Jol 2.55 3.35 0.80 | 1.886 | 2.050 0.00f 0.00] -1.547 | -1.440

tar tair 4.05 4.15 0.10 | 1.774 | 2.662 | 26.29| 22.50(-1.334 | -1.246

tir tiir 3.90 [ 4.90 1.00 | 2.173 | 2.351 0.00| 29.92]-1.653 | -1.334

xam Xa:m 3.85 4.35 0.50 | 2.123 | 1.962 8.54 5.84]-1.259 | -1.242

Xem xem 4.45 430 | -0.15 [ 1.654 | 1.763 5.82| 19.27]-1.445 | -1.370

xol xo:l 3.75 3.85 0.10 | 2.112 | 1.874 | 52.43) 1247[-1.267 | -1.216

zam zam 3.75 4.15 0.40 | 2.113 | 1.873 1.93 3.94(-1.470 | -1.352

zel zel 3.55 4.35 0.80 | 2.493 | 2.124 | 22547 | 15.06]-1.275 | -1.248

vem vem 420 | 400 | -0.20 | 2.120 | 1.764 0.60| 16.76(-1.204 | -1.198

VO voIr 3.75 3.75 0.00 | 2.299 | 2.614 | 93.27| 68.61|-1.182 | -1.158

mean 3.74 | 3.81 [ 0.07 | 2.016 | 2.137 | 19.54| 15.61]-1.392 | -1.353

t-test p= 0.65 p= 0.082 p= 0.65 p= 0.1
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CV(:)CC monosyllables

short | long | score | score | delta | LND | LND CD CD 2TP 2TP 3TP 3TP

short | long |length | short | long | short | long | short | long | short | long
bamk |baimk | 1.75 1.70 | -0.05 | 2.189 | 1.034 6.38 6.51]-1.370 | -1.318 | -2.196 | -2.429
derx |derx 340 [ 330 | -0.10 | 2458 | 1.307 | 59.20| 20.96|-1.491 | -1.409 | -1.615 | -1.615
dilp dilp 3.35 2.35 | -1.00 | 0.727 | 1.845 299 21.00]-1.464 [ -1.442 | -1.849 | -2.131
filk filk 2.60 [ 2.05 | -0.55 | 2.636 | 1.870 | 85.32) 57.77[-1.489 | -1.404 | -2.778 | -2.654
folm |foilm 2.50 1.55 | -0.95 | 1.755 | 2.731 | 31.24| 6.67|-1.504 | -1.547 | -1.687 | -1.916
hamk |hammk | 1.30 1.55 0.25 | 1.777 | 1.561 | 15.32] 19.19]-1.425| -1.447 | -2.196 | -2.429
holm | hoilm 2.95 240 | -0.55 | 1.693 | 1.808 | 52.90| 13.73|-1.451|-1.389 | -1.687 | -1.916
joelm | julm 2.30 1.70 | -0.60 | 4.043 | 0.670 4.04] 9.50(-1.541]-1.633 | -1.845 | -1.589
joerm | jyrrm 2.85 1.50 | -1.35 | 2.116 | 0.000 9.13| 17.441-1.509 [ -1.477 | -1.271 | -1.892
Jerx jerx 290 [ 2.00 | -0.90 | 2.445 | 0.000 0.00f 2.16]-1.642|-1.598 [ -1.615 | -1.615
jolm |joidm 2.10 | 2.15 0.05 | 0.778 | 0.000 0.60| 543]-1.592]-1.499 [-1.687 | -1.916
kemk |kemmk | 2.15 145 | -0.70 | 2.039 | 4.391 | 23.17 1.26 | -1.552 | -1.554 | -2.078 [ -2.265
kirf kiirf 2.35 2.30 | -0.05 | 1.044 | 1.632 6.39| 13.24]-1.646 | -1.550 | -3.500 | -1.957
kirp kiirp 270 | 2.60 | -0.10 | 1.314 | 2.054 6.39| 13.24]-1.610 [ -1.514 | -1.445 | -1.701
loemk | lumk 2.55 1.70 | -0.85 | 0.000 | 0.699 8.04 1.90| -1.507 | -1.576 | -1.816 | -1.510
loerm | lyrrm 2.85 2.65 | -0.20 | 1.079 | 1.699 3.18 1.70 | -1.429 | -1.356 | -1.271 [ -1.892
loerp | lyirp 3.60 [ 235 | -1.25 | 0.602 | 1.699 3.18 1.70 | -1.524 | -1.450 | -1.285 [ -1.684
mirp | miirp 2.00 [ 2.20 0.20 | 0.984 | 2.220 2.87| 28.19]-1.657 [ -1.489 | -1.445 | -1.701
nimk | nimk 2.10 1.05 | -1.05 ] 0.903 | 0.000 | 10.51 9.74 | -1.644 | -1.634 | -2.387 | -2.472
perx | perx 440 | 3.10 | -1.30 | 2.231 | 1.541 | 217.41| 49.87[-1.440]-1.419|-1.615 | -1.615
polm | poilm 2.40 1.55 | -0.85 | 1.554 | 1.884 | 37.99]178.10(-1.447 | -1.442 | -1.687 [ -1.916
samk |saimk | 1.10 1.05 | -0.05 | 0.301 | 2.660 546 275.11]-1.559 [ -1.495 | -2.196 | -2.429
toemp | tump 3.35 320 [ -0.15 | 1.036 | 0.349 1.80 1.30]-1.399 | -1.412 ] -0.971 | -1.154
vamk |vamk | 1.70 1.50 | -0.20 | 2.241 | 0477 894 0.48]-1445|-1.431]-2.196 | -2.429
vemk |vemmk | 1.60 1.25 | -0.35 | 2.117 | 2.143 0.60] 16.76(-1.371 | -1.367 [ -2.078 | -2.265
xamk |xamk | 1.60 1.55 | -0.05 | 1.785 | 0.000 854 5.84|-1415]-1.402 | -2.196 | -2.429
xemk |xemk | 2.05 1.95 | -0.10 | 2.324 | 2.158 5.82| 19.27]-1.564 | -1.504 | -2.078 | -2.265
xolm | xo:lm 230 | 3.15 0.85 | 1.873 | 1.614 | 52.43) 1247[-1.419]-1.379 | -1.687 | -1.916
zamk |zaimk | 1.10 1.15 0.05 | 3.443 | 3.213 1.93 3.94[-1.584 | -1.490 | -2.196 | -2.429
zolm | zoldm 1.45 1.50 0.05 | 2.241 | 0.477 | 1945 7.381-1.509 | -1.579 | -1.687 | -1.916
mean 2.38 198 | -0.40 | 1.724 | 1.579 | 23.04| 27.40) -1.507 | -1.474 | -1.875 | -2.002
t-test p= 0.037 p= 0.30 p= 0.74 p= 0.13 p= 0.26
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CV(:)CsL disyllables

short long score score | delta | LND | LND CD CD 2TP 2TP

short long | length | short | long | short | long | short | long
bamor | baimor 4.40 4.10 -0.30 | 2.046 | 2.056 6.38 6.51]-1.032 | -0.988
demor |demmor 4.45 4.40 -0.05 | 1.823 | 1.609 6.71| 101.19| -1.167 | -1.091
faral fairol 3.30 3.35 0.05 | 2.061 | 1.914 | 20.98 9.17| -1.229 | -1.191
firal firral 3.00 3.60 0.60 | 0.000 | 1.173 9.73 6.86| -1.493 | -1.269
hemor |hemmor 4.45 4.55 0.10 | 1.418 | 1.685 | 20.53| 56.94| -1.089 | -1.057
joeral jyiral 3.45 2.75 -0.70 | 0.000 | 1.415 9.13| 17.44|-1.338 | -1.310
joler joilor 4.65 4.30 -0.35 | 1.412 | 1.190 0.60 5431 -1.232 | -1.155
koemor | kumor 4.35 3.95 -0.40 | 2.381 | 2.118 1.15 542 -1.056 | -1.192
kemor |kermor 4.40 4.40 0.00 | 1.714 | 1.822 | 23.17 1.26 ] -1.133 | -1.135
kirol kiral 3.85 3.70 -0.15 | 2.076 | 1.942 6.39| 13.24|-1.393 | -1.313
loemor | lumoar 4.65 4.25 -0.40 | 1.571 | 1.412 8.04 1.90] -1.146 | -1.203
loeral lyrol 3.15 3.05 -0.10 | 1.517 | 1.699 3.18 1.70 | -1.271 | -1.210
Irmor limor 4.35 4.30 -0.05 | 1.508 | 1.707 | 11.11| 18.54|-1.122 | -1.124
naral na:ral 3.65 3.70 0.05 | 0977 | 2.297 | 20.62| 30.44(-1.291 | -1.175
nilor nilor 4.10 3.90 -0.20 | 1.610 | 1.628 0.00| 0.00(-1.228 | -1.225
noral no:ral 3.15 3.25 0.10 | 2.445 | 1.658 | 49.96| 77.20( -1.287 | -1.222
poemor | pumor 4.10 4.40 0.30 | 1.991 | 1.944 3.89 2.16| -1.121 | -1.202
palor pailor 4.05 4.35 0.30 | 1.286 | 1.677 | 36.30| 47.61(-1.036 | -1.025
pilor pilor 4.15 4.05 -0.10 | 1.386 | 1.400 [ 14.59| 18.63 | -1.151 | -1.104
polor po:lor 4.70 4.75 0.05 | 1.346 | 1.721 | 37.99|178.10| -1.111 | -1.107
relor relor 4.65 5.00 0.35 | 1.802 | 1.094 7.10| 57.74| -1.065 | -1.062
siral siirol 2.40 3.25 0.85 | 2.263 | 1.643 | 59.36| 44.90|-1.418 | -1.147
solor soilor 3.15 3.10 -0.05 | 1.132 | 1.372 | 52.40| 37.16|-1.124 | -1.110
soral sorral 3.20 3.35 0.15 | 2.178 | 1.415 | 18.57| 25.18|-1.180 | -1.158
toemor | tumor 4.15 4.00 -0.15 | 1.237 | 1.481 1.80 1.30] -1.189 | -1.200
vamor | vaimor 3.95 3.90 -0.05 | 2.087 | 2.829 894 0.48]-1.094 | -1.082
welor wetlor 4.45 4.65 0.20 | 1.509 | 1.516 |253.73| 14.82|-0.977 | -1.039
wemor | wermor 4.25 4.80 0.55 | 1.440 | 1.546 0.60| 16.76|-1.033 | -1.029
Xamor | xaimer 4.25 4.35 0.10 | 1.776 | 1.993 8.54 5.84 | -1.069 | -1.058
xolor xotlor 3.65 3.65 0.00 | 1.060 | 1.022 [ 52.43| 12.47|-1.088 | -1.054
mean 3.95 3.97 0.02 | 1.568 | 1.666 | 25.13| 27.21]|-1.172 | -1.141
t-test p= 0.88 p= 0.44 p= 0.85 p= 0.27
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CV(:)CCaL disyllables

short long score score | delta | LND | LND CD CD 2TP 2TP 3TP 3TP

short long | length | short | long | short | long | short | long | short | long
bamvar | baimver 2.25 2.55 0.30 | 0.000 | 0.000 6.38 6.51 | -1.175 | -1.138 | -2.196 | -2.384
demxor | demmxor 2.65 2.85 0.20 | 0.000 | 0.000 6.71| 101.19 | -1.268 | -1.202 | -1.953 | -2.323
dilkor dilkor 4.00 3.40 -0.60 | 2.468 | 1.954 2.99| 21.00|-1.223 | -1.207 | -2.778 | -2.654
dilpar dilpor 4.30 3.35 -0.95 | 0.000 | 2.564 2.99| 21.00|-1.275|-1.260 | -1.849 | -2.131
falbor fa:lbor 2.90 3.30 0.40 | 0.000 | 0.000 | 10.12| 14.53|-1.270 | -1.242 | -1.809 | -1.771
farxar farxal 3.00 2.45 -0.55 | 0.000 | 0.000 | 20.98 9.17| -1.215 | -1.183 | -1.707 | -2.104
farval farval 2.65 2.75 0.10 | 0.000 | 0.000 | 20.98 9.17| -1.250 | -1.218 | -2.546 | -2.444
hoemvor | humver 2.85 2.30 -0.55 | 0.000 | 0.000 7.48 0.60| -1.240 | -1.277 | -2.255 | -1.949
joermol | jyrrmol 2.95 2.80 -0.15 | 0.477 | 0.000 9.13| 17.44|-1.376 | -1.353 | -1.271 | -1.892
jolbor joilbor 3.05 2.70 -0.35 | 0.000 | 0.000 0.60 543 -1.344 | -1.277 | -1.837 | -1.854
jolmor jotlmar 2.90 3.30 0.40 | 0.000 | 0.000 0.60 543 -1.378 | -1.311 | -1.687 | -1.916
koembor | kumbor 4.30 3.90 -0.40 | 0.000 | 0.000 1.15 542 -1.093 | -1.210 | -1.627 | -1.074
koemkor | kumkor 3.40 2.35 -1.05 | 0.000 | 0.000 1.15 542 -1.244 | -1.361 | -1.816 | -1.510
kemxr kermxor 3.25 2.70 -0.55 | 0.699 | 0.000 | 23.17 1.26 | -1.238 | -1.240 | -1.953 | -2.323
kirfol kiirfol 2.60 2.20 -0.40 | 0.000 | 0.000 6.39| 13.24|-1.488 | -1.420 | -3.500 | -1.957
kirxal kiirxal 3.60 3.90 0.30 | 0.000 | 0.000 6.39| 13.24|-1.313 | -1.244 | -2.290 | -2.144
kirpal kiirpol 3.75 2.90 -0.85 | 0.000 | 0.000 6.39| 13.24|-1.437 | -1.369 | -1.445 | -1.701
loerbol lyirbal 2.80 2.60 -0.20 | 0.000 | 0.000 3.18 1.70 | -1.295 | -1.243 | -1.345 | -1.674
Irmxor limxor 2.80 2.25 -0.55 | 0.000 | 0.000 | 11.11| 18.54|-1.229 | -1.231 | -3.500 | -2.648
norbol noirbal 3.60 4.00 0.40 | 0.000 | 1.869 | 49.96| 77.20|-1.309 | -1.253 | -2.086 | -1.324
pelbor peilbor 3.50 3.65 0.15 | 0.000 | 0.000 | 22.12| 12.44|-1.160 | -1.195 | -1.783 | -1.878
relxor rellxar 3.70 2.70 -1.00 | 0.000 | 0.000 7.10| 57.74|-1.160 | -1.156 | -1.646 | -1.735
sorval soirval 3.20 3.10 -0.10 | 0.000 | 0.000 | 18.57| 25.18|-1.208 | -1.189 | -1.981 | -1.771
toempor | tumpor 4.00 4.00 0.00 | 1.158 | 0.778 1.80 1.30| -1.229 | -1.238 | -0.971 | -1.154
WEmMXOr | wermxor 3.15 3.05 -0.10 | 0.000 | 0.000 0.60| 16.76|-1.153 | -1.149 | -1.953 | -2.323
wemkor | wermkor 3.15 3.25 0.10 | 2.690 | 1.114 0.60| 16.76|-1.224 | -1.221 | -2.078 | -2.265
xamkor | xarmkor 3.55 3.50 -0.05 | 0.000 | 0.000 8.54 5.84| -1.255 | -1.246 | -2.196 | -2.429
Xamver | xaimvor 2.85 2.60 -0.25 | 0.000 | 0.602 8.54 5.84|-1.207 | -1.198 | -2.196 | -2.384
xolbor xoilbor 2.30 2.55 0.25 | 0.000 | 0.000 | 52.43| 12.47|-1.220 | -1.191 | -1.837 | -1.854
xolmer xolmor 2.75 3.30 0.55 | 0.000 | 0.000 | 52.43| 12.47|-1.254|-1.225 | -1.687 | -1.916
mean 3.19 3.01 -0.18 | 0.250 | 0.296 | 12.35| 17.58| -1.258 | -1.242 | -1.993 | -1.983
t-test p= 0.20 p= 0.79 p= 0.29 p= 041 p= 0.94
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