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Determinants of Wordlikeness: Phonotactics or Lexical Neighborhoods?

Todd M. Bailey

University of Oxford, Oxford, United Kingdom

and

Ulrike Hahn

University of Wales, Cardiff, United Kingdom

Wordlikeness, the extent to which a sound sequence is typical of words in a language, affects language acqui-
sition, language processing, and verbal short-term memory. Wordlikeness has generally been equated with
phonotactic knowledge of the possible or probable sequences of sounds within a language. Alternatively, word-
likeness might be derived directly from the mental lexicon, depending only on similarity to known words. This
paper tests these two cognitively different possibilities by comparing measures of phonotactic probability and lex-
ical influence, including a new model of lexical neighborhoods, in their ability to explain empirical wordlikeness
judgments. Our data show independent contributions of both phonotactic probability and the lexicon, withrela-
tively greater influence from the lexicon. The influence of a lexical neighbor is found to be an inverted-U-
shaped function of its token frequency. However, our results also indicate that current measures are limited in
their ability to account for sequence typicality. © 2001 Academic Press
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is not an English name. It is not that Zbigni
merely happens to not be in a mental diction
of English names; there is a strong intuition t
it could not be included in any such dictiona
Even among actual words of English, so
words sound more typical than others, for ex
ple rat as opposed to sphere, splurge, or flail.
Speakers have consistent intuitions about whe
a sequence of speech sounds could be a wo
their native language and how typical it wo
sound as a word. Moreover, speech proces
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quences, as we will review. These effects can
seen in speech perception and production, le
cal development, lexical access, and ver
memory. However, it is far from clear wha
makes a sequence of sounds more or less typ
more or less wordlike. Our own desire to under
stand the knowledge structures underlying wo
likeness was sparked initially by unsuccessful
tempts to use common measures of wordliken
for the principled construction of experiment
stimuli. We were seeking an objective method
choosing sets of one-syllable words and no
words covering a range of typicality, as would 
desirable in a wide variety of psycholinguist
studies. Contrary to our expectations, stand
measures of typicality did not generally corr
spond to our intuitions of wordlikeness in an
real way. This prompted us to examine mo
closely the determinants of wordlikeness.

Sound sequence typicality is most ofte
thought of as phonotactic probability, that is, t
frequency with which a particular phoneme 
phoneme sequence occurs in a language. Ph
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tactic probability has been shown to correl
with performance on a variety of speech p
cessing tasks. These include nonword repet
(Vitevitch, Luce, Charles-Luce, & Kemmere
1997; Vitevitch & Luce, 1998), naming (Leve
& Wheeldon, 1994), recall from verbal sho
term memory (e.g., Gathercole, Hitch, Servi
& Martin, 1997; see Gathercole & Martin, 199
for a review), phoneme identification (Pitt 
McQueen, 1998), and wordlikeness ratings 
nonwords (Coleman & Pierrehumbert, 199
Dankovicova, West, Coleman, & Slater, 199
Frisch, Large, & Pisoni, 2000; Gathercole 
Martin, 1996; Vitevitch et al., 1997). In add
tion, Jusczyk, Luce, and Charles-Luce (19
found that 9-month-old infants preferred to l
ten to nonwords with high phonotactic probab
ity over nonwords containing low probabili
sequences. Indeed, knowledge of phonota
probabilities may be crucial for infants to se
ment continuous speech into appropriate wo
size chunks (e.g., Cairns, Shillcock, Chater
Levy, 1997; Morgan & Saffran, 1995).

An entirely different kind of sequence typ
cality is the extent to which a sequence over
with individual known words. One measure 
this overlap is neighborhood density, that is, 
number of real words within a fixed phonolo
cal radius of the sequence. Neighborhood d
sity has been reported to affect performance
variety of tasks, including phoneme identific
tion (Newman, Sawusch, & Luce, 1996), au
tory lexical decision (Luce & Pisoni, 1998), a
speech production (Vitevitch, 1997). An unpu
lished study by Martin and Gathercole (repor
in Gathercole & Martin, 1996) found neighbo
hood density ratings to predict wordlikene
judgments. Similarly, Greenberg and Jenk
(1964) found that whether or not nonwords h
a real word neighbor at a particular distance 
a predictor of wordlikeness judgments.

In cognitive terms, lexical influences and d
embodied, statistical knowledge of subwo
probabilities are two very different kinds of e
planation for sequence typicality and its effe
on linguistic processing (see also Treim
1988). The studies above manipulated ei

phonotactic probabilities or lexical neighbor-
hoods. However, phonotactic probabilities an
ENESS 569
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lexical neighborhoods may be confounded. I
widely recognized that words in high-dens
neighborhoods tend to have high-probabil
phonotactic patterns, and words in low-dens
neighborhoods tend to have low-probabil
phonotactic patterns (Charles-Luce & Luc
1995; Frauenfelder & Schreuder, 1992; Gath
cole & Martin, 1996; Jusczyk et al., 199
Landauer & Streeter, 1973; Luce, Pisoni, 
Goldinger, 1990; Vitevitch & Luce, 1998, 1999
This raises the question of which effects a
genuinely due to phonotactic probabilities a
which are due to lexical neighborhoods.

Moreover, it is conceivable that phonotac
knowledge is entirely implicit, that is, containe
in our knowledge of individual words (Vitevitc
et al., 1997; but see Vitevitch & Luce, 199
1999). For example, McClelland and Elm
(1986) argued that apparent effects of phono
tic rules in phoneme identification were rea
the result of neighborhood effects in which si
ilar words conspire to activate individual shar
phonemes. Whether knowledge of phonotac
probabilities is genuinely distinct from lexica
knowledge and stored separately is an is
which has also been given attention in the c
text of memory (Gathercole & Martin, 1996).

Whether the typicality of sound sequences
a reflection of subword phonotactic probab
ities or lexical neighborhoods is a questi
which can only be answered by directly co
paring them on the same task. The only stu
examining this question is Bailey and Ha
(1998), a preliminary investigation which is 
precursor to the material presented here. Fr
et al. (2000) separately considered both pho
tactics and lexical influences, but did not exa
ine whether one might in fact subsume the oth
Thus, the interpretation of previous resea
on sound sequence typicality remains uncle
Given the suspected correlations between phono-
tactics and lexical knowledge, any experimen
evidence for the role of phonotactics in det
mining sequence typicality might actually b
due to lexical effects or vice versa. To s
whether typicality reduces to phonotactics or
lexical neighborhoods when both alternativ
d
are considered was a central goal of the present
study. Also, given our suspicion that phonotactic
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measures might explain rather less about 
quence typicality than desired, we wonde
whether lexical neighborhoods might be more
fluential. We thus sought to estimate the amo
of variance in wordlikeness which could be a
counted for by phonotactic knowledge or lexic
effects, or the combination of both.

These goals require a departure from
methodology of previous research. Past stud
have generally sought to establish that high a
low typicality sequences give rise to differenti
effects. For this, it is sufficient to choose a me
ure of typicality, select two groups of sound s
quences which differ according to this predict
and demonstrate that the groups lead to sign
cant differences in some experimental task. T
method is insufficient for the questions we a
pursuing here. First, lexical and sublexical e
planations refer to two cognitively distinct type
of account, each of which might be instantiat
in many different ways. Consequently, a gene
contrast between these two requires that a ra
of measures, both of phonotactics and of lexi
neighborhood, is considered. In principle, o
might try to identify a single stimulus set whic
factorially controls all predictor variables of in
terest. However, in practice it is very difficult t
find orthogonal subsets of pronounceable n
words to control a large number of correlat
variables. Second, evaluating the compreh
siveness of lexical and sublexical explanatio
requires an estimation of the unique contrib
tion of the competing measures to the predict
of typicality on a representative sample of sou
sequences. In other words, one must exam
the predictive power of lexical and phonotac
measures, both individually and jointly, on
random sample in order to draw conclusio
about the sound sequences of a language m
generally.

The research reported in this paper begins
identifying a set of measures of sequence ty
cality, including a new model of lexical neig
borhood. Using wordlikeness judgments fro
two experiments, we examine whether ratings
sequence typicality are best explained 
phonotactic probabilities or by similarity t
known words. We find independent effects 

both, but lexical measures, particularly our ne
D HAHN
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measure of lexical neighborhood, prove to 
better predictors than the phonotactic measu
However, none of the measures fully expl
participants’wordlikeness judgments. This points
to limitations in present conceptions of eith
phonotactics or lexical influence. Consequen
we proceed with an exploration of possible 
enues along which better measures might
sought. Although modest improvements can
made in phonotactic measures, we conclude
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from better models of lexical neighborhoods.

CONTRASTING PHONOTACTICS AND
LEXICAL KNOWLEDGE

The relationship between phonotactics a
lexical knowledge will be sensitive to the way i
which each is measured. To clarify the relatio
ship generally, it is thus necessary to consid
the widest possible range of phonotactic a
lexical neighborhood measures. We first intr
duce our central phonotactic measures.

Phonotactics

Phonotactic measures compile frequency pr
files and co-occurrence statistics for sound
which can be used to evaluate the probability
a novel sequence. We computed several me
ures which made different assumptions abo
the size and number of units to be taken into a
count (two or three phonemes or syllable onse
nuclei, and codas). The most popular phonota
tic measure by far is bigram probability. Ther
are two ways of calculating this: simple co-oc
currence of two sounds within a body of speec
or transition probabilities between sounds.
practice the two are highly correlated (Gayge
1997), but important structure is typically re
flected more accurately in transition probabil
ties (see Aslin, Saffran, & Newport, 1998). Also
transition probabilities reflect the temporal na
ture of speech. For these reasons, we focus
analyses on transition probabilities. A bigram
transition probability is based on the number
times, say, /t / occurs after /o/, etc., across
English words and results in a conditional prob
ability for each sequence of two sounds. W

wtreated word boundaries as segments in order
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As a starting point, we used a variant NNB
measure based on a two-phoneme edit distance,

1

WORDL

to capture potential differences in probabiliti
at different positions within words (Nelson
Nelson, 1970; Sendlmeier, 1987). To calculat
composite value for an entire word or nonwo
we took the geometric mean of conditional se
ment probabilities across the whole item, givi
a single average bigram probability.

Of course, sensitivity to co-occurrence sta
tics need not be limited to pairs of sounds. 
computed trigram transition probabilities ana
gous to the bigram probabilities by calculat
the conditional probability of each segment giv
the preceding two segments. Again, word bou
aries were included in the computation.

Bigram and trigram probabilities assume th
the phoneme is the relevant phonological u
over which sequence probabilities are de
mined. In order to test for effects of probabiliti
computed across larger phonological units,
computed a syllable part probability metric, ta
ing syllable onset, nucleus, and coda to be
basic units of analysis. The syllable part prob
bility for a whole word was the geometric me
of the conditional probabilities of its onset
word-initial position, its nucleus following it
word-initial onset, its coda following its nu
cleus, and the word-end following its coda.

Because we were interested in comput
phonotactic probabilities for monosyllables on
our phonotactic measures are not concerned
issues such as stress and word position.

Orthotactics

Since one of our tasks was a written one,
also calculated orthotactic probabilities, th
is transition probabilities for letter sequenc
rather than for sounds. However, given tha
substantial amount of our language process
involves reading, influences of orthotactic p
terns cannot be ruled out even in purely o
tasks. It is therefore an interesting empiric
question whether effects of orthotactic probab
ities are observed in oral as well as written tas
To measure orthotactic probabilities, we co
puted orthotactic bigram and trigram probab
ties which were directly analogous to the phon
tactic measures described above. Beca
of the difficulties involved in identifying appro

priate larger orthographic units for all English
ENESS 571
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words automatically, we did not compute orth
tactic syllable part probabilities.

Lexical Neighborhoods

Our other family of measures conceives
sequence typicality as based on the exten
which a sound sequence overlaps with word
the mental lexicon.

Neighborhood density. The standard measu
of lexical neighborhoods is based on the sin
phoneme edit distance (Luce, 1986). By t
metric, a neighbor is any word that can be 
rived by substituting, deleting, or inserting a s
gle phoneme. For example, the English wordcat
has among its neighbors mat, at, and scat. The
number of such neighbors (NNB) is the nei
borhood density of an item. Most studies 
neighborhood effects have used this simple
tion of neighborhood density (e.g., Charles-Lu
& Luce, 1990; Luce & Pisoni, 1998; Metsa
1997; Newman et al., 1996; Vitevitch, 199
Vitevitch & Luce, 1998). Although it is unive
sally recognized as a crude approximation, N
has been surprisingly successful in the stud
lexical processing. This success may be due
part, to the fact that the application of NNB h
centered on words with a simple CVC patte1

Relatively few works have applied NNB in t
context of stimuli including consonant cluste
although clusters are not at all uncommon in 
ural language (some 67% of English monosy
bles in the CELEX online dictionary of Englis
contain at least one cluster of consonants
www.kun.nl/celex). The NNB measure fails 
take similarity betweenphonemes into accoun
replacing /b/ with /p/ (a change involving on
voicing) yields a neighbor just the same as d
replacing /b/ with /s/ (involving place and ma
ner of articulation in addition to voicing). Fu
thermore, NNB has a sharp cutoff, simply ign
ing all words outside the single phoneme e
distance, whether they differ by a single feat
on each of two phonemes or by the insertion
several syllables.
We are grateful to an anonymous reviewer for calling
this to our attention.
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which is better suited to the stimuli we use
Our stimuli had many consonant clusters a
many had no real word neighbors just o
phoneme different.2 Given the limitations of
NNB, however, more sophisticated measure
lexical influence are required if we are to obt
a valid comparison with knowledge of phon
tactic probabilities, and if we wish to acqui
more than a superficial understanding of nei
borhood effects.

Generalized neighborhood model. Although
lexical neighborhoods play a prominent role
psycholinguistics, there is no obvious altern
tive to NNB in the literature which could b
used directly as a predictor of sequence typi
ity. A number of competing conceptions 
neighborhood interactions have been propo
in the context of word recognition (e.g
Marslen-Wilson & Welsh, 1978; McClelland &
Elman, 1986; Morton, 1979). Implicit in thes
models is some notion of neighbor. Howev
few provide an analytic measure of neighb
hood influence which can be factored out of 
model of word recognition and applied to oth
tasks. An exception is the Neighborhood Activ
tion Model of Luce (1986; Luce, Pisoni, 
Goldinger, 1990). In Luce’s model of wor
recognition, neighbor similarity is based on e
perimentally derived phoneme confusabili
However, because the set of phonemes and
contrasts in which they participate differ 
British pronunciations from those in America
pronunciations, Luce’s confusability data cou
not be directly applied in our study.

To fill this gap, we developed the Generaliz
Neighborhood Model (GNM), an adaptation 
the Generalized Context Model (GCM; Noso
sky, 1986) of classification based on similar
to exemplars. The GCM is based on a large li
ature relating generalization to distance in
mental space, for a variety of tasks includ
identification, old–new recognition, and categ

rization (e.g., Lamberts, 1998; Nosofsky, 198
1988, 1990; Shepard, 1987). The GCM has a

h-
-

2 An alternative way of extending the metric to longe
words is to base it on a certain fraction of the phonemes 
word (e.g., a proportional change of 1/3 would be equivale
to a single phoneme change when applied to CVC words;
Frisch et al., 2000).
D HAHN
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been applied to inflectional morphology (Ha
& Nakisa, 2000; Nakisa & Hahn, 1996) and 
tificial grammar learning (Bailey & Potho
1998; Pothos & Bailey, 1997, 2000). In t
GCM, neighbors vary on a continuous scale
similarity. Instead of imposing a sharp distin
tion between neighbors and nonneighbors,
relevant items are neighbors to some deg
Specifically, if the psychological distance b
tween instances i and j is di,j, then the GCM
model of perceived similarity of a probe i to a
setof instances stored in memory is

(this is the exponential form of the GCM; oth
variants adopt a gaussian function by squa
the distance term). The term D in the GCM sim-
ilarity equation is a sensitivity parameter, de
mined by regression. This parameter determ
how quickly similarity decreases as a funct
of distance from the exemplars.

The GNM is an adaptation of the GCM sim
larity component which is aimed specifically
words. Since token frequency has been show
be an important variable in a wide range of le
cal processing tasks (e.g., Luce, 1986; Wha
1978), we incorporated a frequency-weight
term into the similarity equation. Frequency 
fects are commonly modeled as a linear fu
tion of token frequency or log token frequen
(cf. Luce et al., 1990; Nosofsky, 1988; Vitevit
& Luce, 1998). This treatment assumes that
effects in question change monotonically w
increasing frequency. However, nonmonoto
frequency effects have been reported in the 
text of inflectional morphology (Bybee, 199
Hahn et al., 1998; Moder, 1992). To allow 
possible nonmonotonic effects, the GNM ado
a quadratic frequency weighting term. The co
plete GNM neighborhood similarity equatio
with frequency weighting, is

where fj is the log token frequency of neig
boring word j, as given in the CELEX data

S Af Bf C ei j j
D d

j

i j= + +( ) − ⋅∑ 2 , ,

S ei

j

D di j
= ∑ − z ,

r
in a
nt
base (to include words listed in CELEX with
 cf.
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is, direct ratings of sequence typicality (cf. Cole-
man & Pierrehumbert, 1997; Dankovicova et al.,

4 The relative cost of insertion–deletion constitutes an ad-
WORDL

zero token frequency, a constant 2 was ad
to the citation frequency counts before tak
logarithms).3

The GNM requires measures of the psyc
logical distances between individual ite
(words or nonwords). Our primary model co
bines a linguistic measure of phoneme simi
ity with a standard edit distance metric to e
mate these psychological distances (two o
distance metrics will also be considered). E
distance is a weighted sum of the substitutio
insertions, and deletions required to transfo
one representation (e.g., a word or a nonw
into another (e.g., a neighboring word). A
though edit distance is usually used with eq
weightings or costs for all substitutions, a m
realistic measure of phonological differenc
should vary depending on the phonemes
volved. The initial consonants of batand sat, for
example, are more different than the initial c
sonants of batand pat.

In order to take phonological differences in
account, we assessed the relative cost of su
tuting one phoneme for another based on
natural class lattice distance metric (Fris
1996). This measure of phoneme dissimila
has been related to behavioral data includ
English speech errors, phonotactic constrain
Arabic, and acceptability judgments of Arab
pseudo-words (Frisch, 1996; Frisch, Broe,
Pierrehumbert, 1997). The natural class dista
metric counts the number of shared and dif
ent natural classes of two phonemes (a na
class is a group of sounds sharing one or m
linguistically significant phonetic character
tic). If S, D1, and D2 are the number of natur
classes shared by two phonemes, the numb
natural classes which the first phoneme has
tinct from the second, and the number of nat
classes which the second phoneme has dis

from the first, then the natural class distance 
tween the phonemes is d1,2 = (D1 + D2)/(S+ D1

3 GNM neighborhood similarity is similar in spirit to th
frequency-weighted neighborhood confusability term 
Luce’s (1986) Neighborhood Probability Rule, but differs
using an exponential transformation from psychological d
tances instead of using confusion probabilities and in all
ing for quadratic as well as linear frequency effects.
KENESS 573
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+ D2). This metric ranges from 0 for identic
phonemes to 1 for phonemes which have no
tures in common. Because the natural class
tance metric is based on a theory of nat
classes defined in terms of phonological f
tures, it can be applied to any language wh
phonemes have been classified and for whi
pronunciation dictionary is available.

The relative cost of insertions and deletio
compared to substitutions was determined 
pirically. Several different insertion–deletio
costs were computed, and 0.7 was chosen
cause it gave the best fit to the oral wordliken
data of Experiment 2 (a broad plateau in ove
fit was observed, with fairly similar value
across a range of insertion–deletion costs f
0.6 to 1.0).4 In order to limit the number of fre
parameters, these preliminary fits were obtai
without the frequency weighting term of t
GNM. The costs for phoneme insertion a
deletion were constrained to be of equal valu
order to keep distances symmetrical (i.e., 
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distance between scatand cat).

THE WORDLIKENESS TASK

The comparison between phonotactic a
lexical influences requires a suitable task wit
which to observe sequence typicality. As d
cussed above, many online processing tasks
influenced by sequence typicality, includi
nonword repetition, recall, and lexical decisio
All of these are possible tasks in which the re
tive contribution of phonotactics and lexic
measures might be assessed. The ideal sta
point, however, is wordlikeness judgments, t
be-

e
in
in
is-
w-

ditional free parameter in the edit distance version of the
GNM model. Note that the mere presence of free parameters
does not distinguish the GNM from phonotactic probabili-
ties. Each metric of phonotactic probability operationalizes a
theory that there is a linear relationship between that metric
and wordlikeness, and we test that theory by fitting a model
with one free parameter to find the best-fitting straight line.
The GNM has not just one, but several free parameters. The
extra complexity of the GNM is justified to the extent that it
provides a better explanation for empirical data.
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1998; Frisch et al., 2000; Gathercole & Mart
1996; Vitevitch et al., 1997). This task is like
to be dominated by sequence typicality; by c
trast, sequence typicality is likely to be just o
of many contributing factors in a task such
auditory lexical decision. This means that a 
greater part of the item variance can be expe
to depend on sequence typicality for wordlik
ness judgments than for reaction times in lex
decision, making the former more powerful
empirically distinguish the two different, b
correlated, types of knowledge which pote
tially underlie sequence typicality. Given pre
ous findings which relate wordlikeness ratin
to recall from short term memory (Gathercole
Martin, 1996), in addition to Frisch et al
(2000) finding that predictors of wordlikene
ratings were also good predictors of recognit
performance, we can reasonably expect our

findings to carry over to at least some onli
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Procedure. We assigned participants to the
processing tasks.

EXPERIMENT 1

Experiment 1 compared phonotactic and le
cal accounts in their ability to explain ratings
wordlikeness for a representative sample
monosyllabic nonwords. We used nonword st
uli in an effort to avoid potentially confoundin
attributes of real words, including semantic r
resentations, age of acquisition, imageabi
and other nonphonological characteristics wh
participants might inadvertently include in th
judgments of typicality. We restricted our sti
uli to monosyllables in order to avoid the co
plexities of stress placement and syllabificat
Finally, we chose nonwords in clusters aroun
random sample of isolates to be able to gen
ize our conclusions beyond our stimulus set 
infer properties of the wider population of no
words from which our sample was drawn.

In this study, stimuli were presented in w
ten form, but participants were asked to focus
how wordlike the stimuli sounded.

Method

Participants. Participants included 22 firs
year psychology students from Warwick U
versity who took part in the experiment as p

of their Methods course, plus 1 other undergra
D HAHN

n,
y
n-
e

as
ar
ted
e-
al

to
t
n-
i-
gs
&
s
s

on
key
ne

xi-
of
of
-

p-
ty,
ch
ir
-
-
n.
 a

ral-
nd
-

t-
 on

-
i-

uate and 1 graduate student who voluntee
for a total of 24 participants (17 female, 7 ma

Materials. Pronounceable wordforms (i
cluding real words as well as nonwords) w
generated by a syllable formation gramm
This was based on onset–nucleus and nucl
coda combinations found in one-syllable wo
in the CELEX English database. Each wo
form was classified as a word, near miss, or iso-
late. Near misses were nonwords (e.g., drump)
which differed from the nearest real word nei
bor by a single phoneme. Isolates (e.g., drolf)
differed from their nearest neighbor by exac
two phonemes.

A set of 22 isolates were chosen at random
addition, for each isolate, we identified all neig
boring near misses, that is, nonwords wh
were one phoneme different from the isolate 
also one phoneme different from the nearest
word. By using near misses around the isola
we can be sure that the distance to the ne
neighbor really is greater for isolates than 
near misses, which is important for testing me
ures of neighborhood similarity. If near miss
were chosen independent of the isolates, 
potential differences in the importance of ons
versus rimes, for example, might be obscure
the isolates and near misses happened to d
in their distributions of various phonemes. O
method of stimulus selection eliminates this 
certainty by ensuring that the near misses
midway on the edit path between our isola
and their nearest neighbors. Moreover, by us
all the near misses around our isolates, we s
ple the greatest possible variety of edit diff
ences and include both high and low probab
phoneme sequences. Excluding items wh
could not be assigned a plausible and unamb
ous spelling, 250 near misses were identified

In addition to the isolates and near miss
69 real word fillers were included in order to e
courage participants to process the stimul
linguistic entities and not as disembodied so
sequences. The complete set of 341 probes
randomized to produce four different orderin
Four additional orderings were produced by
versing the first four.
d-stimulus lists at random, three participants per
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list. Participants filled in a written questionnai
which took about 20 minutes. The instructio
asked participants to judge the sounds of 
words, not their spellings, and to indicate 
perceived typicality of each probe on a sc
from 1 to 9. For example,

Does minth sound like a typical word of English?

Very non-typical = 1 2 3 4 5 6 7 8 9 = Very typical

Results

Real word fillers were excluded from ana
sis. Thirteen misspelled near misses were ide
fied, and these data were dropped. This left 
probes for analysis (22 isolates and 237 n
misses), which are listed in the Appendix. R
sults from all eight stimulus lists were poole
and raw ratings were scaled to the interval 0 t
Initial checks revealed that variance was rela
to mean item ratings, so that variance was h
est for items toward the middle range of the 
ing scale. In order to reduce the dependency
tween mean and variance, individual sca
ratings were transformed using the arcs
transformation

The resulting transformed ratings ranged from
(nonwordlike) to 1 (maximally wordlike).

Across individual responses, differences 
tween items were large relative to noise in 
data, as measured by omega-squared (or, e
alently, intraclass correlation), ω2 = .22 (values
greater than .138 are considered to be large
fects; see, e.g., Kirk, 1995). This statistic me
that about 22% of the variance in individual 
sponses (as distinct from variance among ite
ratings averaged across participants) was du
real differences in wordlikeness between item5

x =
2 arcsin x

9
π

.

The remaining variance is due to sampling er
or nuisance effects.

o-
an

c

tic5 To put ω2 in perspective, it may be helpful to imagin
how much variance among reaction times for individual k
presses in an online task one would expect to be due to
ferences between items as opposed to nuisance noise
fortunately, since such ω2 statistics are seldom reported, th
exercise must be left to the imagination.
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On average, the transformed ratings for n
misses (M = .44,SE= .006,n = 237) were some
what higher than those for isolates (M = .38,
SE= .015,n = 22). Additional statistical analyse
were performed to assess the effectiveness o
quence probabilities and neighborhood me
ures in explaining differences in ratings amo
items and to test whether the effects of tho
predictors were consistent across subjects. G
the design of our study, the way to assess the
fectiveness of a particular metric in predictin
differences among items is to computeR2 values
for item ratings, averaged across subjects. T
way to test whether the effect of a metric is co
sistent across subjects is to do repeated m
ures ANOVA on individual ratings, not o
means computed across subjects (see Lorc
Myers, 1990, for a very readable discussion
the statistical pitfalls associated with the co
mon practice of performing significance tests
mean item ratings, including high Type I err
rates and the implicit treatment of subjects a
fixed effect). In repeated measures ANOVA, t
variance attributed to each predictor is evalua
against the corresponding subject by predic
interaction (i.e., theF statistic is the ratio be
tween these two MS terms). Significant resu
therefore reflect effects which are consiste
across participants.

Sequence probabilities. The simple effect o
each of the phonotactic and orthotactic me
ures on its own was significant, Fs(1,23) > 27,
ps < .001. Together, phonotactic and orthota
probabilities accounted for about 18% of t
variance between items (see Table 1). Beca
the probability metrics are correlated with ea
other (see Table 2), combinations account 
less than the sum of the parts. The combina
of phonotactic and orthotactic probabilities (R2 =
18%) was only a little better than orthotact
alone (R2 = 16%), and the combination of orth
tactic bigrams and trigrams was little better th
trigrams alone (R2 = 15%). Among phonotacti
probabilities, all three measures together (R2 =
10%) were only slightly better than phonotac
trigrams on their own (R2 = 8%).

Lexical neighborhoods. Probes varied in

e
ey
 dif-
. Un-
number of neighbors from 14 to 408 (M = 67,
Mdn = 50, SD= 51). To take all of these neigh-

e
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Note. R2 statistics (× 100) based on item ratings averaged across subjects.
bors into account in the GNM as well, we a
plied it to the 408 nearest monosyllabic nei
bors for each probe, using the edit dista
measure described above as an estimate of
chological distance between probes and t
neighbors.6 Referring to 408 neighbors ensure
as a minimum, that all words differing by n
more than two phonemes from any probe w
taken into account. These 105,672 neighb
(259 probes times 408 neighbors) and th
token frequencies were used in the GNM as 
dictors of wordlikeness.7

By itself, NNB (R2 = 8.4%) accounted fo
much less item variance than did the GNM (R2 =
24%). Neighborhood effects increased the t
item variance explained from 18% (seque
probabilities alone) to 23% (with NNB) an
29% (with the GNM). The unique contributio
of each neighborhood model was significa
R2 = 5.4 and 12% for NNB and GNM, respe
tively, F(1,23) = 27 and F(4,92) = 25, ps < .001.

Clearly, wordlikeness ratings were influence
by lexical neighborhoods and were not dete

he
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the
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g.
cts
is-
is-

6 It is conceivable that multisyllabic neighbors might als
contribute to neighborhood effects for monosyllabic stimu
For reasons of computational complexity (finding all item
n nearest neighbors requires a step through the entire co
for each stimulus item), we follow previous work in restric
ing our consideration to monosyllabic neighbors (cf. Luc
1986).

7 Regression models were fit to mean item ratings to d
termine sums of squares for the predictor variables. T
same models were fit to the ratings for each subject to de
mine corresponding sums of squares for subject by predic
interactions. The complete set of tests for Experiment 1 
volved 75 regressions with the GNM.
-
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mined just by disembodied phonotactic or 
thotactic probabilities.

In order to test whether sequence probab
ties had any effect beyond what could be attr
uted to neighborhoods, we tested for unique
fects of sequence probabilities. After partiallin
out neighborhood effects, the total remaining
fect of sequence probabilities was significa
R2 = 15 (partialling out NNB) and 6% (par
tialling out the GNM),Fs(5,115)= 26 and 12,
ps < .001. These significant effects indicate th
sequence probabilities were not subsumed
neighborhood effects. Finally, phonotactic a
orthotactic probabilities both had significa
unique effects after partialling out the other
addition to NNB,R2 = 3.6 and 4.7%, respec
tively, F(3,69)= 20 andF(2,46)= 15,ps < .001.

To investigate the role of token frequenc
in neighborhood effects, we removed the fr
quency component from the GNM and com
pared the performance of this reduced mo
(combined with sequence probabilities) with t
full GNM. Removing the frequency compone
significantly reduced the fraction of variance e
plained from 29 to 25%,F(2,46)= 12,p < .001.
This indicates that wordlikeness depends on
frequency of neighboring words as well as t
degree of similarity to them. The relative weig
assigned to each neighbor as a function of
token frequency, as determined by regress
parameters in the full GNM, is graphed in Fi
1. This figure also shows the frequency effe
found in Experiment 2 using the same edit d
tance metric and also using an alternative d

o
li.
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rpus
t-
e,

e-
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TABLE 1

Variance in Item Ratings Accounted for by Phonotactic and Orthotactic Probabilities in Experiments 1 and 2

Experiment 1 Experiment 2

Measure Phonotactics Orthotactics Both Phonotactics Orthotactics Bot

Bigram 5 8 15 2
Trigram 8 15 4 2
Syl Part 4 5
Combined 10 16 18 16 3 17
tance metric discussed later.
in-
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ordlikeness

15 16 17 18 19 20 21R2 Exp1 R2 Exp2

17 17 8 14 48 47 5 6
39 21 5 13 49 46 7 8

7 −28 44 28 2 19 0 0
52 −74 72 55 47 72 11 8

25 22 9 26 53 11 5 15
46 26 4 23 51 9 5 15

32 −29 49 47 38 24 6 10
62 −40 54 56 57 38 10 19

26 25 0 22 14 8 8 4
38 27 −5 18 12 3 10 4

63 −34 36 35 17 30 4 4
50 −14 27 40 18 24 14 7

87 −30 44 43 29 43 4 5
86 −33 53 54 39 50 9 7
54−21 29 29 18 35 2 4

54 −28 52 56 44 46 9 13
−21 −28 −78 −53 −14 −47 3 1

29 52 −78 75 30 46 8 7
4 29 56−53 75 37 30 18 22
9 18 44−14 30 37 45 21 29
0 35 46−47 46 30 45 3 4

s (3P), syllable part transitions (SP), and onset–rime combinations (ORP),
ts (Lg*). Lengthcounts the number of phonemes. Measures of lexical neigh-
tes of phonological distance based on edit distance (ED), syllable part mis-
iance each metric accounts for in Experiments 1 and 2. Some correlations are
TABLE 2

Bivariate Correlations (× 100) among Predictors of W

Metric 1 2 3 4 5 6 7 8 9 10 11 12 13 14

Phonotactics

1. 1P Mean 98 19 52 48 28 23
2. Lg 98 15 50 45 27 33
3. * 19 15 32 14 13
4. Lg* 52 50 32 55 25
5. 2P Mean 48 95 45 77 35 35
6. Lg 45 95 35 77 29 34
7. * 14 45 35 49 39
8. Lg* 55 77 77 49 25
9. 3P Mean 28 35 95 44 87 42

10. Lg 27 29 95 35 91 45
11. * 13 39 44 35 48
12. Lg* 25 25 87 91 48
13. SP Mean 23 35 42 77
14. Lg 33 34 45 77
15. ORP * 17 7 25 32 26 63 87
16. Lg* 39 52 46 62 38 50 86
17. Length 17 21 −28 −74 22 26 −29 −40 25 27 −34 −14 −30 −33

Neighborhoods

18. NNB 8 5 44 72 9 4 49 54 0 −5 36 27 44 53
19. GNM ED 14 13 28 55 26 23 47 56 22 18 35 40 43 5
20. SPM 48 49 2 47 53 51 38 57 14 12 17 18 29 3
21. PSL 47 46 19 72 11 9 24 38 8 3 30 24 43 5

Note. Includes phonotactic probabilities for phonemes (1P), bigram transitions (2P), trigram transition
which are computed as mean probabilities, logged means (Lg), product probabilities (*), or logged produc
borhoods include number of neighbors (NNB), and the GNM fit to data from Experiment 2 using estima
matches (SPM), and phoneme subset lattices (PSL). The last two columns show the amount of item var
omitted for clarity.
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As is clear from the graph, the effect of f
quency was nonmonotonic. A word of very lo
or very high frequency has little effect on wor
likeness, even if it is similar to a probe ite
Words with token frequencies between abou
and 1000 (equivalent to about 0.6 and 60 oc
rences per million words, respectively) had 
greatest influence on wordlikeness (among
105,672 neighbors included in the analysis 
average log token frequency was 1.97, co
sponding to a CELEX frequency of 93.3, 
about 6 occurrences per million words). T
suggests that, in general, nonwords which 
similar to medium-frequency words will ten
toward higher wordlikeness.

Discussion

Experiment 1 examined three issues not 
dressed by previous research on sequence 
cality: the importance of phonotactic influenc
on sequence typicality in nonwords, the imp
tance of lexical influences, and the relations
between phonotactics and the lexicon. The c
tral finding of Experiment 1 is that both s
quence probabilities and lexical similarity pr
duced significant unique effects. This res
confirms the role of sequence probabilities

wordlikeness. This has been widely assume
-

-
.
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e
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but previous studies had not controlled for le
cal effects, so that lexical influences could no
ruled out as an alternative explanation for se
ingly phonotactic effects. At the same time, 
result establishes lexical neighborhoods, w
had been given little attention by previous 
search on wordlikeness, as an important fa
Finally, the finding that sequence probabili
and lexical neighborhoods exhibit unique effe
suggests that these represent cognitively dis
sources of knowledge. Lexical influences do
subsume phonotactic effects, which sugg
that phonotactic knowledge is not merely 
plicit in our knowledge of words. We return
this issue in the General Discussion.

In measuring neighborhood effects, the G
provided a substantial improvement over 
simple number of neighbors density metric. 
GNM also revealed that the effect of a neigh
ing word was modulated by its frequency
well as its degree of similarity to a probe. T
frequency effects observed in our study can
be due to unusual phonotactic properties of 
high frequency words, because separate t
were included for phonotactic probabilities.
some extent the frequency effects we obse
are consistent with effects reported elsewhe
578 BAILEY AND HAHN

FIG. 1. Best fit GNM quadratic frequency weighting for Experiments 1 and 2, using estimates of phono
ical distance based on edit distance (ED) and syllable part mismatches (SPM). Graph shows the relative w
d,lexical processing (e.g., Goldiamond & Hawkins,
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1958; Luce & Pisoni, 1998; Luce et al., 199
Whaley, 1978). What is striking about our r
sults is that the frequency effect was nonmo
tonic. Again, we will return to this finding in th
General Discussion.

Finally, Experiment 1 assessed the ove
ability of sequence probabilities and lexical 
fects to explain wordlikeness. Any comple
theory of wordlikeness must explain the rati
differences we observed among the items in 
study. Our results confirmed our intuition th
phonotactic probabilities were of limited e
planatory power. Lexical neighborhoods we
more influential in determining wordlikenes
Even so, sequence probability and lexical me
ures together accounted for some 30% of v
ance in item ratings, leaving 70% unaccoun
for. This unaccounted variance is shared kn
ledge about sequence typicality which is un
plained. The extent of unaccounted varian
suggests severe limitations to the current un
standing of this aspect of linguistic knowledg
but how general is this rather unexpected res
The only previous studies which report me
ures of the magnitude of effect their predicto
had on wordlikeness report much larger valu
including R2 values as high as 96 (Greenberg
Jenkins, 1964), and 76% (Frisch et al., 2008

However, this is where the differences in des
between previous research and our own st
become crucial. Because the isolates of Exp
ment 1 were chosen at random, the R2 values we
obtain estimate the general relationship betw
those predictors and wordlikeness for monos
labic nonwords in the neighborhood of arbitra
isolates. This is a specialized population of n
words, to be sure, but the point is that our e
mates of explained variance extend beyond
specific items actually tested in our study. 
contrast, inferences cannot be drawn about p
ulations of nonwords from the sample R2 values
reported in these previous studies due to 
methods of stimulus selection they employed
each case, these studies chose stimuli to y

either a dichotomous high–low phonotactic pr

8 The correlation coefficients reported in Greenberg a
Jenkins (1964) and in Frisch et al. (2000) have been squ
here for comparison purposes.
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bability distribution (Frisch et al.)9 or a flat dis-
tribution which covered a range of probability
values (Greenberg & Jenkins). Though th
method of stimulus selection will have maxi
mized the power of these studies for signifi
cance tests, the gains in power are achieved
magnifying the population correlations unde
test, producing larger correlations in the stimu
lus sample. To illustrate the problem this pos
for assessing the importance of various pred
tors, we selected a subset of our stimulus item
covering the 25% most extreme phonotactic tr
gram values. In this dichotomous subset, th
fraction of wordlikeness variance accounted fo
is R2 = 24 and 20% for phonotactic and ortho
tactic trigrams, respectively. These values a
substantially inflated relative to those obtaine
across the entire set of stimulus items (R2 = 8
and 15%, as shown in Table 1). Perhaps ev
worse, the R2 values are differentially inflated
by the selection process: Phonotactic trigram
have greater predictive value in the subset th
do orthotactic trigrams, but the opposite is tru
in the entire set of items and, by inference, in th
population from which the original set was sam
pled. Because the R2 values reported in previous
studies are inflated by the stimulus selectio
process, comparisons are not possible acro
studies and, more important, the values report
overestimate to an unknown degree the abili
of the predictors under test to account for wor
likeness in nonwords more generally.

Because there are no other studies availa
for comparison, a replication can help clarif
whether our predictors are genuinely as limite
in explanatory value as it seems. Such a replic
the
In
op-

the

tion is also desirable for the other key findin
of Experiment 1.

EXPERIMENT 2

Experiment 2 is an auditory version of t
same task. The difference in modality and c
o-

nd
ared

9 Collapsing across different syllable lengths, the stimuli
of Frisch et al. (2000) cover a broad range of phonotactic
probability with a fairly flat distribution, but the distribution
of phonotactic probabilities within each length group is di-
chotomous.
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represent a considerable change from Exp
ment 1, which allows us to examine the rob
ness of its key findings. A purely auditory pr
entation also allows us to clarify whether 
orthotactic contribution arose solely as a con
quence of written presentation or whether kno
edge of orthotactic patterns plays a role m
generally.

Method

Participants. Twelve University of Warwick
undergraduates and graduates, 6 Cardiff U
versity graduates, and 6 Oxford Univers
graduates were paid for participating in t
experiment.

Materials. The stimulus set was the same
in Experiment 1, minus misspelled items. T
items were recorded in a professional radio 
dio by a male speaker unaware of the purpos
the experiment. There were 328 items, wo
and nonwords, in total. The items were recor
in four different orders (two forward and two r
verse orders from Experiment 1).

Procedure. Participants took part in sma
groups of two and three. The experiment las
about an hour. Participants listened to a t
recording in which all items were spoken in 
same syntactic frame, for example:

One. ‘Slontch.’ How typical sounding is
‘slontch’?

Results

Several items on some of the hour-long l
were mispronounced by the speaker; the rat
of those items were dropped from the analy
A total of 12 data points were affected in t
way, but no single item was lost entirely. As
Experiment 1, the ratings were subjected to
arcsine transformation.

Across individual responses, the differen
between items were large relative to noise in
data, ω2 = .21. The similarity between Expe
ment 2 and Experiment 1 (ω2 = .22) indicates tha
the level of agreement between participant
relative item ratings was the same for both tas

On average, the transformed ratings for n
misses (M = .41, SE= .006, n = 237) were some

what higher than those for isolates (M = .33, 
D HAHN

SE= .013, n = 22). These aggregate ratings a
virtually identical to those obtained in Exper
ment 1. The correlation between mean item r
ings in Experiments 1 and 2 was r = .60.

Sequence probabilities. The simple effect of
each of the phonotactic and orthotactic mea
ures on its own was significant, Fs(1,23) > 16,
ps < .001. Together, phonotactic and orthotac
probabilities accounted for about 17% of th
variance between items (see Table 1). The co
bination of phonotactic and orthotactic prob
bilities was only a little better than phonotactic
alone (R2 = 16%), and the combination of phono-
tactic bigrams, trigrams, and syllable parts w
little better than bigrams alone (R2 = 15%). Or-
thotactic bigrams and trigrams accounted f
very little variance in this oral task (R2 = 3%).

Lexical neighborhoods. By itself, NNB (R2 =
7.2%) accounted for much less item varian
than did the GNM (R2 = 22%). Neighborhood
effects increased the total item variance e
plained from 17% (sequence probabilities alon
to 22% (with NNB) and 31% (with the GNM)
The unique contribution of each neighborhoo
model was significant: R2 = 5.4 and 14% for
NNB and GNM, respectively, F(1,23) = 22 and
F(4,92) = 28, ps < .001.

After partialling out neighborhood effects
the total remaining effect of phonotactic and o
thotactic probabilities was significant, R2 = 15
(partialling out NNB) and 9% (partialling ou
the GNM), Fs(5,115) = 31 and 25, ps < .001.
Phonotactic probabilities had a significa
unique effect after partialling out orthotactics 
addition to NNB, R2 = 14%, F(3,69) = 47, p <
.001. In contrast, orthotactics had no significa
unique effect after partialling out phonotactic
and the NNB, R2 = 0.4%, F(2,46) = 1.6, p = .22.

Removing the frequency component from th
GNM significantly reduced the fraction of vari
ance explained from 31 to 30%, F(2,46) = 8.2,
p < .001. This replicates the finding of Exper
ment 1 that wordlikeness depends on the f
quency of neighboring words as well as the d
gree of similarity to them. Again, frequenc
effects were nonmonotonic, with influence ri
ing with token frequency up to a maximum fo
medium-frequency neighbors and then fallin
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off again at higher token frequencies (see Fig. 1).
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Discussion

While some differences to Experiment 
emerged, the key findings were replicated. Aga
neighborhood density and similarity to individu
words had significant effects, over and above 
effects of sequence probabilities. Also, the f
quency of neighboring words had a significa
nonmonotonic effect on wordlikeness. Lexic
effects were stronger than effects due to seque
probabilities, but sequence probabilities were 
subsumed by lexical ones.

In Experiment 2, phonotactic bigram prob
bilities were much better than trigram or syll
ble part probabilities at predicting wordlikene
ratings. This contrasts with Experiment 1, 
which trigram probabilities (orthotactic as we
as phonotactic) were better than bigram pro
bilities at predicting wordlikeness. It may b
that the transitory nature of the auditory stim
in Experiment 2 made it relatively difficult fo
participants to analyze stimuli into larger tr
gram chunks. Also, the oral mode of presen
tion in Experiment 2 evidently eliminated th
effects of orthotactic probabilities. Neverth
less, the orthotactic influence in Experimen
seems to have had little effect on the relatio
ship between phonotactic probabilities and le
cal neighborhoods. Indeed, it is remarkable t
all key findings replicated across two stud
conducted in different modalities, with signifi
cant concurrent differences in the duration 
the experiment (20 min vs. slightly over 60 min
This is of methodological consequence, sin
administering a questionnaire is far easier 
both experimenters and participants where
much material is involved. Our results sugg
that, in this context at least, written presentat
may be effective if it is ensured that stimul
items receive unambiguous spellings as did 
materials and if orthotactic effects are factor
out in the analysis.

As in Experiment 1, a large fraction of item
variance in Experiment 2 remains unaccoun
for. This suggests that our current understand
of wordlikeness is still rather limited, even whe
lexical influences are considered in addition
phonotactics. Such a limitation would hav

readily been masked in previous research by
KENESS 581

emphasis on significance testing. It would al
not become apparent in other tasks, particula
online processing tasks, in which factors beyo
sequence typicality would contribute signifi
cantly to the systematic variability betwee
items. Because there are no obvious alternati
to lexical knowledge and phonotactic know
edge as the determinants of our wordlikene
ratings, this result suggests that it is lexic
neighborhoods and/or phonotactics themsel
which are only partially understood. The impl
cations of this finding extend beyond sequen
typicality and affect any domain in psycholin
guistics that has drawn on phonotactic probab
ities or lexical neighborhoods. Consequent
we followed these results with an extensiv
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search for better measures of phonotactics a
lexical neighborhoods.

ALTERNATIVE MODELS OF
PHONOTACTICS AND 
LEXICAL NEIGHBORS

Clearly no work could entirely exhaust th
range of possible measures of phonotactics or 
ical influence. We thus take a two-step approa
We first try to delimit conceptually the key dimen
sions of variation governing alternate measu
and then sample different measures varying alo
each of these dimensions. Finally, we comb
the most successful measures and evaluate t
against the data from Experiment 2 to determ
whether they account for the missing variance.

Measuring Phonotactic Probabilities

Where might better phonotactic measures 
found? Conceptually, the space of possibiliti
is delimited by the following dimensions o
variation: (1) one might consider different uni
of analysis; (2) one might calculate the statist
over a different, more appropriate or psycholo
ically relevant corpus; (3) one might use diffe
ent psychological functions (e.g., logs) to rela
phonotactic probabilities to behavior; or (4) th
individual component probabilities might b
combined in a different way.

Bigrams and trigrams. We first explored two
variations in the corpus over which these sta
tics are compiled. Since our experimental ma
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uate them with respect to transition probabilit
of English monosyllables, rather than those
the entire lexicon. However, bigram and trigr
probabilities computed over the monosylla
entries in CELEX accounted for much less of 
variance between items in Experiment 2 (R2 =
5.4 and 0.9% for bigrams and trigrams, resp
tively) than did probabilities computed over t
entire lexicon (R2 = 15 and 4.0%).

The second corpus variation involved wo
frequency. The simplest way to compute bi- a
trigram probabilities is to base these on a la
dictionary of English. This method differs fro
an analysis of real speech in that the diction
lists the sounds of each word just once, so tha
bigrams of common words are underreprese
compared to their occurrence in real speech.
statistics of real speech are better approxim
by weighting the bigrams of each word in the d
tionary by its frequency of use (cf. Jusczyk et 
1994; Vitevitch & Luce, 1998, 1999; Vitevitc
et al., 1997). However, the probabilities for o
stimulus set computed with and without weig
ing by words’ log token frequencies (as listed
CELEX) were almost perfectly correlated: For
five of our phonotactic and orthotactic measu
whether computed across the entire CEL
database or across monosyllables alone, the
est correlation for corresponding measures w
and without frequency weighting was r = .97 (in-
spection revealed no clear nonlinear relations
between weighted and unweighted measu
This high degree of correspondence suggests
little is to be gained by taking word frequen
into account in these sequence probabilities.

Along the other dimensions of variation, w
examined other ways of combining the com
nent bigram (or trigram) probabilities into 
composite measure for the entire word and
also considered a different psychological fu
tion. Our original measures above avera
over the component probabilities for each ite
whereas some studies have used unaver
product probabilities and have also taken log
probabilities rather than using them direc
(e.g., Coleman & Pierrehumbert, 1997). Th
computational differences produce some me

ures of item probability which are only moder
ately correlated with each other across our stim
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ulus set, as shown in Table 2. The combinat
which accounts for the most variance is lo
product probabilities (R2 = 19 and 7% for bi-
grams and trigrams, resp., in Experiment 2). T
superiority of log product probabilities over ou
original unlogged, averaged measures is pro
bly due to word length effects (see Coleman
Pierrehumbert, 1997). Whereas averaging co
ponent probabilities normalizes for word lengt
the use of product probabilities penalizes long
words and assigns them lower probabilities. T
allows product probabilities to capture the fa
that wordlikeness ratings generally decrea
with word length (r = −.12 in Experiment 2).
However, word length effects also arise natura
in models of lexical neighborhoods (longe
words have fewer neighbors), so the gain o
tained through the use of products in phonotac
measures might ultimately be superfluous.

Single phoneme probabilities. In principle,
single phoneme probabilities are independen
bigram and trigram transition probabilities (e.g
a high probability bigram transition could in
volve low frequency phonemes which occur 
just a few contexts). Across our stimulus s
bivariate correlations between single phonem
probabilities and bigram probabilities range
from r = .14 to .55, depending on how the pro
abilities were computed (see Table 2). The
correlations leave ample room for independe
effects on wordlikeness to emerge. According
we tested the ability of logged and unlogg
mean and product probabilities to account f
the experimental wordlikeness ratings. The b
phoneme probability metric used log produ
probabilities (R2 = 8% for Experiment 2).

Subsyllabic constituents. In addition to se-
quence probabilities based on phoneme tra
tions, the analyses of Experiments 1 and 2 con
ered a syllable part metric based on the probab
of transitions between a syllable’s onset, nucle
and coda. Again, computing these probabiliti
relative to monosyllables (R2 = 2.7% in Experi-
ment 2) instead of the whole lexicon (R2 = 5.2%)
substantially reduces the amount of item varian
explained by syllable parts. By contrast, applyi
a log transformation to probabilities compute
across the whole lexicon increases the amoun

-variance explained (R2 = 7.5%).
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We also examined an alternative measure
subsyllabic probabilities. The onset–rime prob
bility metric (ORP; Coleman & Pierrehumber
1997) takes the syllable onset and rime (
vowel and any following consonants) as the ba
units of analysis. It emphasizes the importan
of nucleus–coda co-occurrence information a
assumes that onset and rime are statistically
dependent (cf. Treiman, 1988, 1995). ORP d
tinguishes between initial, medial, and final s
lables and also between stressed and stres
syllables. We assumed our (monosyllabic) st
uli were stressed and evaluated them on the b
of probabilities for word-initial onsets and word
final rimes in stressed syllables. Log ORP valu
(R2 = 13% for Experiment 2) were better than l
syllable part probabilities (R2 = 7%). However,
the relatively simple log product bigram prob
bilities (R2 = 19%) were better than ORP.

Summary of phonotactic alternatives. We ex-
amined four key dimensions of the space of p
sible phonotactic measures, testing additio
basic units of analysis (single phonemes, ons
and-rimes), different corpora (monosyllable
token frequency), combination rules (product
and psychological functions (logs). We examin
18 additional measures, but none was radic
better than our original measures. Log prod
probabilities provided a modest but consist
gain. In addition, both single phoneme prob
bilities and onset–rime probabilities look lik
promising additions to the set of phonotac
measures. Although additional combinations
unit of analysis, corpus, combination rule, a
psychological function remain untested, the f
that none of the many variations we tried led
striking improvements makes it seem unlike
that any vastly superior combination actua
exists. This points toward lexical neighborhoo
as the route toward a better explanation of 
quence typicality.

Lexical Neighborhoods

The same basic dimensions of variation go
ern the space of possible models of lexic
neighborhood. However, the complexities i
volved mean that the space of alternative mod

is vast and greatly exceeds that sketched
phonotactics. Furthermore, there has been vir
KENESS 583
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ally no exploration of these issues in previo
research. The most problematic issues conc
basic units of analysis and combination rule
These form the central question for any mod
of lexical neighborhood: What makes two word
similar? Phonological theory decompos
words into feet, syllables, syllable part
phonemes, and phonological features. Any
these might be the basic unit of comparis
from which the similarity between two words i
composed. What makes these candidates
complex to evaluate is that each candidate is
sociated with a range of possibilities as to ho
the comparisons are to be conducted. Assumi
for example, phonemes as the basic unit of co
parison, which phoneme comparisons betwe
the two words are relevant? Arestick and ticks
more or less similar thanstickandtick? That is,
do matching phonemes in different position
(e.g., the /s/ instick and ticks) contribute to the
overall similarity between words, or are the ps
chologically relevant comparisons restricted
phonemes in corresponding positions? Furth
more, corresponding positions in words of di
ferent length might be defined in many differe
ways. A serious test of phonemes as the ba
unit of analysis would have to explore all o
these possibilities.

To some extent, one could bypass the issu
how to compute similarity by collecting similar
ity judgments or confusability data for pairs 
words (e.g., Luce, 1986). However, it would b
an enormous task to collect such data for, s
the 408 nearest neighbors of each of our stim
lus items. Potentially, whole-word similarit
might be derived from the confusability of su
word parts (as in Luce), but the same questi
arise: What are the appropriate subword pa
and how do they combine to determine who
word similarity?

Even the conceptually straightforward d
mensions of variation such as choice of corp
harbor considerable difficulties. It would be d
sirable to examine the same variation betwe
measures based on the entire CELEX lexic
and measures based on monosyllables. H
ever, there are significant computational co
involved, given that finding a word’s n nearest
tu-neighbors requires a step through the entire cor-
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pus for each stimulus item; this has restric
previous work (e.g., Luce, 1986) and ours
monosyllables only.

Given the range of possibilities and the si
able effort involved in testing a model such
the GNM, nothing like an exhaustive search 
better models of lexical neighborhood could
conducted here. We tested two variants of 
GNM which differ from our original version i
the basic unit of analysis for computing simil
ity to neighbors and also in the way these u
are combined. These variants maintain the s
corpus (monosyllables), psychological funct
(exponential), and way of aggregating who
word similarities across all neighbors into a s
gle value for each probe item.

Phoneme subset lattice distance metric. The
first new variant of the GNM employs a phon
logical distance metric which gives credit f
shared phonemes, even in different positio
The words stick and ticks are composed of th
same phonemes arranged in different sequen
The edit distance metric used in the GNM ab
gives no credit for shared phonemes in differ
word positions, so stick and ticks are no more
similar than trick and ticks. The phoneme subs
lattice metric extends the natural class lat
metric used for phoneme dissimilarity in Fris
(1996). A comparison of two words proceeds
listing all subsets of phonemes in each wo
whether the phonemes are adjacent or not,
preserving the order of the phonemes (e.g., /
stewincludes the subsets /stu/, /st /, /su/, /tu/,
/t /, and /u/). The phoneme subsets are a
mented by the subsets of phonological featu
for each phoneme, to obtain a combined lis
phoneme and feature subsets for each wor
single metric of phonological distance betwe
two words is computed by dividing the numb
of different subsets by the total number of s
sets in the two words.

Syllable part mismatch distance metric. A
second new variant of the GNM adopts sylla
parts (onset, nucleus, and coda) as the basic
word unit of analysis in order to explore the p
sibility that syllable parts are weighted diffe
entially in determining similarity. Sendlmei

(1987) suggests that onsets are more impor
than codas in word similarity; Nelson and Nelso

r-
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(1970) make the opposite claim. Stember
(1994) argues that, at least for speech prod
tion, vowels are of primary importance in ph
nological similarity, followed by word-initia
(onset) consonants, and then word-final con
nants. It seems reasonable to consider a dist
metric which allows differential weighting fo
comparisons between different syllable parts
two words. The syllable part feature misma
metric computes three values for each pair
syllables to be compared, one for correspond
onsets, one for nucleuses, and one for codas
simplicity, this metric dispenses with the d
tailed phonological feature representations e
ployed in our other metrics of phonological d
tance. For each syllable part, we compile a se
major class features (place of articulation, m
ner of articulation, and voicing) represent
within the syllable part (e.g., the onset of skit in-
cludes the features [alveolar], [velar], [voic
less], [fricative], and [stop]). To the set of fe
tures we add the phoneme subsequences w
are present in the syllable part (e.g., /s/, /k/, 
/sk/ for the onset /sk/). This preserves positio
information so that syllables such as /æps/ 
/æsp/ are distinguished from each other. Fina
corresponding syllable parts are compared
dividing the number of features and sub
quences they share by the total number of 
tures and subsequences in both syllable parts
subtracting this ratio from 1. A weighted sum
syllable part scores yields a single syllable p
feature mismatch metric for the pair of word
The relative weights assigned to the sylla
parts are determined by regression.

Evaluation of GNM variants. For each of the
two new metrics of phonological distance, w
identified the nearest 408 real-word neighbors
each probe (i.e., 105,672 total neighbors
each metric). The neighbors and their token f
quencies were used in the GNM to model t
ratings from Experiment 2. The phoneme sub
lattice metric (R2 = 4%) explained much les
variance between items than did the original e
distance metric (R2 = 22%). The syllable par
mismatch metric (R2 = 30%) explained more
variance than did the edit distance metric.
spection of the weighting parameters for diffe

nent syllable parts tentatively suggests that onsets
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were more important than codas, though the
ference was small. Vowels carried no weig
whatsoever.10

In summary, our examination of the space
possible models of lexical neighborhood ma
clear both that there is much more to expl
and that much less ground has been covere
previous research. Tests of two alternative m
els found that giving credit for shared phonem
in different syllable parts did not help, where
differential weighting by syllable position seem
a promising road to pursue.

Combined and Unique Effects of the Best
Predictors

Our explorations of alternative measures id
tified a number of measures which individua
provide somewhat better accounts of wordli
ness than the factors considered in the orig
analyses. To see how these measures perfo
combination, we tested them together aga
the data from Experiment 2. This analysis 
cluded five measures of phonotactic probabi
including log product probabilities for sing
phonemes, bigram transitions, and trigram tr
sitions, plus log syllable part and onset–ri
probabilities. The GNM was used to mod
neighborhood effects with the syllable part m
match metric of phonological distance. Orth
tactic probabilities, which had no significant 
fect in Experiment 2, were left out.

Without the GNM, the new set of phonotac
metrics accounted for R2 = 23% of variance be
tween items (compared to 16% for the origi
metrics). Neighborhood density (NNB) had 
significant unique effect after the new phonot
tic metrics were partialled out, F < 1.

When we combined the new phonotactic pr
abilities with the GNM, the full model account

2
for R = 38% of variance between items (com
pared to 31% reported above with the original 

10The surprising absence of any contribution by vowels
phonological (dis)similarity in the syllable part mismatc
version of the GNM may be due in part to the limited natu
of the feature comparisons employed—two vowels are
ther the same or else they differ in place of articulation. It
possible that effects of vowel comparisons will emerge fro
more sophisticated models that incorporate degrees of si
larity among vowels.
ENESS 585
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of phonotactic probabilities and the edit distan
metric of phonological similarity). The uniqu
contributions were R2 = 15 and 9% for the GNM
and phonotactics, respectively, F(6,138) = 21
and F(5,115) = 17, ps < .001. Removing the fre
quency component from the GNM significant
reduced the fraction of variance explained
R2 = 36%, F(2,46) = 21, p < .001. The frequency
effects were nonmonotonic, as shown in Fig.

Neither the consideration of alternativ
phonotactic measures nor of alternative me
ures of lexical influence substantially alters t
basic findings reported above. Our main fin
ings of independent lexical and phonotactic 
fects, superior lexical influence, and nonmon
tonic frequency effects are confirmed with t
new set of measures. Moreover, despite an
tensive search for the best measures of pho
tactic probability and neighborhood effects, t
best set of predictors accounts for only 38%
wordlikeness variance in the population of no
words we sampled. Although this is an improv
ment over the 31% explained by the origin
predictors, it still leaves a considerable prop
tion of the variance unexplained. To elimina
the possibility that the remaining unexplain
variance is just noise, we tested it against 
residual error variance and found it to be stati
cally significant, R2 = 62%, F(247,5608) = 5.1,
p < .001. This result confirms the conclusi
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ness has not yet been found.

GENERAL DISCUSSION

The research reported here examined the
ture of sequence typicality, an important fac
in many areas of speech processing and ve
memory. We sought to determine: (1) the ex
to which sequence typicality is based on pho
tactic probabilities (as has often been assum
(2) whether lexical influences have their ow
possibly even more important role in determ
ing sequence typicality; and (3) whether kno
edge of sequence typicality is implicit in the le
icon and completely subsumed by neighborh
effects or whether it is based on an indepen
store of abstract statistical knowledge.

Sequence typicality has been linked to pho

to
h
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ei-
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m

tactic probabilities in a number of previous stud-
mi-
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ies (Coleman & Pierrehumbert, 1997; Danko
cova et al., 1998; Frisch et al., 2000; Gatherc
& Martin, 1996; Vitevitch et al., 1997). How
ever, the results of these studies are confoun
since phonotactic probabilities are generally c
related with neighborhood density (Landauer
Streeter, 1973; Frauenfelder & Schreuder, 199
This confound raises the possibility that see
ingly phonotactic effects in these studies were
fact lexical. Our finding that phonotacticproba-
bilities had significant unique effects above a
beyond the effects of lexical neighborhoods
the strongest evidence to date for the role
phonotactics in sequence typicality. This findi
replicated across modalities of stimulus pres
tation and held across a variety of measure
both lexical neighborhoods and sequence p
babilities. However, estimates of the varian
explained by sequence probabilities alone c
firmed our suspicion that phonotactic probab
ties explain less about sequence typicality th
is commonly assumed. A combination of the fi
best measures of phonotactic probabilities
counted for about 23% of the variance betwe
items in wordlikeness. Furthermore, extens
examination of alternative phonotactic measu
makes it seem unlikely that this figure can
much improved upon.

Previous evidence for lexical influence on 
quence typicality has been limited (Greenb
& Jenkins, 1964; Martin & Gathercole, report
in Gathercole & Martin, 1996; Frisch et a
2000), and the lexical measures used in th
studies are confounded with phonotactic pro
bilities. Accordingly, our finding that lexica
neighborhoods had significant unique effe
above and beyond the effects of phonota
probabilities is also the strongest evidence
date for neighborhood effects in sequence t
cality. Our results confirm our earlier suspici
that lexical influences are not only importa
but play a bigger role in sequence typicality th
do phonotactic probabilities, at least in the k
of monosyllabic nonwords we examined. T
conclusion contrasts with Frisch et al. (200
who found that phonotactic probability was
marginally better predictor of wordlikeness th
was neighborhood density for the multisyllab

nonwords they examined. Several factors m
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contribute to this difference. First, Frisch et al
method of stimulus selection potentially inflat
the effect of phonotactic probabilities relative 
neighborhood effects. This kind of relative infl
tion is exemplified above by the dichotomo
subset of our stimuli chosen to obtain extrem
phonotactic trigram probabilities. In this subs
the relative importance of phonotactic and o
thotactic trigrams was reversed relative to t
relation those factors had in the original sam
and, by inference, in the wider population 
nonwords from which they were chosen. Fris
et al.’s choice of high and low phonotactic pro
ability items makes it impossible to say wheth
the relationship they observed between pho
tactic probabilities and neighborhood effects
indicative of their relative effects in the wide
population. Second, Frisch et al. used a nei
borhood density metric (a variant of NNB) t
model neighborhood effects. Our own resu
confirmed that NNB was a poorer predictor 
wordlikeness than were the best measures
phonotactic probabilities. However, we foun
NNB itself to be a relatively poor measure 
neighborhood effects. The GNM, in conjunctio
with either the edit distance or the syllable p
mismatch metrics of phonological distance, p
vided a better explanation of wordlikeness th
did any individual phonotactic probability me
ric or, indeed, any combination of phonotac
probability metrics. This result underscores t
shortcomings of NNB as a measure of lexic
influence and emphasizes the gradient natur
neighbor status as represented in the GN
Third, Frisch et al. examined wordlikeness 
multisyllabic nonwords, whereas our study f
cused on monosyllables. It is conceivable th
the relative importance of sequence probab
ties and neighborhood effects changes as a fu
tion of word length. However, given the oth
differences between these studies, this final p
sibility is merely speculative.

The GNM identified nonmonotonic frequenc
effects. While the influence of a lexical neighb
increased as a function of its frequency at 
lower end of the frequency spectrum, its infl
ence actually decreased again for very comm
words. Nonlinear frequency effects have be

ayindicated by previous findings that log fre-
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quency is a better predictor than raw frequen
counts in a variety of linguistic tasks (e.g
Goldiamond & Hawkins, 1958). Nonmonoton
frequency effects, however, have previou
been reported only in the context of inflection
morphology (Bybee, 1995; Hahn et al., 199
Moder, 1992). Within a schema model of pr
ductive phonological patterns, Bybee sugge
that very high frequency bestows greater lexi
autonomy or distinctiveness, attenuating lin
between the affected words and other wo
with similar phonological patterns. Very hig
frequency words therefore contribute little to t
productivity of phonological patterns. Th
GNM provides a slightly different explanatio
in terms of psychological distance. The no
monotonic frequency effects suggest th
phonological space is warped around very h
frequency words so that the effective similar
between them and their neighbors is less t
would be expected on the basis of phonolog
characteristics alone. As a result, a high f
quency word interacts less with its neighb
than does a medium frequency word.

Our findings also address the issue of 
cognitive status of phonotactic knowledge 
its relation to the lexicon. The question 
whether phonotactic knowledge is a genui
separate body of linguistic knowledge, or 
merely implicit in the lexicon, has been rais
in a variety of psycholinguistic contexts (c
Gathercole & Martin, 1996; McClelland &
Elman, 1986; Vitevitch & Luce, 1998, 1999
Our finding of unique effects of both provide
the most direct evidence so far for the two
distinct components.

In the context of sequence typicality, Vit
vitch and Luce (1998, 1999) argued for distin
dissociable sources of phonotactic and lexi
knowledge. In these studies, the existence
two separate sources was inferred from div
gent patterns obtained in the speeded proces
of words and nonwords. However, these exp
ments did not manipulate the two factors ind
pendently: Stimuli were either high in bo
phonotactic probability and neighborhood de
sity or they were low in both. These studies th
necessarily provide only indirect support for t

claim that phonotactic and lexical influences a
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distinct. Vitevitch and Luce argued that the d
ferences they observe between words and n
words can be explained by assuming that 
processing of real words is dominated by lexic
influences whereas nonword processing is do
inated by phonotactics. Moreover, to expla
different patterns across different tasks, the re
tive influence of both sources must be mod
lated by specific task demands. The results
our direct comparison of lexical neighborhoo
and phonotactic probabilities on the same ta
lend support to Vitevitch and Luce’s argumen
for two separable knowledge sources.

Beyond the realm of sequence typicality, th
two prime areas of language processing th
have seen debate about whether or not proce
ing draws on probabilistic phonotactic know
edge above and beyond lexical knowledge a
the recognition of ambiguous phonemes a
error patterns found in speech production. T
debate about phonotactic influences on phone
recognition was initiated by McClellend an
Elman’s (1986) TRACE model of spoken wor
recognition which attributed seemingly phon
tactic effects to top-down feedback from the le
ical level. However, these effects might als
arise from recurrent connections on the phon
logical level in purely bottom-up models o
word recognition (see, e.g., Norris, 1994).
principle, recurrent connections which enable
network to retain information about precedin
network states could pick up the kind of stati
tical contingencies embodied in our phonota
tic transition probabilities. Recurrent networ
connections have also been incorporated int
model of speech production (Dell, Juliano, an
Ghovindjee, 1993) to account for phonotact
patterns in speech errors by extracting salie
statistical properties of sound sequences. M
models of speech production, however, have
corporated a more limited view of phonotact
knowledge in the form offrameswhich distin-
guish legal from illegal sequences (e.g., De
1986; MacKay, 1987; Meyer, 1990; Stemberg
1985; Wheeler & Touretzky, 1997).

In both contexts, our results are broadly co
sistent with those models that can incorpora
rerecurrence. Conversely, they are at odds with
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models which lack such information, wheth
those models assume that all phonotactic kn
ledge is implicit in the lexicon or whether th
phonotactic knowledge is limited to inviolab
rules or constraints in the form of phonotac
frames (since our stimuli are well formed wi
respect to English syllable structure, catego
cal rules are powerless to explain differences
typicality among our items; also see Colem
& Pierrehumbert, 1997). However, two quali
cations must accompany these general c
ments. On the one hand, models of spec
tasks (e.g., phoneme identification) might leg
imately exclude phonotactic information as
relevant to that particular task—different tas
might well draw on different sources of info
mation. Even so, our results have implicatio
for what might be deemed a parsimonious
planation of other tasks. For example, McCl
land and Elman (1986) argued that th
TRACE model of speech perception can a
count for apparent effects of phoneme tran
tion probabilities in a phoneme identificatio
task, without any explicit representation of su
word transition probabilities. If the existence
explicit subword transition probabilities is in
dependently motivated by results such as o
then the appeal of McClelland and Elman’s a
count of phoneme identification is greatly r
duced (also see Pitt & McQueen, 1998).

On the other hand, network models that 
clude recurrent phonological layers are con
tent with our results only in a general sense. 
currence gives such models the power,
principle, to extract at least some phonota
probabilities. However, a practical difficul
which remains to be overcome is to get n

works with recurrent connections to operate 
a lexicon of a realistic size (cf. Norris, 1994

drusp gwesht shandge slesk
glemp krenth shresp slontch
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This is critical because we found that phonot
tic probabilities computed over monosyllabl
alone were not nearly as good at accounting
sequence typicality as those computed over
entire lexicon. Even if the practical difficult
can be overcome, it remains to be seen whe
recurrent connections can extract the right k
of phonotactic probabilities needed to expla
the relevant phonotactic effects.

Our final result was unexpected. Even t
best combination of phonotactic probabiliti
selected from the many measures we examin
combined with the best measure of neighb
hood effects, accounted for only about half 
the variance between items. Sequence typica
still seems to be only partially understoo
which in turn limits our understanding of tas
in which sequence typicality has been ackno
edged as important (e.g., naming, recall fr
verbal short-term memory, phoneme identific
tion). Since there are no obvious alternatives
lexical knowledge and phonotactic knowled
for explaining wordlikeness, we conclude tha
is lexical neighborhoods and/or phonotact
themselves which are only partially understo
In particular, the vast space of possible mod
of lexical neighborhoods is still virtually unex
plored, and it would seem to be here that 
greatest room for improvement lies. Given t
importance of lexical influences throughout ps
cholinguistics (including speech productio
word recognition, inflectional morphology, an
phonological development), the search for m
comprehensive models of lexical neighbo
hood must be a key area for future resea
Whether more comprehensive models mig
even one day subsume the current contribu
on
).
of phonotactics to sequence typicality remains
to be seen.
APPENDIX

Isolates

drolf greltch prunth shrupt smisp stolf threlth zinth

snulp swesk throndge

spulsh swust trinth
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Near misses

binth drilf glump misp shadge slintch spulp thrilth
blemp drisp greld nulp shan slisk spulse thrind
blesk droff grell pinth shendge slisp spust thrond
breltch drosp grelm plemp shesp slon stelf thron
brelth drump grentch plunth shindge slotch stilf thrupt
brenth drup gresht presp shinth slulp stoff thrusp
bresp drupt gresp printh shondge sluntch stulf tolf
brondge drusk gretch prolf shrapt slusk stulp treltch
brunth druss griltch prundge shremp slust stust trent
clemp drust grinth prunt shrep smimp sulp tresp
clenth dusp grolf pruntch shrept smip sulsh trilth
clontch dwesht grondge prupt shress smiss sweck trin
cren dwesk grunth punth shrest smist swelk trindg
crend finth grupt quenth shript smust swesht trintc
crendge flemp grusp reltch shrisp snalp swess trith
crent flesk gweft relth shruct snisp swest trolf
crentch flontch gwelt renth shruft snulf swisk trupt
cresp freltch gwept resp shrunt snulk swisp trusp
creth frenth gwesh rinth shrup snull swist twinth
crinth frinth gwet rolf shrust snult swontch wesht
crondge frondge hinth rondge shrut snump swuft wesk
crunth frunth inth rupt shundge snup swunt winth
crupt frupt jinth rusp sinth snust swupt wust
crusp frusp kenth sandge sisp solf swutt yinth
dinth geltch kinth scolf skisp sontch threll zilth
dolf gemp kwesk scontch sleck spelsh threlm zin
drelf gesht lemp sculp slemp spesk threlsh zindg
m
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dreltch glem lesk sculsh
drenth glep linth scust
dresp glimp minth sesk
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