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ARTICLE INFO ABSTRACT

Keywords: Overall lexical frequency has long been known to play a role in sound change. Specifically, lexical frequency is
Informativity negatively correlated with phonetic duration, and as such can be seen as a driver of diachronic reduction pro-
Frequency

cesses. However, recent findings suggest that it is the frequency of occurrence in a phonetic environment that
favors a particular type of sound change, rather than overall lexical frequency, that shapes phonetic forms. For
temporal reduction, Seyfarth (2014) shows that words that have a high frequency of occurrence in predictable
contexts (low informativity words) are more temporally reduced than words that have a lower frequency of
occurrence in predictable contexts (high informativity words). In this paper, I replicate Seyfarth’s (2014) finding
using another corpus of unscripted English — the Nationwide Speech Project corpus (Clopper and Pisoni, 2006),
as well as using a corpus of another language, Polish — the Greater Poland Spoken Corpus (Kazmierski et al.,
2019; Kul et al., 2019). In both cases, informativity is included as a predictor of theoretical interest in mixed-
effects linear regression models of word durations. Informativity, i. e. the frequency of occurrence in low-
predictability contexts is shown to have a statistically significant effect on word durations in both English and
Polish. Extending the analysis beyond a replication of Seyfarth (2014), a comparison of the effect of informativity
and overall lexical frequency shows that the effect of informativity is somewhat weaker in Polish than in English,
lending some support to the notion that morphologically rich languages are less sensitive to contextual

Temporal reduction
Speech corpus

predictability.

1. Introduction

The negative correlation between lexical frequency and word length
has been known at least since Zipf (1949). Arguably, the shorter length
of frequent words results from a phonologization of phonetic reduction
of high-frequency words. The underlying mechanism could be
speaker-driven, with repeated use resulting in articulatory reduction
(Bybee, 2001). Alternatively, or perhaps complementarily, the mecha-
nism could be driven by listeners: highly frequent forms are recovered
more easily by listeners, and so do not need to be pronounced with a
great deal of phonetic detail to be decoded (Lindblom, 1990). In either
case, online adjustments in word durations might result in diachronic
change through the reinterpretation of reduced forms as intended
pronunciations.

Recently, effects of the frequency of occurrence in an environment
that favors a particular phonetic realization, in contrast to overall lexical
frequency, have come to light. Eddington and Channer (2010) show that
English words ending in /t/ which are often followed by
consonant-initial words have higher rates of glottaling than words which
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are followed by consonant-initial words less often, and that this effect
holds even in prevocalic environment. Brown and Raymond (2012)
show that the diachronic path that accounts for the present-day distri-
bution of f-[f] vs. h-[@] words in Spanish is best modeled when taking
into account the frequency of occurrence of a given word after words
beginning in non-high vowels. Similarly, Raymond and Brown (2012)
show that for /s/ initial words in Spanish spoken in New Mexico, the
probability of reduction of the word-initial /s/ to [h] or to @& is driven by
the frequency of occurrence of the [s] initial word after words beginning
with non-high vowels. Raymond et al. (2016) show that the probability
of word-final t/d deletion in English is positively correlated with the
frequency of occurrence of a word before consonant-initial words.
Forrest (2017) found that for (ING) in English the effect of frequency of
occurrence in a particular environment interacts with overall frequency.
Frequent occurrence in environments favoring -in boosts the frequency
effect, whereas frequent occurrence in environments favoring -ing
dampens it. Bybee (2017) gives an overview of sound changes previ-
ously accounted for with regard to grammatical and lexical factors, and
argues that they too can be captured with regard to phonetic context
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only, when the notion of phonetic context is expanded to include a
word’s frequency of occurrence in an environment conducive to change.
An effect of an environment conducive to change that is revisited in this
paper is one found by Seyfarth (2014), who found that words which
frequently occur in predictable contexts (low informativity words, term
coined by Cohen Priva and Jurafsky (2008)) show shorter durations than
words which frequently occur in unpredictable contexts (high informa-
tivity words). Seyfarth’s study is an extension of Piantadosi et al.’s
(2011) finding that informativity is correlated with word length in a
sample of 11 languages, and that this correlation is stronger than a
correlation of word length with frequency. As Piantadosi et al. (2011, p.
3526) posit, “the amount of information conveyed by a word should be
linearly related to the amount of time it takes to produce”. This, in turn,
builds on Aylett’s (1999) finding that speakers speak more slowly when
their messages are more information rich.

The effects of frequency of occurrence in a particular phonetic
context are challenging to models of speech production which assume
abstract phonological representations and feed-forward speech pro-
duction architecture, such as Levelt et al.’s (1999). Such models do
incorporate overall lexical frequency effects. Temporal reduction can be
construed as an online effect driven by higher activation levels of
high-frequency lexical items. However, information regarding the
typical environment in which a given word occurs is not available
during online processing. A class of speech production models with ac-
cess to such information are those based on rich storage, where multiple
phonetically specified tokens of a word are available. The mechanism
for the influence of occurrence in predictable contexts on phonetic
duration could be as follows. The tokens of productions in high pre-
dictability contexts are shorter, and tokens of productions in low pre-
dictability contexts are longer due to online temporal reduction effects.
During production, when all available tokens are drawn upon for a
production plan, the frequency of occurrence in high versus low pre-
dictability contexts will play a role in shaping the duration of the output
form. That is one possible way of accounting for the effects of frequency
of occurrence in a phonetic environment favoring temporal reduction.
Regardless of whether it is the right mechanism, a major modification of
abstractionist feed-forward models is the least that would be called for,
given that these effects are real. Testing the generalizability of the fre-
quency in favoring environment effects is therefore warranted. The ef-
fect found by Seyfarth (2014) is tested in this paper. First, the effect is
replicated on the same language, i. e. English, but on the basis of a
different data set than in the source article. Consequently, the effect is
replicated on another language, namely on Polish. Extending research
findings beyond English, and beyond the Germanic language family is
worthwhile. Polish has a much richer morphology than English, and
Polish words are generally longer than English words. Koplenig et al.
(2022) failed to find an effect of informativity on phonetic durations in
Polish, which can be due to typological differences between English and
Polish (Levshina, 2022). It is therefore conceivable that the effect of
informativity will not hold for Polish. Finally, the relative weight of
informativity versus lexical frequency as predictors of word durations is
compared for the two languages.

2. Predictability

One simple and useful operationalization of the predictability of a
given word in context is its transitional probability (Bush, 2001). The
predictability of a word w; given word w;_; can be expressed as the ratio
of the joined probability of w;_; and w; (bigram probability) to the
probability of w;_;, as summarized in Eq. (1). Frequencies of occurrence
in a reference corpus are typically taken as estimates of probabilities.

C(wi,lwi)

1
C(Wi,l) ( )

P(wilw;_1) =

A limitation of this conditional probability measure is that it yields
zero for any bigram not encountered in the reference corpus, thus
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Fig. 1. A comparison of right-context predictability of scrappy and tough
across all their contexts of occurrence given the language model constructed on
the SUBTLEX-US (Brysbaert and New, 2009) corpus. scrappy has a bimodal
distribution, with the higher of the two density peaks in the lower predictability
region compared to the central tendency for tough.

treating all occurrences of novel bigrams as equally improbable. Addi-
tionally, conditional probability cannot be computed at all for any
bigram for which w; ; does not occur in the reference corpus. A tech-
nique for alleviating these issues employed in Seyfarth (2014) is Modi-
fied Kneser-Ney smoothing (Chen and Goodman, 1998), described by
Chen and Goodman (1998), and implemented in the SRILM Toolkit
(Stolcke, 2002; 2011). Thanks to smoothing, non-zero probabilities are
computed even in cases where one of the elements of the bigram is
missing. In the present paper, the same method is used, albeit imple-
mented with different tools. The cmscu package (Davis and Vinson,
2016) was used for training a smoothing function. While Seyfarth
(2014) used the Fisher corpus for constructing the language model, here,
large and freely available corpora were used instead: SUBTLEX-US
(Brysbaert and New, 2009) for English and SUBTLEX-PL (Mandera
et al., 2015) for Polish.

To illustrate the relationship between predictability and phonetic
duration, compare the predictability of home in nice home and in fortress-
like home. The predictability of home given nice in nice home is very low
(< 0.001), since many other lexical items appear routinely after nice in
English speech. Given this relatively low predictability, relatively little
temporal reduction of home in nice home is expected. Conversely, the
predictability of home given fortress-like in fortress-like home is much
higher (0.412). Consequently, more temporal reduction of home in
fortress-like home is predicted. Both these examples consider left-context
predictability, i. e. the predictability of a word given the word that
precedes it. In addition to left-context predictability, right-context pre-
dictability has also been shown to exert its influence on temporal
reduction (Lohmann, 2017; Seyfarth, 2014). To illustrate, the predict-
ability of home given course in home course is relatively low (< 0.001),
whereas the predictability of home given furnishings in home furnishings is
relatively high (0.256). Consequently, relatively little reduction of home
in home course is predicted, and more reduction of home in home fur-
nishings is predicted. Right-context predictability has been shown to
exert a stronger influence on phonetic duration than left-context pre-
dictability (Lohmann, 2017; Seyfarth, 2014).

3. Informativity

There is variation across lexical items as to how often they appear in
predictable contexts. For quantifying how unpredictable a word is
overall, Seyfarth (2014) invokes informativity. It is a metric proposed by
Piantadosi et al. (2011) as ‘average information content’, and proposed
to be an improvement on the role of lexical frequency put forward by
Zipf. Using a large scale Google corpus as their data set, Piantadosi et al.
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(2011) show that for 11 languages that they studied, informativity is
more strongly correlated with orthographic word length than lexical
frequency is.

Informativity is expressed by Eq. (2).

N

Wl ; logP(W=w | C =c;) 2)
A word’s informativity is the negative weighted mean of smoothed
log probabilities across all contexts. Informally, the more often a word
occurs in low-predictability contexts, the higher its informativity.
Conversely, the more often a word occurs in high-predictability con-
texts, the lower its informativity. To illustrate, Fig. 1 shows the distri-
butions of right-context predictability of all occurrences of two words,
scrappy and tough in the language model. The word scrappy is often less
predictable from its right context than the word tough, and so it has
higher informativity.

4. Informativity vs frequency

The robustness of the primacy of informativity over lexical frequency
has since been questioned.

Care is needed to assess the effect of informativity versus frequency
on word durations, as informativity and frequency are well correlated.
Seyfarth (2014) notes this correlation in his data (r = —0.58). Finding a
stronger correlation of informativity (r = 0.52) than of frequency (r =
—0.28) with duration, he sees frequency as a “suppressor variable”
(Seyfarth, 2014: 147), and excludes frequency from the final models he
reports. Including both frequency and informativity in the same
regression model would lead to paradoxical result of lexical frequency
being positively correlated with word durations. Such paradoxes may
happen when two strongly correlated predictors, one of which is more
strongly correlated with the response than the other, are included in the
same regression model (Seyfarth, 2014: 147; cf. Friedman and Wall,
2005).

Meylan and Griffiths (2021) found that Piantadosi et al.’s (2011)
result, with informativity trumping frequency in all 11 languages stud-
ied, fades when different - arguably, better - methodological decisions
are introduced in the analysis. Informativity remains better correlated
with word length in English, but for other languages there is no differ-
ence between frequency and informativity. For Polish, the effect is
reversed: frequency beats informativity. As a possible reason for the
across-languages difference, they note morphology, including
case-marking: while English has two cases (Quirk, Greenbaum, Leech,
and Svartvik, 1985), Polish has 6+ cases (Bielec, 2012). With regard to
case-marking, Polish is the polar opposite of English in the sample,
making it an interesting testing ground for the role of informativity vs
frequency in word durations, in addition to word length.

Following up on Meylan and Griffiths (2021) finding and recom-
mendations, Koplenig et al. (2022) used a large corpus of German to
train 3-gram models to test the role of frequency vs. informativity on
word length for lists of most frequent word-form types of increasing sizes
(from 12.5k to 800k most frequent types). They find only partial support
for Piantadosi et al.’s finding: whether frequency or informativity is
more strongly correlated with word length depends on the size of the list
of types selected. Additionally, Koplenig et al. (2022) computed
Spearman correlations with average phonetic durations (obtained from
a separate speech corpus): consistently, frequency is correlated with
phonetic word durations, while informativity is not: this is in contrast to
Seyfarth (2014).

Levshina (2022) hypothesized that there are ‘““frequency-sensitive’
languages and ‘informativity-sensitive’ languages’, and that belonging
to one group or the other is patterned, belonging in large part on the
morphological richness of a given language. She studied the relationship
between informativity (left-context and right-context) and lexical fre-
quency on the one hand and orthographic word length on the other in
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seven typologically diverse languages. She argues that higher type-token
ratio in morphologically rich languages causes data sparseness, which
makes neighboring words less reliable predictors. Indeed, she found that
the languages in her sample with highest type-token ratios (Finnish and
Hungarian) showed a dominant role of frequency compared to the lan-
guage with lowest type-token ratio (Indonesian), which showed a
dominant role of informativity. Levshina also hypothesized that rela-
tively free word order, which is often a feature of morphologically rich
languages, makes words less predictable from their context. This hy-
pothesis, however, was not supported in her data set. For Russian,
typologically the closest language of her sample to Polish, Levshina
(2022) found left-context informativity to have a stronger effect than
right-context informativity.

In light of findings and arguments of Meylan and Griffiths” (2021),
Koplenig et al. (2022), Levshina (2022), Polish, in contrast to English, is
expected to show a dominant role of frequency rather than of informa-
tivity in driving temporal reduction of words.

5. Goals

In the target paper, Seyfarth (2014) investigated the influence of
informativity on temporal reduction in two unscripted speech corpora:
Buckeye (Pitt et al., 2007) and Switchboard-1 Release 2 (Calhoun et al.,
2009; Godfrey and Holliman, 1997). Predictability and informativity
were estimated based on the Fisher Part 2 corpus (Cieri et al., 2005). The
findings were that predictability, both left-context and right-context,
lead to more reduction, in both corpora. For informativity, higher
right-context informativity was correlated with less reduction in both
corpora, and higher left-context informativity was correlated with less
reduction in the Switchboard corpus. To test the robustness of this
finding, I attempted to replicate Seyfarth’s (2014) finding on the same
language (English) using different data sources than the target article:
Nationwide Speech Project corpus as a source of phonetic duration data
and SUBTLEX-US as a reference corpus for computing predictability and
informativity metrics. Given contrasting predictions for Polish, I have
extended the same design to that language as well, using the Greater
Poland Spoken Corpus (Kazmierski et al., 2019; Kul et al., 2019) as
source of phonetic data, and SUBTLEX-PL as a reference corpus for
computing predictability and informativity metrics.

6. Study 1: English
6.1. Data

For English, the Nationwide Speech Project (Clopper and Pisoni,
2006) corpus was used.’ It contains speech of 60 speakers, 10 from each
of the 6 dialect regions of American English (Labov et al., 2006), 5 fe-
male and 5 male speakers for each region. A number of speech styles
were elicited from each speaker. For the present investigation, only
unscripted speech is relevant. Therefore, only one speech style,
5-minute-long interviews, were used. These include 30,775 word-form
tokens, and 3052 word-form types. The transcripts provided with the
corpus were manually aligned on the breath-group level in Praat
(Boersma, 2018), and force-aligned with the audio on the word and
phoneme levels with FAVE-align (Rosenfelder et al., 2014). Further
annotation and querying was done in LaBB-CAT (Fromont and Hay,
2012). All data transformation was done using the dplyr package in R (R
Core Team, 2022).

A Modified Kneser-Ney smoothing function was trained on the
SUBTLEX-US corpus using the cmscu package (Davis and Vinson, 2016)
in R. Consequently, a complete list of bigrams from SUBTLEX-US was
annotated with both left-context and right-context smoothed

1 Data sets and scripts for fitting the models reported on here are available in
a public OSF repository at https://osf.io/w52cd/
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Fig. 3. Partial-effect plots for the significant informativity predictors in the two corpora: right-hand informativity in each case. Points show individual data points,
with densities indicated by color: brighter spots show higher concentrations of data points.

conditional probabilities. This list was then used to compute left-context
and right-context informativity for each word using the formula from
Eq. (2). Its implementation was made feasible thanks to the data.table R
package (Dowle and Srinivasan, 2022).

Each word retrieved from the NSP corpus was annotated with its left-
context and right context smoothed conditional probability (=local
predictability), as well as with its left-context and right-context infor-
mativity (=global unpredictability). To account for other factors influ-
encing word durations, the following annotations were also added to
serve as control variables:

Part of speech: Words were tagged with dominant part of speech
tags from SUBTLEX-US (Brysbaert and New, 2009). Only words tagged
as Nouns, Adjectives, Adverbs and Verbs were included. Part of speech
was a treatment-coded categorical predictor, with Noun as the reference
level.

Orthographic length: Number of letters in the word, a numerical
predictor, log-transformed, centered and standardized.

Number of syllables: Number of syllables in the word, retrieved
from CELEX (Baayen et al., 1995), a numerical predictor,
log-transformed and standardized.

Dialect area: It has been suggested that different dialects of Amer-
ican English are associated with different speech rates. It is therefore

conceivable that there are differences across the dialects with regard to
temporal reduction as well. To control for this, dialect area, specifying
one of the six dialect areas: Mid-Atlantic, Midland, New England, North,
South, West, was entered as a sum-coded categorical predictor.

Average per speaker articulation rate: Average number of sylla-
bles per second for each speaker, log-transformed, centered and
standardized.

Per utterance per speaker speech rate deviation: Reduction pat-
terns may be linked to local deviations from a speaker’s average
speaking rate. This was captured by the rate deviation numerical pre-
dictor expressed as a difference, in syllables per second, between the
articulation rate of the utterance containing the target bigram and that
speaker’s average articulation rate (cf. Tanner et al, 2017);
log-transformed, centered and standardized.

Durations of all words in the corpus were extracted. The following
words were discarded: all words which do not belong to one of the
content-word categories, i.e. noun, verb, adjective, adverb; as well as all
words with missing left-hand and/or right-hand context. In the end,
7152 word tokens (853 word types) were kept for analysis.

Both left-context informativity (that is informativity of w; given w;_;)
and right-context informativity (that is informativity of w;_; given w;) of
the words present in the final data set are negatively correlated with log-
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Table 1
Summary of mixed-effects linear regression model of word durations in English
(the Nationwide Speech Project corpus).

Term Est. CI t p-value
(Intercept) 0.256 0.227-0.286 17.131 <0.001
Local predictability given —0.001 —0.004-0.001 —0.952 0.341
previous
Informativity given previous  0.002 —0.008 - 0.012 0.444 0.657
Local predictability given -0.029 -0.031 - —20.253  <0.001
following —0.026
Informativity given 0.025 0.015 - 0.034 5.004 <0.001
following
POS [Adjective] —0.013  —0.029 - 0.002 —1.745 0.081
POS [Adverb] —0.036  —0.051 - —4.683 <0.001
—0.021
POS [Verb] —0.031  —0.042 - —5.486 <0.001
—0.020
Orthographic length 0.035 0.028 — 0.042 9.489 <0.001
Dialect [Mid-Atlantic] -0.012  —0.019- —-3.103 0.002
—0.004
Dialect [Midland] 0.007 —0.000 - 0.015 1.835 0.067
Dialect [New England] —0.003 —0.010 - 0.004 —0.805 0.421
Dialect [North] 0.005 —0.002 - 0.012 1.351 0.177
Dialect [South] 0.004 —0.003 - 0.011 1.201 0.230
Average articulation rate —0.015 —0.018 - —8.259 <0.001
—0.011
Articulation rate deviation -0.026  —0.028 - —28.619  <0.001
—0.024
Number of syllables 0.027 0.021 - 0.034 8.827 <0.001

10 lexical
respectively).

The relationship between right-hand informativity and lexical fre-
quency for a random subset of 40 words is illustrated in Fig. 2.

A mixed-effects linear regression model was fit to the data with word
duration as the response variable, and the factors listed in the preceding
paragraph as predictor variables. Additionally, to account for word-level
and speaker-level idiosyncrasies in word durations, by-word and by-
speaker random intercepts were included. Further, to account for
differing effects of the predictor variables of greatest theoretical interest,
i.e. right-context and left-context informativity, by-speaker random
slopes for these two variables were also included. The model was fit with
the Ime4 package (Bates et al., 2015) in R, with p-values being calculated
with the Satterthwaite method, as implemented in the ImerTest package
(Kuznetsova et al., 2017).

frequency (r=-0.9,p < 0.001;r=-0.81,p < 0.001

6.2. Results

Due to initial convergence issues, the default optimizer was replaced
with “optimx”, from the R package of the same name (Nash and
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Varadhan, 2011). The model converged with a Marginal R? of 0.564 and
Conditional R? of 0.704. Of the predictors of theoretical interest,
left-context local predictability (ﬁ = —0.001) and left-context informa-
tivity (/Ai = 0.002) did not turn out to be significant (p = 0.341 and p =
0.657, respectively). Conversely, right-context local predictability (5 =

—0.029, p < 0.001) and right-context informativity (§ = 0.025, p <

0.001) did turn out to be significant.” The effect of the significant

right-context informativity predictor is visualized in Fig. 3, Panel A.
For part of speech, the first of the control variables in the model, the

difference between adjectives and nouns was not significant (f = —
0.013, p = 0.081), while the differences between adverbs and nouns

(ﬁ = — 0.036, p < 0.001), as well as between verbs and nouns (/Ai =
—0.031, p < 0.001), were. Additionally, an omnibus test revealed part of
speech to be significant overall (y?(3) = 37.74, p < 0.001). Continuing
with control variables, orthographic length (8 = 0.035), average artic-
ulation rate (ﬁ = —0.015), articulation rate deviation (ﬁ = —-0.026), and

number of syllables (§ = 0.027) all turned out to be statistically sig-
nificant (p < 0.001). The sum-coded dialect predictor showed only one
significant difference from the mean, for the Mid-Atlantic area (b =
—0.015, p = 0.002), while an omnibus test did show dialect to be a
significant predictor overall (y2(5) = 20.19, p = 0.001). All model terms
are summarized in Table 1.

6.3. Study 2: Polish

Levshina hypothesizes that in the higher type-token ratio of
morphologically rich languages can result in the sparsity of data for
contextual predictability. To verify the difference in type-token ratios
between English and Polish, for comparability with Levshina, the
following computations were performed. From each corpus, 1000
samples of 1000,000 tokens each were randomly drawn. Using these
samples, 1000 type-token ratios per corpus (SUBTLEX-US for English
and SUBTLEX-PL for Polish) were computed. Word forms with at least
three occurrences in the corpus were included. For English, the thus
calculated mean type-token ratio is 0.0245 (95 % of means between
0.0243 and 0.0246). For Polish, the mean type-token ratio is 0.0736 (95
% of means between 0.0733 and 0.0739). The higher type-token ratio in
Polish compared to English supports the notion that data for computing
contextual predictability is sparser in Polish than in English.

6.4. Data

For Polish, the Greater Poland Spoken Corpus (Kazmierski et al.,
2019; Kul et al., 2019) was used. The corpus contains phonemically
annotated interview speech of 64 speakers (51 self-identified as female,

2 A Reviewer, self-identified as Vsevolod Kapatsinski, warns that there is a
risk of the effect of informativity being an artifact of partial pooling, given that
the local predictability estimates are noisy and might be better approximated,
particularly in rare contexts, by the addition of informativity estimates (i.e., by
making use of predictability in other contexts). The Reviewer suggests modeling
a series of simulated datasets, as outlined in Kapatsinski (2024) to verify this
possibility. The datasets are generated such that word durations are not affected
by informativity at all. I performed 1,000 simulations for this model, as well as
for the model reported on for Study 2. As the estimated effects of informativity
in the models fit to the simulated data sets are smaller than those in the original
models, there is reason to believe that the effects of informativity reported here
are not artifacts. Given that none of the 1,000 estimates of the models fit to the
simulated datasets are as large as the actual estimates (for either model), the
probability of obtaining such large effects of informativity is < .001. It is likely,
though, that the effect sizes reported here may be overestimated: a little more
than a half of the effect size might be due to partial pooling. The imple-
mentation and results of the simulations are available as scripts and plots in the
OSF repository.
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13 as male). Two corpus creators acted as interviewers in all interviews,
and some interviewees were interviewed on their own, and some in
pairs. Both read speech and interview speech was elicited from each
speaker. For the present investigation, only unscripted speech is rele-
vant. Therefore, only interview speech was used. 15 min long stretches
of selected interviews are accompanied by orthographic transcriptions.
These have been force-aligned in Labb-CAT (Fromont and Hay, 2012),
by training HTK models (Young et al., 2006) for each speaker separately,
with the help of a pronunciation dictionary compiled by the author. It is
these 15 min-long stretches that lend themselves to querying and mea-
surement, so they formed the basis for the present analysis. They contain
68,326 word-form tokens and 8378 types.

In most respects, the study on Polish paralleled the study on English
described above. One variable present in the analysis of English that is
missing from the analysis of Polish is dialect. While the English speakers
of the NSP corpus come from six dialect areas of the United States, all
speakers of the GPSC come from the same dialect area, Greater Poland.

A Modified Kneser-Ney smoothing function was trained on the
SUBTLEX-PL corpus using the cmscu package (Davis and Vinson, 2016)
in R. Since full sentences are not available for the SUBTLEX-PL corpus,
the training was conducted using a pre-compiled list of bigrams.
Consistent with Meylan and Griffith’s (2021) recommendation, UTF-8
encoding was used to maintain a full range of orthograpic distinctions
made in Polish, e.g. widzq ‘they see’ vs. widza ‘spectator’s’. Conse-
quently, a complete list of bigrams from SUBTLEX-PL was annotated
with both left-context and right-context smoothed conditional proba-
bilities. This list was then used to compute left-context and right-context
informativity for each word using the formula from Eq. (2), with the
help of the data.table R package (Dowle and Srinivasan, 2022).

Each word retrieved from the GPSC was annotated with its left-
context and right context smoothed conditional probability (=local
predictability), as well as with its left-context and right-context infor-
mativity (=global unpredictability). To account for other factors influ-
encing word durations, the following annotations were also added to
serve as control variables:

Part of speech: Words were tagged with dominant part of speech
tags from SUBTLEX-PL (Mandera et al., 2015). Only words tagged as
Nouns, Adjectives, Adverbs and Verbs were included. Part of speech was
a treatment-coded categorical predictor, with Noun as the reference
level.

Orthographic length: Number of letters in the word, a numerical
predictor, log-transformed, centered and standardized.

Number of syllables: Number of syllables in the word was derived
automatically from phonemic transcriptions prepared for the pronun-
ciation dictionary compiled by the author for the purposes of force-
alignment of the GPSC. It is a numerical predictor, log-transformed
and standardized.

Average per speaker articulation rate: Average number of sylla-
bles per second for each speaker, log-transformed, centered and
standardized.

Per utterance per speaker speech rate deviation: A numerical
predictor expressed as a difference, in syllables per second, between the
articulation rate of the utterance containing the target bigram and that
speaker’s average articulation rate; log-transformed, centered and
standardized.

Durations of all words in the corpus were extracted. The following
words were discarded: all words which do not belong to one of the
content-word categories, i.e. noun, verb, adjective, adverb; as well as all
words with missing left-hand and/or right-hand context. In the end,
10,589 word-form tokens (1712 word-form types) were kept for
analysis.

A mixed-effects linear regression model was fit to the data with word
duration as the response variable, and the factors listed in the preceding
paragraph as predictor variables. Additionally, to account for word-level
and speaker-level idiosyncracies in word durations, by-word and by-
speaker random intercepts were included. Further, to account for
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Table 2
Summary of mixed-effects linear regression model of word durations in Polish
(the Greater Poland Spoken Corpus).

Term Est. CI t p-value

(Intercept) 0.251 0.227 - 0.275 20.612 <0.001

Local predictability given —0.007  —0.009 - —5.299 <0.001

previous —0.004

Informativity given previous —0.007 —0.015 - —1.881 0.060
0.000

Local predictability given -0.016 —0.018 - —-12.281  <0.001

following —0.013

Informativity given following 0.020 0.013 - 0.027 5.507 <0.001

POS [Adjective] -0.001  -0.012- -0.112 0.911
0.011

POS [Adverb] —0.001 —0.015 - —-0.132 0.895
0.014

POS [Verb] —0.020  —0.028 - —4.349 <0.001
—0.011

Orthographic length 0.074 0.066 — 0.082 18.011 <0.001

Average articulation rate —0.019 —0.021 - —20.167  <0.001
—0.017

Articulation rate deviation -0.023  —0.024 - —30.546  <0.001
—0.021

Number of syllables 0.040 0.033 - 0.046 12.097 <0.001

differing effects of the predictor variables of greatest theoretical interest,
i.e. right-context and left-context informativity, by-speaker random
slopes for these two variables were also included. The model was fit with
the Ime4 package (Bates et al., 2015) in R, with p-values being calculated
with the Satterthwaite method, as implemented in the ImerTest package
(Kuznetsova et al., 2017).

6.5. Results

Similarly to the first model, no convergence could be obtained with
the default optimizer. In this case, the “bobyga” optimizer allowed the
model to converge. Marginal R> was 0.703, and conditional R? was
0.804. Of the predictors of theoretical interest, left context local pre-
dictability ( = —0.007), right context local predictability (5 = —0.016)
and right-context informativity ( = 0.02) turned out to be significant (p
< 0.001). Only left-context informativity did not come out as significant
($\hat{\beta = —0.007$, p = 0.06). The effect of the significant right-
context informativity predictor is visualized in Fig. 3, Panel B.

The first of the control variables, part of speech, showed a significant
difference between verbs and nouns (ﬁ =—-0.02, p < 0.001), but did not
show a significant difference between adjectives and nouns B =
—0.001, p = 0.911), or adverbs and nouns (ﬁ = —0.001, p = 0.895). An
additional omnibus test showed the part of speech predictor to be sig-
nificant overall (¥?(3) = 27.1, p < 0.001). All of the remaining control
predictors, that is orthographic length (ﬁ = 0.074), average articulation
rate (ﬁ = —0.019), articulation rate deviation (ﬁ = —0.023), and number

of syllables (3 = 0.04) were significant (p < 0.001). All model terms are
summarized in Table 2.

7. Discussion

The results of Seyfarth (2014) have been largely replicated on an
additional English data set. Seyfarth (2014) found a significant effect of
right-context informativity in both the Buckeye corpus and the Switch-
board corpus, and additionally an effect of left-context informativity
(though with a smaller effect size) in the Switchboard corpus. The pre-
sent replication found an effect of right-context informativity only. In
this study, just like in the target study, higher informativity (i.e. higher
overall unpredictability) is associated with longer word durations.

This effect, going in the same direction, has additionally been
extended to another language — Polish. This extension may be seen as
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Fig. 4. Spearman correlation coefficients (absolute values) of left-context informativity, lexical frequency, and right-context informativity with mean word durations
in English (the Nationwide Speech Project corpus) and Polish (the Greater Poland Spoken Corpus) broken down by number of syllables.

surprising, given Koplenig et al.’s (2022) failure to find an effect of
informativity on phonetic durations in Polish, hypothesized to stem
from typological differences between Polish and English (Levshina,
2022).

Since informativity can be seen as a case of frequency of occurrence
in an environment favoring particular phonetic shapes (here: frequency
of occurrence in low predictability contexts, favoring little temporal
reduction), this article has provides support for such effects more
broadly. The effect of right-hand informativity for word durations in
English, and, to an extent, the same effect in Polish, poses a challenge for
models of phonological storage and processing which assume abstract
representations devoid of phonetic detail. Since phonological models
able to account for these effects must assuming access to stored
phonetically-rich representations, the present article indirectly furnishes
support for rich-storage models.

8. Informativity vs. lexical frequency

Given strong correlations of the informativity measures and lexical
frequency, they could not be entered in the same regression models.
Especially for English, the same rationale as that applied by Seyfarth
(2014) holds: given that both informativity and lexical frequency are
strongly correlated with word durations, lexical frequency can be seen
as a suppressor variable.

To try to compare the relative influence of the two, one could
compare the correlation coefficients of each of the three metrics: left-
context informativity, right-context informativity, and lexical fre-
quency, with mean word durations.

In English, Spearman’s correlation coefficients show that the asso-
ciation between right-context informativity and word durations (r =
0.6) is the strongest, followed by lexical frequency (r = —0.58) and left-
context informativity (r = 0.54) .2 The difference between r = 0.6 and r
= 0.58 is not statistically significant, the difference between r = 0.58 and
r = 0.54 is. In Polish, Spearman’s correlation coefficients show that
lexical frequency (r = —0.46) and right-context informativity (0.46) are
correlated with mean word durations to similar degrees. Left-context
informativity shows a weaker correlation (r = 0.32). The difference
between r = —0.46 and r = 0.46 is not statistically significant, the dif-
ference between r = 0.46 and r = 0.32 is.

3 Statistical significance of the differences between correlations was tested by
means of the cocor (Diedenhofen and Musch, 2015) R package, at an alpha level
of 0.05.

While left-context informativity (i.e. the average unpredictability of
a word given the word that precedes it) shows weaker correlations with
word durations, in both English and in Polish, than lexical frequency, the
correlation of right-context informativity (i.e. the average unpredict-
ability of a word given the word that follows it) with word durations is
comparable to lexical frequency. This crucial difference has to be borne
in mind when assessing the role of informativity versus lexical fre-
quency: the choice of right-hand versus left-hand informativity will have
an impact on the outcome of the comparison. Additionally, this curious
finding that phonetic durations seem to be more affected by following
words than be preceding words (cf. also Lohmann, 2017) demands
further attention.

A serious limitation of the correlations computed above is that they
disregard all the other variables affecting word durations which are
accounted for in the regression models reported on above. Crucially,
words of different lengths (measured in number of syllables, or in
number letters) are bound to have different durations. One could
therefore break down the correlations by a length measure. Fig. 4 shows
the correlations of each of the three metrics with mean word durations
broken down by the number of syllables in a word. For English, the order
of the strengths of the correlations is the same regardless of number of
syllables. In Polish, while right-context informativity has the strongest
correlation with mean word durations for most syllable counts, its effect
is comparable to that of lexical frequency for disyllabic words, and it
trumps it for six-syllable words. Taken together, this comparison does
point to a somewhat less decisive role of informativity for Polish word
durations compared to English.

9. Orthographic word length vs. phonetic word durations

For English, informativity appears to shape phonetic duration
(Seyfarth 2014, present replication) and as well as orthographic word
length (Meylan and Griffiths, 2021; Piantadosi et al., 2011). For Polish,
informativity may play a role in shaping phonetic durations (as indi-
cated in the present study) but not word length (Meylan and Griffiths,
2021). The less consistent primacy of informativity over lexical fre-
quency in Polish compared to English in speech production could be due
to lower reliability of contextual predictability measures in languages
with richer morphology, as stipulated by Levshina (2022). Thus, the
present study provides some support for Levshina’s postulated division
into frequency-sensitive and informativity-sensitive languages.
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