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Abstract

For various theories of human word recognition, the question of how the recogni-
tion of suffixed words is influenced by the morphological root or the surface form
of the word is of considerable relevance. According to many theories (e.g., Baayen
et al., 1997b), the morphological root predominantly guides the recognition process
unless the word is of a (relatively) high frequency of occurrence. We tested this ‘tip-
ping point’ hypothesis by comparing a statistical model based on this hypothesis with
two alternative statistical models: one assuming that word recognition is always root-
driven and another assuming it is always form-driven. To this end, we modeled re-
sponse time distributions from two large-scale lexical decision experiments in Dutch
— one visual and one auditory — focusing on three suffixes: the plural suffix -en for
nouns, the derivational suffix -heid for nominalisations, and -¢ as the second/third
person singular present tense suffix for verbs. Our results indicate that words with the
suffixes -t and -heid are retrieved as whole forms in both visual and auditory word
recognition. In contrast, words with the suffix -en are best accounted for by both the
root-driven and the form-driven models in auditory word recognition, while in visual
word recognition, they support the tipping point hypothesis. Taken together, our find-
ings suggest that both root-driven and form-driven principles are relevant for word
recognition, while the assumption of a categorical tipping point is less tenable. This
study contributes to our understanding of word recognition mechanisms in both lo-
calist and distributional-connectionist theoretical frameworks.
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1 Introduction

In normal and healthy conditions, we effortlessly process spoken words and, once
we have learned to read, written words as well. Yet the mechanisms underlying word
recognition are far from trivial and have been the subject of numerous studies for sev-
eral decades (e.g., Morton, 1969; Grainger & Jacobs, 1996; Chuang & Baayen, 2021).
A particular focus of research on word recognition has been on how we recognise
morphologically complex words (for overviews see Amenta & Crepaldi, 2012; Milin
et al., 2018; Stevens & Plaut, 2022), that is, words that can be divided into smaller
meaningful units (i.e., morphemes). For example, walked is complex because it can
be broken up into the root walk and the suffix -ed. The present study contributes to
research on how humans recognise morphologically complex words by investigating
the roles of the frequencies of both the complex words (e.g., walked) and their roots
(e.g., walk).

There are strong indications that the recognition of a morphologically complex
word (henceforth: complex word) is affected by the word’s morphological structure
and morphologically related words. For instance, words (e.g., walk) are recognised
faster when more morphologically related words (e.g., catwalk, walked, walkie-talkie,
walkman) exist in the language, an effect known as the morphological family size ef-
fect (e.g., Schreuder & Baayen, 1997; De Jong, 2002; Perdijk et al., 2012). To give
another example, the short presentation of the root of a morphologically complex
word before the presentation of the complex word (e.g., walk — walked) leads to a
faster recognition of the complex word than when a morphologically unrelated word
is presented beforehand (e.g, talk — walked; Geary & Ussishkin, 2018; De Grauwe et
al., 2019). Vice versa, the short presentation of a complex word before the presenta-
tion of this word’s root (e.g., walked — walk) leads to a faster recognition of this root
compared to when the root is preceded by a morphologically unrelated word (e.g.,
talked — walk; Beyersmann et al., 2016; Wilder et al., 2019). Importantly, such prim-
ing effects are significantly stronger for primes that are morphologically related to
the target (e.g., walked — walk) compared to primes that are solely orthographically
related to the target (e.g., department — depart), which indicates that the existence of
a morphological relationship increases priming beyond what is explained by a mere
orthographic relationship (e.g., Rastle et al., 2000; Cho et al., 2024).

This study focusses on the cumulative root frequency (henceforth root frequency),
another measure based on morphological structure. The root frequency is the total
frequency of all words that contain the presented word’s root. Words are recognised
quicker, the higher their root frequencies (henceforth root frequency effect, e.g., Taft,
1979; Meunier & Segui, 1999; Solomyak & Marantz, 2010; Sanchez-Gutiérrez et al.,
2018). Traditionally, it has been assumed that the root frequency effect occurs in-
dependently of the often-replicated effect of form frequency (e.g., Taft, 1979; Cara-
mazza et al., 1988; Col€ et al., 1989; Alegre & Gordon, 1999), which is based on the
number of occurrences of the word’s surface form (e.g., Brysbaert et al., 2018). The
assumption of independent root and form frequency effects is challenged, though, by
studies suggesting an interaction between the two effects (e.g., Baayen et al., 2007;
Luke & Christianson, 2011). For instance, Baayen et al. (2007) reported that, for En-
glish written words, higher root frequencies result in slower recognition times in high
form frequency words and in quicker recognition times in low form frequency words.
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1.1 Theoretical explanations for the root frequency effect (in interaction with
form frequency)

Theories of how humans recognise morphologically complex words can be broadly
categorised based on their view of the mental lexicon: either a localist view or a
distributional-connectionist view. The localist view (e.g., Morton 1969, 1970; Jack-
endoff & Audring, 2020; Taft, 2023) assumes that different linguistic units (e.g., mor-
phemes, lemmas, words) have their own representations in the mental lexicon. The
root frequency effect is the result of the involvement of the word’s root in the recog-
nition of the word, either because regular morphologically complex words are not
stored themselves in the mental lexicon (e.g., Taft & Forster, 1975), or because mor-
phologically complex words can be recognised both on the basis of their root and
their own lexical representations (e.g., Baayen et al., 1997b; Jackendoff & Audring,
2020; Taft, 2023), or because the lexical representations of complex words refer to
the words’ root (e.g., Meunier & Segui, 1999). The interaction of root frequency and
form frequency can well be accounted for by theories that assume that both a word’s
own lexical representation and that of its root can be involved in word recognition.
A word’s root may play a more important role when the representation of the word
itself is difficult to access, for instance because of its low frequency of occurrence
(Baayen et al., 2007). In contrast, when the representation of the word is easy to ac-
cess, the representation of the root may hinder word recognition because it activates
morphologically related words as competitors for the word to be recognised.

According to the distributional-connectionist view (e.g., Seidenberg & McClel-
land, 1989; Gonnerman et al., 2007; Blevins, 2016), the recognition of words does
not involve subunit representations, and some distributional-connectionist models
do not even assume lexical representations for words (Chuang & Baayen, 2021).
Instead, word recognition is conceptualised as the mapping of an incoming signal
(e.g., a letter sequence or an audio signal) onto a meaning representation. This map-
ping is often implemented in artificial neural networks that are trained with pairs
of word and corresponding meaning representations. During training, given an in-
put word representation, the network predicts a meaning representation, compares
this prediction with the actual meaning representation, and then uses the difference
between predicted and observed meaning to adjust itself so that it yields more accu-
rate predictions when it encounters the same input the next time. In such a network,
the root frequency effect emerges because root morphemes tend to have consistent
form-meaning-relationships. For instance, the words catwalk, walked, and walkman
all contain the sequence walk and a meaning that is related to ‘moving around’. In
distributional-connectionist models, it is assumed that the most influential weights
for the recognition of high frequency words are fine-tuned to these words themselves,
whereas the most influential weights for the recognition of low frequency words are
fine-tuned to these words’ roots (i.e., more often encountered items are learned better;
Seidenberg & McClelland, 1989). In order to be able to further develop both the lo-
calist and the distributional-connectionist theories, more insight is necessary in how
root frequency affects word recognition, as a function of form frequency. Differences
may be expected between visual and auditory word recognition since they differ from
each other in crucial aspects.
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1.2 Visual versus auditory word recognition

As mentioned above, morphological structure affects word recognition both in the
written and the auditory modality. Nevertheless, we may expect differences between
the two modalities. The fact that most written words can be perceived in their entire
forms in one glance, while spoken words unfold over time, has two implications.

First, a written word’s root can often be perceived immediately upon stimulus pre-
sentation, whereas a spoken word’s root is always perceived after its prefix and before
its suffix. As a consequence, a word’s root may play a larger role in the recognition
of suffixed words than of prefixed words in the auditory modality, which is supported
by the study by Miiller et al. (2024) in the context of family size effects.

Second, whereas in the visual modality, the final segment of the word can be im-
mediately perceived, in the auditory modality, listeners have to hear the complete
word before they can hear the final segment. This affects how participants react in the
many lexical decision experiments that have been conducted to investigate the role
of a word’s morphological structure, and in which the last segment of a stimulus can
turn the stimulus from a real word into a pseudoword. Listeners tend to wait until
word offset to make their lexicality decision (e.g., Ernestus & Cutler, 2015) and word
duration is the strongest predictor of auditory lexical decision reaction times (RTs).
In contrast, the most important predictor for visual lexical decision RTs is not word
length in number of characters — the visual counterpart to word duration — but form
frequency (e.g., Ferrand et al., 2018).

Another difference between written and spoken words is that, in many languages,
the spelling of a root (e.g., walk) is typically independent of whether it is embedded in
a morphologically complex word (e.g., walked). Nevertheless, the pronunciation of a
root may depend on whether it is embedded in a complex word and in which word. To
mention just a small possible difference, in spoken words of languages like English
and Dutch, roots that are realised in isolation are longer than roots realised in complex
words (e.g., Baayen et al., 2003). A more pronounced difference can be found in the
vowel (of the root) in the word pair breath /bre@/ versus breathing /bri:0ly/. These
differences may make it more difficult to recognise a given root in different words in
auditory word recognition, which may decrease the role of the frequency of the root
in auditory word recognition.

How much the pronunciation of a root in a word differs from its most common
pronunciation may vary with the affixes in the word. For instance, in Dutch, root-
final obstruents may differ in their voicing depending on whether they are in syllable
final position (together with a consonant initial affix) or in syllable-initial position, as
a consequence of resyllabification with a following vowel initial affix.

2 Goal of the present study

The present study investigates the role of root frequency in the recognition of mor-
phologically complex words, in both the written and the auditory modality, as a func-
tion of the suffix. Specifically, we compare the role of root frequency with the role of

word form frequency. We do so in two ways. On the one hand, we compare a model
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of word recognition that only takes root frequency into account with a model that
only takes word form frequency into account. On the other hand, we test the meta
model (see Sect. 3), which assigns an important role to the relation between the two
frequencies, assuming that root frequency is the only important predictor for words
with relatively high root frequencies, and that word form frequency is the only im-
portant predictor for words with relatively high word form frequencies. We will refer
below to this type of model as a model with a tipping point.

We analyse RTs from existing lexical decision data in Dutch. We chose Dutch
because the meta model was already applied to Dutch (Baayen et al., 1997b) and
because of the availability of large datasets of both visual and auditory lexical de-
cision data for this language. Similarly large datasets are also available for English
(Keuleers et al., 2012; Tucker et al., 2019) and French (Ferrand et al., 2010, 2018),
but we preferred Dutch, because it has a richer morphological system than English,
and because it has a more transparent orthography-pronunciation relationship than
French and English, which makes word recognition in the visual modality more sim-
ilar to word recognition in the auditory modality.

We focus on words with three different suffixes (plural -en, verbal -t, and -heid),
which differ in characteristics that may affect the hypothesised tipping point. This
will shed light on how the characteristics of the affixes affect the word recognition
process.

3 The tipping point model tested in the present study

We will test the role of the tipping point of root and form frequency on the basis of
a computational model that was especially popular at the end of the last century, the
meta model (Schreuder & Baayen, 1995; Baayen et al., 1997b). Despite its publica-
tion date of about 30 years ago, throughout the years, various authors have drawn on
the meta model to explain their experimental findings on, among others, the process-
ing of nouns in Italian (Baayen et al., 1997a), Hebrew (Vaknin-Nusbaum & Shimron,
2011; Vaknin-Nusbaum, 2025), Russian (Savinova & Malyutina, 2021), Dutch and
German (Reifegerste et al., 2017), compounds in Finnish (Pollatsek & Hyon4, 2005)
and Chinese (Zou et al., 2023), and English affixed free and bound roots (Solomyak
& Marantz, 2009) as well as English suffixed words (Dawson et al., 2018).

The meta model was developed to predict RTs to simplex (i.e., root words) and
complex words such as plurals in Dutch and English. It assumes that recognition
times consist of multiple time components. The first, constant, components are an
initial mapping time for the mapping of the signal onto lexical representations (for
simplex and complex words) and an execution time required to carry out a response.
The third component is an activation time, the time it takes until a lexical representa-
tion reaches threshold activation level. For simplex words, the recognition of which is
assumed to consistently be root-driven, the activation time is inversely proportional
to the word’s cumulative stem frequency. Baayen et al. (1997b) define cumulative
stem frequency as the “summed frequencies of a stem and all words in which that
stem occurs”. A complex word’s activation time would be inversely proportional to
the word’s form frequency in case of form-driven word recognition and to the word’s
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cumulative stem frequency in case of root-driven word recognition. Above that, root-
driven recognition would require additional processing time for the activation of the
complex word’s representation based on the activations of the root and morphologi-
cally related words. This time is called the parsing penalty. Note that such a parsing
penalty would be equivalent to the process of deriving a complex word’s meaning
from similar word forms by means of analogy in distributional-connectionist models
(e.g., Blevins, 2016).

The meta model assumes that root- and form-driven word recognition compete,
and that the ratio of the two corresponding frequencies determines how complex
words are recognised. When cumulative stem frequency is substantially higher than
form frequency, the cumulative stem frequency effect is more likely to outweigh the
parsing penalty and shift the recognition process toward root-driven processing. The
meta model in its original form (Baayen et al., 1997b) does not predict differences
among words that only differ in their affixes. As mentioned above, however, root
recognition may be more difficult before certain suffixes than before others, which
motivates our investigation of words with different suffixes.

4 Algebraic formulation of the tested models

Our statistical models — one only based on root-driven processing, one only based
on form-driven processing, and one with a tipping point — follow Formulae (1), (2)
and (3). They are grounded in the principles of mixed-effects modelling (e.g., Baayen
et al., 2008) and predict RTs for morphologically simple and complex words using
different principles. All formulae contain a by-participant random intercept (u ;) and
make the RTs depend on characteristics of the word or the experiment that are known
to affect word recognition times (e.g., word duration; B1.,x1.,, see below for which
characteristics we implemented).

The predictors in addition to root and form frequency were not incorporated in the
original 1997 formula of the meta model, and our formulation of the meta model thus
deviates from the original formulation. We nevertheless incorporated them because
they substantially improve the fit with the experimental data. Baayen et al. (1997b)
meticulously controlled their stimuli for properties such as length in letters. We aimed
to investigate the processing of a larger variety of stimuli, which better approximates
processing of everyday language. We analysed RTs to stimuli that vary in length/du-
ration, for instance.

Formula (1) shows the general specification of the root-driven model. It predicts
each RT with an intercept (Bp) and with the root frequency (Boo: Froor)- In addition,
the model assumes a parsing penalty (Ap), which covers the delay induced by recog-
nising a complex word via its root (and morphologically related words). Formula (2)
represents the general specification of the form-driven model. It differs from the root-
driven model in two respects. First, it is the form frequency (Bfoym Fform), rather than
the root frequency, that contributes to the prediction of RTs, and second, it does not
have a parsing penalty. Formula (3) provides the general specification for the tipping
point model. It combines (1) and (2) and states that the faster — root- or form-driven
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— recognition determines the predicted RTs. See Appendix A for more information.
We based our frequencies on the CELEX lexical database (Baayen et al., 1996).

RT=:30+,31x1+"'+,3nxn+uj+/3rootFroot+Ap’ 1
RT = Bo + B1x1 + -+ -+ Buxn +uj+/3f0rme0rmv 2)
RT = Bo+ Bix1 + -+ + BnXn + uj+ min(.Bformeorm9 Broot Froot + Ap).  (3)

Unlike what may be suggested by Baayen et al. (1997b), the term stem is am-
biguous in cumulative stem frequency because it is used in the literature to refer to
inflectional bases or bound roots, among others (cf. Bauer et al., 2013). In this study,
we substitute cumulative stem frequency with root frequency. For computing root
frequency, we sum the frequencies of the root and of all words with that root and
maximally one other morpheme. For illustration, the root frequency of spoons is the
sum of the frequencies of spoon, spooned, spoonerism, spoonful, spoons, and table-
spoon, but not of the frequencies of tablespoonful, cooking spoons, or spoon-feeding,
which consist of more than two morphemes. We did not include words with more
than two morphemes in the root frequency computation because many words con-
sisting of more than two morphemes have a frequency of zero or one in 42 million
word tokens (Baayen et al., 1996), and therefore are likely not stored in every individ-
ual listener’s mental lexicon. Because of the low frequencies of words consisting of
more than two morphemes, for our six datasets (see Sect. 5) the correlations between
the root frequency based on words consisting of at most two morphemes and the root
frequency based on all words ranges between 0.94 and 0.99.

In the modelling, we include the two most important characteristics of the
words/experiment that predict RTs for lexical decision data. Our first control vari-
able is the word’s Duration in ms for spoken words (Ernestus & Cutler, 2015) and
the word’s Length in number of letters for written words (Keuleers et al., 2010), be-
cause it takes longer to respond to longer than to shorter words. Our second control
variable is the Trial Number in each session (e.g., Ernestus & Cutler, 2015). This
captures participants’ gradual adaptation to the task throughout the experiment.

Appendix B shows that the three models as implemented with the formula (1), (2)
or (3), respectively, can be correctly distinguished on the basis of a dataset of lexical
decision times. It thus forms a proof a concept.

5 Outline of six studies

We present six studies, each focusing on a single suffix in either the visual or the
auditory modality. Rather than analysing all data with a single statistical model with
categorical predictors for suffix (-en, -t, -heid) and modality (visual, auditory), we de-
liberately analysed each dataset separately with independent statistical models. This
decision was motivated by the fact that different theoretical processing models re-
quire different statistical formulations (see formulae (1)—(3)). A unified model with
categorical predictors would only identify the best-fitting model across all suffixes
and modalities, masking variation in model performance across conditions. In con-
trast, separately analysing each dataset allows for testing, for example, whether the
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tipping point model best predicts RTs for one suffix in one modality, while a different
model better predicts RTs for another suffix or modality. This approach enables us to
test whether the presence of a tipping point depends on the suffix and/or the modality.

In Study 1, we studied written plural nouns that form their plural with the suffix
-en. This suffix, which was also investigated by Baayen et al. (1997b), is very produc-
tive but can be easily confused with the infinitive suffix -en, the plural present tense
verb suffix -en, and the inflectional suffix -e for adjectives, because these affixes are
often homonymous. The suffix -en forms a syllable with the preceding consonants,
which implies a difference in syllable structure between the root presented in isola-
tion and the root in the inflected form. We expect that the tipping point model best
predicts the RTs of the -en data, because this would be in line with Baayen, Dijkstra,
and Schreuder’s (1997b) findings. In Study 2, we studied the same type of words in
the auditory modality. We expect that the tipping point model best predicts the RTs
again, because this would be in line with Baayen et al.’s (2003) findings.

In Studies 3 and 4, we studied second/third person singular present tense verb
forms with the suffix -¢, in the written and auditory modality, respectively. The suffix
-t differs from the noun plural suffix -en (Studies 1 and 2) in several ways. First, while
-en has multiple functions, -¢# predominantly marks the second/third person singular
present tense. Second, while, phonologically, -en alters the syllable structure, -t does
not. Finally, acoustically, -# may be more salient than -en, but both can be reduced.

Taken together, factors that may favour root-driven processing are present for both
-t (no frequent homonyms with other morphological functions and, possibly, acoustic
saliency) and -en (phonological saliency due to changes in the syllable structure).
Because of this, differences between -t and -en are expected, but it is difficult to
predict which of the two suffixes is more likely to induce root-driven recognition and
thus less likely to provide evidence of a tipping point in the role of form frequency.

Finally, in Studies 5 and 6, we studied nouns that are formed with the suffix -heid,
again in the visual (Study 5) and the auditory (Study 6) modality. The suffix -heid
is the longest of all suffixes (both in terms of number of letters and phonemes); it
does not have homonyms; it always forms a whole syllable on its own; it is always
stressed; and it is the only derivational suffix among the suffixes under scrutiny and
therefore it is the only suffix that adds an independent meaning to its base. Because
of these differences, we expect words that are formed with -heid to have a greater
likelihood to undergo root-driven processing (see also Baayen & Neijt, 1997) than
words formed with -t or -en and therefore to be less likely to show evidence for a
tipping point.

We based the studies on the visual modality on data from the Dutch Lexicon
Project (DLP; Keuleers et al., 2010). DLP contains the responses and RTs from 39
native speakers of Dutch to 14,089 written Dutch content words and 14,089 writ-
ten pseudowords. The words differ in word class and position of stress, among other
characteristics. The pseudowords conform to the phonotactic rules of Dutch and are
similar to the words in terms of word length and morphological structure.

We based the studies on the auditory modality on data from the Biggest Auditory
Lexical Decision Experiment Yet (BALDEY; Ernestus & Cutler, 2015), represent-
ing an extensive auditory lexical decision experiment that was conducted in Dutch.
BALDEY contains the responses and RTs from 20 native speakers of Dutch to 2,780
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spoken Dutch content words and 2,761 pseudowords. The words systematically dif-
fer in word class, position of stress, number of syllables, and morphological structure.
Each pseudoword was created by substituting one or two segments of a real word to
make sure that the morphological and phonological structure was balanced across the
word and pseudoword sets.

6 Methods

The data, the scripts used in this paper, and each model’s implementation can be
found at https://doi.org/10.34973/jm3a-vj10.

6.1 Data

We separately analysed RTs of subsets of DLP (Keuleers et al., 2010) and BALDEY
(Ernestus & Cutler, 2015). These subsets were not controlled for any characteristics
of the stimuli such as number of letters or duration in ms, or lemma, bigram, root, or
form frequency.

To ensure that we restricted our studies to trials in which participants had pro-
cessed the stimuli correctly, we only analysed RTs of correct responses that were
not given earlier than 100 ms after stimulus onset in DLP and after stimulus offset
in BALDEY. We chose these thresholds because the fastest human reaction time is
assumed to be around 100 ms (Miller, 1968; Pain & Hibbs, 2007). In DLP, stimuli
are presented at once and can thus be recognised as words on stimulus presentation
(and the fastest possible RT is thus 100 ms after stimulus onset). In BALDEY, stimuli
are incrementally presented due to their auditory nature, and the last speech sound
segment could turn a word into a pseudoword. Thus, in BALDEY, stimuli can be
recognised as words at its earliest at word offset (and the fastest possible RT is thus
100 ms after stimulus offset).

6.1.1 Plural nouns endingin -en

In Studies 1 and 2, in order to better estimate the effects of the control variables in the
statistical model, we studied responses to both plural and singular nouns, although for
investigating the tipping point hypothesis, studying plural nouns would be sufficient.
We selected both the singular nouns in the visual and auditory datasets that form their
plural only with -en and the plurals that end in -en and are not homophones of Dutch
verbs. Due to Dutch regular spelling rules, the spelling of the root may differ between
the singular and the plural: pluralisation may have resulted in the doubling of the
singular’s last consonant letter (DOUBLING; e.g., tak ‘branch’ — takken ‘branches’)
or removal of the singular’s last vowel letter (REMOVAL,; e.g., boot ‘boat’ — boten
‘boats’). Furthermore, both datasets contain plurals that differ from the singular in
the voicing of the stem-final obstruent (VOICING; due to final devoicing, e.g., huis
/fceys/ ‘house’— huizen /ficeyzon/ ‘houses’).

The numbers of word types and the total numbers of responses are provided in
Table 1 (first two rows). For Study 1 (DLP), Table 2 provides information about the
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Table 1 Number of stimulus types (and number of responses) per affix and per modality and the overlap
in the two modalities

Affix Modality Simplex Complex Total

-en Written 932 (30,706) 871 (26,579) 1803 (57,285)
Spoken 107 (1,804) 143 (2,547) 250 (4,351)
Written & Spoken 59 (2,885) 86 (4,296) 145 (7,181)

-t Written 1,140 (3,413) 222 (7,798) 1,362 (11,211)
Spoken 99 (1,769) 33 (538) 132 (2,307)
Written & Spoken 9 (469) 7 (391) 16 (860)

-heid Written 187 (6,514) 55 (1,934) 242 (8,448)
Spoken 48 (865) 80 (2,480) 128 (3,345)
Written & Spoken 41 (2,179) 10 (683) 51 (2,862)

Table2 Descriptive statistics of the stimuli that were studied in Study 1. The relative frequency of complex
words (Rel. FQ) refers to the complex words’ form frequencies (Form FQ) divided by the complex words’
root frequencies (Root FQ)

DLP Simplex words Complex words

Root FQ Form FQ Root FQ Form FQ Rel. FQ
Mean 51.70 28.08 54.64 10.58 0.366
SD 135.65 90.83 147.01 42.91 0.258
Min 0.05 0.02 0.02 0.02 0.001
Max 1,617.74 1,470.64 1,617.74 942.69 1.000

root and form frequencies of the stimuli and about the relative frequencies for the
plurals. More than half of the responses to plurals were elicited by plurals that do
not just consist of the singular plus -en: 6,171 responses were given to plurals with
DOUBLING (23.22%), 4,905 responses to plurals with REMOVAL (18.45%), and
2,444 responses to plurals with VOICING (9.2%).

For Study 2, Table 3 provides the root and form frequencies of the stimuli and the
relative frequencies for the plurals. Less than half of the plurals are not orthographi-
cally represented by simply the singular plus -en: 579 responses were given to plurals
with DOUBLING (22.73%), 687 responses to plurals with REMOVAL (26.97%), and
162 responses to plurals with VOICING (6.36%). Only the voicing is audible in these
auditory stimuli.

Studies 1 and 2 are to some extent similar to Baayen, Dijkstra, and Schreuder’s
(1997b) study, testing the meta model too by investigating how well it can predict
RTs. Our subset of DLP includes RTs to 91 of the 93 singular types and 92 of the
93 plural types tested by Baayen, Dijkstra, and Schreuder. These RTs correspond to
6,268 responses in our dataset. The subset of BALDEY includes RTs to only three of
the singular types and ten of the plural types that were incorporated by Baayen et al.
(1997b). Our datasets are much bigger because we also included plurals that not sim-
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Table3 Descriptive statistics of the stimuli that were studied in Study 2. The relative frequency of complex
words (Rel. FQ) refers to the complex words’” form frequencies (Form FQ) divided by the complex words’
root frequencies (Root FQ)

BALDEY Simplex words Complex words

Root FQ Form FQ Root FQ Form FQ Rel. FQ
Mean 26.78 14.90 46.13 12.39 0.346
SD 86.97 77.64 77.64 25.94 0.228
Min 0.14 0.19 0.19 0.10 0.019
Max 574.50 407.17 407.17 181.86 0.955

Table 4 Descriptive statistics of the stimuli that were analysed in Study 3. The relative frequency of
complex words (Rel. FQ) refers to the complex words’ form frequencies (Form FQ) divided by the complex
words’ root frequencies (Root FQ)

DLP Simplex words Complex words

Root FQ Form FQ Root FQ Form FQ Rel. FQ
Mean 140.02 8.02 151.77 15.33 0.200
SD 254.93 2391 218.98 30.61 0.174
Min 0.26 0.02 0.52 0.02 0.005
Max 1,337.64 180.50 1,337.64 196.12 0.906

ply consist of the singular plus -en, but that also undergo DOUBLING, REMOVAL
or DEVOICING.

6.1.2 Second/third person singular present tense verb forms ending in -¢

In Studies 3 and 4, we analysed responses to first person singular present tense verb
forms, which just consist of a verb’s root (e.g., bak ‘to bake’; note that in a lexical
decision experiment, these verb forms could also be interpreted as imperatives), and
second/third person singular present tense verb forms, consisting of the root and -¢
(e.g., bakt ‘bakes’). We excluded verbs with roots that end in -, because their first,
second, and third person singular present tense verb forms are identical. We also
excluded the verbs hebben ‘to have’, kunnen ‘can’, worden ‘to be (passive voice)’,
and zullen ‘will’, because they can function as auxiliary verbs and therefore have
exceptionally high root frequencies. Table 1 shows the numbers of word types and
total numbers of responses analysed in Study 3 and 4 (third and fourth row). The root
and form frequencies of the stimuli and the relative frequencies for the plurals are
provided in Table 4 for Study 3 and in Table 5 for Study 4.

6.1.3 Derived nouns ending in -heid
In Studies 5 and 6, we analysed responses to uninflected adjectives that can combine

with -heid and nouns that consist of an adjective root and this suffix. Table 1 (fifth
and last row) provides the numbers of word types and responses that were analysed.

@ Springer



1 Page 12 of 34 H. Miiller et al.

Table 5 Descriptive statistics of the stimuli that were analysed in Study 4. The relative frequency of
complex words (Rel. FQ) refers to the complex words’ form frequencies (Form FQ) divided by the complex
words’ root frequencies (Root FQ)

BALDEY Simplex words Complex words

Root FQ Form FQ Root FQ Form FQ Rel. FQ
Mean 123.21 21.21 35.21 5.17 0.117
SD 371.48 74.51 84.01 16.79 0.131
Min 0.29 0.05 0.55 0.05 0.005
Max 2,484.93 559.88 477.69 91.62 0.605

Table 6 Descriptive statistics of the stimuli that were analysed in Study 5. The relative frequency of
complex words (Rel. FQ) refers to the complex words’ form frequencies (Form FQ) divided by the complex
words’ root frequencies (Root FQ)

DLP Simplex words Complex words
Root FQ Form FQ Root FQ Form FQ Rel. FQ
Mean SD Min Max 101.77 46.63 205.03 8.43 0.113
223.06 114.86 363.72 18.46 0.139
0.81 0.1 4.98 1.02 0.002
1,835.81 1,091.10 1,835.81 120.71 0.675

Table7 Descriptive statistics of the stimuli that were studied in Study 6. The relative frequency of complex
words (Rel. FQ) refers to the complex words’ form frequencies (Form FQ) divided by the complex words’
root frequencies (Root FQ)

BALDEY Simplex words Complex words

Root FQ Form FQ Root FQ Form FQ Rel. FQ
Mean 74.33 44.61 91.33 2.62 0.258
SD 185.76 119.31 258.52 4.59 0.358
Min 1.17 0.67 0.05 0.05 0.001
Max 1206.36 751.40 1835.81 33.14 1.000

Table 6 provides frequency information about the stimuli analysed in Study 5 and
Table 7 about the stimuli analysed in Study 6.

6.2 Model fitting

All statistical models described in this paper were implemented in R (R Core Team,
2021). We implemented formulae (1), (2), (3), representing the three models that
we test, as Bayesian models, written in the language stan (Stan Development Team,
2022). We fitted the models with the package cmdstanR (e.g., Gabry & Ce¥novar,
2022) and its default Hamiltonian Monte Carlo (HMC) algorithm. We used four
chains and as many samples as were needed to ensure that all values of R-hat were
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less than 1.01 and all effective sample sizes were above 400, which safeguards that
the models’ estimates are stable (using the criteria in Vehtari et al., 2021).

6.2.1 Model comparison

We compared the models’ performances to see which one best accounted for the
data. Model comparisons were based on the models’ expected log predictive density
(ELPD LOO; Vehtari et al., 2017), which provides a measure of predictive perfor-
mance on unseen data. The higher the ELPD LOO, the better the model generalises
to unseen data. We will graphically present how much the best performing model
differs in ELPD LOO from the other models, accompanied by the standard error (SE)
of these differences. Traditionally, these differences are expressed in the form of the
ELPD LOO of a model minus the ELPD LOO of the best model (rather than the other
way around; e.g., Gravel et al., 2024). Thus, differences in ELPD LOO are depicted
as negative values.

Vehtari et al. (2017) favoured a model over another in case of a ELPD LOO dif-
ference of —10.2, which was twice as large as this difference’s SE of 5.1, but they
did not give any explanation for this threshold. We follow their criterion and assume
that two models only systematically differ in their predictive performance when the
absolute difference in ELPD LOO is at least twice the corresponding SE. In addition,
because small differences in ELPD LOO are less informative (Sivula et al., 2020),
we assume that the performance of two models can only be statistically distinguished
if the difference in ELDP LOO is greater than —4 (cf. Vehtari, 2020). Because the
ELPD LOO does not penalise model complexity (Gronau & Wagenmakers, 2019),
we prefer the less complex model when two models yield similar predictive perfor-
mance according to our ELPD LOQ criterion.

The data set of Study 1 is too large for the ELPD LOOs to be computed. In this
case, we compute the ELPD LOO on the basis of a random subsample of the data
that consists of one tenth of all observations, following Magnusson et al. (2020; see
also Appendix B).

6.2.2 Prior estimation

Fitting Bayesian models requires the specification of prior distributions (henceforth
priors) for the models’ parameters (e.g., the effects of the frequency measures on the
RTs and the size of the parsing penalty in the tipping point model and the root-driven
model). These priors represent assumptions about possible and likely values of these
parameters.

We determined the priors for the effects of length in number of letters / ms, trial
number, form frequency, and root frequency as well as by-participants random inter-
cepts on the basis of the RTs of the correct responses to all morphologically simplex
and complex stimuli in DLP and BALDEY, respectively, that closely resemble but are
not identical to the stimuli to be studied in Studies 1-6. We analysed the RTs to these
responses with Bayesian linear mixed-effects models, determining the coefficients of
the predictors for which we wished to determine the priors. We chose uninformative
priors for the predictors, that is, normal distributions with mean = 0, SD = 0.2, and
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Table 8 Estimated effect sizes and standard deviations (SD) for the variables of interest in DLP. These
estimates were used as priors in Studiesl, 3, and 5

Intercept Length Trial Root frequency Form frequency
Coefficient 6.5173 —0.0075 0.0075 —0.0042 —0.0213
Coefficient SD 0.0658 0.0026 0.0006 0.0003 0.0003

Table 9 Estimated effects and standard deviations (SD) for the variables of interest in BALDEY. These
estimates were used as priors for models applied to BALDEY in Study 2, 4, 6

Intercept Duration Trial Root frequency Form frequency
Coefficient 5.7090 0.2176 0.0127 —0.0054 —0.0091
Coefficient SD 0.1016 0.0125 0.0029 0.0018 0.0016

a positive prior of 10! for the SD of the by-participant intercept. As in Studies 1-6,
we excluded RTs that were smaller than 100 ms from word onset (DLP) or from word
offset (BALDEY), and log-transformed all numerical variables.

The dataset from the DLP contains 160,906 responses with 116,320 responses to
3,627 unique simplex words and 44,586 responses to 1,436 unique suffixed words.
Table 8 shows that word length in letters, root frequency, and form frequency yield
facilitative effects, whereas the effect of trial number is inhibitory. The estimated
coefficients shown in Table 8 were used as priors for all models reported below that
were fitted to RTs in DLP.

The dataset for determining the priors for BALDEY contains 7,556 responses,
with 378 responses to 21 unique simplex words and 7,556 responses to 440 unique
suffixed words. Table 9 shows that the estimated effects of duration in ms and trial
number are inhibitory, while root and form frequency yield facilitative effects. The
estimated effects shown in Table 9 were used as priors for all models reported below
that were fitted to RTs of BALDEY.

We tested different priors for the parsing penalty, because we had no knowledge
about nor strong indications of what would be good priors for the parsing penalty
and we wished to rule out that the priors for the parsing penalty affect the estimate
of the parsing penalty, and consequently the goodness of the model’s fit to the data.
Assuming that recognising a complex word based on its root (and morphologically
related words) takes between 1 ms and 350 ms, we tested 350 normal distributions
as parsing penalty priors, each with a mean ranging between 1 ms and 350 ms and a
standard deviation SDprior as given in Equation (4). In Equation (4), both mean and
SD are expressed in ms. Equation (4) ensures the standard deviation is approximately
one fourth of the mean for larger means, but is never shorter than 1 ms. If SDs were
smaller than 1 ms, the prior distributions would be too peaked so that the information
in the data could not overrule the information provided by the prior. For more details
about how we computed the priors, see Appendix C.

SDprior = mean/4 + 4 /(mean + 4) 4)
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Fig. 1 Difference in ELPD LOO (y-axis) between the three processing models (x-axis) and the model(s)
with the highest ELPD LOO (which can be two models at the same time), for each suffix (columns) in
the two modalities (rows: visual in top row, auditive in bottom row). Error bars represent two times the
standard error. The solid horizontal line in each panel represents a difference in ELPD LOO of minus four,
our threshold for determining whether two models significantly differ in how accurately they fit the data

7 Results

Figure 1 shows, for Studies 1-6, the difference in ELPD LOO between the root-
driven model, the form-driven model, and the tipping point model relative to the
model that predicts the RTs the most accurately (i.e., the model with the highest
ELPD LOO). In Study 1 (written -en in DLP), the tipping point model predicts the
RTs most accurately. In Study 2 (spoken -en in BALDEY), the root-driven and the
form-driven model predict the RTs equally accurately; the tipping point model may
yield the same predictive accuracy as the other two models, but it is more complex
and thus considered to be a worse fit to the data.

In Studies 3-6 (written/spoken -t/-heid in DLP/BALDEY), the form-driven model
predicts the RTs most accurately. The tipping point model is considered to fit the data
worse than the form-driven model in Studies 3-6 because it draws on a greater com-
plexity to yield the same prediction accuracy as the form-driven model. Moreover, the
tipping point model actually behaves like the form-driven model because the parsing
penalty is so high that the recognition of complex words is always form-driven and
never root-driven (see Appendix B).

The results from all studies are independent of the choice of the prior mean for the
parsing penalty. We describe the relevant aspects of the results of the six studies in
more detail in the following subsections. Summaries of all models fitted can be found
in Appendix D. The coefficients of the control variables and the reliability of their
estimations are not further discussed here as they are not of interest for answering
our research questions.

7.1 Study 1: written plural nouns ending in -en

As mentioned above (and as also shown in Fig. 1), RTs to written nouns ending in
-en are predicted the most accurately by the tipping point model. In this model, the
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Fig. 2 Probabilities of root- driven recognition (indicated by marker grey level) for written plural nouns
ending in -en as a function of the plurals’ log-transformed root frequencies (x-axis) and form frequencies
(y-axis). The probabilities are based on the posterior distribution of the tipping point model. Clearly, the
tipping point depends on both root frequency and form frequency

estimated effects of both root frequency (mean = —0.0291, SD = 0.0005) and form
frequency (mean = —0.0261, SD = 0.0006) are facilitative. The estimated parsing
penalty for the tipping point model is 59 ms. With this estimated parsing penalty, the
recognition of 14% of the plurals is always root-driven and the recognition of 28%
of the plurals is always form-driven. For 58% of the plurals, both root-driven and
form-driven recognition is possible.

As can be seen in Fig. 2, the root-driven recognition only occurs when the complex
word’s log-transformed root frequency is at least 3.14 (i.e., 0.55 per million tokens).
Because of the meta model’s mathematical formulation, whether recognition is root-
driven or form-driven depends on the relative frequency (i.e., form frequency divided
by root frequency). Our results suggest that relative frequencies lower than 0.101
result in obligatory root-driven recognition and relative frequencies higher than 0.337
result in obligatory form-driven recognition. Plural nouns with relative frequencies
between these two values can be recognised with either processing mechanism.

7.2 Study 2: spoken plural nouns ending in -en

As mentioned above (and see also Fig. 1), RTs to spoken nouns forming their plural
with -en are equally accurately predicted by the root-driven model and the form-
driven model (the tipping point model relies on a greater complexity than the other
two models and is thus disregarded). The estimated effect of root frequency in the
root-driven model (mean = —0.0063, SD = 0.0012) is facilitative, as is the estimated
effect of form frequency in the form-driven model (mean = —0.0053, SD = 0.0014).
For plurals, log-transformed root and form frequency strongly correlate with each
other (r(2,545) = .864, p < .001), and, therefore, one may argue that the similar
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Fig. 3 Plurals’ relative frequencies (x-axis) and corresponding densities (y-axis) for DLP and BALDEY
(line type). The grey-shaded area marks relative frequencies between 0.101 and 0.337, which were associ-
ated with flexible processing mechanisms (root- and form-driven) in Study 1

performance of the root-driven model and the form-driven model may be due to a
high correlation between root and form frequency. Interestingly, a similarly strong
correlation was present in the materials of Study 1 (r(57,283) = .744, p < .001) and,
in that study, the root- and form-driven models also performed equally well.

Figure 3 shows the relative frequencies of the plural nouns in the written (Study 1)
and spoken (Study 2) datasets. Compared to the visual dataset, the auditory dataset
provides poorer coverage of verb forms with relative frequencies between 0.101 and
0.337 — forms that, as discussed in Sect. 7.1, can be processed either root- or form-
driven. This may be the reason why the tipping point model is supported by the visual
data but not by the auditory data.

7.3 Studies 3-6: written/spoken words ending in -¢/-heid

As mentioned above (and shown in Fig. 1), RTs to second/third person singular
present tense verb forms ending in - and RTs to derived nouns ending in -heid are
the most accurately predicted by the form-driven model in both the visual and the
auditory modality. The effect of form frequency is facilitative regardless of suffix
and modality (see Tables 12-17 in Appendix D). Correspondingly, Studies 3-6 do not
provide support for the tipping point model.

Figure 4 visualises the density distributions of the relative frequencies of the com-
plex words examined in Studies 3-6, with Study 1 included as reference. It shows
that stimuli with relative frequencies between 0.101 and 0.337 — those that can be
processed via either their root or form (cf. Sect. 7.1) — make up a smaller proportion
of the stimulus set in Studies 3 and 5 than in Study 1. In contrast, this frequency
range is more heavily represented in Studies 4 and 6. Crucially, the fact that the tip-
ping point model does not always account the best for the data, even when many
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Fig. 4 Complex words’ relative frequencies (x-axis) and corresponding densities (y-axis) for Studies 1
and 3-6 (line type). The grey-shaded area marks relative frequencies between 0.101 and 0.337, which were
associated with flexible processing mechanisms (root- and form-driven) in Study 1

stimuli fall within this range, suggests that relative frequency alone does not fully
determine model fit.

8 General discussion

We investigated how root frequency and form frequency of three types of Dutch mor-
phologically complex words affect how they are recognised. Specifically, we exam-
ined whether there is a tipping point in the relative frequency of root versus form that
determines whether processing is predominantly root-driven or form-driven. To this
end, we analysed lexical decision reaction times (RTs) to both written and spoken
words consisting of a root and one of three suffixes (-en, -t, -heid). These RTs were
modelled using three different statistical approaches: one reflecting the tipping point
hypothesis, and two others representing the assumptions that processing is either con-
sistently root-driven or consistently form-driven.

We found that four of the six analysed datasets (written and spoken -t/-heid) are
best fitted with a form-driven account. One dataset (spoken -en), for which form and
root frequency are highly correlated, is equally well predicted by both the root-driven
and the form-driven account. These results lend support to the idea that surface forms
play a more important role in the word recognition process than morphological roots.

Interestingly, visually presented nouns ending in -en lend support to the tipping
point hypothesis. Word recognition is consistently form-driven for plurals with root
frequencies that are less than 3 times higher than their form frequencies, and root-
driven for words with root frequencies that are more than 10 times higher than the
corresponding form frequencies. The recognition of visually presented plurals with
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root frequencies that are about 3 to 10 times higher than their form frequencies (rel-
ative frequency between 0.101 and 0.337) can be both root- and form-driven. This
finding suggests that both morphological roots and surface form may be of impor-
tance for the word recognition process.

Our finding that written Dutch plural nouns ending in -en support both root- and
form-driven processing dovetails with the results reported by Baayen et al. (1997b).
This raises the question of why plural nouns ending in -en lend support to both
root-driven and form-driven processing, whereas second/third person singular present
tense forms ending in the suffix -#, and nouns that are derived from adjectives with
the derivational suffix -heid support form-driven processing in both the visual and the
auditory modality.

8.1 The exceptional status of nouns ending in the plural suffix -en

Both the plurals ending in -en and the verb forms ending in -¢ are inflectional forms
and/or semantically transparent (in contrast to -heid, which is derivational and seman-
tically less transparent). This rules out that one of these properties is the reason that
plurals are recognised differently. This also holds when, in accordance with Booij
(1995), -en is considered as an instance of inherent inflection, while -¢ is an instance
of contextual inflection. Because inherent inflection is generally considered to be
closer to derivation than contextual inflection, one might then predict, if anything,
that -en patterns with -heid and -¢ to stand out, which is not the case.

The affixes -en and -heid both lead to resyllabification of the word and both con-
tain a vowel. So resyllabification and the presence of a vowel also do not seem to
account for the mode of processing. Baayen et al. (1997b) suggest that the lower a
complex word’s relative frequency is, that is, the lower the complex word’s frequency
is in comparison to its root frequency, the more likely the complex word undergoes
decomposition (cf. also Hay, 2001; Hay & Baayen, 2002). As can be seen in Table 3,
8, and 11, the -en stimuli have higher relative frequencies (mean = 0.366, SD =
0.258) compared to both the -7 stimuli (mean = 0.2, SD = 0.174) and -heid stimuli
(mean = 0.113, SD = 0.258). Our results therefore also do not support the hypothesis
that a low relative frequency may lead to a role for root frequency in the recognition
of at least some forms.

It is especially the plurals with relative frequencies between 0.101 and 0.337 that
show effects of both root and form frequencies. Plurals with lower relative frequen-
cies mostly show root frequency effects and plurals with higher relative frequencies
mostly form frequency effects. The visual plurals in the relative frequency range from
0.101 to 0.337 do not seem to have other properties than the other plurals, except for
relative frequency. The vast majority of the spoken plurals and the -¢ and -heid words
presented visually have relative frequencies that are (much) higher than 0.337. This
could explain why these words do not show root frequency effects. The orally pre-
sented -¢ and -heid, in contrast, are represented with many words with frequencies
below 0.337. Possibly, for spoken words, root frequency plays a less important role
than for written words, because the root is less easy to segment from spoken words,
as a result of the acoustic differences between roots spoken in isolation and in differ-
ent complex words (including differences in duration and co-articulation) that are not
visible in the spellings of these Dutch words.
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Another explanation for why written -en favours the tipping point hypothesis in
contrast to -t and -heid is that -en is more productive than -¢ and -heid. It does not
only form plurals for nouns, but also for verbs, and it can be used to derive nouns
from verbs. A relationship between productivity, that is, how frequent an affix is and
how diverse an affix’ contexts of use are, and mode of processing forms another
explanation of the finding that the form-driven and the root-driven model predict
RTs to spoken words ending in -en equally accurately. There are indications that
affix productivity increases the likelihood of root-driven processing in Dutch and
English (Bertram et al., 2000; Bertram et al., 1999; Hay & Baayen, 2002). In Arabic,
which relies heavily on non-affixal morphology, the productivity of root templates
appears to facilitate root-driven processing as well (Boudelaa & Marslen-Wilson,
2011), pointing again to a relationship between productivity and processing mode.

8.2 The precise formulation of the tipping point model

Our tipping point model, based on the meta model by Baayen et al. (1997b), pre-
dicts that the roles of root and form frequencies mostly depend on the basis of the
relative values of these frequencies. The question arises whether this formulation of
the tipping point model is too simplistic to predict when root and form frequencies
contribute to a word’s recognition. Our results suggest that there is a difference be-
tween the visual and the auditory modality. In addition, there may be a role for the
productivity of the affix. A new and more elaborated formulation of the tipping point
model may take these factors into account.

Another issue with our implementation of the tipping point model concerns the
exact definition of the root frequency. In the present study, we determined root fre-
quency on the basis of words consisting of at most two morphemes. Including also
words that contain more than two morphemes yields comparable frequencies as in-
dicated by high correlation coefficients between the two frequency measures (0.94
<1 < 0.99, depending on the analysed dataset), because of which it may not make
a difference whether one includes words consisting of more than two morphemes or
not. Such a difference may be observed, though, in the context of highly agglutinative
languages, in which words regularly consist of more than two morphemes.

Although the tipping point model only performs better than a root-driven or a
form-driven model for one of the analysed datasets, this is a clear indication of a
trade-off between root-driven and form-driven processing. In light of our results for
the visually presented plurals which are sometimes recognised by their roots and
sometimes by their forms, it is questionable though, whether such a trade-off is cate-
gorical in nature (i.e., recognition is either root-driven or form-driven), as assumed in
our tipping point model. It could be that root-driven and form-driven processing are
two poles of a continuum with mixed processing mechanisms in between.

9 Conclusion
In the present study, we tested for the first time on the same datasets whether a tipping

point model better describes the processing of both written and spoken morpholog-
ically complex words than a root-driven and a form-driven model. We formulated
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the three theoretical processing models as statistical models following Baayen et al.
(1997b) and identified the models that best fit the distributions of human lexical de-
cision data for Dutch complex words. Our results suggest that the recognition of
most complex words, in both visual and auditory word recognition, is form-driven,
but root-driven processes seem to play a role too, at least in the processing of visually
presented plural nouns ending in -en. We argue that relative frequency does not deter-
mine on its own whether recognition is root- or form-driven, but that it interacts with
other factors such as the ease with which the root can be identified and affix produc-
tivity. Moreover, our results do not support a categorical tipping point that determines
whether word recognition is either root-driven or form-driven, but rather a continuum
between root- and form-driven recognition. Because distributional-connectionist the-
ories do not posit a strict boundary between processing modes, whereas localist the-
ories often do, accounting for such a continuum seems to be a bigger challenge for
localist theories than distributional-connectionist theories of human word recogni-
tion.

Appendix A

We assume that the predicted RT to a simplex word is the sum of the intercept Sy, a
set of predictors x1, ..., x; for I predictors, multiplied with their corresponding betas
B1, ..., Bi, and a by-participant intercept u; for J participants. A word’s root and
form frequency belong to the set of predictors x1, ..., x;. Simplex words are always
recognised through their roots, which are identical to their whole forms, regardless of
the processing model. Because RTs to simplex words depend on the root frequency
FQ,,,; (Baayen et al., 1997b), the RT to a simplex word is predicted by

RTSimplex =Bo+ Bixi + -+ Buxn + ﬂFQrootFQr(mt +uj. (D

The root-driven, form-driven, and tipping point model produce different predic-
tions for a complex word’s RT. In the root-driven model, recognition of complex
words is always root-driven, which implies that plural recognition involves the root
frequency plus an additional parsing penalty Ap, resulting in the following predicted
response time:

RTComplex = Bo+ B1x1 + -+ Buxn + ,BFQmotFQroat +Ap+ uj, )

The form-driven model, in contrast, assumes that recognition of complex words
is always form-driven and that the time needed for recognising the whole form is a
function of the form frequency FQf,, without parsing penalty. Thus, the predicted
RT to a complex word reads:

RTComplex =Bo+ B1x1+ -+ Buxn + ﬂFQformFQform +uj. 3)

The tipping point model combines formulae (2)—(3). Depending on which process-
ing mode would predict the quickest response, the equation for predicting the RTs to
complex words is based on the form frequency (if form-driven recognition is faster)

@ Springer



1 Page22of34 H. Miiller et al.

or the root frequency plus an additional parsing penalty (if root-driven processing is
faster):

RTcomplex = Bo+ Bixi + -+ Buxn
+ min(ﬂFQformFQformv ,BFQrootFQrool + AP) + uj. (4)

During model fitting, x1, ..., x; are provided so that By, ..., B;, uj, and Ap can
be estimated. This estimation is comparable to fitting a linear mixed-effects model
(cf. Sorensen & Vasishth, 2015), except for the min-argument, which is necessary to
determine the fastest processing mode.

Appendix B

To prove that our methodological approach can correctly determine whether a distri-
bution of RTs has likely been generated by a root-driven model, a form-driven model,
or a tipping point model, we conducted a dedicated validation study. For doing so, we
used a two-step procedure. First, we synthesised RTs with three theoretical process-
ing models based on each of the three processing views (i.e., with formulae (1)-(3)).
Second, we investigated whether the theoretical processing model used for synthesis-
ing the RTs also most accurately predicts these RTs.

B.1 Data synthesis

We generated RTs from invented, henceforth synthesised, participants reacting to in-
vented, henceforth synthesised, simplex and complex words. For doing so, we as-
signed properties to the synthesised participants and synthesised words that play a
role in the formulae of the three theoretical processing models, that is, root frequency,
form frequency and word length/duration (see (1)—(3)). We wanted the generated
RTs’ distributions to closely resemble the RTs’ distributions of simplex and suffixed
words that are to be analysed in the subsequent studies, which helps to ensure that
the conclusions drawn are valid. To ensure the greatest comparability, we based these
properties of our synthesised words (i.e., words’ lengths/durations, root frequencies,
and form frequencies; x1, Fryor, and Fy, in the formulae) on nouns in BALDEY
(Ernestus & Cutler, 2015). In addition, we determined, also on the basis of DLP and
BALDEY, what the effects of these properties were on the participants’ RTs to the
synthesised words. We will now discuss each of these steps in detail.

We generated 100 sets of RTs with each of the three models (1-3). Each set consists
of 6,000 RTs, produced by 20 synthesised participants, responding to 150 synthesised
simplex words and 150 synthesised complex words. We based the properties of our
synthesised words (i.e., words’ durations, root frequencies, and form frequencies; x1,
Fro0t, and Ffypp, in the formulae) on nouns in BALDEY (Ernestus & Cutler, 2015).
We only analysed the 504 nouns that can form their plural only according to the
scheme root + -s and that cannot occur as verbs. Table 10 lists descriptive statistics
of the words’ form frequencies, root frequencies and durations.

In order to determine the effect sizes of the variables in our generating models (1-
3), that is, of duration, root frequency, form frequency, trial number (i.e., 81, B2, Froot»
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Table 10 Means and standard deviations (SD) of the words’ durations, root frequencies, and form fre-
quencies, on which we based the properties of our synthesised words in the simulation experiment

Mean SD
Form frequency 4.118611 1.7497953
Root frequency 5.841478 1.9881844
Duration 6.485120 0.2692574

Table 11 Estimated effect sizes with corresponding standard deviations (SD) for the effects in BALDEY
that are incorporated in the synthesis of RTs in the simulation experiment

Coefficient Coefficient SD
Intercept 5.620486325 0.089528972
By-participant effect 0.000000000 0.242652274
Duration 0.236941020 0.010009395
Trial 0.009320023 0.002562212
Root frequency —0.002597006 0.001428608
Form frequency —0.017916674 0.001626829

and Fy,y,), and by-participant intercepts (u ), we determined their effect sizes on the
RTs for the nouns in BALDEY on the basis of which we had also determined the fre-
quencies and durations of our synthesised words (as listed in Table 10). We excluded
incorrect responses, responses made before word offset, and seven observations made
in session 8 by Participant 1 because of erroneous encodings. The resulting con-
strained dataset comprises 9,742 observations. We fitted a Bayesian linear mixed-
effects model to the log-transformed RTs, including form frequency, root frequency,
trial number and duration, as predictors, all of which were also log-transformed, as
well as by-participant random intercepts. The resulting estimates are presented in
Table 11.

We then generated the RTs of a single set as follows. We assumed 300 words
with characteristics randomly sampled from the distributions shown in Table 10 and
ascribed a unique trial number in the interval {log(1), log(2), ..., log(300)}. For
instance, a synthesised word could have a duration of e®, which would correspond
to 403 ms. For determining how much the synthesised duration contributes to the
synthesised RT, the duration would be multiplied with 0.237, which is the effect of
duration (see Table 11). Thus, 96 ms of the synthesised RT are due to the synthesised
word’s duration. Similarly, we randomly sampled 20 by-participant random intercepts
from a normal distribution with mean = 0 and the estimated SD reported in Table 11
(0.243). Using the effect sizes’ estimates listed in Table 11, we thus generated 300
RTs for each of the 20 synthesised participants with each of the three theoretical pro-
cessing models (formulae (1)—(3)). We repeated this procedure 100 times, resulting
in 100 x 6,000 = 600,000 generated RTs for each model.

Because the estimated root frequency effect is relatively small in comparison to
the estimated form frequency effect (Table 11), our generated RTs to the assumed
complex words would never be produced via the root-driven mechanism in our tip-
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form-driven vs. root-driven tipping point vs. root-driven form-driven vs. tipping point
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Fig. 5 Histogram of the coefficients of the correlations (x-axis) between the 100 pairs of synthesised
response times that were synthesised with the root-driven and the form-driven model (first column), with
the root-driven and the tipping point model (second column), and with the form-driven and the tipping
point model (third column)

ping point model. To ensure that the recognition of at least some RTs to complex
words were root-driven, we multiplied the effect estimate for root frequency with 50.
As a consequence, the tipping point model produced complex words via root-driven
mechanisms across the 100 repetitions of the generating procedure between 30% and
49% of the trials.

B.2 Analysis of synthesised data

We fitted each theoretical processing model to the 300 sets of generated RTs to de-
termine its goodness of fit with each set. We provided the model with the generated
words’ variables and their RTs and let the model estimate the variables’ effect sizes
and the (by-participant) intercept(s). We used as priors for our models the distribu-
tions of the effects that were used for generating the RTs (and which were deduced
from the actual data).

B.3 Results

We first investigated whether the sets of RTs generated with the three different models
are substantially different. Only if they are different, we can expect that it is possible
to determine by which model a set was generated. For each pair of models (root-
driven versus form-driven, root-driven versus tipping point, and form-driven versus
tipping point), we compared the correlation between each of the 100 RT sets gen-
erated by the first model with the corresponding set generated by the other model,
which resulted in 100 correlation coefficients for each pair of models. Figure 5 is
divided into three cells, each showing a histogram that represents the 100 correlation
coefficients for one pair of models. For example, the histogram in the leftmost cell
shows correlation coefficients between the 100 pairs of RT sets generated with the
root-driven (100 sets) and the tipping point model (100 sets). All correlation coeffi-
cients range between rmin = .92 and rmax = .99 and the correlations between RT
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Fig. 6 Difference in ELPD LOO (y-axis) between the root-driven model (first column, the form-driven
model (second column), and the tipping point model (third column) relative to the model with the highest
ELPD LOO, for each synthesised distribution of 6,000 response times (x-axis), when the data was syn-
thesised by the root-driven model (top row), the form-driven model (second row), and the tipping point
model (bottom row). Error bars represent two times the standard error. The figure shows that the model
that synthesised the data also fits the data the most accurately

distributions from the form-driven model and the tipping point model are especially
high. The overall strong correlations indicate that the models generate relatively sim-
ilar RTs, which makes it difficult to tease the generating models apart on the basis of
the RT distributions. The RT distributions are so similar because the RTs are mostly
determined by the control predictors (e.g., a word’s duration) and less so by the pro-
cessing mode of a complex word (root-driven or form-driven). The RTs from the
form-driven and the tipping point model are particularly similar because the tipping
point model, when incorporating a relatively high parsing penalty, can behave like a
form-driven model.

We then investigated whether the original generating models can be determined
on the basis of the RT distributions. Figure 6 shows the difference in ELPD LOO
between the root-driven model, the form-driven model, and the tipping point model
relative to the model with the highest ELPD LOO, for each set of generated RT
distributions. The figure is split up into nine cells, which cross the type of generating
model (in rows) and the type of inferential model tested (in columns). Each value in
a cell on the x-axis represents one of the 100 generated distributions of RTs produced
by the pertinent model. It can be seen that, although the RT distributions from the
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Estimated parameter values for data synthesised with root-driven model
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Fig. 7 Boxplots of the percentiles of the known effect sizes (y-axis) in the posterior distributions for
these effect sizes (x-axis) as estimated by the root-driven model (left column), the form-driven model
(second column), and the tipping point model (third column) when the data was synthesised by the root-
driven model (top row), form-driven model (second row), and tipping point model (bottom row). Each dot
represents the results from the synthesised distributions consisting of 6,000 trials

three models are highly correlated, the model that generated the RTs makes the most
accurate predictions of the RT distributions. The exception is formed by the RTs
generated by the form-driven model, which are as accurately fitted by the tipping
point model as by the form-driven model. This is because, as mentioned above, the
tipping point model can effectively function as a form-driven model when the parsing
penalty is so high that the recognition of plurals is always form-driven. In those cases,
we prefer the form-driven model, because it is less complex than the tipping point
model. Given these results, we conclude that, with our approach, it is possible to
correctly infer the model that generated the RT distribution.

Some of the datasets that we analyse in the subsequent studies contain fewer data
points than the datasets tested in Study 1. It is therefore important to note that we
established that the same conclusions are reached when Study 1 is carried out with
smaller sets, consisting of 2,000 RTs (instead of 6,000 RTs), produced by 20 synthe-
sised participants, responding to 100 synthesised words (instead of 300 synthesised
words). That is, we found again that the model that generated the RTs makes the most
accurate predictions of the RT distributions (Fig. 7). The exceptions are, again, the
RTs generated by the form-driven model, which are predicted as accurately by the
tipping point model as by the form-driven model.
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Fig.8 Difference in ELPD LOO (y-axis) between the root-driven model (first row), the form-driven model
(second row), and the tipping point model (third row) relative to the model with the highest ELPD LOO
(which is for each mean parsing penalty the form-driven model and the tipping point model), for all ob-
servations of a given dataset (x-axis, very first column) and ten random subsamples (x-axis, other columns
with labels sample 1, sample 2, ..., sample 10). The two horizontal dotted lines in each panel represent
differences in ELPD LOO of zero and minus four. Error bars represent two times the standard error. The
figure shows that the difference in ELPD LOO between the three models does not change when based on
a subset of the data

One of the datasets that we analyse in Study 1 contains so many observations that
it is infeasible for us to include all the data in the analysis, because the computation
of the ELPD LOOs for this dataset exceeds the working memory capacity of 512 GB
of our largest computing node. Following Magnusson et al. (2020), we compute the
ELPD LOO on the basis of a random subsample of the data that consists of one
tenth of all observations. To show that model comparisons are stable regardless of
whether the ELPD LOO is based on the whole dataset or on a subset of 10%, we
computed the ELPD LOO for the first dataset that was generated with the form-driven
model both on the basis of all data points in that set and on the basis of ten different
subsamples, each consisting of one tenth of the whole dataset. Figure 8 shows that the
difference in ELPD LOO between the three inferential models is approximately the
same regardless of whether the ELPD LOO is based on all observations (first column)
or on one of ten different subsets (other columns).

In conclusion, the simulation experiment shows that, although the RT distributions
generated by the three models are highly correlated, it is possible to infer the generat-
ing model, in the controlled environment of generated RTs. Because we generated RT
distributions based on an RT distribution of nouns in BALDEY (Ernestus & Cutler,
2015), we are confident that it is also possible to infer the processing model that best
fits human lexical decision data. This validates our methodological approach.
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Appendix C

For determining the parsing penalty prior for our models, we assumed that parsing
should take at least 1 ms but no longer than 350 ms. Because all models were fitted
with log-transformed predictors, we defined the parsing penalty prior on the log scale
as well, that is, as Apjoe = log(e!™"*P" + Ap) — Intercept, whereby the Intercept
refers to the mean prior of the intercept, being 6.5173 (677 ms) for DLP (see Table 4)
and 5.7090 (302 ms) for BALDEY (see Table 5). This implies that, on the log scale,
we expect the mean of the parsing penalty to be between 0.0015 (1 ms) and 0.4168
(350 ms) for DLP and between 0.0033 (1 ms) and 0.7704 (350 ms) for BALDEY.

We tested sequences of means, of which some were slightly outside the range of
plausible parsing penalties, because this enables us to investigate the model’s esti-
mations when provided with an implausible parsing penalty prior. Specifically, we
explored normal distributions for the parsing penalty prior with means ranging from
0.001 to 0.801 in 0.02 increments while the corresponding standard deviations (SD)
were defined by formula (5).

SD; = mean; /4 + 4/(mean; + 4). Q)

Note that the computed standard deviation tends to be a fourth of the mean for
large values of the mean, with a lower bound of 1, which is attained for low values of
the mean just above 0 (e.g., mean of 0.001 has a SD of 0.001/4+4/(0.001+4) = 1).
This is necessary to ensure that priors smaller than 4 ms are not too informative so
that updating the prior distribution based on the actual data would be impossible.

Appendix D

Table 12 Estimated coefficients for a root-driven, a form-driven, and a tipping point model fitted to the
data of Study 1 (written plural nouns ending in -en). In the row for the parsing penalty, values in brackets
are the highest density value. Frequency is abbreviated with FQ

Estimate  Root-driven model Form-driven model Tipping point model
Mean SD Rhat Mean SD Rhat Mean SD Rhat

Intercept 6.51000 0.02170  1.00 6.52000 0.02140 1.01 6.53000 0.02060 1.01

Trial 0.00814  0.00087  1.00 0.00820  0.00087  1.00 0.00818  0.00087 1.00

Length —0.00462 0.00176  1.00 —0.00407 0.00176 1.00 —0.00292 0.00177 1.00

Form FQ - - - —0.02410 0.00054 1.00 —0.02610 0.00060 1.00

Root FQ —0.02640 0.00046 1.00 —0.02690 0.00041 1.00 —0.02910 0.00045 1.00

Penalty 0.06340 0.00175 1.00 - - - 0.08300 0.00374 1.00
(0.0636) (0.082)
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Table 13 Estimated coefficients for a root-driven, a form-driven, and a tipping point model fitted to the
data of Study 2 (spoken plural nouns ending in -en). In the row for the parsing penalty, values in brackets
are the highest density value. Frequency is abbreviated with FQ

Estimate  Root-driven model Form-driven model Tipping point model

Mean SD Rhat Mean SD Rhat Mean SD Rhat
Intercept 5.85000  0.12200 1.01 5.88000 0.01310 1.01 5.90000 0.13300 1.01
Trial 0.01340  0.00253 1.00 0.01340  0.00261 1.00 0.01340  0.00256 1.00
Duration 0.18700  0.01730 1.01 0.18300 0.01780 1.01 0.18200 0.01780 1.00
Form FQ - - - —0.00524 0.00143 1.00 —0.00528 0.00145 1.00
Root FQ —0.00632  0.00121 1.00 —0.00812 0.00111 1.00 —0.00813 0.00113 1.00
Penalty 0.03690  0.00834 1.00 - - - 0.73400 0.04070 1.00

(0.0371) (0.582)

Table 14 Estimated coefficients for a root-driven, a form-driven, and a tipping point model fitted to the
data of Study 3 (written second/third person singular present tense verb forms ending in -#). In the row for
the parsing penalty, values in brackets are the highest density value. Frequency is abbreviated with FQ

Estimate  Root-driven model Form-driven model Tipping point model

Mean SD Rhat  Mean SD Rhat Mean SD Rhat
Intercept 6.42000 0.02300 1.00 6.43000 0.02200 1.01 6.42000 0.02230 1.01
Trial 0.00709  0.00145 1.00 0.00712  0.00146  1.00 0.00714  0.00147 1.00
Length 0.00613  0.00185 1.00 —0.00610 0.00188 1.00 0.00607 0.00186  1.00
Form FQ - - - —0.01110 0.00106 1.00 —0.01110 0.00106 1.00
Root FQ —0.00781 0.00083 1.00 —0.00818 0.00074 1.00 —0.00819 0.00073 1.00
Penalty 0.01250  0.00415 1.00 - - - 0.43900 0.26200 1.00

(0.0124) (0.044)

Table 15 Estimated coefficients for a root-driven, a form-driven, and a tipping point model fitted to the
data of Study 4 (spoken second/third person singular present tense verb forms ending in -¢). In the row for
the parsing penalty, values in brackets are the highest density value. Frequency is abbreviated with FQ

Estimate  Root-driven model Form-driven model Tipping point model

Mean SD Rhat  Mean SD Rhat  Mean SD Rhat
Intercept 5.60000 0.17200 1.01 5.50000 0.16500 1.00 5.49000 0.17000 1.01
Trial 0.01380 0.00282  1.00 0.01380 0.00274 1.00 0.01380  0.00271 1.00
Duration 0.22900  0.02500 1.01 0.24500  0.02440 1.00 0.24500  0.02490 1.00
Form FQ - - - —0.01230 0.00186 1.00 —0.01230 0.00200 1.00
Root FQ —0.00593 0.00124 1.00 —0.00472 0.00107 1.00 —0.00469 0.00114 1.00
Penalty 0.00791 0.00431 1.00 - - - 0.75100 0.41100 1.00

(0.0045) (1.15)
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Table 16 Estimated coefficients for a root-driven, a form-driven, and a tipping point model fitted to the
data of Study 5 (written nouns ending in the derivational suffix -heid). In the row for the parsing penalty,
values in brackets are the highest density value. Frequency is abbreviated with FQ

Estimate  Root-driven model Form-driven model Tipping point model
Mean SD Rhat Mean SD Rhat Mean SD Rhat

Intercept 6.44000 0.02110 1.01 6.45000 0.02110 1.00 6.45000 0.02070 1.01

Trial 0.00769  0.00152  1.00 0.00762  0.00150  1.00 0.00763  0.00151  1.00

Length 0.00568 0.00185 1.00 0.00509 0.00187 1.00 0.00507  0.00187  1.00

Form FQ - - - —0.00114 0.00144 1.00 —-0.01140 0.00148 1.00

Root FQ —0.01470 0.00085 1.00 —0.00163 0.00083 1.00 —0.01620 0.00083 1.00

Penalty 0.07870  0.01470 1.00 - - - 0.50000 0.22800 1.00
(0.0797) (0.526)

Table 17 Estimated coefficients for a root-driven, a form-driven, and a tipping point model fitted to the
data of Study 6 (spoken nouns ending in the derivational suffix -heid). In the row for the parsing penalty,
values in brackets are the highest density value. Frequency is abbreviated with FQ

Estimate  Root-driven model Form-driven model Tipping point model
Mean SD Rhat  Mean SD Rhat  Mean SD Rhat

Intercept 5.5400  0.16900 1.01 5.29000  0.15100  1.00 5.28000  0.14400 1.00

Trial 0.0123 0.00262  1.00 0.01220  0.00256  1.00 0.01240  0.00251 1.00

Duration 0.2350  0.02480 1.01 0.27600  0.02150 1.00 0.27700  0.02060 1.00

Form FQ - - - —0.01150 0.00178 1.00 —-0.01160 0.00179 1.00

Root FQ  —0.00585 0.00116 1.00 —0.00620 0.00120  1.00 0.00618  0.00115 1.00

Penalty 0.02400 0.04410 1.00 - - - 0.72200  0.40700 1.00
(0.237) (0.913)
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