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Abstract

Frequency and frequency-based measures such as probability are widely accepted

to have extensive effects on speech production. On the one hand, high frequency

units (e.g., words) have been found to be articulated with shorter duration and cen-

tralized tongue positions, indicating phonetic reduction. On the other hand, high

frequency, and therefore more predictable, units have been found to be articulated

with longer duration and clearer articulations, indicating phonetic enhancement.

This dissertation provides a possible account for these seemingly-contradictory

effects of frequency from the perspective of semantics. To this end, I first replicated

one previous study, using ultrasound, which reported phonetic enhancement effects

of frequency based on tongue position data recorded by electromagnetic articulog-

raphy (EMA). In addition, I developed a new methodology of analyzing ultrasound

images, in which not only tongue surface positions but the whole ultrasound im-

ages can be included for analysis. Using a different recording technique and a

different analysis technique, effects of phonetic enhancement of word frequency

were replicated.

Subsequently, I collected a set of words that shared the same rime structure,

namely the stem vowel [a(:)], at most one intervening segment, and the word-final

plosive [t], from a spontaneous speech corpus. Critically, these words differed

in their morphological status, having either one or no morphological boundary

between the stem vowel and the word-final [t], namely inflected and non-inflected

words with the same rime structure. For these words, an increase in frequency was

observed to be associated with higher tongue positions (indicating phonetically
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reduced realizations) of the stem vowel, while phonetic reduction was extensively

attenuated for inflected words. These results suggest that seemingly-contradictory

effects of frequency may in fact be due to different morphological statuses of the

items being investigated.

Finally, a possible source of this “morphological” modulation of the frequency

effect was investigated from the perspective of semantics. The amount of semantic

support for the word-final triphone (i.e., SemSupSuffix), which contains the suf-

fix in the middle, was calculated from the Discriminative Lexicon Model (DLM),

which was trained to discriminate all the German words available in the CELEX

database. SemSupSuffix was found to be associated most clearly with the word’s

inflectional status in such a way that higher SemSupSuffix was more likely for

inflected words. Furthermore, SemSupSuffix showed a better performance in pre-

dicting tongue positions during the stem vowel in a statistical model, compared

to inflectional status as a dichotomous factor variable. Moreover, the model with

SemSupSuffix predicted that high frequency was associated with phonetic reduc-

tion when SemSupSuffix was low, which corresponded to non-inflected words,

and that it was associated with phonetic enhancement when SemSupSuffix was

high, which corresponded to inflected words. These results clarify that the ob-

served interaction of frequency by morphological status can be explained without

resorting to morphological concepts such as morphemes, because the DLM, from

which SemSupSuffix was derived, does not make use of such high-level con-

structs, but uses lower-level sublexical form features instead.

In summary, this dissertation provides an explanation for why effects of fre-

quency are different for inflected and non-inflected words, without requiring the

theoretical constructs of morpheme or exponent. This explanation builds on the

strong support that a low-level sublexical unit (the triphone straddling the suffix

/t/) receives from a words’ semantics. Instead of calling upon a putative mor-

pheme boundary that would be part of a words’ form representation, this explana-

tion points to the importance of the different semantics that are realized in the word
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and the differential support that the critical triphone receives from the semantics.
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Chapter 1

Background: Speech processing

from semantics to phonetics

Abstract: This chapter provides an overview of models of speech production that

start from conceptual and semantic levels and proceed all the way down to phonetic

realizations. Early models (Fromkin, 1971; Garrett, 1984; Levelt & Wheeldon,

1994) were verbal models that were highly modular and serial with architectures

consisting of several hierarchically organized distinct levels or modules. Individual

models of speech production differ in the extent to which modularity and seriality

are imposed. Another in�uential model (e.g., Dell, 1986) implemented interac-

tive activation network with limited seriality. A more recent computational model

linking meaning to form (Baayen et al., 2019) works with a simple network with

no intermediate layers between high dimensional representations of meanings and

high dimensional representations of forms.
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1.1 Classical perspectives on speech production

An important part of the speech production process involves selecting those words

that properly realize the meanings that the speaker wants to express. It is uncon-

troversial that the speech production process starts off with concepts and meanings

and culminates in articulation. However, it varies from model to model what in-

termediate processing stages and how many processing stages are involved. Most

of the earliest models of speech production work with intermediate levels that fol-

low standard components of the grammar as laid out in formal theories within the

framework of generative grammar, with Chomsky (1965) being particularly in�u-

ential.

1.1.1 Fromkin's model

In early days, speech production models were constructed based on observations

of speech errors, the assumption being that speech errors are revealing about the

internal structure of the cognitive system that drives the speech production process.

For example, if swapping of two phonemes is observed (e.g.,keep a tape! teep

a cape), the production system was assumed to operate on phonological units. If,

on the other hand, a certain unit is not involved in speech errors, the unit was

assumed to be irrelevant to the speech production system. The internal structure

of affricates, for instance, are not split up in speech errors (e.g.,pinch hit ! pinch

hitch, but not [pInt hIS]) (Fromkin, 1971), indicating that affricates are phones for

English speakers rather than sequences of phones.

Based on detailed analysis of speech errors, which were collected by the author

herself throughout three years of her academic and personal life, Fromkin (1971)

proposed six stages of processing. The �rst stage is the generation of an intended

meaning. Little detail was provided as to the structure within this stage and its

connection to the next stage, the syntactic stage. In this next stage, a syntactic

structure is generated. This syntactic structure has slots for words. These slots are
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speci�ed for semantic and syntactic features. This stage was supposed to explain

speech errors that involve switching words in the same syntactic word class (e.g.,

nouns exchanged with other nouns).

After the syntactic structure is created, at stage three, an intonation contour is

assigned to the syntactic structure, distinguishing, for instance, between declara-

tive and interrogative sentences. Such an intonation contour of an entire sentence

was posited to explain the preservation of sentential stress positions. For example,

according to Fromkin (1971, p. 42), the second word holds the primary sentential

stress whenHow bád things wereis mis-uttered forHow thíngs bad were.

At the next stage, the lexicon comes into play. De�nitions of the lexicon differ

from model to model. In her model (Fromkin, 1971), the lexicon was assumed to

consist of two parts: a semantic section and a phonological section1. In the se-

mantic section, words were assumed to be speci�ed with semantic features, further

grouped into syntactic categories such as nouns and verbs. These entries in the

semantic section have a pointer to their corresponding entry in the other part of

the lexicon, the phonological section, in which segmental information of words is

speci�ed.

According to Fromkin (1971), look-up in the lexicon consists of two steps.

Words are �rst looked up in the semantic section based on the semantic and syn-

tactic features assigned to the word slots in the syntactic structure. Speech errors

involving words with similar meanings (e.g.,like for hate) can occur during this

selection stage, due to sharing many semantic features. Second, once an entry in

the semantic section has been accessed, look-up reads the pointer in the entry and

proceeds to the speci�c entry indicated by the pointer in the phonological section of

the lexicon. Words' phonological segments are speci�ed in the phonological sec-

tion. Since words sharing similar phonological segments are assumed to be located

in the vicinity in this section of the lexicon, word-switching based on phonological

similarity (e.g.,pressurefor present) is argued to occur at this stage of identifying

1These were called “the semantic class sub-section” and “the over-all vocabulary” (Fromkin,
1971).
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an entry in the phonological section. Access to an entry in the phonological sec-

tion produces a string of phonological segments, each of which is speci�ed with

respect to its syllabic and segmental position. As a consequence, Fromkin (1971)

claimed, misordering of segments within/across syllables occurs during this pro-

cess of looking up the target words and citing their phonological segments in a

string.

Subsequently, these phonological segments are brought together in syllables

and, where necessary, modi�ed by morphophonemic constraints. Fromkin (1971)

claimed that segmental speech errors involving allomorphs (e.g., /s/ or /z/ for the

plural suf�x) should occur before this stage, but without providing much detail. At

the �nal stage, the phonemes in the syllables are converted into actual neuro-motor

commands driving articulation.

1.1.2 Garrett's model

The speech production model by Fromkin (1971) was later re�ned by Garrett

(1984, 1988). His model posits �ve stages: the message level, the functional level,

the positional level, the phonetic level, and the articulatory level. In each of the

levels, representations from the level immediately above were received as input,

certain types of processes operate on the input representations, and different types

of representations are produced as output (Table 1.1). The positional level and the

phonetic level can be combined and treated as jointly constituting the positional

level. In addition, the functional, positional, and phonetic levels jointly constitute

the sentence level.

At the message level, general concepts are taken as input, inferential processes

operate on these general concepts, and message-level representations are produced

as output. Garrett (1984) suggested that a conceptual syntax operates on general

concepts and builds a more complex representation out of them in a compositional

way. However, this level was not regarded as “linguistic”, and therefore not much

detail was provided.
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Table 1.1: The �ve levels and their processes, input representations, and output
representations. For example, the functional level receives message-level repre-
sentations and returns functional-level representations.

Representation

Level Process Input Output

Message Inferential General concepts Message-level
Functional Logical/syntactic Message-level Functional-level
Positional Syntactic/phonological Functional-level Positional-level
Phonetic Regular phonological Positional-level Phonetic-level

Articulatory Motor coding Phonetic-level Articulatory

At the functional level, message-level representations are taken as input, log-

ical/syntactic processes operate on them, and functional-level representations are

produced as output. The processes at this level consist of lexical selection (re-

trieval of lexical items), construction of a frame (structure), and assignment of the

retrieved items to the slots of the frame. In these processes, meaning-based word

substitution errors and whole-word exchange errors can occur such as (1) and (2)

below respectively.

(1) He rode his bike to schooltomorrow. (yesterday)

(2) Cat, it's toohungryfor you to beearly.

Meaning-based word substitutions are based on semantic similarity. In Garrett's

model, meaning-based word substitution errors were assumed to occur in the pro-

cess of retrieving words based on words' meanings, namely message-level rep-

resentations. In contrast, whole-word exchanges do not always have semantic

similarity between the interacting words. However, whole words are exchanged,

not only portions of words, and whole-word exchanges always involve words in

the same syntactic category. Based on these observations, whole-word exchanges

were assumed to occur in the process of assigning the retrieved words into the

corresponding slots in the frame (structure).

The processes at the next level, namely the positional level processes, pro-
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ceed in a similar manner as the functional level processes. These processes are

retrieval of segmental information for each word, construction of a phonological

structure, and assignment of segments to the phonological structure. The input of

the positional level is the output of the functional level, namely functional-level

representations, based on which segments of each lexical item are retrieved. While

segments are retrieved, a surface phrasal geometry (i.e., phonological structure)

is constructed, that is, a tree-like phonological structure with slots for segments.

The retrieved segmental information is then assigned to these slots. Two kinds of

speech errors can occur in this level in a similar way as in the functional level.

The retrieval of segmental information can cause word-substitution errors based

on form (sound) similarity, and the assignment of segmental information to the

phonological structure can lead to sound-exchanges, which are also based on form

(sound) similarity. The examples (3) and (4) below correspond to these two kinds

of speech errors respectively.

(3) It looks as if you're making considerableprocess. (progress)

(4) I was just gonnarockon thenongdoor.

Garrett's model differs from Fromkin's model in that it makes a distinction

between the treatments of major-class items (i.e., content words) such as nouns

and minor-class items (i.e., function words) including bound morphemes such as

in�ectional suf�xes. This distinction was based on the observations that minor-

class items such as suf�xes can be shifted to another position in the phrase but not

substituted or exchanged for another word or morpheme. In the following example

(5), the in�ectional suf�x -s is stranded in its original position, while the root the

suf�x is attached to (i.e.,pay) is exchanged for another word in the sentence (i.e.,

wait). In contrast, the following example (6) shows that a bound morpheme can be

shifted within a phrase.

(5) It waits to pay. (pays to wait)

(6) I'd forgot__ aboutenthat.
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Based on these kinds of speech errors, Garrett's model assumed that minor-class

elements are associated with the phonological frame. Retrieval failure is the source

of substitution errors, such as examples (1 and 3). Assignment of retrieved items

to wrong slots of a frame is the source of exchange errors, such as example (2 and

4). In contrast to minor-class items, major-class items such as nouns were assumed

to always go through all the processes, namely being retrieved and assigned to

the functional frame, followed by their segmental information being retrieved and

assigned to the positional (phonological) frame. As a consequence, all kinds of

speech errors can be observed for major-class items. Minor-class elements can only

be shifted within a phrase. This observation was explained by postulating “error

processes in general” (Garrett, 1984, p. 180) that can occur after the positional-

level representations are completed, namely at the phonetic level.

The output of the positional level, namely positional-level representations,

is then modi�ed by regular phonological processes, and all the segments in the

positional-level representation are then concatenated into a string of phonemes.

This stage is called the phonetic level. Misplacement of segments can occur in

this level at the moment that segments are made into a string, due to what Garrett

(1984) called error processes in general. Moreover, this level was assumed to

explain phonological accommodation, the phenomenon that an appropriate allo-

morph is selected and phonologically realized according to its new environment

created by a speech error, such as below:

(7) a money's aunt (...). (an aunt's money)

In this example, the inde�nite article is realized asa /@/ (not an /@n/), so that it

conforms to its new environment, namely before /m/. This modi�cation was as-

sumed to be brought about by regular phonological processes, which operate in

this phonetic level.

The output string of the phonetic level, which is namely the end product of the

sentence level (i.e., the functional, positional, and phonetic levels), is then sent to

the articulatory level. At this level, the phonetically rich sentence representation
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is translated into an articulatory structure that provides motor instructions for the

articulators.

1.1.3 Dell's model

In contrast to the serial feedforward modular nature of the models by Fromkin

(e.g., Fromkin, 1971) and Garrett (e.g., Garrett, 1984), the model by Dell and his

colleagues (Dell, 1986, 1988, 1990; Dell et al., 2007; Dell et al., 1997; Foygel

& Dell, 2000; Kittredge et al., 2008) has a network structure, and selection of

linguistic units (e.g., word) was assumed to be based on activation levels of units

in the lexical network.

This model has four levels: the conceptual level, the syntactic level, the mor-

phological level, and the phonological level2. The model is worked out in detail

for the last three levels (Dell, 1986). Each level has a “rule” component in addi-

tion to a “lexicon” component (i.e., a lexical network). In the rule component (i.e.,

the tactic frames), a tree-like structure with slots is constructed (e.g., a syntactic

frame). Each slot is speci�ed with respect to the appropriate categories at a given

level. These categories are syntactic classes such as nouns for the syntactic level,

morpho-syntactic classes such as the noun-stem for the morphological level, and

positions within a syllable such as nucleus for the phonological level. According

to these category speci�cations, the lexical network associated with a given level

(e.g., the lexical network of the syntax level) is searched for the node of the speci-

�ed category with the highest activation level at a given point in time. Nodes in the

network are words at the syntactic level, morphemes at the morphological level,

and phonemes at the phonological level. Nodes are not fully connected between

adjacent layers, they are connected only to pertinent nodes. After being selected, a

node gets associated with a particular slot in the frame.

2Dell (1986) also proposed a phonological encoding model, which contained morpheme nodes,
syllable nodes, rime nodes, phoneme nodes, and feature nodes. This phonological encoding model
can be understood to correspond to the phonological level. However, this phonological encoding
model was evaluated separately from the entire model (which contained concepts, words/lemmas,
morphemes, and phonemes). In what follows, the focus is on this main model
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Processing in the lexicon is governed by spreading activation. At each time

step, a node sends a �xed proportion of its activation to its neighbor nodes that

are directly connected to the node. At a destination node, arriving activations are

summed and added to the current activation level of the node. At the same time,

activation levels of nodes are assumed to decay at a �xed rate at each time step

to keep activation levels down. Importantly, spreading of activation is assumed

to be two-way, not only downwards (i.e., from the conceptual level, through the

syntactic and morphological levels to the phonological level) but also upwards (i.e.,

from the phonological level, through the morphological and syntactic levels to the

conceptual level). This characteristic enables nodes at lower levels to affect nodes

at higher levels. As a consequence, lower levels can change activations at higher

levels, which in turn will affect how higher levels affect lower levels.

Speaking is assumed to begin with increases in activation levels of pertinent

conceptual nodes. Conceptual nodes with positive activation levels activate the

lemma nodes with which they are connected. The lemma nodes pass on activation

to lower levels in the network and subsequently receive activation back from these

lower levels. In this process, one lemma will reach a higher activation than the

other lemmas, which makes it eligible for insertion into a syntactic tree, under the

condition that this lemma is of a word category that matches the slot in the syntactic

tree. After selection and lexical insertion, the lemma node is deactivated. A similar

procedure is used to select morphemes for insertion into morpheme trees, and to

select phonemes for insertion into syllable trees.

For example, to produce the sentencesome swimmers sink, the syntactic frame

shown in Figure 1.1 is constructed. Note that the end nodes of the frame specify

a syntactic category for each slot (e.g., Q = Quanti�er). Based on this frame, the

model �rst looks for the node of the quanti�er with the highest activation level in

the lexical network. The speci�cation of the currently appropriate category ensures

that the right node belonging to the correct category gets selected. In the current

example,some, swimmer, sink, andPLURAL are expected to be activated strongly,
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since they should all be activated by the concept that the speaker intends to convey

(i.e., the concept ofsome swimmers sink). However, the model only checks the

node of the quanti�er at the moment in this example, and therefore another highly

activated node such asswimmerwill not be selected.

As a consequence, unless some other quanti�ers get activated more strongly

than the correct quanti�er for some unexpected reasons, the correct lemma node

someshould hold the highest activation level at the time of the node-checking,

and the model �nds this lemma node. Once the node gets selected, the node gets

tagged and associated with the current slot (e.g., “(1)” as shown in the �gure), and

the model looks for the next appropriate node for the next slot, which is a noun in

this example. Then, the selected noun, which should beswimmer, will be tagged

(e.g., “(2)”). In Figure 1.1, the item being searched for at the moment is marked as

“?”.

S

NP

Q

(1)

N

N

(2)

Plural

?

VP

V

Figure 1.1: The syntactic frame that would be constructed to producesome swim-
mers sinkat the moment the model is searching for an in�ectional suf�x (Dell,
1986). (Q=Quanti�er, N=Noun, V=Verb, Plural=a bound morpheme for plurality)

In parallel to the syntactic level, the morphological frame is constructed in

the “rule” section at the morphological level (Figure 1.2). In the lexical network,

the current node is determined. The current node is the node tagged �rst at the

immediately upper level, which issomeat the syntactic level for this example. The

current node receives the initial boost of activation level, which Dell (1986) called
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signaling activation, and spreads its activation to its neighbor nodes. In the current

example, the activation spreading from the current nodesomeshould activate the

quanti�er stemsomethe most strongly, leading to the node being selected for the

morphological frame.

W

SQ

(1)

W

St

SV

?

Af1

Af2

Figure 1.2: The morphological frame that would be constructed to producesome
swimmers (sink)at the moment the model is searching for a verb stem. (W=Word,
SQ=Quanti�er stem, St=Stem, Af=Af�x, SV=Verb stem)

Once an appropriate node gets selected and tagged, the current node is moved

to the next slot of the frame, which is “N”, namelyswimmerin the lexical network,

in this example. As the current node, the lemma nodeswimmergets activated to

a certain extent (i.e., signaling activation) and spreads its activation to its neighbor

nodes.

Note thatswimmeris a derived form at the syntactic level. Dell (1986) assumed

that the derived word has its own node at the syntactic level (e.g.,swimmer) and it is

decomposed into its component morphemes at the morphological level (e.g.,swim

ander). In contrast, the in�ected word was assumed to be decomposed already at

the syntactic level, not only at the morphological level. Therefore, in the present

example(some) swimmers (sink), the nodesswimmerand PLURAL are activated

separately for the wordswimmersat the syntactic level, and they are decomposed

furthermore intoswim, -er, and-sat the morphological level. Dell (1986) assumed

this distinction between in�ection and derivation, mainly following the standard

linguistic account about in�ection and derivation (Chomsky, 1965, 1981) and some
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psycholinguistic studies (Garrett, 1984). In addition, Dell (1986) suggested that his

model can explain why suf�x shift errors such as (8) tend to occur for in�ectional

suf�xes, rather than derivational suf�xes. For an in�ectional word, its stem and

its suf�x are separated at the syntactic level, and each of them sends activation to

its corresponding morpheme node separately. As a consequence, the correct stem

node may not be activated the most when the suf�x node is activated. If the suf�x

node gets activated, while another (wrong) word (e.g.,get) is still activated, then the

suf�x may get attached to the wrong word. In contrast, a derived word has a single

lemma at the syntactic level. Its corresponding stem and suf�x at the morphological

level are both connected with and therefore receive activation at the same time from

the lemma node. Since the stem and the suf�x nodes receive activation at the same

time, the mistiming of constructing the stem-suf�x combination does not happen

for a derived word.

(8) gets it (forget its)

Following the selection of the lemmaswimmeras the current node, the mor-

pheme nodesswim and -er get activated. Since the next slot to be �lled in the

morphological frame is a verb stem, only the morpheme nodes of the verb stem are

searched to determine which one of them retains the highest activation. Assuming

nothing irregular happens, the morpheme nodeswimshould then be selected for

the slot. The search then continues to the next slot, which is a derivational suf�x in

this case.

This cycle from the selection of the current node to the selection of the appro-

priate node for the slot in the frame works in the same way also for the phonolog-

ical level. At the phonological level, each node in the lexical network represents a

phoneme with its phonological category speci�ed such as onset consonant, nucleus

vowel, and coda consonant. For the current example, a phonological frame such as

shown in Figure 1.3 would be constructed forsome.
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SYL

On

?

Rime

Nu Co

Figure 1.3: The phonological frame forsomeat the moment the model is searching
for the onset consonant (Dell, 1986). (SYL=Syllable, On=Onset, Nu=Nucleus,
Co=Coda)

In this model, speech errors are explained mainly in terms of the mis-selection

of the node due to particular activation patterns. For example, non-contextual er-

rors based on semantic similarity such as (9) are assumed to occur due to the shared

lemma. In the case below,SINK is connected tosink, andsink is connected to

DROWN. SinceDROWN has its own corresponding lemmadrown, it is possible

that activation originating inSINK travels throughsinkandDROWN, activating the

wrong lemmadrownin the end. If the model looks for the most activated node in

the lexical network in order to �ll in the slot of the verb in the syntactic frame when

the wrong lemmadrownhappens to have a higher activation level than the correct

lemmasink, the word substitution fromsinkto drownmight occur.

(9) Some swimmers drown. (forSome swimmers sink)

Such a “mis-activation” can also occur because the processing at lower levels

necessarily follow the processing at higher levels. In other words, phonological

processing (e.g., selection of phonemes) begins once at least one morpheme node

is selected and tagged for its corresponding slot in the morphological frame, and

morphological processing begins once at least one lemma is selected. As a con-

sequence, it is quite possible that the morphological level already works on the

second word, while the phonological level is still working on the �rst word. This

can lead to anticipatory errors such as (10) below:
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(10) sim swimmers /sIm swImÄz/ (for some swimmers/s2m swImÄz/)

In this example, the morphological level may already be working on the noun

stemswim, namely looking for the morpheme nodeswimto �ll in the slot of the

noun stem in the morphological frame. At this moment, the morpheme nodeswim

should have a very high activation level, at least higher than the other morpheme

nodes of the noun stem. As a consequence, the morpheme nodeswimspreads a

considerable amount of activation to its constituent phonemes, including /I/. Mean-

while, the phonological level may still be trying to �nd the nucleus vowel forsome,

where /2/ should be found. However, since /I/ may also be highly activated due to

the activation spread fromswim, it is possible that /I/ happens to have a higher ac-

tivation level than /2/, leading to the wrong selection of /I/ as the nucleus vowel of

some, which results in /sIm/ in place of /s2m/.

The model assumes that the activation level of a node that has already been

selected gets reduced to zero. However, its neighboring nodes usually retain a rel-

atively high activation level, since the node that has been selected and deactivated

should already have sent some activation to its neighboring nodes before the de-

activation. As a consequence, the very node that has been deactivated will receive

a considerable amount of activation from its neighboring nodes after the deactiva-

tion, leading to a high activation level again. Dell (1986) called this “rebounding”.

This “rebounding” mechanism was claimed to explain perseveration errors such as

(11) below:

(11) some swummers /s2m sw2mÄz/ (for some swimmers/s2m swImÄz/)

After the selection of the phoneme node /2/, the node gets deactivated. How-

ever, due to the “rebounding” mechanism, the activation level of the node rebounds

back to being high. When the rebounded activation level happens to be higher than

the activation level of the phoneme node /I/ at the moment looking for the nucleus

vowel for swim, the perseveration error in (11) occurs.

Exchange errors such as shown in (12) are explained by the combination of the
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mechanisms responsible for anticipatory errors and perseveration errors.

(12) sim swummers /sIm sw2mÄz/ (for some swimmers/s2m swImÄz/)

When the anticipatory error occurs, the wrongly-selected node (i.e., /I/) gets de-

activated. As a consequence, the other phoneme node, which would have been

correct for the last slot but wrong for the current slot, namely /2/ in this example,

is possible to have a higher activation level than the correct one (i.e., /I/). This can

lead to selecting /2/ for the nucleus vowel ofswim, resulting in the exchange error

shown in (12).

This model by Dell and his colleagues (e.g., Dell, 1986) is different from the

preceding classic models (Fromkin, 1971; Garrett, 1984) in that the selection of

linguistic units (e.g., word) is completely based on activation spreading in the lex-

ical network and that it allows lower levels to affect higher levels by spreading

activation. In addition, Dell's model is more �exible which enables it to capture

intermediate cases of speech errors. For example, suppose the speaker saidLet's

stopinstead ofLet's start. This speech error can be understood as an instance of the

word exchange based on semantic similarity. At the same time, sincestopandstart

share the same consonant cluster at the syllable onset, the speech error can also be

classi�ed as a speech error based on phonological similarity. Nevertheless, in se-

rial feedforward modular models (e.g., Fromkin, 1971; Garrett, 1984), this speech

error must be determined to be either semantic or phonological with respect to its

nature. In contrast, in Dell's model, it is possible that a wrong node gets selected

due to activation spreading from semantically associated nodes and phonologically

associated nodes both, allowing for the intermediate nature of speech errors such

as in the word exchange seen inLet's stopin place ofLet's start.

The original Dell model (Dell, 1986) did not have a mechanism to explain

faster reaction times for high frequency words in a lexical decision task and a nam-

ing task. To explain faster reaction times for high frequency words, frequency dif-

ferences were later implemented as different activation levels of the lemma nodes

(Dell, 1990). High frequency words were assumed to have higher resting activation
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levels for their lemma nodes. Because of higher resting activation levels, the lem-

mas of high frequency words were assumed to be faster and more easily selected.

Note that this way of implementing frequency differences still does not predict fre-

quency effects on phonetic realizations. Although activation spreads two-ways in

Dell's model across different linguistic levels, activation levels are used in the end

only for selecting a node. In addition, the nodes in the lowest level are phonemes,

not phones3. As a consequence, different resting activation levels are not predicted

to affect phonetic realizations.

1.1.4 Levelt's model

The mechanism of spreading activation (Collins & Loftus, 1975) was integrated

into a serial strictly-feedforward processing mechanism (e.g., Fromkin, 1971; Gar-

rett, 1984) in the theory of lexical access proposed by Levelt et al. (1999) and

Levelt and Wheeldon (1994) and its computational implementationWEAVER++

(Roelofs, 1997). As in Dell's model, nodes are not fully connected between dif-

ferent linguistic levels (e.g., syntax-morphology). However, unlike in Dell's model

(e.g., Dell, 1986), activation spreads only in a forward fashion in a highly modu-

larized hierarchical network.

Levelt's model consists of six modules: conceptual preparation, lexical selec-

tion, morphological encoding, phonological encoding, phonetic encoding, and ar-

ticulation. These six modules are organized into three strata, a conceptual stratum,

a lemma stratum, and a form stratum. Speech production begins with activating

lexical concepts. Lexical concepts, the concepts that have corresponding words

in the target language, are assumed to be non-decompositional symbols. Lexical

concepts are connected with each other, and also with their corresponding lemmas.

A lemma is a symbolic representation that is linked to words' in�ectional features

such as gender and number. Activation spreads from the lexical concepts selected

3Dell (1986) also proposed a phonological encoding model. In this model, the lowest nodes are
phonemic features such as fricative or alveolar, and they are still abstract and distant from phonetic
realizations.
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to the lemma layer. The lemma node with the highest activation level is selected

for further processing. At the same time, its in�ectional features become available.

Once a lemma has been selected, activation �ows to its morphemes. The se-

lected morphemes in turn pass on activation to their segments and to their metrical

properties. Connections between morphemes and segments are labeled for their

position in the morphemes. The metrical properties only specify the number of

syllables and the position of an accent. The selected segments and the metrical

properties are then combined to assemble phonological words containing syllables.

Phonological words and their syllables are constructed as follows. Segments

are inserted into the metrical frame from the beginning of the word. If the segment

is a vowel, it will be assigned to the next nucleus position. If the segment is a

consonant, the system looks ahead in the rest of the segments. If there is another

vowel coming, the consonant at hand is assumed to be an onset consonant with the

upcoming vowel, unless it violates the phonological rules of the language. If two

consonants come in a row, they will constitute a cluster in an onset position. If the

procedure makes an illegal cluster, one of the segments in the cluster will be shifted

back to the preceding syllable as a coda consonant. When the system looks ahead

but does not �nd any more vowels coming later in the rest of the strings, the conso-

nant at hand will be assigned to a coda position in the �rst place. For example, for

escorting/@skOôtIN/, its segments and the metrical frame “s śs ” should be avail-

able. First, /@/ is assigned to the nucleus position of the �rst syllable, because it is

a vowel. For the next segment /s/, the system looks ahead and �nds another vowel

(i.e., /O/) coming. Therefore, /s/ is assigned to the onset position of the second

syllable. The next segment /k/ is also assigned to the onset position of the second

syllable, creating the consonant cluster /sk/. The consonant cluster /sk/ is legal in

English, hence it is kept as it is. The next segment /O/ is assigned to the nucleus

position of the second syllable. The next segment /ô/ is a consonant. The system

again looks ahead and �nds /I/ coming later. Therefore, /ô/ is �rst assigned to the

onset of the third syllable. The next segment is /t/, also a consonant. However,
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/ôt/ is an illegal sequence in English in the onset position. As a consequence, /ô/

is shifted back to the coda position of the previous segment, while /t/ is assigned

to the onset of the third syllable by itself. The remaining two segments /I/ and /N/

are assigned to the nucleus and the coda of the third syllable respectively. The end

product is /@-skOô-tIN/.

Following the construction of a phonological word, a gestural score is retrieved

from the collection of gestural scores named “syllabary” for each syllable of the

phonological word. A gestural score is still an abstract representation that only

speci�es speech tasks for each articulator. For example,pan contains [p] at its

beginning. For a bilabial stop such as [p], lips must close and open. In this case,

the gestural score ofpanwould specify that lips must close and open but not how.

Because of coarticulation (Öhman, 1966), the articulation of [p] would be different

when [p] follows [a], compared to when [p] follows [u]. Gestural scores do not

specify how exactly articulators should move. Such “context-dependent” proper-

ties were assumed to be handled with and determined by an external neuromuscular

execution system (Levelt et al., 1999, p. 5).

Levelt's model, however, has several problems. First, it cannot explain effects

of phonological neighborhood density (Gahl et al., 2012; Vitevitch, 2002; Vitevitch

& Luce, 2016; Vitevitch & Stamer, 2006). Greater phonological neighborhood

density has been found to be associated with fewer speech errors (Vitevitch, 2002),

shorter reaction times in the picture-naming task (Vitevitch, 2002), and shorter

word duration (Gahl et al., 2012).

In addition, Levelt's model cannot deal with durational differences between

homophones either. For example, Gahl (2008) investigated homophonous pairs

such astimeandthymein English and found that the member of the homophonous

pair with a greater frequency showed shorter duration. Such durational differences

between homophones are not expected by Levelt's model, because phonetic real-

izations should not be affected by lexical factors such as frequency differences.
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1.1.5 Connectionist models

All the classical models mentioned above are based more or less on the assump-

tion of decompositionality. Morphologically complex words are assumed to be

combinations of several morphemes such as stems and suf�xes. In contrast to this

assumption, Rumelhart and McClelland (1986) proposed a three-layer network to

explain the past-tense formation process of English verbs without explicit rules of

in�ection.

This network worked exclusively with binary nodes. The input nodes of the

�rst layer corresponded to “Wickelphones”. Wickelphones are basically triples of

phonemes (i.e., triphones) such as#kA, where# andArepresent a word boundary

and the diphthongeI respectively. Each verb was coded in terms of Wickelphones

and the corresponding nodes for these Wickelphones of the verb were turned on to

be 1.

The Wickelphones, however, were too speci�c, leading to too many units/nodes

to be feasible for the computational resources in the early eighties (Rumelhart &

McClelland, 1986)4. In this model, therefore, each phoneme was represented by

four dimensions of phonetic features. The �rst dimension contrastedInterrupted

(e.g., [b]), Continuous-Consonant (e.g., [v]), and Vowel. The second dimen-

sion contrastedStop (e.g., [b]) vs. Nasal (e.g., [m]) for the �rst dimension being

Interrupted , Fricative (e.g., [v]) vs. Liquid/Semi-Vowel (e.g., [l]) for the

�rst dimension beingContinuous-Consonant , andHigh (e.g., [I]) vs. Low(e.g.,

[E]) for the �rst dimension beingVowel. The third dimension contrastedFront ,

Middle , andBack, according to the articulation place of the phoneme. The fourth

dimension contrastedVoiced vs. Unvoiced for consonants andLong vs. Short

for vowels. Since the �rst and the third dimensions had three options and the

second and the fourth dimensions had two options, this system represented each

phoneme with 3+ 2+ 3+ 2 = 10 units, in all 11 units, including an additional unit

4Assuming that English has 35 phonemes to distinguish, Rumelhart and McClelland (1986) esti-
mated that 353 = 42875 Wickelphones were necessary for the input layer only, even ignoring word
boundaries.
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to encode a word boundary. Using this system of encoding phonemes, a total of

11� 10� 11= 1210 units is suf�cient to represent all possible Wickelphones.

The �rst layer of the model by Rumelhart and McClelland (1986) was dedi-

cated to reduce this number of units required to encode verbs in terms of Wick-

elphones and was adopted to translate each Wickelphone into what was called

“Wickelfeatures”. Wickelfeatures are triples of phonetic features. For example,

Stop-Vowel-Nasal would be one of the Wickelfeatures activated by the Wickel-

phonekAm. The �rst feature (e.g.,Stop of Stop-Vowel-Nasal ) comes from the

�rst phoneme of the Wickelphone in question. The second and third features come

from the second (central) and third phonemes of the Wickelphone in question re-

spectively. With the Wickelfeatures, the number of the input nodes was cut down

to 460.

The Wickelfeatures activated by the target verb through the �rst layer were

the input to the second layer. This second layer was the main layer of the model,

where learning of relations between present and past tense forms took place. The

activated values of the input nodes (i.e., 1 or 0) of this second layer were multiplied

with their corresponding weights to the output nodes. In other words, each output

node receives the sum of the products of the input activations and the weights from

the input nodes connected to the output node, its net input. The binary activation

of each output node was determined probabilistically, using a logistic function.

These output nodes of the second layer were the input to the third (last) layer,

which Rumelhart and McClelland (1986) called a “decoding network”. The decod-

ing network was responsible for determining that Wickelphone that explains the

most of the activated Wickelfeatures. The activations of the Wickelphones were

determined in such a way that the more unique Wickelfeatures a particular Wick-

elphone had, the more likely the Wickelphone would win the competition with

other Wickelphones. However, this decoding process was not the main part of the

model of Rumelhart and McClelland (1986). The performance of the model was

mainly evaluated by counting the number of the Wickelfeatures that were activated
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correctly in the output nodes of the second layer.

The past tense formation model by Rumelhart and McClelland (1986) sparked

�erce discussions and criticism, including a very detailed criticism by Pinker and

Prince (1988), pointing out several issues inherent in the model of Rumelhart and

McClelland (1986). Among them was the issue of homophonous words. For exam-

ple,ring andwring share the same phonemes, namely /rIN/ (Pinker & Prince, 1988).

Nevertheless,ring is irregular, whilewring is regular5. The model of Rumelhart

and McClelland (1986) simply predicts a corresponding past-tense form from the

stem form of a certain verb in terms of their phonetic features. As a consequence,

homophonous verbs necessarily are associated with the same output, regardless of

the (ir)regularity of their past tense forms. This, of course, is an inevitable problem

for any model deriving a past tense form from a present-tense form without having

access to semantics.

Another problem that was pointed out concerned verbs for which the present

and past tense forms are identical — an identity mapping (Pinker & Prince, 1988).

Pinker and Prince (1988) claimed that the transformation between identical forms

(i.e., no change such as#me! #me) should be easier than non-identical map-

pings (e.g.,#me! xyz). Nevertheless, in the model of Rumelhart and McClelland

(1986), no special status was given to the identity mapping, and, as a consequence,

the model would predict that the mapping between the same form and the mapping

from one form to another completely different form would be the same in dif�-

culty. Although Rumelhart and McClelland (1986) observed that the no-change

verbs, where the stem and the past tense forms are identical such ascut, were pro-

duced more accurately compared to other irregular verbs, Pinker and Prince (1988)

claimed that this good performance on the no-change verbs was merely an artifact

of the use of the Wickelfeatures as the validation method.

In response to these criticisms, MacWhinney and Leinbach (1991) improved

the model of Rumelhart and McClelland (1986) mainly by increasing the number

5Although Pinker and Prince (1988) explained that the past tensewring is wringed, there is in
fact variability in its past tense forms, namelywringed, wrang, or wrung.
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of layers (by adding hidden layers), in addition to improving the input and output

representations. Different de�nitions of the input and the output were implemented

in response to one of the claims by Pinker and Prince (1988) that Wickelphones

were problematic. However, Pinker and Prince (1988) already expected this line

of argumentation, claiming that although increasing the number of layers would

probably lead to better performance of the model, it would obscure the distinction

between the Parallel Distributed Processing (PDP) models and the classical rule-

based theories. Pinker and Prince (1988) pointed out that several properties of the

model by Rumelhart and McClelland (1986) were actually motivated by the rule-

based theories and therefore the PDP models including the model of Rumelhart and

McClelland (1986) were merely implementations of the rule-based theories. For

example, the model of Rumelhart and McClelland (1986) mapped the stem form

onto the past-tense form. The use of the concepts of the stem and the past-tense

in�ected form was motivated by the property of the rule-based account, in which

the stem was combined with a suf�x to produce an in�ected form. An increase

in the number of layers would help the model capture certain patterns equivalent

to the “rules” such as “change the stem vowel from /i/ to /I/ and add /t/ at the

end except when the word �nal consonant is already /t/” (e.g.,meet! met). This

would undermine the claim by Rumelhart and McClelland (1986) that the past

tense formation could be explained without rules, according to Pinker and Prince

(1988). However, with current advances in deep learning, it has become clear that

multi-layer networks are very good at capturing many kinds of regularities and

sub-regularities, while at the same time pro�ting from many low-level statistical

correlations that are beyond the scope of the kind of rules envisioned by Pinker

and Prince.

Several issues pointed out by Pinker and Prince (1988) such as mentioned

above can actually be readily resolved, once semantics is properly taken into con-

sideration. Pinker and Prince (1988) argued that semantics should not play a role,

on the basis of arguments such as that if semantics were to play a role, verbs with
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similar meanings should have similar past tense forms (e.g.,hit/hit, strike/struck,

vs. slap/slapped). Since then, it has become clear that semantics does play a much

more important role (see, e.g., Baayen & Moscoso del Prado Martín, 2005; Heit-

meier & Baayen, 2020; Ramscar, 2002).

1.1.6 Discriminative learning models

The connectionist models such as the one by Rumelhart and McClelland (1986)

focused on the mapping from one from to another, following common practise in

linguistics, a practise that in turn was inspired by pedagogical grammars (Blevins,

2016). In contrast, the discriminative lexicon model (DLM) developed by Baayen

et al. (2019) focuses on the relation between form and meaning. This model, which

addresses both comprehension and production, builds on an earlier model that was

developed only for comprehension, the naive discriminative learning model (NDL:

Baayen et al., 2011).

The NDL model made use of a simple learning rule, proposed by Rescorla and

Wagner (1972), known as the Rescorla-Wagner learning rule (see also Rescorla,

1988). This learning rule incrementally estimates association strengths (i.e.,

weights), based on co-occurrences of cues and outcomes. Cues are word form

features and outcomes are one-hot encoded word meanings. For example, cues

can be letter bigrams or phone trigrams. Furthermore, the meanings of complex

words can be represented by multiple semantic nodes, including not only nodes

for lexical meanings but also nodes for grammatical meanings.

The Rescorla-Wagner rule is used to learn the weights between form cues and

semantic outcomes. When a particular cue is absent, weights on the connections

from this cue to the outcomes are not updated. When a particular cue co-occurs

with a particular outcome, the association strength between the cue and the out-

come is strengthened. When a particular cue is present but a particular outcome is

absent, the cue is not so likely to be a good cue for the outcome, and accordingly

the association strength from this cue to the outcome is weakened. These updates
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of association strengths are modi�ed by presence of other competing cues. When

there are many other competing cues in addition to the target cue of interest, the

positive update of the association strength due to the co-occurrence of the cue with

a certain outcome will be smaller, while the association strength will be updated

negatively more strongly, if a certain outcome is absent. These weight-updating

rules are summarized as the following equation, which speci�es the change in con-

nection strength:

DVt
i =

8
>>>>><

>>>>>:

0 if ABSENT(Ci ; t)

a ib1(l � å PRESENT(Cj ;t) Vj ) if PRESENT(Cj ; t) & PRESENT(O;t)

a ib1(0� å PRESENT(Cj ;t) Vj ) if PRESENT(Cj ; t) & ABSENT(O;t)

whereDVt
i denotes the amount of the update applied to the association strengthV

of a certain cueCi to the outcomeO at the time pointt, andPRESENT(X;t) and

ABSENT(X;t) denote the presence and the absence of the cue or outcome at the

time t respectively.å PRESENT(Cj ;t) Vj represents the sum of the associations of all

the cues present at the time pointt to the outcomeO.

This NDL model with the Rescorla-Wagner learning rule (Rescorla, 1988;

Rescorla & Wagner, 1972) is similar to the connectionist model of Rumelhart and

McClelland (1986) in the sense that both make use of a one-layer network6. Fur-

thermore, both models do not implement discrete rules that operate on stems and

exponents. The critical difference is that NDL maps forms onto meanings, while

the connectionist models map forms (e.g., the stem form) onto other forms (e.g.,

the past tense form). A number of studies using NDL has found that the degree

to which word meanings are supported by their forms is predictive for process-

ing measures such as lexical decision latencies (Baayen et al., 2011; Baayen &

6The model by Rumelhart and McClelland (1986) technically has three layers. However, the �rst
layer is dedicated to convert Wickelphones to Wickelfeatures, and the third later is a �xed network
to decode (predicted) Wickelfeatures back to Wickelphones. Therefore, the main “learning” occurs
only in the middle one layer.
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Smolka, 2020), self-paced reading times (Baayen et al., 2011), and acoustic dura-

tions (Tomaschek, Plag, et al., 2019; Tucker et al., 2019).

A downside of NDL is that it treats meanings as symbols, implemented as

orthogonal one-hot encoded vectors. However,child should be closer in semantics

to kid thanuniverse, sincechild andkid both refer to a young person whileuniverse

does not even refer to animals or creatures. Since different meanings are orthogonal

to each other in NDL, a semantic distance (e.g., Euclidean distance) betweenchild

andkid is the same as that betweenchild anduniverse.

This issue was resolved by adopting real-valued semantic vectors as approx-

imations of the meanings of words, resulting in the discriminative lexicon model

(DLM, Baayen et al., 2019). The vectors representing word meanings can be sim-

ulated, or instead empirical corpus-based semantics can be used, generated with

methods such as word2vec (Mikolov, Chen, et al., 2013; Mikolov, Sutskever, et

al., 2013). When empirical vectors are used, lexical similarities such as those of

child andkid are properly represented in the model. The core engine of the DLM

is the way in which mappings between cues and outcomes are obtained, using the

mathematics of multivariate multiple regression. In other words, the DLM takes

semantic representations as a given, and also takes form representations as a given,

and then uses learning to obtain mappings from form to meaning, and from mean-

ing to form. For comprehension, the equation to be solved is

CF = S: (1.1)

In (1.1),C is a word� cues matrix specifying words' forms. In other words, rows

of C de�ne words' forms, and columns ofC specify letter or phone n-grams. For

example, using triphones, the word forms ofhand andband can be represented

with a matrixC as follows:
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C =

#ha han #ba ban and nd#
" #

hand 1 1 0 0 1 1

band 0 0 1 1 1 1

(1.2)

Instead of using triphones to represent words, real-valued vectors can be used,

derived, for instance, from a word's spectrogram (Shafaei-Bajestan et al., 2021).

S in the equation 1.1 above represents the matrix specifying words' seman-

tics. Its rows pertains to words and its columns specify semantic dimensions. The

row vectors ofSare words' semantic vectors of words (also known as word embed-

dings), which can be constructed by any method of creating word embeddings such

as word2vec (Mikolov, Chen, et al., 2013; Mikolov, Sutskever, et al., 2013), fast-

Text (Bojanowski et al., 2017), simulated semantic vectors (Baayen et al., 2018), or

the NDL-based estimation (Baayen et al., 2019).S contains real-values and may

look like the following (in which the numbers are at random just for purpose of

illustration):

S=

S1 S2 S3 S4 � � �
" #

hand 0:43 0:29 � 0:88 � 0:03 � � �

band � 0:35 0:22 � 0:49 0:17 � � �

(1.3)

F represents association strengths between each form dimension and each se-

mantic dimension. This matrix can be estimated in the following way, using the

normal equations of regression:

F = ( C> C) � 1C> S (1.4)

The resulting mapping matrixF represents theendstate of learning(Chuang &

Baayen, 2021; Heitmeier et al., 2021; Shafaei-Bajestan et al., 2021). Therefore,

F can conceptually be viewed as the knowledge about associations between forms

and meanings accumulated thanks to in�nite learning experience with the data. The
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weight matrixF can also be learned (estimated) incrementally, using the learning

rule of Widrow and Hoff (1960):

Ft = Ft� 1 + c> (s� ŝ)h ; (1.5)

whereFt represents the updated association strengths between forms and mean-

ings, andFt� 1 pertains to the association strengths before the update. The vector

c is a form vector, where present cues are marked as 1 otherwise 0. The vectors

s andŝ are the “correct” (or gold-standard) and the predicted semantic vectors re-

spectively.h is a parameter governing the learning rate. Simply put, the equation

1.5 states that the associations strengths between forms and meanings are updated

according to the errors between the correct and predicted semantic vectors. If the

predicted semantic vector has too small a value for a certain semantic dimension,

the pertinent association strength gets updated upwards. In contrast, if a certain

association strength was too high than it should be, then this association strength

will be updated downwards.

One important difference between the two ways of estimating the mapping

F from the psycholinguistic perspective is that the endstate of learning does not

re�ect differences in frequency of occurrence. Since the endstate of learning esti-

mates the equilibrium of association strengths, high frequency and low frequency

words are treated in the same way (Heitmeier et al., 2021). The insensitivity to fre-

quency differences is avoided by using frequency-informed endstate learning (for

more detail, see Heitmeier et al., 2022).

F constitutes the “learning” part of a `linear discriminative learning' (LDL)

mapping. GivenF, we can predict the semantic vector corresponding to a form

vector as follows:

ciF = ŝi ; (1.6)

whereci is the form vector of thei-th word, and̂si is the predicted semantic vector
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of the i-th word. The predicted meanings of all words jointly can be expressed in

terms of matrix multiplication as below:

CF = Ŝ; (1.7)

where each row ofC andŜ corresponds to the comprehension of each word.

So far, cues were forms, and outcomes were meanings, as in NDL. However,

the DLM also sets up mappings from meanings to forms, thereby implementing

a �rst step in the process of speech production. The mapping (weight) matrix for

production can be estimated as follows:

G = ( S> S) � 1S> C; (1.8)

Using this weight matrix, the predicted form vectors corresponding to words' se-

mantic vectors are obtained straightforwardly:

SG= Ĉ (1.9)

The predicted form vectors specify the amount of support that individual n-phones

receive from words' meanings. In order to properly order the triphones into the se-

quence required for articulation, a subsequent algorithm is used. As this algorithm

is not relevant to the present thesis, the reader is referred to Baayen et al. (2019)

and Luo et al. (2021) for further information.

As is the case for NDL, the representations for words' forms in the DLM are

not informed by any linguistic units such as stems, exponents, or words. The only

units used to de�ne forms in production are n-phones (e.g., triphones). Never-

theless, LDL has been validated language-internally by predicting forms includ-

ing unseen forms (Baayen et al., 2018; Baayen et al., 2019; Shafaei-Bajestan &

Baayen, 2018; Shafaei-Bajestan et al., 2021) and also externally in terms of pre-

dictivity for processing measures such as lexical decision latencies and acoustic

durations (Baayen et al., 2019; Chuang et al., 2019). For example, in Baayen et
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al. (2019), English content words are correctly produced by the model from letter

trigrams with an accuracy of more than 99%. In�ected words were also correctly

predicted with an accuracy of 92%. Moreover, using 10-fold cross validation, the

model predicted 62% of unseen in�ected forms correctly. Similarly, derived words

are predicted correctly with an accuracy of 99% when all the derived words were

included in the training. Even when a part of all the derived words were withdrawn

from training (i.e., 10-fold cross validation), an accuracy of 75% was retained.

The DLM model also provides a framework for understanding speech errors.

Unlike the past-tense model of Rumelhart and McClelland (1986), the DLM model

produces errors that resemble the kind of errors that actual speakers might make

(see, e.g. Chuang et al., 2020). Speech errors such asslicely thinned(instead of

thinly sliced, which provide strong prima facie evidence for morphemes being ex-

changed, are straightforward to generate in the DLM. DLM locates the source for

this kind of error at the semantic level: instead of combining the semantic vectors

of thin and-ly, and those ofsliceand-ed, the vectors ofsliceand-ly are combined,

and likewise those ofthin and-ed. The resulting semantic vectors then straightfor-

wardly produce the formsslicelyandthinned.

In addition, the DLM model does not suffer from the criticism by Pinker, which

was mentioned above. One of the criticism involved homophonous English verbs,

one of which is regular and the other is irregular in terms of their past tense forms

(e.g.,ring - rang vs. wring - wringed). The DLM model predicts that any form,

including regular/irregular past tense forms, is motivated by words' meanings. Ho-

mophonous verbs differ in semantics. Therefore, it is straightforwardly predicted

without any problem that one of a homophonous pair of present-tense forms can

have a regular past tense form while the other has an irregular past tense form. Im-

portantly, the DLM does not derive a past-tense form from a present-tense form,

forms are derived from their meanings. Another point of the criticism involved the

identity mapping, where a present tense verb form and its corresponding past tense

form are identical (e.g.,cut). In the DLM model, past-tense forms are predicted
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primarily by semantics, as is the case for any word and any form, not by their corre-

sponding present-tense forms. As a consequence, the DLM model predicts that the

identity mapping should basically be the same as, or at least very similar to, other

not-identity mappings, as was the case for the model of Rumelhart and McClelland

(1986).
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1.2 Effects of morphological boundaries

Serial feed-forward modular models such as the one by Levelt et al. (1999) in-

tegrate morphemes (or rather, exponents) into the theory. Lemmas selected after

the completion of conceptualization activate morphemes in turn. The selected mor-

phemes provide pointers to their constituent phonemes. These phonemes are subse-

quently combined into syllables, forming phonological words (Levelt et al., 1999).

In this theory, the presence or absence of a morpheme boundary is not preserved in

the form representations. As a consequence, words that share the same phonemes

and syllables are predicted to be pronounced in the same way, even though one

word may have an internal morpheme boundary whereas the other doesn't.

In contrast to this prediction, a number of studies have reported effects of a

morpheme boundary on phonetic realizations (Hay, 2007; V. G. Li et al., 2020;

Plag & Ben Hedia, 2018; Seyfarth et al., 2017; Smith et al., 2012; Song et al., 2013;

Strycharczuk & Scobbie, 2016; Sugahara & Turk, 2009). For example, Seyfarth

et al. (2017) looked into homophonous pairs (e.g.,lap+s vs. lapse) and found

that stems were signi�cantly longer in the pre-morpheme-boundary condition. In

other words, pre-morpheme-boundary segments were shown to be phonetically

enhanced.

A similar effect was also observed for pre�xes (Hay, 2007; Plag & Ben Hedia,

2018; Smith et al., 2012). Hay (2007) approached effects of a morpheme boundary

from the perspective of morphological boundary strength. Using relative frequency

(word frequency divided by lemma frequency), Hay (2007) argued that lower rela-

tive frequency facilitates morphological parsing. Furthermore, she argued that low

probability phone transitions constitute strong morphological boundaries, resulting

in more enhanced phonetic realization.

Whereas Hay (2007) investigated total duration of the English pre�xun-, Smith

et al. (2012) studied the duration of individual segments in pre�xes and observed

that it was mainly the vowel in a pre�x (e.g.,dis+tasteful) that was enhanced pho-

netically before the morpheme boundary. Also in the domain of articulatory re-
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alizations, a similar enhancement effect has been observed (V. G. Li et al., 2020;

Song et al., 2013). For example, longer intervals between maximal constrictions

of the tongue were found when a morpheme boundary is involved (V. G. Li et al.,

2020).

A recent study (Baayen et al., 2019) suggested that effects of the morpholog-

ical boundary may be based on form-meaning relationships of morphologically

complex words. Baayen et al. (2019) created word-embeddings (semantic vectors)

using Naive Discriminative Learning (NDL: Baayen et al., 2011) and trained a Lin-

ear Discriminative Learning model (LDL: Baayen et al., 2019) to learn associations

between sublexical forms (i.e., trigrams) and meanings of the words. They found

that the branching segment, namely the �nal segment of the stem (e.g.,d in blend,

blends, blended, andblending), was longer when the transition from the branching

segment to the next segment was not strongly supported by the word's semantics.

This �nding suggests that effects of the morphological boundary can be semantic

in nature.

1.3 Effects of frequency

Frequency effects in the context of psycholinguistics were �rst discovered by (Old-

�eld & Wing�eld, 1965). Their study found that naming latency is slower for lower

frequency words. Effects of frequency on reaction times in a lexical decision task

and a naming task were not within the scope of the models by Fromkin (1971) and

Garrett (1984), which mainly aimed at explaining possible speech errors. Dell's

model later incorporated different resting activation levels for lemma nodes (Dell,

1990) to explain shorter response times for high frequency words. Different ac-

tivation thresholds were also used by Jescheniak and Levelt (1994) and also by

Levelt's model (Levelt et al., 1999)7.

7The computational implementation of Levelt's model,WEAVER++, implemented frequency ef-
fects by means of veri�cation times. In this model, each selection of a lexical item has to be veri�ed
by being compared to the node in the immediately upper level. Higher frequency words are assumed
to be veri�ed faster and therefore afford shorter response times.



CHAPTER 1. BACKGROUND: SPEECH PROCESSING FROM SEMANTICS TO

PHONETICS 33

After the Old�eld et al. study, effects of frequency have been documented for

many measures of lexical processing, such as lexical decision and naming latencies

(Baayen et al., 1997; Baayen et al., 2006; Baayen et al., 2002; Bertram et al.,

2000; Forster & Chambers, 1973; Gardner et al., 1987; Rubenstein et al., 1970;

Scarborough et al., 1977; Schreuder & Baayen, 1997; Whaley, 1978; Wurm et

al., 2006), speech errors (Gordon, 2002; Harley & Bown, 1998; Vitevitch, 1997),

acoustic characteristics (Aylett & Turk, 2004; A. Bell et al., 2009; A. Bell et al.,

2002; Dinkin, 2008; Jurafsky et al., 2001; Munson & Solomon, 2004; Pluymaekers

et al., 2005b), and tongue movements (Lin et al., 2011; Tomaschek, Arnold, et al.,

2018; Tomaschek, Tucker, et al., 2018; Tomaschek et al., 2013).

The classical speech production models introduced above, i.e. Fromkin's

model, Garrett's model, Dell's model, and Levelt's model, cannot explain fre-

quency effects on phonetic realizations, although at least Dell's model and Level's

model have some mechanism to explain frequency effects on reaction times. In

Dell's model, higher resting activation levels for high frequency words may have

some in�uence on the phoneme nodes further down in the processing mechanism

through the morpheme nodes. However, phoneme nodes represent phonemes, not

phones. Selected phonemes must be translated into articulatory gestures later.

Furthermore, phonemes are either selected or not selected. The continuous nature

of frequency effects is not well served by such a discrete selection mechanism.

Similarly, Levelt's model limits word frequency effects to the word-form selection

stage, which excludes the possibility that different frequencies of occurrences of

words might affect the phonetic realizations of these words. It might be argued

that it is syllable frequency that co-determines phonetic realizations. However, in

Levelt's model, gestural scores (accessed through the syllabary) are assumed to

be abstract and context-free, only specifying speech tasks (e.g., “close” for lips),

while leaving out how a certain speech task is actually carried out by an external

system (called “a neuromuscular execution system”) (Levelt et al., 1999, p. 31). As

a consequence, systematically different phonetic realizations cannot be predicted
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by these classical models.

Furthermore, several different kinds of frequency have been investigated, in-

cluding whole-word (surface) frequency (Aylett & Turk, 2004; Baayen et al.,

1997; Baayen et al., 2006; A. Bell et al., 2009; A. Bell et al., 2002; Bertram et al.,

2000; Dinkin, 2008; Jurafsky et al., 2001; Lin et al., 2011; Munson & Solomon,

2004; Pluymaekers et al., 2005b; Wurm et al., 2006), lemma frequency (Baayen

et al., 1997; Baayen et al., 2011; Bertram et al., 2000; Gahl, 2008; Lohmann,

2018a, 2018b), relative frequency of whole-word and stem (Hay, 2007; Hay,

2003; Stein & Plag, 2022), segment frequency (Van Son & Van Santen, 2005),

phrase (multiple-word) frequency (Arnon & Cohen Priva, 2013), and constituent

frequency (Duñabeitia et al., 2007; Schmidtke et al., 2021).

Frequency counts have to be interpreted against the background of the size of

the corpus from which counts are calculated. Frequency divided by the corpus size

is known as a word's prior probability (Jurafsky et al., 2001) or as its relative fre-

quency (Jurafsky et al., 2001; Tomaschek, Tucker, et al., 2018). Furthermore, sev-

eral re�nements of frequency-based estimates of probability have been proposed,

such as conditional probability (predictability) (Aylett & Turk, 2004, 2006; Juraf-

sky et al., 2001), paradigmatic probability (M. J. Bell et al., 2021; Cohen, 2014;

Kuperman et al., 2007; Tomaschek et al., 2021), amount of information (surprisal)

(Brandt et al., 2021; Cohen Priva, 2015; Kuperman et al., 2007; Malisz et al., 2018;

Van Son & Van Santen, 2005), and entropy (Baayen et al., 2006; Kuperman et al.,

2007; Moscoso Del Prado Martín et al., 2004).

With respect to acoustic realization, words with a higher frequency of use are

typically realized with shorter durations A. Bell et al. (2002) and more central-

ized formant structures (Aylett & Turk, 2006). Gahl (2008) and Lohmann (2018b)

showed for homophone pairs such astimeandthymethat the less frequent homo-

phone is realized with longer spoken word duration. Pluymaekers et al. (2005b)

focused on the durations of pre�xes and suf�xes and reported shorter durations for

some of the af�xes when they occurred in higher frequency words. Dinkin (2008)
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investigated short vowels in English (e.g.,I, E, æ, 2, U) and demonstrated that in

higher frequency words front vowels show lower F2 and back vowels show higher

F2, indicating that in higher frequency words these vowels are more centralized.

To probe articulation itself, Lin et al. (2011) used ultrasound imaging to compare

the height of the tongue tip during the pronunciation of /l/ in a /(C)(C)VlC/ con-

text (e.g.,milk) for carrier words of different frequencies. They observed that the

tongue tip was located lower in the oral cavity for higher frequency words, again

indicating articulatory reduction.

The �nding that higher-frequency words tend to undergo more articulatory re-

duction, has been explained in terms of syntagmatic redundancy or predictability.

Jurafsky et al. (2001) introduced the conditional probability of the current word

given the previous word as a predictor for spoken word duration and found that

higher values of the conditional probability measure were associated with shorter

spoken word duration. Aylett and Turk (2004) de�ned syllable-level trigram proba-

bility as a further measure gauging syntagmatic redundancy. Syllable-level trigram

probability is the probability of the target syllable given the preceding two syllables

(regardless of word boundaries). Aylett and Turk (2004) reported more phonetic

reduction for words with higher syllable-level trigram probability. These studies

all suggest that the words that are syntagmatically more predictable and redundant

are reduced phonetically. These reduction phenomena all are well described by

the smooth signal redundancy hypothesis of Aylett and Turk (2004), according to

which high probability highly redundant words are pronounced with shorter dura-

tions and more centralization in order to obtain a more smoothly evolving speech

signal.

The reduction effect of syntagmatic predictability has also been found in

the form of syntactic structures/contexts. Gahl and Garnsey (2004) investigated

whether match/mismatch of the verb-bias and the syntactic structure the verb oc-

curs in affected pronunciations of the verb. In English, some verbs are biased to

the direct-object structure, e.g.,con�rm the date, while others are biased to the
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sentential complement structure, e.g.,suggest the date should be changed. Gahl

and Garnsey (2004) found that verb-�nal stops were more likely to be deleted when

the verb and the syntactic structure matched than when they mismatched. Direct-

object verbs were signi�cantly longer when they were used with the sentential

complement, compared to when they were followed by direct objects as expected

by the verb. In addition, post-verbial silences were longer in bias-violating than

bias-matching sentences.

In contrast to the greater probability of phonetic reduction that has been widely

reported to go hand in hand with greater frequency of use, an opposite frequency

effect tied to phonetic enhancement has also been reported. Kuperman et al. (2007)

looked into the inter�xes occurring in Dutch noun-noun compounds. Krott et al.

(2001) had shown that the choice of an inter�x in a compound is based on the

distribution of inter�xes that follow the left constituent. The constituent with the

highest probability in this mini-paradigm de�ned by the left constituent is the most

likely to appear in novel compounds, and is the easiest one to process (Krott et

al., 2007). Based on this research, Kuperman et al. (2007) reasoned that the the

most probable inter�x should have the shortest duration. However, the opposite

was observed: the more probable an inter�x is in its mini-paradigm, the longer its

acoustic duration is. This led Kuperman et al. (2007) to propose the paradigmatic

signal enhancement hypothesis according to which greater paradigmatic support

leads to phonetic enhancement rather than phonetic reduction.

Since the �nding by Kuperman et al. (2007), several studies have replicated

the same effect of frequency and paradigmatic probability. For example, M. J. Bell

et al. (2021) investigated consonant duration at compound-internal morphological

boundaries and found that greater probability of consonants at the boundary fol-

lowing the �rst noun go hand in hand with longer consonant duration. In addition,

Cohen (2014) investigated the duration of the English verbal plural suf�x (i.e.,-s)

and found that the suf�x duration was longer when the present third-person sin-

gular form was more likely than the corresponding plural (stem) form, which was
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gauged by relative frequency of the verb's singular frequency divided by the plural

frequency. Tucker et al. (2019) investigated English irregular past-tense verbs and

de�ned paradigmatic probability as the number of irregular verbs sharing the same

vowel alternation pattern between the present and past tense forms. In addition,

Tucker et al. (2019) also de�ned its learning-based alternative, called the vowel-

tense activation, derived from Naive Discriminative Learning (NDL: Baayen et

al., 2011). The vowel-tense activation gauged how much the tense was supported

by the diphones containing the stem vowel of the verb. Both measures were as-

sumed to capture the amount of support for a certain vowel alternation and there-

fore paradigmatic (un)certainty. These two measures both showed U-shaped ef-

fects with the stem vowel duration being longer for their larger values (Tucker et

al., 2019). The authors of the study interpreted these results as a partial support

for the paradigmatic signal enhancement hypothesis. Also in the articulatory do-

main, Tomaschek et al. (2021) found lower tongue trajectories for the [A] vowel in

the stem of English verbs when these verbs had a higher frequency of occurrence.

Since [A] is an open low vowel, the �nding of a lower tongue trajectory for higher

frequency words indicates articulatory enhancement.

These enhancement effects of frequency have been explained as a consequence

of resolving uncertainty in morphological paradigms. A more probable paradig-

matic alternative reduces this uncertainty and thereby affords phonetic strengthen-

ing.
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Chapter 2

Articulatory effects of frequency

modulated by semantics

This chapter will be published as: Motoki Saito, Fabian Tomaschek, R. Harald

Baayen. Articulatory effects of frequency modulated by semantics. In Marcel

Schlechtweg (ed.), Interfaces of Phonetics (Phonology and phonetics series). De

Gruyter Mouton.

Abstract: This chapter provides an overview of three studies addressing the role

of frequency in speech production. While frequency has often been observed to

be correlated with phonetic reduction, as evidenced by shorter durations and more

vowel centralization for higher-frequency words, some studies have reported phe-

nomena for which a higher frequency appears to give rise to phonetic enhancement.

These opposite effects of frequency have thus far resisted a consistent, theoretically

well-motivated, explanation. The �rst case study replicates the effect of phonetic

enhancement, previously observed with EMA, using ultrasound recordings. The

second case study looks into the possibility that morphological complexity codeter-

mines phonetic enhancement, using EMA. The third case study provides evidence

that words' meanings, gauged with distributional semantics, play an important role

in shaping phonetic enhancement and reduction.
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2.1 Introduction

Frequency is one of the most extensively investigated variables used for probing

lexical processing (see, e.g., Baayen et al., 2016, for an overview). More frequent

units (e.g., words) have repeatedly been found to have shorter acoustic duration

(Aylett & Turk, 2004; A. Bell et al., 2009; A. Bell et al., 2002; Gahl, 2008; Malisz

et al., 2018; Pluymaekers et al., 2005a, 2005b) and to have more centralized for-

mant realizations (Aylett & Turk, 2006; Dinkin, 2008; Wright, 2004). The phonetic

reduction associated with higher frequency has been explained as a consequence

of syntagmatic predictability (Aylett & Turk, 2004): higher-frequency words are

less informative and therefore realized with more reduced forms.

In contrast, greater frequency of occurrence has also been reported to be associ-

ated with phonetic enhancement (M. J. Bell et al., 2021; Cohen, 2014; Kuperman et

al., 2007; Tomaschek, Tucker, et al., 2018; Tomaschek et al., 2021). These studies

observed that segments tend to be longer in duration and to be articulated with more

peripheral tongue positions when a word's frequency or probability in its paradigm

is higher, yielding more discriminative phonetic characteristics. A paradigm is a

set of words that are morphologically related to each other. Kuperman et al. (2007)

focused on paradigmatic probability and observed that greater paradigmatic prob-

ability leads to phonetic enhancement. Furthermore, Tomaschek, Tucker, et al.

(2018) reported evidence that higher frequency words were realized with clearer ar-

ticulations. Tomaschek, Tucker, et al. (2018) argue that these clearer articulations

are the result of enhanced motor control for higher frequency words: opportuni-

ties for learning the planning and execution of the articulatory gestures involved

in producing a word present themselves more often for higher frequency words as

compared to lower frequency words. According to Tomaschek et al. (2021), sim-

ilar effects of enhancement are also present for in�ected words that have a higher

probability in their in�ectional paradigm.

A recent study by Gahl and Baayen (2022) proposed that the reduction and

enhancement effects of frequency may indeed be orthogonal and capture two dif-
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ferent aspects of the speech production process. According to Gahl and Baayen

(2022), phonetic reduction as a function of frequency arises at the level of the utter-

ance, where words enter into syntagmatic relations, and where a word's probabil-

ity hinges on the preceding words in the utterance and in the preceding discourse.

Since higher frequency words tend to be more predictable, and hence are less infor-

mative, the greater phonetic reduction observed for higher frequency words is well

explained by the smooth signal hypothesis proposed by Aylett and Turk (2004) and

similar explanations in subsequent studies (A. Bell et al., 2009; A. Bell et al., 2002;

Gahl, 2008; Pluymaekers et al., 2005a, 2005b).

Words do not only play a role as units of meaning in utterances and discourse

but also as the units that have to be articulated. According to Gahl and Baayen

(2022), it is during the mapping of a word's meaning onto its form that frequency,

as a measure of experience and articulatory practice, gives rise to articulatory en-

hancement. As a consequence of learning associations between meanings and

forms, certain meanings are more strongly associated with certain forms than oth-

ers. According to Gahl and Baayen (2022), when a word's semantics provides

stronger support for that word's form, there is more evidence for that form, which

leads to enhanced articulation. Conversely, when there is no support from the

semantics for a word form, in the limit, it is not articulated at all and has zero du-

ration. This concept is related to the paradigmatic signal enhancement hypothesis

(e.g., Kuperman et al., 2007). When a choice has to be made as to which of a set of

allomorphs has to be selected, the one with the greater probability will be realized

with more enhancement.

Given that the reduction and enhancement effects of frequency are potentially

orthogonal, it remains unclear why reduction is found for some cases and enhance-

ment for other cases. If the proposal by Gahl and Baayen (2022) is correct and these

two directions of frequency effects are orthogonal, there are always two forces at

work, and how exactly they work out jointly is a matter for further empirical inves-

tigation.
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What then modulates the balance of the two effects? One possible factor is

morphological complexity. When enhancement effects of frequency (or frequency-

based measures such as probability) are observed, the items under investigation

tend to be morphologically complex words. For example, enhancement effects of

frequency have been demonstrated for inter�xes of compounds (Kuperman et al.,

2007), in�ectional suf�xes (Cohen, 2014), geminates across a morpheme boundary

(M. J. Bell et al., 2021), and stem vowels of in�ected verbs (Tomaschek, Tucker,

et al., 2018; Tomaschek et al., 2021).

In contrast, reduction effects of frequency have been observed frequently in

studies focusing on monomorphemic words (Lin et al., 2011; Wright, 2004) or

morphologically simple and complex words mixed (Aylett & Turk, 2004; A. Bell

et al., 2009; A. Bell et al., 2002; Dinkin, 2008; Gahl, 2008). However, there are

also studies investigating morphologically complex words that reported enhance-

ment effects or mixed results (Pluymaekers et al., 2005b). Thus, it remains by and

large unclear how morphological status (i.e., morphologically simple vs. complex)

in�uences frequency effects. This chapter presents three studies that address the

question of whether, and if so, how, frequency effects are modulated by morpho-

logical complexity. The �rst study focuses on replicating the enhancement effect

of frequency using ultrasound, the second study investigates the interaction of fre-

quency morphological status using electromagnetic articulography (EMA), and the

third study brings in word meaning, gauged with distributional semantics, as a new

factor co-determining articulatory enhancement and reduction.

The �rst study follows up on earlier work using articulography with the aim

of clarifying the role of frequency for the production of morphologically sim-

ple and complex words. The second study we report here made use of a corpus

of German spontaneous speech using electromagnetic articulography (Arnold &

Tomaschek, 2016). This second study revealed that segments preceding a mor-

phological boundary were associated with more enhanced articulatory realizations.

According to classical models of speech production (e.g., Levelt et al., 1999), nei-
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ther whole-word frequency nor morphological status are expected to affect artic-

ulation, as prior to articulation, phones in a word are assembled from morphemes

and bundled into syllables. The third study we review in this chapter argues that the

effects of frequency and morphological status emerge naturally once the relation

between meaning and form is taken into account. The computational framework

that we use to predict the effect of meaning on form is that of the discriminative lex-

icon (Baayen et al., 2019). In the general discussion, we present a proposal for how

the effect of frequency-as-information and the effect of frequency-as-articulatory-

practice can be integrated within this framework.

2.2 Enhanced articulations of the stem vowel by fre-

quency modulated by in�ectional suf�xes

In this section, we follow up on the study of Tomaschek, Tucker, et al. (2018).

Their study had German speakers pronounce German in�ected verbs with suf�xes

sharing the same place of articulation, namely [t] vs. [(@)n], together with their

corresponding pronouns (e.g.,sie malt`she paints' vs.sie maleǹ they paint'). The

stem vowel was kept the same (i.e., [a:]). Tongue positions were recorded by EMA.

They found that the stem vowel [a(:)] was articulated with the strongest tongue

tip/body lowering in the middle of the vowel for high and low frequency words.

Because they focused on the stem vowel [a:], lowered tongue trajectories indicate

articulatory enhancement. For medium frequency words, the least lowering (i.e.,

the highest/smoothest tongue trajectories) was observed.

In addition, Tomaschek, Tucker, et al. (2018) found an earlier initiation of coar-

ticulatory raising of the tongue tip/body, anticipating the upcoming suf�x (e.g., [t]

or [n]), for high frequency words, compared to low frequency words. Based on

these observations, Tomaschek, Tucker, et al. (2018) suggested that high frequency

words were articulated in such a way that the tongue tip/body reaches the lowest

point of the articulation and nevertheless rises back to high tongue positions very
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quickly. They interpreted the �ndings as a result of kinematic improvement, the

idea being that also for articulation, “practice makes perfect”. These effects of fre-

quency were limited to the suf�x condition [t], even though the suf�xes shared the

same place of articulation.

Following up on Tomaschek, Tucker, et al. (2018), we carried out a similar

experiment to that by Tomaschek, Tucker, et al. (2018) to look into whether, when

ultrasound is used, this effect of frequency also emerges and whether the effect of

frequency is systematically modulated between the suf�x conditions. To this end,

we selected 153 German verbs (word types) with the same criterion as adopted

in Tomaschek, Tucker, et al. (2018). 122 of these verbs were in�ected with the

suf�xes [-t] and [-n]. The other 31 of them were combined with the suf�x [-n].

They were monosyllabic when combined with the suf�x [-t], e.g., sie malt [zi:

ma:lt], and disyllabic when combined with the suf�x [-(@)n], e.g., sie malen[zi:

ma:l(@)n]. The in�ected forms of the target verbs were combined with the pronoun

sie [zi:]. The pronounsiecan be the third-person singular pronoun, e.g.,sie malt

[zi: ma:lt] `she paints', and also the third-person plural pronoun, e.g.,sie malen[zi:

ma:l(@)n] `they paint'.

For each of these target in�ected verbs, frequency was obtained from the

SdeWac corpus of German (Faaß & Eckart, 2013). The range of frequency

in the present study is roughly compatible with that of Tomaschek, Tucker, et

al. (2018). There was no signi�cant difference in the means of frequency on

a log-scale between the present study and Tomaschek, Tucker, et al. (2018),

t(40:747) = � 0:690; p � 0:494. The target verbs were distributed more or less

normally over logarithm of frequency within and across each suf�x condition, i.e.,

[-t] and [-(@)n]. Because Tomaschek, Tucker, et al. (2018) found a similar lowering

of the tongue tip/body for high and low frequency, and because medium frequency

words showed higher tongue trajectories, we restricted our focus to high- and

medium-frequency words. The ultrasound record suggests that high-frequency

and low-frequency words had similar tongue shapes and positions, consistent with
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the �ndings of Tomaschek, Tucker, et al. (2018), and are therefore not discussed

further. For the purpose of visualization and ease of reference, we refer to the

10%, 50%, and 90% deciles of frequency as low, medium, and high frequency.

The details of the selected items were available athttps://osf.io/3mxjg/ .

These target items was embedded with other �ller items. These �llers were

made of in�ected forms of 213 different word types. They were either in�ected

verbs with their corresponding pronouns, containing other vowels than [a:], or

nouns.

For the task of reading aloud these 366 target and �ller word types (1017

word/phrase tokens) in total, 18 German native speakers were recruited. 10 out

of the 18 participants �nished all the recordings on the same day. Seven of them

split the participation in the experiment to two days. One of them spent three

days to complete all the recordings. The target and �ller items were displayed on

a laptop screen. Participants read aloud these items on the screen once for each

item. While they articulated each of the items, tongue shapes and positions were

recorded by ultrasound, using the software Articulate Assistant Advanced (Articu-

late Instruments Ltd., 2012). An ultrasound transducer was �xed under the chin of

the speaker by means of a headset in such a way that the shadows created by the

hyoid bone and the jaw were both visible in the ultrasound image being recorded.

For a majority of the items (about 77%), ultrasound images were recorded by about

95 frames per seconds. For the other 22% of the data, 82 frames were recorded per

second. For the remaining 1%, the number of frames per second ranged from 62 to

94.

The use of ultrasound in the present study, contrasting the use of EMA by

Tomaschek, Tucker, et al. (2018), was motivated by their different strengths and

their complementary characteristics. EMA tracks positions of sensors attached to

the tongue. EMA can track some parts of the tongue very precisely, although the

sensors on the tongue may hinder articulation and the very apex of the tongue is

still dif�cult to track. This is because a sensor is placed about 5 mm posterior to
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the tongue apex to avoid impeding articulations with the tongue tip. In contrast, it

is very dif�cult to record the root of the tongue or the inside of the tongue. On the

other hand, the tongue root and the inside of the tongue can be traced quite well

with ultrasound, which makes ultrasound imaging a good complementary method

to EMA. Accordingly, the present study made use of ultrasound imaging, aiming

at replicating and extending the �ndings of Tomaschek, Tucker, et al. (2018) to the

tongue root and the inside of the tongue.

Typically, ultrasound images of the tongue are analyzed by detecting and com-

paring tongue surface contours. One standard method for comparing multiple

tongue surface curves is to �t spline curves to detected tongue surface positions

(Davidson, 2005, 2006; Slud et al., 2002; Stone et al., 1997; Turton, 2015). Fit-

ted splines of tongue surface contours are sometimes compared to each other by

taking all the data points on the splines into consideration (Lee-Kim et al., 2013;

Strycharczuk & Scobbie, 2016), while other times the data points on the splines

are further summarized to representative values according to their shapes such as

the curvature index (Aubin & Ménard, 2006; Bressmann et al., 2005; Noiray et al.,

2013; Noiray et al., 2019).

These methods of analyzing ultrasound images all depend on detected tongue

surface contours and assume the x-coordinates (horizontal positions) are accurate

across frames, items, and speakers. However, this assumption does not necessarily

hold true. In ultrasound midsagittal images of the tongue, the tongue tip is often

hidden by shadow created by the mandible (jaw) bone, and the end of the tongue

root can also be hidden by another shadow created by the hyoid bone. Because

ultrasound images do not contain any anatomical reference point in themselves, it

is unclear how much of the tongue tip and root is missing in actual images. In

addition, tongue surface contours can �atten, e.g., for /a/, or shrink for the bulky

shape required for the articulation of, e.g., /u/. Because of these characteristics

of ultrasound imaging and the tongue, the same x-coordinate can actually refer

to different points on the tongue surface. This issue also applies to the y-axis
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coordinate, because the ultrasound transducer is usually �xed to the bottom of the

chin and therefore is not consistent in its positions relative to the hard palate.

The problem of anatomical reference points can be mitigated by taking into

account additional information from other parts in ultrasound images than tongue

surface contour curves. To include more information from ultrasound images, sev-

eral recent studies have summarized brightness values of all the pixels in ultra-

sound images and used these for comparison of different frames and items (Palo

et al., 2014). Although it is certainly an advantage to have access to more infor-

mation by including all the pixels for analysis, these methods, so far, necessarily

involve summarizing ultrasound images into some representative values. Given the

complexities of actual images, it may not be so straightforward to identify what is

exactly different across images.

To explore the possibility to include as much information in ultrasound images

as possible but not to compress pixel data into representative characteristic values,

we made use of Generalized Additive Models (GAMs) and modeled brightness of

each pixel in ultrasound images as a function of x- and y-coordinates, using ten-

sor product smooths. In this approach, the tongue surface contour appears as an

“area”, because pixel brightness is estimated across images from different words

and speakers. When there is little variability among words the predicted tongue

surface contour/area becomes thin and has brighter pixel values. If there is con-

siderable variability, the tongue surface contour/area becomes a larger area with

dimmed (low) predicted pixel values. In order to take different sizes of the oral

cavity into consideration, some normalization of ultrasound images is generally

recommended. However, normalization does not have to be perfect. Although

imprecise application of normalization would certainly lead to spurious greater

variance among speakers, only a few pixels of differences in coordinates would

not alter the overall results, either. In addition, such systematic differences can

be accommodated with random effects in GAMMs. In what follows, we report

the results obtained for the by-word ultrasound images averaged across speakers.
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Comparisons with models including by-speaker random surfaces showed that av-

eraging yields very similar mean surfaces at enormously reduced computational

costs.

A downside of this statistical method is that it is computationally very demand-

ing. In order to reduce computation time (and the concomitant carbon footprint),

separate models were �tted to the data for the two suf�x conditions. For each of

the two suf�x conditions, we �tted a model with partial effects for the x and y coor-

dinates and their interaction, and furthermore included segment duration (SegDur)

and (log-transformed) word frequency (Freq) as covariates. Segment duration was

determined based on the segment boundaries obtained by a forced aligner (Rapp,

1995). We also included interactions of these covariates with the x and y coordi-

nates and the corresponding interaction. The model speci�cation supplied to the

bamfunction of themgcvpackage (Wood, 2017) is as follows:

PixelBrightness ~ s(x, k=20) + s(y, k=20) +

ti(x, y, k=20) +

s(SegDur, k=20) +

ti(x, SegDur, k=c(20, 20)) +

ti(y, SegDur, k=c(20, 20)) +

ti(x, y, SegDur,k=c(20, 20, 20)) +

s(Freq, k=20) +

ti(x, Freq, k=c(20, 20)) +

ti(y, Freq, k=c(20, 20)) +

ti(x, y, Freq, k=c(20, 20, 20))

In order to determine the number of basis functions, we tested a range of num-

bers of basis functions ranging from 3 to 30. In general, estimated contours tend

to be too blurred too much with lower numbers of basis functions. In the present

study, numbers of basis functions being 15 or higher produced similar results. Al-

though larger numbers of basis functions were better at capturing small details in
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ultrasound images, greater numbers of basis functions necessarily required huge

amounts of additional computation time. Therefore, we opted for 20 basis func-

tions in the present study, aiming at a good balance between clarity of estimated

contours and computational load.

The �tted models for the two suf�x conditions at the middle of the vowel are

visualized in Figure 2.1. For all panels of this �gure, the front of the mouth is to

the right. The three �gures on the left side of Figure 2.1 pertain to the condition

“sie...t”. The three �gures on the right side of Figure 2.1 pertain to the condition

“sie...n”. The two �gures at the top visualize the ultrasound pixel brightness for

high-frequency words. The two contour plots in the middle row summarize the

ultrasound pixel brightness for medium-frequency words. In these top four �gures,

warmer colors indicate brighter pixels. The brightest pixels in the image (in dark

red) are typically found close to the tongue surface. Frequency was included in

the �tted models as a continuous variable. It is discretized to high- and medium-

frequencies in Figure 2.1 corresponding to the quantiles 90% and 50%, to simplify

visualization.

First compare the top-left panel and the top-right panel. In the condition of

the suf�x [t] (in the left panel), the tongue tip/blade is positioned lower and at the

same time the tongue body is positioned higher, compared to the condition of the

suf�x [ n]. Tongue fat in the tongue, indicated by the orange areas in the center

of each �gure below the tongue surface contours, is also pushed up in the suf�x

condition [t], compared to the suf�x condition [n]. In addition, the tongue root is

extended more posterior in the [n] condition, which is indicated by the redder area

to the left of the top-right �gure. The less visible tongue root in the [t] condition

compared to the [n] condition indicates that the tongue root tends to be shadowed

by the hyoid bone in the [t] condition, compared to the [n] condition. The forward

and upward advancements of the hyoid bone are associated with the fronting of

the tongue (Jordan & White, 2008; Kutzner et al., 2017; Sanders & Mu, 2013).

In the current study, the forward and upward movement of the tongue is stronger
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(a) High frequency words insie ...t, e.g.,sie
sagt [zi: za:kt]

(b) High frequency words insie ...n, e.g.,
sie sagen[zi: za:g(@)n]

(c) Medium frequency words insie ...t, e.g.,
sie nagt [zi: na:kt]

(d) Medium frequency words insie ...n,
e.g.,sie nagen[zi: na:g(@)n]

(e) Difference (a)-(c). (f) Difference (b)-(d).

Figure 2.1: Predicted ultrasound images at the middle of the target vowel, i.e.,
[a(:)], Warmer (darker red) colors in (a–d) are those for which the brightest pixels
are predicted. Warmer colors in (e–f) represent brighter pixels in high frequency
words compared to medium frequency words

in the suf�x [t] condition than the suf�x [n] condition. These observations hold

irrespective of whether the word has a high or a medium frequency.

The two �gures on the bottom present the difference surfaces between high-

frequency and medium-frequency words. Warmer colors in these contour plots in-

dicate brighter pixels for high-frequency words as compared to medium-frequency

words. Colder colors, by contrast, indicate that medium-frequency words have
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brighter pixels than high-frequency words. Accordingly, warmer colored regions

in the bottom two �gures indicate that the corresponding regions are brighter in

high frequency (�gures on the top), and cold colored regions indicate the opposite.

The blank areas in these difference contour plots denote pixels for which there

is no signi�cant difference between high-frequency and medium-frequency words

(a = 0:05). These two difference plots are essential for clarifying where the �tted

surfaces for high-frequency words and medium-frequency words actually differ.

First consider the “sie...t” condition (the left panels). In the difference plot,

at the right-hand side, we �nd a green area (denoting brighter pixels for medium-

frequency words) and below it, two red areas (denoting brighter pixels for high-

frequency words). These areas represent the preferential positions of the tongue tip

and tongue blade depending on the frequency of the word that is articulated. Since

warmer colors represent brighter pixels in the high frequency condition compared

to the medium frequency condition, the tongue tip/blade is lower for high frequency

words, compared to medium frequency words.

By contrast, the left side of the difference surface (Figure 2.1e) illustrates dif-

ferences pertaining to the positions of the tongue root. The orange area in the

top left of the difference surface indicates a higher position of the tongue root for

higher-frequency words. For medium-frequency words, as indicated by the large

blue area, the tongue root is positioned lower. Below the blue area is another or-

ange area, which we interpret to re�ect tongue fat (Kim et al., 2014; S. H. Wang

et al., 2020; Yu et al., 2022) that is pushed up for high-frequency words, but not for

medium-frequency words.

In contrast to the suf�x [t] condition, the difference surface for the suf�x [n]

condition (Figure 2.1f) is almost empty. Although there are some colored regions,

they do not appear to be systematic. The almost empty difference surface indicates

that tongue shapes are rather similar for the high- and medium-frequency condi-

tions. The absence of an enhancement effect of frequency in the [n] condition and

the presence of enhancement in the [t] condition is consistent with the �ndings of
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Tomaschek, Tucker, et al. (2018). The absence of an enhancement effect in the [n]

condition may be due to the �nal nasal being realized either as a syllabic nasal or

as the �nal nasal in a separate syllable in which it is preceded by a schwa.

The present �ndings replicated one of the observations reported by Tomaschek,

Tucker, et al. (2018), using ultrasound. The tongue tip was in a lower position for

higher-frequency words as compared to medium-frequency words. This lowering

of the [a:] for high-frequency words suggests these words are phonetically en-

hanced. The enhancement effect is in line with the hypothesis that “articulatory

practice makes perfect” (Tomaschek, Tucker, et al., 2018).

In the next section, we compare in�ected and non-in�ected words, in order to

see whether the enhancement effect observed in the ultrasound record is modulated

by morphological status.

2.3 Frequency effects in relation to in�ectional status

The preceding case study investigated the articulation of in�ected words, with spe-

cial attention to how frequency of use modulates the position of the tongue during

the articulation of the stem vowel. In this section, we continue our investigation of

the stem vowel, but now we impose stricter controls on segmental similarity, while

comparing two conditions, one in which the stem vowel is followed by an in�ec-

tional exponent, and one in which there is no such following in�ectional exponent.

We call these two conditions “in�ected” and “non-in�ected”. This allows us to

investigate the consequences of in�ectional status for articulation. In the litera-

ture, this contrast is often referred to as words with/without a morpheme boundary

(Hayes, 2000; Lee-Kim et al., 2013). We will follow this terminology, without

however assuming that some kind of boundary is physically present; i.e., the ter-

minology will be used in a purely descriptive sense.

The goal of this second case study is to clarify whether the presence or absence

of a morpheme boundary is associated with systematic differences in articulation
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in EMA recordings of spontaneous conversation, under the strictest possible con-

trols for form similarity. (Here, and in what follows, we use the term “morpheme

boundary” in a descriptive sense, the presence of a morpheme boundary being

equivalent to a word being morphologically complex in the concatenative sense.)

It is of course impossible to �nd a suf�cient number of word pairs with identical

segments (such as GermanMacht [maxt] `power' vs. mach+t [maxt] `makes').

We therefore extracted from the Karl Eberhards Corpus of spontaneously spoken

southern German (KEC) (Arnold & Tomaschek, 2016) all the words with the same

rhyme structure and with the same segments for the nucleus and for the word-�nal

segment, namely the word-�nal segment structure [a(:)(C)t]. “(C)” represents at

most one intervening segment between the target vowel [a(:)] and the word-�nal

segment [t]. kalt [kalt] `cold' is one example of a non-in�ected word adopted in the

present study, where no morpheme boundary is located between [a(:)] and [t]. On

the other hand,mal+t [ma:l+t] `paints' has a morpheme boundary between [a(:)]

and [t]. The stems of the in�ected and non-in�ected words in our data set com-

prised not only simple words, but also some derived words and compounds. For

example,bemaltconsists of a pre�xbe-and a verbmalt, where-t is an in�ectional

suf�x. Auslandconsists of a pre�xAus-and a nounLand, where no in�ection is

involved. In the current study, in�ected words included 16 derived words by pre�x-

ation and one compound word. Non-in�ected words included nine derived words

and 14 compound words.

Presence and absence of a morphological boundary between the target vowel

and the word-�nal [t] were coded manually. Intermediate cases involving stem al-

ternation (e.g.,denken! gedacht) were excluded. In the end, 84 word types, of

which 48 were non-in�ected and 36 were in�ected, were included in the analysis,

which amounts to 532 word tokens being analyzed. For each token, vertical tongue

tip and body positions during the target vowel were obtained from KEC. Tongue

positions were recorded in KEC with electromagnetic articulography (EMA, NDI

WAVE articulograph, sample rate 400Hz). Data points outside 1.5 times the in-
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terquantile range were considered to be outliers and were therefore removed from

the dataset.

Vertical tongue tip/body sensor positions (SensorPosition ) were modelled

with Generalized Additive Mixed-effect Models (GAMMs) as a function of time,

�tting separate models for the tongue tip and the tongue body. The sensor positions

were corrected and centralized by means of three head positions and a bite plate.

For details of sensors, see Arnold and Tomaschek (2016). Time was normalized, so

that the onset of the vowel was 0 and the offset was 1. We included factor smooths

for the interaction of speaker by normalized time.

In addition, we included random intercepts for the segments preceding and

following the target vowel (PrevSegandNextSeg). As many word types were

represented by a single word token, we refrained from incorporating by-word fac-

tor smooths (Baayen & Linke, 2020) and instead included segments preceding and

following the target vowel as random effects (i.e.,PrevSeg and NextSeg). By

including preceding and following segments, the in�uence of preceding and fol-

lowing segments on the target vowel was controlled statistically. Just in case that

preceding and following segments of very frequent word tokens might distort the

results, we �tted another GAMM excluding the most frequent word type (i.e.,halt

[halt] “just/simply”). This model showed very similar results as the model that in-

cluded the most frequent word type. In addition, another GAMM was �tted with

additional factors representing whether the segments preceding and following the

vowel were alveolar, considering systematic appearance of alveolar consonants in

the segments surrounding the vowel would bias the results. These additional fac-

tors did not improve the model �t and therefore were not considered any further.

We �tted separate curves for position as a function of time for non-in�ected

words and in�ected words (Morph). Finally, we included duration (SegDur) and

word frequency (Freq) as covariates, and allowed both covariates to interact with

time and morphological complexity. Frequency was obtained from the SdeWac

corpus (Faaß & Eckart, 2013) and log-transformed prior to �tting. The mean of



Chapter 2. Articulatory effects of frequency modulated by
semantics 55

frequency in a log scale was higher for in�ected words, compared to non-in�ected

words, t(10850) = 10:541; p < 0:001. The range of frequency was larger for

in�ected words, compared to non-in�ected words: the maximum values of fre-

quency were 13.084 and 12.569 for in�ected and non-in�ected words respectively,

whereas the minimum values of frequency were 3.434 and 3.611 for in�ected and

non-in�ected words respectively. Accordingly, there is no big difference in fre-

quency distributions between in�ected and non-in�ected words, although the cur-

rent data is collected from a spontaneous speech corpus (Arnold & Tomaschek,

2016) and therefore it is impossible to completely match frequency distributions

between the two morphological categories. The median duration of in�ected words

(Mdn=0.09) was larger than the median duration of their non-in�ected counter-

parts (Mdn=0.07, Mann-Whitney U=25004, p<0.001), which is consistent with the

duration-lengthening effect found for the pre-morpheme-boundary condition (Hay,

2007; V. G. Li et al., 2020; Plag & Ben Hedia, 2018; Seyfarth et al., 2017; Smith

et al., 2012; Song et al., 2013; Strycharczuk & Scobbie, 2016; Sugahara & Turk,

2009). The mean segment duration (SegDur) of long vowels was 121 ms and of

short vowels 103 ms,t(5231:6) = � 13:866; p < 0:001, re�ecting the phonological

distinction between /a/ and /a:/.

Duration and frequency were not correlated signi�cantly when in�ected and

non-in�ected words were aggregated,r(510) = � 0:08; p � 0:08. Separating in-

�ected and non-in�ected words, non-in�ected words showed a signi�cant correla-

tion of frequency and duration,r(306) = � 0:18; p < 0:001, while in�ected words

did not,r(202) = � 0:03; p � 0:65. These observations are consistent with the hy-

pothesis that the effect of frequency on duration is modulated by morphological

status.

The following GAMM was �tted to the data, again using thebamfunction of

themgcvpackage (Wood, 2017):

SensorPosition ~ s(Time, Speaker, bs=``fs'') +

s(PrevSeg, bs=``re'') +
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s(NextSeg, bs=``re'') +

s(Time, by=Morph, k=3) +

s(SegDur, by=Morph, k=3) +

s(Freq, by=Morph, k=3) +

ti(SegDur, Time, by=Morph, k=c(3,3)) +

ti(Freq, Time, by=Morph, k=c(3,3)) +

Morph)

For both sensors, GAMM analyses revealed that in�ected words were articu-

lated with lower tongue trajectories on average, compared to non-in�ected words,

especially around the center of the vowel. In what follows, we zoom in on how

frequency modulated this difference.

Figure 2.2 visualizes tongue tip/body height at the middle of the vowel as a

function of frequency with in�ected and non-in�ected words in blue-green and red

respectively. For the middle of the vowel, we selected the frame in the middle of

all the frames that belong to the segment based on acoustic segmentation. For the

tongue tip (left panel), we observe that for non-in�ected words, a higher frequency

predicts a higher vertical position. Conversely, for in�ected words, a higher fre-

quency of use predicts a lower vertical position. The right panel clari�es the effect

of frequency for the tongue body sensor. The positive slope observed for the tongue

tip when words are non-in�ected is again present. The effect of frequency is very

similar across both in�ected and non-in�ected words. Only for the very highest

frequency words do we see a small difference between non-in�ected and in�ected

words. Higher and lower positions correspond to reduced and enhanced articu-

latory realizations respectively, because, for the open low vowel [a(:)], a lower

tongue height re�ects lowering and hence a more clear articulation. Therefore, we

observe here a reduction effect for non-in�ected words both for the tongue tip and

the tongue body sensor. For in�ected words, an enhancement effect is observed

most clearly for the tongue tip. For the tongue body, only a small difference is

observed for high frequency words. This result is consistent with the earlier study
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by Tomaschek, Tucker, et al. (2018), which also reported a reduced effect for the

tongue body sensor.

(a) Tongue Tip (b) Tongue Body

Figure 2.2: Vertical tongue positions (in mm) at the middle of the target vowel [a(:)]
for in�ected (blue-green) and non-in�ected (red) words as a function of frequency.
Con�dence intervals are 95% credible intervals.

Gahl and Baayen (2022) proposed that, other things being equal, the more

predictable words are in utterances, the more probable it is that they will be re-

duced. Here, they follow the smooth signal redundancy hypothesis of Aylett and

Turk (2004). At the same time, independently, again other things being equal,

word-forms that are better supported by their semantics undergo articulatory en-

hancement (i.e., semantic strengthening). If this hypothesis is on the right track,

does it follow that the present results should be understood as indicating that for

non-in�ected words the principle of smooth signal redundancy (Aylett & Turk,

2004) dominates (predicting higher-frequency words reduce), whereas for in�ected

words, the principle of semantic strengthening dominates? Of course, this imme-

diately raises a further question, namely, why it would be only the in�ected words

that show an effect of semantic strengthening. This question is addressed in the

next section.

In what follows, however, we �rst brie�y consider two alternative explanations,
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one building on the paradigm uniformity hypothesis, and one pursuing the smooth

signal redundancy hypothesis (Aylett & Turk, 2004).

The paradigm uniformity hypothesis states that members of the same paradigm

tend to be similar to each other (Hayes, 2000; Plag, 1999, 2013; Seyfarth et al.,

2017). For example, Seyfarth et al. (2017) found the stem of in�ected words tends

to be longer than the same string of segments in morphologically simple words

(e.g.,frees vs. freeze). This leads to the prediction that German verb stems should

also be longer compared to monomorphemic controls.

If the �ndings of Seyfarth et al. (2017) generalize to tongue position, one would

expect to �nd that the vowel in stems should be articulated with lower tongue

positions compared to monomorphemic controls. As can be seen in Figure 2.2,

this is the case only for higher-frequency in�ected words.

One reason for the absence of a main effect is that in German verb paradigms,

the stem is much less dominant compared to English. Whereas in English, the

stem is followed by an in�ectional exponent only for the 3rd person singular, and

is also used as in�nitive, German verbs have somewhat richer in�ection with sep-

arate forms in the singular for the three persons, and most present plurals and the

in�nitive sharing the same form. As a consequence, the German stem is much less

dominant in its paradigm compared to English verb stems. This holds even when

we take into account that the �rst-person singular form, which ends in a schwa,

undergoes schwa-apocope in colloquial speech. Accordingly, there is no strong

reason to consider that the stem of German in�ected verbs is in�uenced strongly

by their bare forms and would therefore be characterized by longer duration and

less coarticulation. In fact, German in�ectional verbal suf�xes are alveolar, i.e., [t],

[st], [(@)n], the exception being [@]. If anything, in�ected forms with an alveolar

suf�x are most likely to serve as the origin of the paradigm uniformity effect.

In addition, the paradigm uniformity hypothesis does not predict an interac-

tion with frequency. The current results show that, as frequency increases, pre-

morpheme-boundary segments are articulated with tongue positions that are the
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same as or lower than no-boundary segments. Therefore, the current results only

partially support the paradigm uniformity account. Phonetic realizations are en-

hanced in complex words only when carrier-word frequency is high enough.

The paradigm uniformity hypothesis is based on the decompositional view of

morphologically complex words (Taft, 1979; Taft & Forster, 1975). Strictly de-

compositional theories hold that in�ected forms have no lexical status of their own,

and are always processed on the basis of their stems, in combination with morpho-

logical rules. Therefore, these theories predict that (cumulative) stem frequency

is the crucial predictor, and not the frequency of the in�ected form itself. In or-

der to evaluate this possibility, we �tted another GAM with the same structure but

replaced word frequency with lemma frequency. The result showed that the �t-

ted GAM with lemma frequency performed worse than that with word frequency

(DML = 11:878). Therefore, the observed patterns of frequency effects according

to morphological status are not very likely due to morphological decomposition

and activation of lemmas.

It is also possible that places of articulation, not phonemes per se, were sys-

tematically different between morphological conditions. For example, [s] and

[n] were distinguished as phonemes sharing the same place of articulation. As

a consequence, it might be argued that they should undergo similar effects of co-

articulation. In order to consider the possibility of potential confounding by places

of articulation of segments surrounding the target vowel, we created a new factor

variable that encoded whether the previous/next segment of the target vowel was

alveolar. We �tted additional GAMMs with this new factor variable for tongue tip

and body positions separately. In both of the models, the inclusion of the factor

variable did not alter the observed effects of frequency as shown in Figure 2.2.

Therefore, systematic differences in segments around the target vowel did not con-

found the present results regarding the observed effects of frequency.

Next, we consider how the present results challenge the smooth signal redun-

dancy hypothesis (Aylett & Turk, 2004). The reduced realization for non-in�ected



CHAPTER 2. ARTICULATORY EFFECTS OF FREQUENCY MODULATED BY

SEMANTICS 60

words as frequency is increased dovetails well with this hypothesis. However, this

hypothesis is insensitive to morphological structure. Whether or not the target

word is morphological complex, the word is predicted to be reduced if the word is

likely to occur (i.e., high frequency). Consequently, this hypothesis also predicts

reduction for in�ected words, which is not consistent with the current results.

Since the observed interaction of frequency by in�ectional status resists ex-

planation in terms of paradigm uniformity or smooth signal redundancy, the next

section investigates the consequences of in�ectional semantics for articulation.

2.4 From semantics to articulation

Using the theory of the discriminative lexicon (Baayen et al., 2019), Chuang et al.

(2021) and Gahl and Baayen (2022) reported phonetic enhancement for forms that

are better supported by their semantics, compared to their competitors. Consider-

ing the strong form-meaning relations between in�ectional suf�xes and in�ectional

meanings, word-�nal forms may receive more semantic support when these forms

encode in�ectional semantics. This, in turn, is expected to give rise to enhanced

articulation. In what follows, we pursue this explanation in two steps.

Section 2.4.1 introduces the discriminative lexicon model and formulates a

measure of semantic support. Section 2.4.2 applies this measure as a covariate

in a GAM model predicting vertical tongue position.

2.4.1 Deriving a semantic measure from LDL

The discriminative lexicon model (DLM: Baayen et al., 2018; Baayen et al., 2019)

is a mathematical model that sets up simple mappings between numerical repre-

sentations for words forms (brought together in a matrixC ) and numerical repre-

sentations for their meanings (brought together in a matrixS). These mappings are

implemented using the core ideas of multivariate multiple regression, an estimation

method that we refer to as Linear Discriminative Learning (LDL).
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The C-matrix is a word by triphone matrix. For each word, the cells in its

row-vector whose triphone (context sensitive phone) is contained in the word were

coded as 1 and otherwise 0. TheS-matrix brings together, for each word, a 300-

dimensional vector representing its meaning, using embeddings from a pre-trained

word2vec model (Müller, 2015). TheC andS matrices were constructed for all

the words in the CELEX database (Baayen et al., 1995) whose frequency was more

than 0, and for which a word2vec (Müller, 2015) embedding was available.

A mappingG from S to C was estimated by solvingC = SG. Given G,

a word's form vector ˆc is obtained by post-multiplication withG of the corre-

sponding semantic vector: ˆc = sG . The sum of the semantic support for a word's

triphones in ˆc was used by Gahl and Baayen (2022) to predict the spoken word du-

ration of English homophones. In what follows, we focus on the semantic support

for the �nal triphone in a word, to which we refer asSufSemSup, as this triphone

is most relevant for the co-articulation within the vowel with the word-�nal [t].

Semantic support to a sublexical unit such as a word's �nal triphone can be

understood conceptually as a measure gauging how accurately you can guess a

particular sublexical string based on its carrier word's meaning. For example,

the meaning “something round” does not support any particular sublexical string.

Words that this meaning supports includeball, apple, donut, sun, etc. As a conse-

quence, none of the triphones in these words receives solid support from the mean-

ing “something round”. In contrast, in�ectional suf�xes are usually associated

well with their corresponding in�ectional meanings. For example, the meaning of

“past tense” predicts that it is quite likely that the word contains-ed at the word

�nal position. Although the meaning of “past tense” does not exclude a few other

possibilities (irregular verbs, for instance, do not in�ect with-ed), -ed should re-

ceive much stronger semantic support from its in�ectional meaning, in comparison

to the �rst example with the much more speci�c meaning of “something round”.

These informal intuitions about how well a given triphone can be predicted from

a word's meaning can be made precise by Linear Discriminative Learning in the
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Discriminative Lexicon Model (Baayen et al., 2019).

In the preceding section, we observed an interaction of in�ectional status (i.e.,

presence/absence of a morpheme boundary after the stem vowel) by frequency.

Whereas in�ectional status is a binary measure — a word is either in�ected or

non-in�ected —SufSemSupis a continuous measure. To clarify whether this con-

tinuous measure is a proper real-valued counterpart for the binary predictor con-

trasting non-in�ected and in�ected words, we �tted a logistic regression model,

predicting in�ectional status fromSufSemSup. Figure 2.3 visualizes how the prob-

ability of in�ectional status varies withSufSemSup, and supportsSufSemSupas a

continuous measure of in�ectional status.

Figure 2.3: Probability of in�ected words as a function of semantic support to
word-�nal triphones. Greater semantic support for word-�nal triphones predicts
higher probability of morphological complexity.

For the words in our dataset, we have a set of word-�nal triphones, all of which

end witht# . Each of these word-�nal triphones comes with a different real num-

ber denoting how much support that triphone receives from the semantics of its

carrier word. Importantly, the very same triphone can have different values for

SufSemSup, as this measure critically depends on the semantic vector of its own

speci�c carrier word. Thus, instead of having a single in�ectional exponent-t,

we have a set of �nal triphones with support values that depend on the word2vec
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embeddings of their carrier words.

2.4.2 Predicting tongue tip positions with a measure of semantic sup-

port

Is SufSemSupuseful as a covariate predicting vertical tongue position? And if so,

how shouldSufSemSuprelate to tongue tip position? In general, larger values of

measures of semantic support are expected to predict more enhanced pronuncia-

tions. For instance, Gahl and Baayen (2022) and Chuang et al. (2022) observed

a positive correlation of spoken word duration and measures of semantic support.

For the present data, we therefore expect greater semantic support for the �nal tri-

phone to be correlated with lower tongue positions, as for the [a:] vowel, lower

tongue positions re�ect articulatory enhancement. The reason that semantic sup-

port is expected to predict enhancement instead of reduction is straightforward. To

see this, consider the form vector ˆc = sG . Unlike the gold standard vectorc, which

has 1 for exactly those triphones that are part of the word, and 0 elsewhere, the ˆc

vector has real-valued entries, which are closer to zero for triphones that are not

part of a word, and that have larger positive values for triphones that are properly

part of the word. The smaller the semantic support ˆck for thek-th triphone is, the

more likely it is that this triphone should not be articulated. Conversely, the larger

the value of ˆck, the more likely it is that it should be pronounced. The theory of the

discriminative lexicon goes one step further, and argues that the amount of seman-

tic support correlates positively with the amount of phonetic enhancement. The

above mentioned studies of spoken word duration provide support for this claim.

We therefore expect that, overall, greater values ofSufSemSupshould correlate

positively with phonetic enhancement.

A further question concerns whether, and if so, how,SufSemSupinteracts with

frequency. Given the results reported in the preceding section, we expect an in-

teraction of frequency by semantic support, such that for words with low semantic

support, increasing frequency predicts higher tongue positions. For words with
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high semantic support, the reverse pattern is expected.

Finally, we are interested in clarifying whetherSufSemSupoutperforms in�ec-

tional status as predictor for the tongue tip position, as this would provide further

support for the importance of taking meaning into account when studying morpho-

logical processing.

To address these questions, we �tted a slightly modi�ed GAMM to the same

dataset as analyzed in the preceding section, the only difference being that the

predictor “morphological status” was replaced bySufSemSup:

SensorPosition ~ s(Time, Speaker, bs=``fs'') +

s(PrevSeg, bs=``re'') +

s(NextSeg, bs=``re'') +

s(SufSemSup, k=3) +

s(Freq, k=3) +

s(SegDur, k=3) +

ti(Time, SufSemSup, k=c(3,3)) +

ti(Time, Freq, k=c(3,3)) +

ti(Time, SegDur, k=c(3,3)) +

ti(SufSemSup, Freq, k=c(3,3)) +

ti(SufSemSup, SegDur, k=c(3,3)) +

ti(Freq, SegDur, k=c(3,3)) +

ti(Time, SufSemSup, Freq, k=c(3,3)))

All terms in this model involving frequency, semantic support, and their interaction

were well supported (allp < 0:0001). The �tted surface spanned by frequency and

SufSemSupis presented in Figure 2.4. Warmer colors indicate higher positions of

the tongue tip sensor.

Except for the very lowest values of frequency, the trend is that for a �xed

frequency, increasing semantic support predicts lower tongue positions. This effect

is the strongest for the highest-frequency words. Thus, greater semantic support is
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indeed associated with articulatory enhancement, as predicted by the theory of the

discriminative lexicon.

Figure 2.4 clari�es that the expected interaction of frequency by semantic sup-

port is also present. The effect of frequency on tongue tip position has a positive

slope for low values ofSufSemSup, indicating that as frequency increases, the

tongue tip sensor is found at higher positions. Since low values ofSufSemSupin-

dicate a low probability of being in�ected, we replicate our earlier �nding in the

preceding section that for non-in�ected words, the tongue tip rises with increasing

frequency. In contrast, when word-�nal triphones receive good semantic support

(indicated by higher values ofSufSemSup), the slope for frequency is negative:

higher probabilities of being in�ected are associated with lower tongue positions.

Figure 2.4: Interaction of effects of frequency andSufSemSupat the middle of
the vowel [a(:)]. Warmer and colder colors represent higher (reduced) and lower
(enhanced) tongue tip positions respectively. Dashed lines specify 1SE con�dence
regions for the contour lines.

This interaction between frequency andSufSemSupis not confounded with

triphone frequency. AlthoughSufSemSepis mildly correlated with triphone fre-

quency,r(72) = 0:36; p < 0:01, adding triphone frequency to the GAMM does not

eliminate the effect ofSufSemSup. As SufSemSupincreases, the tongue tip sensor

is positioned lower. By contrast, an increase in triphone frequency is associated



CHAPTER 2. ARTICULATORY EFFECTS OF FREQUENCY MODULATED BY

SEMANTICS 66

with tongue raising. Within the framework of DLM (Baayen et al., 2019), the ef-

fect of triphone token frequency is likely an effect of triphone type frequency in

disguise. Triphones that occur in more different words and that realize more differ-

ent senses are more dif�cult to learn, and hence will receive reduced support from

their senses. A new algorithm for incorporating frequency of use into the estima-

tion of the mapping from meaning to form is expected to allow for more precise

modelling of the semantic support for the �nal triphone while also taking into ac-

count the consequences of the frequencies with which triphones occur (Heitmeier

et al., 2022).

Similarly, the observed patterns do not seem to be confounded with the transi-

tional probabilities of phonemes into the target vowel. To look into the potential

confound by transitional probability, we �tted another GAMM by adding bigram

conditional probability of the stem vowel given one segment before the vowel

to the GAM model. The inclusion of transitional probability, however, led to

worse model performance in spite of increased model complexity (DML = 13:065).

Therefore, transitional probability into the target vowel is not an essential predictor

for the present dataset.

A remarkable result is that replacing the original categorical predictor “in-

�ectional status” withSufSemSupresults in a substantial improvement in model

�t by no less than 10158 AIC units (model comparison test:c 2(5) = 5051:669,

p < 0:0001). Importantly, at no point is morphological structure explicitly coded

into the computational model: form representations are based on triphones, and se-

mantic representations are based on word2vec, which, unlike fasttext, has no access

to internal word structure. All that is required is inspection of the word-speci�c se-

mantic support for the �nal triphone. Theoretical constructs such as morphemes

and morpheme-boundaries are not required.

Many different semantic measures can be derived within the framework of the

DLM, in addition to semantic support. In fact, eight other semantic measures were

actually computed and evaluated for the present study. However, based on variable
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importance estimated with a random forest, it was theSufSemSupthat turned out to

be the most powerful predictor of tongue tip height (although several other related

measures also performed quite well). The importance of speci�cally this �nal tri-

phone may help explain why there is no strong frequency effect for the tongue body

sensor: the tongue body is less involved in the co-articulation with the word-�nal

[t]. Slightly higher tongue body positions found in the �rst study with ultrasound

were therefore likely due to a passive movement induced by the lowering of the

tongue tip. In addition, it is possible that what we referred to as “tongue body”

in ultrasound images can correspond to somewhere more in the back of the oral

cavity than the location of the “tongue body” sensor of EMA. Because of a lack

of anatomical reference points in ultrasound imaging, it is far from straightforward

to establish how the positions of the EMA sensors correspond to regions in the ul-

trasound image. This topic is therefore left for future research using simultaneous

recordings with EMA and ultrasound.

2.5 Discussion

In this chapter, we presented three case studies. The �rst study replicated one of the

previous �ndings reported by Tomaschek, Tucker, et al. (2018), using ultrasound.

Tomaschek, Tucker, et al. (2018), using EMA, found enhanced articulatory realiza-

tions for high frequency in�ected words, compared to medium frequency words. A

similar enhancement effect emerged from the ultrasound recordings. The more en-

hanced realization of higher frequency words supports the hypothesis of kinematic

improvement with practice.

In the second study, we compared articulatory realizations of [a(:)] of in�ected

and non-in�ected words. For non-in�ected words, a higher frequency predicted a

higher tongue position, suggesting articulatory reduction. But for in�ected words,

the opposite effect emerged, most notably for the tongue tip sensor, which is more

actively involved in the co-articulation between [a(:)] and [t].
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This interaction between frequency and in�ectional status is not predicted by

the paradigm uniformity hypothesis (Seyfarth et al., 2017), the smooth signal re-

dundancy hypothesis (Aylett & Turk, 2004), the paradigmatic signal enhance-

ment hypothesis (Kuperman et al., 2007), and the kinematic practice hypothesis

(Tomaschek, Arnold, et al., 2018; Tomaschek, Tucker, et al., 2018). All these

hypotheses can explain either the pattern for in�ected words, or the pattern for

non-in�ected words, but not both.

Following up on studies that investigated how semantic support for forms of

words affects spoken word duration (Chuang et al., 2021; Gahl & Baayen, 2022),

the third study replaced the categorical predictor of in�ectional status (in�ected vs.

non-in�ected) by a continuous measure of semantic support provided by empirical

word embeddings (word2vec) for the word-�nal triphone. This measure of seman-

tic support was shown to be the real-valued counterpart of the categorical measure:

the probability of being in�ected increases with semantic support. Replacing mor-

phological status with semantic support resulted in a substantially improved model

�t. For words with low semantic support (most likely non-in�ected words), tongue

height was positively correlated with frequency; for words with high semantic sup-

port, the correlation changed sign. This result indicates that it is the speci�c se-

mantics of in�ected and non-in�ected words (e.g., in�ectional meanings) that drive

articulation, and not the presence of an exponent or a putative morpheme bound-

ary in forms of words. In other words, systematic differences in meanings create

different (co-)articulatory patterns between in�ected and non-in�ected words, and

not as a consequence of the presence of a discrete exponent or hypothesized mor-

pheme boundary. Systematic differences in meaning are not restricted to in�ected

and non-in�ected words. Investigation of the semantic support for derived words

is a topic that is on our agenda for future research.

The observed reduction and enhancement effects of frequency according to

different degrees of semantic support to in�ectional suf�xes can also be understood

to elaborate the distinction between the need for clearer articulation in favor of
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the listener and the desire to save articulatory effort for the speaker themselves

(Lindblom, 1983; Lindblom & Marchal, 1990; Nelson, 1983).

In general, it takes longer to move the tongue across longer distance (Kelso

et al., 1985). In order to keep the same “traveling” duration, the speaker has to

move the tongue faster. For moving the tongue faster, the speaker needs to make

greater articulatory effort (Nelson, 1983). According to the H&H theory (Lind-

blom & Marchal, 1990), the speaker has certain degrees of freedom with respect

to articulatory effort. They can choose to make more effort to move the tongue

for clearer articulation under temporal pressure, whereas they can also choose to

undershoot an articulatory target (less clearer, reduced articulation) for saving ar-

ticulatory effort (Lindblom, 1983). Lindblom and Marchal (1990) suggested that

the balance of the bene�ts for the speaker and the listener is determined by vari-

ous communicative factors. Therefore, although duration is correlated with longer

distance and faster tongue movements, duration cannot be a sole factor to deter-

mine degrees of articulatory reduction/enhancement (Lindblom, 1983; Lindblom

& Marchal, 1990).

The present study controlled vowel duration and phonological environment.

And yet we found clearer articulation for the words of higher frequency and greater

semantic support. Therefore, the present �ndings can also be interpreted to elabo-

rate other factors than just duration, which are responsible for the many low-level

phonetic differences which Lindblom and Marchal (1990) called “the lack of in-

variance” (Lindblom & Marchal, 1990, p. 403). More precisely, the present study

suggests that, when duration is kept constant, the speaker tends to pay more articu-

latory effort for clearer (co-)articulation when the suf�x of the word is semantically

motivated and therefore less uncertainty is involved for the phonetic makeup of that

word.

More direct evaluation of the claims by the H&H theory (Lindblom & Mar-

chal, 1990) is possible. A number of studies has suggested that the balance of the

bene�ts for the speaker and the listener is important to predict phonetic realization
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(Kelso et al., 1985; Lindblom, 1983; Lindblom & Marchal, 1990; Nelson, 1983).

The present study focused on a semantic measure purely from the perspective of

speech production. However, the counterpart ofSufSemSupon the comprehension

side, called functional load, was also found to be predictive for phonetic realization

(Denistia & Baayen, 2022; Saito et al., 2021).SufSemSupand functional load are

expected to capture opposing forces between the bene�ts for the speaker and the

listener, which are analogous to the distinction of the clarity for the listener and the

economy of articulatory effort according to Lindblom and Marchal (1990). This

possibility is left open for future research.

Another open question is how to understand the observed effect of frequency.

The current results only indicate that the balance between the reduction and en-

hancement effects of frequency are adjusted by semantic support for forms. It

is perhaps unsurprising that the effect of semantic support is strongest for the

highest-frequency words, which are the words for which we have more obser-

vations, and that speakers have encountered more often. However, this role of

frequency for learning is not properly accounted for by the way in which we es-

timated the mapping from meaning to form, namely, using the matrix algebra of

multivariate multiple regression. The resulting mapping represents the “endstate of

learning” that is reached with “in�nite” experience, see Heitmeier et al. (2021) and

Shafaei-Bajestan et al. (2021) for detailed discussion. Recently, a new algorithm

has been developed that is able to take frequency of use into account (Heitmeier et

al., 2022); Taking frequency of use into account for the mapping between meaning

and form then is another topic that is high on our research agenda.

How frequency shapes the �tted surface for tongue tip height likely re�ects

two factors. The �rst factor concerns how frequency modulates the learning of

the mapping from meaning to form. The present estimated form vectors ˆc are

suboptimal in this respect, and hopefully can be improved in the near future.

The second factor concerns how the informativity of the word in the discourse

(Aylett & Turk, 2004) affects articulation. Within the framework of the discrim-
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inative lexicon, given a measure of the informativityhw;k � 0 of a word tokenw

at pointk in a discourse, its effect on the semantic support for triphones is, in the

simplest possible scenario, proportional tohw;kĉ. In this way, the reduction effect

and the enhancement effect of frequency can be represented jointly in the model.

However, teasing apart the independent contributions of these two factors to articu-

lation remains a topic for further research. Whether the paradigmatic enhancement

hypothesis (Kuperman et al., 2007) can be integrated within the present approach

likewise awaits further advances in computational modeling.

What the present study is able to contribute to the advancement of knowledge

is, �rst, further support for the possibility that part of the effect of frequency may

re�ect articulatory practice, and second, that quantitative representations of mean-

ings of words, such as made available by distributional semantics, can be used to

obtain substantially more precise predictions of phonetic realization.
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Chapter 3

Analyzing ultrasound images

with GA(M)Ms

Abstract: This study has two aims: 1) to develop a new analysis methodology

of ultrasound images, and 2) to investigate effects of phonetic enhancement by

word frequency, using ultrasound. The new analysis method of ultrasound images

makes use of Generalized Additive Mixed-effect Models (GAMM: Wood, 2017)

and predicts each pixel brightness to constitute whole ultrasound images. Using

this new methodology, in the following theoretical part of this paper, we address the

phonetic enhancement effects of word frequency with experimental data of German

native speakers articulating pronoun-verb combinations. The results indicated that

more peripheral tongue positions for the stem vowel [a(:)] were associated with

higher frequency words. This effect of word frequency was observed for the suf�x

[t] condition, but not for the suf�x [n] condition. These results will be interpreted

to support general effects of phonetic enhancement by high frequency, explained

by the paradigmatic signal enhancement hypothesis (Kuperman et al., 2007) and

the kinematic practice hypothesis (Tomaschek, Arnold, et al., 2018; Tomaschek,

Tucker, et al., 2018).
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3.1 Introduction

Tongue movements during speech can provide extensive insights to speech pro-

duction process. To record tongue shapes and movements during speech, several

different techniques have been developed. One of these techniques is ultrasound

imaging. Ultrasound imaging makes use of high frequency sound waves that in

phonetics are used to trace the tongue surface.

Although ultrasound imaging has attracted more and more attention and has

been adopted in a wide range of studies, there is still no consensus regarding the

optimal way for analyzing ultrasound images and sequences of ultrasound images.

A standard methodology �ts a spline curve to the brightest pixels that are expected

to correspond to the tongue surface contour. This methodology has the advan-

tage that it reduces the high complexity of ultrasound images only to just a set of

pixel locations that are straightforwardly described by their x and y coordinates.

Detected tongue contours can then be straightforwardly compared with statistical

methods such as Smooth Spline ANOVA (Davidson, 2006; Gu, 2002; Lee-Kim et

al., 2013; Strycharczuk & Scobbie, 2016; Sung, 2014) or GAMs (Generalized Ad-

ditive Mixed-effects Models: Heyne et al., 2019; Noiray et al., 2019; Strycharczuk

& Scobbie, 2017).

However, extraction of only the tongue surface contour has the disadvantage

that other potentially relevant information about tongue movements are not avail-

able to the analyst. For example, changes in the location of tongue fat within

the tongue can be indicative of changes in muscle tension and contraction taking

place during articulation. More importantly, movements of the hyoid bone are vis-

ible in the ultrasound record (Hiiemae et al., 2002; Ma & Wrench, 2022; Rossi

& Autesserre, 1981) and can inform about tongue fronting and tongue elevation,

although there is still a lot of uncertainty as to the exact interpretation of the data

(Buchaillard et al., 2009).

This study proposes to analyze full ultrasound images with the Generalized

Additive Model (GAM: Wood, 2017), using tensor product smooths. Tensor prod-
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uct smooths can take into account all the pixels in an ultrasound image, and the

predicted pixel brightness can be visualized using contour plots.

In what follows, we �rst summarize advantages and disadvantages of ultra-

sound imaging in relation to other tongue-shape-recording techniques (Section

3.2.1). Subsequently, we introduce several key muscles in and around the tongue

(Sections 3.2.3-3.2.5), as a basic understanding of tongue muscles is necessary for

properly interpreting ultrasound images. Next, we brie�y explain how ultrasound

imaging works (Section 3.2.6), and then discuss existing methods for analyzing

ultrasound images (Section 3.2.2). Against this background information, we then

show how tensor product smooths can be used to analyze full ultrasound images

(Section 3.3). Section 3.4 illustrates the method for experimental data on the pro-

duction of the German [a(:)] vowel.

3.2 Background

3.2.1 Why ultrasound?

The present paper introduces a new method of analyzing ultrasound images. In the

context of articulatory phonetics, ultrasound imaging is one of the tools for record-

ing the tongue shape or position during speech. Other tools are X-ray photography

(Liljencrants, 1971), Cine�uography (Harshman et al., 1977), X-ray microbeam

registration (Westbury, 1994), Electromagnetic Articulography (EMA) (Arnold &

Tomaschek, 2016; Cho, 2001; Dang et al., 2008; Dang et al., 2009; Erickson et al.,

2014; Hertrich & Ackermann, 2000; Lee et al., 2019; Perkell et al., 1992; Saito

et al., 2021; Steele & van Lieshout, 2004; Tiede et al., 2011; Tomaschek, Arnold,

et al., 2018; Tomaschek, Tucker, & Baayen, 2019; Tomaschek, Tucker, et al., 2018;

Tomaschek et al., 2013; J. Wang et al., 2013), and Magnetic Resonance Imaging

(MRI) (Masaki et al., 1996; Moisik et al., 2019; Stone et al., 2001).

The oldest technique for tracing tongue position made use of X-rays. X-ray

photography takes a few snapshots of the oral cavity (Liljencrants, 1971). Cine-
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�uography takes a series of X-ray photographs, which are combined to construct a

video capturing tongue movements (Harshman et al., 1977). X-ray photography is

not well-suited to record movements of the tongue. Although cine�uography can

take a video of tongue movements, extended radiation exposure comes with a po-

tential health risk. X-ray microbeam registration dealt with this problem by attach-

ing gold pellets to the tongue and by focusing a microbeam speci�cally on these

pellets (Westbury, 1994). As a consequence, only small parts of the oral cavity are

exposed to radiation. However, only the positions of the pellets are traced. Fur-

thermore, this method suffered from limited accessibility (Steele & van Lieshout,

2004).

X-ray microbeam registration is a point-tracking system. Another point-

tracking system, electromagnetic articulography (EMA), is more accessible and

widely used. Similarly to X-ray microbeam registration, EMA requires several

sensors to be attached on the tongue and the lips. The EMA system creates an

electromagnetic �eld, which induces current in sensors. The changes in the current

strength are used to estimate positions of sensors. Since the amount of current pro-

duced stands in an inverse relation to the cube of the distance, the precise locations

of the sensors can be calculated. Disadvantages of EMA are 1) that sensors need

to be glued to the tongue and the lips, which is practically impossible to do for

the back and root of the tongue, due to the gag re�ex, 2) that only the positions of

the sensors are traceable, not the entire tongue surface, 3) that sensors are dif�cult

to place at exactly same positions across experiments with the same speaker, and

within an experiment when sensors get detached, and 4) that sensors and wires

connecting sensors to the EMA system may interfere with natural articulation.

These disadvantages are absent when ultrasound or MRI are used. Ultrasound

and MRI both capture a full image of the tongue. Ultrasound makes use of high

frequency sound waves and MRI uses a strong magnetic �eld. While MRI provides

clearer pictures of the tongue than ultrasound, it has several downsides. One of its

disadvantages is its low time resolution, which can be a problem for recording rapid
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movements of the articulators. Furthermore, the speaker has to lie down when

they are recorded. Different body postures come with different ways in which

gravity affects tongue positions and tongue shapes (Hoedl, 2015). However, it is

worth noting that these downsides may perhaps be solved in the near future thanks

to the development of real time MRI systems (Nayak et al., 2022) and upright

MRI registration (Botchu et al., 2018). Practical disadvantages of MRI are 1) that

MRI machines are expensive both with respect to acquisition and maintenance, 2)

that MRI machines are not portable and hence not practical to use for studying

articulation in children, and 3) that MRI registration is not without health risks and

cannot be used with participants with implants such as pacemakers.

Ultrasound systems are relatively cheap and transportable. Because of their

better mobility, ultrasound systems can also be used for �eld work (Gick, 2002).

Ultrasound images can be recorded with good temporal resolution, they capture

the whole tongue, they are not invasive, and don't come with health risks. These

characteristics make ultrasound an especially suitable tool for children (Noiray et

al., 2013; Noiray et al., 2019).

These advantages of ultrasound come at the cost of less visual clarity. Ultra-

sound images usually contain a lot of noise and possibly visual artefacts. In addi-

tion, ultrasound images usually do not contain clear anatomical reference points.

Furthermore, a time-series of ultrasound images poses challenges for interpreta-

tion due to both movements of the transducer with respect to the vocal tract, and

movements within the vocal tract that change the locations of anatomical refer-

ence points. These problems also arise when the differently shaped vocal tracts of

individual speakers have to be taken into account. As a consequence, analyzing

ultrasound images can be challenging, an issue to which we will return below.

3.2.2 Analysis methods for ultrasound images

While ultrasound imaging has attracted more and more attentions for phonetic,

phonological, and also clinical purposes, there is no consensus about how to best
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analyze ultrasound images. A majority of studies has focused on tongue surface

contours. Some analysts zoomed in on representative values of these contours,

for example, the x- and y-coordinates of the highest point on the tongue surface

contour (Lin et al., 2011; Noiray et al., 2013; Noiray et al., 2019). Other analysts

have taken more points of the tongue surface contour into consideration. In their

approaches, the shape of the tongue surface contour is mapped onto one or more

representative values (Aubin & Ménard, 2006; Bressmann et al., 2005; Davidson,

2005; Dawson et al., 2016; Ménard et al., 2013; Slud et al., 2002; Song et al., 2013;

Stolar & Gick, 2013; Stone, 2005; Stone et al., 1992; Turton, 2015). One of the

simplest methods is to approximate the shape of the tongue contour with a triangle

(Aubin & Ménard, 2006; Ménard et al., 2013; Song et al., 2013). The base of the

triangle is set up by connecting both ends of the tongue surface contour. The height

of the triangle is given by the longest perpendicular line starting from the base and

ending at the tongue contour. If this perpendicular line is longer than the base

line, then the tongue is more bunched up. In contrast, if the base is longer than

the perpendicular line, the tongue is more �attened. Measures based on several

ratios calculated from the triangle were used by Aubin and Ménard (2006) to study

compensatory tongue movements in adults and children, by Ménard et al. (2013)

to investigate differences between blind and sighted speakers, and by Song et al.

(2013) to trace different articulatory realizations of consonant clusters according to

their morphological properties.

The curvature index (CI) and the modi�ed curvature index (MCI) are more so-

phisticated measures for assessing the shape of the tongue surface contour (Dawson

et al., 2016; Stolar & Gick, 2013). The curvature index is de�ned as the integral

of the radius of curvature from one end of the tongue contour curve to the other,

which is �tted with a 7th-order polynomial function (Stolar & Gick, 2013). Daw-

son et al. (2016) introduced a slightly modi�ed version of this index (MCI), the

differences being 1) that the integral was based on the arc length rather than the

x-coordinates, and 2) that central differencing replaced polynomial based differen-
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tiation. The CI and the MCI both have the advantage of interpretability. Higher

(modi�ed) curvature index values indicate greater curvature with greater complex-

ity in the tongue contour line. In addition, these measures are robust to rotations

of the tongue surface contour. Such rotations can occur due to movement of the

ultrasound transducer, one of the problems inherent to ultrasound imaging. In this

respect, the MCI outperformed the CI. For the formal de�nitions of the curvature

indices, see Appendix 3.A.

Similarly to the CI and the MCI, the so-called Procrustes distance (J. Wang et

al., 2013) produces a single value representing the complexity of the tongue surface

contour. A Procrustes analysis is a statistical method that measures the distance

between two shapes in such a way that the distance between the points of the two

shapes is minimized. This is accomplished by aligning, scaling, and rotating. The

distance between the aligned shapes is de�ned as the sum of Euclidean distances

between the points (landmarks) of the two shapes. To apply a Procrustes analysis

to the tongue surface contour, the tongue shape in resting position is used as the

reference shape. The distance from this reference shape to the target tongue shape

during articulation is the Procrustes distance (Dawson et al., 2016; J. Wang et al.,

2013).

While the Procrustes distance and the MCI provide interpretable measures of

curvature, they have been found to be less effective for delineating phonemes, com-

pared to discrete Fourier Transform (DFT) (Dawson et al., 2016). A DFT maps a

sequence of equally-spaced samples of a function represented in the time domain

to corresponding data points in the frequency domain. In other words, DFT looks

for sinusoid functions with different frequencies, such that the weighted sum of the

sinusoid functions converges to the shape function. For more details, see Appendix

3.B. The weights of the sines are the output of the DFT method and form the in-

put for the analysis of the tongue surface. Dawson et al. (2016) used the DFT, the

MCI, and the Procrustes distance to predict phoneme identity from the tongue sur-

face contour, and reported that the DFT outperformed the MCI and the Procrustes
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distance in terms of classi�cation rates by Linear Discriminant Analysis (LDA).

The original work that applied Fourier series to trace the tongue surface contour

was Liljencrants (1971). Liljencrants (1971) adopted the real-value counterpart

of DFT. These authors approximated the tongue contour by a sum of cosine and

sine functions with different coef�cients. They reconstructed the tongue contour

from only the �rst few Fourier coef�cients using the inverse transform. The dif-

ferences between the original tongue contour and the reconstructed tongue contour

were evaluated in terms of the root mean square (RMS). According to Liljencrants

(1971), the DC component (i.e., zero frequency component) and the fundamental

frequency already capture the overall shapes of tongue contours quite well. By

adding the second harmonic, reconstructed tongue contours become very similar

to the originals.

One downside of Fourier based analysis is that coef�cients are far from

straightforward to interpret. Although Dawson et al. (2016) found that the imagi-

nary part of the �rst DFT coef�cients discriminated between phonemes, it was not

clear what the imaginary part of the �rst DFT actually represented. In addition, the

magnitude of the DFT coef�cients did not correspond to the degree of phoneme

complexity. In Dawson et al. (2016), phonemes were categorized in terms of the

complexity of their tongue shapes, as low, middle, or high complexity. For exam-

ple, /2/ was categorize as low complexity, because it does not require movements

of the tongue (as for glides) or second constriction (as for /ô/). For example, a

lower value of the imaginary part of the �rst DFT coef�cient was associated with a

high phoneme complexity, a higher value was associated with medium complexity,

and a middle value was associated with low complexity.

The methods discussed thus far all involve compressing or transforming co-

ordinates of the tongue contour into some representative values. Other studies

have compared multiple tongue contours without compressing or transforming

tongue surface coordinates (Davidson, 2006; Heyne et al., 2019; Lee-Kim et al.,

2013; Strycharczuk & Scobbie, 2016). Davidson (2006) made use of Smooth-
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ing Spline ANOVA (Gu, 2002), which makes it possible to evaluate statistically

whether tongue contours linked to experimental factorial manipulations are sig-

ni�cantly different. Inferred tongue contours can be visually represented together

with their con�dence intervals. Davidson (2006) used this statistical method to

study coarticulation coarticulation of English /g/ in word-�nal position. Lee-Kim

et al. (2013) used Smoothing Spline ANOVA to investigate the darkness of English

/l/ before and after morpheme boundaries. A downside of this method is that it

is very sensitive to small systematic differences in tongue contours that are linked

to the geometry of individual speakers' vocal tracts. Therefore, Smoothing Spline

ANOVA is not recommended for multiple tongue contours from different sessions

and speakers.

Recently, Generalized Additive Mixed Models (GAMMs) (Wood, 2017) have

been employed to compare multiple tongue contours (Heyne et al., 2019). GAMMs

are an extension of the standard linear regression model that can estimate not only

linear effects but also non-linear effects of predictors. Just as Smoothing Spline

ANOVA, smoothing splines play a central role in GAMMs. But GAMMs make

many different kinds of splines available for both single predictors and multiple

predictors. Heyne et al. (2019) recorded the tongue shapes of English and Ton-

gan speakers during articulating vowels using ultrasound. Tongue contours were

traced manually by placing several points on the tongue surface contour and by

interpolating these points with 100 points of a cubic spline. Tongue height was

then de�ned as the distance from the origin to the tongue surface contour. Tongue

height and variance in tongue height were modeled as a function of a range of pre-

dictors including random effect smooths for speakers. Heyne et al. (2019) showed

that there was more variability in the way Tongan vowels were produced by native

speakers of Tongan, compared to English vowels produced by native speakers of

New Zealand English.

Although Smoothing Spline ANOVA and GAMMs extended the analysis of ul-

trasound images from representative values to full tongue contours, these methods



CHAPTER 3. ANALYZING ULTRASOUND IMAGES WITH GA(M)M S 82

make use of only a part of the information contained in ultrasound images. Fur-

thermore, ultrasound images can contain a lot of noise, which leads to uncertainty

about the exact position of the tongue surface. As a consequence, any analysis

done on an imputed tongue surface inherits the errors made by the tongue surface

tracker. Even when tongue tracking is accurate, it is often the case that the full

tongue contour cannot be traced. Because ultrasound pulses are blocked by air or

bones, ultrasound images often have big shadows around the tongue tip and the

tongue root, rendering these invisible. As a result, the parts of the tongue contour

that are visible can differ in length. To deal with such different lengths, normaliza-

tion is usually carried out (Heyne et al., 2019; Liljencrants, 1971; Slud et al., 2002;

Stone et al., 1992; Stone et al., 1997; Strycharczuk & Scobbie, 2016). For exam-

ple, shorter tongue contours can be stretched to match the longest tongue contour

(Slud et al., 2002). However, stretching comes with the risk of comparing different

parts of the tongue surface. For example, when the tongue tip is raised for articu-

lating a /t/, a large part of the tongue tip becomes invisible. In contrast, when the

tongue tip is in rest with no air pocket underneath it, as when producing an /a/,

more of the tongue tip is visible. When these two tongue surfaces are compared

after normalization, not taking into account how much of the tongue tip is hidden

by the mandible shadow, will lead to equation of the front part of the tongue tip

with the rear part of the tongue tip or even the tongue blade.

This issue can be mitigated by including information provided by other sources

than the tongue contour such as the hyoid shadow. To include more information

than the tongue contour, Palo et al. (2014) introduced the Pixel Difference (PD)

method. This method calculates mean Euclidean distances across all the pixels

between frames (Palo, 2019, 2020, 2021; Palo & Lulich, 2021; Palo et al., 2014),

making it suitable for tracing changes in ultrasound images over time. Using this

pixel difference method, Palo et al. (2014) reported that the initiation of articulation

can precede the onset of audible speech. A disadvantage of this method is that

it is dif�cult to establish where differences in pixel locations between ultrasound
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images are signi�cant.

Fortunately, the generalized additive model (GAM Wood, 2017) offers �ex-

ible statistical tools to model full ultrasound images and their development over

time. For the interpretation of full ultrasound images, it is necessary to have some

understanding of the anatomy of the tongue.

3.2.3 Tongue muscles

Anatomical descriptions of the tongue distinguish between intrinsic muscles, ex-

trinsic muscles, and neck muscles. In what follows, we discuss the sets of muscles

in further detail.

Intrinsic muscles

The inside of the tongue is made up of four muscles: the superior longitudinal

muscle, the inferior longitudinal muscle, the transverse muscle, and the vertical

muscle (Figure 3.1).

The superior longitudinal muscle extends from the middle line of the tongue

(the median septum) and stretches out to the edges of the tongue including the

tongue apex. This muscle is used to raise the tongue tip for alveolars and to curl

up for retro�ex consonants. In addition, by contracting the superior longitudinal

muscle, the tongue root can be slightly pushed out backward (Buchaillard et al.,

2009).

The inferior longitudinal muscle stretches from the hyoid bone and its sur-

roundings to the inferior part of the tongue tip. The hyoid bone is a small U-shape

bone located at the bottom of the tongue root. Since the inferior longitudinal mus-

cle is located in the inferior part of the tongue, its contraction causes the tongue

tip to be pulled downward and backward. This lowering action is required for the

release of tongue tip for stop consonants. In addition, by lowering and retracting

the tongue tip/blade, the tongue body can be bulged, which is required for articu-

lation of velar consonants (Epstein et al., 2002). The inferior longitudinal muscle
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also helps to shorten and stiffen the tongue, working together with the superior

longitudinal muscle.

The transverse muscle runs from the median septum of the tongue towards

the edges of the tongue. It is located below the superior longitudinal muscle. Its

function is mainly to narrow the tongue (Shaw & Martino, 2013). Narrowing the

tongue at the same time elongates the tongue. This elongation can be observed as

a small forward movement of the tongue tip and/or a small backward movement of

the tongue root (Buchaillard et al., 2009). As a consequence, the transverse muscle

is involved in the articulation of front vowels and consonants (Epstein et al., 2002).

The vertical muscle stretches down from below the superior longitudinal mus-

cle to the inferior longitudinal muscle. Its vertical �bers are interlaced with the

transverse �bers of the transverse muscle. By contracting, the vertical muscle �at-

tens and widens the tongue. Flattening and widening cause the tongue to approach

and contact the (hard) palate, which is required for high front vowels and alveolar

stops (Epstein et al., 2002).

Figure 3.1: Schematic image of intrinsic muscles.

Extrinsic muscles

The intrinsic muscles make up the top part of the tongue. This top part of the tongue

is supported externally by several other muscles, the so-called extrinsic muscles.

There are four extrinsic muscles: the genioglossus, the hyoglossus, the styloglos-

sus, and the palatoglossus (Figure 3.2). The names of these muscles indicate where
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these muscles originate.

The genioglossus (genio-, “chin”, -glossus, “tongue”) makes up the main part

of the inner tongue. This muscle extends from the superior mental spine, which is

located in the center of the mandible (jaw), to the dorsum of the tongue and also

to the hyoid bone. This muscle extends in a fan-shaped way to the entire surface

of the tongue, including the tongue root. This versatile muscle is a major player

in articulation. The anterior part of the genioglossus extends to the tongue tip.

Its contraction pulls the tongue tip downward and backward. This also causes the

tongue root to be slightly pushed out backward (Buchaillard et al., 2009). The

movement of the tongue tip is involved in the release action of alveolar stop conso-

nants. Important for the interpretation of ultrasound images is that contraction of

the anterior genioglossus elevates the hyoid bone (Epstein et al., 2002). The me-

dial genioglossus is involved in lowering the tongue body, which also causes the

tongue tip to be pushed out, and slightly up (Buchaillard et al., 2009). The poste-

rior genioglossus muscle extends all the way to the tongue root. When contracting,

it pulls the tongue root forward. This in turn causes the upper part of the tongue

to be pushed up and forward, resulting in raising of the tongue tip and the tongue

blade (Buchaillard et al., 2009). Thus, the posterior genioglossus is also involved

in the articulation for many sounds made in the front of the mouth (Epstein et al.,

2002).

Both sides of the tongue are supported by the hyoglossus, which connects the

hyoid bone (hyo-) and the tongue (-glossus). The hyoid bone is located in the

tongue root. Contraction of the hyoglossus pulls the tongue root backward and the

tongue body downward (Buchaillard et al., 2009). While the main functions of the

hyoglossus are lowering and retraction of the tongue, it also balances the forward

movement of the whole tongue controlled in part by the posterior genioglossus. For

front vowels and back vowels, the hyoglossus acts as antagonist1 to the styloglossus

(Epstein et al., 2002). The styloglossus lifts up the back of the tongue, whereas the

1Antagonist muscles are muscles that exert a force opposite to that of primary, agonist muscles.
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hyoglossus muscle antagonistically helps to control the position of the tongue back

by pulling it down and retracting it at the same time.

The styloglossus is a muscle that attaches to the back part of the tongue and to

the temporal styloid process. The temporal styloid process is a small cylindrical

bone located right beneath the ears. Contraction of the styloglossus elevates and

retracts the tongue body. The styloglossus is essential for articulation of most back

vowels (Epstein et al., 2002). In addition, the styloglossus pulls the tongue tip

downward and backward, probably as a mechanical consequence of tongue body

elevation and retraction (Buchaillard et al., 2009).

Elevation of the tongue body by the styloglossus is further supported by the

palatoglossus. The palatoglossus is a muscle connecting the end of the hard

palate with the side of the back of the tongue. Together with the styloglossus, the

palatoglossus contributes raising and buldging the tongue body (Shaw & Martino,

2013). This muscle is required for velar consonants (Epstein et al., 2002).

Figure 3.2: Schematic image of extrinsic and neck muscles.

3.2.4 Neck muscles

In addition to the extrinsic and intrinsic muscles for the tongue, ultrasound cap-

tures two additional muscles: the mylohyoid and the geniohyoid (Figure 3.2). The

mylohyoid is the lowest muscle in the mouth and connects the inner lowest part of
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the mandible bone and the hyoid bone. It is often described as the �oor muscle of

the mouth. Its contraction pulls the hyoid bone forward and upward (Epstein et al.,

2002; Shaw & Martino, 2013). At the same time, the �oor of the mouth is elevated

when the mylohyoid contacts, causing elevation of the tongue body (Buchaillard

et al., 2009). The mylohyoid contributes to the articulation of velars and high back

vowels. (Epstein et al., 2002). During ultrasound registration, the transducer is

placed below the chin and hence is directly next to the mylohyoid.

The geniohyoid is located directly above the mylohyoid and connects the lower

central part of the mandible with the hyoid bone. This muscle is more tubular in

shape, whereas the mylohyoid is a fan-shaped muscle. The geniohyoid pulls the

hyoid bone forward and upward when it contracts, similarly to the mylohyoid mus-

cle (Buchaillard et al., 2009; Shaw & Martino, 2013), leading to a slight elevation

of the tongue (Epstein et al., 2002).

3.2.5 Muscles in the midsagittal ultrasound image

Muscles are usually hypoechoic, showing up as relatively darker pixels in ultra-

sound images (Carra et al., 2014; Reimers et al., 1993). For example, the ge-

nioglossus, which constitutes a large part of the inside of the tongue, shows up

as the dark area marked with “A” in Figure 3.3. The tongue surface, by contrast,

shows up as the bright curve marked with “B”. (In Figure 3.3 and all the images

in the present study, the front of the mouth is to the right of the image.) The my-

lohyoid and geniohyoid are also visible as dark patches in the image (marked with

“C”). Above and slightly to the left of the mylohyoid and geniohyoid, a moderately

bright area close to the tongue root is visible (“D”). This area re�ects the tongue

fat, which is found predominantly in the tongue root (Kim et al., 2014; S. H. Wang

et al., 2020). Above the mylohyoid and geniohyoid, slightly to the right, another

bright area is located (“E”). It represents the tendon of the genioglossus (Wrench

& Balch-Tomes, 2022; Wrench & Beck, 2022). Above the tendon is yet another

bright area (i.e., “F”), which appears in ultrasound images when there is an air
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pocket underneath the tongue tip.

A typical midsagittal ultrasound image usually contains two dark black big

shadows at both sides of the image. The one located near the front of the

mouth (“G”) is called the mandible shadow, as it is a shadow created by the

jaw (mandible). The dark area next to the tongue back is known as the hyoid

shadow (“H”), which is created by the hyoid bone (“I”).

Figure 3.3: An example of an ultrasound image. A: genioglossus, B: tongue surface
contour, C: mylohyoid and geniohyoid, D: Tongue fat, E: Tendon of genioglossus,
F: Air pocket under the tongue tip, G: mandible shadow, H: hyoid shadow, I: hyoid
bone.

3.2.6 Basic physics of ultrasound imaging

Ultrasound imaging is widely used in medical applications for creating images of

internal organs. A sound emitting device known as the transducer sends out high

frequency sound waves that cannot be perceived by the human ear. The trans-

ducer not only emits, but also receives ultrasound waves. The device operates

with pulses, �rst emitting sound waves and then receiving their re�ections. For the

tongue recording, the transducer is usually placed under the chin.

Ultrasound pulses, emitted from the transducer, travel through the tongue and

re�ect at borders of substances with different acoustic impedances. The greater

the differences in acoustic impedances are, the more of the ultrasound pulse is

re�ected back. Acoustic impedances are similar among different kinds of tissues,

bones have greater acoustic impedances, and air has substantially reduced acoustic
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impedances. Because of these differences in acoustic impedances, more than 99%

of ultrasound pulses re�ect at the border between the tongue and the air above the

tongue. At the border of human tissue and bone, about 59% of ultrasound pulses

re�ect. Between different kinds of human tissues, very little of ultrasound pulses

is re�ected back.

Areas above air pockets and areas above bones show up as black shadows in

ultrasound images. As the tongue tip often has an air pocket underneath it, it is

often shadowed and invisible. Furthermore, part of the tongue root tends to be

shadowed by the hyoid bone.

Ultrasound pulses are also attenuated by scattering when pulses encounter

small targets or rough surfaces. Scattered ultrasound pulses appear as �ickering

white dots all over an ultrasound image. These dots are mostly at random locations

in the image. However, certain constellations of irregularities in the tongue may

give rise to artefacts. For example, an ultrasound pulse can re�ect at one border

and then, instead of being re�ected straight back, it might vear off in a different

direction, and then bounce straight back and then return to the transducer. The

time required to travel back is now longer, which leads to the transducer to im-

pute a location that is farther away than the actual border where the pulse was �rst

re�ected. In this case, the transducer mistakenly assumes that the received pulse

travelled along a straight path and back again. As a consequence, a bright pixel is

depicted in a wrong position. Such an artefact is known as a mirror-image artefact.

Another example of an image artefact is the reverberation artefact. This artefact

can occur when relatively strong echos are created by a large smooth surface. The

ultrasound pulse, re�ected at such a surface, comes back to the transducer, where it

can be re�ected back again, resulting in a second wave that travels along the same

path as the initial pulse. As such a second wave will arrive back at the transducer

at a later point in time, it will be interpreted as being located at twice the actual

distance. These kinds of artefacts lead to bright pixels far above the tongue surface.

Without these artefacts, the area above the tongue border would be completely
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black.

3.3 Modelling pixel brightness with GAMs

The Generalized Additive Model (GAM) is a �exible statistical tool for modeling

a response variable as a non-linear function of one or more predictor variables. In

the following example, the response is modeled with a general interceptb0 and a

smooth with two covariates,x1 andx2. ŷ = b0 + f (x1;x2) + e: When the smooth

function f has a single argument, a wiggly curve is predicted. When it has two

arguments, a wiggly surface is predicted. When there are more than two predic-

tors, the result is a wiggly hypersurface. Smooths with longitude and latitude as

predictors are widely used in biology (e.g., the density of sole eggs of the coast

of Devon and Cornwall (Wood, 2017)) and dialectometry (Wieling et al., 2011).

Applications are also found in linguistics (Baayen et al., 2010; Nieder, 2023) and

psychology (Baayen et al., 2017; van Rij et al., 2019).

As ultrasound images are fully described by rectangular matrices with pixel

brightness values, two-dimensional spline smooths can be applied to these matrices

with as predictors the x and y coordinates, and pixel brightness as the response

variable. In this study, we make use of tensor product splines, as these splines are

ideal for models that separate out main effects and interactions.

Modeling with GAMs can be understood as an extension of the line of research

using splines on the tongue contour (Davidson, 2006), and also as part of a line of

research attempting to include as much information as possible from an ultrasound

image (Palo, 2019, 2020, 2021).

In the following sections, we will show how GAMs can be used for analysing

single ultrasound frames (Section 3.3.1), for comparing multiple ultrasound images

(Section 3.3.2), and for predicting ultrasound images with an additional covariate

such as time (Section 3.3.3). How speaker differences can be handled is discussed

in Section 3.3.4.
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3.3.1 Representing a single ultrasound image

A single frame of an ultrasound image is usually displayed in a fan-shape fashion

as shown in Figure 3.4. This fan-shape picture, however, is the result of a geo-

metric transformation with interpolation. Ultrasound pulses are emitted from the

transducer and travel along their own “corridors” or ultrasound beams. Since these

ultrasound beams spread from the transducer in a fan-shape fashion, ultrasound

beams are more sparse as they get farther from the transducer and hence more

interpolation is needed to reconstruct a fan-shaped picture.

Figure 3.4: An example of an fan-shaped ultrasound image of German /a:/ inihr
zahlt.

The data that are collected by the transducer for a given image is brought to-

gether in a single vector of unsigned integers that represent pixel brightness. This

vector can be split into the sub-vectors representing the ultrasound scan lines, and

these vectors can then be stored as the column vectors of a matrix representing the

raw ultrasound image. An example of such an image is presented in Figure 3.5a.

Figure 3.5b is the same ultrasound image, but stretched horizontally for better vis-

ibility.

The raw ultrasound image is a simple square grayscale image. In grayscale

images, pixel brightness is represented by unsigned integers ranging from 0 to

255. Therefore, pixel brightness can be modelled with a tensor product smooth

using the x- and y-coordinates as predictors.

The simplest GAM model for a single ultrasound image (using the notation of

the mgcv package (Wood, 2017) for R (R Core Team, 2022)) speci�es a tensor
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(a) Raw ultrasound image. (b) Raw ultrasound image resized to a square.

Figure 3.5: Examples of a raw ultrasound image corresponding to Figure 3.4 (left)
and the same �gure but stretched horizontally for better visibility (right).

product smooth.

brightness ~ te(x,y)

In this speci�cation, an intercept is automatically included during model �tting. A

tensor product smooth can also be split into main effects and an interaction term,

modeled with theti directive, as follows:

brightness ~ s(x) + s(y) + ti(x,y)

Here,s(x) represents a thin plate regression spline smooth forx.

The wiggliness of spline curves and tensor product smooths is controlled by

the number of basis functions used to construct the smooths. The number of basis

functions is speci�ed inmgcvby an optional argumentk. Greater values ofk enable

more precise modeling of nonlinear trends. The default ofk is not theoretically

motivated, and the analyst has to make sure thatk is set to a value that is large

enough for adequate modeling. For a givenk, the GAM algorithm penalizes the

coef�cients of the basis functions in order to optimally balance oversmoothing and

undersmoothing.
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For ultrasound images, which are characterized by sudden changes in bright-

ness, we use 20 basis functions for both coordinates, and set to 20 for both dimen-

sions (k=c(20,20) ):

brightness ~ te(x, y, k=c(20,20))

When the raw ultrasound image shown in Figure 3.5a is �tted with this model, the

�tted surface presented in Figure 3.6 is obtained. In this �gure, the front of the

mouth is to the right, following standard conventions for raw ultrasound images.

Warmer colors represent higher pixel brightness values. The axes cover the same

ranges of values as in Figure 3.5a, but the axis are rescaled for better interpretabil-

ity.

Figure 3.6: The �tted surface for Figure 3.5a.

Figure 3.6 is the �tted surface for a raw ultrasound image. It has to be trans-

formed to the usual fan-shape with interpolation in order to correctly represent the

tongue shape. This can be achieved with the same geometric transformation and

interpolation method that was used above to transform a raw ultrasound image into

its corresponding fan-shape image:

Figure 3.7 corresponds to 3.4. The bright wedge-shape curve in the center

of the �gure represents the tongue contour. The yellow-colored areas above the

tongue surface are artefacts, that arise for the reasons discussed in the preceding

section.
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Figure 3.7: The �tted surface for Figure 3.5a, transformed to the fan-shape.

Below the tongue surface, there are some areas that are unlikely to be artifacts.

First, below the tongue tip, is a small red area that highlights a pocket of air below

the tongue tip. The bright area at the bottom of the GAM contour plot represents

the fat and skin below the mylohyoid and the geniohyoid. Between the bright area

in the bottom and the tongue contour is another moderately bright and relatively

large area slightly to the left in the contour plot. This area represents tongue fat

that is located more towards the tongue root.

In Figure 3.7, there are two big shadows to the left and the right of the image.

The one to the left of the image, the hyoid shadow, is created by the hyoid bone

located in the tongue root. The shadow to the right of the image is created by the

mandible (jaw) bone.

The visualization of the tensor product smooth in Figure 3.7 clearly reveals

where the tongue surface is located. Furthermore, the tongue surface is clearly

separated from the pocket of air below the tongue tip. Unlike a widely used method

for tracking the tongue surface (EdgeTrak: M. Li et al., 2005) which requires pre-

processing of images by the analyst, the GAM provides a clear regression surface

that does not require prior selection of regions of interest.

In practice, the analyst will be interested in comparisons between ultrasound

images, and speci�cally in differences between locations of the tongue surfaces as

a function of experimental treatments. The next subsection explains how GAMs

can be used to address these questions.
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3.3.2 Comparing two ultrasound images

Before introducing the construction of spline surfaces that directly represent differ-

ences, we �rst need to introduce how to model interactions of x- and y-coordinates

with a factorial predictor. Consider, for instance, two images of the tongue at the

center of a vowel, as realized in German verbs, that differ only with respect to

their morphological structure: the third person singular and the �rst/third plural

(zahlt, `he/she/it pays' vs.zahlen, `we/they pay'). We would like the GAM to �t

two brightness surfaces, one for the vowel [a:] of zahltand one for that ofzahlen.

The analyst can request a separate regression surface for each of the levels of the

factorial predictormorphology, using theby directive in the call togam:

brightness ~ morphology +

te(x, y, k = c(20, 20), by = morphology)

Note that the factorial predictormorphology is included also as a main effect in

the above formula. Its inclusion ensures that a possible difference in the means of

the two surfaces is taken into account. In the case of ultrasound images, differences

in means represent overall shifts of brightness across ultrasound images. For ex-

ample, the ultrasound image forzahlt (Figure 3.8a) appears to be slightly brighter

overall, compared to that forzahlen(Figure 3.8c), possibly due to changes within

the tongue giving rise to different scattering of ultrasound beams. As indicated in

Table 3.1,morphology has an estimated coef�cient of 13.959, indicating that the

ultrasound image forzahlt is brighter by about 14 brightness values (which range

between 0 and 255) on average than that forzahlen.

In Figure 3.8, the left two panels present the ultrasound images forzahlt (top)

andzahlen(bottom). The smooths to the right of these grayscale images present the

�tted surfaces that are estimated by the GAM. The �tted surfaces, by their nature,

include the intercept and the adjustments to the intercept that come with the main

effect ofmorphology. The �tted surfaces are therefore directly comparable with

the raw ultrasound images to their left.
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(a) Input,zahlt (b) Prediction,zahlt

(c) Input,zahlen (d) Prediction,zahlen

(e) Predicted differences

(f) Predicted differences with insigni�cant
differences being blank

Figure 3.8: Input (left) and predicted (right) ultrasound images for the stem vowel
(i.e., [a:]) of zahlt [tsa:lt] (top) andzahlen[tsa:l@n] (second row). The �gure in
the third row represents the differences between the predicted images ofzahltand
zahlen. The �gure in the bottom row is the predicted differences with insigni�cant
differences between the two conditions being blank. The areas that are marked
by `A' show that there are differences in positions of the hyoid shadow between
zahlenandzahlt. `B' indicates that there is no difference between the conditions.
`C' suggests that the tongue body positions are slightly different with the tongue
body forzahlenbeing slightly higher.
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Table 3.1: The summary of the model implementing two surfaces for the two mor-
phological conditions.

A. Parametric terms Estimate Std.Errort-value p-value

Intercept 61.296 0.109 563.080< 0.001
morphology=zahlt 13.959 0.154 90.736< 0.001

B. Smooth terms edf Ref.df F-value p-value

te(x, y):morphology=zahlen 386.166 397.845 433.559< 0.001
te(x, y):morphology=zahlt 382.264 396.998 577.649< 0.001

The red curved areas in the middle of the �tted surfaces, seen in Figures 3.8b

and 3.8d, correspond to the bright (white) curves seen in their corresponding raw

ultrasound images (i.e., Figures 3.8a and 3.8c), which represent the tongue surface.

The estimated tongue surfaces look wider in the �tted ultrasound images than in

the observed ultrasound images. One reason is that the tongue surface in the �t-

ted surfaces re�ect uncertainty about the location of the tongue surface. Another

reason is that GAMs work with smooths that need to be differentiable and hence

cannot deal with abrupt discontinuities, such as a transition from completely black

to completely white.

In general, summaries of GAM models provide the analyst with information

about the signi�cance of partial effects. For the present model, all the terms are

signi�cant, including the parametric termmorphology and two surfaces created as

a function of x- and y-coordinates for each level ofmorphology (Table 3.1). The

tests for the two smooth surfaces are not very revealing, because there are obvious

differences in pixel brightness all over the image, and many of such differences are

devoid of theoretical interest. What is more useful to the analyst is a surface that is

informative about where two images differ, and whether the observed differences

are present in areas that are of interest, such as the tongue surface.

For comparing differences between two levels of a categorical variable, there

are two possibilities, regarding how to treat overall shifts in brightness between

conditions. For the current model, the parametric term is signi�cant (Table 3.1)
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and indicates that there is a signi�cant overall shift in brightness between the two

images being compared. Such an overall shift in brightness between conditions

may be systematic and informative, but it may also be basically random and of no

theoretical interest. If such an overall shift in brightness is not of theoretical interest

and assumed to be random, then the response variable (i.e., brightness values of

pixels) can be centered and scaled before �tting a GAM model. This procedure

will eliminate an mean difference between conditions (e.g.,morphology). Since

the mean difference is taken away beforehand, no parametric term is necessary in

this case to code for different conditions.

While no parametric term is necessary, the analyst still has to set up the model

in such away that it captures two input ultrasound images properly while bringing

out the differences between them. For this goal, the analysis �rst needs to set up a

reference surface, for instance, the surface forzahlen. This surface will be wrong

for the other level,zahlt. Therefore, the GAM model will need to add a surface

that changes the reference surface forzahleninto the correct surface forzahlt. This

`correcting surface' is the difference surface. To this end, the categorical variable

of interest, heremorphology, must be explicitly coded as a numeric binary variable

morphology_num, with 0 corresponding to the reference level ofmorphology (i.e.,

zahlen) and 1 to the treatment level (i.e.,zahlt). Denoting centered brightness by

c.brightness , a GAM model can now be estimated as follows:

c.brightness ~ te(x, y, k = c(20, 20)) +

te(x, y, k = c(20, 20), by = morphology_num)

The summary of this model is presented in Table 3.2.

The �rst tensor product smooth (i.e.,te(x, y, k = c(20, 20)) ) �ts a regres-

sion surface for the reference level ofmorphology_num(i.e., zahlen ). The sec-

ond tensor smooth (i.e.,te(x, y, k = c(20, 20), by = morphology_num) )

�ts the difference surface. When this difference surface is added to the reference

surface, the surface forzahlt is obtained.
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Table 3.2: The summary of the model implementing a difference surface for the
morphological conditions.

A. Parametric terms Estimate Std.Errort-value p-value

Intercept 0.008 0.002 4.746< 0.001

B. Smooth terms edf Ref.df F-value p-value

te(x, y) 387.501 397.525 489.350< 0.001
te(x, y):morphology_num=1 379.062 396.096 64.221< 0.001

Note that the �rst tensor product smooth (i.e., the reference surface) does not

have theby option, while the second tensor product smooth (i.e., the difference

surface) does. Because the reference surface does not have theby option, it is

always “on”, regardless of the levels of themorphology_num. In contrast, the

difference surface is speci�ed with aby-directive. Whenby points to 0, the smooth

is pre-multiplied with 0, and thus effectively cancelled. As a consequence, a `zero-

difference smooth' is added to the smooth for the data points of the reference level.

Whenby points to 1, the second (difference) smooth is multiplied with 1, and hence

retained. Thus, when the treatment level (i.e.,zahlt ) is estimated, the �rst and

second tensor terms are both used. The regression surface forzahlt is obtained

by taking the regression surface for the reference level (zahlen ) and adding to this

the difference surface for the treatment levelzahlt .

This model does not need to include the parametric term formorphology or

morphology_num, since the dependent variable is centered and scaled prior to �t-

ting the model (i.e.,c.brightness ), eliminating mean differences between con-

ditions effectively. This pre-processing is based on the assumption that any mean

difference between conditions should be at random and not of any theoretical in-

terest.

In contrast, if one wishes not to have such an a priori assumption about overall

differences in brightness, the parametric term can be brought back to the formula

without centering and scaling the response variable (i.e.,brightness ):

brightness ~ morphology_num +
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te(x, y, k = c(20, 20)) +

te(x, y, k = c(20, 20), by = morphology_num)

This model with the parametric term provides a signi�cantly better model �t than

the model without the parametric term for the current dataset (DAIC = 8782:41;

DML = 4441:324; c 2(1) = 4441:324; p < 0:001). This difference in model �t is

likely due to the fact that, in the model without the parametric term, the overall shift

in brightness had to be absorbed by the difference smooth by itself. This smooth

does not include a `horizontal' basis function (which for identi�ability reasons is

merged into the intercept). As a consequence, more basis functions are required,

leading to a higher AIC.2(Baayen & Linke, 2020). On the other hand, the overall

shift in brightness was taken into account by the parametric term in the model with

the parametric term. In other words, the task of estimating differences between sur-

faces of different conditions is more dif�cult for the model without the parametric

term than for the model with the parametric term.

The signi�cance of the difference surface in the summary table (Table 3.3)

clari�es that the two regression surfaces differ signi�cantly. The difference surface

is visualized in Figure 3.8e. The difference surface is colored in such a way that

warmer colors represent brighter pixels in thezahlt condition than in thezahlen

condition.

In the center left of the difference surface there are a deep red area and a dark

blue area next to each other (marked “A”). They together indicate that the position

of the hyoid shadow is different between the two conditions. In the case ofzahlen,

the hyoid shadow is located more towards the center.

It is noteworthy that this movement of the hyoid shadow is not due to rotation

of the transducer. This can be deduced from the mandible shadow, which hardly

2The �rst basis function is usually not included in a GAM model due to the identi�ability prob-
lem. If a smooth term also has its own intercept (represented by the �rst basis function) in addition to
the “grand” intercept, then the coef�cient for this intercept can be increased bya, and the grand in-
tercept can be decreased bya, without changing model predictions. In this case, unfortunately, there
will be in�nitely many models that are identical in model performance, and it will not be possible to
determine which model to choose.
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Table 3.3: The summary of the model implementing a difference surface with the
parametric term for the morphological conditions.

A. Parametric terms Estimate Std.Errort-value p-value

Intercept 61.660 0.107 577.555< 0.001
morphology_num=1 15.118 0.151 100.266< 0.001

B. Smooth terms edf Ref.df F-value p-value

te(x, y) 386.072 397.229 433.889< 0.001
te(x, y):morphology_num=1 378.688 395.946 69.420< 0.001

changes between the two conditions: There are no systematic differences in pixel

brightness at the right-hand side of the difference surface (marked “B”). If the

movement of the hyoid shadow were mainly due to rotation of the transducer, the

mandible shadow should also have moved to the same degree as the hyoid shadow,

contrary to fact. Since the mandible shadow is �xed and the hyoid shadow is

fronted, the areas “A” and “B” together indicate contraction of the mylohyoid, the

geniohyoid, and possibly also the posterior genioglossus. By contracting, these

muscles bring the hyoid bone forward and upward, squeezing the bottom of the

tongue, and resulting in raising of the tongue body.

The green and red areas highlighted by “C” represent the differences in tongue

surface positions of the posterior part of the tongue. The red area shows where the

ultrasound image is brighter forzahlt. The green area above it indicates where the

ultrasound image is brighter forzahlen. Thus, the difference surface shows that the

position of the posterior part of the tongue surface is slightly pushed up forzahlen,

compared tozahlt. Furthermore, the rightward shift of the hyoid shadow indicates

that the tongue root is more fronted, so that the tongue is also more bulged for

zahlen, compared tozahlt.

The difference surface simply shows what differences exist where. Since this

difference surface is a predicted regression surface, it comes with its own con�-

dence intervals. When the con�dence interval of a difference surface contains 0,

then there is no signi�cant difference between conditions. However, the �tted val-
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ues and the con�dence intervals of the difference surface should be taken with cau-

tion in this setting, due to the presence of the parametric term formorphology (i.e.,

morphology_num). Such a parametric term indicates that one surface is higher or

lower than the otheron average. However, for regions where there is no difference

between the two conditions, as is the case for the mandible shadow, the difference

smooth is forced to compensate for the mean difference, resulting in negative val-

ues around -15 for the difference surface in the current dataset. In this way, the

predicted values for the regression surfaces for bothzahlt andzahlen will be

zero.

The drawback of all this is that the difference surface will be signi�cantly be-

low zero for the mandible shadow, even though the two surfaces have zero bright-

ness and are not different at all. To avoid this problem, one option is to add the

parametric term to the difference surface, and then consider whether the con�dence

interval of this shifted surface contains zero. Figure 3.8f was produced following

this procedure. Areas for which the con�dence interval includes zero are repre-

sented in white.

A disadvantage of this procedure is that addition of the parametric term may

introduce a signi�cant `main effect' difference for other areas even when brightness

values for the two surfaces are very similar. As a consequence, interpretation of

the difference surface becomes more complex.

An alternative is to focus on the �tted surfaces and their 95% con�dence inter-

vals. In general, non-overlapping of con�dence intervals is a strong indication of

a signi�cance difference, while overlapping does not necessarily suggest insignif-

icance (Cornell Statistical Consulting Unit, 2020). We therefore implemented a

fairly conservative assessment of the difference surface, accepting regions as sig-

ni�cantly different only when the 95% con�dence intervals of the two predicted

regression surfaces do not overlap. In plots visualizing the difference surface in the

following sections, all areas where 95% con�dence intervals overlap are displayed

in white.
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Figure 3.9 presents the two difference surfaces, so that the results of the two

methods can be compared. The left panel presents the same difference surface as

shown in Figure 3.8f, the only difference being that now differences were evaluated

by the con�dence intervals at a signi�cance level of 0.001, instead of 0.05. The

right panel presents the difference surface with whitening wherever the con�dence

intervals of the two �tted surfaces overlap (a = 0:05). Figure 3.9 shows that the

two methods provide very similar results.

(a) By the CIs of the difference surface plus
the intercept.

(b) By overlaps of CIs of the two surface un-
der comparison.

Figure 3.9: Visualization of the estimated difference surface with non-signi�cant
areas being blank, evaluated by the intersection of the CIs of the shifted difference
surface with 0 at thea = 0:001 level (left) and by overlaps of the CIs of the two
surfaces under comparison at thea = 0:05 level (right).

As was the case for the evaluation method by the con�dence intervals of the

difference surface, this method focusing on overlaps of �tted surfaces also show

that the differences due to the movement of the hyoid bone are well supported, as

well as the small difference in tongue body position. In addition, similarly to the

method of the difference surface (Figure 3.9a), the evaluation based on overlaps of

con�dence intervals (Figure 3.9b) also shows several orange areas above the tongue

surface, for which the method reports medium differences in brightness. These

differences are not of theoretical interest as they most likely re�ect the differences

in the extent to which ultrasound beams were scattered.

Ideally, one would want to compare surfaces from the same model. However,

due to the large number of data points in ultrasound images, in the case study we
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report below, we �tted separate models and evaluated similarities and differences

by comparing the absence of overlap between con�dence intervals as a guide to

areas of interest.

3.3.3 Including covariates as predictors

In the previous subsection, we included a categorical variable (i.e.,morphology),

using theby directive. A continuous variable such astime can also be included,

for instance, using a three-dimensional tensor product smooth.

brightness ~ te(x, y, time)

When multiple consecutive frames are analyzed, bright pixels at one frame

tend to be still bright at the next frame. This autocorrelation should be taken into

consideration when time course data is analyzed. It can be achieved by including

an AR1 process for the errors (Wood, 2017), according to which the current error

at timet is a proportion of the error at timet � 1 plus gaussian noise.

As an example, ultrasound images of the stem vowel ofzahlt ([tsa:lt]) were

�tted with the three-way tensor product smooth and AR1 process withr � 0:372.

For visualization, �ve frames were selected at the quartiles, i.e., 0%, 25%, 50%,

75%, and 100% into the vowel.

Figure 3.10 shows the resulting �ve �tted surfaces together with the corre-

sponding ultrasound images. Going from top to bottom, the raising of the tongue

tip is clearly visible, as well as the �attening of the tongue surface, suggesting

contraction of the medial genioglossus. The raising of the tongue tip re�ects antic-

ipatory coarticulation with the upcoming alveolar consonants ([-lt]), and is likely

due to be supported by the superior longitudinal muscle.

In addition, it is worth noting that the hyoid shadow is fully visible in the top

panels, but has shifted somewhat to the left by the time the center of the vowel is

reached. The initial elevation and advancement of the hyoid bone, that result in a

rightward shifted hyoid shadow, are likely due to the contraction of the mylohyoid
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Figure 3.10: Development of the tongue shape during [a:] in zahlt [tsa:lt] from the
onset (top) to the offset (bottom).
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and the geniohyoid muscles (Epstein et al., 2002). In the top two frames of Figure

3.10, the contraction of these two muscles results in elevation of the �oor of the

mouth and contribute to the bulging of the tongue body. Thus, the upper panels

present the initial con�guration of the tongue for the vowel, although it cannot be

ruled out that there is some co-articulation with the preceding segments.

Another covariate can be included in the same way astime was included

above. For example, it has been known that duration and frequency can both affect

movements of the tongue (Dinkin, 2008; Kelso et al., 1985; Kuehn & Moll, 1976;

Lin et al., 2011; Tomaschek, Arnold, et al., 2018; Tomaschek, Tucker, et al., 2018;

Tomaschek et al., 2021). In order to includeduration andfrequency as covari-

ates, one might want to simply set up separate tensor product smooths for each of

the covariates as below:

brightness ~ te(x,y, duration) + te(x,y, freq)

However, this speci�cation is not correct, because the two terms are compet-

ing in part for the same variance. What we need is a completely decompositional

model, in which main effects and interactions are carefully distinguished. Inter-

actions of two or more numeric variables have to be �tted with theti directive,

rather than thete directive. Theti terms are appropriate for functional ANOVA

decomposition and provide interaction (hyper)surfaces from which the main ef-

fects have been excluded. In the following model, the main effects are speci�ed

�rst, followed by all pairwise interactions and the two three-way interactions of

interest between the x- and y-coordinates and the two additional covariates.

brightness ~ s(x) + s(y) + s(dur) + s(freq) +

ti(x,y) + ti(x,dur) + ti(x,freq) +

ti(y,dur) + ti(y,freq) +

ti(x,y,dur) + ti(x,y,freq)

A main effect term such ass(freq) speci�es how pixel brightness varies with

frequency, irrespective of position in the image. An interaction term such asti(x,
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freq) allows the effect of frequency to vary in the direction of the x-axis, re-

gardless of the y-axis position. A three-way interaction such asti(x,y,freq)

captures changes in brightness by frequency in the x-y plane that are not captured

by the main effects and lower order interactions. Thanks to this ANOVA decom-

position, it is possible to include multiple covariates and their interactions with the

x and y coordinates.

In this subsection, we have sketched how convariates such astime can be

brought into a GAM model. The next subject shows how differences between

speakers can be taken into account.

3.3.4 Speaker as random effect

GAMs can include random-effect factors. However, for ultrasound data, by-

speaker random intercepts only allow for differences in overall pixel brightness.

But what we are interested in is speaker-speci�c modulations of the regression sur-

face. To capture different degrees and patterns of wiggliness for different speakers,

we can request the GAM algorithm to allow each level of speaker to have its own

wiggly curve. As there are many different speakers, it may be desirable to treat

speaker as a random effect factor. In the context of GAMs, this means we assume

that the amount of wiggliness in the speaker-speci�c partial effects is roughly the

same. Wiggly random effects are requested by setting thebs option to the value

�fs� (i.e., factor smooth):

brightness ~ te(x, y) + te(x, y, speaker, bs = "fs")

In this model speci�cation, the �rst tensor product corresponds to the predicted

surface (i.e., predicted ultrasound image) that is common to all speakers.

For demonstration, we focused on the production of the stem vowel [a:] of ihr

zahlt [I5 tsa:lt] by two speakers. Different speakers usually have different sizes of

the oral cavity and the tongue. To normalize these differences, we took the fol-

lowing four points as reference point for cropping the images prior to analysis: (a)
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the border of the tongue contour line and the hyoid shadow, (b) the border of the

tongue contour line and the mandible shadow, (c) the highest tongue point during

articulating [k], (d) the border of the skin and the mylo/genio-hyoid muscles. We

considered the articulation of [k] to estimate the position of the palate, because [k]

constantly showed higher tongue constriction points than [t]. This cropping pro-

cedure normalizes different sizes of the oral cavity across speakers, with the left

and right edges of the image corresponding to the hyoid shadow and the mandible

shadow respectively, and with the top and bottom of the image corresponding to

the palate and the mylo-/genio-hyoid respectively. These cropping points are illus-

trated in Figure 3.11.

Figure 3.11: Example of the selection of the area to be included in analyses with
multiple speakers, which requires normalization for different sizes of the oral cav-
ity.

The �rst two �gures in Figure 3.12 are the cropped ultrasound images of the

two speakers. The tongue position of Speaker 1 is slightly more fronted than that

of Speaker 2. In addition, the tongue tip is also higher for Speaker 1. These two

�gures were provided as input to a GAMM with the model speci�cation presented

above.

The partial effect of the main tensor product is shown in Figure 3.12d. This

main tensor product captures the average of the ultrasound surfaces of the two

speakers. When the average of the raw ultrasound images is computed (see the

third panel on the top row), we obtain a surface that is very similar to the partial

effect of the main tensor product. The lower right panel presents the predicted sur-
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(a) Speaker 1 (b) Speaker 2 (c) Average

(d) By a factor smooth (e) By averaging images

Figure 3.12: Ultrasound images at the middle of [a:] in ihr zahlt from two speakers
(a,b), the averaged image between the two (c), and predicted ultrasound images by
a factor smooth (d) and by averaging images in prior to �tting a GAM.

face of a GAM �tted to the average of the two ultrasound images. As expected, the

two predicted surfaces are very similar. Because main effect tensor smooths pro-

vide central tendencies across different speakers, areas that are consistently bright

across all speakers will show up with high predicted brightness values, whereas

areas where speakers are highly variable, brightness values will be reduced. In

Figure 3.12d, the position of the tongue middle/body shows up with shades of red,

as for both speakers, this part of the tongue is in a very similar position. However,

the position of the back/root of the tongue differs for the two speakers, and accord-

ingly this part of the tongue is represented by lighter colors. In other words, when

more than one speaker is included, degrees of predicted brightness can also indi-

cate variability among speakers. In addition, variability among speakers can also

show up as a larger “area” of the tongue surface position. Although we focused

on speaker differences so far, this discussion about variability among speakers can

also be applied to differences across frames and items.

Our discussion thus far illustrates how speaker variability can in principle be

integrated into a GAM model. Unfortunately, estimating by-speaker random wig-

gly curves becomes prohibitively computationally expensive for larger numbers
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of speakers. To reduce computational load, we therefore averaged images across

speakers, and did not include speaker as a separate random effect term in the mod-

els reported below.

3.4 Case study: Enhancement effects of frequency

In this section, we use GAMs to study possible effects of frequency on pronuncia-

tion. Frequency of occurrence has been investigated intensively in psycholinguis-

tics. Old�eld and Wing�eld (1965) found that word naming was slower for lower

frequency words. Since then, many studies have reported effects of frequency

across tasks, methodologies, languages, and different types of items (Baayen et

al., 1997; Baayen et al., 2006; Baayen et al., 2002; Bertram et al., 2000; Forster

& Chambers, 1973; Gahl, 2008; Gardner et al., 1987; Rubenstein et al., 1970;

Scarborough et al., 1977; Schreuder & Baayen, 1997; Whaley, 1978; Wurm et al.,

2006).

Higher frequency words have widely been reported to show more phonetic re-

duction, namely shorter duration, more centralized formant realizations, and less

clear articulations (Aylett & Turk, 2004; A. Bell et al., 2009; A. Bell et al., 2002;

Dinkin, 2008; Jurafsky et al., 2001; Munson & Solomon, 2004; Pluymaekers et al.,

2005b). Furthermore, higher frequency words are more likely to be encountered

and are more predictable in context. Higher predictability, in turn, goes in hand

in hand with greater redundancy and a reduced information load (Aylett & Turk,

2004; Jurafsky et al., 2001). The amount of information carried by a word is de-

�ned as the negative logarithm (usually with base 2) of its probability of occurrence

(Shannon, 1948). Words that carry little information are relatively redundant and

this has been argued to underlie the extent to which such words undergo phonetic

reduction.

While the reduction effect of frequency has repeatedly been replicated, fre-

quency effects in the opposite direction have also been reported. Kuperman et al.
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(2007) investigated the duration of inter�xes in Dutch compounds and found that

inter�x duration was longer, rather than shorter, when the inter�x was predicted

better in the morphological paradigm the compound word belongs to and when the

compound word that carries the inter�x was a high frequency word. The possibility

that a greater paradigmatic probability goes hand in hand with phonetic strength-

ening is supported by several subsequent studies (M. J. Bell et al., 2021; Cohen,

2014; Tomaschek, Tucker, et al., 2018; Tomaschek et al., 2021).

Tomaschek, Tucker, et al. (2018) investigated the stem vowel [a:] of German

in�ected verbs and found that frequency effects were modulated by the suf�xes

following the stem vowel. When the stem vowel was followed by the suf�x-t, it

was articulated with lower tongue trajectories as frequency of the word increased,

indicating a phonetic enhancement effect of frequency. However, when the suf�x

-enfollowed the vowel, no clear effect of frequency was present.

In addition, Tomaschek, Tucker, et al. (2018) observed that the enhancement

effect of frequency was non-linear. The greatest articulatory reduction was ob-

served for words with average frequency. In contrast, both high frequency words

and low frequency words were articulated with lower, more enhanced, tongue tip

trajectories. In comparison to low frequency words, high frequency words tended

to be articulated with earlier initiation of tongue raising towards the offset of the

stem vowel, anticipating the upcoming alveolar suf�x. In other words, low fre-

quency words were articulated in such a way that clarity of the vowel was max-

imized. Middle frequency words were articulated the most smoothly. High fre-

quency words realized both clarity and smoothness. Tomaschek, Tucker, et al.

(2018) interpreted these results as re�ecting articulatory optimization, made pos-

sible by more extensive motor experience. This interpretation was supported by a

further study (Tomaschek, Arnold, et al., 2018), which reported that for high fre-

quency words more complex tongue trajectories are articulated without a loss of

speed.

In what follows, we report a replication study, using ultrasound instead of
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EMA, of the frequency effects reported by Tomaschek, Tucker, et al. (2018), us-

ing an extended data set of German in�ected verbs. The focus of this replica-

tion study is the difference in articulation between high and mid frequency words.

Tomaschek, Tucker, et al. (2018) found that middle frequency words were articu-

lated with shallower tongue trajectories, while high frequency words were articu-

lated with lower tongue trajectories.

The materials in Tomaschek, Tucker, et al. (2018) contained 27 German verb

types. These verb types had [a:] as the stem vowel and were in�ected and combined

with the third person plural pronounsieand its corresponding suf�x-en. Nine of

these verbs were also combined with the second person plural pronounihr and its

corresponding suf�x-t, as illustrated below:

(13) sie
they

zahlen.
pay.3PL

[zi: tsa:l(@)n]

`They pay.'

(14) ihr
you.PL

zahlt.
pay.2SG

[I5 tsa:lt]

`You (plural) pay.'

Note that, in this study by Tomaschek, Tucker, et al. (2018), the suf�x-en

was always combined with the pronounsie, and the suf�x-t was always combined

with the pronounihr. As a consequence, the possibility cannot be excluded that

systematic differences in the articulation of [a:] found by Tomaschek, Tucker, et

al. (2018) were confounded by the systematic differences in pronouns, namely the

carryover coarticulation (Öhman, 1966; Repp & Mann, 1982; Song et al., 2013).

While the pronounssieandihr were always combined with the suf�xes-enand

-t respectively in Tomaschek, Tucker, et al. (2018),siecan also be used as the third

person sinular pronoun by being combined with the suf�x-t. In addition, the rime

segments ofihr [i:5] can also occur as the rime of the �rst person plural pronoun

wir [vi:5], being combined with the suf�x-en. Furthermore, the suf�x-t can be

singular or plural, depending on pronouns, and the suf�x-en can be used as the
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�rst person plural and the third person plural suf�x both, as shown below:

(15) sie
he/she/it

zahlt.
pay.3SG

[zi: tsa:lt]

`He/she/it pays.'

(16) wir
we

zahlen.
pay.1PL

[vI5 tsa:l(@)n]

`We pay.'

Table 3.4 shows all the possible suf�xes for German present tense indicative in-

�ected verbs.

Table 3.4: In�ectional exponents of the German verbs in the present tense

Person Singular Plural

1st -e -en
2nd -st -t
3rd -t -en

In order to control possible carryover coarticulation from the preceding pro-

noun, we adopted additional two in�ectional variants, namely the pronounsiewith

the suf�x -t and the pronounwir with the suf�x -en, as summarized in Table 3.5

below:

Table 3.5: Combinations of pronouns and suf�xes of interest withsagen[za:g(@)n]
as an example.

Suf�x

Pronoun [-t] [ -(@)n]

sie [zi:] sie sagt sie sagen
ihr/wir [ (v)I5] ihr sagt wir sagen
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3.4.1 Method

Participants

A total of 18 participants took part in the experiment. These participants were

students at the university of Tübingen and received 10 Euro in compensation for

their participation. All participants had normal hearing.

Materials

The dataset contained 395 target phrases, 52 of which belonged to thesie-t con-

dition (e.g.,sie zahlt), 152 to thesie-n condition (e.g.,sie zahlen), 116 to the

ihr-t condition (e.g.,ihr zahlt), and 75 to thewir-n condition (e.g.,wir zahlen).

The verbs of these target phrases contained [a] or [a:] as the stem vowel. In ad-

dition, we also had a total of 308 �ller phrases of verbs with the same in�ectional

exponents but with different stem vowels (e.g.,ihr spielt). Furthermore, 231 �ller

verb phrases in the other combinations of pronouns and suf�xes (e.g.,du zahlst)

and 84 �ller bare nouns were included. For each participant, a different list was

created in which targets and �llers were pseudo-randomized. Because of the rel-

atively large number of items, each list was split into two sublists, which were

presented to participants in different sessions.

Procedure

The items were presented visually on a screen of a laptop (Lenovo ThinkPad with

intel core i7 and Windows 7), using Articulate Assistant Advanced (Articulate In-

struments Ltd., 2012). Participants were instructed to read aloud the items dis-

played on the screen. Audio signals of their speech were recorded with a mi-

crophone (Oktava MK-012) placed about 10 cm away from the mouth (mono au-

dio). The microphone was positioned towards the mouth but slightly lower than

the mouth, so that breath does not directly reach the microphone. For an audio

interface, we used Focusrite Scarlett Solo 3rd Generation.
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At the same time, articulations by participants were recorded with an EchoB ul-

trasound system (Articulate Instruments Ltd., 2012). The EchoB system included

a microconvex 10 mm radius probe by TELEMED, the AAA software, the pulse

stretch unit that synchronizes audio signals with ultrasound images, and a probe

stabilization headset (UltraFit). Participants were requested to wear the probe sta-

bilization headset, which holds the ultrasound transducer �xed under the chin. The

transducer had 64 scanlines, with 842 pixels for each scanline, and with a �eld of

view equal to 92 degrees. Frame rates were 92 frames per second on average.

Before the main session including the target and �ller items, participants were

instructed to articulate [t] and [k] in addition to swallowing saliva. These data were

collected to calculate the position of the hard and soft palate. Cropping points for

normalization between speakers were determined in the same way as in Section

3.3.4.

Analysis

Each of the target verb phrases was encountered and produced at least by 10 speak-

ers (min=10, Q1=, Q2=12, Q3=, max=17)3. Most (approximately 93%) of the tar-

get phrases were spoken by 12 or more speakers. (0.25% by 10 speakers, 6.60%

by 11 speakers, 62.69% by 12 speakers, 30.20% by 13 speakers, and 0.25% by 17

speakers).

Recorded ultrasound images were exported as raw data, that is, as a single

vector of pixel brightness values. The exported raw data was processed using the

python packagepyult (Saito, 2020). The vector of pixel brightness data was �rst

reshaped as a rectangle, as illustrated above. Subsequently, the reconstructed im-

ages were cropped at each side in order to normalize individual differences in oral

cavity size (Figure 3.11). These reference points were determined for each partici-

pant, based on the middle frame of the recording of [k].

Subsequently, �ve frames with approximately equal intervals were extracted

3Because not all the participants showed up for the second session of the recordings, not all the
items could be obtained from every speaker.
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from each recording. These �ve frames corresponded to 0%, 25%, 50%, 75%, and

100% of the stem vowel. For each of the 395 target phrases, the images for a given

time point were averaged by speaker.

The procedure above led to the total number of average ultrasound images

available for the analysis being 395� 5= 1975 for each of the target verbal phrasal

types, which in all comprised 697;448;365 pixel values. This large dataset proved

to be too large to allow analysis with a single GAM model. We therefore �rst re-

sized each ultrasound image to 40� 40 pixels. This resulted in 395� 5� 40� 40=

3;160;000 pixels for each of the verbal phrasal types, comprising 38;960;000 pixel

values. Furthermore, we ran separate GAM models for each individual timestep for

each of the four sets of words de�ned by pronoun and exponent (see Table 3.5), re-

sulting in a total of 5� 4 = 20 models. Although including word as random effect

would be preferable, even for these smaller datasets, this proved to be computa-

tionally intractable.

For each of the 20 datasets, pixel brightness was modelled as a function of x-

coordinate, y-coordinate, vowel duration, word frequency, and interactions of the

latter two covariates with the two coordinates. Vowel duration was included to take

into account durational differences between the vowelsa anda:, and also because

the tongue can move more extensively when more time is available for articulation

(Kelso et al., 1985; Kuehn & Moll, 1976). Word frequency was collected from the

SdeWac corpus (Faaß & Eckart, 2013) and log-transformed prior to �tting GAMs.

The number of basis functions used in the smooth term was set to 20, which we

found to be suf�ciently large to capture sudden changes in brightness in the ultra-

sound image, as typically present near the tongue surface. We used the same model

formula for all 20 datasets:

PixelBrightness ~ s(x, k=20) + s(y, k=20) +

ti(x, y, k=20) + s(duration, k=20) +

ti(x, duration, k=c(20, 20)) +

ti(y, duration, k=c(20, 20)) +
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ti(x, y, duration, k=c(20, 20, 20) +

s(frequency, k=20) +

ti(x, frequency, k=c(20, 20)) +

ti(y, frequency, k=c(20, 20)) +

ti(x, y, frequency, k=c(20, 20, 20))

Since we have 20 models with 11 smooth terms each, we used a Bonferroni cor-

rected alpha level 0:01=(20� 11) � 0:00005.

3.4.2 Results

All the smooths were signi�cant ata = 0:00005. Summaries of each model are

provided in Appendix 3.D.

The suf�x-[ t] condition

We discuss the results for the condition “i:-t” �rst, where the pronoun ends with [-i:]

and the suf�x is [-t]. The predicted ultrasound images for this condition are listed in

Figure 3.13. The �ve plots in the leftmost column represent high frequency words.

Those in the central column represent middle frequency words. The rightmost

column lists the �ve difference plots for each time step. Time steps are represented

on rows. The top row is the �rst time step, namely the onset of the target vowel

[a(:)]. The third row is the middle of the vowel. The bottom row is the offset of the

vowel. For the predicted ultrasound images in the left and central columns, warmer

colors represent brighter pixel values.

In all the GAM models in this case study, frequency was included as a continu-

ous variable. However, just for illustrative purpose, in Figure 3.13 and all the other

�gures that follow, we refer to 50% and 90% quantiles of the frequency variable as

“high” and “mid” frequencies.

The difference plots in the rightmost column were obtained by subtracting the

images in the central column from those in the leftmost column. Therefore, warmer

colors in the difference plots indicate that pixels are brighter in the high frequency
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