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Abstract

We present the Naive Discriminative Reading Aloud (NpR,) model. The NDR, differs from
existing models of response times in the reading aloud task in two ways. First, a single lexi-
cal architecture is responsible for both word and non-word naming. As such, the model dif-
fers from dual-route models, which consist of both a lexical route and a sub-lexical route that
directly maps orthographic units onto phonological units. Second, the linguistic core of the
NDR, exclusively operates on the basis of the equilibrium equations for the well-established
general human learning algorithm provided by the Rescorla-Wagner model. The model
therefore does not posit language-specific processing mechanisms and avoids the prob-
lems of psychological and neurobiological implausibility associated with alternative compu-
tational implementations. We demonstrate that the single-route discriminative learning
architecture of the npRr, captures a wide range of effects documented in the experimental
reading aloud literature and that the overall fit of the model is at least as good as that of
state-of-the-art dual-route models.

Introduction

Both Coltheart et al. [1] and Perry et al. [2] open what have become canonical papers in the
reading literature with the observation that tremendous advances have been made in the devel-
opment of reading models over the last decades. They note that early cognitive models in psy-
chology provided mainly verbal descriptions of hypothesized cognitive architectures. These
models took the form of flowchart diagrams in which boxes were used to depict mental repre-
sentations, which were manipulated by cognitive processes represented as arrows that con-
nected the various boxes (see Morton [3] for an application of box-and-arrow models to
reading). Although such “verbal” models provide descriptions of behavioral data, their lack of
specificity meant that they could only be related to the psychological and neurobiological real-
ity of language processing at a very abstract level.

The recent development of more formal, computationally implementable models of reading
[1,2, 4, 5] has done much to address this shortcoming. As Coltheart et al. [1] remark, the
development of a computational model requires a precise specification of any processes and
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representations that are to be implemented. As a result, computational models offer a clear
improvement in specificity over informal “verbal” models of reading. Because computational
models generate precise and explicit predictions, Coltheart et al. [1] continue, it is possible to
evaluate them against existing behavioral data, and even falsify them through later findings. In
addition, recent advances in cognitive and computational neuroscience have provided oppor-
tunities to complement this approach with even more stringent tests that investigate the neuro-
biological plausibility of a model’s architecture and processing mechanisms.

Since the initial implementation of the Dual-Route-Cascaded model by Coltheart et al. [1],
a decade-and-a-half of recursive implementation and assessment of computational models
have provided valuable insights into the successes of and the challenges for models of reading
aloud. Consequently, the qualitative and quantitative performance of current state-of-the-art
models of reading aloud is orders of magnitude better than that of previous generations of
models.

Although current state-of-the-art models of reading aloud [1, 2, 4, 5] differ with respect to
the exact mechanisms they propose, they all divide the process of reading aloud into two
“routes” (i.e., sub-processes). The first route is a “lexical route”, in which mappings from
orthography to phonology are mediated by lexical representations. This allows the reading of
known words such as “wood” and “blood” to be simulated. The second route is a “sub-lexical”
route that directly maps orthographic units onto phonological units and allows for the simula-
tion of reading potentially unknown words, such as “snood”. As such, the general consensus
seems to be that reading aloud is best modeled through a dual-route architecture. To cite
Coltheart et al. [1], p. 303), “Nothing ever guarantees, of course, that any theory in any branch
of science is correct. But if there is no other theory in the field that has been demonstrated
through computational modeling to be both complete and sufficient, resting on laurels is a rea-
sonable thing to do until the emergence of such a competitor—that is, the emergence of a dif-
ferent theory that has also been shown to be both complete and sufficient.”

In what follows, we hope to breathe new life into the single versus dual-route debate by pre-
senting a new single-route model of response times in the reading aloud task, the Naive Dis-
criminative Reading aloud (NDR,) model. The NDR, is an extension of the NDR model for silent
reading by Baayen et al. [6], in which both words and non-words are read through a single lex-
ical architecture. Following the fruitful tradition described above, we evaluate the performance
of the NDr, model for a wide range of effects documented in the experimental word and non-
word naming literature. We show that the NDr, successfully captures the linear and non-linear
characteristics of these effects, as well as a hitherto unobserved frequency effect for non-words.
We further demonstrate that the addition of a sub-lexical route to the NDR, is redundant, in
that it does not improve the performance of the model.

Existing models

In the reading aloud task, participants are presented with printed words on a computer screen
and asked to pronounce these words as quickly and accurately as possible. Orthography and
phonology play an important role in this process. These roles are undisputed in all current
models of reading aloud, which contain both orthographic and phonological representations
in one form or another. The role of semantics has been subject to a little more debate. While
previous single-route models of reading aloud mapped orthography directly onto phonology,
however, the consensus in more recent models is that the orthography-to-phonology mapping
is mediated by semantic representations at least some of the time. Dual-route models of read-
ing aloud have posited that while non-words are read through a direct orthography-to-phonol-
ogy mapping, reading real words involves lexico-semantic representations.
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Below, we discuss some of the existing state-of-the-art models of reading aloud. First, the
triangle model [4, 7, 8] will be introduced. Next, we discuss the Dual-Route Cascaded Model
[1]. We conclude with a description of the model of reading aloud that currently yields the
best simulation results: the Connectionist Dual Process model [2, 5, 9].

The triangle model

The triangle model [4, 7, 8] is a model comprising of three levels of description: orthography,
phonology and semantics. Mappings between these levels of description are implemented as
three-layer connectionist networks. The architecture of the model is presented in Fig 1.

In the original version of the triangle model only the direct mapping from orthography to
phonology was implemented [7]. This original model therefore was a single-route model of
reading aloud that directly mapped orthography onto phonology. Representations consisted of
triplets of orthographic and phonological features [10] (Note, however, that these Wickelfea-
tures were replaced by more localist representations in Plaut et al. [8]). Associations between
these orthographic and phonological units were learned through a 3-layer connectionist
network.

Harm and Seidenberg [4] added semantics to the triangle model. The latest version of the
model therefore has two routes from orthography to phonology. The first route is a direct
mapping from orthography to phonology, as in Seidenberg and McClelland [7]. In the second
route the mapping from orthography to phonology is mediated by semantic representations.
The addition of a second route to the model allowed Harm and Seidenberg [4] to simulate a
number of effects in the experimental literature that were not captured by previous versions of
the triangle model, including effects of homophones and pseudo-homophones.

Being a connectionist model, the triangle model operates on the basis of a general learning
mechanism. As such, the triangle model has increased plausibility over models that posit task-
specific processing mechanisms [11]. Connectionism, however, has its own share of disadvan-
tages. First, most connectionist networks are multi-layer networks, in which the mapping
between input and output units is mediated by one or more layers of hidden units (Note, how-
ever, that Harm and Seidenberg [4] implemented a 2-layer orthography to phonology map-
ping that does not contain hidden units.). The contents of these hidden layer units are opaque.
This reduces the transparency and interpretability of connectionist models [6].

In addition, connectionist models learn through back-propagation of error. In back-propa-
gation learning the model output is compared to the target output. The model weights are
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Fig 1. Triangle model. Basic architecture of the triangle model.

https://doi.org/10.1371/journal.pone.0218802.g001
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then updated on the basis of the difference between the model output and the target output
[11, 12]. As noted by Perry et al. [2], back-propagation learning has been criticized for being
neurobiologically implausible [13-16].

The Dual-Route Cascaded model

A second class of models was developed in parallel to the different versions of the triangle
model. While later versions of the triangle model did include a second, lexical route [4], the
Dual-Route Cascaded model (henceforth prc) [1] was the first computational implementation
of a dual-route architecture. The architecture of the prc model is displayed in Fig 2.

The first stage of the model is shared by both routes and consists of an interpretation of the
visual input in terms of visual features [17] that activate letter units. From this orthographic
level the phonological representations required for speech can be accessed through two routes.
The sub-lexical route maps letter units directly onto phonemes, whereas in the lexical route
this mapping is mediated by a lexico-semantic system.
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Fig 2. DRC model. Basic architecture of the Dual-Route Cascaded (DRC) model.
https://doi.org/10.1371/journal.pone.0218802.9002
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The sub-lexical route of the brc model is based on grapheme-to-phoneme conversion
rules [18]. This route, which is posited to be necessary for reading non-words, operates seri-
ally in an all-or-none fashion. This sub-lexical route also underlies the successful simulation
of the increased processing costs associated with words with irregular orthography to pho-
nology mappings (i.e., mappings not predicted by the set of rules in the model). As a result of
the all-or-none operation of the grapheme-to-phoneme conversion rules, however, the
model has problems simulating the results of graded consistency experiments in which the
number and frequency of words with consistent (i.e., the same) and inconsistent (i.e., differ-
ent) orthography-to-phonology mappings is taken into account. Furthermore, the rule-based
implementation of the sub-lexical route is psychologically and biologically less plausible than
the learning algorithms that underlie the direct orthography to phonology mapping in other
models. This concern, however, was alleviated by Pritchard et al. (2016) [19], who demon-
strated that the grapheme-to-phoneme rules in the prc can be learned through implicit
induction [19].

The lexical route of the brc model is based on the interactive activation model of McClel-
land and Rumelhart [20] and is parallel rather than serial in nature. Like the rule-system in the
sub-lexical route, the interactive activation model in the lexical route of the prc model is fully
hard-coded and ignores the problem of learning. Pritchard et al. (2018) [21], however, pro-
posed a self-teaching model based on the prc model. This demonstrates that the architecture
of the DRc is not incompatible with learning. A remaining problem with the prc model is that
it does not capture a number of important findings in the experimental literature [22, 23] (see
Perry et al. [2] for a comprehensive discussion of the shortcomings of the brc model in this
respect).

The Connectionist Dual Process model

The latest dual-route model is the Connectionist Dual Process model (henceforth cpp) [2, 5,
9]. Similar to the DRrc, the different versions of the cpp model consist of a lexical and a sub-lexi-
cal route. The basic architecture of the cpp model is presented in Fig 3.

The major advancement of the cpp over the brRc model is the implementation of a two-layer
associative learning network in the sub-lexical route [9, 24]. To learn the connection strengths
between orthographic and phonological units the network uses the delta rule [25], which is a
general algorithm for human learning [26]. As such, the implementation of the sub-lexical
route of the cop models is an important step towards a neurobiologically plausible model of
reading aloud. In the most current versions of the cop model this learning network was com-
plemented with a graphemic buffer in the sub-lexical route [2]. This graphemic buffer orga-
nizes the orthographic information into a graphosyllabic template that uses the most frequent
graphemes as representational units [5, 27].

In the original cop model the lexical route was, in the words of Perry et al. [2], p. 297), “not
implemented beyond the provision of frequency-weighted lexical phonological activation”
(see Zorzi et al. [9]). The cop+ model [2] implemented the lexical route of the brc model to
overcome this problem. In doing so, however, the latest versions of the cop model inherited
the problems of interactive activation models. As such, one of the problems of the cor+ model
is that there is no learning in the lexical route (see Perry et al. [2], p. 303).

The lexical and sub-lexical routes of the cop+ model are connected at the orthographic
input and phonological output levels. On the input side of the model the visual input (i.e., the
printed word) is first decoded into features with a slightly altered version of the McClelland
and Rumelhart [20] feature detectors. These features are then translated into letters. At the

PLOS ONE | https://doi.org/10.1371/journal.pone.0218802 July 31,2019 5/63


https://doi.org/10.1371/journal.pone.0218802

@ PLOS|ONE

NDRAa: A single route model of reading aloud based on discriminative learning

speech

phonological
lexicon

- A

! ! [ graphemes ]

orthographic
lexicon

letters

feature

detectors

A
I

|
print
Fig 3. CDP model. Basic architecture of the Connectionist Dual Process (CDP) model.

https://doi.org/10.1371/journal.pone.0218802.g003

output side of the model the information from the lexical and sub-lexical routes is integrated
in a phonological decision system. Naming latencies in the cop+ model are based on a settling
criterion that terminates processing when the network is in a stable state [9].

In a comprehensive study, Perry et al. [2] demonstrated that the cop+ model accounts for a
wide range of experimental findings and shows item-level correlations with observed naming
latencies that are an order of magnitude higher than those in the prc and the triangle model.
We therefore consider the cop+ model the leading model of reading aloud.

In a recent extension of the cpp+, Perry et al. [5] extended the model to bi-syllabic reading
aloud. This cop++ model correctly captures a number of experimental effects that are specifi-
cally relevant for multi-syllabic words, including effects of stress and the number of syllables.
For mono-syllabic words, the cop++ model behaves similar to the cop+ model, with minor
changes in parameter settings and the assignment of graphemes to slots in the graphemic
buffer.
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The Naive Discriminative Reading Aloud model

Here, we propose the Naive Discriminative Reading Aloud (NDR,) model of response times in
the reading aloud task. The nNDRr, differs from existing models of reading aloud in two ways.
First, the computational implementation of the NDR, is entirely based on the general princi-
ples of human learning described by the Rescorla-Wagner equations [28]. These equations
are similar to the delta rule that is used in the sub-lexical network of the cop model. As such,
the NDR, stands in sharp contrast to the lexical route of the cpp and prc models, which are
based on the interactive activation model of McClelland and Rumelhart [20]. The computa-
tional engine of the NDR, also differs substantially from the connectionist networks that
underlie the triangle model. It uses simple, transparent two-layer learning networks that
directly map input units onto output units. In contrast to connectionist networks, these net-
works do not rely on the often uninterpretable hidden layer units or back-propagation of
error. We provide a detailed description of the Rescorla-Wagner learning principles below
[28].

Second, unlike the models discussed in the previous section, the NDR, consists of a
single lexical architecture. The most recent version of the triangle model and the prc
and cpp models assume the use of both a lexical and a sub-lexical route in reading aloud,
whereas the earlier single-route implementations of the triangle model were sub-lexical in
nature. By contrast, NDR, applies a single lexical mechanism in both word and non-word
reading.

The architecture for word reading in the NDR, is straightforward and similar to the processes
underlying word reading in the lexical routes of existing models. Visual stimuli activate ortho-
graphic units. These orthographic units activate lexical representations of target words. In
addition, they spread activation to lexical representations of orthographically similar words.
The lexical representations of both the target word and the orthographic neighbors then acti-
vate phonological output units.

We propose that the reading of non-words occurs in a similar fashion. For non-words,
however, no lexical representations exist. Therefore, instead of activating the lexical represen-
tations of both the target word and orthographically similar words, non-word orthographies
only activate the lexical representations of orthographic neighbors and only these lexical repre-
sentations subsequently activate phonological units.

In what follows we demonstrate that a wide range of non-word reading effects documented
in the experimental literature follow straightforwardly from this simple architecture. This
architecture also accounts for a novel finding, namely a non-word frequency effect in reading
aloud. This non-word frequency effect suggests that the distinction between words and non-
words may not be as black and white as previously thought and provides independent evidence
for the involvement of lexical processes in non-word reading.

Model architecture

The architecture of the NDR, model is presented in Fig 4. The model assumes that reading
aloud involves three processing stages. In the first stage, the visual input is interpreted and
decoded into orthographic units. In the second stage, these orthographic units activate lexical
representations in the mental lexicon that we will refer to as lexemes (i.e., lexical targets that
link orthographic, phonological and semantic properties of words [29]). In the third stage
these lexemes activate phonological output units. The second and third stages of the model are
implemented as two-layer associative learning networks, using the Rescorla-Wagner learning
rule.
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Fig 4. NDR, model. Basic architecture of the Naive Discriminative Reading Aloud (NDR,) model.

https://doi.org/10.1371/journal.pone.0218802.9004
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The Rescorla-Wagner model

In the Rescorla-Wagner model [28] cues are associated with outcomes. Both cues and out-
comes are not position-specific. In a model of silent reading, for instance, cues may be letters
or letter bigrams, whereas outcomes may be lexical representations for words. We define the
presence of a cue or outcome X at time ¢ as PRESENT(X,, ¢) and its absence as ABSENT(X, t). The
association strength V;*' between outcome O and cue C; at time ¢ + 1 is given by the recurrent
relation:

Vil = VI AV (1)
The change in association strength AV is defined by Rescorla and Wagner [28] as:
0 if aBsENT(C,, )
AV = L OB = D g V) if PRESENT(C, £) & prESENT(O, 1) (2)

o,f,(0 — mem(cjn V) if present(C,, t) & aBsent(O, t)

Standard values for the parameters are A = 1, all s equal, and 3, = 5,. When a cue and an out-
come co-occur, the association of the cue to that outcome is strengthened. When a cue occurs
without the outcome being present, the association strength decreases.

The Rescorla-Wagner model describes learning over time. The current paper, however,
focuses on the adult language processing system. For simplicity, we assume that the adult
system is in a relatively stable state. We therefore use the implementation of the equilibrium
equations for the Rescorla-Wagner model [30] in version 0.2.18 of the NDL package for the sta-
tistical software R to estimate the connection strength (Vi) of cue (C;) to outcome (Oy):

Pr(0C) — Y Pr(GIG)V, =0 5

where Pr(C;|C;) is the conditional probability of cue C; given cue C;, Pr(Oy|C)) is the condi-
tional probability of outcome Oy given cue C; and # + 1 is the number of different cues. The
estimation of the connection strength in Eq 3 is completely parameter-free and determined by
the distributional properties of the training data.

The association strengths from cues to a specific outcome Oy are estimated separately and
independently of all other outcomes. This assumption of independence is a simplification of
reality similar to the independence assumption in naive Bayes classifiers that increases the
computational efficiency of the model without compromising accuracy. It motivates the word
naive in the name of the Naive Discriminative Reading Aloud model.

For a given input only a small set of cues is active. Denoting the set of active cues by C, the
activation a; of an outcome Oy is defined as

a = Vs (4)

jec

with j ranging over the active cues and Vj, being the equilibrium association strength for cue
Cjand outcome Oy. We add a small back-off constant (b, set to 0.01) to all activations. This
prevents division by zero during the generation of simulated naming latencies (see below).
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Visual input interpretation

Prior to linguistic processing a decoding of the visual input is necessary. Both the prc and the
cop models use feature detection mechanisms that are similar in nature to the features detec-
tion mechanism in McClelland and Rumelhart [20]. The visual input interpretation mecha-
nism in the NDR, is a quantitative implementation of a feature decoding mechanism that is
based on the idea that more complex visual patterns should take longer to decode.

We used a variant of the Manhattan city-block distance measure [31] to quantify the com-
plexity of a letter in English. First, we constructed vector representations of the bitmaps of all
26 letters as written in black Lucida typewriter font on a white background (font size: 16).
Each vector contains 400 elements representing the bit values for 20 horizontal and 20 vertical
pixels. Black pixels are encoded as 1, white pixels as 0. Given the vector B of bit values, the
complexity C of a given letter i is defined as the square root of the summed difference in pixels
between that letter and the other letters j; . e

where k; 5400 are the indexes of the pixels.

Eq 5 quantifies the prototypicality of the visual features of a letter. Values of C; are low for
letters that are similar to many other letters, such as o and ¢, and high for letters that are dis-
similar to most other letters, such as y or w. To obtain the complexity of the visual input for a
word w we summed over the complexities C of the letters i:

Complexity, = ZCi (6)
i=1

where # is the number of letters in the word.

The Complexity measure is an obvious simplification of the complex processes involved in
the uptake of visual information and merely serves as an approximation of the processing costs
associated with the decomposition of a visual word form into orthographic features. Given
that the uptake of visual information is not part of the linguistic core of the model this approxi-
mation suffices for the current purposes. In the discussion section we briefly discuss alternative
implementations of a visual input interpretation mechanism.

Orthography to lexemes

The first part of the linguistic core of the NDR, model consists of a Rescorla-Wagner network
that maps orthographic units onto lexical representations. The orthographic input cues in this
network are letters and letter bigrams. For instance, for the word bear the input units are the
letters b, e, a, r and the letter bigrams #b, be, ea, ar and r#. Richer encodings could be used, but
in the interest of parsimony we opted for the least rich encoding scheme that offered satisfac-
tory performance.

The outcomes of the orthography to lexeme learning network are lexical representations.
For the word bear, for instance, the outcome is the lexeme BEAR. In addition to the lexeme of
the target word, we allowed the orthographic input units to co-activate the lexemes corre-
sponding to other words. The orthographic word form bear, for instance, co-activates the lex-
emes YEAR and FEAR. The co-activation of orthographic neighbors predicts neighborhood
and consistency/regularity effects and allows for lexical route processing of non-words. The
number of co-activated words taken into consideration is a technical parameter of the model.
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In all simulations reported in this study this parameter was set to 20. Simulation accuracy is
highly similar across a wide range of parameter settings and asymptotes for higher values.

The activation of a word’s lexeme given its orthographic representation is defined as the
sum over the weights from the letters and letter bigram cues to the lexeme outcome (see Eq 4)
and will henceforth be referred to as ActLexeme. As noted above, we add a small back-off con-
stant (b, set to 0.01) to all activations to prevent division by zero when we generate simulated
naming latencies.

Lexemes to phonology

The mapping from lexical representations to phonology occurs through a similar Rescorla-
Wagner learning network. This network maps lexical representations onto phonological units.
As before, lexical representations are lexemes. The phonological units are demi-syllables [32].
Using the pisc notation from the ceLEx lexical database [33]), for instance, the target word
bear, consists of two demi-syllables: b8 and 8R. Note that these representations are approxima-
tions of the demi-syllables used in the speech recognition literature. In our demi-syllables
vowels are repeated, whereas in acoustic applications they are split at maximum intensity. Fur-
thermore, it is again important to note that demi-syllables are merely a practically convenient
approximation of the acoustic gestures necessary for speech production. We return to this
issue in the discussion section.

While the activation flow in the NDR, is from lexemes to demi-syllables, we trained the
model with demi-syllables as input cues and lexemes as outcomes. This training regime opti-
mizes discriminative learning, because it uses a one-to-many rather than a many-to-one map-
ping [34]. Training a network with demi-syllables as cues and lexemes as outcomes is
necessary on independent grounds for speech perception. The training regime adopted here
reflects the temporal precedence of speech perception over speech production in language
acquisition.

The activation of a demi-syllable is obtained by summing over the weights on incoming
connections from the active lexemes. The majority of activation spreads from the target word
lexemes. We refer to this activation from the target lexeme as a,. Additional activation a; __,
spreads to a target demi-syllable from the lexical representations of orthographic neighbors.
Given the orthographic input bear, for instance, the activations of lexemes of the orthographic
neighbors YEAR and FEAR are 0.036 and 0.004. We weighted the contribution of co-activated
lexemes to a demi-syllable for the amount of activation they received from the target word
orthography (w;). Thus, the activation of a demi-syllable k is given by:

ActPhon, = w,, * a, + Zw,. * a; (7)

i=1

where 7 is the number of lexical neighbors taken into account (set to 20 in the current simula-
tions). As before, we add a small back-off constant (b = 0.01) to all activations to prevent divi-
sion by zero when generating simulated naming latencies.

The parameter w,, indicates the relative weight of the activation from the target lexeme as
compared to the activation from lexical neighbors and was set to 4.700 in the current simula-
tions. As such, the activation of a demi-syllable from the target lexeme has a greater weight
than the activation from the lexemes of co-activated orthographic neighbors. This is possible
only if the language processing system is able to verify that the target lexeme corresponds to
the orthographic input, whereas the lexemes of co-activated neighbors do not. Importantly,
this assumption is not unique to the NDR,. Instead, it is a general assumption of discrimination
learning that is necessary to evaluate if the outcome of a learning event is predicted correctly
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and, consequently, to update the association strengths between the cues that are present in the
input and all outcomes.

The fact that the NDr, performs optimally when the relative weight of the activation from
the target lexeme is greater than the relative weight of the activation from the lexical neighbors
suggests that while lexical neighbors spread activation to demi-syllables during initial bottom-
up processing, this activation is suppressed during subsequent processing stages due to top-
down verification of the activated lexemes vis-a-vis the current orthographic input. As such,
the architecture of the NDR, is consistent with the idea that successful processing may be char-
acterized by a bi-directional pass of information between higher and lower level cortical repre-
sentations [35]. As we demonstrate below, the bottom-up pass of information through the
principles of discrimination learning captures a wide range of effects observed in naming
latencies. The principles underlying the verification processes in the backward top-down
information pass, by contrast, are much less well-understood. We return to this issue when
discussing the pronunciation performance of the NDr, model.

Two demi-syllables need to be activated for the mono-syllabic words in this study. We refer
to the activation of these demi-syllables as ActPhon; and ActPhon,. The activation of two
demi-syllables introduces a choice problem: one of the activated demi-syllables has to be artic-
ulated first. The more dissimilar the activations of the demi-syllables, the harder it may be to
produce the right demi-syllable at the right time. A relatively high activation of the second
demi-syllables, for instance, may interfere with the production of the first demi-syllable. We
model the difficulty of the selection of the appropriate demi-syllable by taking the Shannon
entropy [36] over the activations (transformed into probabilities p; and p,) of the first and sec-
ond demi-syllable. We refer to this measure as H, which is defined as:

p, = ActPhon,/(ActPhon, 4+ ActPhon,),
p, = ActPhon,/(ActPhon, + ActPhon,),

_Z(‘Di * lOgZ(pi))'

H

Simulating naming latencies

Together, the measures Complexity, ActLexeme, ActPhon;, ActPhon, and H describe the total
amount of bottom up support for the target pronunciation. Lexeme activations for non-words
are, by definition, not available. For non-words, ActLexeme was therefore set to 0.01 (0 plus
the back-off constant b that was added to all lexeme activations for words. Total activation
units in the NDr, are modeled through a multiplicative integration of these measures:

Complexity™ 9)
ActLexeme" * ActPhon|® * ActPhon)* * H"

Act =

where w; s are weight parameters that establish the relative contribution of each source of
information.

Model parameters were chosen to optimize the quantitative and qualitative performance of
the model. For the current simulations, we use the following parameter settings: w; = 1.270,
w, = 0.200, w3 = 0.050, w, = 0.098 and ws = 0.152. Parameter settings are identical in all simu-
lations reported in this study.

We convert activation units to simulated reaction times through a simple linear transforma-
tion:

RT o< wy * Act + w,. (10)
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For all simulations reported below, we set w4 to 0.055 and w; to 450. Including the two techni-
cal parameters described earlier (i.e., the back-off parameter that prevents division by zero
(0.01) and the number of co-activated neighbors taken into consideration (20)), as well as

the parameter for the relative importance of demi-syllable activations from the target word lex-
eme and the lexemes of lexical neighbors (4.700), the NDr, model thus has a total of 10 free
parameters.

Generating pronunciations

The processes by which responses are learned are relatively well understood and large-scale
linguistic corpora provide us with realistic input to these processes. As demonstrated
through the simulations reported in this paper, the discriminative learning algorithm

that underlies the NDR, provides a precise and powerful explanation of these bottom-up
processes and their behavioral manifestations in observed naming latencies. What the dis-
crimination learning core of the NDR, model does not do, however, is generate actual
pronunciations.

The selection of the appropriate target response is perhaps best thought of as a response
conflict resolution task. In the words of Ramscar et al. [37], “Response conflict will arise when-
ever the requirements in a specific task conflict with an equally or more strongly learned pat-
tern of responding that is prompted by the same context. To successfully resolve this conflict,
an individual must be able to effectively override the biased response in favor of a less well-
learned (or less well-primed) response that is more appropriate to the context” (see also [38,
39]). In the NDR, model a response conflict arises whenever a non-target demi-syllable receives
a higher activation than the target demi-syllables.

Response conflicts are typically resolved by a top-down verification mechanism that inte-
grates the activated responses with the context of the current task. Dell [40] and Levelt et al.
[41], for instance, proposed such top-down verification mechanisms in their models of lan-
guage production. In reading aloud, the task of a top-down checking mechanism is to find out
which of the activated phonological units should be pronounced given the visual presentation
of a word or non-word. What we suggest, therefore, is that there is a functional separation
between the bottom-up linguistic support for phonological units that arises in the discrimina-
tion learning networks that form the linguistic core of the NDR, model and the top-down verifi-
cation mechanism that evaluates the appropriateness of these phonological units given the task
of naming the presented word or non-word.

There is a wealth of evidence in both the neuroscience and reading literatures to support a
functional separation of this kind (see e.g. [38]). In particular, the anterior cingulate cortex
(acc) and the pre-frontal cortex (prc) seem to play an important role in resolving competition
between different potential responses (see e.g. [42]). Functionally, the acc appears to serve as a
detector, monitoring conflict between candidate responses and activating areas in the prc that
facilitate the selection of the appropriate target response when conflicts arise.

The Stroop task, in which subjects have to name the text color of an orthographic represen-
tation of a conflicting color word neatly illustrates the dynamics of this process in a reading
task. When the word “blue” is printed in red, the correct response is “red”. In literate adults,
however, the orthographic activation of “blue” interferes with the correct response. In the
Stroop task, activation in the prc, and in particular the left inferior frontal gyrus has been
shown to reflect the effort required to produce the text color “red” rather than the strongly
activated competitor “blue” [43]. As noted by Novick et al. [39], the prc plays a functionally
similar role when response conflict arises in a range of more straightforward lexical tasks,
including lexical decision (see e.g. [44]), verb generation [45], picture naming [46], and
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phonological and semantic judgment tasks [47], as well as when interpretative conflicts arise
during normal reading [39].

As noted above, the processes by which responses are learned are relatively well understood.
By contrast, a lot of uncertainty remains about how exactly the top-down verification processes
in the pre-frontal cortex that select the appropriate response from a set of activated potential
responses work. The objective of the present study is to demonstrate that the discrimination
learning networks in the NDr, model capture important aspects of the bottom-up learning pro-
cesses and their manifestations in observed naming latencies, much like the original NDR
model captures a wide range of reaction time effects in the lexical decision task. Given the
increased prominence of the actual response in the reading aloud task as compared to the
lexical decision task, however, it is useful to demonstrate that the architecture of the NDR,
model is compatible with a top-down checking mechanism that generates concrete and plausi-
ble pronunciations. At the end of the simulations section below, we therefore present a crude
implementation of a verification mechanism, as well as the word and non-word naming per-
formance of the NDR, model when such a checking mechanism is added on top of the discrimi-
nation learning networks of the model.

Simulations
Training and test data

For all simulations described below we trained the orthography-to-lexeme network of the NDRr,
model on an input lexicon that consisted of all words with a frequency of at least 20, 000 in the
the Google 1T n-gram corpus [48]. The resulting orthography-to-lexeme network consists of
754 unique letters and letter bigrams and 217, 170 unique lexemes. The training data for the
lexeme-to-phonology network consisted of a set of 3, 198 mono-morphemic, mono-syllabic
words and their unigram frequencies in the Google 1T n-gram corpus [48]. The set of 3, 198
words was constructed in the following manner. Following the simulation of Baayen et al. [6]
for silent reading, we restricted the simulations for the word naming latencies to mono-mor-
phemic, mono-syllabic words that can be used as nouns. First, we therefore extracted all
mono-morphemic, mono-syllabic words that can be used as nouns from the ceLEx lexical data-
base [33]. We excluded 1 and 2 letter words (1.64% of all monosyllabic word types in the cELEX
lexical database) from the training data to prevent biasing the results in favor of a coding
scheme that adopts bigram representations at the orthographic level, such as the one used
here. This resulted in a set of 3, 146 words. To this set of words we added 52 words that were
necessary for the correct pronunciation of words or non-words in our test data (i.e., words
that contained an orthography-to-phonology mapping that was present in the test data, but
not in the set of 3, 146 words extracted from ceLEx). The trained phonology-to-lexeme network
consists of 1, 228 unique demi-syllables and 3, 198 unique lexemes.

For the word naming simulations, we used a data set consisting of the 2, 510 mono-mor-
phemic mono-syllabic words present in our training data that can be used as nouns and for
which naming latencies are available in the Lp [49]. Prior to analysis we inverse transformed
(—1000/RT) the observed naming latencies to remove a rightward skew from the naming
latency distribution. In addition, to allow for a comparison of effect sizes, we standardized
observed and simulated latencies by converting them to z-scores.

No large-scale database of naming latencies is available for non-words. We therefore
extracted a set of non-words from the ArRc non-word database [50]. We restricted the range for
non-word length to that observed in our set of real words and extracted non-words with ortho-
graphically existing onsets and bodies only. Furthermore, we restricted the non-words to the
words for which both demi-syllables existed in our training lexicon. This resulted in a non-
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word data set that consisted of 1, 784 non-words: 876 standard non-words and 908 pseudo-
homophones.

We looked at the effects of 16 linguistic predictors, related to the length, neighborhood
characteristics, orthography-to-phonology consistency, frequency, and semantics of a word or
non-word. Predictor values were extracted from the eLp and the english data set in the langua-
geR package for r [51]. Whenever necessary, a more detailed description of each predictor will
be provided prior to the description of the results for that predictor.

Model evaluation

Model evaluation in cognitive psychology typically involves comparing a model’s performance
to both observed naming latencies and alternative model architectures. The observed data
used in our simulations are the ELP naming latencies for the set of 2, 510 mono-morphemic
nouns described above. We compare the NDR, model not only to the observed naming laten-
cies, but also to the prc [1], cop+ [2], and cpp++ [5] models.

The NDr, model is implemented in the NDR, package for r [52]. We simulated naming
latencies for the 2, 510 words under investigation through this package. Simulated naming
latencies for the other models were obtained using version 1.2.3 of the brc model and the
implementation of the cpp+ and cop++ models available at http://ccnl.psy.unipd.it/CDP.html.

Simulation approach

The adequacy of a model can be investigated by comparing its predictions against observed
data. This comparison typically focuses on two levels of description. The first level is the overall
fit of the model to a set of observed data. Typically, this overall fit is gauged through the regres-
sion approach. In the regression approach item-level correlations between simulated and
observed naming latencies are compared for a large-scale database of words. Here, we follow
this approach by looking at the item-level correlations between the ELp naming latencies and
the latencies simulated by the NDR,, DRC, cDP+, and cDP++ models. To further probe the overall
performance of these models we furthermore conduct a regression analysis on the principal
components extracted from the multidimensional space described by all predictors in our sim-
ulations. This provides more insight into how well each model captures the overall structure in
the observed data.

The second level at which the performance of a model can be investigated concerns the
effects of individual predictors on observed naming latencies. The approach that is most typi-
cally used to do this is the factorial approach. In the factorial approach patterns of results
related to predictors are simulated on an experiment-by-experiment basis (for an application,
see, e.g. [1, 2]). As noted by Adelman and Brown [53], however, there are a number of prob-
lems with the factorial approach.

First, the data gathered in single experiments tend to provide an incomplete picture of the
effect of a predictor. The experimental data that models of reading aloud are assessed on are
often acquired in experiments with a limited number of carefully selected items and under dif-
ferent experimental conditions. As a result, optimizing the parameter set of a model on the
basis of individual experiments may lead to local over-fitting. The model then becomes overly
sensitive to the potentially idiosyncratic experimental conditions, item lists and predictor com-
binations in individual experiments, which comes with the cost of a suboptimal overall model
fit (see e.g., Seidenberg and Plaut [54]).

Second, modeling on an experiment-by-experiment basis makes it hard to compare the
relative effect sizes of different predictors. Due to variations in item lists, experimental condi-
tions and participant populations, the effect sizes for a given predictor can vary substantially
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between experiments. Given this variance in the effect sizes for a given predictor, it is hard to
compare effects sizes between predictors in the factorial approach.

Third, a large number of experiments are based on factorial contrasts. This leads to a poten-
tial distortion of non-linear patterns of results that can range from a simplification of a non-
linear effect to masking a predictor effect completely. Applying a median-split dichotomiza-
tion to a predictor that has a U-shaped effect on response latencies, for instance, would yield a
null effect.

To overcome these problems with the factorial approach we adopt a different simulation
philosophy. Instead of looking at predictor effects on an experiment-by-experiment basis we
will investigate the effects of all relevant predictors in the naming latencies for the set of 2, 510
words in the erp. All of the ELP naming latencies were obtained in the same task, under very
similar experimental conditions and for a homogenous participant population. The presence
of an effect in the ELp is a clear indication that computational models should account for this
effect. In addition, using ELP naming latencies allows for a comparison of effect sizes between
predictors. Furthermore, it allows us to look at the effects of different predictors in a setting
where parameters should not be allowed to vary. Finally, because we have access to naming
latencies for individual items we can get away from the dichotomization of numeric predictors
and start investigating non-linear predictor effects.

Predictor simulations

We investigate a large number of effects that have been documented in the experimental read-
ing aloud literature. For each effect under investigation, we first verify whether an effect was
present in the ELP naming latencies. For a large majority of the effects documented in the litera-
ture this is indeed the case. Whenever an effect is not present in the ELp naming latencies we
explicitly mention its absence. For those effects that are present in the ELP naming latencies we
proceed with an analysis of the effect for the simulated latencies of the NDR,, DRC, cDP+, and
cDP++ models.

To investigate the effects of predictors we use the implementation of generalized additive
models (henceforth gams) [55] provided by the r package mgcv [56]. GAMs are an extension
of generalized linear models that allow for the modeling of non-linearities. For each predictor
effect we fitted both a linear and a non-linear Gam. The linear Gam is mathematically equivalent
to a simple linear regression model. This linear model provides a conventional assessment of
the presence or absence of predictor effects. In addition it provides an effect size measure that
allows for the comparison of the relative magnitude of effects of different predictors. To allow
for such a comparison, we scaled all predictors prior to analysis.

The non-linear Gawms allow us to capture non-linearities. The smooth functions in Gams do
not presuppose particular non-linear structures and can therefore model a wide range of pre-
dictor-related non-linearities. Furthermore, tensor products allow us to model two-dimen-
sional non-linear interactions between numerical predictors. As a result, we do not have to
dichotomize predictors even when inspecting interaction effects. We allowed all predictor
smooths to describe up to 6th order non-linearities (k = 6) and did not impose any restrictions
on tensor products. We removed predictor values further than 3 standard deviations from the
predictor mean in all non-linear Gams to prevent smooth estimates from being overly influ-
enced by extreme predictor values. To establish the significance of tensor product interactions,
we compared the aic score [57] of a tensor product Gam to that of a Gam with additive non-lin-
ear effects of both predictors (i.e., separate predictor smooths). Unless explicitly stated other-
wise, we considered interactions only when the aic score of the tensor product Gam was
significantly lower than that of a cam with an additive non-linear effect of both predictors.
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Many of the predictors under investigation are strongly correlated. As a result introducing
amodel term to or removing it from a model that contains all predictors could have a strong
effect on the effects of the other terms in the model. To side-step this problem of multicolli-
nearity we decided to fit separate models for each predictor. Fitting separate models for each
predictor comes at the cost of masking potential effects of covariates. We addressed this prob-
lem in two ways. First, we simulated only effects that have been documented in experimental
studies with carefully controlled item lists. Nonetheless, it is important to note that the
reported effect of individual predictors may be confounded the values of other predictors that
are not entered into the models for the individual predictors. Second, to ensure that our model
captures the joint effects of the predictors we conducted a principal components regression
analysis for both observed and simulated latencies on the multidimensional input space
described by all 16 predictors. The principal components analysis establishes to what extent
the model correctly captures the effects of a predictor once the effects of the other predictors
have been taken into account.

For word naming we fitted models to the observed naming latencies, as well as to the simu-
lated naming latencies for the NDR, and cpp+ models. As mentioned earlier, no large-scale
database of non-word naming latencies exists. To simulate the non-word effects documented
in the literature we therefore could not compare our model to observed naming latencies. We
did, however, have the possibility of comparing non-word naming performance in the NDR,
and cpp+ models. This allows us to establish whether or not the single-route architecture of
the NDR, model captures the experimental effects of non-word naming that are successfully
simulated by the Drc, cpP+, and cpp++ models. Furthermore, it allows us to identify whether
and where predictions for non-word naming differ between the NDr, and the other models.
These differences describe explicit test-cases for the performance of the models that can be
addressed in future non-word naming experiments.

Simulation results

Below, we present the results of five types of simulations. First, we investigate the effects of
individual predictors describing the length, neighborhood density, orthography-to-phonology
consistency, frequency, and semantic properties of words and non-words, as well as the rele-
vant interactions between these predictors. Second, we evaluate the overall performance of the
NDR,, the DRC, the cpP+, and the cpp++ through item-level correlations, as well as a principal
components analysis. Third, we investigate whether or not the addition of a sub-lexical route
improves the performance of the NDr, model. Fourth, we discuss a hitherto unobserved effect
of frequency in non-word naming. Fifth, we describe the pronunciation performance of the
NDR, when we add a crude implementation of a top-down verification mechanism on top the
discrimination learning core of the model.

Non-word naming disadvantage

Before we turn to the discussion of predictor-specific effects, there is an overall difference
between word and non-word naming that requires attention. Several studies have documented
that words are named faster than non-words [58-60]. All models correctly predict this effect
(NDR,: t = —60.999, = —1.383; DRC: t = —225.820, f = —1.949; cpP+: t = —73.590, B = —1.515;
CDP++: t = =72.572, B = —1.505. There is, however, a large difference in the relative magnitude
of the predicted effects. The prc model predicts the largest difference between naming laten-
cies for words and naming latencies for non-words. On average, non-words are named 85%
slower than words (138 vs 74 cycles). In the cop+ and cpp++ models the non-word naming dis-
advantage is reduced to 57% (159 vs 101 cycles) and 64% (129 vs 79 cycles), respectively. The
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difference between word and non-word naming latencies is smallest in the NDR,. The mean
naming latency for non-words is 23% longer than the mean naming latency for words (781 vs
635 ms).

Although a direct comparison to the effect size in observed data is not possible due to the
absence of a large-scale database of non-word naming latencies, we compared the processing
disadvantage for non-words predicted by the models to that observed in the studies of
McCann and Besner [58] and Ziegler et al. [60]. The average naming latency for words in
McCann and Besner [58] was 454 ms, whereas that for non-words was 579 ms. The processing
disadvantage for non-words in this study was therefore 29%. In Ziegler et al. [60], average
naming latencies across eight conditions were 611 ms for non-words and 521 ms for words,
for a non-word processing disadvantage of only 17%. These data suggest that the brc, cpp+,
and cpp++ models overestimate the processing costs for non-words, while the NDR, provides a
more reasonable estimate.

We should note, however, that the size of the non-word naming disadvantage in the NDR,
depends to a large extent on the settings of the parameters involved in the linear transforma-
tion from activation units to simulated reaction times (ws, w,). Parameter w-, in particular,
captures the processes the are present in response times, but that are outside of the scope of the
discrimination learning core of the model. Such processes may include, but are not limited to,
response selection, lack of sensitivity of the voice key to low acoustic energy during pronuncia-
tion onset [61], and participant fatigue (see [1], p. 221). The inclusion of a similar parameter in
the Drc, cpP+, and cpp++ models would results in more accurate estimates of size of the non-
word naming disadvantage in these models.

Length effects

Word length. The effect of word length on naming latencies has been documented in a
large number of studies, with longer naming latencies for words that consist of more letters
(see e.g. [59, 61-67]). This length effect is present in the ELP naming latencies (t = 20.076, § =
0.372, as well as in all models (NDR,: £ = 51.917, 8= 0.718; DrC: ¢ = 8.015, § = 0.158; CDP+:

t =20.099, § = 0.372; cDP++: ¢ = 13.230, § = 0.255). The results of a non-linear model are pre-
sented in Fig 5 and indicate that this effect is linear or near-linear for the observed naming
latencies, as well as for the latencies simulated by the NDR,, cDP+ and cpp++ models. For the
naming latencies simulated by the prc model there is some indication that the effect incor-
rectly levels off for long words, although the confidence interval for high predictor values is
large.

The effect size of the length effect is larger in the NDR, model than in the observed data. The
length effect in the NDR, model is primarily driven by the complexity of the visual input. In all
reported simulations, the visual complexity parameter is set to 1.270. The overall fit of the data,
however, is quite robust to changes in this parameter setting (e.g., overall data fit: > 0.48 for
parameter values between 0.450 and 2.902). There are two reasons we decided to use the cur-
rent parameter setting. First, we believe that the overall fit of the model should be optimal.
This is the case for the current parameter settings. Second, because the model operates under
noise-free conditions, the effect sizes in the NDRr, tend to be somewhat larger than those in the
observed data. As we will show in the overall model fit section, the effect size of length in the
current simulations is of the correct relative magnitude compared to the effect sizes of the
other predictors.

In addition to a length effect for words, a length effect for non-words has been observed as
well. Non-word naming latencies increase linearly for each additional letter [59, 60]. All mod-
els capture the effect of length in non-word naming (NDR,: t = 160.667, 8 = 0.968; DRC:
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Fig 5. Length. The effect of length in word naming.
https://doi.org/10.1371/journal.pone.0218802.9005

t=39.347, f = 0.683; coP+: t = 21.342, B = 0.452; coP++: ¢ = 14.225, f = 0.320). The results of
non-linear models revealed that all models predict a linear or near-linear length effect for non-
words. Furthermore, consistent with the experimental findings of Weekes [59] and Ziegler
[60], all models predict a larger effect size for length in non-word naming than in word nam-
ing (NDR,: AB = 0.250; DRC: Af = 0.525; cpp+: AB = 0.080; cDP++: AS = 0.065). The relative mag-
nitude of the length effect for non-words as compared to that for words is much larger in the

DRC (’;;W = 4.323) than in the other models (NDR,: ﬁ;” = 1.348; cpp+: ’;— = 1.215; cop++:

f;n—w = 1.255).

In addition to the effects of word length reported above, Weekes [59] also reported an inter-
action of length with frequency, with a stronger length effect for low frequency words. In a
reanalysis of the Weekes [59] data, however, Perry et al. [2] demonstrated that this interaction

was not significant. For the current set of observed naming latencies the interaction was not
supported either: a model with additive non-linear terms of frequency and length resulted in a
lower A1c score than a gam with a tensor product of frequency and length.

Neighborhood effects

Orthographic neighborhood size. Although the unique variance accounted for by neigh-
borhood measures is small [68], these effects have played a central role in the assessment of
models of reading aloud. The experimental naming literature has consistently documented
that words with many orthographic neighbors are processed faster than words with fewer
neighbors [69-73]. In interactive activation models, however, the inhibitory links between lex-
ical items lead to more competition for words with many orthographic neighbors. As a result,
the prc model, which uses the interactive activation model of McClelland and Rumelhart [20]
as its lexical route, could only model the effect of orthographic neighborhood density with
altered parameter settings. Although the cpp+ and cpp++ models use the same interactive
activation architecture for its lexical route, these models capture the orthographic neighbor-
hood density effect, presumably through their sub-lexical route. Nonetheless, the authors
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acknowledge that the interactive activation model in their lexical route may have inherent
problems with neighborhood density effects and that there may be better alternatives for the
lexical route of the cpr+ and cop++ models (see [2], p. 303)).

The NDr, model predicts orthographic neighborhood density facilitation as a consequence
of the co-activation of orthographically similar words. Each co-activated orthographic neigh-
bor activates its lexeme, from which in turn activation spreads to the corresponding demi-syl-
lables. The target word band, for instance, co-activates the lexical representations of words like
bank, bang and ban, which spread activation to the target demi-syllable b{. In addition, band
co-activates land, hand and sand, which spread activation to the target demi-syllable {nd. The
more orthographic neighbors a word has, the more activation will spread from co-activated
lexemes to the target demi-syllables and the faster a word will be named.

A linear model on the ELP naming latencies shows the predicted facilitatory effect of ortho-
graphic neighborhood density (t = -19.131, f = —0.357). The NDR, captures this linear effect
of orthographic neighborhood density (t = —27.639, 5 = —0.483), as do the prC (t = —9.452, =
—0.185), the cop+ (t = —19.229, = —0.358), and the cop++ (¢t = —12.530, 8 = —0.243). The non-
linear effect of orthographic neighborhood density is shown in Fig 6. The observed data show
a quadratic curve, with a more prominent facilitatory effect of orthographic neighborhood
density for low predictor values. All models correctly capture the quadratic effect of ortho-
graphic neighborhood density.

In addition to an effect of orthographic neighborhood density in word naming, an effect of
this measure in non-word naming has also been documented [71]. As for real words, the effect
is facilitatory in nature, with faster naming latencies for non-words with many orthographic
neighbors as compared to non-words with few orthographic neighbors. A linear model on
the simulated naming latencies shows that all models correctly simulate this effect (NDR,: £ =
-30.188, f=—0.577; DRC: t = —=14.633, f = —0.325; cDP+: t = —14.056, = —0.314; CDP++: £ =
—-12.421, f = —0.280). Non-linear models revealed that the DrC predicts a near-linear of ortho-
graphic neighborhood density on non-word naming, whereas the NDR,, CDP+, and CDP++

observed NDR 4 DRC

Orthographic Neighbors

Fig 6. Orthographic neighborhood density. The effect of orthographic neighborhood density in word naming.
https://doi.org/10.1371/journal.pone.0218802.9006
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predict a quadratic non-linearity that is similar to the observed effect of orthographic neigh-
borhood density in word naming,.

Phonological and body neighborhood size. The effect of orthographic neighborhood
density is not the only neighborhood density effect that has been documented. As noted by
Perry et al. [2], several studies have argued that phonological neighborhood density [74] or
body neighborhood density [60, 75, 76] may be more adequate measures of neighborhood
density effects in reading aloud. The linear effect of phonological neighborhood density
(observed: t =—12.768, § = —0.247; NDR,: t = —18.761, = —0.350; DRC: t = —5.327, B = —0.106;
CDP+: t = —15.304, f = —0.292; cDP++: t = —10.355, § = —0.202), as well as that of body neighbor-
hood density (observed: t = —5.897, f = —0.117; NDR: t = —4.648, B = —0.092; DRC: t = —16.471,
B =-0.313; cop+: t = —14.112, B = —0.271; cop++: t = —10.700, B = —0.209) are captured by all
models. The NDR, model somewhat underestimates the magnitude of the body neighborhood
density effect relative to that of the orthographic and phonological neighborhood density
effects. By contrast, the Drc, the cpp+ and the cpp++ overestimate the effect of body neighbor-
hood density.

The non-linear effect of phonological neighborhood density is presented in Fig 7. The
observed naming latencies reveal a quadratic curve that levels off for high predictor values.
The NDR,, cDP+ and cpp++ correctly capture the overall nature of this effect, although the simu-
lated effect in the NDR, more closely resembles the observed effect as compared to the simulated
effects in the cop+ and cpp++ models. The Drc fails to capture the non-linear nature of the
effect of phonological neighborhood density and instead predicts a wriggly effect that is more
uniform across the predictor range.

Fig 8 presents the effect of body neighborhood density. For the observed naming latencies,
the effect of body neighborhood density is u-shaped in nature, with particular difficulties for
words with few body neighbors. Although all models correctly predict that the effect should be
most prominent for low predictor values, none of the models captures the non-linear effect of
body neighborhood density to its full extent. The deviations of the simulated effect from the
observed effect, however, are greater for the NDR, than for the Drc, the cpp+, and the cop++.

observed NDR 4 DRC

Phonological Neighbors

Fig 7. Phonological neighborhood density. The effect of phonological neighborhood density in word naming.
https://doi.org/10.1371/journal.pone.0218802.g007
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DRC

observed

Body Neighbors

Fig 8. Body neighborhood density. The effect of body neighborhood density in word naming.
https://doi.org/10.1371/journal.pone.0218802.9008

In addition to effects in word naming, all models predict effects of both phonological (NDRr,:
t=-18.125, = —-0.395; DrC: t = —17.159, B = —0.377; cDP+: t = —9.268, B = —0.214; CcDP++: t =
—7.523, B = —0.175) and body neighborhood density (NDRr,: t = =9.021, § = —0.209; DRC: t =
—6.485, f = —0.152; cpp+: t = —9.057, = —0.210; cDP++: t = —10.659, B = —0.245) in non-word
naming. As was the case for the effect of orthographic neighborhood density, the non-linear
estimates of these effects are qualitatively similar across models. All models predict a quadratic
facilitatory effect that levels off for high predictor values for phonological neighborhood den-
sity and a more linear facilitatory effect of body neighborhood density.

The interplay of neighborhood density measures. As noted above, the NDR, predicts that
the effect of neighborhood density is primarily an orthographic neighborhood density effect,
whereas several studies have argued that phonological or body neighborhood density charac-
teristics may underlie the effect of orthographic neighborhood density. To investigate which
neighborhood density measure drives the neighborhood effects, we entered all three predictors
into a single linear regression model. Table 1 shows t-values and S coefficients for the neigh-
borhood density measures in this model. When taking the effect of orthographic neighbor-
hood density into account, phonological neighborhood density no longer has a significant

Table 1. The linear interplay of orthographic, phonological and body neighborhood density. Listed are ¢-values and  coefficients for each of the predictors in an addi-

tive linear model.

observed -13.733
NDR, -21.132
DRC -1.728
CDP+ -8.060
CDP++ —4.412

https://doi.org/10.1371/journal.pone.0218802.t001

Orthographic N Phonological N Body N
B t B t B
-0.368 -0.929 -0.023 2.695 0.057
-0.524 -2.177 -0.049 8.146 0.159
-0.047 -0.387 -0.010 -13.476 -0.289
-0.213 -5.025 -0.121 -7.015 -0.146
-0.122 -3.723 -0.094 —-6.072 -0.132
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observed

Phonological Neighbors

Orthographic Neighbors

Fig 9. Interplay of orthographic and phonological neighborhood density. The non-linear interplay of orthographic
neighborhood density and phonological neighborhood density in tensor product GAMs.

https://doi.org/10.1371/journal.pone.0218802.9009

effect on the observed naming latencies and body neighborhood density has a small inhibitory
effect, which may be due to suppression [77].

The NDR, model captures the general pattern of results: orthographic neighborhood density
remains highly significant, the effect of phonological neighborhood density has a small nega-
tive coefficient, and body neighborhood density becomes inhibitory. As in the individual mod-
els for the three predictors, however, the NDR, somewhat underestimates the effect of body
neighborhood density, which is reflected in an overly large positive t-value. The brc, cpp+, and
cpP++ models have more significant problems with the interplay of the neighborhood density
measures. All three models underestimate the contribution of orthographic neighborhood
density and incorrectly predict strong inhibitory effects for body neighborhood density.

To further explore the interplay of the neighborhood density measures, we fitted two Gams
to assess the potential non-linear interplay of orthographic neighborhood density with phono-
logical and body neighborhood density. The first cam includes a tensor product of ortho-
graphic neighborhood density and phonological neighborhood density, the second a tensor
product of orthographic neighborhood density and body neighborhood density.

The results of the tensor product models for the interaction between orthographic neigh-
borhood density and phonological neighborhood density are shown in Fig 9. Predictor values
for orthographic neighborhood density are on the x-axis, whereas predictor values for phono-
logical neighborhood density are on the y-axis. The z-axis visualizes adjustments to the average
response time as a function of both predictors. Warmer colors (red) indicate shorter response
times, whereas colder colors (yellow) indicate longer response times.

The pattern of results for the observed naming latencies is dominated by a strong facilita-
tory effect of orthographic neighborhood density. An effect of phonological neighborhood
density is present for words with many orthographic neighbors only. For these words the effect
of phonological neighborhood density is inhibitory. The NDr, model captures the qualitative
nature of the numerical interaction between orthographic neighborhood density and phono-
logical neighborhood density and shows a pattern of results that is highly similar to that in the
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observed

Body Neighbors

Orthographic Neighbors

Fig 10. Interplay of orthographic and body neighborhood density. The non-linear interplay of orthographic
neighborhood density and body neighborhood density in tensor product GAMs.

https://doi.org/10.1371/journal.pone.0218802.9010

observed data. The cop++ model captures the general nature of the interaction as well, albeit in
a less accurate manner as compared to the NDR,. The Drc and the cpp+ incorrectly predict a
facilitatory effect of phonological neighborhood density for words with many orthographic
neighbors.

Fig 10 presents the non-linear interplay between orthographic neighborhood density and
body neighborhood density in the observed data, as well as for each of the models under inves-
tigation. The observed naming latencies again show a strong facilitatory effect of orthographic
neighborhood density. As was the case for phonological neighborhood density, an effect of
body neighborhood density is present for words with many orthographic neighbors only.
Unlike the effect of phonological neighborhood density, however, the effect of body neighbor-
hood density is facilitatory in nature. The NDr, simulates this pattern of results with remark-
able accuracy. By contrast, the cpp+ and cpp++ underestimate the effect of orthographic
neighborhood density for words with few phonological neighbors. The pre fails to capture the
effect of orthographic neighborhood density and incorrectly predicts a main effect of body
neighborhood density only.

Two conclusions can be drawn from the results of these simulations. First, the neighbor-
hood density effect seems to primarily be an effect of orthographic neighborhood density. This
argues against an interpretation of neighborhood effects as being driven by phonological or
body neighborhood density. Second, the tensor product Gams on the observed data indicate
that the effect of orthographic neighborhood density is modulated by phonological and body
neighborhood density for words with many orthographic neighbors. This effect is facilitatory
for body neighborhood density and inhibitory for phonological neighborhood density. The
correct characterization of this pattern by the NDr, suggests that the model is sensitive to the
influence of the neighborhood similarity structure that characterizes the lexical-distributional
space in English on response patterns in the reading aloud task.

It is worth taking a moment to consider why the NDR, model captures the complex interplay
of the neighborhood density measures. Neighborhood effects in the NDRr, arise due to bottom-
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up co-activation of orthographic neighbors of the target word. When the orthographic word
bear is presented, for instance, not only the corresponding lexeme BEAR is activated, but lex-
emes of orthographic neighbors such as PEAR, WEAR, HEAR and YEAR receive activation as
well. The more lexemes are co-activated, the more activation spreads from these co-activated
lexemes to the phonological level. The fact that the neighborhood density effects seem to pri-
marily be driven by orthographic neighborhood density therefore follows straightforwardly
from the architecture of the NDR, model.

Body neighbors are words that share the orthographic rhyme with the target word. The
more of the orthographic neighbors are body neighbors, the faster the second demi-syllable of
the target word is activated, and the faster that target word is named. The effect of phonological
neighborhood density is opposite to that of body neighborhood density. For words with many
orthographic neighbors the observed naming latencies show an inhibitory effect of phonologi-
cal neighborhood density: words with many phonological neighbors are named slower than
words with few phonological neighbors. As counter-intuitive as this inhibitory effect of phono-
logical neighborhood density might seem, it follows straightforwardly from the architecture of
the NDR, model.

In contrast to orthographic and body neighbors, the lexemes of phonological neighbors are
not necessarily co-activated by the orthographic presentation of the target word. The ortho-
graphic presentation of the word bear, for instance, does not co-activate the lexical representa-
tions HAIR and AIR. HAIR and AIR therefore do not help activate the target word phonology,
despite the fact that these lexemes share the second demi-syllable with BEAR. The model, how-
ever, has learned to associate HAIR and AIR with the word-final demi-syllable 8R. The higher
the number of lexemes that share a demi-syllable, the less well the association between each
lexeme and that demi-syllable will be learned. The existence of the phonological neighbors
HAIR and AIR therefore leads to a lower connection strength from the lexeme BEAR to the
demi-syllable 8R. This results in a longer naming latency for the word bear than would be the
case if its phonological neighbors hair and air did not exist.

Pseudo-homophones. As noted by Coltheart et al. [1], the neighborhood density effects
reported above are complemented by a pseudo-homophone effect in non-word naming [58,
78, 79]. Naming latencies for non-words that can be pronounced as real words (e.g., bloo)
are shorter as compared to naming latencies for normal non-words. All models correctly pre-
dict a pseudo-homophone advantage. The effect size of this effect, however, is much larger in
the pre (t = —18.241, B = —0.793) than in the other models (NDRr,: t = —5.269, 5 = —0.248; cDP+:
t=-2.686, B = —0.127; coP++: t = —2.794, B = 0.132).

Additionally, there has been some debate as to whether or not there is a base word (e.g.,
blue) frequency effect for pseudo-homophones. In a review of the evidence, Reynolds and Bes-
ner [80] conclude that “the published data are most consistent with the conclusion that there
is no base word frequency effect on reading aloud when pseudohomophones are randomly
mixed with control nonwords”. In pure non-word blocks, however, an effect of base word fre-
quency has been observed [81, 82]. In our non-word simulations, the naming latencies simu-
lated by the brc model reveal a relatively strong base word frequency effect (¢ = -9.454, 8 =
—0.280), whereas the NDR, (t = —4.763, § = —0.153) and cpp+ (f = —2.668, = —0.092) predict
weaker base word frequency effects. A base word frequency effect is absent in the naming
latencies simulated by the cpp++ model (t = 0.050, 5 = 0.002). The results of the current simu-
lations suggest that further experimental work on base word frequency effects for pseudo-
homophones could help inform the architecture of reading aloud models.

Orthographic neighborhood size by frequency. A further important neighborhood den-
sity effect concerns the interaction of orthographic neighborhood density with frequency. Sev-
eral studies found that low frequency, but not high frequency words are read faster when they
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observed NDR, DRC

Frequency

Orthographic Neighbors

Fig 11. Frequency by neighborhood density interaction. The interaction of frequency with orthographic
neighborhood density and phonological neighborhood density in tensor product GAMs.

https://doi.org/10.1371/journal.pone.0218802.9011

have many neighbors [69, 70, 83]. We fitted tensor product Gams to look at the interaction of
frequency and neighborhood density in the observed and simulated naming latencies. The
results of this model are shown in Fig 11. The observed data show the expected pattern of
results: a facilitatory effect of neighborhood density that is most prominent for low frequency
words. All models capture the general nature of the frequency by orthographic neighborhood
density interaction and show the longest latencies for low frequency words with few ortho-
graphic neighbors. The simulated effects in the NDRr,, the cpp+, and the cop++, however, resem-
ble the orthographic neighborhood density by frequency interaction in the observed naming
latencies more closely than the simulated effect in the Drc.

Consistency/Regularity effects

Regularity. The relation between the orthography and phonology of a word has been a
hotly debated topic in the reading aloud literature. Coltheart et al. [1] focused on the concept
of regularity and defined a word as regular “if its pronunciation is correctly generated by a set
of grapheme to phoneme conversion rules” [1] (p. 231). The prc model predicted that regular
words should be pronounced faster than irregular words. This was confirmed by a number of
experimental findings [84-87]. We therefore consider the effect of regularity a good starting
point for the investigation of the relation between orthography and phonology.

In our simulations we defined regularity as a two-level factor, based on the regularity of a
word given the grapheme to phoneme (henceforth Gpc) rules underlying the sub-lexical route
of the brc model. A linear model on the ELP naming latencies shows the predicted facilitation
for regular words (¢t = —9.121, 8 = —0.403). This effect is somewhat underestimated by the NDr,
(t=-6.637, f =—0.295) and somewhat overestimated by the cop+ (¢t = —14.807, f = —0.637)
and the cop++ (t = —12.015, § = —0.524). The prc model dramatically overestimates the effect
of regularity (t = —41.810, 8 = —1.440).

Position of irregularity. The size of the regularity effect depends on the position at which
the irregularity occurs. A number of studies found larger irregularity effects for words with
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early-position irregularities as compared to words with late-position irregularities [18, 88, 89].
A similar effect of position of irregularity is present in the ELP naming latencies (t = —4.934, § =
—0.732) and the naming latencies simulated by the prc (¢ = —6.058, = —1.099), the cpp+ (f =
—-2.954, = —0.533), and the cop++ (t = —3.755, B = —0.736). The NDR, model, however, fails to
capture this effect (t = 1.424, 8 = 0.200). The inability of the NDR, to model the position of irreg-
ularity effect is not surprising given the fact that the model is insensitive to the sequential
nature of the orthographic input and the phonological output. We return to this issue in the
discussion section.

Consistency. A number of studies have investigated non-binary measures of the relation-
ship between the orthography and the phonology of a word. Following Glushko [90], these
studies adopted measures of consistency, rather than regularity. Originally, Glushko [90]
defined consistency as a two-level factor, for which words were defined as inconsistent if their
orthographic body mapped onto more than one phonemic sequence. For instance, while the
pronunciation of the word wave is correctly predicted by the Gpc rules of the brc model it is
inconsistent, because its word body is pronounced differently in the word have.

Further research indicated that consistency is better conceptualized as a continuous vari-
able [8, 18, 76, 91]. We tested a number of consistency measures and found the proportion of
consistent word tokens to explain most variance in the ELp naming latencies (t = -8.281, f =
—0.171). This linear effect of consistency was captured by all models (NDr,: t = —5.553, f =
—0.117; pre: t = —8.850, B = —0.190; cpp+: t = —9.671, f = —0.188; cop++: t = —7.809, f =
—0.127). Fig 12 shows the non-linear effect of consistency. The consistency effect is more
prominent for low predictor values in the observed naming latencies. The brc, cpp+, and
cDP++ capture the general nature of this non-linearity, although the cpp+ overestimates its
strength and the cpp++ underestimates its strength. The NDR, fails to capture the non-linear
effect of consistency effect and, instead, predicts a linear effect. Given the width of the confi-
dence intervals for the observed effect of consistency, however, it is unclear how pronounced
the non-linearity of the consistency effect in the observed data is.

observed NDR 4 DRC

Consistency

Fig 12. Consistency. The effect of consistency of the orthography to phonology mapping in word naming.
https://doi.org/10.1371/journal.pone.0218802.9012
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In addition to the effect of consistency in word naming, a consistency effect has also been
observed in non-word naming [90, 92]. For our set of non-words, all models predict a facilita-
tory effect of consistency (NDR,: t = —=9.276, § = —0.215; DRC: t = —7.074, § = —0.166; CDP+: t =
—12.941, 8 = —0.294; cop++: t = —10.309, 8 = —0.238). Non-linear models revealed that the NDr,
predicts a non-linear effect of consistency for nonwords that is similar in nature to the effect of
consistency for words in the observed naming latencies, as does the brc. By contrast, the cop+
and cpp++ predict that the effect of consistency for nonwords is more prominent for high
rather than low predictor values. As was the case for words, however, the confidence intervals
of the predicted effects were relatively large.

The NDR, (’;ﬂ = 1.834), the cor+ ((’;”—W = 1.560), and the cop++ (’;ﬂ = 1.875) all predict a

larger magnitude of the consistency effect in non-word naming than in word naming. By con-

trast, the prc model predicts similar effect sizes in word and non-word naming (/;"W = 0.871).

The prediction of the prc model fits well with the findings of Glushko [90], who found a 29 ms
facilitatory effect of consistency in both word and non-word naming. In the absence of a large-
scale database of non-word naming latencies or further experimental findings, however, any
conclusions regarding the simulation of the relative effect sizes of the effects of consistency in
word and non-word naming in the NDR, and cpp+ models are tentative.

Consistency by regularity. Now that we established the presence of both a consistency
and regularity effect in the observed naming latencies, we return to the question of which mea-
sure best characterizes the effect of the orthography to phonology mapping on naming laten-
cies. It is problematic for the brc model if an independent graded consistency effect is present
on top of the regularity effect, because its sub-lexical route is based on hard-coded rules that
operate in an all-or-none fashion [92, 93]. In contrast, the cpp+ and cpp++ models are sensitive
to the probabilistic characteristics of orthography to phonology mappings [9, 94]. These mod-
els therefore allow for the possibility of a graded consistency effect over and above the effect of
regularity.

In the NDR, model, regularity and consistency effects originate from the co-activation of lex-
ical items with similar orthographies. The word band co-activates the lexical representations of
phonologically consistent words like hand, sand and land. These words provide additional
support for the target demi-syllable {nd and hence speed up naming latencies. In contrast,
bough co-activates the lexemes of phonologically inconsistent neighbors, such as tough, rough
and cough. The lexemes corresponding to these inconsistent neighbors activate the non-target
demi-syllable Vfand therefore do not facilitate the pronunciation of the target word bough.
The amount of support for the target demi-syllables directly depends on the number of co-
activated lexemes of orthographically consistent and inconsistent words. The NDRr, therefore
predicts that graded consistency should be a better measure of orthography to phonology map-
ping effects than regularity.

An inspection of the naming latencies in the ELP revealed not only an independent contribu-
tion of both regularity and consistency, but also a significant interaction between both mea-
sures. Table 2 shows the results of a linear model that includes regularity, consistency and a
regularity by consistency interaction term. For the observed naming latencies, the strongest
effect is that of consistency. The effect of regularity becomes weaker in a model that includes
consistency, but remains significant. Furthermore, there is a significant interaction of regular-
ity with consistency. The NDR, captures the general pattern of results, with a stronger main
effect of consistency, a weaker main effect of regularity, and a positive estimate for the interac-
tion between consistency and regularity. The interaction between consistency and regularity,
however, fails to reach significance (¢t = 1.574, p = 0.116).
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Table 2. The interplay of regularity and consistency. Listed are t-values and J coefficients for each of the predictors in an additive linear model.

Consistency Regularity Interaction
t p t p t p
observed —6.182 -0.255 -3.226 -0.167 3.040 0.146
NDR, -3.727 -0.158 -2.350 -0.125 1.574 0.079
DRC -0.038 -0.001 -36.731 -1.521 -0.797 -0.031
CDP+ -5.747 -0.221 -7.371 -0.357 2.292 0.103
CDP++ -2.232 -0.072 -8.493 -0.343 -0.661 0.025

https://doi.org/10.1371/journal.pone.0218802.t002

The prc dramatically overestimates the effect of regularity and fails to predict the main
effect of consistency. The grapheme to phoneme conversion rules in the brc model thus fail to
capture the independent contribution of graded orthography-to-phonology consistency. The
cpP+ and cpp++ models capture the main effects of both consistency and regularity. Both mod-
els, however, incorrectly predict a larger effect size of regularity as compared to consistency.
The cop+ model captures the interaction between consistency and regularity, whereas the
cppP++ model does not.

Fig 13 shows the non-linear interaction between consistency with regularity, which sheds
further light on the issue. Regular words (top two rows) show a subtle linear effect in the
observed data, as well as in the simulations of the all models. For irregular words, however, a
non-linear curve characterizes the ELP naming latencies, with particularly long reaction times
for inconsistent irregulars. The general shape of this curve is captured by all models, although
the DRrC yields a more complex non-linear effect that is not present in the observed data.

Consistency by friends-enemies. Consistency has also been shown to interact with
another measure of the consistency of the orthography-to-phonology mapping: the number of
friends (words with the same body and rime pronunciation) and enemies (words with a differ-
ent body and rime pronunciation) a word has. Jared [91, 95], for instance, found an effect of
consistency that was limited to words with more enemies than friends. Different friend-enemy
measures have been proposed. Here, we use the measure that explained most of the variance in
the ELP naming latencies, which is the number of friends minus the number of enemies (¢ =
-6.357, B =—0.132). All models revealed a significant main effect of this friend-enemy measure
on the simulated naming latencies (NDRr,: t = —2.754, § = —0.059; DRC: t = —16.222, § = 0.335;
cpp+: t = —8.900, B = —0.174; cop++: t = —5.393, B = —0.088). The NDRr, somewhat underesti-
mates its effect size, whereas the DRC overestimates its effect size.

More interestingly, the observed data support a tensor product Gam with an interaction
between consistency and our friend-enemy measure. This interaction is displayed in Fig 14.
The non-linear interaction between consistency and the friend-enemy measures is highly com-
plex in nature, with the consistency effect being most prominent for medium values of the
friend-enemy measure. The NDR,, cDP+, and cDP++ succeed in simulating the general nature of
this interaction. By contrast, the Drc incorrectly predicts a null effect of consistency for most
values of the friend-enemy measure.

Consistency by frequency. A final effect of consistency/regularity that warrants some dis-
cussion is the interaction of frequency with these measures. Jared [91, 95] did not find evi-
dence for an interaction of either regularity or consistency with frequency. As noted by Perry
et al. [2], these null results stand in contrast to previous studies [84-87] that reported longer
naming latencies for irregular or inconsistent low-frequency words, but not for high-frequency
words. The eLp naming latencies revealed similar aic scores for a model with a tensor product
interaction of consistency and frequency (aic: 4989.23) and a model with separate smooths for
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Consistency (regular words)
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Consistency (irregular words)

Fig 13. Interplay of consistency and regularity. The interplay of consistency and regularity in word naming. Top two
rows shows results for regular words, bottom two rows for irregular words.

https://doi.org/10.1371/journal.pone.0218802.g013

consistency and frequency (aic: 4988.50). The evidence for a consistency by frequency interac-
tion in the ELP naming latencies, therefore, is subtle at best.

For completeness, we nonetheless show the results of the tensor product Gam in Fig 15. The
panel for the observed data shows a subtle interaction in the expected direction, with a consis-
tency effect that is more prominent for low frequency than for high frequency words. The
NDR,, the cDP+, and the cpp++ simulations predict a qualitatively similar subtle interaction.
The current simulations therefore suggest that these models are capable of explaining the sub-
tle interplay between consistency and frequency. The Drc, by contrast, predicts a somewhat
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observed

-1 0 1
Consistency

Fig 14. Interplay of consistency and friends minus enemies. The interaction of consistency with friends minus
enemies in tensor product GAMs.

https://doi.org/10.1371/journal.pone.0218802.9014

different pattern of results, with similar effect sizes of orthographic neighborhood density
across the word frequency range.

Frequency effects

Frequency. The lexical predictor with the highest correlations with observed naming
latencies is word frequency. The effect of frequency is well-established (see e.g. [59, 65, 95, 96])

DRC

observed

Consistency

Frequency

Fig 15. Interplay of frequency and consistency. The interaction of frequency with consistency in tensor product
GAMs.

https://doi.org/10.1371/journal.pone.0218802.g015
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observed NDR 4 DRC

RT

Frequency

Fig 16. Frequency. The effect of frequency in word naming.

https://doi.org/10.1371/journal.pone.0218802.9016

and is highly significant in the observed naming latencies (t = —=25.333, f = —0.454). As
expected, all models capture the frequency effect (NDR,: t = —44.748, = —0.670; DRC: t = —8.790,
B=-0.174; cop+: t = —40.441, B = —0.631; cop++: t = —20.654, S = —0.383). As can be seen
in Fig 16 the effect is linear or near-linear in the observed data, as well as in all model
simulations.

Familiarity. In addition to the frequency effect, we also investigated the effect of familiar-
ity on the ELP naming latencies. As can be seen in Fig 17, the effect of familiarity in the observed

observed NDR 4 DRC

RT

Familiarity

Fig 17. Familiarity. The effect of familiarity in word naming.
https://doi.org/10.1371/journal.pone.0218802.g017
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data is linear and highly similar to that of frequency (t = —17.760, 8 = —0.348). This is unsur-
prising, given the high correlation between both measures (r = 0.770). For completeness, we
nonetheless include a description of the effect of familiarity here. All models capture the gen-
eral linear trend of this effect (NDR,: t = —25.464, 8 = —0.474; DRC: t = —7.063, 8 = —0.154; cDp+:
t=-28.939, B =-0.487; cop++: t = —22.267, 8 = —0.330). While the observed data and the nam-
ing latencies simulated by the brc model reveal an effect that slightly levels off for high predic-
tor values, however, the naming latencies simulated by the NDRr,, cDP+, and cpp++ models are
characterized by a linear effect of familiarity.

Bigram frequency. All models accurately capture the frequency effect at the word level.
Frequency effects, however, also exists at a finer grain size. Baayen et al. [68], for instance,
found an effect of bigram frequency on word naming latencies. In the NDR,, bigrams have
explicit representations at the orthographic level, and many of the demi-syllable representa-
tions at the phonological level are diphones. In the cpp+ and cpp++ models, no explicit bigram
representations exist. We therefore hypothesized that there might be an advantage for the NDr,
over these models with respect to bigram frequency effects.

Here, we explore the effect of two measures of orthographic bigram frequency: summed
bigram frequency and mean bigram frequency. Both of these measures were predictive for the
ELP naming latencies (summed bigram frequency: t = 7.517, 8 = 0.148; mean bigram frequency:
t=11.392, B =0.231). The nNDRr, simulates the linear effect of both summed (t = 17.823, =
0.335) and mean bigram frequency (f = 28.996, § = 0.517). Consistent with the effect of word
frequency, the effect sizes in the NDRr, are larger than those in the observed data. As we clarify
in the section on the overall fit of the model below, however, the effects of the bigram fre-
quency measures in the NDR, have the correct relative magnitude as compared to the effects of
other lexical predictors.

The cor+ and cop++ also capture the effects of summed bigram frequency (cop+: ¢ = 3.091,
B =0.062; cop++: t = 3.018, = 0.060) and mean bigram frequency (cop+: t =9.777, = 0.190;
cDP++: £ = 10.361, f = 0.166), although both models underestimate the effect size of the
summed bigram frequency effect. The brc captures the effect of mean bigram frequency
(t=5.998, B =0.130), but does not predict a significant effect of summed bigram frequency
(t=1.198, 3=0.024, p = 0.231).

Fig 18 shows the results of a non-linear model for mean (top two rows) and summed (bot-
tom two rows) bigram frequency. In the observed naming latencies, there is a facilitatory effect
of mean bigram frequency that increases in size for larger values of bigram frequency. The
NDR, captures this pattern of results, as does the prc. The cpp++ model fails to capture the non-
linear effect of mean bigram frequency, and instead predicts a linear effect. The cpp+, by con-
trast, overestimates the quadratic component of the effect for low predictor values, although
the confidence intervals for this part of the predictor range are wide. The effect of summed
bigram frequency is linear in the observed naming latencies. All models correctly predict facili-
tation for the lowest values of summed bigam frequency. The models, in particular the prc and
the cop+, however, incorrectly predict that the effect would level off for higher summed bigram
frequencies.

In addition to the effect of orthographic bigram frequency, we also investigated the effect of
phonological bigram frequency. The observed naming latencies showed a facilitatory linear
effect of the frequency of the initial diphone (¢t = —6.700, 8 = —0.139). The NDR, (t = -5.382, f =
—0.114) captures this linear effect, as do the cop+ (t = —6.670, § = —0.131) and the cop++ (t =
-4.558, B = —0.075). The prC, however, does not (t = —0.975, f = —0.019). As can be seen in Fig
19, the non-linear effect is u-shaped in nature, with greater naming latencies for words with
low-frequency initial diphones and—to a lesser extent—for words with high frequency initial
diphones. All models successfully capture the nature of this non-linear effect. The NDR,,
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Fig 18. Mean bigram frequency and summed bigram frequency. The effects of mean bigram frequency (top two
rows) and summed bigram frequency (bottom two rows) in word naming.

https://doi.org/10.1371/journal.pone.0218802.g018

however, overestimates the difficulty for words with high frequency initial diphones. Given the
sparsity of data points at the high end of the predictor range and the resulting increased width
of the confidence intervals, however, strong conclusions about the performance of the models
for words with high frequency initial diphones would be premature.

Semantic predictors

A final class of effects we investigated are the effects of semantic predictors. In particular, we
report the simulation results for two types of semantic measures: synonym sets and morpho-
logical family size.
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Fig 19. Initial diphone frequency. The effect of the frequency of the initial diphone in word naming.
https://doi.org/10.1371/journal.pone.0218802.9019

Synonym sets. We investigated the effects of two predictors that are based on the number
of synonym sets that a word appears in (as listed in WordNet [97]). The more different mean-
ings a word has, the more synsets it appears in and the faster it is named [68]. Following
Baayen et al. [68], we consider two related measures: the number of simplex synsets and the
number of complex synsets. The number of simple synsets simply refers to the number of syn-
sets a word occurs in. The number of complex synsets is defined as the number of synsets in
which a word is part of a compound or phrasal unit.

Both measures have an inhibitory effect on the observed naming latencies, which is slightly
larger for the number of complex synsets (t = —13.272, f = —0.267) than for the number of sim-
plex synsets (t = —11.118, f = —0.228). The NDR, correctly simulates this pattern of results,
although it overestimates the difference between the effect sizes for both predictors (number of
simplex synsets: t = —13.962, § = —0.286; number of complex synsets: t = —22.475, f = —0.428).
By contrast, the Drc predicts a larger effect of the number of simplex synsets (t = —5.797, f =
—0.127) than for the number of complex synsets (t = —4.797, § = —0.105). Consistent with the
observed naming latencies, the naming latencies simulated by the cpp+ and cop++ reveal
somewhat larger effect sizes for the number of complex synsets (cpp+: t = —20.583, f = —0.373;
CDP++: t = —15.886, f = —0.247) than for the number of simplex synsets (cpp+: t = —20.227, f =
—0.371; cop++: t = —14.410, = —0.228). The difference between the effect sizes for the effects
for both predictors in the cpp+, however, is marginal.

Fig 20 presents the effect of both predictors, which are linear or near-linear in the eLp nam-
ing latencies, as well as in the simulated naming latencies in all models. The effects of both pre-
dictors in the observed naming latencies as well as the naming latencies simulated by the NDR,
and prc models show some non-linearity for high predictor values. Again, however, given the
sparsity of data points at both ends of the predictor range and the resulting wide confidence
intervals, the statistical robustness of this non-linearity is questionable.

Morphological family size. A second type of semantic predictor we looked at is morpho-
logical family size. Morphological family size is defined as the number of morphologically
complex words in which a word occurs as a constituent (see, e.g. [98]). Words that occur in
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Fig 20. Number of synsets. The effects of the number of simplex (top two rows) and complex (bottom two rows)
synsets in word naming.

https://doi.org/10.1371/journal.pone.0218802.g020

many complex words (such as work) are named faster than words that occur in fewer complex
words [68]. This facilitatory effect of family size was confirmed in the ELP naming latencies
(t=15.381, B = —-0.305). All models correctly simulate this effect of family size (NDR,: t =
—21.503, B = —0.413; DRC: t = —5.209, S = —0.114; cpP+: t = —24.365, B = 0.427; CDP++: t =
—-18.371, B = —0.280). The brc model, however, substantially underestimates the magnitude of
the effect. As can be seen in Fig 21, the effect of family size in a non-linear Gam is similar in the
observed naming latencies and in the naming latencies simulated by the models.

A related measure is derivational entropy [99]. Derivational entropy is the entropy [36]
over the probabilities of a word’s morphological family members. As such, it provides an
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observed NDR 4 DRC

Family size
Fig 21. Family size. The effect of family size in word naming.

https://doi.org/10.1371/journal.pone.0218802.g021

alternative to the family size measure, with family members weighted for their token fre-
quency. Similar to the effect of family size, derivational entropy showed a facilitatory effect in
the observed naming latencies (¢ = 8.984, f = —0.185) that was correctly simulated by all mod-
els (NDR,: t = —10.180, 8= —0.211; DrC: = —2.201, 8= 0.048; cDP+: £ = =9.552, 5 = —0.186;
CDP++: t = —6.743, f = —0.110). As was the case for the effect of family size, however, the brc
underestimates the effect size of the effect of derivational entropy. A non-linear model of deri-
vational entropy on the observed naming latencies revealed a fairly complex non-linear pattern
of results. As can be seen in Fig 22, the NDR,, cDP+, and—to a lesser extent—the cpp++ models

observed NDR 4 DRC

Derivational entropy

Fig 22. Derivational entropy. The effect of derivational entropy in word naming.

https://doi.org/10.1371/journal.pone.0218802.9022
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capture this non-linear pattern with remarkable accuracy. The prc replicates the facilitatory
nature of the effect, but fails to capture its non-linear subtleties.

Predictor effect sizes

Above, we evaluated whether or not the NDR,, DRC, CDP+, and cpp++ models capture the effects
of lexical predictors. We now take a closer look at the relative effects these lexical predictors in
the model simulations. Fig 23 plots the modeled predictor coefficients (fs) in the linear regres-
sion models for each predictor in the observed data against the coefficients in the naming

latencies simulated by the NDR, (top left panel), Drc (top right panel), cop+ (bottom left panel),
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Fig 23. Predictor effect sizes. Comparison of predictor coefficients for the observed data and the simulations of the NDRr, (top left panel), brc
(top right panel), CDP+ (bottom left panel), and cop++ (bottom right panel) models. Predictors from bottom to top: Freq (frequency), Orth
(orthographic neighborhood density), FAM (familiarity), FS (family size), NCS (number of complex synsets), Phon (phonological
neighborhood density), NSS (number of simplex synsets), DE (derivational entropy), REG (regularity), Cons (consistency), FID (frequency
initial diphone), FE (friends-enemies measure), Body (body neighborhood density), BG (summed bigram frequency), BGM (mean bigram
frequency), L (length).

https://doi.org/10.1371/journal.pone.0218802.9023
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and cppr++ (bottom right panel). Ideally, the points in these graphs are on a straight line. This
would indicate that the relative effect sizes in the simulated data are identical to those in the
observed data. The plot for the NDr, deviates very little from this ideal pattern of results. The
accuracy of the predictor effect size in the NDRr, is confirmed by a correlation of r = 0.995
between the coefficients for the observed data and the coefficients in the NDR, simulations.

The effect sizes for the NDR, are larger than those for the observed data. Importantly, this
does not imply that the models are overfitting predictor effects. As noted by Adelman and
Brown [53], the standard deviation for modeled naming latencies is smaller than that for
observed latencies. The reason for this is that models operate under perfect noise-free condi-
tions. This stands in sharp contrast to the observed naming latencies, even when those
observed latencies are averaged over participants. We normalized the observed and simulated
latencies prior to our simulations. As a consequence, the smaller standard deviation in the sim-
ulated data results in larger estimated effect sizes. The increased effect sizes in the NDR, as com-
pared to the observed data, therefore, are a result of the noise-free conditions in the model
simulations.

The coefficients in the cop+ (r = 0.972) and cpp++ (r = 0.966) simulations are highly corre-
lated with the coefficients for the observed data as well. Nonetheless, the relative effect sizes
deviate more from those in the observed data for the cpp+ and cpp++ models than for the
NDR,. The coefficients for the cop+ and cpp++ reveal two particular problems with the relative
effect sizes for these models. First, the effect sizes of the neighborhood density measures are
too similar. Both models overestimate the effect of body neighborhood density and underesti-
mate the effect of orthographic neighborhood density. Second, the effect of regularity is sub-
stantially larger than that of consistency. This stands in contrast to the observed data, where
both effects are similar in size. These observations indicate that the cop+ model puts too much
importance on processes underlying the effects of body neighborhood density and regularity.

Finally, the correlation between the coefficients in the observed data and the coefficients
simulated by the prc model is r = 0.506. The Drc thus has substantial problems capturing the
relative effect sizes for the effects of the lexical-distributional variables. Due to its reliance on
explicit grapheme-to-phoneme conversion rules in its sub-lexical route, the brc drastically
overestimates the effect size of the effect of regularity. Furthermore, as was the case for the
cppr+ and cop++ models, the simulated effect of body neighborhood density is much stronger
than the effect of this predictor in the observed data.

Overall model fit

Item-level performance. Now that we discussed the effects of individual predictors it is
time to consider the overall fit of the NDR, model to word naming data. A first issue to address
is the item-level performance of the models (see e.g. [61]). The correlation between the
observed naming latencies from the ELp and the naming latencies simulated by the NDRr, for the
2, 510 mono-syllabic mono-morphemic nouns under investigation is r = 0.515. For the dual-
route models under investigation, the correlation between simulated and observed naming
latencies is highest for the cpp+ model: 7 = 0.491. The item-level correlations for the cop++
(r=0.307) and the DRrC (r = 0.224) are substantially less high.

To further investigate the overall performance of the models, we extracted average response
times for all mono-morphemic, mono-syllabic words that can be used as nouns and that are
present in the CELEX lexical database from four more data sets: Balota and Spieler (1998) [100]
(averaged over young and old participants), Seidenberg and Waters (1989) [101], Treiman
(1995) [102], and Kessler and Treiman (2002) [103]. Next, we calculated item-level correla-
tions for all models for each data set. These item-level correlations are presented in Table 3.
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Table 3. Item-level correlations. Item-level correlations for the English Lexicon Project, Balota and Spieler (1998), Sei-
denberg and Waters (1989), Treiman (1995), and Kessler and Treiman (2002) data sets, as well as for a meta-analysis of
these data sets.

NDR, DRC CDP+ CDP++
English Lexicon Project 0.515 0.224 0.491 0.307
Balota and Spieler (1998) 0.492 0.196 0.461 0.390
Seidenberg and Waters (1989) 0.384 0.175 0.318 0.274
Treiman (1995) 0.372 0.211 0.414 0.335
Kessler and Treiman (2002) 0.413 0.161 0.365 0.233
meta-analysis 0.534 0.224 0.480 0.326

https://doi.org/10.1371/journal.pone.0218802.t003

Table 3 furthermore presents the results of a meta-analysis, in which we calculated the correla-
tion of the simulated naming latencies with the averaged (normalized) naming latencies for
each word across the five studies.

Consistent with the item-level performance for the eLp data, the NDR, outperforms the other
models for three of the four additional data sets: the Balota and Spieler (1998), Seidenberg and
Waters (1989), and Kessler and Treiman (2002) data. For the fourth data set, Treiman (1995),
the item-level correlation between simulated and observed naming latencies is somewhat
higher for the cpp+ than for the NDRr,. The meta-analysis confirms the excellent performance of
the NDRr,. The correlation of the naming latencies simulated by the NDr, and the averaged (nor-
malized) response times across the five studies is 0.534.

William’s tests [104] on the correlations in the meta-analysis revealed that the item-level
correlation for the NDR, is significantly higher than the item-level correlation for the prc
(r=0.224,t=14.361, p < 0.001), the cop+ (r = 0.480, t = 3.6384, p < 0.001), and the cop++
(r=0.326,t=11.299, p < 0.001). Despite its parsimonious single-route architecture, the item-
level performance of the NDR, thus exceeds that of state-of-the-art dual-route models.

The distributions of the observed and simulated naming latencies provide additional
insight into the item-level performance of the models. Fig 24 presents quantile-quantile plots
of the (non-transformed) observed naming latencies and the naming latencies simulated by
the NDR,, DRC, CDP+, and cpp++. The observed naming latencies and the latencies simulated by
the NDR, show a near-normal distribution with a somewhat longer right tail. The distributions
of the latencies simulated by the brc, cop+, and cop++, however, are far from normal and have
very pronounced right tails. This problem is not resolved by applying an inverse or logarithmic
transform to the naming latencies simulated by these models.

Principal components regression analysis. A second issue regarding the overall model fit
is how well the model characterizes the multidimensional structure described by the predictors
under investigation. Above, we established the effect of each predictor in isolation. To some
extent, this allowed us to get away from the multicollinearity issue. The effects of predictors in
isolation, however, may be confounded with the effects of other predictors. It could be argued,
for instance, that the NDR,, DRC, cDP+, and cpP++ models should not be sensitive to the effects
of the semantic predictors related to the number of synsets in WordNet. The number of of
simplex synsets (r = 0.534) and the number of complex synsets (r = 0.572) have medium
strength correlations with word frequency. The possibility exists, therefore, that the reported
effects of these semantic predictors are artefacts of their statistical relation with word frequency
and/or other predictors. Indeed, both measures fail to reach significance in a linear regression
model that includes all 16 predictors (number of simplex synsets: ¢ = —1.556, p = 0.120; num-
ber of complex synsets: t = —1.269, p = 0.204).
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Fig 24. Naming latency distributions. Quantile-quantile plots of the observed naming latencies and the naming
latencies simulated by the NDR, and cpp+ models.

https://doi.org/10.1371/journal.pone.0218802.9024

We therefore sought to verify that the overall characterization of the multidimensional pre-
dictor space by the NDR, is correct. To ascertain that the effects of predictors are accurately cap-
ture not only in isolation, but also when the values of other the predictors are taken into
account, we carried out a principal components analysis on the 16-dimensional space
described by the predictors length, orthographic neighborhood density, phonological neigh-
borhood density, body neighborhood density, regularity, consistency, friends-enemies, fre-
quency, familiarity, mean bigram frequency, summed bigram frequency, frequency initial
diphone, number of simplex synsets, number of complex synsets, morphological family size,
and derivational entropy. This principal components analysis serves as a litmus test for the
extent to which the models capture the influence of the overall organisation of lexical-distribu-
tion space on the word naming latencies. Table 4 presents the loading of the predictors on the
first 8 principal components. Together, these eight principal components explained 86% of the
variance in the input space. PC1 has high loadings for predictors that describe the frequency of
a word (family size: 0.40, frequency: 0.39, familiarity: 0.36), whereas PC2 contrasts word length
(-0.43) with neighborhood density (orthographic neighborhood density: 0.34).

The results of a linear regression model fit to the first eight principal components are
shown in Table 5. The NDRr, predicts the right sign for all principal components. Consistent
with the effect sizes for the predictors themselves, the effect sizes of the principal components
are larger for naming latencies simulated by the NDRr, than for the observed data. Again, how-
ever, the relative magnitude of the effect sizes (fs) is highly similar for the simulated and
observed data (r = 0.942). This demonstrates that the NDr, simulations capture the overall
input space quite well.

The cop+ and cor++ do not capture the input space as well as the NDr,. This is reflected in a
somewhat lower correlation with observed principal components coefficients (r = 0.86 for
both models). Both models incorrectly predict an inhibitory effects of PC3, which has strong
negative loadings for consistency, friends minus enemies, and body neighborhood density.
The effect sizes in both models, as well as in the observed data, however, are limited. The
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Table 4. Results of a principal components analysis on the 16 dimensional space described by the predictors. Listed are predictor loadings for the first 8 principal

components.
PC1 PC2 PC3 PC4 PC5 PCé PC7 PC8

Length -0.23 -0.43 -0.17 -0.05 -0.02 0.11 0.21 0.05
Orthographic N 0.27 0.34 0.00 0.35 0.04 0.21 0.01 -0.10
Phonological N 0.21 0.23 0.20 0.48 -0.04 0.11 0.30 -0.01
Body N 0.18 0.23 -0.40 0.13 -0.03 0.33 0.22 0.09
Regularity 0.07 0.17 -0.29 -0.05 -0.14 -0.74 0.53 -0.02
Consistency 0.14 0.07 -0.49 -0.12 0.08 -0.03 -0.38 -0.07
Friends-Enemies 0.11 0.14 -0.56 -0.09 0.06 0.06 -0.17 -0.01
Frequency 0.39 -0.18 0.08 -0.03 -0.31 -0.03 -0.13 -0.32
Familiarity 0.36 -0.20 0.05 -0.09 -0.36 -0.05 -0.10 -0.43
Mean Bigram Frequency -0.06 -0.35 -0.25 0.37 0.00 0.12 0.21 -0.30
Summed Bigram Frequency -0.00 -0.00 -0.00 -0.00 -0.00 -0.00 -0.00 -0.00
Frequency initial diphone 0.10 -0.13 0.00 0.56 0.10 -0.45 -0.48 0.30
Simplex synsets 0.32 -0.19 -0.06 -0.11 -0.23 0.18 0.13 0.65
Complex synsets 0.35 -0.18 0.09 -0.09 -0.04 -0.05 0.05 0.26
Family Size 0.40 -0.21 0.06 -0.12 0.30 0.00 0.09 0.01
Derivational Entropy 0.26 -0.11 0.06 -0.11 0.76 -0.06 0.15 -0.16

https://doi.org/10.1371/journal.pone.0218802.t004

correlation between the coefficients simulated by the pbrc and the observed coefficients is weak
(r = 0.274). The prc incorrectly predicts a large inhibitory effect of PC3 that is much stronger
than the effects of PC3 in the cpp+ and cpp++ models. Furthermore, the model incorrectly pre-
dicts a large inhibitory effect of PC7, which has a high positive loading for regularity. The
shortcomings of the Drc, cpp+, and cpp++ models that emerged in our analysis of the relative
predictor effect sizes thus re-surface in the principal components analysis of the data.

Comparison to a dual-route architecture

The single route architecture of the NDr, model provides a good fit to observed reading aloud
data. It could be the case, however, that adding a sub-lexical route would improve the model’s
performance. This issue is particularly relevant given the fact that the sub-lexical route of the
cop+ model has a significant contribution in terms of explained variance, both in word and
non-word naming [2]. To resolve this issue we implemented a sub-lexical route by means of a
Rescorla-Wagner network that learned to associate orthographic input cues (letters and letter
bigrams) with phonological outcomes (demi-syllables). We trained this sub-lexical Rescorla-

Table 5. Results of a principal components analysis on the 16 dimensional space described by the predictors. Listed are  coefficients for the first 8 principal

components.
observed NDR, DRC CDP+ CDP++
PC1 -0.235 -0.342 -0.134 -0.304 -0.205
PC2 -0.070 -0.152 -0.105 -0.026 -0.039
PC3 -0.021 -0.158 0.212 0.028 0.006
PC4 0.001 0.072 0.026 0.000 0.012
PC5 0.051 0.147 0.128 0.165 0.125
PC6 0.141 0.158 0.430 0.117 0.109
PC7 0.139 0.260 —-0.336 0.021 0.003
PC8 0.077 0.147 0.044 0.095 0.074
https://doi.org/10.1371/journal.pone.0218802.t005
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Table 6. Results of a linear model predicting observed reaction times from model components. Listed values are
component ¢-values.

NDR, NDR?
lexical route
ActLexeme 5.256 3.425
ActPhon; 4.123 4.015
ActPhon;, 11.019 10.580
H 7.666 7.371
Complexity 16.607 15.703
sub-lexical route
ActPhonSub, NA 1.458
ActPhonSub, NA 0.203
HSub NA 1.113

https://doi.org/10.1371/journal.pone.0218802.t006

Wagner network on the same set of training data as the NDR,. This resulted in three additional
model components, describing the activation of the first (ActPhonSub;) and second (ActPhon-
Sub,) demi-syllable in the sub-lexical route and the entropy over these activations (HSub). We
then fitted two linear regression models to the (inverse transformed) observed naming laten-
cies. The first linear model included as predictors the (log-transformed) components of the
original NDr, model. The coefficients of this linear model were highly similar to the parameter
settings used in the simulations throughout this paper (r = 0.996). The second linear model
included as predictors not only the components of the NDr, model, but also the 3 additional
measures derived from the sub-lexical discrimination learning network.

Table 6 presents the t-values associated with each component in the linear model contain-
ing the lexical components of the NDr, and the linear model containing both lexical and sub-
lexical components. This dual-route model will henceforth be referred to as the Npr%. Table 6
shows that the relative contributions of the lexical components are similar in the NDR, and
NDR?. Adding a sub-lexical route to the model architecture does not affect the contribution of
the lexical model components much. Neither the activation of the demi-syllables from the
orthography, nor the entropy over these activations reaches significance in the linear model
for the NDRZ. Furthermore, the predicted values of the NDr, and NDR? linear models are highly
similar (r = 0.998), and both models show similar correlations with the observed naming laten-
cies (NDR,: 7 = 0.500; NDR}: 7 = 0.501).

The results for the linear models presented here demonstrate that the addition of a sub-lexi-
cal route does not improve the performance of the NDr, in word naming. In addition, the sim-
ulations for the individual predictors demonstrated that the effects documented in the non-
word naming literature are adequately captured by the single lexical route architecture of the
NDR,. The current simulations therefore suggest that a single-route architecture is sufficient to
capture the patterns of results observed in the response times in both word and non-word
naming experiments.

Non-word frequency effect

A reanalysis of the McCann and Besner [58] naming latencies for non-words sheds interesting
new light on the use of a lexical architecture for non-word naming. For each of the 154 non-
words in the study, both standard non-words and pseudo-homophones, we obtained unigram
frequencies from the Google 1T n-gram corpus [48]. The unigram frequency list from the
Google 1T n-gram corpus includes words with a frequency of 200 or greater only. It is striking
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therefore, that only 15 of the 154 non-words did not appear in the Google unigram corpus. A
Google web search for these 15 words showed that even the least frequent of these words still
appeared on 7, 700 web pages. Furthermore, the average Google unigram frequency of non-
words (184, 396) is comparable to that of low frequency English words like matriculation (fre-
quency: 183, 617) or mannequin (frequency: 184, 551). This suggests that from a distributional
perspective, the distinction between words and non-words is not as absolute as is commonly
believed. As for real words, any given non-word therefore may or may not have a representa-
tion in the mental lexicon of an individual language user. The probability of such a representa-
tion existing is a function of the frequency of the word or non-word.

Given these observations we investigated whether there was a frequency effect of non-
words in the naming latencies for Experiment 1 in McCann and Besner [58]. We found a
highly significant effect of non-word frequency (¢ = —5.838, f = —0.428). This effect of non-
word frequency existed over and above the effects of word length, orthographic neighborhood
density, base word frequency and non-word type (regular or pseudo-homophone). Non-word
frequency was the most powerful predictor of non-word naming latencies and showed a corre-
lation to observed naming latencies (r = —0.428) similar to that of the word frequency measure
in the ELP naming latencies for real words (r = 0.451).

To verify that the architecture of the NDr, supports non-word frequency effects, we
retrained the model on input data that, in addition to the original input data the NDr, was
trained on, contained the non-words from the McCann and Besner [58] study with their
Google unigram frequency. With parameter settings identical to those in all previously
reported simulations, this model correctly simulates the non-word frequency effect (t =
-8.056, f = —0.547). As expected, the cop+ (t = —1.323, = —0.107) and cop++ (¢ = —0.852, =
-0.069) model do not capture this effect. We do expect the cop+ and cpr++ models to capture
the non-word frequency effect if the training data for these models were enriched in a similar
fashion as the training data for the NDr, model. Surprisingly, the prc does predict a significant
effect of non-word frequency (¢ = —3.459, f = —0.270) without adjustments to its input data,
presumably due to the strong correlation between non-word length and non-word frequency
(r=-0.429).

The results of a non-linear model for non-word frequency are presented in Fig 25. The
observed naming latencies show a facilitatory effect that levels off for the highest frequency
non-words. The NDRr, captures the facilitatory trend, but predicts that the effect levels off for
the 15 non-words that did not appear in the Google unigram corpus, rather than for the high-
est frequency non-words. Given the limited size of the current set of non-words, we are hesi-
tant to draw strong conclusions on the basis of this discrepancy. If future research were to
indicate that the observed effect is robust and that the NDr, systematically underestimates its
non-linearity, we hypothesize that revised, more carefully selected training data might lead to
better simulation results. The latencies simulated by the Drc reveal a linear effect of non-word
frequency, while the cop+ and cpp++ show a non-significant trend towards facilitation.

The non-word frequency effect suggests that the dichotomous distinction between words
and non-words is perhaps better thought of as a difference on a gradient scale, with high fre-
quency words on one end of the scale and low frequency words on the other. Conceptually,
such a gradient scale fits well with the architecture of the NDRr,, in which the difference between
word and non-word processing is quantitative rather than qualitative in nature: words and
non-words are processed by the same cognitive architecture, with differences only in the
amount of activation flowing through the system.

We conclude this section on a note about the quantitative performance of the NDr, and
cpr+ models for the McCann and Besner [58] naming latencies. The predicted naming laten-
cies from the reading aloud models correlate poorly with the observed naming latencies (NDR,:
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Fig 25. Frequency: Non-words. The effect of frequency in non-word naming.

https://doi.org/10.1371/journal.pone.0218802.9025

r=0.131; DrC: 7 = 0.107; cDP+: 7 = 0.078; cDP++: r = 0.087). One potential explanation for the
poor quantitative performance of the models may be the fact that the stimulus list of Experi-
ment 1 of McCann and Besner [58] consisted of non-words only. Task strategies, therefore,
may substantially differ from experiments in which mixed stimulus lists are used. Alterna-
tively, the visual input interpretation mechanism used in the current implementation of the
NDR, may be too simplistic. The predicted values of a simple linear model including a fre-
quency-weighted version of the visual complexity measure (Complexity/(LogFrequency +
back-off constant)) rather than the original complexity measure boosted the correlation with
the observed non-word naming latencies to r = 0.461, a correlation close to the correlation
between the word naming latencies in the Lp and the word naming latencies simulated by the
NDR,. We return to the issue of familiarity with the visual input in the discussion section below.

Pronunciation performance

The discrimination learning core of the NDR, models response times in the reading aloud task,
and does not generate actual pronunciations of words or non-words. The reason for this is
that we believe that there is a functional separation between the processes by which responses
are learned and response conflict resolution. The core of the NDr, models the processes by
which responses are learned. To be able to generate correct pronunciations for words and
non-words, however, language users must resolve conflicts that arise during the selection of a
response. As noted by Novick et al. [39], the pre-frontal cortex (pec) plays a crucial role in
response conflict resolution. The processes by which responses are learned are relatively well
understood. By comparison, our understanding of the functional architecture of the prc is lim-
ited. As a consequence, considerable uncertainty remains with respect to the optimal imple-
mentation of a verification mechanism. Here, we adopt a crude approximation of what we
think the architecture of a checking mechanism might look like. We evaluate the pronuncia-
tion performance of the NDr, when this checking mechanism is added to the discrimination
learning core of the NDR,.
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Response conflict resolution in the NDR,. The basic rationale behind the checking
mechanisms adopted here is that the prc filters the set of lexical representations that activate
demi-syllables to only include the subset of lexemes that share orthographic features with the
target word or non-word. As such, the checking mechanism used here limits response conflict
monitoring to the lexical level: the pre-frontal cortex monitors the set of activated lexemes and
removes from this set of activated lexemes those lexical representations that are inappropriate
given the orthographic input. No further response monitoring takes place at the phonological
level.

Our implementation of the checking mechanism builds on the idea that a lexeme points to
letters and letter order information (which is required, for instance, for writing). This informa-
tion is then compared on-line against the orthographic features in the input. As pointed out
earlier, the assumption that language users are able to compare the orthographic features asso-
ciated with a lexeme to the orthographic features in the input is not unique to the verification
mechanism proposed here. Instead, it is a general assumption of discrimination learning that
is necessary to evaluate whether or not the outcome of a learning event is predicted correctly,
and that is consistent with theories of cortical processing that propose a bi-directional pass of
information between higher and lower levels of information [35].

How exactly does the checking mechanism work? Consider the example word bear. When
the orthographic string bear is presented on the screen, activation spreads to a large number of
lexical representations. The set of activated lexemes includes orthographic neighbors of BEAR
such as PEAR, HEAR and FEAR as well as the target lexeme BEAR itself. For a correct pronun-
ciation of the word bear, however, it is sufficient to consider only those demi-syllables that are
activated by the target lexeme BEAR. The checking mechanism therefore limits activation of
demi-syllables to those units that are activated by this target word lexeme. In the case of bear,
the initial demi-syllable that receives most activation from the lexeme BEAR is b8, whereas the
most active second demi-syllable is 8R. The model therefore correctly pronounces the word
bear as b8R.

For a vast majority of all words, the most active word-initial and word-final demi-syllables
are compatible in the sense that the vowel in the initial and final demi-syllables is identical. For
10 out of the 2, 510 monosyllabic words in our data set, however, the vowel in the most active
first and second demi-syllable are different. In these cases the checking mechanism gives pref-
erence to the vowel in the second demi-syllable. This implementational decision corresponds
to the fact that the activation of the second demi-syllable has a somewhat higher weight in the
NDR, as compared to the activation of the first demi-syllable (weight ActPhon,: 0.050, weight
ActPhony: 0.098) and to the increased perceptual prominence of rhymes as compared to onset
plus vowel sequences.

For a non-word such as bap no lexical representation exists. Limiting the phonological
units that influence pronunciation to those activated by the target word lexeme therefore does
not work for non-words. Instead, the checking mechanism needs to identify which lexical rep-
resentations share relevant orthographic features with the non-word bap. Only the phonologi-
cal activation generated by these lexemes should influence non-word pronunciation. The
question then becomes how to define the term “relevant orthographic features”. One option is
to include all lexemes whose orthographic representations share at least # orthographic
bigrams with the non-word presented on the screen. The problem with such a definition is
that the checking mechanism would be relatively insensitive to the serial nature of the non-
word naming task.

We propose an alternative definition that takes into account the left-to-right nature of read-
ing and speech production by varying the set of lexemes that influence pronunciation in a
serial manner. For the first demi-syllable, the checking mechanism proposed here ensures that
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the initial demi-syllables considered for pronunciation are restricted to the set of initial demi-
syllables that receive activation from lexemes that share the orthographic onset and vowel with
the presented non-word. For the non-word bap, for instance, only those initial demi-syllables
that are activated by one of the 28 lexemes that share the orthographic onset and vowel ba with
the lexeme BAP are considered for pronunciation (e.g., BACK, BALM, BALL, . . ).

For the second demi-syllable, the checking mechanism considers the combination of the
orthographic vowel and coda when selecting the appropriate second demi-syllable (i.e., it lim-
its the set of word-final demi-syllables considered for pronunciation to the set of word-final
demi-syllables that receives activation from lexemes that share the orthographic rhyme with
the presented non-word). For the non-word bap, for instance, only those word-final demi-syl-
lables that are activated by one of the 21 lexemes that share the orthographic rhyme ap with
the lexeme BAP are considered for pronunciation (e.g., CHAP, LAP, SWAP, .. .). The checking
mechanism proposed here assumes that the system is sensitive to the distinction between vow-
els and consonants. A similar assumption is made in the sub-lexical route of the cop+ model,
which parses the visual input into consonant and vowel slots in a grapheme buffer.

Consistent with the architecture of the NDRr,, we weighted the contribution of lexical repre-
sentations to demi-syllable activations for the amount of activation they received from the
orthographic features of the non-word (see Eq 7). For the non-word bap the initial demi-sylla-
ble that received the highest activation from the co-activated lexical representations was b{,
whereas the highest activated second demi-syllable was {p. Together, these demi-syllables yield
the correct pronunciation of the non-word bap, which is b{p. The same procedure was used to
resolve ties for existing words for which the activation of a demi-syllable from the target word
lexeme was equally high for two or more demi-syllables (i.e., for 99 word-initial demi-syllables
(3.94%) and 184 word-final demi-syllables (9.12%)).

For a vast majority of the 2, 510 words and 1, 784 non-words under consideration, the algo-
rithm described above yields a single most highly activated first and second demi-syllable. For
101 words (4.02%) and 81 non-words (4.54%), however, two or more potential word-initial or
word-final demi-syllables still receive equal activation. For these non-words the checking
mechanism resorts to the phonological activations generated by the set of lexical representa-
tions that share the orthographic onset (rather than onset plus vowel) or the orthographic
coda (rather than rhyme) with the word or non-word to resolve the tie, considering only those
word-initial or word-final demi-syllables that share the phonological coda with one of the
demi-syllables involved in the tie.

Simulation results. The NDR, model generates correct pronunciations for 2, 493 of the 2,
510 monosyllabic words in our database, resulting in a word pronunciation performance of
99.32%. A majority of the pronunciation errors (10 out of 17) concerns words that have more
than one pronunciation in the ceLEx lexical database, such as tear or wind. For these words the
model chooses the more frequent pronunciations t8R and wind over the less frequent pronun-
ciations ¢7R and w2nd, as would participants in a reading aloud task. Of the remaining 7 erro-
neous pronunciations in the NDR,, 3 were based on position-specific grapheme-to-phoneme
conversions that exist in other English words: blouse is pronounced as bl6s rather than bl6z
(analogous to house (h6s)), draught as dr#t rather than dr#ft (analogous to fraught (fr$t)), and
vase is pronounced as vi#s rather than v#z (analogous to case (k1s)). The remaining erroneous
pronunciations contain grapheme-to-phoneme conversions that are not attested in English:
the NDR, pronounces year as j7d rather than j7R, font as bQnt rather than fQnt, beige as kwlZ
rather than b1Z, and sky as sk2b rather than sk2.

Comparing the pronunciation performance of the NDr, model to that of the other models is
not entirely straightforward. Consider, for instance, the cop+ model. While the sub-lexical
route of the cop+ model was trained on the British pronunciations in the CELEX lexical database,
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the training data for the interactive activation model in the lexical route are not explicitly spec-
ified in Perry et al. [2]. The pronunciations of the cop+ model, however, suggest that the lexical
route was trained on a variety of American English, rather than British English. Consequently,
the cop+ model typically pronounces the vowel $ as 9. Provided that these types of pronuncia-
tions are likely to reflect differences in training data rather than differences in model perfor-
mance, we decided to not consider such pronunciations erroneous.

After correcting for differences in the training data, the bDrc generates correct pronuncia-
tions for 2, 493 of the 2, 510 words under investigation, for a naming performance of 99.28 (11
words with multiple pronunciations, 6 grapheme-to-phoneme conversions that exist in
English, 1 grapheme-to-phoneme conversion that does not exist in English). Both the cop+ (2,
472 correct pronunciations (98.49%); 11 words with multiple pronunciations, 18 grapheme-
to-phoneme conversions that exist in English, 9 grapheme-to-phoneme conversions that do
not exist in English) and the cop++ (2, 491 correct pronunciations (99.24%); 9 words with
multiple pronunciations; 4 grapheme-to-phoneme conversions that exist in English; 6 graph-
eme-to-phoneme conversions that do not exist in English) show excellent pronunciation per-
formance as well.

All models thus accurately pronounce real words. Word pronunciations, however, are gen-
erated by lexical architectures both in the single-route NDR, model and in the dual-route brc,
cDP+, and cpP++ models. By contrast, for non-words, the dual-route models directly map
orthographic units onto phonological units in their sub-lexical routes, whereas the NDRr, relies
on co-activation of orthographic neighbors in a lexical architecture. Much more than word
pronunciation, therefore, non-word pronunciation provides a litmus test for the combination
of the single-route lexical architecture of the discrimination learning core of the NDr, model
with a top-down checking mechanism.

We report two analyses of non-word pronunciation performance. First, we establish the
pronunciation performance of the models for the set of 1, 784 non-words discussed through-
out this paper. Next, we compare the pronunciations of the models to the pronunciations of
participants in the non-word reading study by Pritchard (2012) [105]. The performance of the
models for both data sets after correcting for differences in the training data is presented in Fig
26.

Following Perry et al. [2] we adopt a lenient error scoring criterion for the pronunciation
performance on the non-words from the ArRc non-word database. This lenient scoring crite-
rion is similar to the scoring criterion proposed by Seidenberg et al. [84], according to which a
non-word pronunciation is correct if it is based on grapheme-to-phoneme conversions that
exist in real English words. The lenient scoring criterion used here, however, is a bit stricter
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Fig 26. Pronunciation performance: Non-words. Non-word pronunciation performance for the nonwords from the
ARC non-word database (left panel) and for the Pritchard et al. (2012) data (right panel). Lighter shaded green areas in
both panels indicate additional pronunciation accuracy in the cpp+ model when the naming activation criterion
parameter is changed from 0.67 to 0.50.

https://doi.org/10.1371/journal.pone.0218802.g026
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than that proposed by Seidenberg et al. [84], in the sense that we considered non-word pro-
nunciations as correct if and only if the orthography-to-phonology mapping for the onset,
vowel and coda existed for a monosyllabic word in CELEX.

Using the lenient scoring criterion, the NDR, mispronounces 27 non-words, for a non-word
pronunciation performance of 98.49%. Out of these 27 erroneous responses, 18 concern mis-
pronunciations of the onset (e.g., rhewn pronounced as wun rather than run), 6 concern mis-
pronunciations of the vowel (e.g., phelte pronounced as fQIt rather than fElt), and 3 concern
mispronunciations of the coda (e.g., dred pronounced as drEv rather than drEd). Despite this
excellent performance, the NDR, is outperformed by the brc, which mispronounces a single
non-word only (rhewn pronounced as rjun rather than run). The brc thus reaches a pronunci-
ation performance of 99.94% for the non-words in the arc database.

The pronunciation performance of the cop+ and cop++ models is 88.51% (205 mispronun-
ciations) and 92.04% (142 mispronunciations), respectively. Consistent with the observations
of Perry et al. [2], a large percentage of the pronunciation errors of the cop+ model displayed
the pattern that a phoneme was missing from the pronunciation. Perry et al. [2] state that
reducing the naming activation criterion (i.e., the threshold activation for pronouncing a pho-
neme) from 0.67 to 0.50 substantially reduces the number of erroneous pronunciations in the
model. Indeed, changing the naming activation criterion parameter from 0.67 to 0.50 results
in correct pronunciations for 65 out of the 205 mispronounced non-words. This boosts the
pronunciation performance of the cop+ model to 92.15% (light shaded area in the left panel of
Fig 26).

The Pritchard et al. data contain pronunciations of 412 non-words by 45 participants. We
evaluated the pronunciation performance of the models for these data in two ways. First, we
established the most common pronunciation for each non-word across participants. We
henceforth refer to this pronunciation as the main pronunciation of a non-word. We then
encoded whether or not a model pronunciation was identical to the main pronunciation. Sec-
ond, we verified whether or not a model pronunciation coincided with the pronunciation of
any participant. Fig 26 shows the results of this two-step evaluation. The darker shaded bars
indicate the proportion of model pronunciations that were identical to the main pronuncia-
tion. The medium shaded bars represent the proportion of model pronunciations that were
identical to the pronunciation of at least one participant.

As was the case for the non-words from the Arc database, the prc model shows the best pro-
nunciation performance. For 302 of the 412 non-words in the Pritchard et al. data (73.30%)
the pronunciation of the prc is the main pronunciation. A further 105 (25.48%) pronuncia-
tions of the Drc were produced by at least one participant. No more than 5 (1.21%) pronuncia-
tions generated by the brc model were not produced by any participant. The pronunciation
performance of the prc for the Pritchard et al. data hence is 98.79%. The performance of the
NDR, is not much worse than that of the prc. The pronunciations of the NDr, coincide with the
main pronunciation for 295 words (71.60%), and a further 107 (25.97%) pronunciations gen-
erated by the NDr, were produced by at least one participant. This leaves 10 (2.43%) pronuncia-
tions that were not produced by a participant, for a pronunciation performance of 97.57%.

The cop+ model produces the main pronunciation for 102 non-words (24.76%), and a pro-
nunciation that was produced by at least one participant for another 168 (40.78%) non-words.
Adjusting the naming activation criterion parameter from 0.67 to 0.50 yields pronunciations
that were produced by at least one participant for another 46 non-words (11.17%). Nonethe-
less, 96 (23.30%) pronunciations generated by the cop+ model were not pronounced by a
participant. The performance of the cop+ model therefore is 76.70%. The pronunciation per-
formance of the cor++ model is somewhat better than that of its predecessor: 192 (46.60%) of
its pronunciations are the main pronunciation, and a further 141 (34.22%) are produced by at

PLOS ONE | https://doi.org/10.1371/journal.pone.0218802 July 31,2019 49/63


https://doi.org/10.1371/journal.pone.0218802

@ PLOS|ONE

NDRAa: A single route model of reading aloud based on discriminative learning

least one participant. With 79 (19.17%) pronunciations that were not produced by a partici-
pant, the pronunciation performance of the cpr++ model for the Pritchard et al. (2012) data
therefore is 80.83%.

In summary, the pronunciation performance for words is excellent for all models. For non-
words, the NDR, performs slightly worse than the Drc, but substantially better than the cop+
and cop++. We expect that the pronunciation of the cor model would improve with richer
training data that contain all orthography-to-phonology mappings that are relevant for the
correct pronunciation of the non-words under investigation. The evaluation of the pronuncia-
tion performance of the NDr, for words and non-words reveals that the single-route architec-
ture of the NDR, allows for competitive pronunciation performance for both words and non-
words when a checking mechanism is added onto the discrimination learning core of the
model.

Discussion
Single-route architecture

The use of a single, rather than a dual-route architecture is a key aspect of the work reported
here. The pre [1], cpp [2, 5, 9] and triangle models [4, 7, 8] all are dual-route models of reading
aloud. Here, we presented a new single-route model of response times in the reading aloud
task that is based on the equilibrium equations [30] for the learning algorithm of Rescorla and
Wagner [28]. We demonstrated that this single route model replicates a wide range of predic-
tor effects that have been documented in the experimental literature, both in isolation and in a
principal components analysis that captures the joint effects of predictors on observed naming
latencies. Furthermore, the model achieves an overall fit to the data comparable to or better
than that of state-of-the-art dual-route models. Furthermore, we showed that adding a sub-lex-
ical route to the model did not improve its performance.

While the single versus dual route debate remains as open in the neuroscience literature as
it is in the functional level linguistics and cognitive science literature, the single-route architec-
ture of the NDR, is consistent with the results of a large number of studies in the neuroscience
literature. These studies found activation of the same brain regions in word and non-word
reading, with no unique brain regions that are active in non-word reading only (see [106-
109]; cf. [110] for examples of conflicting evidence; see also [111]). Instead, differences in the
timing [107, 112, 113] and intensity [107] of the activation of the same brain regions were
observed between word and non-word reading. As noted by Wilson et al., [107] (p. 1), for
instance, “relative to words, pseudo-words elicit more robust activation in the left inferior tem-
poral gyrus (ITG, see e.g. [114-117]) and the left inferior frontal gyrus (1FG, see e.g. [109, 115-
121])”. As pointed out by an anonymous reviewer, however, it is important to note that a lack
of brain regions that are active in non-word reading only does not constitute evidence against
a dual-route architecture. The brain has no a priori information about the nature of a stimulus
(i.e., word or non-word). Hence, the default strategy in a dual-route approach may well be to
activate both routes in parallel.

Despite these successes, there are some outstanding issues that warrant further discussion.
First, the NDRr, assumes that processing is strictly parallel, while a number of experimental find-
ings suggest that at least some serial processing occurs when preparing to read aloud words
and non-words. Second, we made decisions regarding the grain size of representations at both
the orthographic (letters and letter bigrams) and the phonological (demi-syllables) level that
proved adequate for the current purposes but that are likely to be an oversimplification of
more complex neural structures. Third, the NDr, assumes that consistency and regularity
effects arise in a single-route lexical architecture. This stands in contrast to traditional theories
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that assume the necessity of a sub-lexical route to simulate these effects. Fourth, the leading
dual-route model uses an interactive activation network in its lexical route, whereas the lexical
architecture of the NDR, operates on the basis of discriminative learning principles. In what fol-
lows, we discuss each of these topics in more detail.

Serial versus parallel processing

The serial or non-serial nature of processing has been a central debate in the reading aloud lit-
erature (see [1]). Two types of experimental results are typically interpreted as evidence for
serial processing. First, Weekes [59] found a length by lexicality interaction, with a stronger
effect of length in non-word reading than in word reading. Second, a number of studies [18,
88, 89] found a position of irregularity effect with larger processing costs when grapheme-to-
phoneme irregularities occurred in early positions (e.g., chef) than when irregularities occurred
in later positions (e.g., blind). These results have been taken as evidence for a dual-route archi-
tecture. In the dual route architectures of the cop and brc models the sub-lexical route operates
in a serial manner: the uptake of orthographic information occurs in a letter-by-letter fashion.
The serial nature of the sub-lexical route is conceptually linked to a left-to-right moving win-
dow of spatial attention [2, 122]. By contrast, the lexical route of the cpr models processes the
entire orthographic input at once and is therefore parallel in nature. In this framework, the
interaction of length with lexicality results from the fact that non-word naming exclusively
involves the serial sub-lexical route, whereas word naming also involves the parallel lexical
route. In non-word naming additional letters lead to additional stages of information uptake
and therefore longer naming latencies. This effect is diminished in word naming, because the
parallel lexical route is insensitive to differences in word length [2].

Alternatively, length effects may be peripheral to the task of reading aloud and arise from
extra-linguistic sources, such as processes related to articulation [2, 123] or visual input decod-
ing. In its current implementation, length effects in the NDRr, arise primarily as a result of visual
input interpretation, which is consistent with an extra-linguistic interpretation of these effects.
Nonetheless, the NDRr, correctly predicts that the length effect should be larger for words as
compared to non-words. As noted by Perry et al. [2], a potential source for the length by lex-
icality interaction in parallel models is dispersion. Non-words tend to have less common
orthographic and phonological bigrams than real words. The larger length effect for non-
words may therefore be a product of the increased likelihood of encountering a low frequency
orthographic or phonological bigram in longer non-words. When a low frequency ortho-
graphic bigram occurs in a word, less activation is spread to orthographic neighbors, whereas
when it contains a low frequency phonological bigram the activated neighbors will send less
activation to the target demi-syllables. As such, low frequency orthographic and phonological
bigrams both result in longer naming latencies.

While we believe that the length effect in word naming is at least partially driven by extra-
linguistic processes, the non-serial nature of the NDR, in its current form does not reflect a con-
ceptual preference in the serial versus parallel processing debate. Indeed, the inability of the
current implementation of the NDRr, to simulate the position of irregularity effect suggests that
a serial uptake of information may be beneficial to the performance of the NDr, model. In a
serial implementation, the position of irregularity effect would follow naturally from the
increased availability of earlier orthographic input and phonological output units. Further-
more, Perry et al. [2] demonstrated that the serialization of their sub-lexical route boosted
item-level correlations significantly. Sensitivity to the serial nature of the reading process also
proved pivotal in the implementation of a verification mechanism for the pronunciation per-
formance simulations.
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Visual input interpretation

In the NDR,, estimations of the time it takes to interpret the visual input are based on a rudi-
mentary measure of the complexity of the visual input. When we developed the model we con-
sidered visual input interpretation peripheral to the linguistic core of the model and primarily
implemented it as a convenient analogy to the feature detection systems in the prc and cpp
models. In our simulations, however, it became clear that the correct simulation of the length
effect in the NDr, depends on the interpretation of the visual input. Given the importance of
the length effect in the reading aloud literature, some further thought about the issue is
warranted.

In its current form the visual input interpretation mechanism is insensitive to differences
between words and non-words. Words and non-words alike are decomposed into letters and
letter bigrams, which in turn activate lexical representations. Evidence from the neuroscience
literature, however, suggests that the early visual processing in occipital brain regions varies
not only as a function of word length [106, 124, 125], but also as a function of lexicality (e.g.
[117, 119], cf. [106, 126] for studies that did not find lexicality-related differences of visual
occipital region activations). Importantly, the visual occipital system is insensitive to linguistic
properties of the input, which suggests that the observed effects of lexicality in this region
reflect a difference in familiarity with the visual input between words and non-words.

A post-hoc analysis of the observed ELp naming latencies revealed that a refinement of the
visual input interpretation mechanism in the NDRr, that takes into account the familiarity of the
visual input at the word level leads to a substantial improvement in item-level correlations.
The predicted values of a simple linear model using as predictors the components of the NDr,
model, but replacing the complexity measure with a frequency-weighted alternative (i.e., Com-
plexity divided by (log) Frequency + backoff constant) showed a correlation of » = 0.544 to the
observed naming latencies. Simply adding this frequency-weighted alternative to the NDRr,
model, however, led to a poor qualitative performance of the model. Nonetheless, a visual
input interpretation mechanism that takes into account the familiarity of the visual input in a
more subtle manner may well lead to further improvements in the performance of the NDr,
model. Such a visual complexity measure would fit well with the results of familiarization stud-
ies with objects and faces, in which greater occipital activation was found for unfamiliar objects
and faces [127, 128].

Orthographic input units

In the current implementation, orthographic representations in the NDr, model are limited to
letters and letter bigrams. Evidence from the neuroscience literature, however, suggests that
this simple encoding scheme might be an oversimplification of the neurobiological reality of
language processing. Vinckier et al. [129] and Dehaene et al. [130], for instance, found that
visual word recognition is sensitive to a hierarchy of increasingly complex neuronal detectors,
ranging from letters to quadrigrams.

From a discrimination learning perspective the richness of the encoding scheme is an
empirical issue. Language users extract those pieces of information from the input that provide
valuable cues to the outcome. The current simulation results suggest that an encoding scheme
based on letters and letter bigrams is sufficiently rich to capture a wide range of experimental
findings in the reading aloud literature. If future experimental work indicates that higher
order n-grams provide valuable additional information, however, we have no a priori objec-
tions against enriching the orthographic encoding scheme of the NDr,. One possibility would
be to include high frequency, but not low frequency letter n-grams as cues. Such a frequency-
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dependent coding scheme would help address the familiarity of the input issue raised above as
well.

Phonological output representations

As was the case for the orthographic input level, we also made a decision regarding the grain
size of representations at the phonological output level of the NDRr,. At this level we decided to
use demi-syllables [32]. The use of demi-syllables, however, is not free of problems. A verifica-
tion mechanism added on top of the discrimination learning core of the NDR, in its current
form, for instance, does not have access to the information required to correctly pronounce
non-words that contain non-existent demi-syllables. As an example, the predominant pronun-
ciation of the non-word filced is [fIlst], which includes the non-existent demi-syllable [Ilst].
Without a corresponding representation in the NDR,, a checking mechanism cannot simulate
the pronunciation of this demi-syllable.

Demi-syllables offered an easy-to-implement approximation of acoustic gestures that
proved adequate for the current purposes. While this approximation worked well in the simu-
lations reported here and shows that phoneme representations are superfluous for modeling
reading aloud, we believe that an implementation of acoustic gestures at a finer grain size that
more accurately reflects the biological reality of speech production would further improve the
performance of the NDRr, and help develop an extension of the model to auditory language pro-
cessing. One option worth exploring in future research is the use of time-sensitive gestural
scores as used in articulatory phonology (see, e.g. [131-134]).

Consistency effects in a lexical architecture

The effects of consistency and regularity have been important benchmark effects for models of
reading aloud. The prc model [1] successfully simulates the factorial effect of regularity (see,
e.g. [84-87]) through the grapheme-to-phoneme conversion rules in its sub-lexical route.
These rules, however, operate in an all-or-none fashion. As a result, the prc model does not
capture graded consistency effects [8, 18, 76, 91], which require the activation of not only the
most common grapheme to phoneme mappings, but also that of other, less common
mappings.

To overcome the difficulties of the brc model, the cop model uses the TLA sub-lexical net-
work [24, 94] in its sub-lexical route. As noted by Perry et al. [2], the TLA sub-lexical network is
a simple two-layer learning network that operates on the basis of the delta rule [25]. One
advantage of learning models over rule-based models is that they allow non-target words to
influence the naming process [102]. Consequently, the TLA network allows for the successful
simulation of graded consistency effects. In the cop model the successful simulation of consis-
tency effects, therefore, is a result of the associative learning in the sub-lexical route [2].

By contrast, Coltheart et al. [1] suggest that consistency effects might arise in the lexical
route as a result of neighborhood characteristics. Perry et al. [2] (p. 276) contest this claim,
stating that “such influences are too weak to account for the majority of the consistency effects
reported in the literature”. They support this claim by showing that consistency effects are still
captured by a purely feedforward version of the cop+ in which the activation of orthographic
neighbors is completely disabled. The fact that a sub-lexical network can generate consistency
effects, however, does not provide conclusive evidence for the claim that a lexical network
cannot.

To demonstrate this point we implemented a purely sub-lexical version of the NDR,, in
which orthographic units are mapped directly onto phonological outcomes. This sub-lexical
version of the NDR, captures the linear effects of consistency (¢ = —3.661, f = —0.080), regularity
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(t=-9.078, B = —0.401) and friends minus enemies (t = —2.789, § = —0.061). The simulations
with the original NDR, model, however, showed that all these effects can be captured in a lexical
architecture as well. The fact that a sub-lexical network can capture the effects of consistency
therefore does not imply that such a sub-lexical network is a necessary component of a model
of reading aloud. The necessity for a sub-lexical route in the cop+ model may not reflect the
psychological reality of such a route, but instead display the shortcomings of the interaction
activation model [20] that underlies the lexical route of the cobp model. We return to this issue
in the next section.

In the lexical architecture of the NDRr,, regularity and consistency effects arise due to the co-
activation of lexical items with similar orthographies. The co-activated lexical representations
of consistent/regular words help co-activate the target word phonology, whereas the co-acti-
vated lexical representations of inconsistent/irregular words activate non-target phonological
features. As a result, co-activated words help target word naming if and only if their orthogra-
phy to phonology mapping is consistent with the orthography to phonology mapping for the
target word. In line with the suggestions of Coltheart et al. [1], consistency effects in the NDRr,
therefore arise through neighborhood characteristics. These neighborhood characteristics did
not only prove sufficient to simulate the observed effects of regularity and consistency in isola-
tion, but also captured the complex interplay of these predictors as well as the interaction of
consistency with friend-enemy measures [91, 95] and frequency [84-87]. Furthermore, the
NDR, captures the graded consistency effect for non-words [90, 92]. As such, the NDR, correctly
simulates the complex and challenging pattern of results for various orthography-to-phonol-
ogy consistency measures through a purely lexical architecture.

Learning

The cop model is a hybrid model that was built from a nested modeling perspective. The idea
behind nested modeling is that a new model should be based on its predecessors [135]. Perry
et al. [2] therefore evaluated the strengths and weaknesses of the different components of the
DRC and the cop models. They found the rule-based sub-lexical route of the brc model to be
suboptimal and replaced it with the learning network of the cop model [9]. On the other hand,
the lexical route of the cop model was not fully implemented and based on a simple frequency-
weighted activation of a lexical phonology [94]. The lexical route of the cop model was there-
fore replaced with the interactive activation network of the prc model [1, 20].

While we see the merit of a nested modeling approach, we are less convinced about the
hybrid nature of the cpr model that resulted from it. Even if a dual-route model were concep-
tually correct one would expect that the lexical and sub-lexical route operate on the basis of
similar neuro-computational mechanisms. The implementation of the lexical route of the cpp
model seems particularly implausible given the fact that interactive activation models avoid
the issue of learning (see, e.g. [6]). Perry et al. [2] (p. 303-304) acknowledge this problem and
consider the lack of learning in the lexical route one of the limitations of the cop+ model. In
addition, Perry et al. [2] state, the interactive activation model has been shown to fail to
account for a number of findings in the lexical decision literature (see, e.g. [22, 23]). We there-
fore believe that a learning network implementation of the lexical route of the cop model
would be an option worth exploring.

A learning implementation of the lexical route would help establish the necessity for a dual-
route architecture in the cop model. In the current implementation of the cop model the sub-
lexical route has a substantial independent contribution [2]. This independent contribution,
however, could have two sources. First, it could reflect the correctness of a dual-route architec-
ture in which both routes reflect different parts of the language processing that occurs in the
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reading aloud task. Alternatively, however, the independent contribution of the sub-lexical
route of the cop model could be a result of the suboptimal performance of the interactive acti-
vation model in its lexical route. In this case, the variance that is currently explained by the
sub-lexical route of the cpp could also be explained by a better optimized lexical route. The
finding that the addition of a sub-lexical learning network did not improve the performance of
the NDR, is consistent with such an interpretation.

Conclusions

We presented the NDR,, a single-route model of response times in the reading aloud task based
on the fundamental principles of discriminative learning. The NDR, is an extension of the NDR
model by Baayen et al. [6] for silent reading. We showed that the NDRr, provides a good overall
fit to observed naming latencies. Through the use of generalized additive models we also
demonstrated that the NDRr, successfully simulates not only the linear, but also the non-linear
characteristics of a wide range of predictor effects and interactions documented in the experi-
mental literature. A principal components analysis of the data furthermore indicated that the
NDR, captures the overall influence of the structure of lexical-distributional space. As such, the
NDR, provides an alternative to leading models of reading aloud, such as the prc [1], cop+ [2],
and cpp++ [5] models.

The NDR, model is a major advancement over existing models of reading aloud in two ways.
First, the computational engine of the NDRr, is based on the well-established learning algorithm
provided by the Rescorla-Wagner [28] equations. Given that the Rescorla-Wagner equations
have been characterized as a general probabilistic learning mechanism [136, 137], the compu-
tational core of the model has increased biological plausibility over models that assume lan-
guage-specific processing mechanisms (see [6, 138]).

The learning architecture of the NDR, stands in contrast to the lexical route of the DRc, cDpP+,
and cpp++ models, which is based on the interactive activation model of McClelland and
Rumelhart [20]. In the current implementation of the cor+ model, for instance, the contribu-
tion of the lexical route is “limited to the provision of frequency-weighted lexical phonology”
[2] (p. 303). Perry et al. (2007) [2] (p. 303-304) acknowledge the problems associated with the
interactive activation model in their lexical route and name the lack of learning in the lexical
route of the cpp+ as one of its shortcomings.

The discriminative learning mechanism underlying the NDRr, also differs substantially from
the connectionist networks that form the computational basis of the different versions of the
triangle model (see, e.g. [4, 7, 139, 140]). As noted by Baayen et al. [138], the computational
engine of the NDRr, is much simpler than that of connectionist models. The NDr, learning net-
works directly map input units onto outcomes, without the intervention of one or more layers
of hidden units (Note, however, that the latest version of the triangle model does not contain
hidden layer units, but, instead, operates on the basis of a direct mapping between input units
and outcomes [4]). The NDR, is therefore more transparent than connectionist models, with
activations of output units representing simple posterior probability estimates of outcomes
given input units. In addition, in contrast to connectionist models the NDr, does not rely on
the neurobiologically implausible process of back-propagation learning.

The second major advancement of the NDR, is that it uses a single lexical route architecture
for both word and non-word naming. We showed that a single lexical route based on discrimi-
native learning not only provided a good overall fit to observed naming latencies, but also cap-
tured a number of experimental results that are typically attributed to processes in the sub-
lexical route. The non-linear main effects and interactions of consistency and regularity mea-
sures, for instance, are accurately captured by the NDRr,. In addition, we showed that the NDRr,

PLOS ONE | https://doi.org/10.1371/journal.pone.0218802 July 31,2019 55/63


https://doi.org/10.1371/journal.pone.0218802

@ PLOS|ONE

NDRAa: A single route model of reading aloud based on discriminative learning

makes predictions for non-word naming that are highly similar to those of state-of-the-art
dual-route models. Furthermore, we documented the existence of a non-word frequency effect
in the classic [58] non-word reading latencies, which provides evidence for the involvement of
a lexical route architecture in non-word naming.

The single-route architecture stands in contrast to the dual-route architectures of leading
models of reading aloud, including both traditional dual-route models such as the prc [1, 20],
cpp [9], cop+ [2] and cop++ [5] and the most recent versions of the triangle model (see, e.g.
[4]). These models contain both a direct orthography to phonology mapping and an orthogra-
phy to phonology route that is mediated by semantics. While the sub-lexical route of the cop
models has a significant contribution to the model performance (see [2]), we demonstrated
that the addition of a sub-lexical discriminative learning network does not improve the perfor-
mance of the NDR, model.

The current implementation of the NDRr,, however, provides a highly simplified window on
reading aloud. At both the orthographic and the phonological level we make use of discrete
representations at a highly restricted subset of possible grain sizes. Findings from the neurosci-
ence literature (see, e.g. [129, 130] suggest that a more flexible system operating over multiple
grain sizes may further improve the performance of the model.

In addition, the simulations reported here focused on the unimpaired language processing
system. A substantial amount of work has been carried out on impaired language processing
in both surface and deep dyslexia patients (see, e.g. [141, 142]). It will be interesting to see to
what extent selective lesioning of the discriminative learning networks could capture the pat-
terns of results seen in these patients. One possibility is that the pre-frontal structures and con-
flict resolution skills that underlie target pronunciation selection in the NDR, may not be as
easily accessible when the system is lesioned, possibly due to capacity limitations. Such an
interpretation would fit well with the findings of Hendriks and Kolk [143], who demonstrated
that the behavioral symptoms used to classify dyslexic patients into deep and surface dyslexia
arise not only as a result of deficiencies in the language processing system, but also due to stra-
tegic choices in the context of the task at hand.

Furthermore, similar to the cop+ model, the current implementation of the NDR, processes
mono-syllabic words only. Perry et al. [5] extended the cpp+ to allow for the processing of
both mono- and bi-syllabic words, which resulted in the cop++ model. The extension of the
NDR, to reading beyond the single syllable level is a further topic to explore in future research.

In its current state, however, the NDR, provides a single-route alternative to state-of-the-art
dual route models of response times in the reading aloud task that is based on a simple general
learning algorithm and that—with a parsimonious architecture—accurately captures many of
the linear and non-linear patterns in experimental word and non-word reading data.

Author Contributions

Conceptualization: Peter Hendrix, Michael Ramscar, Harald Baayen.
Data curation: Peter Hendrix.

Formal analysis: Peter Hendrix.

Funding acquisition: Peter Hendrix.

Investigation: Peter Hendrix.

Methodology: Peter Hendrix.

Project administration: Peter Hendrix.

PLOS ONE | https://doi.org/10.1371/journal.pone.0218802 July 31,2019 56/63


https://doi.org/10.1371/journal.pone.0218802

@ PLOS|ONE

NDRAa: A single route model of reading aloud based on discriminative learning

Supervision: Harald Baayen.

Validation: Peter Hendrix.

Visualization: Peter Hendrix.

Writing - original draft: Peter Hendrix, Michael Ramscar.

Writing - review & editing: Peter Hendrix, Michael Ramscar, Harald Baayen.

References

1. Coltheart M, Rastle K, Perry C, Langdon R, Ziegler J. The DRC model: A model of visual word recogni-
tion and reading aloud. Psychological Review. 2001; 108:204-258.

2. PerryC, Ziegler JC, Zorzi M. Nested incremental modeling in the development of computational theo-
ries: the CDP+ model of reading aloud. Psychological Review. 2007; 114(2):273-315. https://doi.org/
10.1037/0033-295X.114.2.273 PMID: 17500628

3. Morton J. The Interaction of Information in Word Recognition. Psychological Review. 1969; 76:165—
178. https://doi.org/10.1037/h0027366

4. Harm MW, Seidenberg MS. Computing the meanings of words in reading: Cooperative division of
labor between visual and phonological processes. Psychological Review. 2004; 111:662—720. https:/
doi.org/10.1037/0033-295X.111.3.662 PMID: 15250780

5. PerryC, Ziegler JC, Zorzi M. Beyond single syllables: Large-scale modeling of reading aloud with the
Connectionist Dual Process (CDP++) model. Cognitive Psychology. 2010; 61(2):106—151. https://doi.
org/10.1016/j.cogpsych.2010.04.001 PMID: 20510406

6. Baayen RH, Milin P, Filipovi¢ Durdevi¢ D, Hendrix P, Marelli M. An amorphous model for morphologi-
cal processing in visual comprehension based on naive discriminative learning. Psychological Review.
2011; 118:438-482. https://doi.org/10.1037/a0023851 PMID: 21744979

7. Seidenberg MS, McClelland JL. A distributed, developmental model of word recognition and naming.
Psychological Review. 1989; 96:523-568. https://doi.org/10.1037/0033-295X.96.4.523 PMID: 2798649

8. Plaut DC, McClelland JL, Seidenberg MS, Patterson K. Understanding normal and impaired word
reading: Computational principles in quasi-regular domains. Psychological Review. 1996; 103:56—
115. https://doi.org/10.1037/0033-295X.103.1.56 PMID: 8650300

9. Zorzi M, Houghton G, Butterworth B. Two routes or one in reading aloud? A connectionist dual-pro-
cess model. Journal of Experimental Psychology: Human Perception and Performance. 1998;
24:1131-1161.

10. Wickelgren WA. Context-sensitive coding, associative memory, and serial order in (speech) behavior.
Psychological Review. 1969; 76:1—15. https://doi.org/10.1037/h0026823

11. Seidenberg MS. Connectionist Models of Reading. In: Gaskell G, editor. The Oxford Handbook of Psy-
cholinguistics. Oxford: University Press; 2006. p. 235-250.

12. Rumelhart DE, Hinton GE, Williams RJ. Learning Internal Representations by Error Propagation. In:
Rumelhart DE, McClelland JL, editors. Parallel Distributed Processing. Explorations in the Microstruc-
ture of Cognition. Vol. 1: Foundations. Cambridge, Mass.: The MIT Press; 1986. p. 318-364.

13. Crick FHC. The recent excitement about neural networks. Nature. 1989; 337:129-132. https://doi.org/
10.1038/337129a0 PMID: 2911347

14. Murre JMJ, Phaf RH, Wolters G. CALM: Categorizing and learning module. Neural Networks. 1992;
5:55-82. https://doi.org/10.1016/S0893-6080(05)80007-3

15. O’Reilly RC. Six principles for biologically based computational models of cortical cognition. Trends in
Cognitive Science. 1998; 2:455-462. https://doi.org/10.1016/S1364-6613(98)01241-8

16. O’Reilly RC. Generalization in interactive networks: The benefits of inhibitory competition and Hebbian
learning. Neural Computation. 2001; p. 1199-1242. https://doi.org/10.1162/08997660152002834
PMID: 11387044

17. Rumelhart DE, Siple P. Process of recognizing tachistoscopically presented words. Psychological
Review. 1974; 81:99—-118. hitps://doi.org/10.1037/h0036117 PMID: 4817613

18. Rastle K, Coltheart M. Serial and strategic effects in reading aloud. Journal of Experimental Psychol-
ogy: Human Perception and Performance. 1999; 25:482-503.

19. Pritchard SC, Coltheart M, Marinus E, Castles A. Modelling the implicit learning of phonological decod-

ing from training on whole-word spellings and pronunciations. Scientific Studies of Reading. 2016;
20(1):49-63. https://doi.org/10.1080/10888438.2015.1085384

PLOS ONE | https://doi.org/10.1371/journal.pone.0218802 July 31,2019 57/63


https://doi.org/10.1037/0033-295X.114.2.273
https://doi.org/10.1037/0033-295X.114.2.273
http://www.ncbi.nlm.nih.gov/pubmed/17500628
https://doi.org/10.1037/h0027366
https://doi.org/10.1037/0033-295X.111.3.662
https://doi.org/10.1037/0033-295X.111.3.662
http://www.ncbi.nlm.nih.gov/pubmed/15250780
https://doi.org/10.1016/j.cogpsych.2010.04.001
https://doi.org/10.1016/j.cogpsych.2010.04.001
http://www.ncbi.nlm.nih.gov/pubmed/20510406
https://doi.org/10.1037/a0023851
http://www.ncbi.nlm.nih.gov/pubmed/21744979
https://doi.org/10.1037/0033-295X.96.4.523
http://www.ncbi.nlm.nih.gov/pubmed/2798649
https://doi.org/10.1037/0033-295X.103.1.56
http://www.ncbi.nlm.nih.gov/pubmed/8650300
https://doi.org/10.1037/h0026823
https://doi.org/10.1038/337129a0
https://doi.org/10.1038/337129a0
http://www.ncbi.nlm.nih.gov/pubmed/2911347
https://doi.org/10.1016/S0893-6080(05)80007-3
https://doi.org/10.1016/S1364-6613(98)01241-8
https://doi.org/10.1162/08997660152002834
http://www.ncbi.nlm.nih.gov/pubmed/11387044
https://doi.org/10.1037/h0036117
http://www.ncbi.nlm.nih.gov/pubmed/4817613
https://doi.org/10.1080/10888438.2015.1085384
https://doi.org/10.1371/journal.pone.0218802

@ PLOS|ONE

NDRAa: A single route model of reading aloud based on discriminative learning

20.

21,

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

McClelland JL, Rumelhart DE. An interactive activation model of context effects in letter perception:
Part |. An account of the basic findings. Psychological Review. 1981; 88:375—-407. https://doi.org/10.
1037/0033-295X.88.5.375

Pritchard SC, Coltheart M, Marinus E, Castles A. A Computational Model of the Self-Teaching Hypoth-
esis Based on the Dual-Route Cascaded Model of Reading. Cognitive Science. 2018; 42(3):722-770.
https://doi.org/10.1111/cogs.12571 PMID: 29566266

Andrews S. Lexical retrieval and selection processes: Effects of transposed-letter confusability. Jour-
nal of Memory and Language. 1996; 35:775-800. https://doi.org/10.1006/jmla.1996.0040

Ziegler JC, Perry C. No more problems in Coltheart’s neighborhood: Resolving neighborhood conflicts
in the lexical decision task. Cognition. 1998; 68:B53-B62. https://doi.org/10.1016/S0010-0277(98)
00047-X PMID: 9818513

Zorzi M, Houghton G, Butterworth B. The development of spelling-sound relationships in a model of
phonological reading. Language and Cognitive Processes. 1998; 13:337-371. https://doi.org/10.1080/
016909698386555

Widrow G, Hoff ME. Adaptive switching circuits. In: Institute of Radio Engineers, Western Electronic
Show and Convention record, Part 4. New York: Institute of Radio Engineers; 1960. p. 96—104.

Siegel S, Allan LG. The widespread influence of the Rescorla-Wagner model. Psychonomic Bulletin &
Review. 1996; 3(3):314-321. https://doi.org/10.3758/BF03210755

Houghton G, Zorzi M. Normal and impaired spelling in a connectionist dual-route architecture. Cognitive
Neuropsychology. 2003; 20:115-162. https://doi.org/10.1080/02643290242000871 PMID: 20957568

Rescorla RA, Wagner AR. A theory of Pavlovian conditioning: Variations in the effectiveness of rein-
forcement and nonreinforcement. In: Black AH, Prokasy WF, editors. Classical Conditioning Il. New
York: Appleton-Century-Crofts; 1972. p. 64-99.

Aronoff M. Morphology by Itself: Stems and Inflectional Classes. Cambridge, Mass.: The MIT Press;
1994.

Danks D. Equilibria of the Rescorla-Wagner model. Journal of Mathematical Psychology. 2003; 47
(2):109—121. https://doi.org/10.1016/S0022-2496(02)00016-0

Han J, Kamber M. Data Mining: Concepts and Techniques. The Morgan Kaufman Series in Data Man-
agement Systems. 2000.

Klatt DH. Speech perception: a model of acoustic-phonetic analysis and lexical access. Journal of
Phonetics. 1979; 7:279-312.

Baayen RH, Piepenbrock R, Gulikers L. The CELEX lexical database (CD-ROM). University of Penn-
sylvania, Philadelphia, PA: Linguistic Data Consortium; 1995.

Ramscar M, Yarlett D, Dye M, Denny K, Thorpe K. The Effects of Feature-Label-Order and their impli-
cations for symbolic learning. Cognitive Science. 2010; 34(7):909-957. https://doi.org/10.1111/.1551-
6709.2009.01092.x PMID: 21564239

Friston K. A theory of cortical responses. Phil Trans R Soc B. 2005; 360:815-836. https://doi.org/10.
1098/rstb.2005.1622 PMID: 15937014

Shannon CE. A Mathematical Theory of Communication. Bell System Technical Journal. 1948;
27:379-423. https://doi.org/10.1002/j.1538-7305.1948.tb01338.x

Ramscar M, Dye M, Gustafson JW, Klein J. Dual Routes to Cognitive Flexibility: Learning and
Response-Conflict Resolution in the Dimensional Change Card Sort Task. Child Development. 2013;
84(4):1308-13283. https://doi.org/10.1111/cdev.12044 PMID: 23311677

Yeung N, Cohen JD, Botvinick MM. The neural basis of error detection: conflict monitoring and the
error-related negativity. Psychological Review. 2004; 111:931-959. https://doi.org/10.1037/0033-
295X.111.4.931 PMID: 15482068

Novick JM, Trueswell JC, Thompson-Schill SL. Broca’s Area and Language Processing: Evidence for
the Cognitive Control Connection. Language and Linguistics Compass. 2010; 4(10):906-924. https://
doi.org/10.1111/j.1749-818X.2010.00244.x

Dell GS. A Spreading-Activation Theory of Retrieval in Sentence Production. Psychological Review.
1986; 93:283-321. https://doi.org/10.1037/0033-295X.93.3.283 PMID: 3749399

Levelt WJM, Roelofs A, Meyer AS. A theory of lexical access in speech production. Behavioral and
Brain Sciences. 1999; 22:1-38. https://doi.org/10.1017/S0140525X99001776 PMID: 11301520

Botvinick MM, Cohen JD, Carter CS. Conflict monitoring and anterior cingulate cortex: An update.
Trends in Cognitive Science. 2004; 8:539-546. https://doi.org/10.1016/j.tics.2004.10.003

Milham MP, Banich MT, Barad V. Competition for priority in processing increases prefrontal cortex’s
involvement in top-down control: An event-related fMRI study of the Stroop task. Cognitive Brain
Research. 2003; 17:212-222. https://doi.org/10.1016/S0926-6410(03)00108-3 PMID: 12880892

PLOS ONE | https://doi.org/10.1371/journal.pone.0218802 July 31,2019 58/63


https://doi.org/10.1037/0033-295X.88.5.375
https://doi.org/10.1037/0033-295X.88.5.375
https://doi.org/10.1111/cogs.12571
http://www.ncbi.nlm.nih.gov/pubmed/29566266
https://doi.org/10.1006/jmla.1996.0040
https://doi.org/10.1016/S0010-0277(98)00047-X
https://doi.org/10.1016/S0010-0277(98)00047-X
http://www.ncbi.nlm.nih.gov/pubmed/9818513
https://doi.org/10.1080/016909698386555
https://doi.org/10.1080/016909698386555
https://doi.org/10.3758/BF03210755
https://doi.org/10.1080/02643290242000871
http://www.ncbi.nlm.nih.gov/pubmed/20957568
https://doi.org/10.1016/S0022-2496(02)00016-0
https://doi.org/10.1111/j.1551-6709.2009.01092.x
https://doi.org/10.1111/j.1551-6709.2009.01092.x
http://www.ncbi.nlm.nih.gov/pubmed/21564239
https://doi.org/10.1098/rstb.2005.1622
https://doi.org/10.1098/rstb.2005.1622
http://www.ncbi.nlm.nih.gov/pubmed/15937014
https://doi.org/10.1002/j.1538-7305.1948.tb01338.x
https://doi.org/10.1111/cdev.12044
http://www.ncbi.nlm.nih.gov/pubmed/23311677
https://doi.org/10.1037/0033-295X.111.4.931
https://doi.org/10.1037/0033-295X.111.4.931
http://www.ncbi.nlm.nih.gov/pubmed/15482068
https://doi.org/10.1111/j.1749-818X.2010.00244.x
https://doi.org/10.1111/j.1749-818X.2010.00244.x
https://doi.org/10.1037/0033-295X.93.3.283
http://www.ncbi.nlm.nih.gov/pubmed/3749399
https://doi.org/10.1017/S0140525X99001776
http://www.ncbi.nlm.nih.gov/pubmed/11301520
https://doi.org/10.1016/j.tics.2004.10.003
https://doi.org/10.1016/S0926-6410(03)00108-3
http://www.ncbi.nlm.nih.gov/pubmed/12880892
https://doi.org/10.1371/journal.pone.0218802

@ PLOS|ONE

NDRAa: A single route model of reading aloud based on discriminative learning

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.
57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

Grindrod CM, Bilenko NY, Myers EB, Blumstein SE. The role of the left inferior frontal gyrus in implicit
semantic competition and selection: An event-related fMRI study. Brain Research. 2008; 1229:167—
178. https://doi.org/10.1016/j.brainres.2008.07.017 PMID: 18656462

Thompson-Schill SL, D’Esposito M, Aguirre GK, Farah MJ. Role of left inferior prefrontal cortex in
retrieval of semantic knowledge: A reevaluation. Proceedings of the National Academy of Sciences.
1997; 94:14792-14797. https://doi.org/10.1073/pnas.94.26.14792

Kan IP, Thompson-Schill SL. Effect of name agreement on prefrontal activity during overt and covert
picture naming. Cognitive, Affective, & Behavioral Neuroscience. 2004; 4:43-57. https://doi.org/10.
3758/CABN.4.1.43

Snyder HR, Feigenson K, Thompson-Schill SL. Prefrontal cortical response to conflict during semantic
and phonological tasks. Journal of Cognitive Neuroscience. 2007; 19:761-775. https://doi.org/10.
1162/jocn.2007.19.5.761 PMID: 17488203

Brants T, Franz A. Web 1T 5-gram. Version 1. Philadelphia: Linguistic Data Consortium; 2006.

Balota DA, Yap MJ, Cortese MJ, Hutchinson K, Kessler B, Loftis B, et al. The English Lexicon Project.
Behavior Research Methods. 2007; 39(3):445—-459. https://doi.org/10.3758/BF03193014 PMID:
17958156

Rastle K, Harrington J, Coltheart M. 358,534 nonwords: The ARC Nonword Database. Quarterly Jour-
nal of Experimental Psychology. 2002; 55A:1339-1362. https://doi.org/10.1080/02724980244000099

Baayen RH. languageR: Data sets and functions with “Analyzing Linguistic Data: A practical introduc-
tion to statistics”.; 2011. Available from: http://CRAN.R-project.org/package=languageR.

Hendrix P. NDRa: Naive Discriminative Reading Aloud.; 2019. Available from: https://github.com/
PeterHendrix13/NDRa.

Adelman JS, Brown GDA. Methods of testing and diagnosing model error: Dual and single route cas-
caded models of reading aloud. Journal of Memory and Language. 2008; 59:524—544. https://doi.org/
10.1016/j.jml.2007.11.008

Seidenberg MS, Plaut DC. Progress in understanding word reading: Data fitting versus theory building.
In: Andrews S, editor. From inkmarks to ideas: Current issues in lexical processing. Hove, UK: Psy-
chology Press; 2006. p. 25—49.

Hastie T, Tibshirani R. Generalized additive models (with discussion). Statistical Science. 1986; 1
(3):297-318.

Wood S. Generalized Additive Models. New York: Chapman & Hall/CRC; 2006.

Akaike H. A new look at the statistical model identification. IEEE Transactions on Automatic Control.
1974; 19(6):716-723. https://doi.org/10.1109/TAC.1974.1100705

McCann R, Besner D. Reading pseudohomophones: Implications for models of pronunciation assem-
bly and the locus of word frequency effects in naming. Journal of Experimental Psychology: Human
Perception and Performance. 1987; 13:14-24.

Weekes BS. Differential effects of number of letters on word and nonword naming latency. Quarterly
Journal of Experimental Psychology: Human Experimental Psychology. 1997; 50:439-456. https://doi.
org/10.1080/713755710

Ziegler JC, Perry C, Jacobs AM, Braun M. Identical words are read differently in different languages.
Psychological Science. 2001; 12:379-384. https://doi.org/10.1111/1467-9280.00370 PMID:
11554670

Spieler DH, Balota DA. Bringing computational models of word naming down to the item level. Psycho-
logical Science. 1997; 6:411-416. https://doi.org/10.1111/j.1467-9280.1997.tb00453.x

Richardson JTE. The effects of stimulus attributes on latency of word recognition. British Journal of
Psychology. 1976; 67:315-325. https://doi.org/10.1111/].2044-8295.1976.tb01518.x PMID: 974448

Frederiksen JR, Kroll JF. Spelling and sound: Approaches to the internal lexicon. Journal of Experi-
mental Psychology: Human Perception and Performance. 1976; 2:361-379.

Henderson L. Orthography and word recognition in reading. London: Academic Press; 1982.

Balota DA, Chumbley JI. The locus of word-frequency effects in the pronunciation task: Lexical access
and/or pronunciation? Journal of Memory and Language. 1985; 24:89-106. https://doi.org/10.1016/
0749-596X(85)90017-8

Jared D, Seidenberg MS. Naming multisyllabic words. Journal of Experimental Psychology: Human
Perception and Performance. 1990; 16(1):92—105. PMID: 2137526

Seidenberg MS, McClelland JL. More words but still no lexicon: Reply to Besner et al. Psychological
Review. 1990; 97(3):447—-452. https://doi.org/10.1037/0033-295X.97.3.447

Baayen RH, Feldman L, Schreuder R. Morphological influences on the recognition of monosyllabic
monomorphemic words. Journal of Memory and Language. 2006; 53:496-512.

PLOS ONE | https://doi.org/10.1371/journal.pone.0218802 July 31,2019 59/63


https://doi.org/10.1016/j.brainres.2008.07.017
http://www.ncbi.nlm.nih.gov/pubmed/18656462
https://doi.org/10.1073/pnas.94.26.14792
https://doi.org/10.3758/CABN.4.1.43
https://doi.org/10.3758/CABN.4.1.43
https://doi.org/10.1162/jocn.2007.19.5.761
https://doi.org/10.1162/jocn.2007.19.5.761
http://www.ncbi.nlm.nih.gov/pubmed/17488203
https://doi.org/10.3758/BF03193014
http://www.ncbi.nlm.nih.gov/pubmed/17958156
https://doi.org/10.1080/02724980244000099
http://CRAN.R-project.org/package=languageR
https://github.com/PeterHendrix13/NDRa
https://github.com/PeterHendrix13/NDRa
https://doi.org/10.1016/j.jml.2007.11.008
https://doi.org/10.1016/j.jml.2007.11.008
https://doi.org/10.1109/TAC.1974.1100705
https://doi.org/10.1080/713755710
https://doi.org/10.1080/713755710
https://doi.org/10.1111/1467-9280.00370
http://www.ncbi.nlm.nih.gov/pubmed/11554670
https://doi.org/10.1111/j.1467-9280.1997.tb00453.x
https://doi.org/10.1111/j.2044-8295.1976.tb01518.x
http://www.ncbi.nlm.nih.gov/pubmed/974448
https://doi.org/10.1016/0749-596X(85)90017-8
https://doi.org/10.1016/0749-596X(85)90017-8
http://www.ncbi.nlm.nih.gov/pubmed/2137526
https://doi.org/10.1037/0033-295X.97.3.447
https://doi.org/10.1371/journal.pone.0218802

@ PLOS|ONE

NDRAa: A single route model of reading aloud based on discriminative learning

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

Andrews S. Frequency and neighborhood effects on lexical access: Activation or search? Journal of
Experimental Psychology: Learning, Memory, and Cognition. 1989; 15:802—-814.

Andrews S. Frequency and neighborhood effects on lexical access: Lexical similarity or orthographic
redundancy? Journal of Experimental Psychology: Learning, Memory, & Cognition. 1992; 18:234—
254,

Andrews S. The effect of orthographic similarity on lexical retrieval: Resolving neighborhood conflicts.
Psychonomic Bulletin and Review. 1997; 4:439-461. https://doi.org/10.3758/BF03214334

Grainger J. Word frequency and neighborhood frequency effects in lexical decision and naming. Jour-
nal of Memory and Language. 1990; 29:228—-244. https://doi.org/10.1016/0749-596X(90)90074-A

Coltheart V, Laxon VJ, Keating C. Effects of word imageability and age of acquisition on children’s
reading. British Journal of Psychology. 1988; 79:1-12. https://doi.org/10.1111/j.2044-8295.1988.
tb02270.x

Mulatti C, Reynolds MG, Besner D. Neighborhood effects in reading aloud: New findings and new
challenges for computational models. Journal of Experimental Psychology: Human Perception and
Performance. 2006; 32:799-810. https://doi.org/10.1037/0096-1523.32.4.799 PMID: 16846280

Brown GDA. Resolving inconsistency: A computational model of word naming. Journal of Memory and
Language. 1987; 26:1-23. https://doi.org/10.1016/0749-596X(87)90059-3

Jared D, McRae K, Seidenberg MS. The basis of consistency effects in word naming. Journal of Mem-
ory and Language. 1990; 29:687—-715. https://doi.org/10.1016/0749-596X(90)90044-Z

Friedman L, Wall M. Graphical views of suppression and multicollinearity in multiple regression. The
American Statistician. 2005; 59:127-136. https://doi.org/10.1198/000313005X41337

Taft M, Russell B. Pseudohomophone naming and the word frequency effect. Quarterly Journal of
Experimental Psychology: Human Experimental Psychology. 1992; 45:51-71. https://doi.org/10.1080/
14640749208401315

Seidenberg MS, Petersen A, MacDonald MC, Plaut DC. Pseudohomophone effects and models of
word recognition. Journal of Experimental Psychology: Learning, Memory, and Cognition. 1996;
22:48-72. PMID: 8648290

Reynolds M, Besner D. Basic processes in reading: A critical review of pseudohomophone effects in
reading aloud and a new computational account. Psychonomic Bulletin and Review. 2005; 12:622—
646. https://doi.org/10.3758/BF03196752 PMID: 16447376

Borowsky R, Owen WJ, Masson MEJ. Diagnostics of phonological lexical processing: Pseudohomo-
phone naming advantages, disadvantages, and baseword frequency effects. Memory and Cognition.
2002; 30:969-987. https://doi.org/10.3758/BF03195781 PMID: 12450099

Marmurek HHC, Kwantes PJ. Reading words and wirds: Phonology and lexical access. Quarterly
Journal of Experimental Psychology. 1996; 49:696—714. https://doi.org/10.1080/713755634

Balota DA, Cortese M, Sergent-Marshall S, Spieler D, Yap M. Visual word recognition for single-sylla-
ble words. Journal of Experimental Psychology:General. 2004; 133:283-316. https://doi.org/10.1037/
0096-3445.133.2.283 PMID: 15149254

Seidenberg MS, Plaut DC, Petersen AS, McClelland JL, McRae K. Nonword pronunciation and mod-
els of word recognition. Journal of Experimental Psychology: Human Perception and Performance.
1994; 20:1177-1196. PMID: 7844510

Taraban R, McClelland JL. Consistency effects in word recognition. Journal of Memory and Language.
1987; 26:608—631.

Paap KR, McDonald JE, Schvaneveldt RW, Noel RW. Frequency and pronounceability in visually pre-
sented naming and lexical decision tasks. In: Coltheart M, editor. Attention and performance XllI: The
psychology of reading. Hillsdale NJ: Erlbaum; 1987. p. 221-243.

Paap KR, Noel RW. Dual-route models of print to sound: Still a good horse race. Psychological
Research. 1991; 53:13-24. https://doi.org/10.1007/BF00867328

Coltheart M, Rastle K. Serial processing in reading aloud: Evidence for dual-route models of reading.
Journal of Experimental Psychology: Human Perception and Performance. 1994; 20.

Roberts MA, Rastle K, Coltheart Mf, Besner D. When parallel processing in visual word recognition is
not enough: New evidence from naming. Psychonomic Bulletin and Review. 2003; 10:405—414.
https://doi.org/10.3758/BF03196499 PMID: 12921417

Glushko RJ. The organization and activation of orthographic knowledge in reading aloud. Journal of
Experimental Psychology: Human Perception and Performance. 1979; 5:674—691.

Jared D. Spelling-sound consistency affects the naming of high frequency words. Journal of Memory
and Language. 1997; 36:505-529. https://doi.org/10.1006/jmla.1997.2496

PLOS ONE | https://doi.org/10.1371/journal.pone.0218802 July 31,2019 60/63


https://doi.org/10.3758/BF03214334
https://doi.org/10.1016/0749-596X(90)90074-A
https://doi.org/10.1111/j.2044-8295.1988.tb02270.x
https://doi.org/10.1111/j.2044-8295.1988.tb02270.x
https://doi.org/10.1037/0096-1523.32.4.799
http://www.ncbi.nlm.nih.gov/pubmed/16846280
https://doi.org/10.1016/0749-596X(87)90059-3
https://doi.org/10.1016/0749-596X(90)90044-Z
https://doi.org/10.1198/000313005X41337
https://doi.org/10.1080/14640749208401315
https://doi.org/10.1080/14640749208401315
http://www.ncbi.nlm.nih.gov/pubmed/8648290
https://doi.org/10.3758/BF03196752
http://www.ncbi.nlm.nih.gov/pubmed/16447376
https://doi.org/10.3758/BF03195781
http://www.ncbi.nlm.nih.gov/pubmed/12450099
https://doi.org/10.1080/713755634
https://doi.org/10.1037/0096-3445.133.2.283
https://doi.org/10.1037/0096-3445.133.2.283
http://www.ncbi.nlm.nih.gov/pubmed/15149254
http://www.ncbi.nlm.nih.gov/pubmed/7844510
https://doi.org/10.1007/BF00867328
https://doi.org/10.3758/BF03196499
http://www.ncbi.nlm.nih.gov/pubmed/12921417
https://doi.org/10.1006/jmla.1997.2496
https://doi.org/10.1371/journal.pone.0218802

@ PLOS|ONE

NDRAa: A single route model of reading aloud based on discriminative learning

92,

93.

94,

95.

96.

97.

98.

99.

100.

101.

102.

103.

104.
105.

106.

107.

108.

109.

110.

111.

112,

113.

Andrews S, Scarratt DR. Rule and analogy mechanisms in reading nonwords: Hough dou peapel rede
gnew wirds? Journal of Experimental Psychology: Human Perception and Performance. 1998;
24:1052—-1086.

Zevin JD, Seidenberg MS. Simulating consistency effects and individual differences in nonword
naming. Journal of Memory and Language. 2006; 54:145-160. https://doi.org/10.1016/j.jml.2005.08.
002

Zorzi M. The connectionist dual-process model: Development, skilled performance, and breakdowns
of processing in oral reading [Doctoral dissertation]. University of Trieste. Trieste, Italy; 1999.

Jared D. Spelling-sound consistency and regularity effects in word naming. Journal of Memory and
Language. 2002; 46:723-750. https://doi.org/10.1006/jmla.2001.2827

Forster KI, Chambers SM. Lexical Access and naming Time. Journal of Verbal Learning and Verbal
Behavior. 1973; 12:627-635. https://doi.org/10.1016/S0022-5371(73)80042-8

Miller GA. WordNet: An on-line lexical database. International Journal of Lexicography. 1990; 3:235—
312. https://doi.org/10.1093/ijl/3.4.235

Schreuder R, Baayen RH. How complex simplex words can be. Journal of Memory and Language.
1997; 37:118-139. https://doi.org/10.1006/jmla.1997.2510

Moscoso del Prado Martin F. Paradigmatic Effects in Morphological Processing: Computational and
cross-linguistic experimental studies. MPI Series in Psycholinguistics. Nijmegen, The Netherlands:
Max Planck Institute for Psycholinguistics; 2003.

Balota DA, Spieler DH. The utility of item level analyses in model evaluation: A reply to Seidenberg
and Plaut (1998). Psychological Science. 1998; 9:238—-241.

Seidenberg M, Waters GS. Reading words aloud: a mega study. Bulletin of the Psychonomic Society.
1989; 27:489.

Treiman R, Mullennix J, Bijeljac-Babic R, Richmond-Welty ED. The special role of rimes in the descrip-
tion, use, and acquisition of English orthography. Journal of Experimental Psychology: General. 1995;
124:107-136. https://doi.org/10.1037/0096-3445.124.2.107

Kessler B, Treiman R. Phonetic biases in voice key response time measurements. Journal of Memory
and Language. 2002; 47:145—-171. https://doi.org/10.1006/jmla.2001.2835

Williams EJ. Regression analysis. New York: Wiley; 1959.

Pritchard SC, Coltheart M, Palethorpe S, Castles A. Nonword reading: Comparing dual-route cas-
caded and connectionist dual-process models with human data. Journal of Experimental Psychology:
Human Perception and Performance. 2012; 38(5):1268—1288. https://doi.org/10.1037/a0026703
PMID: 22309087

Wydell TN, Vuorinen T, Helenius P, Salmelin R. Neural correlates of letter-string length and lexicality
during reading in a regular orthography. Journal of Cognitive Neuroscience. 2003; 15:1052—-1062.
https://doi.org/10.1162/089892903770007434 PMID: 14614815

Wilson TW, Leuthold AC, Lewis SM, Georgopoulos AP, Pardo PJ. The time and space of lexicality: a
neuromagnetic view. Experimental Brain Research. 2005; 162(1):1-13. https://doi.org/10.1007/
s00221-004-2099-3 PMID: 15517213

Church JA, Balota DA, Petersen SE, Schlaggor BL. Manipulation of Length and Lexicality Localizes
the Functional Neuroanatomy of Phonological Processing in Adult Readers. Journal of Cognitive Neu-
roscience. 2011; 23(6):1475-1493. https://doi.org/10.1162/jocn.2010.21515 PMID: 20433237

Rumsey JM, Horwitz B, Donohue BC, Nace K, Maisog JM, Andreason PJ. Phonological and ortho-
graphic components of word recognition: A PET-rCBf study. Brain. 1997; 120:739-759. https://doi.
org/10.1093/brain/120.5.739 PMID: 9183247

Jobard G, Crivello F, Tzourio-Mazoyer N. Evaluation of the dual route theory of reading: a meta-analy-
sis of 35 neuroimaging studies. Neuroimage. 2003; p. 693—712. https://doi.org/10.1016/S1053-8119
(03)00343-4 PMID: 14568445

Taylor JSH, Rastle K, Davis MH. Can cognitive models explain brain activation during word and pseu-
doword reading? A meta-analysis of 36 neuroimaging studies. Psychological Bulletin. 2013; 139
(4):766-791. https://doi.org/10.1037/a0030266 PMID: 23046391

Cornelissen PL, Tarkiainen A, Salmelin R. Cortical effects of shifting letter position in letter strings of
varying length. Journal of Cognitive Neuroscience. 2003; 15(5):731-746. https://doi.org/10.1162/
089892903322307447 PMID: 12965046

Juphard A, Vidal JR, Perrone-Bertolatti M, Minotti L, Kahone P, Lachaux JP, et al. Direct Evidence for
Two Different Neural Mechanisms for Reading Familiar and Unfamiliar Words: An Intra-Cerebral
EEG Study. Frontiers of Human Neuroscience. 2011; 5:110. https://doi.org/10.3389/fnhum.2011.
00101

PLOS ONE | https://doi.org/10.1371/journal.pone.0218802 July 31,2019 61/63


https://doi.org/10.1016/j.jml.2005.08.002
https://doi.org/10.1016/j.jml.2005.08.002
https://doi.org/10.1006/jmla.2001.2827
https://doi.org/10.1016/S0022-5371(73)80042-8
https://doi.org/10.1093/ijl/3.4.235
https://doi.org/10.1006/jmla.1997.2510
https://doi.org/10.1037/0096-3445.124.2.107
https://doi.org/10.1006/jmla.2001.2835
https://doi.org/10.1037/a0026703
http://www.ncbi.nlm.nih.gov/pubmed/22309087
https://doi.org/10.1162/089892903770007434
http://www.ncbi.nlm.nih.gov/pubmed/14614815
https://doi.org/10.1007/s00221-004-2099-3
https://doi.org/10.1007/s00221-004-2099-3
http://www.ncbi.nlm.nih.gov/pubmed/15517213
https://doi.org/10.1162/jocn.2010.21515
http://www.ncbi.nlm.nih.gov/pubmed/20433237
https://doi.org/10.1093/brain/120.5.739
https://doi.org/10.1093/brain/120.5.739
http://www.ncbi.nlm.nih.gov/pubmed/9183247
https://doi.org/10.1016/S1053-8119(03)00343-4
https://doi.org/10.1016/S1053-8119(03)00343-4
http://www.ncbi.nlm.nih.gov/pubmed/14568445
https://doi.org/10.1037/a0030266
http://www.ncbi.nlm.nih.gov/pubmed/23046391
https://doi.org/10.1162/089892903322307447
https://doi.org/10.1162/089892903322307447
http://www.ncbi.nlm.nih.gov/pubmed/12965046
https://doi.org/10.3389/fnhum.2011.00101
https://doi.org/10.3389/fnhum.2011.00101
https://doi.org/10.1371/journal.pone.0218802

@ PLOS|ONE

NDRAa: A single route model of reading aloud based on discriminative learning

114.

115.

116.

117.

118.

119.

120.

121.

122,

123.

124.

125.

126.

127.

128.

129.

130.

131.

132.

133.

134.

135.

Price CJ, Wise RJS, Frackowiak RSJ. Demonstrating the implicit processing of visually presented
words and pseudowords. Cerebral Cortex. 1996; 6:62—70. https://doi.org/10.1093/cercor/6.1.62
PMID: 8670639

Brunswick N, McCrory E, Price CJ, D FC, U F. Explicit and implicit processing of words and pseudo-
words by adult developmental dyslexics: A search for Wernicke’s wortschatz. Brain. 1999; 122:1901—
1917. https://doi.org/10.1093/brain/122.10.1901 PMID: 10506092

Paulescu E, McCrory E, Fazio F, Menoncello L, Brunswick N, Cappa SF. A cultural effect on brain
function. Nature: Neuroscience. 2000; 3:91-96.

Xu B, Grafman J, Gaillard WD, Ishii K, Vega-Bermudez F, Pietrini P. Conjoint and extended neural net-
works for the computation of speech codes: The neural basis of selective impairment in reading words
and pseudowords. Cerebral Cortex. 2001; 11:267-277. https://doi.org/10.1093/cercor/11.3.267
PMID: 11230098

Herbster AN, Mintun MA, Nebes RD, T BJ. Regional cerebral blood flow during word and nonword
reading. Human Brain Mapping. 1997; 5:84—92. https://doi.org/10.1002/(SICI)1097-0193(1997)5:2%
3C84::AID-HBM2%3E3.0.CO;2-1 PMID: 10096413

Fiez JA, Balota DA, Raichle ME, Peterson SE. Effects of lexicality, frequency, and spelling-to-sound
consistency on the functional anatomy of reading. Neuron. 1999; 24:205-218. https://doi.org/10.1016/
S0896-6273(00)80833-8 PMID: 10677038

Hagoort P, Indefrey P, Brown C, Herzog H, Steinmetz H, Seitz RJ. The neural circuitry involved in the
reading of German words and pseudowords: A PET study. Journal of Cognitive Neuroscience. 1999;
11:383-398. https://doi.org/10.1162/089892999563490 PMID: 10471847

Binder JR, McKiernan KA, Parsons ME, Westbury CF, Possing ET, Kaufman JN. Neural correlates of
lexical access during visual word recognition. Journal of Cognitive Neuroscience. 2003; 15:372—-393.
https://doi.org/10.1162/089892903321593108 PMID: 12729490

Facoetti A, Zorzi M, Cestnick L, Lorusso ML, Molteni M, Paganoni P. The relationship between visuo-
spatial attention and nonword reading in developmental dyslexia. Cognitive Neuropsychology. 2006;
23:841-855. https://doi.org/10.1080/02643290500483090 PMID: 21049356

Seidenberg MS, Plaut DC. Evaluating word-reading models at the item level: Matching the grain of the-
ory and data. Psychological Science. 1998; 9:234—237. https://doi.org/10.1111/1467-9280.00046

Tarkiainen A, Helenius P, Hansen PC, Cornelissen PL, Salmelin R. Dynamics of letter string percep-
tion in the human occipotemporal cortex. Brain. 1999; 122:2119-2131. https://doi.org/10.1093/brain/
122.11.2119 PMID: 10545397

Indefrey P, Kleinschmidt A, Merboldt KD, Kruger G, Brown C, Hagoort P, et al. Equivalent responses
to lexical and nonlexical visual stimuli in occipital cortex: A functional magnetic resonance imaging
study. Neuroimage. 1997; 5:78-81. https://doi.org/10.1006/nimg.1996.0232 PMID: 9038286

Dehaene S, Le Clec HG, Poline JB, Le Bihan D, Cohen L. The visual word form area: a prelexical
representation of visual words in the fusiform gyrus. Neuroreport. 2002; 13:321-325. https://doi.org/
10.1097/00001756-200203040-00015 PMID: 11930131

Van Turennout M, Bielamowicz L, Martin A. Modulation of Neural Activity during Object Naming:
Effects of Time and Practice. Cerebral Cortex. 2003; 13:381-391. https://doi.org/10.1093/cercor/13.4.
381 PMID: 12631567

Rossion B, Schiltz C, Crommelinck M. The functionally defined right occipital and fusiform “face areas”
discriminate novel from visually familiar faces. Neurolmage. 2003; 19:877-883. https://doi.org/10.
1016/S1053-8119(03)00105-8 PMID: 12880816

Vinckier F, S D, Jobert A, Dubus JP, Sigman M, Cohen L. Hierarchical Coding of Letter Strings in the
Ventral Stream: Dissecting the Inner Organization of the Visual Word-Form System. Neuron. 2007;
55:143-156. https://doi.org/10.1016/j.neuron.2007.05.031 PMID: 17610823

Dehaene S, Cohen L, Sigman M, Vinckier F. The neural code for written words: a proposal. Trends in
Cognitive Science. 2005; 9:335-341. https://doi.org/10.1016/j.tics.2005.05.004

Browman CP, Goldstein L. Towards an articulatory phonology. Phonology Yearbook. 1986; 3:219—
252. https://doi.org/10.1017/S0952675700000658

Browman CP, Goldstein L. Articulatory gestures as phonological units. Phonology. 1989; 6:201-251.
https://doi.org/10.1017/S0952675700001019

Browman CP, Goldstein L. Gestural specification using dynamically-defined articulatory structures.
Journal of Phonetics. 1990; 18:299-320.

Browman CP, Goldstein L. Articulatory phonology: An overview. Phonetica. 1992; 49:155-180.
https://doi.org/10.1159/000261913 PMID: 1488456

Jacobs AM, Grainger J. Models of visual word recognition: Sampling the state of the art. Journal of
Experimental Psychology: Human Perception and Performance. 1994; 20:1311-1334.

PLOS ONE | https://doi.org/10.1371/journal.pone.0218802 July 31,2019 62/63


https://doi.org/10.1093/cercor/6.1.62
http://www.ncbi.nlm.nih.gov/pubmed/8670639
https://doi.org/10.1093/brain/122.10.1901
http://www.ncbi.nlm.nih.gov/pubmed/10506092
https://doi.org/10.1093/cercor/11.3.267
http://www.ncbi.nlm.nih.gov/pubmed/11230098
https://doi.org/10.1002/(SICI)1097-0193(1997)5:2%3C84::AID-HBM2%3E3.0.CO;2-I
https://doi.org/10.1002/(SICI)1097-0193(1997)5:2%3C84::AID-HBM2%3E3.0.CO;2-I
http://www.ncbi.nlm.nih.gov/pubmed/10096413
https://doi.org/10.1016/S0896-6273(00)80833-8
https://doi.org/10.1016/S0896-6273(00)80833-8
http://www.ncbi.nlm.nih.gov/pubmed/10677038
https://doi.org/10.1162/089892999563490
http://www.ncbi.nlm.nih.gov/pubmed/10471847
https://doi.org/10.1162/089892903321593108
http://www.ncbi.nlm.nih.gov/pubmed/12729490
https://doi.org/10.1080/02643290500483090
http://www.ncbi.nlm.nih.gov/pubmed/21049356
https://doi.org/10.1111/1467-9280.00046
https://doi.org/10.1093/brain/122.11.2119
https://doi.org/10.1093/brain/122.11.2119
http://www.ncbi.nlm.nih.gov/pubmed/10545397
https://doi.org/10.1006/nimg.1996.0232
http://www.ncbi.nlm.nih.gov/pubmed/9038286
https://doi.org/10.1097/00001756-200203040-00015
https://doi.org/10.1097/00001756-200203040-00015
http://www.ncbi.nlm.nih.gov/pubmed/11930131
https://doi.org/10.1093/cercor/13.4.381
https://doi.org/10.1093/cercor/13.4.381
http://www.ncbi.nlm.nih.gov/pubmed/12631567
https://doi.org/10.1016/S1053-8119(03)00105-8
https://doi.org/10.1016/S1053-8119(03)00105-8
http://www.ncbi.nlm.nih.gov/pubmed/12880816
https://doi.org/10.1016/j.neuron.2007.05.031
http://www.ncbi.nlm.nih.gov/pubmed/17610823
https://doi.org/10.1016/j.tics.2005.05.004
https://doi.org/10.1017/S0952675700000658
https://doi.org/10.1017/S0952675700001019
https://doi.org/10.1159/000261913
http://www.ncbi.nlm.nih.gov/pubmed/1488456
https://doi.org/10.1371/journal.pone.0218802

@ PLOS|ONE

NDRAa: A single route model of reading aloud based on discriminative learning

136.

137.

138.

139.

140.

141.

142.

143.

Chater N, Tenenbaum JB, Yuille A. Probabilistic models of cognition: Conceptual foundations. Trends
in Cognitive Science. 2006; 10(7):287—291. https://doi.org/10.1016/j.tics.2006.05.007

Hsu AS, Chater N, Vitanyi PMB. The probabilistic analysis of language acquisition: Theoretical,
computational, and experimental analysis. Cognition. 2011; 120(3):380-390. https://doi.org/10.1016/].
cognition.2011.02.013 PMID: 21440889

Baayen RH, Hendrix P, Ramscar M. Sidestepping the combinatorial explosion: Towards a processing
model based on discriminative learning. Language and Speech. 2013; 56(3):329-347. https://doi.org/
10.1177/0023830913484896 PMID: 24416960

Harm MW, Seidenberg MS. Phonology, reading acquisition, and dyslexia: Insights from connectionist
models. Psychological Review. 1999; 106:491-528. https://doi.org/10.1037/0033-295X.106.3.491
PMID: 10467896

Seidenberg MS, Gonnerman LM. Explaining derivational morphology as the convergence of codes.
Trends in Cognitive Sciences. 2000; 4(9):353—-361. https://doi.org/10.1016/S1364-6613(00)01515-1
PMID: 10962617

Patterson K, Behrmann M. Frequency and consistency effects in a pure surface dyslexic patient. Jour-
nal of Experimental Psychology: Human Perception and Performance. 1997; 23:1217-1231. PMID:
9269734

Derouesne J, Beauvois MF. The phonemic stage in the non-lexical reading process: Evidence from a
case of phonological alexia. In: Patterson KE, Marschall JC, Coltheart M, editors. Surface dyslexia:
Neuropsychological and cognitive studies of phonological reading. London: Erlbaum; 1985. p. 399—
458.

Hendriks W, Kolk H. Strategic Control in Developmental Dyslexia. Cognitive Neuropsychology. 1997;
14(3):312-366.

PLOS ONE | https://doi.org/10.1371/journal.pone.0218802 July 31,2019 63/63


https://doi.org/10.1016/j.tics.2006.05.007
https://doi.org/10.1016/j.cognition.2011.02.013
https://doi.org/10.1016/j.cognition.2011.02.013
http://www.ncbi.nlm.nih.gov/pubmed/21440889
https://doi.org/10.1177/0023830913484896
https://doi.org/10.1177/0023830913484896
http://www.ncbi.nlm.nih.gov/pubmed/24416960
https://doi.org/10.1037/0033-295X.106.3.491
http://www.ncbi.nlm.nih.gov/pubmed/10467896
https://doi.org/10.1016/S1364-6613(00)01515-1
http://www.ncbi.nlm.nih.gov/pubmed/10962617
http://www.ncbi.nlm.nih.gov/pubmed/9269734
https://doi.org/10.1371/journal.pone.0218802

