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Abstract

Optimizing the Connectionist Dual-Process Model of Reading Aloud (CDP; Perry

et al., Journal of Memory and Language, 134, 104468) using large-scale empirical
datasets has been shown to enable accurate predictions of independent datasets
that were not used for optimization. Here, we investigated CDP’s generalization
performance when optimized on small datasets consisting of words, nonwords, or a
combination of both. The results showed CDP’s quantitative performance was similar
on both small and large datasets except when optimized on small nonword-only
datasets. Additionally, CDP’s predictions generally surpassed those derived from
regression-based models, suggesting it had good generalization performance. Using
sloppy parameter analyses, we also found that a small number of parameters deter-
mined most of CDP’s quantitative performance and that the parameters which did
this were similar across both small and large datasets. These findings suggest that
the CDP does not overfit the data, even when optimized on very small numbers of
stimuli. They also give insight into the role the parameters play in generating psycho-
linguistic effects. More generally, the findings show that when an underlying cognitive
architecture constrains behavior, complex systems like reading may be analyzed and
understood using very limited data. This is important as it shows that computational
modelling can be used in some situations where data is scarce but understanding the
system remains crucial.

Author summary

Reading is a complex cognitive process that involves the coordination of mul-
tiple components—from recognizing letters to producing spoken words. Like
many complex systems, it is often assumed that meaningful modelling of reading
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requires large datasets. In this study, we show that this is not necessarily the
case. Using a computational model of reading aloud—the Connectionist Dual
Process (CDP) model—we demonstrate that accurate performance predictions
on held-out datasets can be achieved even when the model parameters are op-
timized using a single small dataset. Indeed, CDP outperforms simpler statistical
models, despite having the added challenge of generating the actual phoneme
sequences to be used for speech production. We also identified which model
parameters play a key role in shaping reading performance, offering insights
into the dynamics of the reading system. Our findings suggest that even richly
structured, complex systems like reading may be analyzed and understood using
limited data, as long as the model incorporates the right assumptions about the
underlying cognitive architecture. This opens the door to using computational
modelling more broadly in situations where data may be scarce—but under-
standing the system remains crucial.

Introduction

Computational models in cognitive psychology can serve different purposes. Some
are used to conceptualize problems without providing quantitative predictions [1].
Others use quantitative data in their development and evaluation [2]. In the area of
reading aloud, models also differ considerably in their ability to fit human data, as
measured by the amount of variance explained. Notably, across a large number of
datasets, the Connectionist Dual-Process model [3—9] (CDP; see Fig 1) consistently
outperforms other models, including the Dual-Route Cascaded model [10] and the
Triangle model [11] (see Perry et al. [5,8]). These datasets have included reaction
times (RTs) from large-scale datasets (also known as “mega-studies”) [12,13] and
small-scale experiments [14—16] including both word and nonword experiments.
CDP represents a formal hypothesis about how the reading system works. The model
includes many parameters because its representations and processes are grounded
in experimental and neuropsychological evidence supporting their existence. Its
development was not driven by the goal of minimizing the number of parameters or
identifying the smallest set of processes capable of explaining the most variance
across datasets. Indeed, we have previously shown that it is possible to remove
many of the parameters in CDP without significantly impairing its quantitative perfor-
mance in predicting reaction times in experiments with typical adult readers [5,17].
The latest version of an English CDP model is CDP++.parser [18], and this is the
model that was used in all of the simulations below. Like all CDP models, CDP++.
parser relies on two main reading routes: a lexical and a sublexical route. The lexical
route contains orthographic and phonological representations of whole words. Sep-
arate semantic representations can also be accessed from this route, although this
is not implemented in the model. The sublexical route computes the phonemes of
words from graphemes (i.e., single letters or letter clusters that correspond to individ-
ual phonemes) without the help of whole word representations. When reading begins,
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Fig 1. The CDP model of reading aloud. The figure displays the architecture of the computational model (reproduced from Perry et al. [2], with
permission).

https://doi.org/10.1371/journal.pcsy.0000074.g001

these two routes are both activated and both contribute to the final phoneme sequence that is generated. CDP++.parser
differs from earlier CDP models in two main ways. First, it can process disyllabic words—previously only CDP++ [6] had
this capability, whereas earlier versions were limited to monosyllables. Second, the sublexical route operates differently.
Notably, all versions of CDP use a graphosyllabic template that organizes graphemes in an onset—vowel—coda structure,
mirroring phonological syllables. In all earlier versions of CDP (CDP++ [6], CDP+ [5], and CDP [4]), the mapping of letters
to graphemes and their placement within the template was deterministic. In contrast, CDP++.parser uses a probabilistic
mechanism when ambiguity exists—both in the selection of graphemes (e.g., the different pronunciations of “ph” in hiphop
vs. siphon) and in their placement within the graphosyllabic template.

In terms of the specific computations, processing in CDP begins when a string of letters is presented, which activates
letter features. Activation then flows to the letter level, from which both the lexical and sublexical routes can be activated.
Within the lexical route, whole-word orthographic representations stored in an orthographic lexicon are activated from
the letter level. These, in turn, activate whole-word phonological representations stored in a phonological lexicon. Finally,
activation spreads to the phoneme output buffer, which uses an onset-vowel-coda structure and holds the phonemes to
be used for speech production. Importantly, activation does not just flow one way and there are excitatory and inhibitory
parameters between levels, as well as lateral inhibition at each representational level except for the feature level.

In the sublexical route, once letters are activated, the grapheme parser begins to extract letters one by one from left to
right (following the reading direction in English). It then creates graphemes from them (i.e., single letters or letter clusters
that correspond to individual phonemes) and assigns them to the graphosyllabic template. Phonemes are then computed
from these graphemes via a simple two-layer associative network. This network has been trained on grapheme-phoneme
correspondences from a set of rules and correspondences that exist in real words. The phonemes the network generates
are then fed to the phonological output buffer. Since both routes are active simultaneously, phonemes from the lexical and
sublexical routes may differ at a given position in the buffer. In such cases, the outputs from the two routes compete, and
the final sequence of phonemes used for speech production is determined through this competition. Although not shown
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in the simplified figure above, stress information is also represented in the lexicon, and stress output nodes are activated
from the phonological lexicon and by the sublexical route. Further details of the model’s architecture and dynamics can be
found in Perry et al. [2,5,18] and a concise description of the CDP approach can be found in Zorzi [17].

Models and performance

The quantitative performance of models of reading aloud is widely considered as one of the key evaluation criteria
[2,12,19]. Itis typically assessed by correlating model-generated values with behavioral data from relevant datasets. The
strength of these correlations is often compared to the performance of simple regression models that use psycholinguistic
variables (e.g., word frequency and length, spelling-sound consistency) as predictors. However, defining what constitutes
“good performance” is not straightforward. In this respect, Spieler and Balota [12] have suggested that a computational
model should be at least as good as a multiple regression equation including all predictors known to be important. We
have followed this recommendation and tested several versions of CDP as they were developed [5-8,9]. Earlier versions
of CDP, which relied on hand-tuned parameters [5,6,8], achieved performance levels comparable to those of multiple
regression equations. More recently, the CDP++.parser model [7], whose parameters were optimized using an auto-
mated algorithm, has shown improved performance [2]. At a minimum, this suggests that CDP++.parser does better than
a regression equation. However, since regression equations may overfit the data, a simple comparison between model
and regression performance may actually underestimate the true predictive power of CDP. This issue is explored in more
detail below. The strength of correlations between models and data can also be used to compare different computational
models. When such comparisons have been conducted, CDP (in its English version) has consistently outperformed
alternative models [5]. The ltalian version of CDP also outperformed a competing model [8], although the difference was
smaller.

A model with high quantitative performance offers a valuable foundation for investigating how individual differences
and atypical cognitive profiles modulate learning outcomes. For example, using CDP, we modelled the individual learning
trajectories of 622 children, some with dyslexia and some without [20]. We found that single deficit models were able to
explain the overall mean error pattern in both dyslexic and typical readers. However, only multi-deficit models were able
to accurately predict the full distribution of errors across individuals. This distinction is crucial. If CDP had poor quantita-
tive performance yet still produced similar shaped distributions, it would raise questions about whether its performance
reflected the underlying cognitive mechanisms it was designed to model or whether it was instead driven by idiosyncratic
properties of the model itself.

Another important criterion for evaluating models of reading aloud is generalization performance, that is, their ability
to predict results from datasets they were not explicitly trained or optimized on. In earlier versions of CDP, we used a
single set of model parameters to examine generalization performance across all benchmark effects. The latter included
both small experiments targeting specific psycholinguistic factors and large-scale datasets capturing broader patterns
of variability across items. In the latest version of our model [2], we took this further by optimizing CDP on several large
datasets and then evaluating each optimized version on independent datasets. The results showed that CDP could accu-
rately predict outcomes in held-out datasets, thus demonstrating strong generalization performance. It also outperformed
regression models whose regression coefficients were fit to one dataset before being tested on others. These findings
indicate that CDP’s predictive success is not merely the result of parameter tuning or overfitting. Rather, it stems from the
model’s underlying architecture, which incorporates cognitively and neuropsychologically motivated representations and
processes - features that are absent in standard regression models.

An aspect of generalization performance that has not yet been examined is how CDP’s quantitative performance
would change if it were optimized on small-scale experiments, specifically, those using 300 stimuli or fewer, as is the
case for the experiments analyzed below. This question is particularly important because CDP has many parame-
ters. It is therefore not clear whether it could still generalize well when optimized on limited datasets or whether such
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optimization would result in overfitting. This will be tested below by optimizing CDP on well-known small-scale experi-
ments and then examining the extent to which CDP can generalize to independent, held-out datasets. Poor generaliza-
tion in this context would suggest that the model is overfitting, thereby compromising its predictions and the cognitive
interpretability of parameter values. For comparison, we will also examine CDP’s generalization performance on these
small-scale experiments when the model is instead optimized on large datasets (ranging from 572 to 6714 stimuli in the
present study).

Understanding the role of parameters in CDP

Apart from CDP’s quantitative performance, another important strength is its interpretability, specifically, the ability to
determine which parameters and representations contribute meaningfully to its quantitative performance. Despite CDP’s
relatively large number of parameters, we have shown that only a small subset significantly influences its quantitative
performance when optimized on large datasets [2]. Indeed, most of the parameters had little to no effect on the model
when varied within wide bounds. This suggests that, while CDP may appear complex, its functional behavior is driven by a
tractable set of parameters.

The technique we used to determine which parameters were important in CDP is known as Sloppy Parameter Analyses
(SPA) [21-24]. In SPA, the model is first optimized to fit a dataset as closely as possible. This initial optimization not only
provides the best-fitting parameter set but also serves as a reference point for understanding the model’s sensitivity to
parameter changes. Interestingly, optimization itself offers insight into parameter importance. When the model is optimized
multiple times on the same dataset, the resulting values for certain parameters may vary widely. This variability can have
two distinct interpretations: (1) the parameter has little effect on model performance, so its exact value is not critical, or (2)
the parameter is part of a degenerate set, where trade-offs with other parameters produce equivalent outputs.

Following optimization, SPA proceeds by introducing small deviations — either individually or in combination, from the
optimized values. When a small change in a parameter causes a large drop in model performance (i.e., decreasing fit
to the data), the parameter is classified as stiff. Alternatively, if the same change has little effect, the parameter is called
sloppy because it can take many values without much effect on performance. Each parameter can thus be characterized
by an index that quantifies its degree of stiffness or sloppiness and parameters with equal index values contribute equally
to changes in model performance when perturbed by proportionately the same amount.

The SPA is performed around the optimum because the latter represents the best fit of the model to the real data.
Evaluating parameter effects around a suboptimal model would reduce the validity of the results, as the derived parame-
ter sensitivities would reflect a model less consistent with empirical data. A useful analogy is filling a container with putty
to infer its internal shape. In this case, the putty would be the model. If the putty fills the container perfectly, the extracted
shape provides an accurate representation -- an optimal fit. But if the putty is poorly applied, the resulting shape will be
distorted and less informative. Similarly, analyzing a well-optimized model yields more valid and interpretable measure-
ments of parameter influence than analyzing one that fits the data poorly.

The present study

Given that CDP performs well when optimized and tested on large datasets, it is important to examine its performance
on small-scale experiments and compare it to other metrics, including multiple regression. This is particularly relevant
because most of what we know about reading comes from small-scale, factorial experiments with a limited number of
highly controlled items and a small number of participants. In our previous modelling work, we referred to the results of
such experiments (when coming from influential and well-replicated studies) as “benchmark effects”. While these exper-
iments are carefully designed to isolate specific variables, some of these effects might be artificial or idiosyncratic due
to the deliberate orthogonalization of psycholinguistic dimensions that covary in large datasets. A classic example is

the consistency by frequency interaction [12,14]. Because small experiments often employ simple ANOVA designs and
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compare a small number of variables that are deliberately chosen to be either high or low on a given dimension, they may
not reflect the statistical properties of naturally occurring word distributions.

In this study, we test whether parameters that were optimized on small benchmark datasets can generalize to other
benchmark datasets. Doing so allows us to understand which benchmark effects reflect core processing mechanisms of
the reading system and which reflect more peripheral or task-specific factors with limited generalizability.

Another debate that modelling small datasets could inform is the impact of list difficulty and list composition on read-
ing behavior [25—27]. It has long been argued that the difficulty of the stimulus set plays an important role in how people
respond [25,26,28]. The explanations offered are typically verbal or qualitative, and results across conditions are often
interpreted post hoc (but see [27]). When computational modelling has been used to address this issue, it is typically
through the change of a single parameter chosen based on the modeller’s intuition [6]. With the methods described here,
rather than changes being made based on the modeler’s intuition, differences between parameters that are found when
CDP is optimized on different stimulus sets can be used. Crucially, these differences are not imposed by the modeler but
emerge from the structure of the data and the model’s learning mechanisms. As such, they provide explicit, testable pre-
dictions about how list composition may influence reading strategies—grounded in the statistical properties of the stimuli
and the architecture of the model, rather than the beliefs of the experimenter.

If CDP can be meaningfully optimized on small datasets, it may also have practical value, particularly for modelling indi-
vidual reading profiles based on datasets containing relatively few words [29]. This would open the door to testing whether
personalized remediation programs, informed by CDP’s predictions, are more effective than programs based solely on
traditional reading assessments [30]. Because CDP makes explicit predictions about which parameters affect the reading
performance of individuals, it could help identify the underlying difficulties faced by a given individual. For example, if a
parameter that affects the contribution of sublexical phonology has little impact on the performance of a particular child,
this might suggest that this child is underutilizing sublexical processing (i.e., decoding), potentially pointing to a subopti-
mal reading strategy. Such a result could be validated further and compared using targeted psycholinguistic tests. In this
case, poor sublexical processing might be caused by phonological dyslexia, and the model could thus provide converging
evidence for this diagnosis. Similarly, if a struggling reader shows unusually high sensitivity to parameters related to word
frequency, it might suggest that the child has difficulty learning and updating word representations. Alternatively, it might
reflect limited exposure to low-frequency words, perhaps due to reading environments dominated by informal sources
like social media rather than richer linguistic input from fiction or educational texts. In this way, CDP modelling could help
identify the cognitive source of reading difficulties and predict which types of remediation might be most effective for a
given individual. Determining whether small dataset modelling provides reliable results is therefore a crucial first step
toward such individualized applications, especially in contexts where large-scale generalization testing is not possible or
meaningful.

Given the importance of understanding CDP’s performance on small-scale experiments, we examined its performance
on a number of freely available classic datasets in which the item results had been published. We chose only experiments
where the entire stimulus set was available. For each experiment, we optimized a version of CDP specifically on that data-
set. We then tested each optimized model on all other experiments (which are therefore treated as held-out data). The
selected experiments included ones that examined only words, words and nonwords together, and only nonwords. Using
these three different groups is important because there is substantial literature suggesting that stimulus composition influ-
ences reading strategies, and CDP predicts that such differences can be captured through changes in parameter values.

To contextualize CDP’s performance, we compared the results of CDP to that of a standard multiple regression model
predicting reading performance from the psycholinguistic features of the stimuli. Like for CDP, we fitted a regression equa-
tion to each dataset and then tested its performance on the remaining datasets, using the coefficients derived from the
fitted dataset. This approach allowed us to directly compare CDP and regression not only in terms of raw predictive power
but also in their susceptibility to overfitting when generalized to new datasets [2].
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Methods

The method was the same as documented in Perry et al. [2]. In particular, for each dataset, we optimized 27 parameters
of CDP that were each constrained within a broad range of values (see Table 1). Each optimization run was carried out
using the particle swarm algorithm, with code adapted from Kennedy and Eberhart [31]. This method was selected based
on our previous work [2], which showed its efficiency and reliability for optimizing CDP. The default parameters included in
the code were used, apart from the number of particles which was set to 22. Each time the algorithm was used, it was run
for 26 cycles, resulting in the generation of 572 parameter sets, and only the parameter set which had the best fit to the
dataset was used.

The cost function used for optimization was a Mean-Squared-Error (MSE) score between the model’s predictions (in
CDP cycles) and the human reaction times (RTs), with the human RTs scaled down by a factor of 6.5. The scaling con-
stant was empirically chosen to bring the human RTs (in milliseconds) into the same numerical range as CDP’s response
latencies (in number of cycles) across datasets. Although this scaling factor might be considered a parameter, it is not a
parameter of CDP itself and it serves a purely practical purpose, allowing CDP to produce results within the output range
used in our prior studies. Moreover, keeping this value fixed avoided significant computational burdens and prevented
inconsistent scaling across simulations. This would have allowed identical RTs in two datasets to be interpreted differently,
undermining cross-experiment comparisons.

When CDP failed to produce the same response as human readers (i.e., a model error), a small penalty was added to
the cost function. This error term was used when CDP generated an incorrect string of phonemes for a word or an unlikely
string of phonemes for a nonword. Importantly, the cost function was designed to model mean item-level results—a
common approach in computational modeling—rather than simultaneously modelling both reaction times and error rates.
As a result, this evaluation does not capture potential speed-accuracy trade-offs at the individual level. For example, if
a particular word in an experiment had a 5% error rate, and CDP produced the correct phonemes for the word, no error
penalty would be given. Alternatively, if CDP produced a different set of phonemes than a word has even if it could have
potentially been given by one of the participants (such as saying pint to rhyme with mint), an error penalty was still given.
The actual equation used was:

1
% " Correcty,

(1) ZH (00,j/6.5—€0;)* + 50 x NEg, + 50 x NSEy,

where C=is the overall cost (score), Correct is the number of words correctly produced by the model, o is the observed
(i.e., actual) RT, e is the value the model produced (the expected value —i.e., the value the model produced for word j),
NE =is the number of errors, NSE =number of stress errors, 6, represents the model parameters 6, , where N in our case
was 27 (i.e., all of the parameters investigated), and j represents the number of words the model was optimized on.
Optimization (as described above) was repeated 100 times per dataset. This yielded 100 independently optimized
parameter sets for each dataset (i.e., the best parameter set from the 572 generated from each of the 100 repeats of each
data set was chosen) and hence 100 estimates for each parameter within each dataset. This was done for two main rea-
sons. First, repeated optimization increases the chance of finding model parameters as close to the optimum as possible
(due to the stochastic nature of the optimization algorithm). Second, it allows us to examine the distribution of parameter
values across runs. In this case, if a parameter has no meaningful effect on the performance of a model, it cannot be opti-
mized, as there is no value it can take to bring the model closer to the optimum. Thus, its value after optimization will be
essentially random. Similarly, even if a parameter has a very small effect on the model, it may still be difficult to optimize.
This is because its effect on the error function may be very limited, and in complex models, the optimization procedure
can only run for a finite amount of time. Thus, it may not get perfectly optimized. This will mean that if the same model is
optimized many times, the parameter will take many different values. Alternatively, if a parameter has a strong effect on
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Table 1. Parameters that the models were optimized on and the highest and lowest bounds which they could take (reproduced with modifica-
tions from Perry et al. [2], with permission).

Acronym used | Lowest | Highest | Location Notes
Level Level
Feature to letter excitation Feat_Let_Ex_ff | 0.002 0.01 Lexical route
Feature to letter inhibition Feat_Let_In_ff |-2 -0.5 Lexical route
Letters lateral inhibition Let_Latin -1 0 Lexical route
Letter to orthographic lexicon |Let OL_Ex_ff 0.01 0.1 Lexical route
excitation
Letter to orthographic lexicon |Let_OL_In_ff -2.5 -0.1 Lexical route
inhibition
Orthographic lexicon lateral OL_Latln -0.2 0 Lexical route
inhibition
Orthographic lexicon to pho- | OL_PL_Ex_ff 0.5 2.5 Lexical route
nological lexicon excitation
Orthographic lexicon to letter |OL_Let Ex fb |0 0.1 Lexical route
excitation
Orthographic lexicon to letter | OL_Let_In_fb -0.1 0 Lexical route
inhibition
Phonological lexicon lateral PL_Latin -0.2 0 Lexical route
inhibition
Phonological lexicon to pho- | PL_Phn_Ex_ff |0.05 0.2 Lexical route
neme excitation
Phonological lexicon to pho- | PL_Phn_In_ff -0.2 -0.02 Lexical route
neme inhibition
Phonological lexicon PL_OL_Ex_fb 0.1 4 Lexical route
to orthographic lexicon
excitation
Phoneme to phoneme lateral | Phn_Phn_Latin |-0.2 0 Lexical route
inhibition
Phoneme to phonological Phn_PL_Ex_fb |0 0.2 Lexical route
lexicon excitation
Phoneme to phonological Phn_PL_In_fo |-0.25 -0.05 Lexical route
lexicon inhibition
Phonological lexicon to PL_St_Ex_ff 0.01 0.15 Lexical route
stress excitation
Phonological lexicon to PL_ST_In_ff -0.2 0 Lexical route
stress inhibition
Stress to stress inhibition St_Latin -0.2 0 Stress Output
Buffer
Minimum stress naming St_Over 0.01 0.6 Phoneme Output | This parameter represents the minimum level of activation
criterion Buffer stress nodes need to reach at the stress output buffer so that
a word can be output
TLA excitation parameter TLA_Ex_ff 0.03 0.12 TLA network This parameter represents how strong phonology computed
by the TLA network activates the phoneme output buffer
Letter to letter scantime Let_Scan 1 20 Letter Level This parameter represents how long it takes for the graphe-
mic buffer to process each letter
Global activation rate Global_Act 0.05 0.3 All This parameter is used to change the slope of the sigmoid
representations | function (activation build-up) from input into a node.
Frequency modifier (both FregMod 0.05 0.3 Lexical Route These could potentially differ across lexicons, although we
lexicons) treated them as one parameter
Minimum naming criterion Min_Naming 0.15 0.7 Phoneme Output | This parameter represents the minimum level of activation a

Buffer

phoneme node needs to reach so that it can be included in
the phonemes that are output by the model

(Continued)
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Table 1. (Continued)

Acronym used | Lowest | Highest | Location Notes
Level Level
Grapheme parsing letter Let_Over 0.05 0.3 Letter Level The level of activation which a letter must be over before
threshold graphemic parsing begins
Dead node level DeadNode 0 20 TLA network This parameter is used to signal further searching needs to
be done with a grapheme that the model thinks should be
used but only has a weak connection to any phoneme

Note: ff=Feedforward, fbo =feedback, Ex=Excitatory, In = Inhibitory, Feat=Feature, Let=Letter, Latln = lateral inhibition, OL=0Orthographic Lexicon,
PL=Phonological Lexicon, Phn=phonemes, St=Stress

https://doi.org/10.1371/journal.pcsy.0000074.t001

the performance of a model, then it is likely to be given a more similar value across multiple optimization runs because
its value is important and thus likely to be more affected by the optimization procedure. However, there are cases where
a parameter has a strong effect on model performance but still shows variability in its optimized values. This can occur
when the effect of a parameter trades off with one or more other parameters (this is known as parameter degeneracy).
The value of those parameters may thus differ across optimization runs even though individually they all affect the perfor-
mance of the model.

For SPA to yield valid insights, it is essential that the model being analyzed is close to the true optimum, as discussed
above. To make sure this was the case, we examined how the models performed using a number of different methods.
There were a number of reasons to suggest that they were well optimized. First, across the 100 best runs of each of the
17 datasets, the average correlation between CDP and the actual data was r=.50 with an average standard deviation
(SD) of.036. As can be seen from S1a Fig, in most of the experiments, the vast majority of the correlations were extremely
similar. This suggests that there was not a lot of variability in terms of how well the models were optimized and thus that
the large amount of variability in some of the parameters was unlikely to be due to differences caused by optimization.

Next, we examined the consistency of RT predictions across the top 20 (i.e., best-fitting) optimized models by comput-
ing pairwise correlations. This analysis was motivated by the observation that models with similar fit values may none-
theless rely on different parameter configurations, potentially reflecting optimization landing into different regions of the
parameters’ state-space. To do this, we calculated Spearman’s rank correlation coefficients between the RT predictions
of all possible combinations of optimization runs. We chose Spearman correlation because it is robust to outliers that the
model occasionally produces (though results are very similar using Pearson correlation). The logic of this analysis is that
if the top models tend to produce very similar results, both in terms of overall fit (as examined above) and the predictions
they make on each item, it would suggest that they converge to a more similar region of the parameters’ state-space than
models that produced similar fit values but use quite different values for each item. As can be seen from S1b Fig, apart
from the pseudohomophone experiment, all of the top 20 runs in each experiment correlated strongly with each other.
This suggests that the RT values across the runs was very similar, making it unlikely that multiple high-performing models
reflect optimization to substantially different parts of the parameters’ space.

We also examined the root-mean-squared-error (RMSE) values calculated across each possible pairing of results in
each experiment with the top 20 optimized models in each experiment (see S1c Fig). They also showed relatively small
variability. As a comparison, the RMSE was computed from the results of each run of each experiment. The minimum
value found across all experiments was 70.33, which was multiple times larger than any RMSE value we calculated
between experiments. Thus, the difference between different runs of the same experiment is much smaller than the
variability from items within each experiment. Taken together, these results suggest that the top-performing models tend
to converge on a relatively similar region of the parameters’ state-space, rather than achieving similar fits from divergent
areas of the parameters’ state space.
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After the optimization phase, SPA was performed on the best optimized model from each dataset. The reader is
referred to Perry et al. [2] for a full mathematical description of SPA. In that study, the scores were generated using two
different error functions (either the log of their parameter values was taken or parameter values were normalized by the
size of pre-specified low and high boundaries). Both approaches produced very similar results. Here, for the sake of
simplicity, we only present results using the log function. SPA yields a score for each parameter that quantifies its relative
influence on model performance. Specifically, it reflects how much a proportionate change in a given parameter affects
model error, compared to changes in other parameters. The scores for different parameters are directly comparable with
each other, providing a clear indication of which parameters the model’s behavior is most sensitive to.

Stimuli

The following datasets were used to examine CDP. They can be divided into three categories across two dimensions. One
of the dimensions is the type of stimuli they used: word only, nonword only, or a mix of both (i.e., words and nonwords).
The second dimension distinguishes between small experiments designed to test specific psycholinguistic manipulations
and large-scale datasets without explicit manipulations. With the large-scale datasets, there was no dataset that included
a mix of both words and nonwords.

Word only experiments

« Jared et al. [14]: All 4 experiments (160 words per experiment). These experiments examined the effect of spelling-
sound consistency and word frequency.

» Rastle and Coltheart [32]: Both experiments examined word stress. Experiment 1 had 160 words with different types of
stress and Experiment 2 had 120 words which examined stress irregularity using high and low frequency words.

Nonword only experiments

* Andrews and Scarrat [15]: There were two experiments in Andrews and Scarrat. However, we only used the data from
Experiment 2 because the data from Experiment 1 was not available. Experiment 2 used 128 nonwords with orthographic
bodies (i.e., the orthographic equivalent of the rime) that varied on the number of likely pronunciations they could generate.

* McCann and Besner [33]: This experiment examined the pseudohomophone effect, where 72 nonwords that would
typically be pronounced like words (e.g., kat) were compared with 72 control nonwords that would not typically be pro-
nounced like words.

Mixed word and nonword experiments

* Weekes [34]: This experiment used 100 nonwords and 200 words. Word and nonword length were examined as was the
frequency of the words (high vs. low).

 Ziegler et al. [16]: This experiment used 80 words and 80 nonwords. Body neighborhood (i.e., how commonly the
orthographic equivalent of a rime occurs) was also manipulated with a high vs. low manipulation.

Word datasets

The data used here was first reported in Perry et al. [35]

» Spieler and Balota (Young) [12]: This is a dataset of 2998 monosyllabic words read aloud by younger participants.
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+ Spieler and Balota (Old) [12]: This is a dataset of 2998 monosyllabic words read aloud by older participants.

Chateau and Jared [36]: This is a dataset of 901 disyllabic words, all of which were 6 letters long.

» Seidenberg and Waters [37]. This is a dataset of 1329 monosyllabic words (which will be called the Waters dataset to
avoid confusion with the Seidenberg et al. nonwords).

Treiman et al. [38]. This is a dataset of 1327 monosyllabic words.

* Yap and Balota [39]. This is a dataset of 6714 monosyllabic and disyllabic words.

Nonword datasets

» Seidenberg et al. [40]. This is a database of 572 nonwords.

Results
Optimization results

Standard Deviations (SDs) of each parameter were calculated from 100 independent optimization runs per experiment
and are presented in Fig 2. Note that each parameter value was first normalized by the difference between the minimum
and maximum values that it could take during optimization (see Table 1). This normalization enables direct comparison of
SDs across parameters with different scales. A SD of around .25 or higher indicates random distributions. Although this
threshold is somewhat arbitrary, it is close to the SD obtained when random values are generated from a uniform distri-
bution between 0 and 1, which is .29 (note that the possible range for the raw parameters after division by the difference
between the maximum and minimum values of each parameter is also one). However, smaller SDs may be found when
the parameter values are randomly distributed over only part of the entire possible range. Based on visual inspection of
the histograms, we therefore adopted the slightly more conservative threshold of .25 to flag potentially sloppy parameters.
As the SD values decrease from around .25, the distributions begin to show more structured, non-random patterns (i.e.,
similar values are given across different simulation runs). Low SDs thus indicate stiff parameters. For instance, the Global
Activation parameter tends to be relatively stiff across most datasets, unlike the Feature-to-Letter Excitation parameter.
The Minimum Naming Criterion differs depending on the datasets. Histograms with the actual distributions are provided in
S2 Fig.

The distribution of parameter SDs from the small-scale experiments was also very similar to that observed for the large
datasets. A Wilcoxon rank sum test examining the SD values across the two groups was not significant, W=27328, p=.20
(see S3 Fig for histograms of the SD values in these two groups). This suggest that when CDP is optimized on a small
number of items, it yields parameter distributions comparable to those obtained from optimization on large datasets. As
illustrated in Fig 2, parameters that have a narrow range of values when optimized multiple times on a large dataset tend
to have a narrow range of values when optimized multiple times on a small-scale experiment. Conversely, parameters
that have a broad range of values when optimized multiple times on a large dataset tend to have a broad range of values
when optimized multiple times on a small-scale experiment.

Results for word experiments

Given that the small-scale experiments produced results that were similar to those from the large datasets, it follows that
the parameters that had narrow distributions were also essentially the same. This included the Global Activation and
Letter Scanning Time parameters. Global Activation affects the speed at which the activation function rises across all
representations. As argued in our previous work [35], this parameter is the most influential in CDP’s ability to successfully
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Fig 2. Parameter distributions across experiments. The figure presents normalized standard deviations of the parameter distributions across the
different experiments examined. Cells highlighted with darker colors denote lower parameter variability. Anything above .25 is white. *Notes: Experiment
names in black are small experiments and those in red are larger datasets. Jaredx1-x4 = Experiments 1- 4 of Jared et al. [14], RastleS1-S2 =Experi-
ments 1 and 2 of Rastle and Coltheart [32], Chateau=Chateau and Jared [36], SpielerYoung and SpielerOld = Spieler and Balota [12], Treiman=Treiman
et al. [38], Waters =Seidenberg and Waters [37], Yap=Yap and Balota [39], Andrews =Andrews and Scarratt [15], Pseuds=McCann and Besner [33],
SeidenbergNWs = Seidenberg et al. [40], Weekes =Weekes [34], Ziegler=Ziegler et al. [16]. ff=Feedforward, fb =feedback, Ex=Excitatory, In = Inhibitory,
Feat=Feature, Let=Letter, Latin = lateral inhibition, OL=Orthographic Lexicon, PL=Phonological Lexicon, Phn=Phoneme, St=Stress, Stress_Over =
stress over criterion, Let_Scan=letter scanning time, Act=activation, FreqMod = Frequency modifier, Min_Naming =Minimum Naming criterion, Let_Over
= Letter Over criterion.

https://doi.org/10.1371/journal.pcsy.0000074.9002

simulate human RTs. Letter Scanning Time affects how quickly each letter is processed before being inserted in the gra-
phemic buffer, and it also consistently showed stiff behavior across datasets. There were also a number of lexical param-
eters that had broader distributions but whose values were not random. For example, the Inhibition from the Letter Level
to the Orthographic Lexicon needs to be strong enough to stop incorrect word forms from being activated. As long as the
inhibition is strong enough, the specific value has little effect on the model. As a result, this parameter’s SDs were moder-
ate across all experiments (between .19 and .24), suggesting that while it is not tightly constrained, its values fall within a
functional range. This can be seen from S2 Fig. Across all experiments and datasets, values near zero (i.e., no inhibition)
are absent, and the distributions skew toward more negative values, indicating consistent inhibitory effects. Importantly,
broader parameter distributions do not necessarily reflect lack of importance: in some cases, they might simply reflect
some degree of degeneracy (i.e., parameters which trade-off with each other to produce the same result). The SPA results
below show how these can be identified.

Results from nonword experiments

Since there was only one large dataset of nonwords used (the Seidenberg Nonwords), we need to be careful comparing it
to the two small-scale experiments. Nonetheless, the results were broadly consistent across the three datasets. One nota-
ble difference was that the Letter Scanning Time was somewhat less constrained in the Seidenberg dataset (SD = .19)
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compared to the Andrews (SD=0.12) and pseudohomophone (SD=0.13) experiments. The Minimum Naming Criterion
was also particularly constrained in the Andrews experiment, with an SD of just 0.04. Consistent with prior findings from
Perry et al. [35], parameters in the lexical route were generally weakly constrained with only two parameter distributions
having an SD below .25. These were both found with the pseudohomophone data, with the Lateral Inhibition parameter of
the phonological lexicon and Phoneme to Phonological Lexicon Excitation parameters having SDs of .23 and .21, respec-
tively. This is not so surprising because for CDP to produce a pseudohomophone effect, activation needs to feedback from
the phonemes. Therefore, when optimized on data with a strong pseudohomophone manipulation, these parameters may
affect CDP more than when CDP is optimized on nonwords without such a property. Finally, the Minimum Naming Crite-
rion was quite tightly constrained around lower values as can be seen from the histograms (with SDs of .04, .05, and .11,
for the three nonword experiments), unlike with the word only data where no experiment produced a distribution with a SD
of less than .21. This means CDP predicts that when only nonword stimuli are used, people will tend to set a low minimum
naming criterion (threshold) before responding compared to when only words are used.

Results from the mixed (word and nonword) experiments

The results from the mixed experiments closely resembled those from the nonword-only experiments, particularly in terms
of the Minimum Naming Criterion, which consistently was set to low values (See S2 Fig). This pattern contrasts with

the word-only datasets, where the criterion was generally higher. These findings offer insights into how heterogeneous
lists are processed. Specifically, it suggests that inclusion of nonwords leads to a lowering of the response threshold for
initiating pronunciation. Thus, the parameter values do not appear to reflect an averaging of stimulus properties across
the list. Instead, the presence of more difficult, slowly activated stimuli, such as nonwords, drives the system to adopt a
more permissive criterion. This is because if the Minimum Naming Criterion is set too high, it can cause nonword errors
because phonemes might not reach the necessary threshold to enter the final sequence of phonemes that is generated
by the model. If parameters were chosen by hand rather than by optimization, increasing the Global Activation parameter
could potentially allow phonemes to reach the criterion more quickly, allowing more nonwords to reach the criterion. How-
ever, the Global Activation parameter was remarkably similar across experiments, suggesting that the model does not rely
on global activation adjustments to accommodate the slower activation of nonword stimuli.

Sloppy parameter analyses

To examine which parameters had the greatest impact on CDP’s performance, we conducted SPA following the procedure
outlined in Perry et al. [35]. A key component of this analysis is the computation of a Hessian Matrix (i.e., a square matrix
of second-order partial derivatives), which captures the curvature of the cost function around its optimum. It is computed
using finite difference scores, where differences between cost function scores at the optimum are compared to cost func-
tion scores after small perturbations to individual parameters away from the optimum. This estimates the extent to which
parameters and combinations of them cause differences in the cost function — that is, which parameters and combinations
are responsible for the quantitative behavior of the model.

Based on the Hessian Matrix, a set of eigenvalues and eigenvectors can be derived for each experiment through matrix
decomposition. The strength of an eigenvalue reflects how sharply the cost function changes when moving in the direction
defined by its associated eigenvector. This is conceptually similar to principal components analysis, where eigenvalues
indicate the strength of principal components and eigenvectors their direction. As in principal component analysis, the
direction of the eigenvectors typically do not align with the axes defined by individual parameters. Thus, a movement in
space that is perfectly aligned with an eigenvector usually requires adjustments to several parameters simultaneously.

To assess how “sloppy” or “stiff” a specific CDP parameter is, we examine how closely the axis corresponding to that
parameter aligns with the eigenvectors of the Hessian When dealing with single parameters, if the parameter axis aligns
closely with an eigenvector associated with a large eigenvalue, the parameter will be stiff, meaning that small changes in
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the parameter lead to large changes in the cost function. In contrast, if a parameter axis aligns with an eigenvector with a
small eigenvalue, the parameter will be sloppy, having relatively little impact on the cost function. However, it is important
to note that the stiff/sloppy distinction is continuous rather than binary. Some parameters may not strongly align with any
single eigenvector but instead align more moderately with one or more strong eigenvectors. In such cases, the overall
influence of the parameter may not be either highly stiff nor fully sloppy.

To calculate the extent to which a parameter is aligned with different eigenvectors whilst taking into account their
strength, we used the parameter ranking function proposed by Kardynska et al. [24]. This function provides an index
where higher values indicate greater stiffness. Further details and a more detailed description of this procedure can be
found in Perry et al. [35].

Fig 3 presents the eigenvalues obtained from the Hessian decomposition across all of the experiments. Each of the
blue bars represents the strength of an eigenvalue from a given experiment. For example, in the Seidenberg Nonwords
dataset, seven eigenvalues were extracted with values ranging from over 10000 (105) to less than one. Due to the use
of a logarithmic scale, this wide range appears approximately linear in the graph. This log-linear distribution can be seen
across all experiments. This means that despite having many parameters, the effective dimensionality of the model’s
parameter space is relatively low. That is, most of the variance in model behavior is governed by a small number of stiff
dimensions, with the remaining dimensions contributing very little. Such a pattern is consistent with findings from other
complex systems [22,23,41-44]. This low-dimensional structure makes the analysis of CDP tractable because there are
only a small number of dimensions that need to be investigated to understand most of its behavior. By contrast, if a large
number of eigenvalues contributed more evenly to performance, the blue bars would be close to each other even with
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Fig 3. Eigenvalues found in the different experiments. *Notes: The Y axis has log scaling. Jaredx1-x4 =Experiments 1- 4 of Jared et al. [14],
RastleS1-S2 =Experiments 1 and 2 of Rastle and Coltheart [32], Chateau = Chateau and Jared [36], SpielerYoung and SpielerOld =Spieler and
Balota [12], Treiman=Treiman et al. [38], Waters = Seidenberg and Waters [37], Yap=Yap and Balota [39], Andrews =Andrews and Scarratt [15],
Pseuds=McCann and Besner [33], SeidenbergNWs =Seidenberg et al. [40], Weekes =Weekes [34], Ziegler=Ziegler et al. [16].

https://doi.org/10.1371/journal.pcsy.0000074.9g003
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simple linear scaling. This would mean that many dimensions of the parameters’ space would need to be investigated to
understand how the model works. This pattern was not observed.

One difference between the small experiments and large datasets was in the magnitude of the highest eigenvalues.
Large datasets generally produced higher maximum eigenvalues. The only exception was in the Chateau dataset which
had the fewest items among the large-scale word datasets. This trend led to a significant difference between the size of
the log-transformed eigenvalues between small and large datasets, as confirmed by a Wilcoxon rank sum test (W=7240,
p=.017). Histograms illustrating this difference can be seen from S4 Fig.

Fig 4 presents the alignment between individual model parameters and the eigenvectors of the Hessian. The results
show that the number of parameters that contribute to model performance (i.e., stiff parameters) was similar across small-
scale experiments and the large datasets. This can be seen from S5 Fig, which shows histograms of parameter ranking
values grouped by dataset size. A Wilcoxon rank sum test examining the differences between these groups was not signif-
icant (W=25023, p=.72).

These results are important because they suggest that CDP does not overfit the data when optimized on small num-
bers of items. If overfitting were occurring, we would expect to see aberrant or unstable patterns to emerge in the SPA,
leading to systematic differences between the small-scale experiments and the large datasets. However, no such dif-
ferences were observed, indicating that even with limited data, the optimization process yields stable and interpretable
parameter structures.
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Fig 4. Parameter rankings across experiments. *Notes: The higher the number, the stiffer the parameter is. Experiment names in black are small
experiments and those in red are larger datasets. Values less than 0.05 are not represented and are left as blank cells. Jaredx1-x4 =Experiments 1- 4

of Jared et al. [14], RastleS1-S2=Experiments 1 and 2 of Rastle and Coltheart [32], Chateau=Chateau and Jared [36], SpielerYoung and Spieler-
Old=Spieler and Balota [12], Treiman=Treiman et al. [38], Waters = Seidenberg and Waters [37], Yap=Yap and Balota [39], Andrews =Andrews and
Scarratt [15], Pseuds=McCann and Besner [33], SeidenbergNWs =Seidenberg et al. [40], Weekes =Weekes [34], Ziegler=Ziegler et al. [16]. ff=Feed-
forward, fb =feedback, Ex=Excitatory, In = Inhibitory, Feat=Feature, Let=Letter, Latin = lateral inhibition, OL=Orthographic Lexicon, PL=Phonological
Lexicon, Phn=Phoneme, St=Stress, Stress_Over = stress over criterion, Let_Scan =letter scanning time, Act=activation, FreqMod = Frequency modifier,
Min_Naming=Minimum Naming criterion, Let_Over = Letter Over criterion.

https://doi.org/10.1371/journal.pcsy.0000074.9004
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Parameter stiffness in word experiments

The parameter rankings were highly similar across the large-scale word datasets and the small-scale word experiments.
This reinforces the conclusion that the model was not overfitting when optimized on smaller item sets. Several parame-
ters affected the processing of CDP according to SPA, yet still exhibited large variability in their estimated values, with a
quasi-random distribution within their possible bounds (Feature-letter excitation, Orthographic Lexicon to Phonological
lexicon excitation, Letter Over). This suggests that there is some degree of degeneracy with those parameters because
they affected model performance but were not strongly constrained.

Parameter stiffness in nonword experiments

In the nonword experiments, the TLA Excitation Feedforward parameter (TLA_Ex_ff) was consistently stiff. This parameter
determines how strongly the sublexical route activates phonemes in the phoneme output buffer, which combines input
from the lexical route and sublexical route before producing a spoken output. For nonwords, this route typically provides
the majority of the phonological information, so stiffness in this parameter reflects its critical role in nonword processing.
The global activation parameter was also stiff, likely serving to align the overall model RTs with observed RTs across the
experiments. None of the lexical parameters after the feature level meaningfully influenced the performance of the model.

One interesting result was that the Minimum Naming Criterion (i.e., the level of activation nonwords must reach before
they can be read aloud) was stiff with the pseudohomophones but not with the other two nonword experiments. This
asymmetry may be explained by how errors affect the cost function. Because errors are incorporated into the cost func-
tion using a constant term (see Equation 1 above), even a small number of errors created from movements in parameters
can have a disproportionately large effect on the cost function. This effect is more likely with nonwords than with words,
simply because the model is more error-prone on nonword inputs, providing more opportunities for such threshold effects
to occur. Thus, this pattern may reflect this occurring in the pseudohomophone results but not the other two nonword
experiments.

Parameter stiffness in mixed (word and nonword) experiments

The mixed experiments showed intermediate patterns of parameter stiffness. The results from the Weekes dataset more
closely resembled the nonword-only experiments, while the results from the Ziegler et al. dataset aligned slightly more
with the word-only experiments. However, in both datasets, parameter stiffness generally fell between the word and non-
word datasets.

Generalization performance across datasets

Given that the models optimized on small experiments did not produce aberrant parameter patterns compared to the mod-
els optimized on the large datasets, it seems reasonable to test their generalization performance on unseen data. This
was done by using the parameters from the best-optimized model in each experiment to predict all other datasets. This
approach allows us to assess the predictive performance of the models and the extent to which meaningful parameters
values can be estimated from relatively small stimulus sets. As a comparison, we used regression equations in a similar
manner. Although more complex methods exist (e.g., [45]), we chose regression because that is the standard method for
comparing cognitive models to data in this research area (e.g., [5,10,12] and it is commonly used to examine the influence
of psycholinguistic features of the stimuli in larger data sets (e.g., [46,47]).

For the regression models, we used predictors that were relevant for the experiment based on the list composition.
With word-only experiments, predictors included log frequency, spelling-sound consistency, letter length, and orthographic
neighborhood (henceforth orthographic N). We also tested models with a frequency by consistency interaction term, as
this effect is well-established in reading aloud studies [14], but this did not change the results in any meaningful way (for
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the results, see S1 Table). For nonword-only experiments, we used letter length and orthographic N. For the mixed exper-
iments, we used log frequency, letter length, orthographic N, a dummy variable coding word vs. nonword status and the
interaction term between letter length and lexicality. In these cases, we also used coefficients derived from mixed datasets
to predict word-only and nonword-only datasets, applying the relevant subset of predictors in each case (i.e., for word only
experiments, frequency, spelling-sound consistency, letter length, and orthographic N; and for nonword only experiments,
letter length and orthographic N).

Overall, the results showed that CDP, even when optimized on small stimulus sets, exhibits good generalization per-
formance both in terms of RTs (see Table 2) and error rates (see Table 3), typically better than regression (see Table 4).
However, there were a few notable exceptions. When the model was only optimized on small word-only experiments (i.e.,
not the large datasets or mixed experiments), it often performed poorly when predicting the nonword data. In contrast,
CDP models trained on large-scale word-only datasets produced low error rates on the nonwords. This suggests that
there may not be enough information in the small experiments so that parameters that are associated with accurate non-
word processing can be reliably found. A speculative reason for this is that the words in the large datasets span a broader
range of psycholinguistic dimensions, whereas the small experiments typically manipulate variables orthogonally, using
items with extreme values. As a result, the large datasets may simply have more information in them. The optimization
would also be less biased on the large datasets than in the small experiments where even a factor of minor importance
would inflate the cost scores. Furthermore, the lexical processes engaged during word reading may obscure sublexical
processes that are more critical for nonword pronunciation, making it more difficult for the model to generalize to non-
words without dedicated nonword training data. In summary, the limited generalization from small-scale word experiments
to nonword data may be explained by gaps and/or biases in the training data used for model optimization.

Apart from these discrepancies in the error rates on nonwords, the only other case where generalization seemed to
be poor was in the first experiment of Rastle and Coltheart [32], which involved disyllabic words and stress manipulation.
This contrasts with most other datasets, which used only monosyllables. The poor generalization to this dataset might be
attributed to the word stress parameters being difficult to optimize without disyllabic stimuli. However, since the models
were able to perform well on Rastle and Coltheart’s second experiment that also used disyllabic words, this can only be a
partial explanation.

To further explore generalization, we examined prediction accuracy based on whether a model was optimized on a
small-scale experiment or a large-scale dataset. Specifically, we calculated average r values for cross-predictions among
word-only datasets across four combinations: Small predicts small (CDP: .55, Regression: .52) small predicts large (CDP:
.44, Regression: .34), large predicts small (CDP: .57, Regression: .43) and large predicts large (CDP: .44, Regression:
.36). In all cases, CDP outperformed regression, reinforcing the conclusion that CDP generalizes well and does not over-
fit—even when optimized on small item sets designed for specific factorial manipulations.

The results from the two mixed experiments showed that CDP was able to predict the data with a similar efficacy as the
regression equations in terms of both the words it was optimized on and generalizing to other mixed sets. The results from
CDP when optimized on mixed sets also predicted the other experiments well. This was not the case for the regression
models which generalized extremely poorly on all of the non-mixed experiments apart from the Chateau dataset, often
producing negative r values. This suggests the coefficients found with the regression equation, whilst fitting the dataset
they were optimized on well, were not generalizing to other datasets. This is important because it shows that in some
circumstances, the fit to the data of the regression equations based on psycholinguistic parameters may not necessarily
be readily interpretable in terms of the way people read. Thus, CDP clearly makes a difference in predictions because its
parameters are linked to processes/components.

Performance on nonwords was more mixed. CDP was poor at predicting the pseudohomophone data when not opti-
mized on pseudohomophones. When CDP was optimized on pseudohomophones, it also tended to be poor at predicting
other data. This suggests that datasets with large numbers of pseudohomophones may induce strategies which are at
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least somewhat atypical compared to a more standard reading context (see Reynolds et al. [48]). The error results where
the small word only experiments had high error rates predicting the nonword experiments were also interesting, as dis-
cussed above.

The nonword results are also interesting when compared with the regression results. The regression equations fit the
data with a relatively similar accuracy. However, the regression equations generalized more accurately across the exper-
iments excluding the pseudohomophones where both CDP and the regression equations had poor generalization perfor-
mance. Since the equation used to fit the nonword data was very simple (letter length, orthographic N), this suggests that
CDP’s performance on nonwords is made more difficult by the constraint that the same parameter set needs to support
both word and nonword reading.

Whilst the difference between the regression equations on the nonwords might be seen as a positive for regression
over CDP, the comparisons are somewhat difficult to interpret. This is because we used simple regression to examine the
data and because length and orthographic neighborhood were correlated in the nonword experiments. This means that
due to collinearity, a regression can potentially produce a reasonable fit, but the predicted strength of different factors may
differ with different models. Thus, whilst the models might predict the data well, the factors the models predict are import-
ant may be quite different, hence making their interpretation difficult. This can be seen by examining the slopes of the
length/orthographic N variables produced by the regression equations. For the Andrews experiment they were 29.21ms/-
4.14ms and for the Seidenberg nonword database they were 23.76ms/-3.44ms. Thus, they were quite similar. Alterna-
tively, the slopes from the other experiments often differed substantially from these (Jared X1: 25.2ms/1.13ms, Jared X2:
28.93ms/1.36ms, Jared X3: 18.99ms/.79ms, Jared X4: 14.40ms/.51ms; Rastle X1: -.44ms/-1.10ms; Rastle X2: 2.61ms/-
.10ms; Chateau: 0.0ms/-5.24ms; Spieler New: 4.67ms/-.65ms; Spieler Old: 9.49ms/-.15ms; Treiman: 25.86ms/.70ms;
Waters: 8.66ms/-1.0ms; Yap: 22.76ms/-2.18ms).

General discussion

Overall, the results showed that CDP performs well even when optimized on very small datasets. Its ability to general-
ize to other datasets was consistently strong. In contrast, regression models using standard psycholinguistic predictors
performed worse except for the nonword-only experiments. This is particularly notable given that regression models do
not have to generate phonological outputs, unlike CDP. Importantly, the parameters that influenced CDP’s performance
remained largely consistent when optimized on small compared to large datasets. Sloppy Parameter Analysis revealed no
meaningful differences in which parameters were stiff or sloppy, indicating that the model’s internal dynamics are robust to
dataset size. These findings suggest that CDP does not overfit when trained on small item sets.

The results CDP produced are important not only because they show that computational cognitive models can be
better than simple statistical models even when trained on only small datasets but also because they highlight the impor-
tance of incorporating at least some ‘built-in’ assumptions when modelling cognitive functions. By this we mean that CDP
implements an explicit computational theory about the structure of the reading system that includes specific assumptions
about the representations and processes used by skilled readers. These are assumed to be general, reflecting the idea
that most readers share a common cognitive architecture (see Shallice [49] for a discussion). By using this architecture,
all that needs to be done is to optimize the parameters rather than specify (or learn) the model structure. This is likely to
be a major reason for the good overall performance of CDP: despite having many parameters, its predefined architecture
narrows the space of possible behaviors in principled ways.

The results also allow us to predict different reading strategies that could be used depending on the task conditions
(see Zorzi et al. [3] for a discussion with respect to CDP). Notably, comparison between the nonwords, words, and mixed
lists revealed that the Minimum Naming Criterion parameter was consistently lower for nonword-only and mixed lists than
for word-only lists. This parameter acts as a response criterion for when the final output of the model can be read out
from the phoneme-level representation. CDP thus predicts that a lower response criterion is adopted in contexts involving
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nonwords, as this helps reduce error rates more effectively than adjusting other parameters. This shows that the values of
the parameters that produce optimal results in particular contexts cannot just be determined simply by taking the psy-
cholinguistic statistics of the entire stimuli set and setting the values based on them. Instead, they emerge from CDP’s
computational architecture and how it processes information.

The results of CDP are also compatible with a criterion shifting account of reading, rather than a change in the overall
speed of activation build-up (see Lupker et al. [50]). While the Minimum Naming Criterion varied extensively across differ-
ent experiments depending on the type of stimuli, the Global Activation Parameter, which controls the speed of activation
build up across all representations, remained remarkably stable. Thus, even if it were possible to simulate the qualitative
pattern of results by changing other parameters, the poorer quantitative fits between the actual data and CDP would sug-
gest that such alternative strategies are unlikely.

Apart from the results of CDP, the results of the regression equations are interesting in their own right. In the
experiments with words, regression generally performed worse than CDP. One reason for this may be because of
the specific manipulations that were done in the experiments. For example, in the Jared [14] experiments, different
types of consistency were examined but our regression models included only a single measure of consistency. This
may have limited the regression model’s ability to capture the full effect of the experimental manipulations, contrib-
uting to its poorer performance relative to CDP. However, not all variables used in the regression suffered from this
problem, including word length, word frequency, and orthographic N. It is therefore unlikely that the weaker per-
formance of regression models can be attributed solely to inconsistencies in how psycholinguistic predictors were
defined.

Another possible reason for the worse performance of the regression models based on word datasets when compared
to CDP could be the choice of psycholinguistic variables. There are many other predictors we could have used. However,
word frequency, word length, consistency and orthographic N are arguably the most important variables in word recogni-
tion and naming experiments. It would also be possible to add further variables (e.g., age of acquisition, bigram frequency,
concreteness, etc.), but the comparison with CDP would not be fair if they refer to processes or mechanisms that are
outside the scope of the current version of CDP (e.g., semantics). It is also important to highlight that regression mod-
elling has a major competitive advantage over CDP: fitting the data does not include the task of generating phonemes.
Thus, it seems reasonable to suggest that the ability of CDP to predict the data is somewhat handicapped compared to
regression.

One final notable anomaly in the regression results was observed with the two mixed datasets (Weekes and Ziegler),
which included both words and nonwords. While regression equations fit these datasets reasonably well, their ability to
generalize to other experiments was markedly poor—unlike CDP, which maintained good generalization performance.
This is interesting because it suggests that the regression models may overfit more complex data, capturing superficial
statistical patterns underlying cognitive processes. Given the increasing use of regression-based analyses in psycho-
linguistics (e.g., [39,51,52], exploring the extent to which these regression models generalize across datasets would be
valuable to assess their validity, especially for weaker effects [45].

Overall, the results have a number of significant implications. First, they demonstrate that even small datasets contain
sufficient information to meaningfully optimize CDP and produce good generalization performance. Second, the better
performance of CDP over simple regression is likely to be due to its structure that explicitly implements the (assumed)
cognitive architecture of the reading system. Third, the process of parameter optimization and SPA provides valuable
insights into which components of the model drive behavior and how they vary across contexts. Finally, the results are
important because they show that cognitive models can serve as more than just tools for prediction—they can also offer
interpretable, mechanistic accounts of behavior. Rather than relying solely on summary statistics or regression coeffi-
cients, researchers may increasingly turn to parameter estimates from theoretically grounded models as a basis for expla-
nation, even in small-scale experiments.
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Such a modelling approach has already proven successful in other domains of cognitive science, such as the Two-
Alternative Forced Choice task. With that task, the drift-diffusion model [53] has been widely used to extract meaningful
parameters that reveal underlying cognitive processes—insights that traditional statistical methods cannot provide (e.g.,
[54-56]. With further research, there is no reason why parameters from reading models could not be used in a similar
way to advance our understanding of language processing. In particular, our results pave the way for modelling individual
reading profiles using small-size stimulus datasets, as are used in most empirical studies. This approach would provide
explicit predictions about which parameters affect the reading performance of a given individual, with important impli-
cations for understanding reading difficulties. Indeed, personalized modelling could help identify the cognitive source of
reading impairment, both in developmental and acquired dyslexia, and predict which types of remediation might be most
effective for a given individual.

Supporting information

S1 Table. R values from regression equations including a frequency by consistency interaction taken from one
dataset and used to predict the others.
(DOCX)

S1a Fig. Histograms of the r values comparing the actual and model data from the top 100 optimization runs in each
experiment. *Note: Stimuli: Jaredx1-x4 =Experiments 1—4 of Jared (1), RastleS1-S2=Experiments 1 and 2 of Rastle and
Coltheart (2), Andrews =Andrews and Scarratt (3), Pseuds=McCann and Besner (4), Seid NWs=Seidenberg et al. (5),
Weekes=Weekes (6), Ziegler=Ziegler et al. (7), Chateau=Chateau and Jared (8), Spieler Young and Old=Experiments 1 and
2 from Spieler and Balota (9), Treiman=Treiman et al. (10), Waters=Seidenberg and Waters (11), Yap=Yap and Balota (12).
(TIFF)

S1b Fig. Histograms of the r values of Pearson correlations generated by taking the reaction times of the top 20
optimization runs and using the correlation values from all possible pairings. * Note: Stimuli: Jaredx1-x4 = Experi-
ments 1—4 of Jared(1), RastleS1-S2=Experiments 1 and 2 of Rastle and Coltheart (2), Andrews =Andrews and Scarratt
(3), Pseuds=McCann and Besner (4), Seid NWs =Seidenberg et al. (5), Weekes =Weekes (6), Ziegler=Ziegler et al.

(7), Chateau=Chateau and Jared (8), Spieler Young and Old=Experiments 1 and 2 from Spieler and Balota (9), Trei-
man=Treiman et al. (10), Waters =Seidenberg and Waters (11), Yap=Yap and Balota (12).

(TIFF)

S1c Fig. Histograms of the RMSE values generated by taking the reaction times of the top 20 optimization runs of

each experiment and using the RMSE values from all possible pairings. *Note: Stimuli: Jaredx1-x4 =Experiments 1—4

of Jared (1), RastleS1-S2 =Experiments 1 and 2 of Rastle and Coltheart (2), Andrews =Andrews and Scarratt (3),
Pseuds=McCann and Besner (4), Seid NWs=Seidenberg et al. (5), Weekes=Weekes (6), Ziegler=Ziegler et al. (7), Cha-
teau=Chateau and Jared (8), Spieler Young and Old=Experiments 1 and 2 from Spieler and Balota (9), Treiman=Trei-
man et al. (10), Waters = Seidenberg and Waters (11), Yap=Yap and Balota (12).
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S2 Fig. Histograms of the parameter distributions from 100 optimization runs on each dataset. The low and high
values of the X axis are taken from the minimum and maximum values in Table 1. The largest value of the Y axis is taken
from the bin with the highest count. * Note: Stimuli: Jaredx1-x4 = Experiments 1—4 of Jared (1), RastleS1-S2=Exper-
iments 1 and 2 of Rastle and Coltheart (2), Andrews =Andrews and Scarratt (3), Pseuds=McCann and Besner (4),
Seid=Seidenberg et al. (5), Weekes=Weekes (6), Ziegler=Ziegler et al. (7), Chateau=Chateau and Jared (8), Spieler
Young and Old=Experiments 1 and 2 from Spieler and Balota (9), Treiman=Treiman et al. (10), Waters = Seidenberg
and Waters (11), Yap=Yap and Balota (12). Parameters: ff=feedforward, fb =feedback, Ex — Excitatory, In = Inhibitory,
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Feat=Feature, Let=Letter, Latin = lateral inhibition, OL=Orthographic Lexicon, PL=Phonological Lexicon, St=Stress,
Stress_Over = stress over criterion, Let_Scan =letter scanning time, Act=activation, FreqMod = Frequency modifier, Min_
Naming=Minimum Naming criterion, Let_Over = Letter Over criterion.
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S3 Fig. Histograms of the SD values from the small experiments and large datasets.
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S4 Fig. Histograms of log eigenvalues from the small experiments and large datasets.
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S5 Fig. Histograms of the values of the parameter ranking scores from the small experiments and large datasets.
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