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Abstract

This paper presents a categorization experiment supporting
the hypothesis that base-rate-neglect occurs in linguistic cat-
egory learning (and, thus, is a cross-domain phenomenon),
and that it is more likely for those learners who engage in
explicit problem-solving, rather than implicit learning. We
find that among those participants who were able to verbal-
ize the cue that was probabilistically associated with category-
membership (correct-staters) in a phonological learning task,
about a third respond in a way consistent with base-rate-
neglect. On the other hand, non-staters are more likely to
respond randomly or by probability matching the base-rates.
These results suggest that explicit learning is associated with
base-rate-neglect to a greater extent. We found that no learners
integrate the two probabilistic patterns present in the experi-
ment into a single Bayesian estimate. Rather, some of them
focus on the base-rates, others focus on category-internal cues,
and others simply fail to learn anything.

Keywords: base-rate fallacy; linguistic category-learning;
phonological learning; biases across domains

Introduction
A central question in cognitive science and in linguistic the-
ory is the nature of learning biases. Psychologists and lin-
guists have been investigating this issue largely independently
using different types of stimuli and different discipline-
specific theories. In our work, we attempt to bring these
two strands of research together, by investigating whether the
cognitive biases identified in the psychological literature are
manifested in analogous cases of linguistic learning (Moreton
& Pertsova, 2024; Moreton, Pater, & Pertsova, 2017). This
approach allows us to get closer to understanding which types
of biases are domain-specific vs. domain-general and to
what extent. The tool we use is “artificial-language learning”
(ALL) experiments that allow direct control over the learning
situation. Such experiments arguably engage the same type
of mechanisms used in naturalistic second language acquisi-
tion, and thus present an ecologically-valid way of probing
the hypotheses about human learning. In this paper we ap-
ply the ALL methodology to study a prominent bias known
as Base Rate Neglect/Fallacy. The main questions we ask are
whether this bias can be found in linguistic learning and if so,
whether it affects the explicit system more than the implicit
one (this distinction is discussed in the next section).

Base Rate Neglect (BRN) refers to one of the cognitive bi-
ases described by Daniel Kahneman and Amos Tversky in
their groundbreaking work on cognitive biases (Tversky &

Kahneman, 1974). This bias involves undervaluing the prob-
abilities (“base rates”) of categories or events when making
categorization decisions. Specifically, this bias manifests it-
self in a situation when base-rates are unequal and are in con-
flict with the category-internal cues: some category cue is
more frequent within the rare category. A typical example
would be diagnosing rare diseases. Given a rare disease and
a test that is 99% accurate in diagnosing both presence and
absence of the disease, most people think that if one tests
positive, then the probability of them having the disease is
high. However, in reality this probability is low since 1% of
people who don’t have the disease will test positive (“false
positives”), and this number will be a lot larger than true pos-
itives given that most people do not have the disease.

In this paper, we present evidence that base-rate-neglect is
more likely to occur among explicit learners in a linguistic
categorization task. This finding confirms that the distinction
between explicit vs. implicit learning modulates the effect of
BRN. Our results also offer a possible explanation of the pre-
vious inconsistent findings in the literature – we find that dif-
ferent participants follow different strategies, something that
becomes apparent only once we perform a clustering analysis
on the by-subject results. Finally, our results are consistent
with the view that linguistic categorization is subject to the
same set of biases as other types of categorization.

Previous work
Most of the early studies demonstrating BRN presented peo-
ple with word-problems in which the base rates of the two
relevant categories and the frequencies of identifying charac-
teristics/cues for category membership were described ver-
bally (cf. the famous “lawyer-engineer problem” Tversky
and Kahneman (1974)). Bar-Hillel (1980) argued that these
types of word-problems lead participants to ignore base-
rates because category-specific information may be consid-
ered more prominent, salient, and more concrete compared
to the abstract base-rates. A later strand of research shifted
to a paradigm where base-rates and category-internal cues
were instead learned experientially over a long series of trials
(Manis, Dovalina, Avis, & Cardoze, 1980; Medin & Edelson,
1988; Gluck & Bower, 1988; Estes, Campbell, Hatsopoulos,
& Hurwitz, 1989; Goodie, 1997). The results were that de-
pending on the nature of the task, the structure of the cate-
gories, and the number of cues used, some experiments led to
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appropriate use of base-rates, others lead to base-rate-neglect,
and yet others to alternative inappropriate uses of base-rates.
Over the years a huge amount of literature has accumulated
on this topic with no consensus on the nature of the phe-
nomenon (for one comprehensive review, see Don, Worthy,
and Livesey (2012)).

Several explanations of BRN have been proposed in the
past. Kruschke (1996) attempts to explain BRN and its vari-
ability across experiments using the concept of feature diag-
nosticity. In particular, he proposes that “the dominant ef-
fect of base rates is to cause frequent categories to be learned
before rare categories, so that the common categories are en-
coded in terms of their typical features, and the rare categories
are encoded by whichever features distinguish them relative
to the already-learned, common categories.”

Other researchers propose that base-rate information is
learned and applied more accurately during implicit but not
explicit learning, and that some inconsistencies in the exper-
imental findings may be due to participants using a differ-
ent mix of learning strategies (Holyoak & Spellman, 1993;
Koehler, 1996). For instance, Koehler (1996) speculated
that, while gaining direct experience with a set of categories,
base-rate sensitivity develops more robustly because infor-
mation that is learned implicitly provides multiple “traces”
(Hintzman, Nozawa, & Irmscher, 1982) and can be better
remembered or more easily accessed compared to the infor-
mation learned explicitly. The relationship between sensitiv-
ity to base-rates and implicit vs. explicit learning was di-
rectly investigated in Bohil and Wismer (2015). In this study,
participants learned two simple perceptual categories (white
rectangular bars) with unequal base-rates. Base-rate influ-
ence was lower in the conditions that according to the authors
lessened implicit learning (i.e., observational training and de-
layed feedback).

Given that multiple studies suggest that implicit learning
may result in better integration of base-rates into the category
decision process, we will investigate whether the same is true
in the domain of linguistic learning, which is typically as-
sumed to be entirely implicit during the natural first language
acquisition, but is often explicit in second language acquisi-
tion, especially at the early stages (Muñoz, 2012; VanPatten
& Smith, 2022).

Implicit vs. Explicit learning in language
Multiple theories in psychology, neuroscience, and linguis-
tics distinguish between two different systems of thought and
types of memory which go by different names, such as Sys-
tem 1 vs. System 2, implicit vs. explicit, procedural vs.
declarative (Reber, Allen, & Reber, 1999; Holyoak & Spell-
man, 1993; Ashby, Alfonso-Reese, Waldron, et al., 1998;
Ashby FG, 2011; Kahneman, 2012). While the terms above
do not always refer to the same thing, they are intended to
describe two different types of thought: one that is uncon-
scious, automatic, effortless, fast and intuitive (which we call
“implicit” following the work of Reber), and one that is con-
scious, effortful, and involves deliberate reasoning and hy-

pothesis testing (which we call “explicit”).
In our previous work on learning of phonological cate-

gories (Moreton & Pertsova, 2024), we have shown that par-
ticipants in artificial language learning experiments engage in
both implicit and explicit reasoning, and that we can use post-
experimental questionnaires in which participants are asked
to verbalize what they learned as a proxy for identifying ex-
plicit learners. Furthermore, we find that this subjective mea-
sure of explicitness is correlated with more objective signs
such as abruptness in the learning curves or the bimodal dis-
tribution at the end of the learning.

Experiment 1

The experiment described here tests the following research
hypothesis: if BRN exists in learning of linguistic cate-
gories defined over phonological features, it will be more pro-
nounced for those participants who engage in explicit learn-
ing (e.g., deliberately searching for a rule, testing hypotheses,
mentally representing sounds as letters) compared to others.
That is, we hypothesize, in line with the previous literature,
that explicit learners, having limited short term memory re-
sources, will not be able to integrate both the base-rates and
category-internal probabilities into a single probability esti-
mate that is close to the normative Bayesian response.

The experiment required participants to categorize nonce
words into two categories that depended probabilistically on
a phonological cue. We chose to use a single binary cue
to avoid confounding factors like cue-competition based on
salience. Thus, we focus on a direct conflict between frequen-
cies of two binary categories: a frequent category-internal bi-
nary cue (e.g., presence of a particular property in a word)
goes with a rare category, and vice versa. The categories
were city names in two fictional languages spoken in differ-
ent countries, one of which was 3 times as frequent as the
other. However, the probability of the rare category having a
positive phonological cue was a lot higher compared to the
common category, leading to the possibility of BRN. The
correlation of phonological cues with city names in different
countries is meant to loosely model soft phonotactic tenden-
cies that exist in natural languages: e.g., some languages tend
to have “open” syllables (ending in vowels), other languages
may have certain restrictions on sizes of their words, stress-
location, etc. Speakers (including young infants) are known
to be sensitive to these kinds of cues and can recognize what
language they are hearing based on what the words sound
like (Mehler et al., 1988; Grosjean, 1982; Nakai, Strange, &
Akahane-Yamada, 2020).

Table 1: Base-rates and category-internal probabilities of
cues.

Category (base-rate) −F +F
Common (0.75) 0.79 0.21
Rare (0.25) 0.36 0.64
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Predictions The base-rates and category-internal probabili-
ties we used are reported in table 1; they were chosen to max-
imize the chances of distinguishing among different types
of participants’ possible behavior. In particular, we consid-
ered that: (i) participants may respond randomly, choosing
each category at chance, (ii) participants may respond by fol-
lowing the Bayes Rule, taking into account both base-bates
and category-internal probabilities of cues, (iii) participants
may match the probabilities of base-rates (such probability
matching is found in similar experiments, including linguis-
tic ones (Gaissmaier & Schooler, 2008; Hudson Kam & New-
port, 2009)), and (iv) participants may base their responses on
category-internal cues only, ignoring base-rates (this would
show evidence of BRN)1. The distinctive probabilities for the
common category response predicted by these behaviors are
provided in table 2 and their explanations appear below.

Table 2: Predicted probabilities of a common category given
phonological cue under different behaviors

Behavior P(comm|+cue) P(comm|−cue)
Random choice 0.5 0.5
Normative Bayes 0.5 0.87
Probability matching 0.75 0.75
Base-rate neglect 0.25 0.69

1. Random choice: participants are equally likely to choose
each category, regardless of the cue

2. Normative Bayes: participants compute the probability of
a category given a cue, P(cat|cue), following the Bayes
Rule: P(cat|cue) = P(cue|cat)∗P(cat)

P(cue) . The derivations for
specific values in our experiment are as follows:

(a) P(common|+ cue) = 0.75∗0.21
(0.75∗0.21)+(0.25∗0.64) = 0.5

(b) P(common|-cue) = 0.75∗(1−0.21))
(0.75∗(1−0.21))+(0.25∗(1−0.64)) = 0.87

3. Probability matching: participants choose the common
category at the rate they saw it during training (in our case
75% of the time) regardless of cue

4. Base-rate neglect: participants ignore base-rates which
can be modeled as a Normative Bayes formula in which
the P(common) = P(rare) = 0.5. (Also see footnote 1).

(a) P(common|+ cue) = 0.5∗0.21
(0.5∗0.21)+(0.5∗0.64) = 0.25

(b) P(common|-cue) = 0.5∗(1−0.21))
(0.5∗(1−0.21))+(0.5∗(1−0.64)) = 0.69

1There are several versions of BRN: participants may assume
that the two categories are equally likely or they may undervalue
true category frequencies to various degrees. Participants may also
simply equate the probability of a category given a cue to the proba-
bility of the cue given the category (this is known as the Inverse Fal-
lacy (Villejoubert & Mandel, 2002)). The predictions of these two
versions of base-rate-neglect for the specific values we have chosen
in our experiment are too close to each other, so we will not consider
Inverse Fallacy as a separate prediction.

Stimuli
The stimuli were made-up names of cities in two different fic-
tional countries. There were three conditions, based on which
phonological feature was selected to serve as category cue:
the onset condition in which the cue was presence or absence
of a word-initial consonant, the coda condition – presence or
absence of a word-final consonant, and the number of sylla-
bles (2 vs. 3). All of these are possible ways in which natural
languages have been observed to differ. In a pilot experi-
ment, we verified that all three of these phonological features
are learnable in the same set-up when they are determinis-
tic. For each feature, one of the feature-values was chosen
as “positive” for each experiment instantiation: that is, this
feature-value was associated with the rare category while the
opposite feature-value was associated with the common cate-
gory.

The names of cities were created as follows: for each fea-
ture a pool of possible words was created using a bigram
model trained on English nouns from the CMU pronounc-
ing dictionary2. These words were restricted to the following
segments: consonants [p, t, tS, k, b, d, Z, g, f, s, S, v z, dZ, m,
n, N, l] and vowels [i, I, u, U, ej, E, ow, A]. A MaxEnt gram-
mar of (Hayes & Wilson, 2008)3 was trained on nouns from
the Celex corpus containing only segments from the inven-
tory above. This grammar was then used to rank potential
words based on their phonotactic well-formedness (i.e, how
good each word was a potential word of English). The fi-
nal set of stimuli was chosen by randomly picking 100 words
for each feature-value from the top-ranked potential words.
Some examples of the stimuli can be seen in table 3.

Table 3: Example words
+F −F

Onset gilef, nulem uzit, abing
Coda zimof, bifang chebi, fala
2syll fadiv, jofom chikozim, lotimil

These words were then synthesized using Google’s
Tacotron2 model fine-tuned to be able to create novel words
based on phonemic transcriptions. All words were generated
to have stress on the first syllable. Roughly 10% of synthe-
sized words were excluded due to unexpected audio-artifacts
or errors.

Procedure
Task We tested people in two different training modes,
which were designed to encourage either explicit or implicit
learning. However, whether a participant used implicit vs.

2http://www.speech.cs.cmu.edu/cgi-bin/cmudict
?stress=-s&in=CITE

3This grammar induces a set of constraints on the phonological
shape of words and weighs these constraints to maximize the likeli-
hood of the data. As a result, it allows to make predictions about the
phonological likelihood of novel words.
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explicit learning was ultimately determined based on their re-
sponses in the post-experimental questionnaire (discussed in
the next section). The two training modes were observational
and feedback training. In the observational trial, a participant
heard a city name, and saw a fictional flag associated with
that city’s country, as shown in Figure 1a. Participants could
hear the word again if they wanted to before going on to the
next trial. In the feedback mode, a participant heard a city
name and saw two flags (see Figure 1b). They could hear
the word again, and then they had to choose the flag for the
country they thought the city was from. This was followed
by feedback, either “Incorrect” accompanied by the sound of
a sad trumpet or “Correct” accompanied by a ding. Based on
prior work (Love, 2002; Nosofsky, Gluck, Palmeri, McKin-
ley, & Glauthier, 1994), we hypothesized that the feedback
mode would encourage more explicit learning.

Each participant saw a unique experiment instantiation,
based on 24 profiles that differed based on which of the three
features served as a cue (onset, coda, syll-number), which
value of the feature counted as positive, which flag was as-
signed to which category, and which training mode was used
(feedback vs. observational). For each of these profiles, we
created experiment files by randomly sampling the stimuli
that satisfied them. Participants were assigned one of these
files at the beginning of the experiment in a round robin fash-
ion. The experiment was designed using the EXPERt soft-
ware written by Josh Fennell; experimental files as well as all
the code is available at https://github.com/jfnl88/brn.

The training lasted for 112 unique trials. After it was com-
plete, participants were told that they will hear more new city-
names. This testing phase (N=56) was identical to the train-
ing trials of the feedback-mode, except it did not contain any
feedback.
Post-experimental questionnaire After the testing phase,
participants completed a post-experimental questionnaire
which collected demographic data as well as information re-
lating to learning strategies. There were two kinds of ques-
tions in the questionnaire: two multiple choice questions that
asked participants to choose all strategies they used during
training and testing. The options were: ‘just listened to the
words’, ‘went by intuition or gut feeling’, ‘looked for a rule or
a pattern’, and ‘took notes.’ Participants who indicated taking
notes were subsequently removed from consideration. Addi-
tionally, participants were asked to describe any patterns they
noticed in the data. These free responses were then scored by
two trained research assistants using a developed scoring pro-
cedure. The three main questions that the scorers had to an-
swer were (i) Did a participant mention the relevant cue? (ii)
Did a participant state any rule/pattern? (iii) If a pattern was
stated, was it correct? All disagreements between the scor-
ers were resolved by the first author. The rate of agreement
between the two scorers was reasonably high on stating the
relevant feature (Kohen’s Kappa = 0.79) and for stating a rule
(Kohen’s Kappa = 0.73). We counted responses that stated the
critical pattern either as a tendency (e.g., “most words ending

in a consonant went with the green flag”) or as an absolute as
correct.

Participants Participants were recruited using the online
research platform Prolific; they were told they would par-
ticipate in a language study and that they had to be a na-
tive speaker of English with normal hearing. They were
also screened for prior experience with our previous studies
(which have a similar design). 190 participants took part in
the study and four of them were excluded for taking notes.

Results
The results of the free-response in the questionnaires were
analyzed to identify correct staters (28 participants), namely,
those participants who were able to correctly verbalize the
relevant category-internal cue after the experiment. Sev-
eral analyses (not included here for reasons of space) on the
multiple-choice questionnaire responses and on the numbers
of correct staters showed that the two training modes did not
significantly differ from each other on any measure of ex-
plicit/implicit learning.

To analyze if participants followed one of the predictions
described in table 2, we modeled the proportion of common
category responses based on the phonological cue (+F more
characteristic of the rare category), training (observational vs.
feedback), and the interaction between these two variables.
We used a mixed effects logistic regression with random in-
tercepts for participants and random slopes for the variable
cue. The results of the regression model appear in table 4 and
the predicted probabilities of the common-category response
in the four cells of the experiment based on this regression
model are given in table 5. (Note that in this probabilistic ex-
periment there is not a right or wrong response on each trial.)

Comparing probabilities in table 5 to the expected proba-
bilities in table 2, we see that they do not match any of the
predictions. On average, regardless of cue, participants were
more likely to choose the more common category, but slightly
less likely when the word had the rare cue (effect of cue).
They were also less likely to choose the common category in
the observational training mode (effect of mode).

Next, we consider the possibility that the reason we found
no easily interpretable effects is due to the fact that differ-
ent groups of participants had different behavior (e.g., some
neglected base-rates, others relied on base-rates only, etc.).
To better understand whether our data is a result of averag-
ing over such multiple sub-populations, we conducted a clus-
tering analysis as follows: we plotted each subject’s average
proportion of common-category responses for all words that
had a +cue (on the x-axis) and words that had a -cue (on
the y-axis). On this plot, we overlayed the points that cor-
respond to the predictions of the four types of behavior in
Table 2. We then assigned each data-point to one of these
four types/clusters based on shortest Euclidean distance. The
result can be seen in Figure 2. In this plot the points that are
shaded correspond to correct staters. A color of each point
shows a cluster it was assigned to.
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Figure 1: Examples of training trials

(a) Observational mode (b) Feedback mode

Table 4: Fixed effects in a mixed-effects logistic regression for Experiment 1 (on the probability of the common category)
Fixed effects: Estimate Std. Error z value Pr(>|z|)
Intercept (feedback, +F) 0.62 0.09 7.17 7.74e-13 ***
cue: −F (common) 0.28 0.08 3.39 0.0007 ***
mode: observational -0.39 0.12 -3.27 0.001 **
cue * mode -0.08 0.11 -0.71 0.47

Table 5: Modeled probability of the common category re-
sponse in Experiment 1

feedback observation
-F (common) 0.71 0.60
+F (rare) 0.65 0.56

We see two prominent clusters in the graph: in the top-right
corner there are participants who center around the proba-
bility matching point (75% preference for the common cate-
gory regardless of cue) or show overmatching behavior which
consists of preferring the common category even more fre-
quently. This is a rational type of response when presented
with skewed base-rates (see the discussion section). The
next largest cluster is in the middle, centering around ran-
dom choice (with a few participants straying into the bottom
left-corner, probably probability matching but reversing the
two categories). The Bayesian prediction at the top does not
look like a centroid of any cluster – almost all points that were
closest to it lie below it. And finally, there is a small cluster
to the left around the BRN center. This cluster corresponds
to those participants who chose the common category more
often ( 70% of the time) when the word had −cue and the
rare category more often ( 75% of the time) when the word
had +cue (matching the category-internal cue probabilities
and ignoring base-rates).

Most notably, around one third of all correct staters, eight
people or 29%, are in this cluster compared to only 7%
of non-staters (this difference is statistically significant by
Fisher’s exact test, odds-ratio = 5.3, p = 0.002). Additionally,

the correct-staters in the BRN cluster are marginally closer
to the BRN-center, compared to the non-staters in the same
cluster as revealed by a Welch independent one-tail test on the
mean distance to the BRN-point (t = -1.68, df=16, p=0.05).
These results suggest that BRN-type behavior is more likely
among correct staters (who we use as a proxy for explicit
learners). Some of the non-staters could potentially be ex-
plicit learners as well, who for some reason did not state
what they learned. Given that non-staters are a heterogenous
group, it is harder to make claims about them, but we can
say that no identifiable group of learners performed in a way
predicted by the Bayes’ rule.

Although the results above are suggestive of an effect of
explicit learning on BRN, they are due to a post-hoc cluster-
ing analysis. To replicate this finding, we conducted Experi-
ment 2.

Experiment 2
Experiment 2 was just like Experiment 1, using the same
stimuli and design but only in the observational mode. We
chose the observational mode over the feedback mode be-
cause in the deterministic pilot experiment mentioned earlier,
participants performed significantly better on the rare cue in
the observational mode (they were equally good on the com-
mon cue).

Participants were recruited in the same way, on Prolific,
among those who did not take part in previous experiments.
After excluding note-takers, we had 169 valid participants
with 21 of them identified as correct-staters through the ques-
tionnaire analysis as before. The results of this experiment
were analyzed in the same way as the post-hoc analysis of
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Figure 2: Experiment 1. By-subject proportion of common-
category responses in the test phase for words with a cue
(+cue) vs. without a cue (-cue). Shaded points correspond
to correct staters.

Experiment 1.
Graph 3 shows by-subject data with correct-staters corre-

sponding to the shaded circles. Overall, this experiment repli-
cates our previous findings, with BRN-type behavior being
more likely among correct-staters (33% vs. 10%, significant
difference by Fisher’s exact test, odds-ratio = 4.37, p=0.008),
and with correct-staters in the BRN group being more tightly
clustered compared to non-staters (Welch t-test on average
distance to centroid t=-2.3, df=15.8, p=0.02).

Discussion
In both experiments, about a third of correct-staters relied pri-
marily on the identified cue, ignoring base-rates. This is in-
dicative of the fact that leaners who might be making catego-
rization decisions explicitly, fail to integrate category-internal
cues with base-rates. It has been suggested that implicit learn-
ers do not have similar limitations (Unsworth & Engle, 2005),
however, we found that no learners in our experiment were
centered around the normative Bayes’ centroid. Non-staters
tended to either respond randomly or probability match, pos-
sibly because the task was too difficult for them. Interestingly,
many participants chose the common category even more fre-
quently than expected based on trained frequencies. This
type of response is known as overmatching in the literature
on probability learning (see the review in Saldana, Claidière,
Fagot, and Smith (2022)). It lies between the probability
matching and the maximizing response (always choosing the
most common category). The maximizing response is often
discussed as the optimal and more rational guessing strategy
compared to probability-matching because it maximizes the
reward. Supporting this idea, we found that in Experiment 1
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Figure 3: Experiment 2. By-subject proportion of common-
category responses in the test phase for words with a cue
(+cue) vs. without a cue (-cue). Shaded points correspond
to correct staters.

most of the overmatching participants were in the feedback
condition. However, we also saw a lot of overmatching in
Experiment 2 which did not include feedback.

Conclusion
Overall we found that in a categorization task that involved a
probabilistic association between phonological cues and cate-
gories, a large group of participants failed to learn the pattern
or only learned the base-rates of the two categories. How-
ever, a small number of participants showed evidence of base-
rate-neglect and, hence, of learning the probabilistic associ-
ation between cues and categories and ignoring base-rates.
This type of behavior was significantly more common among
correct-staters compared to non-staters. We take this result
to support the hypothesis that BRN is possible in linguistic
learning (just like in visual category-learning), and that it is
affected by learning strategy – explicit learners are more sus-
ceptible to BRN. Additionally, we think these results can ex-
plain the previously inconsistent findings in the BRN litera-
ture. We found that different participants may be using dif-
ferent strategies which can be masked by averaging their re-
sults. Within the field of language learning, our results could
help explain some overgeneralization mistakes committed by
second-language (L2) learners, given that L2 acquisition pro-
ceeds explicitly at early stages (VanPatten & Smith, 2022).
In particular, learners might focus too much on salient or di-
agnostic cues, ignoring category frequencies (e.g., by over-
applying an irregular pattern like bring – *brang due to simi-
larity with sing – sang, underestimating the fact that irregular
patterns apply to a small minority of verbs compared to the
regular -/ed/ rule).
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