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This study investigated the assumptions of prototype and exemplar models of human category learning, with
a particular focus on the impact of category frequency. We used baseline and recency-weighted variants of
prototype and exemplar models to examine the computational mechanisms underlying categorization
decisions when one category was presented more frequently than the other. We employed extensive sets of
stimuli derived from bivariate normal distributions and manipulated category frequency during training
across four experiments using different category structures. In the transfer phases, participants classified
novel stimuli. Across all studies, the results revealed a significant frequency effect, with participants
showing a preference for categorizing novel items as members of the more frequently encountered category.
This preference extended to transfer stimuli outside the trained region of the stimulus space. Model-based
analyses indicated that the recency-weighted generalized context model exemplar model, which computes
summed similarity via a Decay reinforcement learning rule, consistently outperformed other models in
fitting the data and accurately reproducing the observed classification patterns across all experiments. Both
prototype models failed to account for the observed frequency effects. While the baseline generalized
context model was able to account for frequency effects, it did not capture recency effects. These findings
suggest that relative category frequency influences human behavior when categorizing novel items. The
computational modeling results revealed that evidence for categorization decisions is recency-weighted and

accumulative rather than averaged.
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Category learning is a crucial cognitive process that enables
individuals to construct knowledge and organize their under-
standing of the world. The ability to establish and adopt categories is
fundamental to the human population; it allowed our ancestors to
identify and predict potential dangers in the environment and adapt
to changing situations. As such, the study of category learning has
been a central topic in cognitive psychology, neuroscience, and
related fields. This has led to the development of numerous theo-
retical models to explain how individuals acquire and use category
information. Understanding the mechanisms and processes under-
lying category learning can provide valuable insights into the nature
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of human cognition and its relation to behavior (Barsalou,
1985; Mareschal et al., 2010; Medin & Smith, 1984; Murphy &
Medin, 1985).

Two major theories of human category learning—exemplar and
prototype models—have been prominent for decades. Prototype
models suggest people categorize new objects by comparing how
similar the object is to the prototypes of each possible category
(Mervis & Rosch, 1981; Rosch & Mervis, 1975). Posner and Keele
(1968, 1970) found participants could extract the central tendency of
attributes in the learning stage and were more likely to categorize the
never-before-seen prototype as a category member in the testing stage
(see also Reed, 1972; Smith & Minda, 2002). The prototype for one
category is generally defined as the average or central tendency of
each attribute across all category members. Unlike prototype models,
exemplar models do not consider categories to be determined
by comparing objects to a prototype. Exemplar models propose
that all previously encountered exemplars are stored in memory.
Categorization is performed by comparing the similarity between a
novel object and all known exemplars within each possible category.
If the object is most similar to the exemplars of one category, it will
most likely be classified into that category (Brooks, 1978; Medin &
Schaffer, 1978). The most representative exemplar-based theory is
the generalized context model (GCM; Nosofsky, 1984).

In this article, we examine how well exemplar and prototype
models can account for frequency effects in category learning, where
participants show a bias toward a more frequently encountered
category. Frequency effects have been observed in several aspects of
cognitive processing. Estes’s (1976a) seminal study revealed that, in a
choice-prediction task, participants favored an option presented more
frequently over an option presented less frequently. This preference
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can be observed even if the less-frequent option is associated with a
higher reward probability (Don et al., 2019). In category learning,
Homa et al. (1981, 1991) and Homa (1984) used the dot-pattern
paradigm (Posner & Keele, 1968, 1970) and manipulated category
size (or frequency), such as having categories contain three, six, or
nine exemplars, in the learning phase in their experiments. They noted
an increased prototype-enhancement effect with larger category sizes.
In addition, Homa et al. (1981) revealed that classification accuracy
for novel exemplars in the transfer phase was higher when these
exemplars closely resembled trained ones. This old—new similarity
effect diminished with increased category size. This was interpreted
as evidence supporting the prototype-based models which suggests a
prototype’s representation becomes more dominant in categorization
as category size expands. However, exemplar models can also
account for the classic category size effects observed in dot-pattern
paradigm studies (Nosofsky, 1988a; Shin & Nosofsky, 1992). Shin
and Nosofsky (1992) not only replicated the prototype-enhancement
and old-new similarity effects using the same paradigm but also
revealed that the GCM offered a better explanation for those effects
than the prototype model. The prototype-enhancement effect might
arise because the prototype shares more similarity with all training
exemplars (old distortions) than the novel exemplars (new distor-
tions). This effect is augmented with larger category sizes due to
more accumulated similarity representations. Conversely, the old—
new similarity effect may decrease as category size grows because
the similarity between new and old exemplars contributes less to the
overall summed similarity (Hu & Nosofsky, 2022).

The present study focuses on how the relative frequency of each
category affects the cognitive processes involved in category
learning. We examine whether “frequency effects” exist in category
learning, which we define as a bias toward classifying new stimuli as
members of the more frequently encountered category. We also
examine which models can account for such frequency effects. To
provide theoretical grounding, we focus on the predictions made by
variants of the GCM (Nosofsky, 1984, 1986, 1988b), as well as
prototype models (Donald et al., 1973; Reed, 1972; Smith & Minda,
1998), in category learning tasks where the relative frequency of
each category is manipulated. The GCM assumes the experienced
exemplars are stored in memory with varying memory strengths.
Memory strength might be influenced by the frequency or recency
of the exemplar’s presentation. Nosofsky (1988b) manipulated the
exemplar’s exposure frequency in the training phase of a category
learning task and found evidence of a frequency effect. For instance,
one exemplar was presented five times as often as any other
exemplar within the target category in the high-frequency condition,
whereas in the control condition, all exemplars were presented with
equal frequency. Participants in the high-frequency condition had
better categorization accuracy and rated the high-frequency ex-
emplars as having higher category typicality than participants in
the control condition. Furthermore, the increase was also detected
for the stimuli which were near the high-frequency exemplars.
Nosofsky (1988b, 1992) showed that the GCM can account for
how exemplar frequency influences participants’ categorization
decisions. However, the memory strength parameters in the model
were predetermined by experimental design and not learned by the
model. This necessitates assigning a memory strength parameter to
each category or exemplar, leading to a large number of parameters
and questioning the GCM’s parsimony.

In recent variants of the GCM, the memory for previously seen
exemplars is thought to decay (McKinley & Nosofsky, 1995;
Nosofsky et al., 1992, 2011; Zaki & Nosofsky, 2007), with more
weight being given to more recent exemplars when classifying new
stimuli. The idea of recency weighting suggests that more recent
experiences are more influential in present cognitive decisions. Such
recency effects have been well-established in memory studies and
have also been identified in category learning. Past outcomes have
been shown to influence participants’ categorization behavior (Jones
et al., 2006, 2013; Jones & Sieck, 2003; Little et al., 2016; Stewart
et al., 2002), with participants being more likely to categorize novel
items into the same category if they were similar to recent ex-
emplars. Participants have been shown to give more weight to recent
stimuli and incorporate recent experiences into subsequent cate-
gorization responses (Carvalho & Goldstone, 2015). These findings
align with traditional incremental learning theories (Estes, 1950,
1957), such as the Delta reinforcement learning rule (Rescorla &
Wagner, 1972; Widrow & Hoff, 1960).

However, while incremental learning, via the Delta rule, involves
recency-weighted averaging, the Decay reinforcement learning rule
(Erev & Roth, 1998) assumes recency-weighted accumulation of
knowledge about the various decision-making alternatives. Because
the Delta and Decay rules assume averaging and accumulation,
respectively, in the present work, we used these rules to create
recency-weighted versions of prototype and exemplar models. The
recency-weighted prototype (RW-Prototype) model uses a Delta rule
to compute the recency-weighted prototype for each category that is
updated each time a new stimulus from a category is observed. This
RW-Prototype model learns the recency-weighted average values for
each stimulus dimension, and these values are used to represent the
prototype of each category. In contrast, the RW-GCM model com-
putes the recency-weighted summed similarity of the current stimulus
to each previously encountered stimulus from each category. The
summed similarity of each exemplar to the current stimulus decays
more for exemplars encountered further in past, giving more recent
exemplars greater weight. In addition to fitting recency-weighted
variants of prototype and exemplar models, we also fit baseline
versions.

These models are formalized and further described in the next
section. As will be seen, the cumulative or summed representation
of similarity in the exemplar models allows them to account for
frequency effects much better than the prototype models. This is
because summed similarity accumulates more for the more fre-
quently encountered category. Based on the structure of the pro-
totype models, we did not expect them to be able to account for
frequency effects because the novel stimulus is only compared to
the prototypes of each category, rather than to each exemplar. This
process does not allow greater similarity to accumulate for the more
frequently encountered category. Therefore, the prototype models
are included mainly as examples of prominent category learning
models that do not predict frequency effects.

Theoretical Models
Baseline GCM

In the GCM (Nosofsky, 1984, 1986, 1988b, 1992), each exemplar
Jj is represented as a point in a multidimensional space. To compute
the similarity between each exemplar j in the space and the current
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stimulus, 7, the GCM uses the Minkowski power metric to calculate
the distance d;;:

1

u ;
dij = [ Wm‘xim _xjm‘r:| s (])
m=1

where the m is the dimension number from 1 to 2 because the stimuli
varied along two dimensions in our category learning task. x;,, de-
notes the value of stimulus i on dimension m, and x;, denotes
the value of stimulus j on dimension m. W, is the attention weight
granted to dimension m. Attention weights for the two dimensions are
between 0 and 1 and are constrained to sum to 1. The stimuli in our
study were lines varying in two perceptually separable dimensions of
length and orientation. Hence, r is set to 1 in Equation 1 (Shepard,
1964). The distance dj; is entered into an exponential-decay function
(Shepard, 1987) to calculate the similarity s;; between stimulus i and
exemplar j:

s = e, )

where ¢ is the sensitivity parameter which represents the rate at
which the similarity reduces with distance.

The baseline GCM assumes that people store information about
all category exemplars they have encountered in memory. When
classifying a new stimulus, the model compares its similarity to all
stimuli of one category to its similarity to all stimuli from other
categories. Stimuli are most likely to be classified as members of the
most similar category. Thus, the probability that the stimulus i is
classified into Category A is derived from:

ZjeA Sij

PAl) ==—""""——,
D ieaSi + D en Sij

3

where Equation 3' denotes the summed similarity of stimulus i to
stimuli from Category A, compared to the summed similarity of
stimulus i to exemplars from both categories. The response bias
and memory strength parameters of the GCM were estimated
in previous studies (e.g., Nosofsky, 1988b). In this study, we
assumed that the default preferences for each category were
identical in our category learning task; thus, we did not include the
response bias parameter in our model. Additionally, the inclusion
of the response bias parameter would allow any of the models
tested to account for frequency effects in a descriptive and arbi-
trary manner. For example, a higher response bias parameter for
the more frequently encountered category could account for
frequency effects. Our goal in the present study was to examine
which models could account for frequency effects from their
basic assumptions, rather than from the simple addition of a bias
parameter.’

We also assumed that all stimuli (lines) have equal strength, and
the memory strength parameter is not employed in the current
model. In conclusion, based on the straightforward nature of
the GCM mentioned, this article employs this simplified, baseline
version of the GCM in further model-based analyses. Using
simpler models, with fewer free parameters, will lead to more
meaningful model fit comparisons, as each model is limited in the
possible patterns of data that it could predict (Roberts &
Pashler, 2000).

Baseline Prototype Model

Prototype models assume that people categorize new objects by
comparing how similar the object is to the prototypes within related
categories. The prototype of a category is usually described as a
central tendency of all category members (Donald et al., 1973; Reed,
1972; Smith & Minda, 1998). The baseline Prototype model assumes
that the prototype for Category A has the average values along
each dimension, of all the k stimuli encountered from Category A.
Formally, the average value for each m dimension for the prototype of
Category A is updated each time a new Category A exemplar is seen
according to:

Paalk) = Paalk=1) 42 (50 = Paa(k= 1), &)

where P, 4(k) represents Category A’s prototype value for
dimension m after k exemplars have been shown from Category A,
and we set the initial prototype dimension values (P, 4(0)) to the
average of each stimulus dimension across all stimuli, which ap-
proximates to the mean of the entire stimulus space. The prototype
for Category B is updated in the same manner. Note that Equation 4
simply gives the average dimension values for each stimulus from a
given category.

Minda and Smith (2001, 2002, 2011) suggested that the Prototype
model best describes how people perform categorization. The model
is closely related to the GCM. However, the stimuli are compared
only to the category prototypes rather than all experienced ex-
emplars. In Equation 5, d;p represents the distance between stimulus
i and prototype P:

1

M
diP = |:Z Wm|xim - Pm|r:| r’ (5)
m=1

As described in Equation 1, r is set to 1 due to the separable
dimensions of stimuli employed in our category learning task, and
W,, is the attention weight granted to dimension .

Calculating the similarity s;» between stimulus i and proto-
type P is identical to how the GCM computes similarity to each
exemplar. The distance is converted into the similarity metric
according to:

sip = e~ i, (6)

where c is the sensitivity parameter. The stimulus is compared to
the prototypes of each possible category using Equations 5 and 6.

"n later versions of the GCM, the response-scaling parameter (y) has
often been included as the exponent of the summed similarity for all
compared categories (Ashby & Maddox, 1993; Nosofsky, 2011; Nosofsky &
Zaki, 2002). We aimed to identify the simplest model to account for
the frequency effect in categorization. Therefore, we did not include the
response-scaling parameter in the present study to maintain simplicity. See
also Footnote 1 in Smith (2014) which discusses how the addition of the
gamma parameter allows for increased flexibility of the model which reduces
its theoretical clarity.

2 We note that many paradigms, such as signal detection, use response-
bias parameters (Stephens et al., 2019); however, our focus was to examine
how the models we tested could account for frequency effects without a
response bias parameter.
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The probability of stimulus i being categorized into Category A is
then calculated by comparing the similarity to each prototype
according to:

Sip,

P(Ali) = M

SiPA + SlPB

Thus, the baseline Prototype model assumes that decisions are
based on a similarity comparison to the average dimension values
for each category.

Recency-Weighted GCM

The present study extends the GCM by introducing a recency-
weighted GCM (RW-GCM) which uses a Decay reinforcement
learning rule (Ahn et al., 2008; Don et al., 2019; Don & Worthy,
2022; Erev & Roth, 1998) to compute a decaying representation of
the summed similarity of a given stimulus to the exemplars from
each category. As proposed in McKinley and Nosofsky (1995,
Equation 6), the memory strength of each exemplar likely de-
creases exponentially over time. The RW-GCM incorporates the
Decay learning rule to compute accumulated similarity estimates.
The overall similarity S, for a novel stimulus to Category A at
trial 7 is computed by applying the Decay rule to all the stimuli
seen up to trial z. Beginning with the first exemplar j (j = 1), and
updating through the most recent exemplar (j = t), the overall
similarity of the current stimulus, , to Category A, S; 4, is updated
according to:

Sl,A(]) =S1A(I_ 1) . (1 —(X) +Si,j ~6j,f0rj= 1,2,...,t, (8)

where (1 — o) represents the decay (forgetting) rate, and §; is a
dummy variable that is 1 when exemplar j belongs to Category A,
and 0 otherwise.> This equation is also used to compute the summed
similarity to Category B. The summed similarity to each category
decays each time a previous exemplar is compared to the current
stimulus. Since Equation 8 begins with stimuli presented at the start
of the experiment, the similarity of the current stimulus to the stimuli
seen earlier in the task will decay the most. Because similarity is
only added, or incremented to the summed similarity for the correct
category(s;; - 6;), summed similarity will accumulate more for the
category that is presented more frequently. The similarity to each j
stimulus is computed using Equations 1 and 2 from the baseline
GCM. A similar concept was proposed by McKinley and Nosofsky
(1995), which developed a recency-sensitive variant of GCM, and
the assumption of memory decay for exemplars has been prominent
in other works as well (Nosofsky et al., 2011; Zaki & Nosofsky,
2007). Note that when a = 0 in Equation 8, the RW-GCM is
identical to the baseline GCM, and when o > 0 the model assumes
recency weighting. Thus, the baseline GCM is nested within the
RW-GCM as a special case.

Recency-Weighted Prototype Model

Equation 4 is a special case of a Delta learning rule, which tracks
the incremental average of a series of values (Rescorla & Wagner,
1972; Widrow & Hoff, 1960). That equation gives equal weight to
all previously seen exemplars, but for the RW-Prototype model, we
used the more general form of the Delta learning rule that gives
greater weight to more recent information.* Each time a new k

exemplar from Category A is seen, the Category A prototype for
each m dimension is updated according to:

PmA(k)ZPm,A(k_l) +o- (xm(k)_Pm,A(k_l))' (9)

Here, o is a free parameter that is interpreted in the same manner
as a in Equation 8 for the RW-GCM model, with higher values
indicating greater weight to more recent information. In this model,
we initialized the prototype dimension values (P, 4(0)) at the average
values for each stimulus dimension, across all stimuli, or at the
approximate average of the stimulus space. This model essentially
assumes that the prototype for each category is pulled toward each
new stimulus that is encountered, with the effect or “pull” of each
stimulus diminishing as new stimuli are observed. It is also important
to note that when a = 1/k, the RW-Prototype model is equivalent to
the baseline Prototype model. When o > 1/k, then the model assumes
recency weighting of previous stimuli, and when a < 1/k, the model
assumes more primacy weighting than the baseline GCM, or a bias
toward the initial starting values.

The probability of stimulus i being categorized into Category A is
calculated on each trial according to Equation 7. For all models, the
probability of selecting Category B can be given by subtracting the
probability of an A response from 1.

To summarize, the four models we compare in the present work
have free parameters for sensitivity (c) and the attention weight (W).
This means the baseline GCM and Prototype models have two free
parameters. The RW-GCM and RW-Prototype models also include
additional recency parameters (o) to represent the learning and
decay rates, which capture recency effects.

Aims of the Present Study

The primary objective of this study is to explore the influence of
category frequency on the category learning process. In many
previous studies (e.g., Nosofsky, 1988b), the number of exemplars
has been relatively small, and researchers often predetermined
categories arbitrarily. These studies generally reported high cate-
gorization accuracy during training, suggesting that participants
learned the exemplars effectively. Although this setting may be
consistent with the GCM’s assumptions about exemplar memory,
its generalizability to everyday life outside the laboratory may be
limited. To address this, we applied a multidimensional sampling

3 Because time progresses and exemplar memory decays continuously, the
recursive form of the RW-GCM computes summed recency-decayed sim-
ilarity of a novel stimulus to category exemplars at each trial. This contrasts
with the baseline GCM, which simply sums similarity across all exemplars
without considering recency effects. Specifically, at trial #, the summed
similarity for the first j stimuli (S; 4(j)) decays further by trial ¢ + 1, as older
exemplars are given less weight due to the decay parameter. Thus, the
probability of categorizing a stimulus i into Category A is calculated as: P(Al
i) = S;/(S;a + S;p), which fits within the context of the RW-GCM.

* A GCM variant incorporating the Delta rule (Delta-GCM), which we
present in the Supplemental Materials, computes recency-weighted averaged
similarity to exemplars from each category, making it a plausible model for
investigating recency effects in categorization. However, due to its averaging
process, the Delta-GCM 1is not expected to predict frequency effects
effectively. This limitation arises because the model does not accumulate
similarity across exemplars but instead averages them, which prevents the
summed similarity from reflecting category frequency. Simulations for
the Delta-GCM under the conditions of Experiment la are presented in
Supplemental Figure S18, p. 26.
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approach, which has been implemented by Ashby and Gott (1988),
to generate a large set of unique stimuli for our category learning
task. Given the extensive number of stimuli, it is impractical for
participants to memorize each one, providing a robust test of the
GCM'’s generalizability.

In addition, we aimed to examine whether our proposed variants
incorporating reinforcement learning mechanisms, specifically
recency-weighted variants of both exemplar and prototype models,
could more effectively capture frequency effects in categorization.
We hypothesized that the GCM variants would better capture
frequency effects than the Prototype models due to GCM’s property
of summing similarity over categorizations. We also predicted that
the RW-GCM which incorporates the Decay rule would better
account for frequency effects than the baseline GCM model because
it takes recency effects into account. The Prototype models will
likely be unable to account for frequency effects because they
compare new stimuli to a single prototype rather than accumulating
similarity.

To summarize, this study compares four models—baseline GCM,
RW-GCM, baseline Prototype, and RW-Prototype—on their ability
to account for frequency effects in categorization. The models are
tested using hundreds of unique stimuli sampled from trained and
untrained regions of the stimulus space, ensuring decisions are based
on general category knowledge rather than memorization of specific
exemplars. We also use three distinct category structures as well as
novel transfer stimuli to test the generalizability of our findings. By
incorporating insights from reinforcement learning and systemati-
cally varying category frequency, this work aimed to shed light on
the mechanisms driving frequency effects in category learning and
the models best suited to explain them.

General Method

This study comprises four experiments that each have the same
basic procedures, except the stimuli used in each differ. To enhance
clarity, we describe the basic methods used across all experiments in
this section. Unique methods specific to each experiment are pre-
sented in their respective method sections.

Participants

All participants were undergraduate students at Texas A&M
University who participated in the studies for partial credit as a
requirement for a course offered by the Department of Psychological
and Brain Sciences. Each participant was only allowed to participate
in one of the conditions among four studies. Participants gave
informed consent before the experiment. The experimental methods
and procedures were approved by the Texas A&M University
Internal Review Board.

Apparatus and Procedure

The category learning task was performed in a Chrome web
browser. The Hypertext Markup Language-based webpage which
presented the experimental task was programmed using JavaScript
and the jsPsych JavaScript library (de Leeuw, 2015). Participants
completed the study using a personal computer with a 1,920 x 1,080
screen resolution in the laboratory.

Participants read the consent form and completed a brief demo-
graphic survey; they were then assigned to one of the conditions
under one of the studies. They were instructed to operate the assigned
category learning task using a computer mouse. Upon completing the
task, they read the debriefing information on the screen and received
course credit for their participation.

Categorical Stimuli

Stimuli consisted of lines that varied in both dimensions of length
and orientation, similar to those which have been applied in prior
category learning studies (Cornwall et al., 2022; Filoteo et al., 2010).
Sample line stimuli used in the present study are presented in
the Supplemental Materials. We used a randomization technique
introduced by Ashby and Gott (1988) to sample two stimuli sets for
two categories in each of the four studies. Each random sample (x, y)
was converted to a stimulus by deriving the length (=x, pixel) and
the orientation (=y-n/500, radians).

Trial Procedure

Figure 1 illustrates the trial timeline for our category learning task.
Each condition consisted of two 200-trial blocks. Participants were
instructed to categorize the lines into either Category A or B. On
each trial, a line was presented and remained on the screen until the
participant made a choice by dragging the mouse and clicking one of
the buttons labeled “Category A” or “Category B” appearing below
the line on the screen. In the training phase, corrective feedback
was provided for 1 s after the response. The next trial was initiated
following a 0.5-s intertrial interval. In the transfer phase, no cor-
rective feedback was provided, and the next trial began after a 1.05-s
intertrial interval. Choices were self-paced.

Category Structures

Three different category structures were applied to define category
memberships in our four experiments. During the training phase,
participants were exposed to stimuli that fell into each category.
Experiments la and 1b applied an information-integration (II)
structure used in prior studies (Ashby & Maddox, 2005; Daniel &
Pollmann, 2010). The II structure requires participants to integrate two
dimensions of information to categorize the stimuli. This task requires
a more implicit or procedural form of learning because the optimal
strategy is difficult to verbalize. The left panel of Figure 2A de-
monstrates the structure used in Experiments 1a and 1b, which was
first seen in Ashby and Gott (1988). In Experiment 2, we applied a
conjunctive (CJ) rule category structure, where the optimal boundaries
are orthogonal to the axes of the dimensions. This enables the optimal
strategy to be more easily verbalized (Ashby et al., 1998; Ashby &
Maddox, 2005). For example, in the middle panel of Figure 2A, one
could easily find the rule to discriminate between two categories by
such a description: Short and steep lines are classified in one category,
and all others are in the other category. In Experiment 3, we applied a
unidimensional (UD) structure in which the category membership was
determined by one dimension (Zeithamova & Maddox, 2006). The
categories in the UD structure are easy to identify compared to the II
and CJ structures because people can attend to only one dimension to
make the decision for categorization. The right panel of Figure 2A
illustrates the UD structure in Experiment 3.
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Figure 1

Trial Timeline of (A) Training Phase and (B) Transfer Phase of the Category Learning Task

(A) Training phase

Feedback

(B) Transfer phase

ITI

Note.

Participants made categorization decisions by clicking the corresponding buttons for Category

A or B at each trial. Following the participant’s choice, text feedback was presented for 1 s (training
only). There was then a blank screen shown in the intertrial interval (training: 0.5 s; transfer: 1.05 s).
ITI = intertrial interval. See the online article for the color version of this figure.

In the transfer phase, novel stimuli were presented to participants.
In Experiment 1a, the identical structure as in the training phase was
combined with stimuli from two untrained regions of the stimulus
space to create the category structure for the transfer phase (see
Figure 2B). Starting from Experiment 1b, the transfer phase em-
ployed a grid structure consisting of 121 novel stimuli evenly
distributed across the entire stimulus space based on two dimensions
(see Figure 2C).

Category Frequency

In the training phase, participants were presented with one of
400 unique lines that varied in length and orientation on each trial
in a randomized order. The frequency of the two categories was
manipulated in the training phase. In the A-Frequent condition, the
number of trials for Category A is roughly two times greater than
Category B (266:134). Conversely, Category B has two times the
number of trials as Category A in the B-Frequent condition. In the
Even-Frequent condition, the stimuli for the two categories are equal
(200:200).

Data Analyses

We analyzed the data in two separate phases. During the training
phase, we specifically looked at the proportion of Category A
choices within each category. We divided the 400 trials into four
100-trial blocks for analysis. Using JASP Version 0.18.3 (JASP
Team, 2023), we conducted Bayesian repeated measures analyses of
variance (ANOV As) to investigate the impact of category frequency

on the proportion of Category A choices across blocks for the
exemplars from each category. We performed the same analysis
for the transfer phase. Additionally, we analyzed the proportion of
correct responses in the training phase and the response times for
categorization decisions in both phases. Below, we focus primarily
on the proportion of Category A choices in each condition, as this
metric is most informative regarding frequency effects. However,
more detailed results for each experiment can be found in the
Supplemental Materials.

Model-Based Analyses

In each experiment, we employed a multifaceted approach to
model-based analyses. We first conducted a priori simulations using
the baseline GCM, baseline Prototype, RW-GCM, and RW-
Prototype models to predict behavioral patterns in categorization
tasks. We applied the Maximum Likelihood Method for model fitting
and assessed model performance using the Bayesian information
criterion (BIC). The best-fitting parameters for each model were then
used in post hoc simulations to reproduce each participant’s cate-
gorization sequence. All simulations and model fits assumed that
learning only occurred during training and that there was no decay
of information across the transfer period. In the transfer phase, the
dimension values for each prototype were fixed for the prototype
models. For the exemplar models, summed similarity to each transfer
stimulus was computed using only stimuli encountered during
training. The data and analysis code are available at https://osf.io/
kehrm/
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Figure 2
Overview of Category Structures, Stimulus Spaces, and Novel Stimuli Distributions Across Experiments 1, 2, and 3
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Note. (A) Three category structures—information-integration, conjunctive, and unidimensional—were employed in

Experiments 1, 2, and 3, respectively. (B) The stimulus space for the transfer phase of Experiment la. Category A (25 trials)
and Category B (25 trials) stimuli were sampled from the same distributions as in the training phase. Untrained stimuli
(gray dots) were not employed in the training phase. Two untrained regions, located in the top right and bottom left of
the space, comprised 25 trials each. (C) A total of 121 novel stimuli were evenly distributed across the entire space,
forming a grid structure used in Experiments 1b, 2, and 3 for the transfer phase. See the online article for the color version of

this figure.

A Priori Simulations

We conducted a priori simulations to forecast the impact of
frequency on categorization accuracy and the proportion of Category
A choices in both the training and transfer phases across different
frequency conditions. A total of 1,000 simulated agents performed
the task in each training condition for each model, with their
parameters randomly sampled from a uniform distribution using the
following parameter bounds: GCM: W ~ U(0, 1); ¢ ~ U(0, 0.5);
Prototype: W ~ U(0, 1); ¢ ~ U(0, 0.5); RW-GCM: W ~ U(0, 1);
¢~ U@O,0.5); (1 —a) ~ U, 1); RW-Prototype: W ~ U0, 1); ¢ ~
U(0, 0.5); o ~ U(0, 1). The simulation results were averaged across
the parameter combinations.

Model Fitting

We used optim in R (R Core Team, 2024) to estimate the best-
fitting parameters for each model. Each participant’s data were fit

individually by maximizing the log-likelihood of each model’s
prediction for participants’ responses on each trial. To compare the
fit of different models, we computed the BIC (Schwarz, 1978) which
is adjusted based on each model’s complexity (i.e., the number of
parameters):

BIC = —2LL + g - In(N — 1), (10)

where N — 1 represents the total number of trials minus 1,5 and g
represents the number of free parameters. Lower BIC scores
indicate a better model fit. To assess the relative improvement
of one model over another, we evaluated the difference in BIC
values (ABIC) between the models. The BIC differences were
then converted into Bayes factors, BF = exp(ABIC/2), to indicate

3 The likelihood for the first trial is not included because the choice is
assumed to be random.
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the extent to which the best-fitting model was superior to each
other model. A BF value between 1 and 3 is considered weak
evidence in favor of the best-fitting model, a range of 3-20 is
viewed as positive evidence, and a range of 20-150 represents
strong evidence in favor of the best-fitting model (Masson, 2011;
Wagenmakers, 2007).

Post Hoc Simulations

The best-fitting parameters for each participant were used
as input for the models of interest to run 100 simulations for
each participant. The resulting simulation data were then averaged
across all simulations for each participant to generate the average
predicted probability of selecting each option for each stimulus.
The empirical data were processed similarly to compare with each
model’s predicted proportion of Category A choices for each
stimulus. The mean square deviation (MSD) score was calculated
using the following formula:

n

MSD = lz (pexp,A(j) - Psim,A(i))2’ (11)

=

where 7 is the number of stimuli, Pexp A(j) is the average proportion
of Category A choices for stimulus j across participants, and
Pgma(j) is the average proportion of Category A choices for
stimulus j across simulated agents. The MSD reveals the deviation
of the simulated data from the observed data. The lower the score,
the higher the model’s accuracy in reproducing participants’ actual
responses.

Experiment 1

Experiment 1 aimed to investigate the frequency effect during
category learning. We used the category structure illustrated in
Figure 2A. Experiment 1 consisted of two subexperiments: 1a and
1b. The only distinction between Experiments la and 1b was the
category structure used in the transfer phase. Below, we present the a
priori simulation results before the Method section to outline the
predictions for each model.

Experiment 1a

Figure 3A shows the average proportion of Category A choices
for Category A and B stimuli during training. Solid lines show the
proportion of A choices for Category A exemplars, and dashed
lines show the proportion of A choices for Category B stimuli. The
simulations showed that the baseline GCM and the RW-GCM
predicted frequency effects. Note that the baseline GCM predicts
frequency effects even for stimuli that are from the less-frequent
category. More A choices are predicted in the A-Frequent condition
for both Category A and B stimuli, and the same pattern is predicted
for B choices in the B-Frequent condition. The Prototype models did
not predict frequency effects.

We also found that the simulated accuracy rates were extremely
high for the RW-GCM model. This is likely because summed
similarity to stimuli from each category exponentially decays as
newer stimuli are processed, leading to larger differences in summed
similarity between the correct and incorrect categories, compared to
the baseline GCM where there is no exponential decay of similarity.

Figure 3
Proportion of Category A Choices in a Priori Simulations for
Experiment la
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Note. (A) The mean proportion of Category A choices averaged over
each 100-trial block for exemplars from each category (Category A:
solid line; Category B: dashed line) across three conditions in the simu-
lated training phase. (B) The mean proportion of Category A choices for
each condition in the simulated transfer phase. The black horizontal line
represents a proportion of 0.5. RW = recency-weighted; GCM = gener-
alized context model. See the online article for the color version of
this figure.

The Luce Choice rule in Equation 3, which determines the prob-
ability of selecting each category, is influenced by the ratio of
summed similarity to each category (Worthy et al., 2008), rather
than the absolute difference in similarity. High decay rates (o) in the
RW-GCM lead to much larger ratios between the summed similarity
to the correct versus incorrect categories, compared to lower decay
rates. Supplemental Figures S15-S17 show similar plots using
specific parameter values for the decay parameter, with the sensi-
tivity parameter set to 0.05. The accuracy curves for the lowest
decay rate of 0.1 are very similar to the baseline GCM, and they do
not depict the very high accuracy shown in Figure 3A. However, the
predicted accuracy rates are very high when the decay rate is set to
0.5 or 0.9. In models fit to our data reported below, we generally
observe decay rates much lower than 0.5, and usually lower
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than 0.05 for the RW-GCM, which allows the model to predict
reasonable accuracy curves that are similar to those from the
baseline GCM.°

In the transfer phase, strong frequency effects were predicted for
the baseline GCM and the RW-GCM but not for the variants of
Prototype models. The RW-GCM also appeared to predict a larger
frequency effect than the baseline GCM (Figure 3B). These simu-
lation results provided clear hypotheses for the experiments.” Models
that incorporate a cumulative similarity metric (GCM and RW-GCM)
predict strong frequency effects, while models that compute an
averaged similarity metric predict no effect of category frequency
(Prototype and RW-Prototype).

Method
Participants

A total of 175 students at Texas A&M University (101 female
participants, one preferred not to respond) with a mean age of
18.73 (SD = 1.03; five participants did not report their age)
participated in experiments to partially fulfill a course requirement.
Participants were randomly assigned to one of three experimental
conditions. Participants who did not achieve at least 50% accuracy
in the last 100 trials of the training phase were not included in
further analyses. This was to ensure participants achieved the
required level of learning during the training phase. The final
sample sizes per condition were 58 in the A-Frequent condition
(one dropped), 58 in the B-Frequent condition, and 57 in the Even-
Frequent condition (one dropped).

Design

Experiment 1 employed two II categories in the current category
learning task shown in the left panel of Figure 2A. For the transfer
phase, an additional 100 unique lines were presented from the transfer
structure shown in Figure 2B. The detailed category distribution
parameters for both categories are provided in Table 1.

Procedure

The procedures for the training phase and the transfer phase are
described in the General Method section.

Table 1
Category Distribution Parameters for the Length and Orientation
Dimensions in the Il Category Structure Used in Experiment 1

Parameter
Stimulus space W Ko o; c, r

Category

A 130 170 45 45 5

B 200 100 35 35 —.60
Untrained spaces

1 115 85 20 20 0

2 215 185 20 20 0

Note. Dimensions are in arbitrary units. Please refer to Figure 2A for the
scatterplot. The subscripts “I” and “o0” denote length and orientation,
respectively. II = information-integration.

Results
Behavioral Analyses

The results from the training phase of Experiment la are pre-
sented in Figure 4A. The results revealed a higher proportion of
Category A choices in the A-Frequent condition than in the Even-
and the B-Frequent conditions for both Category A and B stimuli.
In other words, participants preferred categorizing the stimuli into
categories that were presented more frequently in the training
phase. This frequency effect was observed for stimuli from both
categories.

We performed 3 (Condition) X 4 (Block) Bayesian Repeated
Measures ANOVAs® to assess the effect of frequency condition on
the proportion of Category A choices over blocks in the categories
from which the stimuli were presented. For Category A, as displayed
in the upper part of Figure 4A, the frequency effect was little or none
in the early blocks and enlarged in the later blocks. The analysis
revealed that the data most support the model with the Block X
Condition interaction (BF;o = 2.39 x 10*). For Category B, the data
support the best model that includes the main effect of Block and
Condition without the interaction (BF;o = 1.07 x 10°°), suggesting
that the frequency effect was consistent over blocks, as presented in
the bottom part of Figure 4A.

In the transfer phase, we observed the same frequency effect on
the proportion of Category A choices (Figure 4B). We used a one-
way Bayesian ANOVA to examine the differences among three
category frequency conditions. The data strongly supported the
model that includes the main effect of the condition of category
frequency (BFp = 1.25 X 10%).° Post hoc comparisons indicated
that more Category A choices were detected in the A-Frequent
condition than in the Even condition (BF;, = 1.16 x 10°) and the
B-Frequent condition (BF;p = 1.23 x 10?%). There were also more
A choices in the Even condition than in the B-Frequent condition
(BFo = 1.94 x 10%).

We next examined the frequency effect during the transfer phase
for stimuli from different areas of the stimulus space. A 3 (Space) X
3 (Condition) Bayesian Repeated Measures ANOVA indicated
strong support for the model encompassing the Space X Condition
interaction (BF;q = 1.31 X 10'%7). Simple main effects were

© QOur a priori simulations are considered data-uninformed (Wagenmakers
et al., 2004) because we did not make any assumptions about the parameters
that would most likely align with human behavior. In contrast, our post hoc
simulations are considered data-informed. We felt that performing both types
of simulations would help us best understand the pattern of each model’s
predictions. The simulations shown in the Supplemental Material use fixed
parameter estimates that were thought to lead to reasonable predictions.

7 We also conducted a priori simulations with fixed values for ¢ (0.05) and
W (0.5) and three different values of a (0.1, 0.5, 0.9) to examine how these
combinations of parameters influence predictions for frequency effects. The
results are presented in the Supplemental Materials (pp. 23-25). The baseline
GCM and RW-GCM can predict frequency effects at all three a values used
in these simulations.

8 We planned to run comparisons between conditions for both category A
and B stimuli. We attempted to run 2 (Category) X 3 (Condition) X 4 (Block)
Bayesian Repeated Measures ANOVAs; however, the statistical program
(JASP) repeatedly crashed when attempting to estimate this model.
Therefore, we report the results of analyses for stimuli from each category
separately.

® For consistent statistical reporting, we have presented the Bayes factors
provided in JASP for the post hoc tests in this article. It is important to note
that the post hoc tests were not corrected for multiple comparisons.
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Figure 4

Mean Proportion of Category A Choices During Training and Transfer Phases Across

Three Conditions in Experiment la
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Note. (A) The mean proportion of Category A choices during the training phase is shown for
exemplars from two categories (Category A: solid line; Category B: dashed line), averaged for each
100-trial block across three conditions. (B) The mean proportion of Category A choices during the
transfer phase is shown for each condition. The black horizontal line represents a proportion of 0.5. (C)
The mean proportion of Category A choices is shown across three transfer spaces. Error bars indicate
95% confidence intervals. See the online article for the color version of this figure.

examined for each training space. There was a strong main effect for
stimuli within Category A space (BF;p=1.23 X 10'3). Post hoc tests
showed a higher proportion of Category A choices in the A-Frequent
condition than in the Even condition (BF;o = 11). Strong evidence
also supported a higher proportion of A choices in the Even con-
dition relative to the B-Frequent condition (BF;q = 440,349).

In the Category B space, the main effect of frequency received
robust support (BFjo = 4.23 x 10'%). Post hoc analysis revealed
that the A-Frequent condition surpassed the Even condition in
the proportion of Category A choices (BF;o =4,503), and the Even
condition was higher than the B-Frequent condition (BF,, =
13,325).

In the untrained space, there was again a strong main effect of
frequency (BF;g = 2.15 X 10%). Post hoc tests indicated that par-
ticipants were more likely to choose Category A in the A-Frequent
condition than in the Even condition (BF;y = 23,584) and more
so in the Even condition than in the B-Frequent condition (BF;g =
2.73 x 10°).

Model-Based Analyses

The average best-fitting parameter estimates are presented in
Supplemental Table S1. Table 2 reveals the mean BIC, ABIC, and
Bayes factors across participants for each model for each condition.
The RW-GCM provided the best fit to the data in all conditions.
Bayes factors results showed strong evidence supporting the
RW-GCM fitting better than the baseline GCM and the Prototype
models. Consequently, we conducted a Bayesian one-way ANOVA
to compare the best-fitting parameter estimates for the RW-GCM
across each condition. No evidence supported an effect of condition
for any of the parameters, sensitivity (c¢; BF;o = 0.60), attention
weight to the dimension of length (W; BF,(, = 0.20), decay rate
(1 — o BFlO = 082)

We next conducted post hoc simulations to evaluate the models
on their ability to reproduce the actual behavioral patterns seen in
participants. Table 2 shows the MSD scores from each model in
each of the three conditions. The RW-GCM outperformed others
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Table 2
Mean BIC, ABIC, Bayes Factors, and MSD for Each Model in
Experiment la

Condition Model BIC ABIC log (BF) MSD
A-Frequent GCM 389 22 4.78 0.0068
Prototype 456 89 19.33 0.0323
RW-GCM 367 0.0053
RW-Prototype 462 95 20.63 0.0343
Even GCM 427 22 4.78 0.0071
Prototype 459 54 11.73 0.0214
RW-GCM 405 0.0048
RW-Prototype 457 52 11.29 0.0207
B-Frequent GCM 376 20 4.34 0.0106
Prototype 464 108 23.45 0.0428
RW-GCM 356 0.0081
RW-Prototype 466 110 23.89 0.0390

Note. ABIC represents the BIC difference between each model and the
best model shown in bold. MSD was calculated for all trials in both the
training and transfer phases. BF represents the Bayes factor, calculated as
exp(ABIC/2). The smallest value within each condition is presented in bold.
For brevity, we report the logarithm-transformed value, log (BF). BIC =
Bayesian information criterion; MSD = mean square deviation; RW =
recency-weighted; GCM = generalized context model; exp = exponential.

and produced the lowest MSD score in all conditions. The baseline
GCM and the RW-GCM most accurately reproduced the data patterns
in the training phase, as depicted in Figure SA. For the transfer phase,
Figure 5B illustrates that the baseline GCM and the RW-GCM re-
produced the frequency effects observed in the empirical data. The
baseline Prototype and RW-Prototype models failed to generate this
pattern. Figure 6 shows the scatterplot detailing the associations
between simulated and observed Category A choice proportions in
the transfer phase between the three frequency conditions at the
individual stimulus level. The tight clustering around the line of
perfect correlation indicates that the GCM variants have greater
predictive accuracy for the empirical data across the different con-
ditions. On the other hand, the Prototype variants exhibit greater
variability and less agreement with the empirical data, indicating a
lower degree of predictive accuracy for the observed percentages of
Category A choices.

Experiment 1b

In Experiment 1a, we successfully induced participants to make
more categorization decisions to the high-frequency category by
manipulating category frequency in the training phase. A frequency
effect was observed in the transfer phase, wherein participants tended
to categorize novel stimuli into the category to which they were more
often exposed during training. Moreover, this categorization pref-
erence was also observed with novel stimuli generated from untrained
areas of the stimulus space. In Experiment 1b, we sought to inves-
tigate how the frequency effect generalizes to a wider transfer space.
Experiment 1b used the same category structure in the training phase
as in Experiment 1a. However, a new grid structure, which included a
wider area than that for the trained categories, was used in the transfer
phase. This new transfer structure is the only difference in design
from Experiment la. As described in the General Method section,
Figure 2C illustrates the grid structure applied in the transfer phase.

As in Experiment 1a, four categorization models were employed
to simulate the category learning task. Supplemental Figure S3B'°

indicates that two GCM variants predicted the frequency effects on
the proportion of Category A choices in the grid structure transfer
phase. Compared with Experiment 1a, most models predicted an
overall bias toward Category A in the transfer phase. This is likely
due to the nature of the category structure used, where Category A is
more broadly distributed across the stimulus space than Category B,
which is more tightly clustered. The baseline GCM and RW-GCM,
which have the similarity-cumulating property, both predicted
frequency effects in the transfer phase, with the RW-GCM pre-
dicting the greatest differences in Category A choices across
conditions.

Method
Participants

A total of 159 students at Texas A&M University (117 female
participants, one preferred not to respond) with a mean age of 18.57
(SD =2.28; three participants did not report their age) participated in
the experiment to partially fulfill a course requirement. Participants
were randomly assigned to one of three experimental conditions.
Participants who did not achieve at least 50% accuracy in the last
100 trials of the training phase were not included in further analyses.
This was to ensure participants achieved the required level of
learning for categories of stimuli. The sample sizes per condition
were 51 in the A-Frequent condition (one dropped), 55 in the
B-Frequent condition, and 52 in the Even-Frequent condition.

Design

Experiment 1b employed the identical II structure and the same
manipulation of category frequency as Experiment la for the
training phase. In the transfer phase, unlike the structure described in
the transfer phase of Experiment 1a, a grid structure was employed
(see Figure 2C).

Procedure

The task procedure in Experiment 1b was identical to that
described in the General Method section.

Results
Behavioral Analyses

In the training phase, as in Experiment 1a, a frequency effect was
observed. Participants selected the category that occurred more
frequently for Category A and Category B stimuli. Figure 7A
shows the proportion of Category A choices for Category A and B
stimuli for each frequency condition. We again conducted 3
(Condition) X 4 (Block) Bayesian Repeated Measures ANOV As to
test the frequency effect over blocks in the categories from which
the stimuli were presented. For Category A, the analysis revealed
that the data most strongly support the model that includes the
Block x Condition interaction (BF;o = 1.27 x 10'6), suggesting
that the frequency effect is unequal over blocks. We also observed

' For brevity, we report the a priori and post hoc simulation for
Experiment 1b and subsequent experiments in the Supplemental Materials,
as the simulation patterns are quite similar in the following experiments.
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Figure 5

Proportion of Category A Choices in Experiment 1a: Empirical Data Versus Post Hoc Simulations
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The figure presents the mean proportion of Category A choices for simulated and observed data for each

condition. (A) For the training phase, the top-left panel displays the observed data. The remaining panels show
the results from model simulations. (B) For the transfer phase, the left column displays the observed data. The
remaining columns show model simulation results. The black horizontal line represents a proportion of 0.5. Error
bars represent 95% confidence intervals. RW = recency-weighted; GCM = generalized context model. See the

online article for the color version of this figure.

that the effect is smaller between the Even and B-Frequent con-
ditions than between the A-Frequent conditions and the Even
conditions. The data for Category B indicate that the frequency
effect is consistent across blocks; the best-supported model
included the main effects of Block and Condition without the
interaction (BF;o = 8.02 x 107®).

We observed similar frequency effects in the transfer phase (Figure
7B). Participants in the A-Frequent condition chose Category A more
than in the Even condition, whereas those in the B-Frequent condition
chose Category A less than in the Even condition. The results
from the one-way Bayesian ANOVA showed that the data strongly
supported the main effect of frequency condition (BF;y =4.41 X 10
19), Post hoc comparisons revealed a higher proportion of Category
A choices in the A-Frequent condition than in the Even condition
(BF,o = 11,246) and the B-Frequent condition (BF;o = 6.21 x 10'°).
Furthermore, the data provided positive evidence that the proportion

of Category A choices was higher in the Even condition than in the
B-Frequent condition (BF;, = 6.46).

Model-Based Analyses

The mean parameter estimates are summarized in Supplemental
Table S2. Table 3 shows the mean BIC, ABIC, and Bayes factors
across participants for each model for each condition. The Bayes
factor comparisons provided strong evidence supporting the better
fit of RW-GCM over the other models. We next compared the best-
fitting parameters for the RW-GCM among three conditions. No
evidence supported a condition difference in the sensitivity (c; BF o=
0.12), attention weight to the length dimension (W; BF;y = 0.52), or
decay rate (1 — a; BF;o = 0.08) parameters.

The post hoc simulations revealed that the RW-GCM exhibited
the lowest MSD scores of all the models under all conditions. As
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Figure 6

Scatterplots of the Simulated Versus Observed Proportion of Category A Choices for Each Stimulus

in the Transfer Phase of Experiment la
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Note. The data are presented separately for each frequency condition. The gray line, with a slope of 1,

represents the absolute line of equality. RW = recency-weighted; GCM = generalized context model. See the

online article for the color version of this figure.

observed in Experiment 1la, the baseline GCM and the RW-GCM
most accurately reproduced the data pattern. Supplemental Figure
S5A shows the proportion of Category A choices in the training
phase. As predicted, the patterns are extremely similar to those shown
in Experiment 1a because the identical category structure was used in
the training phase. Supplemental Figure S5B shows the results from
the post hoc simulations in the transfer phase. The baseline GCM and
the RW-GCM again reproduced the frequency effect on the pro-
portion of Category A choices in the transfer phase. In contrast, the
Prototype variants failed to reproduce the pattern of the frequency
effect. Supplemental Figure S6 shows the scatterplot detailing the
correlations between simulated proportions and observed proportions
among three conditions of category frequency in the transfer phase.
Like the findings from Experiment la (Figure 6), compared to the
baseline GCM and RW-GCM, the Prototype models are less accurate
in predicting the observed proportions of Category A decisions.

Discussion

Experiment 1 used an II category structure to test for frequency
effects and to compare four category learning models in their ability

to account for such effects. We found strong frequency effects in
both the training and transfer phases. In the training phase, fre-
quency effects were observed for stimuli from both categories. For
the transfer phase, there was a bias toward the most-frequent cat-
egory for both the trained and untrained regions of the stimulus
space. This was the case for both sets of transfer stimuli used in
Experiments 1a and 1b.

The baseline GCM and RW-GCM, characterized by similarity-
accumulating properties, provided a better explanation of the
empirical data than the Prototype models. This finding aligns with
the assumption from Nosofsky’s GCM that the process of cate-
gorization is based on accumulating or summing up the similarity
between a given stimulus and all previously encountered examples
of each category (Nosofsky, 1984, 1986, 1988b). Notably, the RW-
GCM outperformed the baseline GCM in both model fitting and post
hoc simulation, thereby validating its assumption that more recently
seen exemplars receive greater weight when computing the summed
similarity to each category (McKinley & Nosofsky, 1995). The
Prototype models were the least accurate in accounting for the
observed data. Because the Prototype model’s similarity metric is
derived from the comparison of the novel item and the prototypes for
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Figure 7
Mean Proportion of Category A Choices During Training and Transfer Phases Across Three
Conditions in Experiment 1b
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Note. (A) The mean proportion of Category A choices during the training phase is shown for exemplars from
two categories (Category A: solid line; Category B: dashed line), averaged for each 100-trial block across three
conditions. (B) The mean proportion of Category A choices during the transfer phase is shown for each
condition. The black horizontal line represents a proportion of 0.5. Error bars indicate 95% confidence intervals.

See the online article for the color version of this figure.

each categorization trial, the model does not accumulate similarity
representations. For this reason, the Prototype variants cannot
account for frequency effects in the present study.

In Experiments 2 and 3, we sought to examine whether the effect of
frequency would also be seen in “rule-based” category learning tasks.
The category structures used in Experiment 1 are not considered rule-
based because the bound separating the two categories is oblique to
the perceptual dimensions (Ashby et al., 1998). This makes it difficult
to use rules such as “if the line is long and also steep, then it’s in

Table 3
Model Comparison Including Mean BIC, ABIC, BF, and MSD in
Study 1b

Category A. Otherwise, it’s in Category B” or “short lines are in
Category B, long lines are in Category A.” We used rule-based
category structures in Experiments 2 and 3 because they were simply
a different type of structure with which to examine the effects of
frequency on categorization and also because the ability to use
verbalizable rules may override some of the effects of frequency.
For example, participants might be able to learn an optimal rule to
distinguish members of the category, so they may not show as much
bias during transfer due to frequency, instead consistently applying
the correct rule. Experiment 2 used a conjunctive rule structure where
both dimensions were relevant, while Experiment 3 used a simple
unidimensional rule along the length dimension.

Experiment 2

In Experiment 2, we employed a CJ rule category structure (see

Condition Model BIC ABIC log (BF) MSD . . - o
the middle panel of Figure 2A) during the training phase to further
A-Frequent ~ GCM 413 28 5.97 0.0077 examine frequency effects in category learning. For the transfer
Prototype 473 88 19.02 0.0301 phase, we used the grid structure as applied in Experiment 1b
RW-GCM 385 0.0054 . . . . . s .
RW-Prototype 479 94 20.32 0.0322 to investigate the impact on participants’ generalization of learned
Even GCM 449 30 6.49 0.0090 categories to novel stimuli.
Prototype 471 52 11.31 0.0209 An appropriate boundary can delineate the CJ category structure
RW-GCM 419 0.0054 within the grid-structured stimulus space. We partitioned the transfer
RW-Prototype 470 51 11.10 0.0200 timuli based the traini " to determi heth
B-Frequent  GCM 367 43 9.40 00166 stimuli based on the training category space to determine whether a
Prototype 434 110 23.95 0.0433 potential frequency effect occurred in the alternative category space.
RW-GCM 324 0.0083 Some transfer stimuli fell directly on the bound that separated the
RW-Prototype 436 112 24.38 0.0419  two categories; these were designated as critical transfer stimuli.

Note. ABIC represents the BIC difference between each model to the
best model shown in bold. MSD was calculated for all trials in both the
training and transfer phases. BF represents the Bayes factor, calculated as
exp(ABIC/2). The smallest value within each condition is presented in
bold. To be brief, we reported the logarithm-transformed value, log (BF),
in the table. BIC = Bayesian information criterion; MSD = mean square
deviation; RW = recency-weighted; GCM = generalized context model;
exp = exponential.

Consequently, we could detect the overall frequency effect throughout
the entire transfer space, within the opposite category space, and for
the critical stimuli along the category bound.

Similar to Experiment 1, we conducted a priori simulations to
generate theoretical predictions based on our models of interest,
which are reported in Supplemental Figure S7. The simulation results
showed that both the baseline GCM and the RW-GCM predicted
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frequency effects. In contrast, the variants of the Prototype model did
not produce the effect.

During the transfer phase, the RW-GCM predicted a larger
frequency effect than the baseline GCM. Notably, all four models
predicted that the current CJ category structure would cause the
agents to be biased toward Category B in the transfer phase. This
was expected, as more of the transfer stimuli came from the trained
category space for Category B. This aligns with our observations
from Experiment 1, where the agents preferred the category that was
more dispersed across the stimulus space.

Method
Participants

A total of 254 students at Texas A&M University (170 female
participants) with a mean age of 18.57 (SD = 1.03; two participants
did not report their age) participated in the experiment to partially
fulfill a course requirement. Participants who did not achieve at
least 50% accuracy in the last 100 trials of the training phase were
not included in further analyses to ensure participants achieved the
required level of learning. The sample sizes per condition were as
follows: 88 in the A-Frequent condition, 79 in the B-Frequent
condition (one dropped), and 84 in the Even-Frequent condition
(two dropped).

Design

Table 4 indicates category distribution parameters for both cat-
egories for the training phase. Stimuli were generated using the same
category frequency as in the prior experiments. In the transfer phase,
we utilized the identical grid structure employed in Experiment 1b.

Procedure

The task procedure in Experiment 2 was identical to the procedure
described in the General Method section.

Results
Behavioral Analyses

As we observed in Experiment 1, the results indicated a successful
manipulation of category frequency during training (Figure 8A).

Table 4

Category Distribution Parameters for the Length and Orientation
Dimensions in the Conjunctive Category Structure Used in
Experiment 2

Parameter
Category W Ho o o
A 100 200 30 30
B 100 100 30 30
B 200 100 30 30
B 200 200 30 30

Note. Dimensions are in arbitrary units. Please refer to Figure 2B for the

scatterplot. The subscripts “I” and “o0” denote length and orientation,
respectively.

The 3 (Condition) X 4 (Block) Bayesian Repeated Measures
ANOVAs were performed to test the frequency effects. The results
revealed that the data strongly favored the model that included the
interaction between Block and Condition for Category A stimuli
(BF,0 = 1.89 x 10*?) and for Category B stimuli (BF,o = 1.68 x 10*%).

The frequency effect was detected in the transfer phase (Figure 8B).
As observed in Experiment 1, relative to the Even condition, parti-
cipants selected Category A more often in the A-Frequent condition
and selected A less in the B-Frequent condition. A one-way Bayesian
ANOVA showed that the data strongly supported the model that
included the main effect of condition compared with the null
model (BF;(=5.63 x 10*3). Post hoc comparisons revealed a higher
proportion of Category A choices in the A-Frequent condition
compared to both the Even condition (BF;y = 2.76 X 10'%) and the
B-Frequent condition (BF;o = 6.3 x 10°°) and a higher proportion of
Category A choices in the Even condition compared to the B-Frequent
condition (BF;o = 3.72 x 10"?).

We next examined frequency effects for stimuli located in various
areas of the transfer stimulus space. Figure 8C illustrates the three
transfer categories. Two regions are mapped according to the
two spaces of training categories. The “critical” region contains the
stimuli located along the boundary between the two categories. The
proportion of Category A choices across the three distinct regions
of the stimulus space is displayed in Figure 8D. As observed in
Figure 8B for the whole stimulus space, this frequency effect was
notably discernible within each region of the transfer space. A 3
(Space) x 3 (Condition) Bayesian Repeated Measures ANOV A was
performed and revealed that the data strongly support the model
including the Space x Condition interaction (BF;q = 2.64 X 10199,

Three simple main effects were analyzed for each training category
separately. The data strongly supported the main effect of frequency
condition in the three training categories. For stimuli in the Category
A trained space (BF ;o= 1.02 X 10'3), post hoc analyses revealed that
the participants in the A-Frequent condition made more Category A
choices than participants in the Even condition (BF;o = 104), and
participants in the Even condition had more A selections than par-
ticipants in the B-Frequent condition (BF;o = 26,112). For stimuli in
the B-trained space (BF, = 1.9 X 10'), post hoc comparisons
indicated that there were more Category A choices in the A-Frequent
condition than in the Even condition (BF;o = 4.29 x 10°) and in the
Even condition than in the B-Frequent condition (BF;, = 108,613).
For the critical transfer stimuli (BF,q = 1.52 X 10°), post hoc
comparisons revealed more Category A choices in the A-Frequent
condition than the Even condition (BF,o = 2.2 X 10'!) and in the
Even condition than the B-Frequent condition (BF,o = 2.01 X 10°).

Model-Based Analyses

We fit the same four models used in Experiment 1. The estimated
parameters are indicated in Supplemental Table S3. Table 5 reveals
the mean BIC, ABIC, and Bayes factors across participants for each
model for each condition. Again, the RW-GCM best fits the data in
all three conditions. Additionally, a Bayesian one-way ANOVA
revealed no significant evidence of differences across conditions in
the sensitivity (¢; BFjo = 0.24), attention weight to the length
dimension (W; BF,o = 0.04), or the decay rate (1 — a; BF;( = 0.11)
parameters within the RW-GCM.

The post hoc simulation results are presented in the Supplemental
Materials. Again, as we observed in Experiments la and 1b, the
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Figure 8
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Mean Proportion of Category A Choices During Training and Transfer Phases Across Three
Conditions in Experiment 2
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Note. (A)The mean proportion of Category A choices during the training phase is shown for exemplars from
each category (Category A: solid line; Category B: dashed line), averaged across each 100-trial block across
three conditions. (B) The mean proportion of Category A choices during the transfer phase is shown for each
condition. (C) The diagram shows the mapping of training categories onto the transfer space. Gray dots
represent Category A, with 25 trials. Blue dots represent Category B, with 85 trials. Orange dots indicate
critical stimuli, with 11 trials. (D) The mean proportion of Category A choices is shown across three transfer
spaces. The black horizontal line represents a proportion of 0.5. Error bars indicate 95% confidence intervals.
See the online article for the color version of this figure.
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Table 5
Model Comparison Including Mean BIC, ABIC, BF, and MSD in
Experiment 2

Condition Model BIC ABIC log (BF) MSD
A-Frequent GCM 444 18 3.97 0.0061
Prototype 483 58 12.52 0.0188
RW-GCM 425 0.0055
RW-Prototype 477 52 11.21 0.0166
Even GCM 520 12 2.60 0.0098
Prototype 517 9 1.87 0.0104
RW-GCM 508 0.0092
RW-Prototype 515 7 1.43 0.0111
B-Frequent GCM 482 11 245 0.0138
Prototype 562 91 19.82 0.0436
RW-GCM 471 0.0133
RW-Prototype 570 99 21.55 0.0458

Note. ABIC represents the BIC difference between each model to the
best model shown in bold. MSD was calculated for all trials in both the
training and transfer phases. BF represents the Bayes factor, calculated as
exp(ABIC/2). The smallest value within each condition is presented in
bold. To be brief, we reported the logarithm-transformed value, log (BF),
in the table. BIC = Bayesian information criterion; MSD = mean square
deviation; RW = recency-weighted; GCM = generalized context model;
exp = exponential.

RW-GCM demonstrated the lowest MSD scores of all the models
across all situations (see Table 5). The baseline GCM and the RW-
GCM exhibited higher predictive accuracy for the empirical data
across the various conditions than the two Prototype models (see
Supplemental Figures S9, S10).

Discussion

As in Experiment 1, our manipulation of category frequency
influenced participants’ categorization tendencies during the training
and transfer phases. This effect was observed both at the boundary
between the two categories and within the space belonging to the
opposing category. The model-based analyses revealed that the GCM
variants, which assume similarity accumulation, exhibited superior
performance in model fitting and replicating the observed categori-
zation patterns than the Prototype models. The RW-GCM offered the
most accurate explanation of the observed data, displaying the lowest
BIC values in three conditions and lower MSD scores in nearly all
conditions when compared to the baseline GCM. The lower MSD
scores from the post hoc simulations for the RW-GCM suggest that
its assumption of a recency bias may allow it to better account for
frequency effects.

Experiment 3

In Experiment 3, we utilized a UD category structure (right panel
of Figure 2A) during the training phase to examine the potential
impact of frequency on categorization involving a simple, unidi-
mensional rule. Compared with the previously adopted category
structures in Experiments 1 and 2, the UD structure is much simpler,
and the rule is likely easier to learn than the conjunctive rule. We
thus examined whether frequency effects would still be observed
when a relatively simple verbalizable rule could distinguish the
categories. Additionally, since the two UD categories utilized only
a small portion of the space, we could investigate whether the

frequency effect was evident in stimuli within the untrained regions
of the stimulus space.

As we observed from a priori simulations in Experiments 1 and 2,
the two variants of the GCM with a similarity-accumulating attribute
(baseline GCM and RW-GCM) again predicted frequency effects in
the training and transfer phases. As noted in Experiments 1 and 2,
the Prototype variants did not predict frequency effects. The sim-
ulation results are reported in detail in Supplemental Figure S11.
These consistent predictions across different experiments reinforce
the robustness of the GCM and RW-GCM models in capturing the
frequency effects observed in our experiments.

Method
Participants

Participants were 243 students at Texas A&M University (154
female participants, three preferred not to respond) with a mean age of
18.56 (SD = 0.89; four participants did not report their age) who
participated in experiments to partially fulfill a course requirement.
Participants who did not achieve at least 50% accuracy in the last 100
trials of the training phase were not included in further analyses. The
sample sizes per condition were as follows: 80 in the A-Frequent
condition (two dropped), 76 in the B-Frequent condition (two
dropped), and 67 in the Even-Frequent condition (16 dropped).

Design

Table 6 indicates category distribution parameters for both cat-
egories in the UD structure. In the transfer phase, Experiment 3
employed an identical grid structure to that used in Experiments 1b
and 2.

Procedure

The task procedure was identical to those described in the General
Method section.

Results
Behavioral Analyses

The results from the training phase of Experiment 3 are indicated in
Figure 9A. We again observed the frequency effects on the proportion
of Category A choices for each category. The 3 (Condition) X 4
(Block) Bayesian Repeated Measures ANOVAs revealed strong
evidence supporting the model that included an interaction between

Table 6

Category Distribution Parameters for the Length and Orientation
Dimensions in the Unidimensional Category Structure Used in
Experiment 3

Parameter
Category Hi Ho O Co
A 140 150 5 55
B 160 150 5 55

Note. Dimensions are in arbitrary units. The subscripts “1” and “o0”
denote length and orientation, respectively.
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Figure 9
Mean Categorization Accuracy Rates for Two Categories Across Four Blocks in Three Conditions
During the Training Phase in Experiment 3

(A) (B)

" 0.6
Condition
$ 0751 ¢ A-Frequent @
-2 9
[e)
= ~&- Even _8 0.44
~ £~ B-F ot
< I J' -Frequent <
c 0.50 s o c
kel i l \.+ o
E Category g 0.24
Q =3
<4 4; e - A <4
a 4T =L ‘b, a
0.25 A i <#> .
K 0.0-
i é é :1 A—Fre:quent Evlen B—Fre'quent
Block Condition
©)
300 A
0000000000
e 0o 00 0 0 e o 0 0 i
. Training Category
o0 0006000000
g 2001 o 00000000 0 0 ® UnA
= o0 00000000 0 o A
= 00000000 00 . Gt
g EEEEREEEEEEREX ritica
O 100+ e 00060 00 0 0 0 0 e B
® © © 0 0 0 06 06 0 0 0 ® UnB
000600000 00
e 00060000000
0-
0 100 200 300
Length
(D)
» 0.751
()
S o0
5] Condition
S
- -F
< 050 A-Frequent
=
9 Even
j -
=] B-Frequent
£ 0.251
j
a.
0.00
Un-A A Critical B Un-B

Training Category

Note. (A) The mean proportion of Category A choices during the training phase is shown for exemplars from
two categories (Category A: solid line; Category B: dashed line), averaged for each 100-trial block across three
conditions. (B) The mean proportion of Category A choices during the transfer phase is shown for each
condition. (C) The diagram shows the mapping of training categories onto the transfer space. Gray dots represent
the Untrained-A side (Un-A: 44 trials); orange dots represent training Category A (A: 11 trials); blue dots
represent critical stimuli (11 trials); green dots represent training Category B (B: 11 trials); and purple dots
represent the Untrained-B side (Un-B: 44 trials). (D) The mean proportion of Category A choices is shown across
all transfer spaces. The black horizontal line represents a proportion of 0.5. Error bars show 95% confidence
intervals. See the online article for the color version of this figure.
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Block and Condition for Category A stimuli (BF9=2.72 X 10*) and
Category B stimuli (BF;, = 9.94 x 10°%), indicating a varying
frequency effect across blocks between conditions.

We again observed a frequency effect in the transfer phase of
Experiment 3 (Figure 9B). The results of one-way Bayesian
ANOVA show that the data most strongly support the model that
includes the main effect of condition (BF;o = 7.04 x 10'%). Post
hoc analyses highlighted a notably higher proportion of Category
A selections in the A-Frequent condition than the Even condition
(BFp = 2,223) and the B-Frequent condition (BF;o = 3.32 x
10'"). Additionally, there was a greater proportion of Category A
choices for participants in the Even than in the B-Frequent con-
dition (BF;o = 6,775).

We also investigated the frequency effect on different training
stimulus spaces. Figure 9C illustrates the five transfer categories.
We mapped these categories according to the stimulus space for the
trained categories. Stimuli situated in two untrained spaces adjacent
to Categories A and B were assigned to two untrained categories:
Untrained-A and Untrained-B, respectively. Additionally, two
transfer categories were mapped based on the spaces in Categories A
and B during the training phase. Finally, stimuli positioned in the
middle of the boundary space between the two training categories
were designated as critical stimuli.

Figure 9D illustrates the proportion of Category A choices for
each training space among three conditions in the transfer phase.
The pattern of a frequency effect can be identified in most spaces. A
5 (Space) X 3 (Condition) Bayesian Repeated Measures ANOVA
indicated that the data strongly support the model that includes the
Space x Condition interaction (BF;o = 1.43 X 10'%%).

The simple main effects were performed for each space. BF
results show strong support for the main effect of condition for the
trained Category A stimuli (BF;o = 14,117); post hoc tests within
the trained Category A space showed that participants were not more
likely to choose Category A in the A-Frequent condition than in the
Even condition (BF,y = 0.85), but that participants were more likely
to choose Category A in the Even condition than in the B-Frequent
condition (BF;o = 16). In the trained Category B space (BF;y, =
421,498), post hoc tests indicated that participants were more likely
to choose Category A in the A-Frequent condition than in the Even
condition (BF;y, = 57), but there was only weak evidence that there
were more A choices in the Even condition than in the B-Frequent
condition (BF,q = 1.1).

For the critical stimuli (BF,o = 9.81 x 10'°), post hoc analyses
showed positive evidence for a higher proportion of Category A
choices in the A-Frequent condition than in the Even condition
(BF; = 20). Strong evidence also supported a higher proportion of
Category A choices in the Even condition than in the B-Frequent
condition (BF,q = 3,853).

In the Untrained-A space, weak evidence supported the main
effect of the condition of frequency (BF;y, = 2.6), and positive
evidence supported a higher proportion in the Even condition
compared to the B-Frequent condition (BF;y = 6). However,
strong evidence supported the main effect of frequency in the
Untrained-B space (BF;o = 653). Post hoc tests indicated that the
A-Frequent condition surpassed the Even condition in the pro-
portion of Category A choices (BF;o = 28). Overall, the pattern of
results suggests that the frequency manipulation led to the pref-
erence for the high-frequency category when the stimulus was
from the other category’s trained space.

Model-Based Analyses

The best-fitting parameters are shown in Supplemental Table S4.
Table 7 reveals the mean BIC, ABIC, and Bayes factors across
participants for each model for each condition. The RW-GCM
exhibited the lowest BIC in both the A-Frequent and B-Frequent
conditions. Bayes factor results revealed strong evidence sup-
porting a superior fit of the RW-GCM compared to the other models
in these two conditions. Unexpectedly, the RW-Prototype dis-
played the lowest BIC value in the Even condition, diverging from
findings in Experiments 1 and 2.

We also examined the parameter estimations for the RW-GCM
across the three conditions, as we reported in previous experiments.
Bayesian one-way ANOVA revealed no evidence supporting a
condition difference in the sensitivity (c; BF;y = 0.21), attention
weight to the length dimension (W; BF,o = 0.24), or decay rate (1 — a;
BF,¢ = 0.67) parameters.

Table 7 indicates MSD scores from each model in the three
conditions. The findings showed that the RW-GCM had the lowest
MSD scores compared to the other models in the A-Frequent and the
B-Frequent conditions. In the Even condition, the RW-Prototype
exhibited lower MSD scores than the RW-GCM, although their
scores were very similar, differing by less than .001.

The post hoc simulation results are presented in the Supplemental
Materials. Supplemental Figure S13 shows that the baseline GCM
and the RW-GCM reproduced the pattern of the frequency effect to
the observed patterns in the data in the training phase (Supplemental
Figure S13A) and the transfer phase (Supplemental Figure S13B).
On the contrary, the Prototype variants could not generate this
pattern and predicted equal selections of each category in the three
conditions. Supplemental Figure S14 provides a scatterplot illus-
trating the relationships between simulated and observed propor-
tions of Category A choices in the transfer phase across the three
conditions. As observed in previous experiments, the baseline GCM
and the RW-GCM predicted the empirical data more accurately

Table 7
Model Comparison Including Mean BIC, ABIC, BF, and MSD in
Experiment 3

Condition Model BIC ABIC log (BF) MSD
A-Frequent GCM 562 35 7.61 0.0090
Prototype 575 48 10.39 0.0202
RW-GCM 527 0.0051
RW-Prototype 570 43 9.30 0.0207
Even GCM 605 46 10.08 0.0162
Prototype 576 17 3.69 0.0074
RW-GCM 572 13 2.80 0.0074
RW-Prototype 559 0.0068
B-Frequent GCM 570 27 5.96 0.0121
Prototype 598 56 12.14 0.0250
RW-GCM 542 0.0075
RW-Prototype 592 50 10.84 0.0253

Note. ABIC represents the BIC difference between each model to the
best model shown in bold. MSD was calculated for all trials in both the
training and transfer phases. BF represents the Bayes factor, calculated as
exp(ABIC/2). The smallest value within each condition is presented in
bold. To be brief, we reported the logarithm-transformed value, log (BF),
in the table. BIC = Bayesian information criterion; MSD = mean square
deviation; RW = recency-weighted; GCM = generalized context model;
exp = exponential.
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than the Prototype models in the conditions where frequency was
manipulated.

Discussion

As in Experiments 1 and 2, we found strong effects of frequency,
even when participants categorized novel stimuli in the transfer
phase, including the stimuli from the category space of the alter-
native category. The two variants of the GCM (baseline GCM and
RW-GCM) predicted a strong preference toward the high-frequency
category, due to their similarity-accumulating properties. In the
transfer phase, both variants of the GCM could reproduce the pattern
of the observed data. In contrast, the Prototype models predicted a
50% proportion of Category A choices in all three conditions,
suggesting that the Prototype variants failed to predict participants’
categorization decisions in the transfer phase. The RW-GCM
showed lower MSD scores in all three conditions than the baseline
GCM, suggesting that the additional assumption of a bias toward
more recent exemplar can better capture frequency effects, although,
interestingly, the RW-Prototype provided the best fit to the data in
the Even condition.

General Discussion

We conducted four independent experiments to explore the as-
sumptions of prototype and exemplar models in human category
learning, focusing specifically on the influence of category fre-
quency. Across experiments, different category structures (II, CJ,
and UD structure; see Figure 2A) were employed in the training
phase. During the transfer phase, participants classified novel sti-
muli generated from a broader area encompassing most of the
stimulus space utilized in this study. Across all experiments, sig-
nificant frequency effects were observed where participants clas-
sified novel items into the category that appeared more frequently
than the other. Experiment 1a revealed that this effect extended to
stimuli from the untrained space. Experiment 2 indicated the effect’s
presence within items from the opposing (low-frequency) category,
while Experiment 3 identified the frequency effect within stimuli
from the untrained region of the space.

To examine how well variants of the exemplar and prototype
models could account for frequency effects in human category
learning, we evaluated both baseline models and recency-weighted
variants of the GCM (RW-GCM) and the Prototype model (RW-
Prototype) to investigate the computational mechanisms underlying
categorization when one category was presented more frequently than
another. The RW-GCM employs the Decay learning rule (Erev &
Roth, 1998), which accumulates recency-weighted similarity for
exemplars as it compares the current stimulus to each exemplar from
each category. As the model computes similarity to each exemplar,
from the first seen in each category to the most recently seen, summed
similarity decays so that the model gives greater weight to the
similarity to the most recent exemplars from each category. On the
other hand, the RW-Prototype applies the Delta rule (Rescorla &
Wagner, 1972; Widrow & Hoff, 1960) to update the category pro-
totypes by computing recency-weighted averages for the stimulus
dimensions of each category. The results demonstrated that the RW-
GCM provided the best fit to the data and successfully reproduced
observed classification patterns across all experiments. In contrast,

prototype models failed to account for the frequency effects, while the
baseline GCM explained frequency effects but not recency effects.

Our findings resonate with Nosofsky’s (1988b) work, which
demonstrated participants’ higher “goodness-of-example” judg-
ments for frequently encountered exemplars and the generalization
of these preferences to neighboring items in the stimulus space.
Similarly, we observed a preference for high-frequency categories
during the transfer phase, with the frequency effect extending to
broader regions of the stimulus space, even those unexposed during
training. Figure 10 illustrates that category space expansion is
caused by the frequency effect in the transfer phase across three
experiments. The A-Frequent condition displays a more subs-
tantial red area compared to the Even condition. Conversely, the
B-Frequent condition reveals a more pronounced green area relative
to the Even condition, thereby evidencing the frequency effect of
opting for the more prevalent training category in the transfer phase.
It depicts how the high-frequency category extends the categorical
boundary beyond its trained region.

Frequency Effects in Other Paradigms

The frequency effect, evidenced by accumulated representation,
was similarly observed in earlier studies such as those by Estes
(1976a, 1976b). In Estes’s observation learning task, participants
were asked to observe a series of trials where pairs of stimuli
(e.g., political candidates) were shown alongside winning or losing
outcomes. Notably, participants were observers only and made no
selections. Then, they predicted preferences in a hypothetical survey
between an alternative stimulus in a pair from the different com-
binations of stimuli. Estes found that more frequently presented
stimuli were favored over less-frequent ones, irrespective of a higher
reward probability for the latter. A similar frequency effect was also
reported by Don et al. (2019), where participants undertook a reward
learning task with a similar frequency structure. Despite having a
lower average reward probability than less-frequent alternatives,
options encountered more frequently were preferred. Additionally,
model-based analysis from the study revealed that a model incor-
porating a Decay rule better accounted for the frequency effect than
one using a Delta rule, which aligns with our modeling results. Both
findings suggest that people are sensitive to event frequency, and
the options or actions might be valued based on their cumulative
reward, rather than average reward.

The decision from experience literature has revealed that parti-
cipants tend to select the options that produce more frequent
optimized outcomes, even when those options yield lower expected
payofts in the long run (Barron & Erev, 2003; Hertwig et al., 2004;
Yechiam & Busemeyer, 2005). This phenomenon often manifests as
a tendency to assign lower importance to rare events when making
decisions based on experiential knowledge. Recent research sug-
gests that this underweighting of rare events in experiential decision
making may stem from a reliance on limited data samples (Erev
et al., 2010; Hertwig & Erev, 2009; Rakow & Newell, 2010). As
a result, participants may rely on a relatively small set of past
exemplars stored in memory to decide their next categorization
decision, giving greater weight to the stimuli that occurred recently
relative to earlier exemplars. That might explain why the variant of
the GCM, which accounts for recency, the RW-GCM, outperformed
the baseline GCM.
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Figure 10
Lllustration of the Proportion of Category A Choices for Each Stimulus in the Transfer Phase Across Three Training Category
Structures
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Note. The color bar represents the proportion of times Category A was selected by participants. A shift toward red indicates a higher selection

rate of Category A, while leaning toward green signifies a greater selection rate of Category B. II = information-integration; CJ = conjunctive;
UD = unidimensional. See the online article for the color version of this figure.

Recency Weighting

The concept of recency weighting implies that both memory traces
and exemplar representations decay over time, and there is support for
this idea from several studies in the memory literature. For instance,
Ebbinghaus’s renowned forgetting curve illustrates how individuals
forget information over extended periods (see Murre & Dros, 2015).
This pattern of representation degradation over time is not exclusive
to long-term memory; it is also observed in short-term memory
(Atkinson & Shiffrin, 1968; Peterson & Peterson, 1959), sensory
(iconic) memory (Sperling, 1960), and visual working memory
(Broadbent & Broadbent, 1981). The temporal issue may not solely
cause the fading of representations. Interference from preceding or
subsequent information can also precipitate this decay. For example,
retroactive interference happens when a new stimulus hinders the
retrieval of previously stored representations (e.g., Baddeley & Dale,

1966), while proactive interference occurs when memory traces
disrupt the retrieval of new information (e.g., Wickens et al.,
1963). In our category learning tasks, participants repeatedly
encountered similar stimuli, a process during which retroactive and
proactive interferences were likely to occur. Apart from temporal
decay, interference from new items undoubtedly contributes to the
observed recency effect. However, it is challenging to disentangle
the effects of temporal decay and interference solely based on the
recency parameter in our best-fitting model, the RW-GCM. Further
research is required to address this question adequately.

Exemplar Versus Prototype Models

Can prototype-based models take account of the frequency effects
identified in this study? As we introduced before, classic research
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using the dot-pattern prototype-distortion paradigm showed parti-
cipants often displayed higher classification accuracy for nontrained
prototypes than new distortions, and sometimes even trained
distortions, in the transfer phase—evidencing the prototype-
enhancement effect foundational to prototype abstraction (Donald et
al., 1973; Posner & Keele, 1968, 1970). Homa et al. (1981, 1991)
and Homa (1984) reported an increased prototype-enhancement
effect with larger category sizes, and an old—new similarity effect
diminished with increased category size. While these studies imply a
category frequency effect on accurate classifications in the transfer
phase, they did not show a frequency effect on the tendency to select
high-frequency categories when classifying new or prototype pat-
terns in the transfer phase (e.g., Homa et al., 1981, Table 2), unlike
what we observed in our experiments. Several procedural and
methodological differences exist between the dot-pattern paradigm
and our category learning task. For instance, their category sizes
were relatively small (e.g., 3, 6, 9 or 5, 10, 20 per category)
compared with ours (134, 266). Also, their training exemplars (old
distortions) were repeated many times in each block during the
learning phase, leading to high accuracy rates by the end of
learning—a prerequisite for progression in their paradigm. This
restricted number of exemplars and high repetition could explain the
emergence of the prototype-enhancement effect and the absence of a
high-frequency category selection tendency in the transfer phase.

While the exemplar model can account for the classical category
size effects observed in dot-pattern paradigm studies (Nosofsky,
1988a; Shin & Nosofsky, 1992), prototype-based theories appear to
struggle to explain the frequency effects observed in our category
learning tasks. The GCMs, which include a similarity-accumulating
property, captured and predicted participants’ tendencies to cate-
gorize novel objects into high-frequency categories because these
categories accumulated relatively more summed similarity to pre-
viously experienced exemplars. In contrast, prototype models
(Donald et al., 1973; Reed, 1972; Smith & Minda, 1998) propose the
abstraction of a singular, central-tendency prototype from learned
exemplars, irrespective of their number, meaning there’s potentially
just one prototype representing each category. Consequently, novel
objects are classified based on their similarity to this prototype,
independent of the amount of the exemplars belonging to any one
category. Thus, it appears that the prototype model is unable to
adequately explain our findings, without some major modification to
the model.

The Strong Effect of Base Rates

Our results elucidate the base rate’s significant role in decision
making, particularly highlighting the cognitive tendency that can
arise from category frequency. One of the most salient applications
of this principle is the availability heuristic, introduced by Tversky
and Kahneman (1973). This heuristic refers to a common mental
shortcut wherein individuals assess the frequency or probability of
an event based on the ease with which examples or occurrences can
be recalled. The word frequency effect offers a compelling dem-
onstration of this phenomenon in the realm of language processing.
Research indicates that words that appear more frequently in a
language (high-frequency words) are recognized and processed
more rapidly than those that are less common (low-frequency
words), as detected in various reading tasks (e.g., Monsell et
al., 1989).

In making categorization decisions, people may lean toward se-
lecting more frequently encountered categories, a tendency that can
be attributed to the category’s heightened availability in memory.
This inclination facilitates rapidly generalizing unfamiliar objects into
categories and engages the intuitive, quick-response mechanism. For
instance, upon encountering an unfamiliar object with sharp edges,
people instinctively relate it to previously encountered objects known
to be sharp—and often dangerous. Due to their frequent association
with risk or harm, these familiar objects are readily available in
our memory, allowing for a quick comparison. Consequently, the
unfamiliar object is rapidly categorized as “dangerous,” triggering a
state of heightened alertness during interaction. This process high-
lights the essential role of the availability heuristic in our cognitive
toolkit, serving as a protective mechanism by enabling us to identify
potential threats quickly in our environment.

Limitations

We identified frequency effects and presented evidence that the
RW-GCM provides the best account for these effects in our category
learning task. Nevertheless, some limitations to our models and
results should be addressed in future work. The current variants of
the GCM are applied only to situations in which the stimuli can be
represented as points in a multidimensional space. Our results hinge
on the assumption that the foundational dimensions remain constant
during the training phase, and the model does not extend to scenarios
where participants might create new dimensions of representation
or recode the stimuli as they learn. Future studies might consider
employing categories with psychologically integral stimuli, such
as variations in brightness and saturation, to explore whether the
frequency effects persist with these stimulus types.

Despite our task’s stimuli being constructed from a two-
dimensional space, our approach did not leverage multidimensional
scaling solutions to map the stimulus space into a psychological one
(e.g., Nosofsky, 1986), a significant presumption within the GCM
framework. We employed a mass number of stimuli in our category
learning task; thus, collecting required similarity judgments for the
multidimensional scaling analysis across all pairs of stimuli was
impractical. Consequently, our computations of distances and sim-
ilarities were based solely on the physical attributes of the stimuli.
However, the stimuli, varying in line length and orientation, were
psychologically distinguishable in our task. We operated under the
assumption that the physical stimulus space closely mirrors the
perceptual space used by participants when making categorization
judgments.

It is also important to note that frequency effects have been found
in many simpler tasks such as probability matching (Estes, 1976a),
and it is possible that participants were simply matching their re-
sponses to the frequency of feedback. The models we used did not
include a response bias parameter, but the addition of a response bias
parameter would likely improve the ability of the prototype models
to account for frequency effects. However, a constant response bias
toward the more frequent category could lead to slightly different
predictions than the frequency bias predicted by the summed
similarity mechanism of the GCM, which will differ in strength, as
more stimuli are observed in the task. Future research could attempt
to address this issue by including response bias parameters in
these models and designing experiments that can address whether
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frequency effects are due more to a consistent bias or difference in
summed similarity between the two categories.

Future Directions

Future studies might explore variations of the GCM that track how
participants shift their attention among different dimensions on a trial-
by-trial basis during category learning. The original GCM (Nosofsky,
1986) presupposes that attention weight is static, established as a free
parameter for estimation. However, participants may allocate their
attention between different dimensions at different stages of learning.
For instance, in Experiment 3 of the present study, which utilized a
unidimensional category structure, participants may have alternated
their attention between two dimensions. As they progressed through
the latter blocks of the training phase and began assimilating category
knowledge, they may have concentrated more on the length of each
line. The GCM’s successors, like attention-learning coverage map
(Kruschke, 1992) and Supervised and Unsupervised STratified
Adaptive Incremental Network (Love et al., 2004), both neural
network—based models, incorporate mechanisms that adjust attention
weights based on learning from errors postexperience. Future work
should also consider whether these network models and other models
not examined here can account for the seemingly strong effects of
both frequency and recency.

Conclusion

To conclude, our findings highlight the impact of frequency effects
on human categorization performance, demonstrating a preference
among participants to classify novel items based on the category
more frequently presented during the learning stage. This effect was
identified across studies that used different category structures.
Model-based analyses favored the RW-GCM, which assumed that
the representation of similarity for a given category is accumulated
with recency weighting. This variant was found to account for the
frequency effect in our category learning tasks more effectively than
the baseline GCM. Conversely, the Prototype models did not fit as
well as the GCM models and failed to replicate the observed fre-
quency effect. Our findings suggest that category frequency signif-
icantly influences categorization across both unverbalizable, implicit
structures and verbalizable, rule-based structures. The superior fit of
the RW-GCM implies decay in category representations over time.
Furthermore, our findings support the idea that implementing rein-
forcement learning rules within the GCM framework can enhance the
model’s efficacy.
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