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Abstract

Category learning is an important ability that underlies
complex cognitive processes such as object recognition and
speech perception. Categories are ubiquitous across modalities
and people differ greatly in their ability to learn novel
categories. Here, we addressed a modality-specific cognitive
individual difference that may relate to category learning —
mental imagery. We examined how individual differences in
self-reported auditory and visual mental imagery abilities
related to individual differences in auditory and visual category
learning. Overall, according to Bayesian analyses, there was
anecdotal to moderate evidence for the null hypothesis that
differences in self-reported modality-specific mental imagery
are unrelated to differences in modality-specific category
learning. These results have implications for theories of
category learning and raise questions regarding the functions
of mental imagery in cognitive processes such as
categorization and learning.
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Introduction

Categories are ubiquitous across modalities and are important
for developing a coherent and efficient view of the external
world. While much of category learning in the lab has
focused on the visual modality (e.g., Ashby & Maddox, 2011;
Minda et al., 2024; Newell et al., 2011), recent research has
indicated that the sensory modality of category information
affects learning processes and outcomes (Newell et al., 2023;
Roark et al., 2021, 2023, 2024). These results indicate that at
least some processes supporting category learning may be
modality specific. However, it is still unclear to what extent
modality-specific mental processes support modality-specific
category learning. In the current study, we examine how
individual differences in the ability to mentally imagine and
manipulate information within a specific sensory modality
relates to modality-specific category learning.

Mental Imagery across Modalities

Mental imagery is the ability of the mind to create or
represent an external sensory experience internally. Visual
mental imagery specifically is the ability to create an image
or scene in one’s mind and in some way “see” it. While
mental ‘imagery’ typically focuses on the visual modality,
mental imagery can involve different sensory modalities. For
example, auditory mental imagery involves the ability to

mentally imagine linguistic (e.g., voices) or non-linguistic
(e.g., music) information. Both auditory and visual mental
imagery are thought to vary on similar dimensions such as
vividness and controllability (Halpern, 1988, 2015; Marks,
1973). Mental imagery abilities in both modalities can be
assessed with behavioral (Cui et al., 2007; Halpern et al.,
2004; Hubbard, 2010; Kosslyn et al., 1978; Shepard &
Metzler, 1971), neural (Cui et al., 2007; Ganis et al., 2004;
Halpern et al., 2004; Hassabis et al., 2007; Pearson, 2019;
Yomogida et al., 2004), and self-report measures (Halpern,
2015; Sulfaro et al., 2024) .

Importantly, regardless of modality, there are significant
individual differences in mental imagery abilities (Halpern,
2015; Hubbard, 2010; Zeman, 2024). While the vast majority
of the population is thought to have some mental imagery
abilities, some individuals are thought to demonstrate
extremely vivid and detailed mental images (vision:
hyperphantasia; audition: hyperauralia), whereas others may
not be able to voluntarily produce mental images at all
(vision: aphantasia; audition: anauralia; Hubbard, 2010;
Zeman, 2024; Zeman et al., 2015) .

Auditory and visual mental imagery abilities are supported
by a combination of shared and modality-specific
mechanisms. The modality of mental imagery relates to
neural activity in modality-specific perceptual cortices
(Bunzeck et al., 2005; Hubbard, 2018; Huijbers et al., 2011;
Regev et al., 2021; Van Caenegem et al., 2024; Zvyagintsev
et al.,, 2013) . There are also shared cognitive and neural
mechanisms in mental imagery across modalities in the
specific cognitive ability used for the particular task (e.g.,
attention, episodic memory, decision-making; Daselaar et al.,
2010; Huijbers et al., 2011; Van Caenegem et al., 2024).

Potential modality-specific mechanisms of mental imagery
may result in abilities that are generally unrelated across the
senses or situations where an individual may have a modality
bias in mental imagery such that they have especially vivid
mental imagery in one modality, but poor or average mental
imagery in the other modality (Zvyagintsev et al., 2013).
Conversely, potential modality-general mechanisms of
mental imagery may result in a correlation between auditory
and visual mental imagery abilities (Hinwar & Lambert,
2021; Hubbard, 2018). A recent study demonstrated that
individuals differ not only within the individual ability to
imagine perceptual stimuli across modalities, but also in their
relative abilities for different modalities (Sulfaro et al., 2024).
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These individual differences in auditory and visual mental
imagery and the relative abilities across modalities may have
direct consequences for cognitive processes that involve
processing information in a specific modality.

Mental Imagery and Cognitive Processes

While mental imagery abilities across different modalities
vary across individuals, it is unclear how these individual
differences may affect other aspects of cognition or behavior.
Does better mental imagery across different sensory abilities
allow perceivers to use and access information in useful ways
during modality-specific tasks? The relationship between
mental imagery and one particular cognitive process has been
the topic of prior research — working memory.

Visual mental imagery is related to visuospatial working
memory abilities (Albers et al., 2013; Fiore et al., 2011;
Jacobs et al., 2018; Keogh & Pearson, 2011, 2014).
Individuals with better visual mental imagery abilities also
tend to have better visuospatial working memory abilities.
Having access to accurate and detailed visual mental images
may be particularly beneficial in working memory tasks that
require mentally moving or orienting spatial information
(Shepard & Metzler, 1971). Auditory mental imagery
abilities are also related to working memory (Baddeley &
Andrade, 2000; Gelding et al., 2021). Having access to
accurate and detailed auditory mental images may support
rehearsal of that auditory information in phonological
working memory. Together, these results suggest that both
auditory and visual mental imagery relate to working
memory performance.

However, prior research has demonstrated mental imagery
abilities may not relate to better performance in cognitive
tasks, even in tasks that actively involve mental imagery
(Pounder et al.,, 2022). For example, individuals with
aphantasia may find other strategies to support visual
working memory — using a different underlying cognitive
process but yielding the same overall behavior (Keogh et al.,
2021). This leaves open the possibility that individual
differences in mental imagery may not relate to differences
in task performance.

Mental Imagery in Category Learning

One modality-specific task that involves working memory is
category learning (e.g., Lewandowsky, 2011; Roark &
Chandrasekaran, 2023). In the current study, we examine the
potential relationship between self-reported auditory and
visual mental imagery abilities and task-derived auditory and
visual category learning abilities. Recent research has
demonstrated important modality-specific differences in
category learning even when people learn similar and
comparable categories across auditory and visual modalities
(Roark et al., 2021, 2022, 2023, 2024) . As such, category
learning provides an excellent testbed to understand whether
modality-specific mental imagery abilities may enable better
modality-specific learning.

Why may category learning relate to mental imagery
abilities? To determine the category identity of a stimulus,

learners must compare the stimulus information to either
previously encountered stimuli or an abstract representation
of the category. This process may involve mental imagery
through a perceptual similarity matching process. That is, a
learner may actively conjure a mental image representing a
category to compare with the stimulus being categorized to
determine which category it belongs to.

If perceptual category learning involves this comparison of
mental images of perceptual category information (i.e.,
previously encountered stimuli or abstract representations)
with the current stimulus, then it is reasonable to expect that
modality-specific mental imagery would relate to modality-
specific category learning. Specifically, better auditory
mental imagery may relate to better auditory category
learning and better visual mental imagery may relate to better
visual category learning. Just as with studies of mental
imagery, there are large individual differences in perceptual
category learning abilities across modalities (Lewandowsky,
2011; Lloyd et al., 2019; Roark et al., 2021), but it is not yet
clear whether individuals have a bias for learning in one
modality over another.

In the current study, we tested two related questions (1)
Does better self-reported modality-specific mental imagery
(e.g., auditory, visual) relate to better modality-specific
category learning (e.g., auditory, visual)? (2) Does a relative
bias in self-reported mental imagery abilities for one
modality over the other relate to a relative bias for one
modality over the other in learning?

Methods

We examined the relationship between self-report measures
of auditory and visual mental imagery abilities (Sulfaro et al.,
2024) and task-based measures of auditory and visual
category learning abilities. We also tested auditory and visual
category generalization abilities with post-tests in each
modality using novel stimuli not encountered during training.

Participants

Participants were 90 students at the University of New
Hampshire, ages 18-24 (8 M, 82 F), who participated for
partial course credit. One additional participant was run but
excluded due to failure to pass an a priori accuracy criterion
on attention catch trials (see below). The study was
conducted in person using the Gorilla Experiment Builder
(Anwyl-Irvine et al., 2020). Procedures were approved by the
Institutional Review Board at University of New Hampshire.

Stimuli

Participants separately learned two unidimensional rule-
based auditory and visual categories (Figure 1A). Auditory
stimuli were static spectrotemporal ripples (Figure 1B:
spectrogram) varying in spectral modulation rate (cycles per
octave) and temporal modulation rate (Hz). The category-
relevant dimension was temporal modulation rate, with
stimuli slower than 8.33 Hz belonging to category B and
stimuli faster than 8.33 Hz belonging to category A. Visual
stimuli were Gabor patches (Figure 1C) varying in spatial
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frequency (cycles per pixel) and orientation (degrees). The
category-relevant dimension was spatial frequency, with
stimuli with a spatial frequency less than 0.055 cycles/pixel
belonging to category B and stimuli greater than 0.055
cycles/pixel belonging to category A.
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Figure 1: Category distributions and example stimuli.

Category training distributions were first generated using a
bivariate Gaussian distribution in a normalized 0 to 1 space.
The dimensions were then transformed to auditory or visual
dimensions such that the categories have the same underlying
category distributions but are in different modalities.
Category test distributions were generated using an 8 x 8
equal grid in the normalized space and then transforming to
modality-specific spaces. These stimuli serve as a novel
generalization test as participants never encountered these
stimuli during training and the test stimuli fall both within
and outside the range of trained stimuli. As such, the test
performance allows us to examine how participants’
categorization knowledge generalized beyond what they
encountered during training.

Procedure

Within a single session, participants completed consent
procedures, a demographics questionnaire, and then learned
the auditory and visual categories in counterbalanced order,
followed by the auditory, visual, and modality rankings items
from mental imagery questionnaire (Sulfaro et al., 2024). The
order of auditory and visual questionnaire item sets were
counterbalanced across participants.

Category Learning and  Generalization @ We
operationalized auditory and visual learning and
generalization abilities based on the final block and test
accuracy within the specific tasks. We computed measures of
modality bias during perceptual category learning and

generalization by subtracting each learner’s auditory
accuracy from their visual accuracy. We expected that
participants would demonstrate substantial variability in
performance in both modalities based on prior work (Roark
etal., 2021).

Participants completed four training blocks in each
modality with 25 trials each for a total of 100 trials per
modality. At the end of each modality task, they completed a
generalization test of novel stimuli with 64 trials. Participants
were not told the categorization criteria prior to learning and,
instead, needed to discover the optimal rule through
corrective feedback.

Training trials were similar across modalities. Participants
heard the 1 sec auditory stimulus or saw the visual stimulus
for 1.5 sec. We increased the duration of stimulus
presentation slightly in the visual modality to account for
relatively poorer temporal processing speed in the visual
relative to the auditory modality (Kubovy, 1988; O’Connor
& Hermelin, 1972). After stimulus presentation, participants
saw the prompt “Which category? 1 or 2” and had an
unlimited amount of time to respond by pressing the
corresponding button on the keyboard. They then received
immediate feedback in the form of “Correct” or “Incorrect”
for 1 sec followed by a 1 sec inter-trial interval.
Generalization test trials were very similar to training trials,
but participants did not receive any feedback.

We included five attention check trials in each learning
block to ensure that participants were maintaining consistent
attention to the task. The attention check required participants
to view a typically white fixation cross turn red and press the
spacebar as soon as possible. They were required to press the
spacebar within 2 sec or they received feedback for 1.5 sec —
“Respond faster! Press the spacebar.” We decided a priori to
not include participants who failed to respond on more than
15% of attention check trials in either task (i.e., hit rate of
>85% in both auditory and visual tasks). One participant was
excluded due to this criterion. The remaining 90 participants
responded very accurately (M = 98%) and quickly (M = 676
ms) to the attention check trials.

Mental Imagery Questionnaire We were particularly
interested in understanding variation in self-reported auditory
and visual mental imagery abilities across individuals and the
relative bias of modality-specific imagery abilities within an
individual. As such, we examined participants’ responses to
subscales from Sulfaro et al. (2024) assessing the quality of
auditory and visual mental imagery as well as those directly
comparing auditory and visual mental imagery abilities.

To assess the quality of auditory and visual mental
imagery, participants were first asked to close their eyes and
think about either the appearance (visual) or sound (auditory)
of the letter ‘O’. They then answered questions about their
experiences to assess their mental imagery ability and quality
of their mental images. We operationalized auditory (Q5 in
Sulfaro et al., 2024) and visual (Q4) imagery abilities by
creating composite scores that involved the measures of
intentionality (Q.4.5/Q5.5; “Did your thought automatically
seem to involve seeing[hearing] what you were thinking
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about in some way”), consistency (Q4.9/Q5.9; “Was your
thought content visible[audible] in some way consistently
during the period you were thinking about it?”), proportion
(Q4.11/Q5.11; “What proportion of your thinking period
involved seeing[hearing] your thought content in some
way?”), latency (Q4.16/Q5.16; “Approximately how many
seconds does it take before your thought content becomes
visible[audible] in some way?”’; slider response from 0 to 10
seconds in increments of 0.1) and duration (Q4.18/Q5.18;
“Approximately how many seconds can you definitely and
continuously keep your thought content visible[audible] in
some way?”’; slider response as described above).

To obtain a normalized score of each measure to compare
self-reported abilities across individuals and to ensure each
measure contributed equally to the composite, we converted
responses to values ranging from 0 to 1, where 0 represented
the lowest level of the ability or absence of mental imagery
(e.g., least automatic, least consistent, lowest proportion,
slowest latency, shortest duration) and 1 represented the
highest level of the ability (e.g., most automatic, most
consistent, highest proportion, fastest latency, longest
duration). For each modality, the mean was computed across
measures to obtain modality-specific ability scores.

Finally, we computed a single measure of modality bias in
self-reported mental imagery by creating a composite score
of the auditory-visual modality comparison questions (Q6.9
in Sulfaro et al., 2024; which is easiest, easiest to initiate,
quickest to initiate, most sustainable, most consistent, least
movement needed, most location control, most automatic,
clearest, most vivid, and realest). For each comparison
question, participants were given a score of 1 (visual), 0
(auditory), 0.5 (no bias), or N/A (do not experience mental
imagery). The composite score was then an average across
these scores. NA scores were ignored in the computation of
the composite score. As such, the scores could range from 0
(complete auditory bias) to 1 (complete visual bias). Values
near 0.5 would represent no bias to either modality.

Results

As a reminder, we tested two questions (1) Does better self-
reported modality-specific mental imagery (e.g., auditory,
visual) relate to better modality-specific learning? (2) Does a
relative bias in self-reported mental imagery abilities for one
modality over the other relate to a relative bias for one
modality over the other in learning? We first summarize
overall performance and variability in both learning and
mental imagery measures and then pursue answers to the
questions. Analyses were conducted in R using the rstatix
(Kassambara, 2023) and BayesFactor (Morey & Rouder,
2024) packages with data plotted using ggplot2 (Wickham,
2016) and ggthemes (Arnold, 2024) packages. Bayes factors
(BFs) are reported for all tests and are interpreted based on
recommendations from Lee and Wagenmakers (2014) with
the interpretation of evidence in favor of the null hypothesis
with BFs < 1 and evidence in favor of the alternative
hypothesis with BFs > 1.

Category Learning

Participants learned the categories quite well (Figure 2A),
with extreme evidence that performance was better than
chance (50%) in the final block and generalization test for
both auditory (final block: M = 70%, #89) = 14.6, p <.0001,
d=1.54, BF10 = 2.01x10?*; test: M =75%, #(89)=15.2,p<
.0001, d=1.60, BF10 = 1.98x10?*) and visual categories (final
block: M = 75%, t(89) = 14.6, p < .0001, d = 1.54, BF10 =
1.41x10%, generalization: M = 79%, #(89) = 16.1, p < .0001,
d=1.69, BF10 = 6.96x10%*).
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Figure 2: Category learning and generalization test
performance and categorization modality bias.

We calculated each individual’s meodality bias in
categorization as the difference in their performance in the
visual and auditory modalities (Figure 2B). For this measure,
negative numbers represent a bias towards the auditory
modality, positive numbers represent a bias toward the visual
modality, and O represents no bias. On average, there was
anecdotal evidence for a very small visual bias in the final
block of training (M = 0.046, SD = 0.19; one-sample ¢-test vs.
0: (89)=2.31, p=.023,d =0.24, BF10 = 1.43) and anecdotal
evidence for no bias in the generalization test (M = 0.043, SD
= 0.19; one-sample #-test vs. 0: #(89) = 2.12, p = .037, d =
0.22, BF10 = 0.97). Importantly, participants demonstrated
substantial variability in modality bias during categorization.

Mental Imagery

There was significant variability in self-reported auditory
and visual mental imagery abilities as measured by the
composite scores (Figure 3A). There was anecdotal evidence
for no differences in self-reported mental imagery abilities
across auditory (M = 0.70; SD = 0.26) and visual modalities
(M=0.62; SD=0.22; (1(89) =2.06, p = .042, d = 0.22, BF10
= 0.88). Importantly, participants ranged across the spectrum
from low ability (~ 0) to high ability (~1) for both modalities.

We calculated each individual’s modality bias in mental
imagery as the composite average across all comparison
(modality ranking) questions (Figure 3B). For this measure,
0 represents the strongest bias towards the auditory modality,
1 represents the strongest bias towards the visual modality,
and 0.5 represents no bias. On average, there was moderate
evidence for no bias towards either the auditory or visual
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modalities (M = 0.49, SD = 0.35; one-sample z-test vs. 0: #(89)
= -0.15, p = .88, d = -0.016, BFio = 0.12). Importantly,
participants demonstrated substantial variability in the
composite modality bias score.
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Figure 3: Mental imagery abilities and modality biases.

There was a strong positive correlation between the
difference between separately computed auditory and visual
modality abilities and the modality bias ranking score (#(89)
= 0.58, p < .0001, BFio = 7.01x10°), indicating that
participants self-report of their abilities strongly relates to
their self-reported ranking of the abilities across modalities.

Relation between Modality-Specific Learning and
Self-Reported Mental Imagery Abilities

We examined the correlation between self-reported auditory
imagery and auditory category learning and generalization
(Figure 4A). Overall, there was moderate evidence that
auditory imagery abilities were unrelated to auditory
category learning abilities during training (#(89) =0.011, p =
.92, BF10 = 0.24). However, there was anecdotal evidence
that better auditory imagery abilities related to better
performance in the auditory generalization test (#(89) = 0.22,
p = .033, BF10 = 2.05). The relationship between auditory
mental imagery abilities and category generalization was
stronger than the relationship with category learning (p =
.032, 95% CI: -0.41, -0.018; compared using cocor package
in R; Diedenhofen & Musch, 2015).

We examined the correlation between self-reported visual
imagery and visual category learning and generalization
(Figure 4B). Overall, there was anecdotal evidence that visual
mental imagery abilities were unrelated to visual category
learning abilities (#(89) = 0.07, p = .66, BF10 = 0.30) and
moderate evidence that visual mental imagery abilities were
unrelated to performance in the visual generalization test
(7(89) = -0.0078, p = .94, BFi0 = 0.24). There were no
significant differences in the strengths of these correlations
(p =.35,95% CI: -0.085, 0.24).

Modality Biases in Learning and Mental Imagery

Finally, we examined whether there was a correlation
between modality biases in during category learning and
modality biases in self-reported mental imagery abilities
(Figure 4C). There was moderate evidence that modality
biases in mental imagery were unrelated to modality biases
in categorization during either training (#(89) = -0.092, p =
.39, BF10 = 0.34) or generalization (#(89) = -0.0094, p = .93,
BFi10 = 0.24). Reporting relatively better mental imagery in
one modality did not relate to better category learning or
generalization in that modality.

Discussion

In this study, we examined whether there was a relationship
between self-reported auditory and visual mental imagery
abilities and task-based auditory and visual category learning
performance. Overall, we found that while there was
substantial variability in both self-reported modality-specific
mental imagery abilities and modality-specific category
learning abilities, there was anecdotal to moderate evidence
that these abilities were unrelated. These results have
important implications for understanding how individual
differences in self-report measures of modality-specific
mental imagery abilities may relate to more complex
modality-specific behaviors such as categorization.

Modality Biases in Mental Imagery

Overall, as in Sulfaro et al. (2024), we found substantial
individual differences in self-reported mental imagery
abilities across auditory and visual modalities. We developed
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Figure 4: Correlation between mental imagery and categorization abilities.
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novel composite measures of auditory and visual mental
imagery abilities and modality rankings to relate to category
learning performance. Because we focused on single
composite measure, it is not yet clear whether specific
features or components of mental imagery (e.g., vividness or
precision) may relate to category learning. Future research
should clarify the potential role of specific features of mental
imagery that may relate to performance by examining
individual differences in specific measures. Determining
these features would require a larger sample but would reveal
more precise possible relationships between features of
mental imagery and learning.

It is important to emphasize that the current study focused
on self-report measures of mental imagery abilities, and it is
not yet clear whether these subjective measures relate to task-
based measures of mental imagery. Future work should
examine the potential relationship between subjective and
objective measures of mental imagery abilities across
modalities. Finally, the questionnaire from Sulfaro et al.
(2024) that we adopted here required participants to mentally
imagine a relatively simple stimulus — the letter ‘O’. To fully
characterize the complexity of mental imagery, it will be
important for studies of subjective report of one’s mental
imagery experiences to examine potential differences
between relatively simple stimuli and more complex stimuli.
It will also be important to clarify whether there are any
differences between mental imagery of linguistic information
(i.e., the letter ‘O”) and non-linguistic information.

Modality Biases in Category Learning

Regarding overall learning performance in similar auditory
and visual category learning tasks, we observed that even in
these highly comparable contexts, some learners performed
much better in one modality relative to the other. In the most
extreme cases, one visual-biased participant performed 40%
better in the visual modality than the auditory modality
whereas one auditory-biased participant performed 44%
better in the auditory modality than the visual modality.
These results indicate the potential importance of considering
factors that would lead to these modality-specific biases.
One potential factor determining modality bias could be
perceptual expertise such as musicianship or experience in
visual arts. There is some indirect evidence to support this
possibility. For example, prior work has demonstrated that
auditory (but not visual) mental imagery is stronger in
musicians compared to non-musicians (Talamini et al.,
2023) and musicians have at least some advantages over non-
musicians in auditory (but not visual) category learning
problems (Roark et al., 2022). Visual artists have superior
visual mental imagery abilities compared to non-artists
(Bhattacharya & Petsche, 2005; Palmiero et al., 2015) but
these groups have not yet been compared in auditory or visual
category learning. In the current study, we assessed music
experience as a part of the demographics questionnaire, but
not visual art experience. An immediate next step will be
examining whether modality biases in categorization relate to
self-reported music abilities in this sample. Identifying why

an individual learner may have superior auditory or visual
learning abilities is an important avenue for future research.
The current results suggest that self-reported mental imagery
may not be a key factor in determining whether one learns
better in a particular sensory modality.

Another potential factor to consider is whether differences
in performance across modalities in the current study could
have been due to the order in which participants performed
category learning tasks across modalities. We ruled out the
possibility that participants performed better in whichever
modality they compared first (or second) with a
supplementary analysis that found that modality bias in
categorization did not depend on the order of modalities in
category learning (#(85.5) = 0.84, p = .40, d = 0.18).

Mental Imagery in Category Learning

Together, these results provide an initial test of the potential
relationship between individual differences in modality-
specific mental imagery and category learning. These results
are in line with prior work in other domains that found no
relationship between measured mental imagery abilities and
overt task performance (Keogh et al., 2021; Pounder et al.,
2022). This may suggest that modality-specific mental
imagery is not involved in perceptual category learning or
that one’s belief in their mental imagery abilities (from self-
report measures) is unrelated to their ability to actually use
mental imagery in a specific context like category learning.

Alternatively, it is also possible that the similarities in
overall performance may be supported by distinct cognitive
processes in individuals with high or low mental imagery
abilities (Keogh et al., 2021). This would suggest that even
without a clear relationship between mental imagery abilities
and some overt behavior, mental imagery could still play a
role in the task. In this experiment, we did not overtly
encourage participants to use mental imagery or ask whether
they used any mental imagery specific strategies to support
their performance in either the training or the test. In future
work, the involvement of mental imagery should be
examined by directly probing participants about their use of
mental imagery or otherwise encouraging learners to use
mental imagery during learning.

Overall, these results demonstrate that modality-specific
mental imagery abilities, assessed through self-report
measures, are generally unrelated to the ability to use
modality-specific information to learn novel perceptual
categories. This initial investigation leaves many open
questions for future research that should clarify the
involvement of mental imagery in the processes of category
learning, especially with regard to auditory generalization
performance without feedback. These results suggest that
self-reported measures of mental imagery may not reflect
how people may actually use these processes during a
complex task like category learning. The presence of
modality biases in both category learning and mental imagery
demonstrate the necessity of considering the role of modality
in cognition more broadly.
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