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Introduction

Category learning broadly isthe ability of organismsto learn to
dassify items into groups, often on the basis of perceptual
similarity. Categorization provides a foundation for the ability
to choose appropriate behavior and generalize from past expe-
riences. This articdle will emphasize what we have learned about
the neural basis of category learning from neuroimaging stud-
ies; for a broader review across multiple neuroscience
methodologies, see Seger and Miller (2010).

As in many areas of research, in cognitive neuroimaging,
researchers began to study category learning in exploratory
studies that utilized theoretical distinctions and tasks devel-
oped in the fields of cognitive psychology and cognitive neu-
ropsychology; research often focused on identifying neural
systems that supported nondedarative forms of category learn-
ing that neuropsychologists had shown were preserved in
patients with hippocampal amnesia (Poldrack, Prabhakaran,
Seger, & Gabridi, 1999; Reber, Stark, & Squire, 1998a).

In theyearssince, thefied has developed; category learning
research now addresses a variety of aspects of categorization. In
the succeeding text, we review four important active areas of
neuroimaging research in category learning. First is research
examining the role of higher-order perceptual cortex in the
acquisition of categories. The second area concerns how mul-
tiple learning and memory systems contribute to category
learning, with a focus on the corticostriatal and corticohippo-
campal systems. Third, we review studies that address how
neural networks underlying cognitive control, particularly
those of the frontoparietal system, participate in performing
category learning tasks. The final section addresses the ques-
tion of how neural systems change across time during category
learning and how skilled or automatic performance differs
from early learning. Throughout, we focus on how methodo-
logical advances in the fiedld have contributed to advancing
research in category learning, induding the use of modéd-
based fMRI approaches to more carefully characterize the com-
putational functions of different regions, multivoxel pattern
analysis (MVPA) and repetition suppression to identify finer
grained patterns of activity within larger neural regions, and
functional connectivity methods to examine how distributed
neural systems interact during categorization.

Perceptual Contributions in Category Learning

Early category learning neuroimaging research often reported
activity in extrastriate occipital and inferotemporal regions
during categorization (Patalano, Smith, Jonides, & Koeppe,
2001) and often reported that this activity changed during
categorization learning (Seger et al., 2000; van der Linden,
Murre, & van Turennout, 2008) or differed for category mem-
bersin comparison with nonmembers (Aizenstein et al., 2000;

Reber, Gitdman, Parrish, & Mesulam, 2003; Reber, Stark, &
Squire, 1998b; Reber et al., 1998a). Although this research was
intriguing, it was undear whether this activity was dueto actual
modification of the tuning of the representations in these
regions or due to changes in top-down influences on percep-
tual regions during learning. Although most research to date
hasfocused on visual categorization and wefocus below on the
visual modality, it should be noted that recent studies have
begun to address whether similar learning related changes can
be found in higher-order auditory processing regions (Ley
et al., 2012; Myers & Swan, 2012).

One early study (Reber et al., 1998a) used the dot patten
dassification task (see Figure 1(a)) and found a region of early
visual cortex (approximatdy BA18 or V3) that showed reduced
adtivity for category members compared with nonmembers after
rdativdy brief amounts of training. Follow-up studies found
that this pattern was reversed when explict memory for the
stimuli was probed, with greater activity for category members
(Aizenstein et al., 2000; Reber et al., 1998b, 2003). Later studies
indicated that this patten may be due to differences in proces-
sing during study (Gureckis, James, & Nosofsky, 2010) or dif-
ferences in response criterion at test, with categorization tasks
generally using a morelenient criterion and explicit recognition
of a strict criterion (Nosofsky, Little, & James, 2012). Itislikdy
that the modulation of this early visual cortical region is dueto
top-down differences in strategy at study or test rather than
inherent plasticity within this visual region, which is consistent
with research suggesting that early visual system plasticity
requires extensive training (Sabd & Kasten, 2000).

Researchers focusing on perceptual processing in categori-
zation have developed a number of specialized methods to
more precisely characterize perceptual contributions to catego-
rization. They usually target a region of extrastriate visual
cortex that they expect will perform basic perceptual processing
for the object type of interest (e.g., thelateral occipital complex
for structural processing of objects or the fusiform face area for
faces) and then develop new categorically structured items by
forming visual prototype objects and morphing them to form
intermediate items. A typical stimulus set is illustrated in
Figure 1(b) (van der Linden et al., 2008). Subjects are given
extensive training with these novd stimuli to maximize the
chance of finding plastic changes in the corresponding percep-
tual processing regions. Studies often use a transfer task in
which subjects do not explicitly categorize stimuli to minimize
top-down influences from the categorization task and to iso-
late bottom-up changes in perceptual processing resulting
from the category learning. These studies often use a repetition
suppression or adaptation method (Grill-Spector, Henson, &
Martin, 2006) in which items are presented repeatedly;
decreases in activity are interpreted as indicating similarity of
processing at the neural level and increasesin activity as differ-
ences in processing. The results with adaptation studies have
been mixed. One study reported changes in item-specific
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Illustration of commonly used category structures in neurcimaging studies of category leaming. (a) Prototype learming using the Posner and

Keele dot pattern task. (b) Continuous morphed stimuli based on two prototypes. (c) Continuum between two prototypes formed by manipulation of
discrete features. (d) Information-integration and rule-based tasks. (€) Probabilistic classification or ‘weather prediction’ task. (b) is adapted from
van der Linden, M., van Turennout, M., & Indefrey, P. (2010). Formation of category representations in superior temporal sulcus. J oumnal of Cognitive
Neuroscience, 22, 1270-1282; (c) from Zeithamova, D., Maddox, W. T., & Schnyer, D. M. (2008). Dissociable prototype leaming systems: Evidence
from brain imeging and behavior. ] ourmal of Neuroscience, 28, 13194-13201; and (d) from Smith, J . D., Berg, M. E., Cook, R. G., Murphy, M. S.,
Crossley, M. | ., Boomer, | ., et al. (2012). Implicit and explicit categorization: A tale of four species. Neuroscience and Biobehavioral Reviews, 36,

2355-2369.

repetition suppression in extrastriate regions, but no changes
in amount of adaptation related to category membership
(Jiang et al., 2007). Other studies have found changes in rep-
etition suppression for items containing learned category rele-
vant features, with a greater release from suppression for items
on opposite sides of the category boundary than would be
expected due to mere visual similarity independent of category
membership (Folstein, Palmeri, & Gauthier, 2012; van der
Linden, van Turennout, & Indefrey, 2010). Folstein, Gauthier,
and Palmeri (2012) argued that these discrepant results could
be dueto subtle differencesin how the categoriesin each study
were structured.

Another popular method is to use MVPA to identify any
fine-grained changes on the voxd leve. Studies using MVPA
have found voxels in perceptual regions sensitive to relevant
perceptual features (Li, Ostwald, Giese, & Kourtzi, 2007) and
voxds that change in activity in a category-specific manner
during passive viewing of stimuli after learning a categorical

decision bound (Li, Mayhew, & Kourtzi, 2009, 2012; Mayhew,
Li, Storrar, Tsvetanov, & Kourtzi, 2010).

Learning and Memory Systems: The Hippocampus
and the Basal Gangdlia

Thetheoretical grounding of many category leamingstudiesisin
the multiple memory systems approach, which argues that dif-
ferent types of material are learned or remembered via different
neural systems. Categorization tasks were thought to beimplicit
or nondeclarative tasks that should be independent of medial
temporal lobe involvement and instead rdy on other neural
systems — in the case of category learning, the basal gangdlia. An
influential series of experiments used the probabilistic categori-
zation or ‘weather predicion’ task, illustrated in Figure 1(e)
(Aron et al., 2004; Aron, Gludk, & Poldrack, 2006; Poldrack
et al., 1999, 2001; see also Shohamy, Myers, Kalanithi, &
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Gluck, 2008 for a review). This research found overall bdow
basdine hippocampal adtivity accompanied by increased basal
ganglia adivity during learning, which was interpreted as evi-
dence for competition between the two memory systems.

The emphasis of more recent research has shifted from iden-
tifying dissodations to more carefully characterizing the spedfic
contributions of each neural system to learning and broadening
the scope of potential interactions between systems to identify
when systems might work independently and cooperatively. For
example, Foerde, Knowlton, and Poldrack (2006) found that
when leamed under singetask conditions, subjects recruited
hippocampal regions for probabilistic dlassification, but during
dual-task conditions, subjects rdied on the basal gandia. Over-
all, research has found that these systems may play multiple
roles and contribute to different task demands.

For the basal gandlia, studies indicate that different regions
make different contributions to categorization. The anterior
striatum is sensitive to feedback processing when learning via
trial and error (Cincotta & Seger, 2007; Lopez-Paniagua &
Seger, 2011; Seger & Cincotta, 2005). The putamen is active
when making a motor response indicating category member-
ship (Peterson & Seger, 2013) and is more active for correct
than incorrect responses (Danie & Pollmann, 2010). Thebody
and tail of the caudate are active during stimulus processing,
when subjects are determining category membership (Seger,
Peterson, Cincotta, Lopez-Paniagua, & Anderson, 2010), and
activity in this region also correlates with accuracy (Lopez-
Paniagua & Seger, 2011; Nomuraetal., 2007; Seger & Cincotta,
2005). Trial and error category learning has a stimulus-
response-feedback structure that makes it very similar to
instrumental learning, and these roles of the basal ganglia in
category learning may be characteristic of all forms of basal
gangliamediated learning (Seger, 2009). One approach to
characterizing these functions computationally comes from
thefidd of reinforcement learning, after the finding that mod-
ulatory dopaminergic projections to the basal ganglia code for
reward receipt, in particular the presence of unanticipated
rewards and the absence of anticipated rewards. This measure
is referred to a reward prediction error. Estimates of reward
prediction and reward prediction error derived from individual
subjects’ learning behavior have been shown to well character-
ize activity in the basal ganglia in studies using these measures
as regressors in modd-based fMRI analyses (Danid &
Pollmann, 2012; Schonberg, Daw, Jod, & O’Doherty, 2007;
Seger & Peterson, 2013; Seger et al., 2010).

Evidence for the role of the hippocampus in category learn-
ing has been mixed. As described in the preceding text, initial
studies using the probabilistic dassification task found that the
hippocampus was at beow basedline levels of activity or
showed a transient spike in activity at the beginning of learn-
ing, followed by a reduction to below basdinelevels (Poldrack
et al., 2001). More recently, Seger, Dennison, Lopez-Paniagua,
Peterson, and Roark (2011) identified two roles for the hippo-
campus in categorization learing: first, in processing novel
stimuli (aregion in anterior hippocampus was active for novel
stimuli only, with below basdine activity for repeated stimuli)
and second in contributing to categorization based on episodic
memory (a posterior region of the hippocampus was active
during categorization on trials when subjects reported their
decision was based on episodic memory). Davisand colleagues

found that the hippocampus is active when categorizing stim-
uli that are exceptions to the overall rule or pattern; episodic
memory for individual stimuli is important for this function
(Davis, Love, & Preston, 2012a).

Current studies are often based on the assumption that
systems can be active in paralld, and try to identify what the
conditions and computational demands are that lead to hip-
pocampal recruitment. Davis and colleagues found that basal
ganglia and hippocampus were both active during
categorization but that some subregions of each structure
were best fit by measures of recognition strength and other
subregions best fit by measures of entropy or uncertainty
(Davis, Love, & Preston, 2012b). Recruitment of basal ganglia
versus hippocampal systems may also depend on the strategies
used by subjects. Hammer et al. (2010) found that both sys-
tems were more active when subjects were led to focus on
between-category differences as opposed to within-category
similarities. Zeithamova, Maddox, and Schnyer (2008) found
greater activity in the basal ganglia when subjects were trained
to make decisions about whether stimuli were category mem-
bers or nonmembers, in comparison with greater hippocampal
activity when learning to categorize the same stimuli into two
different categories.

Frontoparietal Rule Learning and Cognitive Control
Mechanisms

Early research dlearly found that category learning, like most
demanding cognitive tasks, recruited a broad and distributed
neural network induding frontoparietal cognitive control
systems. For example, Poldrack and Foerde (2008) did a
meta-analysis combining results from four probabilistic dassi-
fication studies (task illustrated in Figure 1(e)) and found
common activity in the bilateral inferior frontal/anterior
insula, bilateral middle frontal, bilateral parietal, medial fron-
tal/anterior cingulate, and bilateral striatum. Thishasled to the
realization that category learninglikely recruits and relies upon
these mechanisms to meet the categorization task demands.
Oneimportant role of frontoparietal systemsin categoriza-
tion is to support alternative strategies involving rule learning
and application. These processes involve frontoparietal sys-
tems for generation of potential hypothesis, working memory
for the hypothesis, feedback processing, and shifting to a new
hypothesis if the current one is not supported (Seger & Cin-
cotta, 2006). A powerful approach to understanding how rule
learning differs from moreimplicit forms of categorization was
pioneered by Ashby and colleagues. They developed tasks that
use the same stimuli but different category decision bounds
and thus require different strategies from the subjects (Ashby &
Maddox, 2005). In theimplicit version of their task, referred to
as information integration (see Figure 1(d)), they use a diag-
onal decision bound that requires subjects to integrate infor-
mation from both dimensions. This is very difficult to do via
hypothesis testing and subjects typically are not able to verbal-
ize a rule. In comparison, rule learning versions of this task
used the same types of stimuli but with a vertical or horizontal
decision bound that subjects can learn as a simple verbalizable
rule refarring to a singe dimension (eg., thick bars are in
category A and thin bars in category b). Rule learning tasks
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have been found to have greater activation in the prefrontal
cortex (PFC), in particular in the lateral PFC, during learning
(Hdlie, Roeder, & Ashby, 2010; Koenig et al., 2005; Soto,
Waldschmidt, Helie, & Ashby, 2013). They also sometimes
have higher hippocampal activity (Nomura et al., 2007) pos-
sibly due to encoding and retrieval of episodic memory for
therule

In addition to rule-based categorization learning, the
frontoparietal networks likely provide general support for
executive and decision processes drawn upon during category
learning. One example is systems important for resolving
uncertainty and conflict. In categorization, stimuli can often
have at least a partial information overlap with more than
one category option, which means the brain needs to resolve
the conflict between options when deciding to go with one
over the other. Recent studies that have manipulated the
uncertainty over stimulus category membership have found
widespread recruitment of medial frontal regions that are
thought to mediate conflict generally (Danid et al., 2011;
Grinband, Hirsch, & Ferrera, 2006; Summerfield, Behrens, &
Koechlin, 2011).

Another example is the presence of intermediate representa-
tions in frontal and parietal cortex that appear to serve an inte-
grative function of adding together the net amount of evidence
for a decision, whether it be in the domain of perception or
memory. Categorization may recruit these processes as well
(Seger & Peterson, 2013). For example, Nosofsky et al. (2012)
found different amounts of activity in cortical regions commonly
assodated with information accumulation when subjedts per-
formed a aategorization task using a strict threshold versus a
lenient threshold for assessing category membership.

Automaticity and Changes Across Time

Behavioral and neuroimaging results suggest that category rep-
resentations change as categorization performance becomes
automatic. Studies using prototype structured stimuli have
reported changes in connectivity or breadth of activity across
training. DeGutisand D’Esposito (2009) found increased func-
tional connectivity between perceptual cortex, motor cortex,
and the hippocampus after extensive training on a prototype
learning task similar to the oneillustrated in Figure 1(b). Little
and colleagues (Little, Klein, Shobat, McClure, & Thulborn,
2004; Little & Thulborn, 2006) examined learning of dot pat-
tern prototypes (illustrated in Figure 1(a)) across extensive
training and found a network consisting of the frontal eye
fields, inferior and superior parietal lobules, and visual cortex
that initially increased in activity, then decreased, and became
more focal.

Automaticity has also been examined through paralld studies
of information-integration and rule-based categorization tasks
(see Figure 1(d)). Ashby, Ennis, and Spiering (2007) and
Ashby, Turner, and Horvitz (2010) argued that automatic cate-
gorization responses are selected via direct projections from sen-
sory to motor regions. Several neuroimaging results support this
conjecture. Hdie et al. (2010) scanned participants as they
gained expeaience with a rulebased categorization task. Early
Gategorization accuracy was corrdated with activity in the PFC,
anterior cingulate, head of the caudate, and areas within the
medial temporal lobe These regions shifted with training, such

that after extensive training, only premotor regions correated
with behavioral acauracy. In a similar experiment involving an
information-integration category learning task, Waldschmidt
and Ashby (2011) found that activity in the putamen was corre-
lated with behavioral acauracy early in training but that these
regions shifted to the supplementary and presupplementary
motor aress after edensive training.

These results suggest that distinct networks may support
early rule-based and information-integration category learn-
ing, but that category representations across structures may
become more similar with extensive training. Using MVPA,
Soto et al. (2013) investigated changes in rule-based and
information-integration category representations across
training. A dassifier designed to identify regions predictive
of stimulus category across category structure indicated that
both basal ganglia and motor regions predicted stimulus
category early in training. After extensive training, however,
only motor regions were predictive of stimulus category
across structure. Additionally, regions reflecting categorical
representations within each structure became more similar
across tasks.

Conclusion

A common theme in category learning neuroimaging studies
has been the realization that categorization shares neural and
cognitive processes with other tasks and that using category
learning tasks to investigate these shared factors can be very
fruitful. Researchers exploring similarities between category
learning and instrumental learning have identified neural sys-
tems involved in component processes such as feedback and
reward processing (Aron et al., 2004; Danid & Pollmann,
2010; Shohamy et al., 2008) and mapping between stimuli
and responses (Seger, 2009). Categorization furthermorehasa
number of featuresin common with perceptual and economic
decision making, including how to adjust for uncertainty,
value decision options, integrate evidence from multiple
sources, and generalize to nove stimuli and situations (Seger
& Peterson, 2013). Category learning therefore not only is a
fascinating domain of learning in and of itsdf but also pro-
vides a powerful modd system for the exploration of many
fundamental aspects of cognition.
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