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The present combined EEG and eye tracking study examined the process of categorization learning at
different age ranges and aimed to investigate to which degree categorization learning is mediated by
visual attention and perceptual strategies. Seventeen young subjects and ten elderly subjects had to
perform a visual categorization task with two abstract categories. Each category consisted of prototypical
stimuli and an exception. The categorization of prototypical stimuli was learned very early during the
experiment, while the learning of exceptions was delayed. The categorization of exceptions was ac-
companied by higher P150, P250 and P300 amplitudes. In contrast to younger subjects, elderly subjects
had problems in the categorization of exceptions, but showed an intact categorization performance for
prototypical stimuli. Moreover, elderly subjects showed higher fixation rates for important stimulus
features and higher P150 amplitudes, which were positively correlated with the categorization perfor-
mances. These results indicate that elderly subjects compensate for cognitive decline through enhanced
perceptual and attentional processing of individual stimulus features. Additionally, a computational
approach has been applied and showed a transition away from purely abstraction-based learning to an
exemplar-based learning in the middle block for both groups. However, the calculated models provide a
better fit for younger subjects than for elderly subjects. The current study demonstrates that human
categorization learning is based on early abstraction-based processing followed by an exemplar-mem-
orization stage. This strategy combination facilitates the learning of real world categories with a nuanced
category structure. In addition, the present study suggests that categorization learning is affected by
normal aging and modulated by perceptual processing and visual attention.

& 2016 Elsevier Ltd. All rights reserved.
1. Introduction

1.1. Basic models of categorization learning

Categorization learning is a cognitive ability that helps human
and non-human animals to detect and avoid malicious objects, for
example toxic plants (Ashby and Maddox, 2005; Smith and Minda,
1998; Smith et al., 2008; Sloutsky, 2010; Zentall et al., 2008). The
ability to categorize is innate in humans and improves by experi-
ence during the lifespan (Quinn et al., 1993).

Both flexibility and generalization form integral components of
categorization learning. Ignoring irrelevant information and fo-
cusing on specific stimulus features is supported by selective at-
tention. Less coherent categories are more difficult to learn, be-
cause they share a lower number of defining characteristics (Kloos
and Sloutsky, 2008; Sloutsky, 2010; Wascher et al., 2012). Fur-
thermore, categorization learning is influenced by visual percep-
tion (Thompson and Oden, 2000) and is based on a network of
13

).
neurobiological structures and processes; especially the attention
system as well as declarative and procedural memory systems
(Ashby and Crossley, 2010; Ashby and Maddox, 2011; Lech et al.,
2016; Seger and Cincotta, 2005, 2006; Seger, 2013). Overall, cate-
gorization learning is a very complex process and many models
suggest that it is based on multiple learning strategies (e.g., Ashby
et al., 1998; Lech et al., 2016), which are used at different learning
stages (Ashby and Maddox, 2005, 2011). It has been discussed that
a psychological transition takes place from an early procedural
prototype-based strategy (Minda and Smith, 2001) to a later de-
clarative exemplar-memorization stage (Medin and Schaffer, 1978;
Cook and Smith, 2006; Lech et al., 2016). The prototype-based
learning is based on abstract prototypes for each category (Smith
and Minda, 1998), whereas the exemplar-memorization strategy is
mediated by the learning of all category members or all features of
a stimulus (Lamberts, 2000; Medin and Schaffer, 1978).

1.2. The influence of attention and exploration capacity

Visual attention mechanisms enable the structural identifica-
tion of category-typical features (Nosofsky, 1986) and thus modify
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and support perceptual categorization learning. Several studies
indicated that visual attention is accompanied by an activity in-
crease in occipital areas (Moran and Desimone, 1985) and is re-
flected in various event-related potentials (ERP). The parieto-oc-
cipital P150 component is associated with an early perceptual
analysis of stimulus material, which is modified by selective at-
tention to certain stimulus features (Bigman and Pratt, 2004;
Johnson and Olshausen, 2003; Long et al., 2010). The temporo-
parietal P250 and P300 components can be identified in visual
decision and categorization tasks of different stimuli. They are
related to semantic memory and semantic information processing
(Chung et al., 2010; García-Larrea et al., 1992; Polich, 2007; Curran,
2004; Donchin and Coles, 1988; Reinvang et al., 2000).

Additionally, eye tracking enables us to measure the relevance
of selective attention in categorization learning. Eye movement
detection assesses how much attention is directed to specific sti-
mulus features that are used for the categorization of various sti-
muli (Blair et al., 2009; Sloutsky, 2010; Wascher et al., 2012). This
feature-dependent attention is based on a dynamic interplay be-
tween bottom-up and top-down processes that results in an op-
timum of attention allocation, which in turn leads to an improved
classification performance (Wascher and Beste, 2010). It is as-
sumed that categorization learning is based on multiple explora-
tion and learning stages. In the beginning of a learning process,
participants test one-dimensional rules and therefore focus on all
stimulus dimensions. In later stages, participants selectively focus
on relevant stimulus dimensions (Rehder and Hoffman, 2005).

1.3. Aging

It is well established that many aspects of cognition decline
with normal aging. Previous studies have shown age-related
changes and decline in processes involved in maintaining and
updating information in declarative memory and attention, espe-
cially attention control (Colcombe et al., 2003). Healthy elderly
adults show a top-down suppression deficit for task-irrelevant
information. This impaired attentional process results in poorer
dual-task performance (Gazzaley et al., 2005; Salthouse et al.,
1995).

Visual search performance shows age-dependency as well. El-
derly participants use more knowledge of task-relevant features
than younger subjects (Whiting et al., 2005). They also show better
eye movement planning (Rosler et al., 2000), early parallel pro-
cessing of visual information and a delayed serial processing stage,
during in which stimulus features are conjoined to form complex
stimuli (Plude and Doussard-Roosevelt, 1989).

Neurocognitive studies showed an increase in parietal activa-
tion, which was correlated with the visual search performance of
elderly subjects (e.g., Reuter-Lorenz and Cappell, 2008). This age-
related over-activation in the parietal lobe seems to be a com-
pensatory mechanism for the decreased bottom-up inputs of
sensory processing found in older age (Reuter-Lorenz and Cappell,
2008). Furthermore, it reflects the increased search for important
semantic features using top-down driven attention and the
knowledge of task-relevant stimulus features during visual tasks
(Madden, 2007; Madden et al., 2007; Reuter-Lorenz and Cappell,
2008; Salthouse et al., 1995).

Several authors observed an age-related advantage in implicit
categorization learning, e.g. A/Not-A prototype learning (Bozoki
et al., 2006; Casale and Ashby, 2008; Heindel et al., 2013;
Knowlton and Squire, 1993; Squire and Knowlton, 1995). This age-
related advantage is mostly mediated by the perceptual learning
system (Zeithamova et al., 2008). Explicit categorization learning,
on the other hand, relies on the declarative memory system (Seger
et al., 2000) and shows age-related decline (Glass et al., 2012).
Additionally, computational models support the notion of broader
selective attention in the A/Not-A task (e.g., Glass et al., 2012) in
older age.

Taken together, these studies suggest the involvement of an
implicit prototype-based and a declarative exemplar-based mem-
ory system during categorization learning. The interaction of
multiple memory systems facilitates the representation of
nuanced categories which consist of prototype-based stimuli and
exceptions. It seems that the learning of nuanced categories is
negatively affected by aging. In elderly subjects the processes that
separate exceptions and prototype-based items appear to be im-
paired. They showed impaired categorization learning for excep-
tions but had no problems in categorizing prototype-based stimuli
(Davis et al., 2012a, 2012b; Glass et al., 2012). However, up to now,
age-related decline of attentional mechanisms which may con-
tribute to categorization learning, is not fully understood. This is
e.g. illustrated by the fact that several divergent explanations have
been offered for the over-activation of the parietal lobe in elderly
subjects (e.g., Madden, 2007, Madden et al., 2007; Reuter-Lorenz
and Cappell, 2008; Salthouse et al., 1995).

Furthermore, Rabi and Minda (2016) could show that, although
categorization tasks involving a single relevant rule are as easy to
learn for elderly as for younger subjects, elderly subjects have more
problems with the learning of complex disjunctive rule-based cate-
gories and of rule-plus-exception categories (e.g., Davis et al., 2012b).
In comparison to younger subjects, the learning of a disjunctive rule-
based category (e.g., 5 of the 6 stimulus features are relevant for the
disjunctive rule) was more challenging for elderly subjects than the
learning of family resemblance based categories. Rabi und Minda
(2016) attribute these findings to the fact that complex disjunctive
rule-based categories place the highest demands on working mem-
ory, which in turn declines with normal aging (Peters, 2006).

The current study used electroencephalography (EEG), eye
tracking and computational modelling procedures to examine the
process of categorization learning at different age ranges. More
specifically, we also aimed to investigate to which degree cate-
gorization learning is mediated by visual attention and perceptual
strategies. As mentioned before, it is assumed that correct cate-
gorizations usually depend on separate learning strategies (ab-
straction- and exemplar-based strategies), which involve atten-
tional mechanisms to varying degrees. Additionally, the study
examined the effects of aging on the usage of different learning
strategies during categorization learning. Finally, to investigate
whether elderly subjects compensate for cognitive decline through
enhanced perceptual and attentional processing, the categoriza-
tion performance, the allocation of attention to relevant stimulus
features and event-related potentials associated with visual at-
tention were assessed and correlated with each other.
2. Material and methods

2.1. Participants

Ten right-handed, neurologically healthy elderly subjects
(mean age 58.20 years, SD¼7.48 years; 8 female and 2 male
subjects) and seventeen right-handed, neurologically healthy
young subjects (mean age 22.53 years, SD¼4.16 years; 14 female
and 3 male subjects) participated in the current study. We ori-
ginally tested fifteen elderly subjects but five of them performed
far below chance level over the whole experiment and therefore
had to be excluded. Psychiatric and neurological disorders were
general exclusion criteria for study participation. After a detailed
explanation of the procedure all subjects gave informed written
consent. Besides, all subjects had normal or corrected-to-normal
vision. The study was approved by the Ethics Committee of the
Faculty of Psychology of the Ruhr University Bochum, Germany.



Fig. 1. Stimuli from both categories. All stimuli shared an average of 3.88 colors within and 2.12 colors between the categories. Stimuli of one category shared an average of
4.57 colors with their own prototype and 1.43 with the prototype of the other category. The numbers in the middle of the figure represent the stimuli positions/dimensions
on which the stimuli differed from the prototype. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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2.2. Stimuli and task

An adaptation of the visual categorization task from Cook and
Smith (2006) was used. The participants had to categorize ring-
shaped stimuli (768�768 pixels) with six binary color dimen-
sions, which were similar in their structure but differed with re-
spect to the color combinations. The two categories consisted of a
prototype, five typical stimuli and one exception. The typical sti-
muli shared five colors with the prototype and the exception
shared five colors with the prototype of the opposing category (see
Fig. 1). An exclusive usage of a prototype-based strategy was
prevented by the stimulus design because this strategy would lead
to errors in the categorization of the exceptions.

The experiment was performed in an EEG laboratory of the
Ruhr University Bochum using Presentations 16.2 software
(NeuroBehavioral Systems Inc.; http://www.neuro-bs.com). The
stimuli were presented centered on a white background with a
screen resolution of 1024�768 pixels. Left and right CTRL keys of
a keyboard were used as response buttons. Each button corre-
sponded to one of the two categories. Immediately after the re-
sponse, a feedback stimulus was presented (“right” or “wrong”).
The feedback message “Please respond faster! ” was shown if the
participant did not press one of the buttons within 3.8 s. The
feedback was presented for 1 s, followed by a fixation cross for a
variable intertrial interval of 1–2 s (see Fig. 2). All stimuli were
randomly presented and each block contained 14 prototypes, 70
Fig. 2. The structure of the categorization task
typical stimuli and 14 exceptions. The experiment consisted of five
blocks, resulting in 490 trials over the course of the experiment.
After every block participants were allowed to take a short break.
2.3. EEG recording

EEG was recorded from 30 scalp positions with silver–silver
chloride electrodes mounted on an elastic electrode cap according
to the internationally standardized 10–20 system (Jasper, 1958). A
BrainProducts BrainAmp Standard Amplifier (BrainProducts, Mu-
nich, Germany) in combination with the Brain Vision Recorder
Software Package at a sample rate of 500 Hz was used for the
recordings. The linked mastoids served as the reference electrodes
and a ground electrode was placed at the position Fpz. Electrode
impedance was kept below 5 kΩ.
2.4. Eye tracking

The iView XTM Hi-Speed video-based eye tracking system
(SensoMotoric Instruments, Berlin, Germany) was used with a
sampling rate of 500 Hz. Movements of the participants' right eye
were captured during stimulus presentation. At the beginning of
each block, the eye tracker was calibrated to the individual eye
position of each participant (see Fig. 2).
with a 1024�768 pixels screen resolution.

http://www.neuro-bs.com
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2.5. Data analyses

2.5.1. EEG data analysis
The Brain Vision Analyzer Software Package 2.0 (BrainProducts,

Munich, Germany) was used to analyze the EEG data. EEG signals
were band-pass filtered with cut-offs of 0.5 and 40 Hz. To remove
vertical eye movements and blink artefacts an independent com-
ponent analysis (ICA) was performed for each individual subject.
Additionally, artefacts exceeding 50 μV were excluded using the
default setting provided by the Brain Vision Analyzer Software.

To analyze the visual attention related ERPs, two segments for
each stimulus type, followed by a baseline correction relative to
200 ms preceding the stimulus presentation, were created. Due to
the similarities, prototypes and typical stimuli were combined for
the analysis. Trials with data points exceeding an absolute am-
plitude value of 150 mV were also excluded and single subject
averages for prototypical stimuli and exceptions were created. The
analyses of the following visual attention related ERP components
were based on data from the parietal-occipital electrodes PO7,
PO3, POz, PO4 and PO8. The ERP amplitudes were defined as the
maximum peak amplitude in the corresponding time frame after
stimulus presentation. The P150 amplitude was defined as the
maximum positive peak from 120 to 180 ms. The maximum po-
sitive amplitude in the time window between 210 and 280 ms was
defined as the P250. For the P300 the maximum positive ampli-
tude of the ERPs between 285 and 600 ms was examined. Ad-
ditionally, the amplitudes and latencies of prototypical stimuli and
exceptions were compared within and between the two groups.

2.5.2. Eye tracking data analysis
MATLAB R2009a (Mathworks, Natick, Massachusetts, USA) was

used to analyze eye tracking data. The eye movements of the parti-
cipants were visualized and evaluated on the basis of fixation-based
heat maps. Eye movements for prototypes and exceptions were
compared within and between the two groups. Overall, the ex-
ploration of stimulus features and the differences between a per-
ipheral or detailed processing were investigated. The ring stimuli
were divided into 7 areas including the stimulus dimensions and the
center of the stimuli. The percentage rates of the fixations on the six
stimulus dimensions and on the center of the stimuli were calculated.

2.5.3. Computational modelling procedures
In addition to the behavioral data, eye-tracking and EEG data,

we also used two well-known computational models to fit the
data of control participants and elderly participants. The abstrac-
tion model was based on the prototype model described by Minda
and Smith (2001, 2011) (Smith and Minda, 1998). In the abstrac-
tion model, each category is represented by a modal prototype
(labeled as “prototype” in the current design). Learners are as-
sumed to abstract this prototype via associative learning and base
their individual classification decisions on the similarity of the to-
be-classified item to each prototype. The item is classified in ac-
cordance with the most similar prototype. This abstraction model
predicts strong performance on prototypical and typical instances,
but poor performance on exceptional items. The exemplar model
we used was based on the Generalized Context Model of Nosofsky
(1986, 2011). In this model, the learner is assumed to store traces
of the category exemplars and classification is based on the simi-
larity of the to-be-categorized item to the entire collection of each
exemplar in the category.

Both models have a set of attentional weight parameters that
correspond to the number of dimensions in a task (6) along with a
psychological scaling parameter that corresponds to how close or
distant the prototypes or exemplars are in psychological space. Full
and complete formulations of each are available in Minda and
Smith (2001).
In the present case, our analyses were based on a fitting of each
model to classification probabilities produced by subjects at the
first block (1), middle (3) and the final block (5) of performance.
That means that we fit the model to each block of performance for
each individual subject. We relied on a hill-climbing algorithm to
minimize the Root Mean Square Deviation (RMSD) between the
observed data and the model's predictions (Minda and Smith,
2001). To find the best-fitting parameter settings of each model, a
single parameter configuration (attention weights and a scaling
parameter) was chosen randomly and the predicted categorization
probabilities for each of the 14 stimuli were calculated according
to that configuration. The RMSD is calculated as shown in Eq. (1).
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The RMSD between the observed (Oi) and predicted (Pi) prob-
abilities was minimized with a hill-climbing algorithm that con-
tinually made small adjustments to the provisional best-fitting
parameter settings and chose the new settings if they produced a
better fit (i.e., a smaller RMSD between predicted and observed
performance). To ensure that local minima were not a problem,
the fitting procedure was repeated 5 times by choosing different
random starting configurations of the model and hill-climbing
from there. We chose the best-fitting parameters of the multiple
fittings. The data for each block and each participant was fit in-
dependently, and each model (abstraction or exemplar) was fit
separately.

Analysis of the modelling data was carried out in accord with
what was done in Minda and Smith and Cook and Smith (2006).
We examined the fit of model to the early (block 1) middle (block
3) and late (block 5) performance of each group of subjects. We
report the average across each participant of the observed and
predicted data for prototype items, typical items, and exceptional
items as in Cook and Smith, and also the average fit (RMSD) and
the average attentional weights for each best fitting configuration.

2.5.4. Statistical design and analysis
The analysis of the behavioral data focused on the percentage

of correct responses and the reaction times within and between
groups. As mentioned above, prototypes and typical stimuli were
combined as prototypical stimuli. For the statistical analysis re-
peated measures ANOVAs with Bonferroni corrections were cal-
culated. If sphericity was violated, Greenhouse-Geisser corrections
were applied. The correct responses were analyzed with a Bon-
ferroni-corrected repeated measures ANOVA with the factors
“stimulus” (prototypical stimuli vs. exceptions), “block” (1; 2; 3; 4;
5), and the between-subject factor “group” (young subjects vs. el-
derly subjects). To analyze the reaction times within and between
the groups a Bonferroni-corrected repeated measures ANOVAwith
the factors “stimulus” (prototypical stimuli vs. exceptions), “block”
(1; 2; 3; 4; 5), and the between-subject factor “group” (young
subjects vs. elderly subjects) was applied. Additionally, two-tailed
t-tests and one-factorial ANOVAs were conducted to resolve the
significant interactions.

The EEG data was analyzed with Bonferroni-corrected repeated
measures ANOVAs with the factors “stimulus” (prototypical stimuli
vs. exceptions), “electrode” (PO7; PO3; POz; PO4; PO8) and the
between-subject factor “group” (young subjects vs. elderly sub-
jects) for the amplitudes and latencies of the P150, P250 and P300.
If sphericity was violated, Greenhouse-Geisser corrections were
applied. To resolve significant interactions two-tailed t-tests and
one-factorial ANOVAs were applied.

The calculated fixations of the eye tracking data were analyzed
with two Bonferroni-corrected repeated measures ANOVAs. If
sphericity was violated, Greenhouse-Geisser corrections were



Table 1
Means and standard deviations of correct categorizations (in percent).

Young Elderly T-score p

Block 1
Prototypical 65.27 (9.68) 71.90 (10.83) 1.89 0.07
Exception 39.92 (27.44) 50.71 (19.76)
Block 2
Prototypical 72.27 (12.53) 78.81 (8.40) 2.15 0.04
Exception 35.29 (19.80) 51.43 (26.04)
Block 3
Prototypical 82.91(8.76) 81.43 (7.49) �1.38 0.18
Exception 62.61(27.49) 53.57 (9.07)
Block 4
Prototypical 85.92 (8.34) 86.55 (6.87) �1.35 0.15
Exception 71.43 (19.40) 60.00 (19.40)
Block 5
Prototypical 92.09 (5.83) 88.57 (6.00) �2.18 0.04
Exception 82.35(16.58) 68.57 (16.56)
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applied. In the first analysis, differences between a peripheral and
detailed processing were investigated. A repeated measure ANOVA
with the factors “stimulus” (prototypes vs. exceptions), “proces-
sing” (central vs. dimensions), “block” (1 vs. 5), and the between-
subject factor “group” (young subjects vs. elderly subjects) was
calculated.

In the second and third analysis the focus was on the fourth
and fifth stimulus dimensions. These analyses were calculated to
examine whether the eye movements were focused on specific
stimulus dimensions that are necessary for determining category
membership, particularly for the exceptions. The second repeated-
measures ANOVA with the factors “stimulus” (prototypes of cate-
gory 1 vs. exceptions of category 2), “block” (1 vs. 5), and the be-
tween-subject factor “group” (young subjects vs. elderly subjects)
investigated whether people explored the fourth stimulus di-
mension in order to categorize exceptions of category 2 correctly
more often. If subjects see a member that seems to be typical for
category 1, they should look at the fourth stimulus dimension,
and- if the color of this dimension differs from the prototype of
category 1 - assign the stimuli as an exception of category 2.

The third repeated measure ANOVA with the factors “stimulus”
(prototypes of category 2 vs. exceptions of category 1), “block” (1 vs.
5), and the between-subject factor “group” (young subjects vs. elderly
subjects) investigated for the exceptions of category 1, whether
peoples’ view is mainly directed to the fifth stimulus dimension in
order to categorize them correctly. If subjects see a member that
seems to be typical for category 2, they should look at the fifth sti-
mulus dimension, and if it is green assign it to category 1.

Additionally, Pearson correlations were computed to in-
vestigate the relationships between the significant results of the
collected measurements: categorization performances, EEG data
and eye movements. These analyses examined whether the fixa-
tion rates for important stimulus features, the visual attention
related ERPs and the categorization performances of young and
elderly subjects are correlated with each other. These correlations
were computed to investigate whether elderly subjects compen-
sate for cognitive decline through enhanced perceptual and at-
tentional processing (see Lighthall et al. (2014)). At first, correla-
tional analyses were carried out in the sample as a whole, and, in a
second step, separated for both groups.
3. Results

3.1. Behavioral data

3.1.1. Percentage of correct categorizations
The ANOVAs of the categorization performance yielded sig-

nificant results for the factors “stimulus” (F1, 25¼86.87, pr0.001)
and “block” (F3, 71¼30.93, pr001), as well as for the interaction of
the factors “group” and “block” (F3, 25¼5.42, pr0.005). Subsequent
paired comparisons revealed a better performance of elderly
subjects in block 2 (t(25)¼2.15, pr0.05) and a better performance
of young subjects in block 5 (t(25)¼�2.18, pr0.05). In general,
the analysis revealed a better performance for prototypical stimuli
and improved categorizations over the course of the experiment
(see Table 1; Figs. 3 and 4). The largest difference between the
correctly categorized stimulus types was observable in the second
and fifth block, while the smallest difference was observable in the
third block (all pr0.05; see Table 1; Figs. 3 and 4). Additionally, a
separate analysis of both stimulus types yielded the same learning
rate for prototypical stimuli of both groups (all pZ0.10), but
showed a better performance for exceptions of elderly subjects in
block 2 (t(25)¼1.82, p¼0.08) and a significant better performance
for exceptions of young subjects in block 5 (t(25)¼�2.09,
pr0.05; see Table 1; Figs. 3 and 4).
3.1.2. Reaction times (ms)
The analysis of reaction times yielded significant results for the

factors “stimulus” (F1, 24¼29.31, pr0.001) and “group” (F1, 24¼29.97,
pr0.001). Correct categorizations were faster for prototypical sti-
muli (t(26)¼�5.26, p.r001; see Table 2; Fig. 5) and apart from the
first block, young subjects categorized both stimulus types faster
than elderly subjects (see Table 2; Fig. 5). Additionally, a separate
analysis of the young subjects' performance showed a significant
main effect for the factor “block” (F3, 52¼19.09, pr0.001). Reaction
times improved over the course of the experiment (see Table 2;
Fig. 5). A separate analysis of the performance of elderly subjects did
not show a significant main effect for the factor “block” (F2, 15¼0.23,
p¼0.75), indicating that the reaction times of elderly subjects did not
improve over the course of the experiment.

3.2. Eye tracking data

The heat maps of the eye movements (see Fig. 6) suggest that at
the beginning of the experiment, fixations could be found in
central and peripheral screen areas. The eye movements were
scattered over the whole stimulus. At the end of the experiment,
the eye movements were more focused. Compared to young sub-
jects, elderly subjects seemed to show less scattered eye move-
ments for both stimulus types. This descriptive group difference
was already visible at the beginning of the experiment. Ad-
ditionally, eye movements of elderly subjects seemed to be more
focused on specific stimulus features throughout the whole ex-
periment. Overall, the descriptive comparison of the eye move-
ment in block 5 showed that they were more focused for excep-
tions than for prototype stimuli.

The first statistical analysis investigated the differences be-
tween a peripheral and detailed processing in the first and last
block and yielded an interaction of the factors “stimulus” and
“processing” (F1, 25¼5.40, pr0.05; see Table 3; Fig. 7). Subsequent
paired comparisons revealed more fixations on the six stimulus
dimensions for prototypes than for exceptions (t(26)¼2.52,
pr0.05; see Table 3; Fig. 7). In contrast, subjects showed more
fixations on the stimulus center of exceptions than on the stimulus
center of prototypes (t(26)¼�2.52, pr0.05; see Table 3; Fig. 7).
Furthermore, the analysis showed a trend for a group effect (F1,
25¼3.16, p¼0.088). Younger subjects showed more fixations on
the center of the ring stimuli and elderly subjects showed more
fixations on the six stimulus dimensions (see Table 3).

The second statistical analysis of the eye tracking data, which
focused on the fourth stimulus dimension, showed an interaction
of the factors “stimulus” and “group” (F1, 25¼11.89, pr0.005). El-
derly subjects showed more fixations on the fourth stimulus



Fig. 3. Percentage of correct categorizations, separated for prototypes, typical stimuli, the combined prototypical stimuli and exceptions.

Fig. 4. Percentage of correct categorized exceptions for the first (a) and second part
(b) of each block. Smaller blocks have been used for a better descriptive analysis of
the exception learning rate.

Table 2
Means and standard deviations of reaction times (in ms) for correct responses.

Young Elderly T-score p

Block 1
Prototypical 506.97 (66.33) 596.10 (203.75) 2.28 0.04
Exception 534.13 (116.38) 646.40 (371.50) 2.11 0.052
Block 2
Prototypical 437.16 (58.01) 591.60 (133.26) 4.43 0.001
Exception 557.13 (124.86) 762.00 (280.14) 2.38 0.03
Block 3
Prototypical 383.44 (62.45) 623.45 (168.74) 4.46 0.001
Exception 482.44 (105.53) 730.60 (195.17) 3.92 0.001
Block 4
Prototypical 372.00 (64.02) 564.15 (146.61) 3.71 0.002
Exception 429.31 (116.97) 692.30 (248.06) 3.61 0.002
Block 5
Prototypical 360.81 (79.41) 559.85 (142.75) 3.70 0.002
Exception 403.50 (94.19) 719.90 (269.56) 4.33 0.001
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dimension during the categorization of category exceptions, while
younger subjects showed more fixations on the fourth stimulus
dimension during the categorization of category prototypes (see
Table 4; Fig. 8). The third statistical analysis, which focused on the
fifth stimulus dimension, did not show any significant effect for
the fixations on the fifth stimulus dimension.
3.3. EEG data

For the P150 amplitude, the ANOVA yielded a significant main
effect for the factor “group” (F1, 25¼6.18, pr0.05). The amplitude
of the P150 was generally higher in elderly subjects (see Table 5;
Fig. 9). Additionally, the amplitude of the P150 did show a sig-
nificant main effect for the factor “stimulus” (F1, 25¼5.83, pr0.05)
for both groups. The amplitude for exceptions was larger than the
amplitude for prototypical stimuli (see Table 5; Fig. 9).

For the amplitude of the P250, the ANOVA yielded a main effect
for the factor “stimulus” (F1, 25¼5.42, pr0.05). Subsequent paired
comparisons revealed larger positive amplitudes for exceptions
(see Table 5; Fig. 9). Furthermore, the ANOVA for the P250 latency
yielded a significant between-subject effect for elderly and young
subjects (F1, 25¼8.17, pr0.01). Elderly subjects generally exhibited
longer latencies than young subjects (see Table 5; Fig. 9).

For the P300 amplitude, there were also significant effects for
the factors “stimulus” (F1, 25¼5.54, pr0.05) and “electrode” (F2,
47¼5.79, pr0.01), again with larger amplitudes for exceptions at
the central POz position (see Table 5; Fig. 9).

3.4. Computational modelling

The abstraction and exemplar models were fit to the first, third,
and last block of each participant's data according to the procedure
described in the method section (Section 2.5.3). We averaged
across participants to obtain observed performance on prototypes,
typical items, and exception items. We did the same for the pre-
dictions of the two models and the results are shown in Fig. 10.

Consistent with behavioral data, we found that the abstraction
model and the exemplar model were both able to account for early
performance. Both models fit the younger subjects' data better
than the elderly subjects' data. The data depicted in the middle
block suggests than both groups were transitioning away from
purely abstraction-based learning and by the final block, subjects
in both groups had learned the exception items well enough to
overcome the linearly separability constraint of abstraction-based
performance (Smith and Minda, 1998). Table 6 shows the relative
fits (RMSD) and attentional weights of the best fitting configura-
tion for the modelling data shown in Fig. 10.

Younger subjects began the study with an advantage of the ab-
straction model over the exemplar model 0.157–0.192) whereas there
was no advantage for elderly subjects 0.173–0.171). However, younger
subjects misclassified exceptions in the first block (0.399) whereas
elderly subjects performed at chance on the exceptions. Further
younger subjects were quicker to move beyond the prototype based
strategy and learn exemplars. The data yielded stronger advantage in
younger subjects for the exemplar model by block 5 (0.239 abstraction
model to 0.111 exemplar model for younger subjects versus 0.201
abstraction model to 0.126 exemplar model for elderly subjects).

Moreover, younger subjects performed much better than elderly
subjects on all items, but especially on exception items. By blocks 5,



Fig. 5. Reaction times for correct responses (in ms) separated for prototypical stimuli and exceptions and both groups.

Table 3
Means and standard errors of fixations (in percent) separated for groups, stimulus
types and fixation areas.

Area Center Features

Stimulus type Prototypes 47.79 (3.90) 52.22 (3.90)
Exceptions 49.71 (3.90) 50.29 (3.90)

Group Elderly 44.39 (6.13) 55.61 (6.13)
Young 53.11 (4.70) 46.89 (4.70)
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younger subjects scored 0.82 on exceptions whereas elderly subjects
were only at 0.68. Besides elderly subjects struggled with the transi-
tion away from purely abstraction-based learning to an exemplar-
based learning. The range between prototype and exception items (P
minus E) was two times higher for elderly subjects than for younger
subjects (.244 for elderly subjects and 0.126 for younger subjects). The
exception item performance went from 0.399 to 0.823 for younger
subjects, an improvement of 0.424 as opposed to elderly subjects, who
went from 0.507 to 0.686, or an improvement of only of 0.179.

Additionally, younger subjects' data was fit in the final block
with much higher scaling parameters (see Table 6). The scaling
parameter c is an index of overall distinctiveness in psychological
space. A higher value corresponds with better overall performance
and psychologically indicates that the exemplars have been more
strongly encoded in memory. Younger subjects showed a better
encoding by the end of the learning phase. The scaling parameter
for the exemplar model was higher for younger subjects than el-
derly subjects in block 5 12.7–10.6).

However, the computational modelling did not yield a greater
variability in model fit for elderly subjects. The variability around
the average fitted for younger and older adults was essentially the
same. The standard deviation of model fits was 0.05 for both
groups across the five blocks.

3.5. Correlation analyses

The correlation analyses that were computed to investigate the
relationships between the significant results of the collected
measurements, showed in the fifth block for the overall sample a
significant correlation between the categorization performance
and the fixation rate of the fourth stimulus dimension of category
1 prototypes (r(25)¼0.40, pr0.05).

The separate analyses of the two groups showed no significant
correlations between the categorization performances, the EEG
Fig. 6. Heat maps of eye movements for
data and the eye movements of younger subjects. However, the
analyses showed in the fifth block for the results of elderly sub-
jects significant correlations between the categorization perfor-
mance and the fixation rate of the fourth stimulus dimension of
category 1 prototypes (r(8)¼74, po0.05) and category 2 excep-
tions (r(8)¼70, po0.05). Additionally, the categorization perfor-
mances in block 4 correlated significantly with the P150 ampli-
tudes (r(8)¼82, po0.01).
4. Discussion

The current study could generally replicate the behavioral re-
sults of Cook and Smith (2006) regarding categorization learning
in humans. However, the results also showed that the categor-
ization learning process differs for the age groups. The behavioral
data showed a combination of an early prototype-based proces-
sing (Minda and Smith, 2001) and a later exemplar-based storage
phase (Lech et al., 2016; Medin and Schaffer, 1978). However, the
transition between the two stages has only been observed in the
learning course of younger subjects. Beginning in block 3, younger
subjects started to implement an exemplar-based strategy. Be-
cause of that, the difference between the correctly categorized
stimulus types was smaller in the third block than in the first two
prototypes (A) and exceptions (B).



Fig. 7. Percentage of fixations on the six stimulus dimensions/features and the stimulus center, separated for prototypes and exceptions as well as for the first and the last
block. Error bars reflect SEMs.

Table 4
Means and standard errors of fixations (in percent) on the fourth stimulus di-
mension separated for both groups and stimulus types.

Group Stimulus type Mean (SEM)

Elderly Exceptions 12.85 (3.34)
Prototypes 9.38 (3.50)

Young Exceptions 6.57 (2.56)
Prototypes 8.08 (2.69)

Fig. 8. Percentage of fixations on the fourth dimension separated for exceptions
and prototypes. Error bars reflect SEMs.

Table 5
Means and standard deviations of the P150, P250 and P300 amplitudes (mV).

Young Elderly

P150
Prototypical 0.81 (2.80) 3.13 (2.16)
Exception 1.39 (3.24) 3.71 (1.94)
P250
Prototypical 3.24 (3.64) 2.34 (5.12)
Exception 3.96 (3.65) 2.85 (6.06)
P300
Prototypical 4.44 (4.67) 3.87 (5.08)
Exception 4.94 (4.23) 4.62 (5.15)
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blocks. Elderly subjects showed a different learning curve for ex-
ceptions and therefore no transition between the two stages was
observable. In contrast to younger subjects, they showed a lower
but stable classification performance for exceptions, especially in
the last block. It seems that older adults performed at chance level
for exceptions in the early blocks, while younger adults performed
below chance because they were relying on a prototype-based
strategy that resulted in incorrect categorization of exceptions.
Additionally, apart from the first block, younger subjects per-
formed correct categorizations faster than elderly subjects. Fur-
thermore, the reaction times of elderly subjects did not improve
over the course of the experiment. These results indicate a well-
known age-related slowing down of processing speed in elderly
subjects.

Elderly subjects seemed to have an intact implicit prototype-
based learning system (e.g., Bozoki et al., 2006; Casale and Ashby,
2008), while they had age-related problems in the declarative
exemplar-based learning (e.g., Glass et al., 2012; Heindel et al.,
2013; Knowlton and Squire, 1993; Squire and Knowlton, 1995). The
results of the current study are in line with computational models,
which use clustering mechanisms to illustrate the learning of
nuanced categories and give evidence that elderly subjects could



Fig. 9. ERPs associated with visual attention at electrode position POz, separated
for exceptions and prototypical stimuli.
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deploy limited attention in A/B tasks and broader attention in A/
Not-A tasks. The clustering mechanisms (Davis et al., 2012b,
2012a; Glass et al., 2012) and the used learning strategy seemed to
be negatively related to the aging process.
Fig. 10. The observed and predicted data of the abstraction and
In addition, the finding that at the end of the experiment, el-
derly subjects have more problems with the categorization of
exceptions is in line with the evidence reported by Rabi and Minda
(2016). These authors could show that elderly subjects have more
problems with the categorization of complex disjunctive cate-
gories and rule-plus-exception categories than with the categor-
ization of a family resemblance set. They further suggested that
working memory capacity may be responsible for the performance
differences observed between younger and elderly subjects. This
suggestion is in line with evidence that elderly subjects with
working memory impairment have more pronounced problems
with testing various rules (e.g., Peters, 2006). On the other hand,
Rabi und Minda (2016) assumed that elderly subjects do have
access to the cognitive processes that allow family resemblance
learning strategies.

An alternative interpretation for the differences in the cate-
gorization learning curves of young and elderly subjects is the
categorization model of Gluck (1991). According to the model by
Gluck (1991), it could be possible that elderly subjects are simply
processing each stimulus as its own individual configuration. This
type of processing slows down learning compared to the case in
which feature-based generalization is applied. These processing
differences between the groups could also explain the decreased
but stable exception learning curve and the slower reaction times
in elderly subjects. Especially the higher exception learning rates
of elderly subjects at the beginning of the experiment as well as
the lower exception learning rates of elderly subjects at the end of
the experiment could be attributed to a processing of each sti-
mulus as its own individual configuration. However, generalization
exemplar model for subjects' early, middle and late data.



Table 6
Best-fitting model parameters.

Fit (RMSD) Scaling 1 2 3 4 5 6

Attention Weights: Abstraction Model
Young

Block 1 0.157 1.200 0.109 0.305 0.207 0.126 0.159 0.099
Block 3 0.181 2.288 0.053 0.148 0.030 0.249 0.423 0.103
Block 5 0.239 4.194 0.026 0.110 0.029 0.415 0.391 0.031

Elderly
Block 1 0.173 2.400 0.114 0.145 0.173 0.056 0.347 0.165
Block 3 0.171 2.240 0.073 0.156 0.110 0.280 0.317 0.070
Block 5 0.201 2.720 0.115 0.120 0.030 0.320 0.411 0.006

Attention Weights: Exemplar Model
Young

Block 1 0.192 4.353 0.199 0.267 0.181 0.051 0.118 0.192
Block 3 0.148 8.747 0.121 0.163 0.112 0.169 0.264 0.174
Block 5 0.111 12.724 0.071 0.209 0.112 0.235 0.277 0.096

Elderly
Block 1 0.171 3.710 0.085 0.194 0.070 0.075 0.324 0.264
Block 3 0.140 7.710 0.098 0.168 0.154 0.144 0.294 0.142
Block 5 0.126 10.670 0.116 0.187 0.193 0.192 0.289 0.029
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is also the basis for the learning of prototypical stimuli but the
learning rates for prototypical stimuli did not differ between the
groups.

The modelling results are consistent with the behavioral data.
The abstraction model and the exemplar model were both able to
account for early categorization performance. In accordance with
the behavioral results, the model suggested a transition away from
purely abstraction-based learning in the middle block for both
groups. In the final block, subjects in both groups had learned the
exception items well enough to overcome the linearly separability
constraint of abstraction-based performance (Smith and Minda,
1998). Additionally, both models fit the data of younger subjects
better than the data of elderly subjects. This is well in accordance
with the results by Rabi and Minda (2016). Younger adults being
more prototype-like at the beginning and more exemplar-like at
the end. Older adults were not really guessing, but were slower to
encode. This means less extreme prototype (and exception) per-
formance at the beginning, but then lower exception performance
at the end. However, there does not seem to be greater variability
in the model fit of older adults.

According to the computational modelling, the advantage of
the abstraction model over the exemplar model for younger adults
is due to their systematically misclassifying of exceptions in the
first block. In contrast, older adults performed in the first block at
chance on the exceptions. It seems that younger adults are quicker
to adopt the prototype-based strategy and are quicker to move
beyond the prototype-based strategy and learn exemplars.
Younger adults show higher performance improvements than
older adults on all items, but especially on exception items. The
higher scaling parameter of younger adults in block 5 supports
these results and indicates a better encoding by the end of the
learning phase. A higher value of the scaling parameter corres-
ponds with better overall performance and psychologically in-
dicates that the exemplars have been more strongly encoded in
memory. Additionally, the higher range between prototype and
exception items of older adults suggests that older adults were
struggling with the transition away from purely abstraction-based
learning.

The analyses of eye movements underlined that categorization
learning is modulated by both attentional processes and percep-
tual exploration strategies. Selective attention should lead to fo-
cusing on salient stimulus features in both groups (e.g., Wascher
and Beste, 2010; Wascher et al., 2012). The investigation of dif-
ferences between peripheral and detailed processing showed
more fixations on the six stimulus dimensions for prototypes than
for exceptions. These results are in line with the behavioral data
and indicate that both groups learned the prototypical stimulus
features of both categories, which are important for correct cate-
gorization of prototypical stimuli. Furthermore, the analyses de-
monstrated that younger subjects fixated the center of the ring
stimuli and elderly subjects showed more fixations on the six
stimulus dimensions. This suggests that younger subjects might
use a more peripheral processing than elderly subjects. This result
fits with the model of Gluck (1991), who suggests that elderly
subjects process each stimulus as its own individual configuration.

Moreover, elderly subjects showed more fixations on the fourth
stimulus dimension during the categorization of category 2 ex-
ceptions, while younger subjects showed more fixations on the
fourth stimulus dimension during the categorization of category
1 prototypes. The fourth stimulus dimension is important for the
categorization of category 2 exceptions. The exceptions from ca-
tegory 2 seem to be typical of category 1, only the fourth stimulus
dimension differs from category 1 prototypes. Subjects have to
look at the fourth stimulus dimension to correctly categorize ex-
ceptions from category 2. These results indicate that elderly sub-
jects already tried to focus on color dimensions that were im-
portant for the categorization, especially of exceptions. However,
the statistical analysis of category 1 exceptions did not show any
significant effect for the fixations on the fifth stimulus dimension
which is the most important feature for the categorization of ca-
tegory 1 exceptions. At least for exceptions from category 2, el-
derly subjects decided on the basis of an active search for specific
stimulus features (e.g., Rosler et al., 2000; Whiting et al., 2005).

Furthermore, the eye tracking results also indicate that the
reduced learning of exceptions in elderly subjects may arise as a
result of their age-related decrease of working memory capacity
(Rabi and Minda, 2016). The learning of exceptions required a
higher working memory load than the learning of prototypical
stimuli. Exceptions have to be processed as their own individual
configurations (e.g., Gluck, 1991), because feature-based general-
izations would lead to categorization errors. If subjects saw a
member that seems to be typical for one of the two categories,
they have to take a closer look at the fourth/fifth stimulus di-
mension to categorize exceptions correctly. In contrast, a higher
fixation rate of the important stimulus dimensions could only be
found in elderly subjects for exceptions from category 2. Along
with the learning performance this indicates that exceptions are
more difficult to learn for elderly subjects, perhaps because of
their decreased working memory capacity (Rabi and Minda, 2016).

The results of the examined event-related potentials were in
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line with the eye movement analysis and supported the assump-
tion that categorization learning is modulated by attentional (e.g.,
Glass et al., 2012) and working memory processes (Rabi and
Minda, 2016). With respect to the investigated group differences,
the results for elderly subjects showed a strong perceptual analysis
and broader selective attention in the learning of prototypical
stimuli.

The significantly larger P150 amplitudes in elderly subjects
suggest that elderly subjects make visual decisions on the basis of
an active perceptual analysis of stimulus features. Another ex-
planation of these findings might be that elderly subjects tried to
find category-typical color positions and color combinations in a
pronounced early perceptual analysis (e.g., Whiting et al., 2005).
Accordingly to the model of Gluck (1991), another interpretation
could be that elderly subjects categorized prototypical stimuli
using fewer generalizations than younger subjects. They directed
their attention to the whole stimulus with all its features. This
would require a higher attention load.

Besides, the higher P150 amplitudes for exceptions underlined
the general increase of selective attention for the categorization of
exceptions (Bigman and Pratt, 2004; Johnson and Olshausen,
2003; Long et al., 2010). A rule-based categorization strategy
cannot be used. The subjects had to use an exemplar-based
learning strategy which is based on detecting and remembering all
stimulus features, especially the fourth/fifth stimulus dimension.
This categorization strategy requires an increased perceptual
analysis and attention load, especially for the categorization of
exceptions.

The analyses of the temporal-parietal P250 and P300 indicate
an increased semantic information processing and memory usage
during the learning of exceptions (Chung et al., 2010; García-Larrea
et al., 1992; Polich, 2007). One possible interpretation of the higher
P250 and P300 amplitudes for exceptions might be an explicit
search for and remembrance of stimulus dimensions and color
combinations. Therefore, participants had to use an explicit ex-
emplar-based strategy, which involved declarative memory pro-
cessing (e.g., Rabi and Minda, 2016). Another possible explanation
could be the processing of each exception as its own individual
configuration, which requires more semantic information proces-
sing and memory usage than the learning of category-typical sti-
mulus features and rule-based categories (Gluck, 1991; Rabi and
Minda, 2016).

The results of the correlation analyses computed to investigate
the relationships between the significant results of the collected
measurements fit well within the overall theoretical framework of
this study. In contrast to younger subjects, elderly subjects showed
in the fifth block significant correlations between the categoriza-
tion performance and the fixation rate of the fourth stimulus di-
mension of category 1 prototypes and category 2 exceptions. Ad-
ditionally, the categorization performance in block 4 was posi-
tively correlated with the P150 amplitudes. These higher fixation
rates on important stimulus features and the larger P150 ampli-
tudes of elderly subjects as well as the positive correlations be-
tween these measures and the categorization performances of
elderly subjects suggesting that elderly subjects may compensate
for cognitive decline through enhanced perceptual and attentional
processing of individual stimulus features (e.g., Lighthall et al.,
2014).

A critical limitation of the current study might be the small
sample size in the elderly group. Further studies should recruit
larger samples to support the results regarding to age differences
in categorization learning. Also, further studies should investigate
which brain areas are related to the strategy usage during the
learning of nuanced categories and could examine how these brain
activations differ over the lifespan. Previous fMRI studies could
already show that categorization learning is associated with
activations in brain areas related to declarative and procedural
memory systems (e.g., Ashby and Ell, 2001; Ashby and Maddox,
2005; Lech et al., 2016; Seger and Cincotta, 2006; Seger, 2013).
5. Conclusion

The results of the current study are in line with the idea that
the learning of nuanced real world categories is based on multiple
learning strategies and involves the appropriate processing and
memory systems. An early implicit abstraction-based strategy
(Minda and Smith, 2001) and a later explicit exemplar-memor-
ization (Medin and Schaffer, 1978) inhibit each other at different
learning stages and in a different intensity for both stimulus types.
This interaction leads to an effective resource management and
enables the learning of nuanced categories, which consist of pro-
totypical stimuli and exceptions (e.g., Ashby and Maddox, 2005).

Furthermore, the results of our study indicate that elderly
subjects used an exemplar-based strategy already at the beginning
of the experiment, but had more problems in the categorization of
exceptions. In accordance with computational models, it seems
that elderly subjects had problems in the learning of exceptions,
but showed an intact categorization performance of prototypical
stimuli. Elderly subjects compensated their cognitive decline by an
enhanced perceptual processing and a broader selective attention
to individual stimulus features (e.g., Lighthall et al., 2014; Madden,
2007).

In summary it can be noted that categorization learning pro-
cess seems to change over the lifespan, is affected by normal
cognitive aging and adapts compensatory to the cognitive func-
tioning level and memory capacity.
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