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Nondemented patients with Parkinson’s disease (PD) are impaired in learning to categorize simple
perceptual stimuli when category membership is defined by a nonlinear relationship between stimulus
dimensions but not when the relationship is linear (J. V. Filoteo, W. T. Maddox, D. P. Salmon, & D. D.
Song, 2005). In the present study, the authors examined whether performance in either of these 2 category
learning conditions was predictive of global cognitive decline following a mean of 1.6 years since the
time patients were 1st seen. Results indicated that final block accuracy in the nonlinear condition, but not
the linear condition, predicted global cognitive decline. Performance on the Wisconsin Card Sorting Test
(WCST) did not significantly predict global cognitive decline, although there was a trend for this to be
the case. In addition, the association between nonlinear category learning and global cognitive decline
was not impacted by patients’ performance on the WCST. Results suggest that nonlinear category
learning predicts cognitive decline in nondemented patients with PD and that nonlinear category learning
and WCST performances may provide independent measures of integrity of the posterior and anterior
caudate, respectively.
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Cognitive decline is increasingly recognized as an important
consequence of Parkinson’s disease (PD). Indeed, approximately
24%–31% of all patients with PD eventually develop dementia
(Aarsland, Zaccai, & Brayne, 2005). Predicting the rate of cogni-
tive decline in patients with PD can have important implications
for both clinical management and treatment strategies. Accord-
ingly, previous studies have attempted to predict the rate of cog-
nitive decline in patients with PD by using a variety of symptom
and disease variables, including older age at disease onset, pre-
dominant rigidity/akinesia motor symptoms, and psychiatric
symptoms (Aarsland et al., 2001; Hobson & Meara, 2004; Levy et
al., 2000). These variables are all associated with cognitive decline
in PD to some degree, but their predictive value is limited.

Some success has been achieved in predicting cognitive decline
in patients with PD on the basis of their current level of cognitive

functioning. In particular, a number of studies have shown that
poor performance on traditional clinical measures of executive
function predicts subsequent global cognitive decline in these
patients. This predictive relationship has been shown with such
executive function measures as the Stroop test, tests of verbal
fluency, and the number of perseverative errors on the Wisconsin
Card Sorting Test (WCST; Dujardin et al., 2004; Jacobs et al.,
1995; Janvin, Aarsland, & Larsen, 2005; Levy et al., 2002;
Mahieux et al., 1998; Piccirilli, D’Alessandro, Finali, Piccinin, &
Agostini, 1989; Woods & Troster, 2003). These results have led
some to suggest that dementia in PD is related to pathological
changes in the frontal–striatal circuitry purportedly measured by
these cognitive tests (Bosboom, Stoffers, & Wolters, 2003; Na-
gano-Saito et al., 2005; Pillon, Czernecki, & Dubois, 2003).

A number of experimental cognitive tests are thought to be more
sensitive than traditional clinical tests to the subtle cognitive
changes that can occur in nondemented PD patients early in the
course of the disease. Studies have shown that nondemented PD
patients are impaired on experimental tests that measure such
diverse cognitive processes as working memory (Owen, Iddon,
Hodges, Summers, & Robbins, 1997), cognitive shifting (Cools,
Barker, Sahakian, & Robbins, 2001), attention (Filoteo & Maddox,
1999), concept learning (Ashby, Noble, Filoteo, Waldron, & Ell,
2003), and memory (Ivory, Knight, Longmore, & Caradoc-Davies,
1999). In most cases, deficits in these cognitive abilities were
evident before the manifestation of impairment on traditional
clinical tests of cognition, including tests of executive function.
These studies not only help to delineate the areas of cognition first
affected by PD but also provide important clues regarding the
brain regions involved in these specific aspects of cognition. These
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studies have not, however, explored the usefulness of these exper-
imental tasks for predicting subsequent cognitive decline or the
development of dementia in patients with PD. The sensitivity of
these experimental measures for detecting subtle cognitive
changes in nondemented PD patients suggests that they might be
particularly effective in predicting future cognitive decline.

Among the experimental tasks that are quite sensitive to subtle
cognitive changes in nondemented patients with PD are measures
of category learning (Knowlton, Mangels, & Squire, 1996; Mad-
dox & Filoteo, 2001; Shohamy et al., 2004). In a recent study
(Filoteo, Maddox, Salmon, & Song, 2005), we demonstrated that
nondemented PD patients were impaired relative to normal control
participants in learning a particular categorization rule. In this
study, participants were shown single line stimuli that varied in
length and orientation and were asked to learn to categorize these
stimuli into one of two categories by using corrective feedback.
Two conditions were administered (see Figure 1). In the nonlinear
condition, the rule that defined category membership was based on
a nonlinear relationship between the length and orientation of the
line. In the linear condition, the rule that defined category mem-
bership was based on a linear relationship between the two stim-
ulus dimensions. We found that the PD patients were impaired in
learning the nonlinear rule but were normal in learning the linear
rule, results that were consistent with two previous studies in
which nondemented PD patients were impaired in nonlinear rule
learning (Maddox & Filoteo, 2001) and were normal in linear rule
learning (Ashby, Noble, et al., 2003; but see Price, 2005).

In general, these findings are consistent with a model of cate-
gory learning put forth by Ashby, Alfonso-Reese, Turken, and
Waldron (1998) called the Competition between Verbal and Im-
plicit Systems model (COVIS; Ashby et al., 1998; Ashby &
Waldron, 1999). This model proposes two systems—an explicit,
hypothesis-testing system and an implicit, procedural-based learn-
ing system. COVIS assumes that rule-based category learning is
dominated by the explicit hypothesis-testing system. The key
neural structures for the explicit system are the prefrontal cortex,
anterior cingulate, and the anterior regions of the caudate nucleus,
which are neural structures that underlie hypothesis generation and
testing, logical reasoning, working memory, and executive atten-
tion (Ashby & Maddox, 2005; Ashby & O’Brien, 2005; Smith,
Patalano, & Jonides, 1998). Frequently, the rule that maximizes
accuracy (i.e., the optimal rule) is easy to describe verbally.
Perhaps the best known rule-based category learning task is the
WCST, and as described above, this test has been shown to be
sensitive to predicting future cognitive decline in patients with PD.

In contrast, information-integration category learning is domi-
nated by the implicit procedural-based learning system that de-
pends on a dopamine-mediated reward signal to strengthen the
appropriate stimulus–category associations (Ashby et al., 1998;
Ashby & Ell, 2001). There is evidence that the striatum is well
suited to play a key role in procedural-based category learning.
First, the striatum (collectively the caudate and putamen) is the
input structure within the basal ganglia and receives projection
from virtually all areas of the neocortex, including extrastriate
visual cortical areas (Alexander, DeLong, & Strick, 1986). For
visual stimuli, the critical input structures are the posterior regions
of the caudate nucleus (the tail and the body; Saint-Cyr, Unger-
leider, & Desimone, 1990; Webster, Bachevalier, & Ungerleider,
1993; Yeterian & Pandya, 1995). These projections are convergent

in the sense that many cortical afferents from the inferior temporal
(IT) region project onto relatively few striatal cells (Wilson, 1995),
providing a convergence of information that is likely necessary for
categorization. Second, the striatum is characterized by a high
degree of synaptic plasticity, which is mediated by dopamine
release from the substantia nigra pars compacta (SNpc; Wickens,
1993), a brain region that is highly impacted in patients with PD
(Damier, Hirsch, Agid, & Graybiel, 1999; Gibb, 1992). Finally, the
caudate has projections to prefrontal cortex and motor output areas
via connections through the thalamus, connections that would be
needed for associating a particular stimulus with a response. Pre-
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Figure 1. Category structures for the (A) linear and (B) nonlinear con-
ditions. Open circles represent individual Category A stimuli and closed
circles represent individual Category B stimuli. The solid line for the linear
condition and solid curve for the nonlinear condition represent the optimal
rule that best separates the two categories. Orientation and length values
are in arbitrary units. See Filoteo et al. (2005) for a detailed description of
the category structures.
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vious studies demonstrated that components of this system are
involved in the formation of habits or stimulus–response associa-
tions (Fernandez-Ruiz, Wang, Aigner, & Mishkin, 2001; Mishkin,
1982; Teng, Stefanacci, Squire, & Zola, 2000), processes that are
thought to be the bases of procedural-based learning.

It is important to note that this procedural-based category learn-
ing system is believed to learn rules such as the linear and non-
linear information-integration rules we used in our recent study
with PD patients (Filoteo et al., 2005). Further, much evidence has
accumulated that the learning of these rules can be disrupted in
young healthy individuals by manipulations that likely impact the
procedural-based learning system more so than the hypothesis-
testing system. For example, altering the stimulus–response asso-
ciations, delaying feedback following a participant’s response, or
altering within-category perceptual similarity impacts information-
integration category learning to a larger extent than rule-based
category learning (Ashby, Ell, & Waldron, 2003; Maddox, Ashby,
& Bohil, 2003; Maddox, Bohil, & Ing, 2004; Maddox, Filoteo, &
Lauritzen, in press; Maddox, Filoteo, Lauritzen, Connally, & Hejl,
2005; Maddox & Ing, 2005). These studies in healthy participants
are consistent with the finding that amnesiac patients with signif-
icant damage to the medial temporal lobe memory system are able
to normally learn and retain information-integration category
structures (Filoteo, Maddox, & Davis, 2001), giving further evi-
dence that the acquisition of such categories can occur with an
implicit, procedural-based system, of which the posterior caudate
is likely a major component. Indeed, recent fMRI studies in
healthy participants have shown the importance of the posterior
caudate in the acquisition of information-integration categories
(Filoteo, Simmons, Zeithamova, Maddox, & Paulus, 2006; No-
mura et al., in press).

Given the proposed role of the striatum in procedural-based
category learning, we anticipated in our original study that PD
patients would be impaired in learning information-integration
categories (Filoteo et al., 2005). However, the computational mod-
eling of non-PD participants’ performances has suggested that
learning a nonlinear rule might place even greater emphasis on the
posterior caudate than learning a linear rule (Ashby, Waldron, Lee,
& Berkman, 2001). Specifically, Ashby and colleagues (Ashby &
Waldron, 1999; Ashby et al., 2001) proposed a computational
model called the striatal pattern classifier (SPC) that follows from
COVIS. The SPC assumes that stimuli are represented in a high-
resolution perceptual space within IT. In the case of the stimuli in
our previous study (Filoteo et al., 2005), the length and orientation
of the single lines are represented in this perceptual space. This
information is then projected to a low-resolution perceptual space
contained within the striatum. This proposed projection from IT to
the striatum is based on the known many-to-one convergence of
cells in IT onto single cells (or units) in the striatum (Wilson,
1995). Through the learning process, these units become associ-
ated with a particular category response (or label) such that a unit
can represent part of the perceptual space. An important charac-
teristic of the SPC model is that different numbers of striatal units
may be needed to represent different categorization rules. For a
linear rule, such as the one shown in Figure 1A, two units could be
used to represent the rule. This is depicted graphically in Figure
2A, in which the optimal rule separating the two categories is
represented by a black line, the striatal unit representing Category
A is depicted by the black circle, and the striatal unit representing

Category B is depicted by the gray circle. Given the linearity of the
optimal rule that separates Category A and Category B, two units
can represent the rule quite accurately. This representation is
depicted by the gray line in Figure 2A. For the nonlinear rule,
however, two units would not adequately represent the optimal
rule, such as depicted in Figure 2B. To provide a better approxi-
mation of the nonlinear rule, additional units are required, such as
that depicted in Figure 2C. Note that in this latter figure two units
are now associated with Category A whereas one unit is associated
with Category B. As seen in Figure 2C, the proper placement of
these units (which occurs during the learning process) results in a
piecewise approximation of the nonlinear rule, which could also be
improved if even more units were added. Given the proposed
architecture of the SPC model, and the possibility that more striatal
units are needed to represent nonlinear rules as compared with
linear rules, it follows that the learning of nonlinear rules might be
more vulnerable to the striatal dysfunction that occurs in PD.

One proposed mechanism for cognitive decline in PD is greater
loss of dopamine cells within the medial aspects of the substantia
nigra pars compacta (Bosboom, Stoffers, & Wolters, 2004; Paulus
& Jellinger, 1991; Rinne, Rummukainen, Paljarvi, & Rinne, 1989).
In primates, these cells preferentially project to the caudate nucleus
and the limbic system (including the anterior cingulate), whereas
cells in the lateral aspects of the SNpc project primarily to the
putamen (Szabo, 1980). It appears that the lateral portion of the
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Figure 2. Graphical example of striatal pattern classifier modeling ap-
proach when (A) one unit per category is applied to a linear category
learning task, (B) one unit per category is applied to a nonlinear task, and
(C) two units for one category and one unit for the other category are
applied to a nonlinear task. Dashed lines and curves represent the optimal
rule, whereas the solid line and curves represent the partition between
categories provided by the units. Note with the use of additional units for
the nonlinear condition (Panels B–C), the optimal quadratic bound (repre-
sented as the dashed curve) is approximated by piecewise linear bounds. In
all cases, black dots represent Category A units and gray dots represent
Category B units
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SNpc are primarily affected early in the course of PD, but as the
disease progresses more medial portions of the SNpc become
involved (Damier et al., 1999; Fearnley & Lees, 1991; Gibb, 1991;
Rinne et al., 1989). This pattern of neuropathological progression
is consistent with the clinical observation that motor functions are
affected first in PD and that cognitive functions are impacted later.
Thus, the degree of impairment in processes (such as nonlinear
category learning) that are potentially more sensitive to the overall
integrity of the dopamine system and to the areas to which this
system projects might herald the loss of dopamine in other systems
that might be involved in other aspects of cognition.

Because of this possibility, we wanted to determine whether
performance on the nonlinear or linear category learning tasks
might predict future cognitive decline in PD. To this end, we
examined whether performance in either the nonlinear rule or
linear rule conditions of the category learning task could predict
subsequent cognitive decline as measured by the Mattis Dementia
Rating Scale (MDRS; Mattis, 1988). In addition, we also examined
the association between performance on the WCST and change on
the MDRS in light of previous findings that measures of executive
functioning predicted future cognitive decline in patients with PD
and that this relationship, it is assumed, is based on early frontal–
striatal dysfunction in these patients.

Method

Participants

Twenty patients with PD participated in our original study
(Filoteo et al., 2005). Of these patients, 17 (10 male and 7 female)
participated in subsequent testing more than a year later, at which
time the MDRS was readministered. The PD patients were re-
cruited from the Movement Disorders Clinics at UCSD and were
diagnosed with PD by a board-certified neurologist with subspe-
cialty training in movement disorders. Diagnosis was based on the
presence of two of the following symptoms: (a) resting tremor, (b)
rigidity, or (c) bradykinesia. Patients with atypical findings or
secondary causes of PD were excluded. At the time of their first
participation in the study (first evaluation), the patients had been
diagnosed for an average of 10.9 (SD � 8.8) years. With Hoehn
and Yahr’s rating scale (Hoehn & Yahr, 1967), the mean motor
impairment rating for the group was 1.7 (SD � .79). The mean age
of the patients at their first evaluation was 66.4 (SD � 6.6), and
their mean years of education was 16.3 years (SD � 1.6). All
patients were taking some form of dopaminergic medication at
both the first and second evaluations.

Category Learning Task

The details of the category learning tasks are described in
Filoteo et al. (2005). Briefly, participants were administered two
tasks in which they were shown single lines and asked to catego-
rize the lines into one of two categories (Category A and Category
B). The length and orientation of the line varied from trial to trial.
In the nonlinear condition, category membership was determined
by a nonlinear relationship between the length and orientation of
the line. In the linear condition, category membership was deter-
mined by a linear relationship between the length and orientation
of the line. Figure 1A depicts the relationship between the stimulus
attributes in the linear condition, and Figure 1B depicts the rela-

tionship between the stimulus attributes in the nonlinear condition.
For both Figure 1A and 1B, each point represents a single stimu-
lus, with unfilled circles denoting Category A stimuli and filled
circles denoting Category B stimuli. The x-axis represents the
length of the line and the y-axis represents the orientation of the
line. The solid line in Figure 1A represents the experimenter-
defined (optimal) linear categorization rule, and the solid quadratic
curve in Figure 1B denotes the experimenter-defined nonlinear
categorization rule. An ideal observer would use these optimal
categorization rules when performing this task. In each condition,
six blocks of 100 trials (50 lines from each of the two categories)
were presented. The percentage of stimuli accurately categorized
in each block was recorded.

General Procedures

At the time of their first evaluation, patients were tested with the
MDRS, the WCST, and either the linear or nonlinear condition of
the category learning task. Patients were tested with the second
condition of the category learning task (either linear or nonlinear)
approximately 2 days later. The order of the administration of the
two category learning conditions was counterbalanced across par-
ticipants. Following an average period of 579.4 days (SD � 271.9
days; range � 104 days to 1,078 days), patients returned to our
laboratory to participate in a new, unrelated set of experiments,
and at this follow-up evaluation they were retested with the
MDRS.1 The mean MDRS scores of the 17 PD patients at the
initial and follow-up evaluations as well as the average difference
between these scores (MDRS change) are shown in Table 1.
Table 1 also shows the percentage of correct responses in the final
block for the linear and nonlinear category learning conditions as
well as the mean number of perseverative errors produced on the
WCST. We chose this variable from the WCST because previous
studies have shown it to be sensitive to future dementia in patients
with PD (Woods & Troster, 2003).

Results

The total MDRS scores of the PD patients declined an average
of 4.9 points over an average of 1.6 years. This change from the
first to the follow-up evaluation is statistically significant,
t(16) � 3.40, p � .01, but represents a rather small average amount
of decline. There was, however, considerable variability in the
amount of change on the MDRS exhibited by the patients, with
change scores ranging from an improvement of 3 points to a
decline of as much as 15 points. As the lefthand column of Table
2 shows, there were no significant correlations between initial
MDRS scores and final-block (Block 6) accuracy on the linear or
nonlinear category learning task, or perseverative errors on the
WCST, or age, education, or length of illness.

To examine whether performances on the two category learning
tasks or the WCST were predictive of subsequent cognitive de-

1 An initial analysis was carried out to examine whether the length of
time between MDRS administrations was associated with any of the
variables used in the analyses (i.e., MDRS change score, category learning
performance, or WCST performance). We found no association between
these variables and time between evaluations. As such, we do not consider
this variable in any subsequent analyses.
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cline, we calculated the correlation between patients’ MDRS
change scores and their final-block accuracy on the linear and
nonlinear category learning tasks as well as the number of perse-
verative errors they produced on the WCST. As shown in the
righthand column of Table 2, lower accuracy scores on the final
block of trials on the nonlinear condition of the category learning
task was associated with greater decline on the MDRS (r � –.78,
p � .001). A scatterplot showing this relationship is displayed in
Figure 3. In contrast, performances on the linear condition of the
category learning task and the number of perseverative errors on
the WCST were not associated with change on the MDRS, al-
though there was a trend for the WCST measure (r � .42, p � .10).
It is important to note that initial MDRS scores were not associated
with subsequent decline on the MDRS (r � .09, p � .73). It should
also be noted that perseverative errors on the WCST were not
significantly correlated with nonlinear final-block accuracy (r �
–.24, p � .35) nor with linear final-block accuracy (r � .18, p �
.50). Age, education, and length of illness were not associated with
change on the MDRS.

Although nonlinear category learning performance, but not
WCST performance, was associated with decline on the MDRS, a
comparison of the absolute correlation coefficients between per-
severative errors on the WCST and MDRS decline (r � .42) and
final-block nonlinear category learning and MDRS decline (r �
.78) was not significant ( p � .11), although there was certainly a
trend for the latter coefficient to be significantly greater. To pro-

vide a direct comparison between the predictive values of these
two variables, we next conducted two hierarchical regression anal-
yses with MDRS change score as the dependent variable and
nonlinear final-block accuracy and number of perseverative errors
on the WCST as the predictor variables. In the first analysis,
perseverative errors on the WCST were entered prior to nonlinear
final-block accuracy. In the second analysis, nonlinear final-block
accuracy was entered prior to perseverative errors on the WCST.
These two regressions enabled us to determine whether the inclu-
sion of one of the predictor variables following the inclusion of the
first provided a significant improvement in predicting decline on
the MDRS. For the first regression with perseverative errors on the
WCST entered on the first step, the regression was not significant
(R2 � .18), Finc(1, 15) � 3.3, p � .09. However, when nonlinear
final-block accuracy was included in the next step, the regression
was significant (R2 � .67), Finc (1, 14) � 20.3, p � .001, indi-
cating that the addition of nonlinear final-block accuracy signifi-
cantly improved the ability to predict MDRS decline. For the
second regression, nonlinear final-block accuracy entered on the
first step, and the regression was significant (R2 � .61), Finc(1,
15) � 23.3, p � .001; however, the addition of perseverative errors
on the WCST in the next step did not significantly improve the
ability to predict MDRS decline (R2 � .67), Finc (2, 14) � 2.4, p �
.15. Thus, perseverative errors on the WCST did not significantly
improve the ability to predict MDRS change above and beyond the
amount accounted for by nonlinear final-block accuracy alone.
Taken together, these results suggest that nonlinear final-block
accuracy provides a unique and better predictor of decline on the
MDRS than do perseverative errors on the WCST.

Discussion

The purpose of the present study was to determine whether
performance on an implicit category learning task could predict
rate of decline in overall cognitive status in a group of nonde-
mented patients with PD. The results showed that accuracy in the

Table 1
Participant’s Scores on the Mattis Dementia Rating Scale
(MDRS), Nonlinear and Linear Category Learning Tasks,
and Perseverative Errors on the Wisconsin Card Sorting
Test (WCST)

Measure M SD Range

MDRS total, Time 1 139.1 3.2 132–143
MDRS total, follow-up 134.2 6.5 124–143
MDRS change 4.9 5.9 �3–15
Nonlinear final-block 64.6% 14.1 40%–90%
Linear final-block 67.3% 13.7 40%–94%
WCST perseverative errors 18.9 15.6 2–55

Note. Participants were 17 patients with Parkinson’s disease.

Table 2
Pearson Correlations Between Mattis Dementia Rating Scale
(MDRS) Scores and Performances on the Nonlinear and Linear
Category Learning Tasks, the Wisconsin Card Sorting Test
(WCST), and Demographic Variables at First Evaluation

Measure MDRS Time 1 MDRS change

Nonlinear final-block �0.14 �0.78**

Linear final-block �0.22 �0.10
WCST perseverative errors 0.24 0.42
Age 0.00 �0.02
Education �0.14 �0.26
Length of illness �0.40 0.28

Note. MDRS Time 1 � MDRS scores at first evaluation; MDRS
change � changes in MDRS scores at second evaluation.
** p � .01.
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Figure 3. Correlation between Mattis Dementia Rating Scale (MDRS)
change scores (positive values equal greater decline) and overall accuracy
in the final block of the nonlinear condition.
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final block of the nonlinear condition predicted the extent of
decline that occurred on the MDRS over an average of 1.6 subse-
quent years. In fact, the correlation between nonlinear final-block
accuracy accounted for 60.8% of the variability in decline on the
MDRS. In contrast, linear category learning and perseverative
errors on the WCST did not predict subsequent decline on the
MDRS, although there was a trend for the latter measure to do so.
Hierarchical regression analyses indicated that performance in the
final block of the nonlinear category learning task provided a good
prediction of decline on the MDRS even after perseverative errors
on the WCST had been entered into the analysis, whereas perse-
verative errors on the WCST did not help predict MDRS decline
after nonlinear final-block accuracy had been entered into the
analysis. These results suggest that the best predictor of future
cognitive decline in our sample of PD patients was the final block
of accuracy in the nonlinear condition.

It is important to note that in our previous study (Filoteo et al.,
2005), healthy control participants were significantly less accurate
in learning the linear task (final-block accuracy � 71%) as com-
pared with the nonlinear task (final-block accuracy � 79%). This
previous finding suggests that the predictive value of the nonlinear
task in the present study is not due simply to the nonlinear task
being more difficult than the linear task. It should also be noted
that performance on the nonlinear condition of the category learn-
ing task predicted future MDRS decline even though the PD
patients were not demented at the time of initial testing and had
only modest subsequent cognitive decline. Thus, difficulty with
implicit category learning, at least under some conditions, is sen-
sitive enough to predict even mild changes in global cognition over
a relatively brief period of time in nondemented patients with PD.

The most important question raised by our findings is why
nonlinear category learning is better at predicting cognitive decline
in patients with PD than learning on either the linear category
learning task or the WCST. We previously argued that PD pa-
tients’ impaired performance on the nonlinear category learning
task was associated with posterior caudate dysfunction (Filoteo et
al., 2005) and that nonlinear category learning might place more of
an emphasis on this brain region than linear category learning
might. This argument was based on computational analyses con-
ducted by Ashby and colleagues (Ashby & Waldron, 1999; Ashby
et al., 2001) in young healthy individuals that suggested a greater
number of striatal units might be needed to represent nonlinear
rules as compared with those needed to represent linear rules (see
also Figure 2A–2C). If this is the case, then the present results
suggest that dysfunction of the posterior caudate might actually be
associated with the initial stages of cognitive decline in patients
with PD. This association could be related to loss of medial cells
in the SNpc, a region that projects to all aspects of the caudate as
well as having an influence on other regions that connect to limbic
structures.

In contrast to this view, most researchers attribute initial cog-
nitive decline and the eventual development of dementia in PD to
the involvement of frontal–striatal circuitry encompassing dorso-
lateral prefrontal cortex and anterior regions (i.e., head) of the
caudate (Bosboom et al., 2004; Firbank, Burn, McKeith, &
O’Brien, 2005; Ito et al., 2002; Nagano-Saito et al., 2005; Pillon et
al., 2003). To our knowledge, none of these investigators have
suggested that posterior caudate dysfunction contributes to cogni-
tive decline in PD. However, these assertions could be based on

the fact that studies examining cognitive decline in PD have relied
primarily on measures that are insensitive to the integrity of the
posterior caudate nucleus. The present results suggest that cogni-
tive measures dependent on posterior caudate may be even more
sensitive to very mild cognitive decline in PD than traditional
cognitive measures that engage frontal–striatal circuitry, leaving in
question the neuropathological basis of early cognitive changes in
patients with PD.

Although the present findings suggest that posterior caudate
dysfunction might represent the bases of early cognitive decline in
patients with PD, an alternative account might also be offered.
Specifically, it could be the case that dysfunction in the anterior
and posterior regions of the caudate represents distinct patholog-
ical changes that underlie early cognitive decline in PD. Indeed,
we found that nonlinear final-block accuracy and perseverative
errors on the WCST were not significantly associated, suggesting
that these two indices measure different cognitive processes. To
examine this issue further, we examined the relationship between
decline on the MDRS and nonlinear final-block accuracy while
controlling for perseverative errors on the WCST by using partial
correlations.2 The partial correlation between MDRS change and
nonlinear final-block accuracy, while partialling out the impact of
perseverative errors on the WCST, was significant ( pr � –.77, p �
.001) and was very similar to the simple correlation we observed
between MDRS change and nonlinear final-block accuracy (r �
–0.78). Thus, the association between nonlinear category learning
and decline on the MDRS was not impacted by the nearly signif-
icant relationship between MDRS decline and WCST perseverate
errors, suggesting that these two measures are independently as-
sociated with overall cognitive decline in PD. This might then
suggest that anterior and posterior changes in the caudate contrib-
ute uniquely to early cognitive decline in PD. This independent
contribution might be associated with the general loss of dopamine
that is projected to all regions of the caudate from the medial
aspects of the SNpc, a brain region that has been associated with
dementia in PD (Bosboom et al., 2004; Paulus & Jellinger, 1991;
Rinne et al., 1989). As such, it may be the case that as these
subregions of the caudate become more and more dopamine de-
pleted in PD, cognitive changes are likely to be seen across a
number of different domains, which would account for the pattern
of associations we observed in the present study.

At this point it is unknown whether the results reported here
would generalize to other category learning tasks that have been
examined in nondemented patients with PD. As was the case in the
present study, it might be that only those category learning tasks on
which PD patients are impaired might be good predictors of future
cognitive decline. For example, PD patients are normal in artificial
grammar learning and dot pattern learning (Reber & Squire, 1999;
Witt, Nuhsman, & Deuschl, 2002b), tasks that are thought to rely
more on perceptual priming processes within visual cortical re-
gions (Ashby & Ell, 2001; Keri, 2003; Reber, Stark, & Squire,
1998). As such, these tasks may not be good predictors of future
cognitive decline in PD. In contrast, PD patients have been shown

2 In essence, the partial correlation is similar to the hierarchical regres-
sion analyses we conducted above. However, we chose to present the
partial correlation here because it provided a better illustration of the point
we are making.
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to be impaired on probabilistic learning tasks (Knowlton et al.,
1996; Shohamy et al., 2004; Witt, Nuhsman, & Deuschl, 2002a;
but also see Perretta, Pari, & Beninger, 2005; Price, 2005), sug-
gesting that performance on such tasks might be good predictors of
future cognitive decline. Indeed, functional imaging studies with
healthy individuals have suggested that midbrain dopamine sys-
tems are involved in probabilistic category learning (Aron et al.,
2004). However, this task has also consistently been associated
with the activation of the anterior caudate in functional imaging
studies with normal participants, and the posterior caudate has not
been implicated in the performance of this task (Poldrack et al.,
2001; Poldrack, Prabhakaran, Seger, & Gabrieli, 1999). In fact, a
recent functional imaging study by Moody, Bookheimer, Vanek,
and Knowlton (2004) found that performing a probabilistic cate-
gory learning task activated the anterior caudate less in patients
with PD than in control participants, suggesting that this task might
be more sensitive to the integrity of the anterior caudate. Thus, it
is possible that performance on probabilistic category learning
tasks might be associated with a different aspect of cognitive
decline than that associated with performance on nonlinear cate-
gory learning, much in the same way as the WCST. This possi-
bility is supported by previous studies that have shown an associ-
ation between WCST performance and probabilistic category
learning in patients with PD (Knowlton et al., 1996; Price, 2005)
and raises the interesting possibility that nonlinear category learn-
ing, probabilistic category learning, and WCST performance rely
on different aspects of the caudate—the posterior caudate being
primarily involved in nonlinear category learning and the anterior
caudate being primarily involved in probabilistic category learning
and WCST performance. These different patterns of neuroana-
tomical correlates might also have an impact on how performances
on these tasks are differentially associated with future global
cognitive decline in PD.

The results from the present study can also be considered in the
context of other theories of striatal functioning and the role of
these structures in category learning. For example, Frank and
colleagues (Frank, 2005; Frank, Seeberger, & O’Reilly, 2004)
have suggested that reinforcement-based learning, which is re-
quired under many implicit category learning conditions, is depen-
dent on dopamine signals that modulate striatal-dependent selec-
tion and inhibition of motor responses represented at the level of
the cortex. In particular, a dopamine burst following positive
feedback (indicating a correct response) is believed to lead to
increased activity in the “direct” striatal pathway, which consists
of the connection between the striatum and the internal segment of
the globus pallidus/substantia nigra pars reticulata. This direct
pathway is said to be involved in learning a “go” signal that allows
the execution of a response that has been associated with being
correct. In contrast, a decrease (or dip) in dopamine levels follow-
ing negative feedback (indicating an incorrect response) is thought
to impact the “indirect” striatal pathway, which consists of the
connections between the striatum and the external segment of the
globus pallidus and the internal segment of the globus pallidus/
substantia nigra pars reticulata. This indirect pathway is said to be
involved in learning a “no-go” signal that allows for the inhibition
of a response that has been associated with being incorrect. The
direct and indirect striatal pathways consist of different dopamine
receptors, with activity in the direct pathway modulated primarily
by D1 receptors and activity in the indirect pathway modulated

primarily by D2 receptors. The implicit learning of categories that
relies on trial-by-trial feedback (such as the tasks in the current
study) is thought to occur via the activity of the direct and indirect
pathways. Pathological changes in dopamine levels, such as those
seen in patients with PD, impair the ability of these two pathways
to acquire the correct response in the presence of a particular
stimulus during trial-by-trial feedback learning. In fact, one pre-
diction of this model is that medicated PD patients (such as those
in our current study) should be impaired in learning when error
feedback is emphasized and unimpaired in learning when correct
feedback is emphasized, the basis of such a pattern of impairment
being that the medication increases tonic levels of dopamine that
mitigate the decrease (or dip) in dopamine levels following a
response with an error feedback (i.e., an incorrect response).
Support for this prediction has been provided by a recent study
with medicated PD patients (Frank et al., 2004). It is important to
note that the explanation as to the PD patients’ deficits is not
necessarily attributed directly to PD pathology but rather to the
treatment of the disease (i.e., dopaminergic medication).

Given this model put forward by Frank et al. (2004), we should
anticipate that medicated PD patients would be impaired on any
implicit learning task that emphasizes trial-by-trial feedback learn-
ing, as long as error feedback is needed for learning. Thus, this
model would predict that our medicated PD patients would be
impaired in learning both the nonlinear and linear tasks (because
both require error feedback for learning), which was not the case
in our original study (Filoteo et al., 2005) or in other studies with
medicated PD patients in which we found normal implicit linear
learning (Ashby, Noble, et al., 2003) or impaired implicit nonlin-
ear learning (Maddox & Filoteo, 2001). Thus, the model of Frank
and colleagues may not directly account for the nonlinear/linear
distinction we have observed previously or for the differential
sensitivity of nonlinear category learning in predicting future cog-
nitive decline observed in the current study. Nonetheless, it still
may be the case that the pattern of deficits observed by Frank et al.
in medicated PD patients could also help predict future cognitive
decline in PD, albeit for different reasons than those explained by
the SPC model described earlier. Specifically, as noted above,
these researchers attributed impaired learning in medicated PD
patients under error feedback conditions to the medication disal-
lowing the decrease in dopamine levels that is needed for no-go
learning within the indirect pathway. It could be the case that there
is a relationship between impaired error feedback learning, PD
symptom severity, the amount of medication needed to treat pa-
tients who are more severely impaired, and the propensity for PD
patients who are more motorically impaired to experience a more
precipitous decline in cognition. Specifically, there is a well-
known relationship between greater motor impairment in PD and
a more rapid rate of cognitive decline (Aarsland et al., 2004). It is
typically the case in the treatment of PD that as motor symptoms
become greater when the disease progresses, there are prescribed
increases in the level of dopamine medications. Thus, patients with
more severe motor symptoms (who would more likely experience
cognitive decline) have greater tonic levels of dopamine in their
system, and because of this, they may be less likely to demonstrate
learning from negative feedback than those patients with lower
tonic levels of dopamine (i.e., less motorically impaired patients
who require less medication). As such, the possible relationship
between negative feedback learning deficits and future cognitive
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decline is indirect, is more a consequence of the amount of
medication needed for optimal treatment, and is not necessarily
directly due to PD pathology. Of course, such a prediction is only
speculation at this point, and it is important for future research to
determine whether such a relationship between impaired negative
feedback learning and future cognitive decline exists.

There are several limitations to the present results. First, as
noted above, the sample size is relatively small, and this may have
contributed to the failure to observe a significant relationship
between WCST performance and subsequent decline on the
MDRS. It should be noted, however, that there was enough power
with this sample to observe a significant relationship between
category learning and MDRS decline. Second, the MDRS is a brief
dementia screening instrument that may not be the most effective
measure of cognitive decline in PD. The relationship between
visual category learning and other measures of disease progression
such as changes in specific cognitive abilities or functional capac-
ity should be examined. Third, the WCST was our only measure of
executive function, whereas other studies used additional measures
such as the Stroop test or tests of verbal fluency. It is possible that
these other executive function measures are more sensitive than
the WCST for predicting which PD patients will eventually expe-
rience cognitive decline or dementia. Finally, the present study
examined the relationship between category learning and cognitive
change across a very small spectrum of severity of cognitive
impairment. It may be the case that category learning is only
sensitive to very mild cognitive change and not predictive of the
development of a frank dementia syndrome in patients with PD.

In conclusion, the current results suggest that implicit category
learning is a highly sensitive predictor of cognitive decline in
nondemented patients with PD. This finding points out the poten-
tial of experimental measures to have clinically meaningful appli-
cations for the detection and anticipation of early and subtle
cognitive decline in nondemented patients with PD. We hope that
our findings will encourage the examination of other potentially
sensitive experimental measures of cognition as predictors of
subsequent global cognitive decline in PD.
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