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Preferential encoding of visual categories in parietal
cortex compared with prefrontal cortex

Sruthi K Swaminathan & David ] Freedman

The ability to recognize the behavioral relevance, or category membership, of sensory stimuli is critical for interpreting the
meaning of events in our environment. Neurophysiological studies of visual categorization have found categorical representations
of stimuli in prefrontal cortex (PFC), an area that is closely associated with cognitive and executive functions. Recent studies
have also identified neuronal category signals in parietal areas that are typically associated with visual-spatial processing. It has
been proposed that category-related signals in parietal cortex and other visual areas may result from ‘top-down’ feedback from
PFC. We directly compared neuronal activity in the lateral intraparietal (LIP) area and PFC in monkeys performing a visual motion
categorization task. We found that LIP showed stronger, more reliable and shorter latency category signals than PFC. These
findings suggest that LIP is strongly involved in visual categorization and argue against the idea that parietal category signals

arise as a result of feedback from PFC during this task.

The ability to make binary categorical decisions about continuously
varying sensory stimuli, such as whether a piece of fruit is ripe or
unripe, or whether a baseball pitch is a ball or a strike, is critical for
selecting appropriate behavioral responses and is observed in a wide
range of animals, including insects!, birds?, non-human primates®->
and humans®. Neurophysiological studies have identified neuronal
representations that reflect the category membership of stimuli>”-8
or abstract encoding of task rules’ in the PFC, an area that is closely
associated with higher cognitive and executive functions. Neuronal
category!'®!! and rule signals'? have also been observed in posterior
parietal areas most often associated with visual-spatial processing
related to attention and saccadic eye movements. In a recent study,
monkeys were trained to group 360° of motion directions into two
180°-wide categories. After training, activity in LIP showed strong
category encoding: neuronal responses were very similar for stimuli
in the same category and differed sharply between stimuli in opposite
categories. In contrast, neurons in the middle temporal (MT) area,
an important motion processing area!3 that provides input to LIP!4,
were strongly direction selective, but their activity did not reflect the
learned categories.

How are feature representations in early visual areas transformed
into abstract and experience-dependent representations such as those
observed in LIP and PFC? It has been proposed that decisions about
the category membership or abstract relevance of stimuli may be gen-
erated in PFC and that PFC could be a source for such representations
observed in earlier visual areas”>!>!>-17, including LIP and inferior
temporal cortex. Alternatively, category signals could be generated in
brain areas, such as LIP, that are more closely connected with earlier
sensory processing areas'4.

We directly compared the activity of LIP and PFC neurons in two
monkeys trained to perform a visual category-matching task in which
a set of continuously varying motion directions were divided into two

categories by a learned category boundary. We found that, although
both areas showed a clear and significant encoding of the learned
categories, category effects in LIP were stronger, more reliable and
appeared with a shorter latency than those in PFC. Furthermore,
LIP showed a closer coupling with the monkeys’ trial-by-trial deci-
sions about the category of ‘ambiguous’ stimuli with directions on the
category boundary. Together, these results suggest that LIP category
signals are unlikely to originate in PFC during this task and that
parietal cortex is highly involved in visual categorization and
category-based decision making.

RESULTS
Delayed match-to-category task
We trained two monkeys to group 360° of motion directions into
two categories defined by a learned category boundary!? (Fig. 1a).
During neurophysiological recordings, six evenly spaced (60° between
directions) motion directions were used as sample and test stimuli,
as well as two directions that were on the category boundary and had
ambiguous category membership (Fig. 1a). Monkeys performed a
delayed match-to-category (DMC) task (Fig. 1b) in which a sample
stimulus (650 ms) was followed by a memory delay (1,000 ms) and a test
stimulus (650 ms). The monkeys had to release a manual touch bar if
the test was a category match to the sample. If the test was a non-match
(on 50% of trials), it was followed by an additional delay (150 ms) and
a second test stimulus (650 ms) that was always a category match to
the sample and required a lever release. Some of the advantages of this
task are that the monkeys’ motor responses indicated ‘match’ and were
not rigidly associated with either category, and the responses could not
be planned until the appearance of the test stimulus.

During recordings, the monkeys correctly categorized each of the
six directions of sample stimuli with greater than 90% accuracy and
performed at chance (50%) for the two directions that were on the
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Figure 1 DMC task. (a) Monkeys grouped six motion directions into

two categories (corresponding to the red and blue arrows) separated by
a learned category boundary. Two additional directions were shown as
sample stimuli that were on the category boundary and had ambiguous
category membership (the two dashed yellow arrows). (b) Monkeys
performed a DMC task and had to indicate (by releasing a lever) whether
sample and test stimuli were in the same category. RF indicates the
position of a neuron’s receptive field. (c,d) The monkeys’ average
categorization performance (proportion of directions classified as
category 1) during LIP (c) and PFC (d) recordings is shown as a function
of distance from the category boundary. Error bars indicate s.e.m.

category boundary (Fig. 1¢,d). The monkeys’ accuracies and reaction
times were very similar for the two categories and during LIP and PFC
recordings sessions (Table 1 and Fig. 1¢,d). We conducted LIP and
PFC recordings after the monkeys were fully trained and interleaved
recording sessions from the two areas (see Supplementary Note).
Thus, any differences between LIP and PFC activity are unlikely to
be related to differences in behavioral performance or the amount
of training.

Comparing neuronal category selectivity in LIP and PFC

We recorded from 76 LIP (monkey B, n = 32; monkey J, n = 44) and
447 PFC (monkey B, n = 205; monkey J, n = 242) neurons during DMC
task performance (see also Supplementary Fig. 1). Many neurons
showed activity that reflected the learned categories in both LIP
(number of category selective neurons: sample, n = 44 of 76; delay,
n =50 of 76; test, n = 42 of 76) and PFC (sample, n = 90 of 447; delay,
n = 89 of 447; test, n = 84 of 447) according to an unpaired t test
(P < 0.01) that compared activity to the two categories, and the
fraction of selective neurons was greater in LIP than PFC in all three
of the task epochs ()2 test, P < 0.0001 in all epochs). Many neurons
in both areas showed binary-like category selectivity in that they
responded strongly and uniformly to the three directions in their
preferred category and had uniformly weaker responses to directions
in the nonpreferred category (Fig. 2).

The strength and reliability of neuronal category encoding were
quantified using two complementary techniques. The first was a
receiver-operating characteristic (ROC)-based analysis that, for each
neuron, measured the degree of overlap in neuronal responses to the
two categories across all trials (see Online Methods). ROC values
could vary from 1.0 (very strong selectivity) to 0.5 (no selectivity)
and indicate the reliability with which an ideal observer could read
out category information given a neurons firing rate on a single trial.
Average fixation period ROC values greater than 0.5 are expected
because raw ROC values (which can vary from 0.0 to 1.0) are rectified
about 0.5, and this does not indicate any neuronal bias or anticipatory
category signals (see Online Methods). The second technique was a
category-tuning index (CTI) that tested the influence of the category
boundary on average neuronal firing rates (averaged across trials for
each direction) by computing the difference in firing rates between

Table 1 Behavioral performance of each monkey during LIP and
PFC recordings

Monkey B Monkey J
Accuracy LIP (% correct) 93+5 96+ 4
Accuracy PFC (% correct) 92+4 97+3
Reaction time LIP 237 £31 ms 287 42 ms
Reaction time PFC 225+ 30 ms 281 +44 ms

Accuracy does not include on-boundary directions and excludes fixation breaks.
Reaction times are shown for correct trials in which test stimulus #1 was a category
match. Values are mean + s.d.
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(see Online Methods). The CTT can vary from 1.0 (strong category
selectivity) to —1.0 (no activity difference between categories and a
large difference within categories) and indicates the difference in
firing rate between versus within categories, but does not measure the
reliability of neuronal category effects.

Because a different proportion of neurons in LIP and PFC were
category selective, we focused the analysis on neuronal populations
in each area that were selected by a common criterion: neurons that
differentiated among the six sample directions during the sample,
delay and/or test epochs according to one-way analysis of variance
(ANOVA comparing responses to the six directions) at P < 0.01 (see
Table 2). ROC and CTI values were significantly greater in all three
task epochs compared with the same neurons during the fixation
epoch in LIP (paired ¢ test, P < 0.0005 in all three epochs; Fig. 3) and
PFC (paired t test, P < 1077 in all three epochs; Fig. 3). Furthermore,
category selectivity was significantly stronger in LIP than in PFC
during all three task epochs, as determined by ROC analysis (LIP
versus PFC Wilcoxon rank sum test, sample, P = 0.005; delay, P = 0.018;
test, P = 0.002; Fig. 3a and Supplementary Fig. 2). This suggests that
the strength of category encoding, in terms of the ability to read out
the sample category from neuronal activity on a trial-by-trial basis, is
significantly stronger in LIP than in PFC. The CTT also revealed signi-
ficantly stronger category selectivity in LIP than in PFC during the test
epoch (rank sum test, P = 0.003; Fig. 3b and Supplementary Fig. 3)
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and a nonsignificant trend toward stronger selectivity in LIP than in
PFC during the sample (rank sum test, P = 0.296) and delay (rank
sum test, P = 0.124).

Comparing the timing of category signals in LIP and PFC

We examined the time course of category selectivity in each brain
area using ‘sliding’ versions of the ROC and CTI (see Online
Methods) applied to the neural populations that were direc-
tion selective (one-way ANOVA across the six sample directions,
P <0.01) in the sample, delay and/or test epochs (LIP, n = 67 of 76; PFC,
n =155 of 447). Notably, both selectivity measures revealed that cat-
egory selectivity appeared with a shorter latency in LIP than PFC
following the onset of the sample stimulus (Fig. 4). We quantified
the latency of category selectivity for each LIP and PFC neuron by
evaluating the time at which the ROC or CTI crossed an arbitrary
threshold (3.0 s.d. above the mean value during the fixation epoch
for two consecutive time bins) in the early sample period (the ini-
tial 500 ms of sample presentation, see Online Methods). Across
all neurons for which a latency was defined (that is, the selectivity
threshold was crossed at some point during the early sample period),

Table 2 Incidence of direction selectivity and category selectivity
in PFC and LIP

Sample Delay Test Any epoch
LIP (n=76)
Direction selective (one-way 54 (71%) 50 (66%) 33 (43%) 67 (88%)
ANOVA across six directions)
Category selective (t test, 44 (58%) 50 (66%) 42 (55%) 66 (87%)
category 1 versus category 2)
PFC (n=447)
Direction selective (one-way 87 (19%) 84 (19%) 65 (15%) 155 (35%)
ANOVA across six directions)
Category selective (t test, 90 (20%) 89 (20%) 84 (19%) 174 (39%)

category 1 versus category 2)

The values above indicate the number (or percentage) of neurons significant at P< 0.01.
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Figure 2 Examples of category-selective LIP and PFC neurons. (a—f) The
responses of three LIP (a-c) and three PFC (d-f) neurons are shown.

The red and blue traces indicate the three directions in category 1 and
category 2, respectively. The pale red and blue traces represent directions
closer to the category boundary, and the dark traces represent directions
in the center of each category. Each neuron showed a tendency for strong
selectivity for sample category during the sample, delay and/or test
epochs. Data is shown only for correct trials.

category selectivity emerged significantly earlier in LIP (ROC, mean
=112 ms; CTI, mean = 153 ms) than in PFC (ROC, mean = 185 ms;
CTL mean = 226 ms) according to a Wilcoxon rank sum test (ROC,
P =0.00001; CTI, P = 0.002; Fig. 4).

One concern is that the observed latency difference between LIP and
PFC could be related to differences in the strength of category selectiv-
ity or firing rates between the two areas (see Supplementary Fig. 4).
For example, neurons with higher firing rates or stronger selectivity
might have shorter latency effects. However, this seemed unlikely in our
experiments, as neurons with weak selectivity or low firing rates some-
times showed short-latency selectivity, and vice versa (Fig. 4e-h and
Supplementary Fig. 5). To examine this issue directly, we employed a
general linear model to conduct an analysis of covariance (ANCOVA).
This approach allows the statistical significance of an effect of interest
(for example, the difference in latency between LIP and PFC) to be
determined while accounting for the variance from multiple co-varying
factors (for example, strength of category selectivity and firing rate of
each neuron). We applied the ANCOVA separately to both the ROC
and CTI latency results (that is, the same results and neuronal popu-
lations shown in Fig. 4b,d) and found that in both cases there was a
significant main effect of brain area (ANCOVA with latency as the
dependent variable and selectivity strength and firing rate as covariates,
LIP versus PFC, ROC, P = 0.0039; CTIL, P = 0.0052), indicating that the
difference in latency between LIP and PFC is very unlikely to be related
to differences in firing rate or selectivity strength. We obtained similar
results using a different analysis approach in which we compared the
latencies of neuronal subpopulations with equal firing rates or strengths
of selectivity (see Supplementary Fig. 6 and Supplementary Note).
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Figure 3 Strength of category selectivity across LIP and PFC populations.
(a,b) The strength of category selectivity was measured using ROC (a) and
CTI (b) analyses. ROC values for individual neurons could vary from 0.5
to 1.0. Average fixation period ROC values greater than 0.5 are expected
because raw ROC values (which can vary from 0.0 to 1.0) are rectified
about 0.5, and this does not indicate any neuronal bias or anticipatory
category signals (see Online Methods). CTI values could vary from —1.0 to
1.0. For both measures, greater positive values indicate stronger category
selectivity and mean values are shown for LIP (dark gray) and PFC (light
gray) across all direction-selective (according to one-way ANOVA) neurons
in each epoch. During the fixation epoch, ROC and CTI values are shown
for neurons that were direction selective in any epoch. Error bars indicate
the s.e.m. *P< 0.05, **P < 0.01, ttest, LIP versus PFC.
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Figure 4 Time course of LIP and PFC category selectivity. (a,c) The time course of category selectivity across direction-selective LIP and PFC populations was
determined by sliding ROC (a) and CTI (c) analyses. The shaded gray area around the solid traces (the mean ROC or CTI value) indicates the s.e.m. Average
fixation period ROC values greater than 0.5 are expected because raw ROC values (which can vary from O to 1.0) are rectified about 0.5, and this does not
indicate any neuronal bias or anticipatory category signals (see Online Methods). (b,d) Cumulative latency distributions across all neurons that showed
significant category selectivity before 500 ms after sample onset according to ROC (LIP, n=62; PFC, n=243; b) and CTI (LIP, n=39; PFC, n=181;

d) analyses revealed the fraction of LIP and PFC neurons that had become category selective by each time point. (e,f) Scatter plots show the relationship
between category-selectivity strength and category-selectivity latency for LIP (e) and PFC (f) neurons. (g,h) Scatter plots show the relationship between
firing rate and category-selectivity latency for LIP (g) and PFC (h) neurons. For e-h, linear regression fits are indicated by the dashed line.

Decision-related responses to ambiguous stimuli

We determined whether neuronal category representations can reflect
the monkeys’ trial-by-trial categorization decisions about stimuli with
ambiguous category membership by examining the responses of 66
LIP and 324 PFC neurons that were tested with two sample directions
that were on the category boundary (Fig. 1a; see Online Methods
and Supplementary Note). A number of neurons in LIP and PFC
that were category selective for the non-ambiguous sample directions
also reflected the monkeys’ classifications of the ambiguous sample
directions (Fig. 5a-d).

Category signals for the ambiguous stimuli were, on average,
stronger and more consistent in LIP than in PFC. For each neuron
that was direction selective (ANOVA on six sample directions,
P <0.01) in each epoch in non-ambiguous trials, we calculated the
category 1 versus category 2 ROC value on ambiguous trials (sorted
according to the monkeys’ behavioral report on each trial). ROC
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values near 0.0 and 1.0 indicate a strong preference for category 1 and
category 2, respectively. We then separated neurons by whether they
preferred category 1 or category 2 in non-ambiguous trials to deter-
mine whether they showed consistent category preferences in ambigu-
ous and non-ambiguous trials (Fig. 5e,f). Across the population, LIP
showed strong and reliable category selectivity for the ambiguous
stimuli that agreed with neurons’ category preferences for non-ambig-
uous directions during the sample (mean ROC value: category 1 =
0.45, category 2 = 0.53; t test, P = 0.031; Fig. 5e) and delay (category
1 = 0.43, category 2 = 0.60; ¢ test, P = 0.000016) epochs, as well as
a nonsignificant trend in the test (category 1 = 0.48, category 2 =
0.60; t test, P = 0.058) epoch. In contrast, the PFC population showed
only a weak and nonsignificant trend toward reflecting the monkeys’
classifications of ambiguous stimuli during the sample (mean ROC
value: category 1 = 0.48, category 2 = 0.50; category 1 versus category
2, ttest, P=0.251; Fig. 5f), delay (category 1 = 0.49, category 2 = 0.51;

Figure 5 Neuronal activity to on-boundary
directions with ambiguous category
membership. (a-d) Examples of single

LIP (a,c) and PFC (b,d) neurons to ambiguous
sample directions (solid red and blue traces,
activity sorted according to monkeys’ reports
of category membership on each trial) and
LLIP non-ambiguous directions (dashed red and

Sample Delay  Test blue traces, activity averaged across the three
directions in each category). (e,f) Population
average category selectivity values (ROC) on
ambiguous trials are shown for LIP (e) and

PFC (f). Neurons were sorted according to
whether they preferred category 1 (blue) or
category 2 (red) in non-ambiguous trials. ROC

values of O and 1.0 indicate strong selectivity

| Category 1
| Category 2

PEC . for categories 1 and 2, respectively. Error bars

Sample Delay  Test represent s.e.m.
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ttest, P = 0.296) and test (category 1 = 0.47, category 2 = 0.52;  test,
P =0.058) epochs (Supplementary Fig. 7).

ROC values on ambiguous trials were also computed as a percent-
age of those observed on non-ambiguous trials. Across the same
populations (Fig. 5e,f), ROC value percentages were greater in LIP
than in PFC during the sample (LIP, 18.4%; PFC, 8.9%), delay (LIP,
39.4%; PFC, 7.1%) and test (LIP, 22.5%; PFC, 14.2%) epochs. Thus, in
addition to showing stronger and shorter latency category selectivity,
LIP also shows a more reliable encoding of the monkeys’ trial-by-trial
classifications of ambiguous stimuli.

DISCUSSION

Prior work found that activity in area MT, a cortical area that is
critically involved in visual motion processing!3 and directly inter-
connected with LIP'4, showed strong direction tuning during the
DMC task, but did not exhibit an obvious influence of the learned
categories'?. We sought to understand how basic visual feature rep-
resentations, such as those in area MT, are transformed by learning
into more abstract representations, as have been observed in LIP and
PEC. Our findings regarding the timing, strength and reliability of
category selectivity suggest that category signals in LIP during the
motion-DMC task are unlikely to arise via top-down inputs from PFC.
One possibility is that direction tuning in area MT is transformed into
category tuning in LIP by learning-dependent changes in the direct
synaptic connections between area MT and LIP!®18, Alternatively,
this transformation may involve multiple interconnected processing
stages in and around the parietal cortex, including the medial superior
temporall9, ventral intraparietalzo’21 and 7a (refs. 12,22) areas. Thus,
additional studies will be needed to understand the relative roles of
LIP and other interconnected parietal areas.

Studies of visual-shape categorization compared activity in PFC and
inferior temporal cortex (ITC) and found stronger category signals in
PFC, while ITC neurons typically showed stronger shape and/or fea-
ture tuning and much weaker category effects. As we observed in both
PFC and LIP, many PFC neurons in our prior shape-categorization
studies showed strong category selectivity that was almost binary. In
contrast, even the ITC neurons that showed the strongest category
selectivity also showed a greater degree of variability among stimuli in
each category, consistent with neurons showing an influence of both
the category boundary and tuning for stimulus features’. ITC only
showed strong binary-like category signals about the sample stimulus
during the test period, which was very late in the trial (>1.0 s following
sample onset)’. Together, these results suggest that ITC is unlikely to
be a source for such category signals to PFC and other areas.

As our neuronal recordings were conducted once the monkeys were
fully trained, the roles of LIP and PFC during the learning process
remain unclear. One possibility is that PFC may be more involved
during earlier stages of categorization training and that strong
category effects in LIP might emerge only after the monkeys have
completed the learning process. This is consistent with the idea that,
as a task becomes more practiced and familiar, neuronal activa-
tion migrates away from areas that are more involved in executive
control (such as PFC) and toward more posterior cortical areas (such
as parietal or premotor cortex) or subcortical structures as task
performance becomes less effortful and more automatic. However, a
previous study found that strong category effects in LIP were evident
after only 2-3 weeks of training on the motion-DMC task!, suggest-
ing that extremely long training durations (for example, more than
2 weeks) are not required to observe LIP category signals. Whether
category signals could develop over shorter time scales (for example,
in a single training session) remains to be determined.

ARTICLES

A related question concerns the roles of LIP and PFC during tasks
using variable decision criteria or category boundaries. Such tasks are
known to rely on PFC?3, and studies using more dynamic tasks have
found strong category or rule signals in PFC%?# and the frontal eye
fields®, which closely track the monkeys’ rapidly changing decision cri-
teria. Although LIP has not been directly tested during more dynamic
categorization tasks, it is likely that LIP would reflect rapidly changing
task rules or decision criteria for two reasons. First, our finding that
LIP showed a stronger coupling than PFC with the monkeys’ trial-
by-trial decisions about the category of ambiguous boundary-sample
stimuli (Fig. 5) suggests that LIP direction tuning is not fixed and can
reflect the monkeys’ changing decision criteria. Second, a previous
study!? found that parietal activity reflects the rule required to solve a
visual discrimination task when the rule is varied from trial to trial.

The strength of category signals in LIP and the fact that they
were observed in a majority of neurons raise questions about their
relationship with well-known signals in LIP for spatial attention?”
and eye movements?®. Recent work has implicated the parietal cortex
(including area LIP) in nonspatial cognitive processing!%12:27:28 and
one study found that category signals are observed even when stimuli
are presented outside LIP neurons’ receptive fields!’, suggesting an
independent encoding of spatial and nonspatial factors. However, it
is unclear how spatial and nonspatial signals are combined in LIP and
read-out by downstream areas.

It will also be important to understand the relationship between
the neuronal category signals that we observed and those that have
been observed during other types of categorization and decision-
making tasks. Category signals may be just one example of a more
general ‘abstract framework’ for decision making between discrete
alternatives?®. If so, neuronal category tuning might be closely related
to decision-related signals that have been observed in LIP during
perceptual-decision tasks3?, which might not be necessarily tied to
specific motor plans®!. Finally, the generalized nature of LIP category
encoding was underscored by recent findings that LIP neurons often
encoded both motion-category signals and reflected the learned
pairings between associated shapes!!. The shape-pair and motion-
category signals that were previously observed in LIP appeared
with a similar strength and time course, suggesting that LIP’s role in
visual categorization extends to tasks using both spatial and nonspatial
visual stimuli. Together, these results suggest that parietal cortex, and
LIP in particular, is an important processing stage for visual catego-
rization and category-based decision making.

METHODS
Methods and any associated references are available in the online version
of the paper at http://www.nature.com/natureneuroscience/.

Note: Supplementary information is available on the Nature Neuroscience website.
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ONLINE METHODS

Behavioral task and stimulus display. We trained monkeys to indicate whether a
test stimulus was in the same category as a previously presented sample stimulus
by releasing a lever. Stimuli were high-contrast, 9.0° diameter random dot movies
composed of 190 dots per frame, which moved at 12° per s with 100% coherence,
and were displayed at a frame rate of 75 frames per s. Monkeys maintained gaze
fixation in a 2.0° radius of a fixation point. Identical stimuli, timings and rewards
were used for PFC and LIP recordings and for the two monkeys.

Gaze positions were measured using an EyeLink 1000 optical eye tracker
(SR Research) at a sampling rate of 1.0 kHz and stored for offline analysis.
Monkeylogic software (http://www.monkeylogic.net/) was used to control task
events, stimuli and rewards, and to monitor and store behavioral events2. Stimuli
were displayed on a 21-inch color CRT monitor (1,280 x 1,024 resolution, 75 Hz,
57-cm viewing distance).

LIP and PFC recording sessions were interleaved in each monkey. In monkey J,
35 PFC recordings sessions were followed by 29 LIP sessions and an additional
15 PFC sessions. In monkey B, most LIP recordings (1 = 22 sessions) were con-
ducted first, followed by PFC recordings (n = 36 sessions) and simultaneous
LIP-PFC recording sessions (1 = 4 sessions). This recording sequence allowed for
a comparison of early (pre-PFC) LIP data and late (post-PFC) LIP data to ensure
that the patterns of neuronal responses and selectivity were stable across time.

During offline spike sorting, waveform signals corresponding to single units
were identified and assigned a subjective score from 1-5, where 5 indicates une-
quivocal recordings from a single neuron and that not a single action potential
was lost and no noise was included during the session, whereas 1 indicates that
the unit is likely a single neuron, but significant interference from noise and
waveforms from other neurons and loss of spikes has occurred. Only well-isolated
single units were included in subsequent analysis (mean score: LIP, 3.9; PFC, 3.8;
units with scores below 3.0 were not included in the population).

Electrophysiological recording. Two male monkeys (Macaca mulatta, 8.0-10.0 kg)
were implanted with a headpost and two recording chambers. Stereotaxic
coordinates for chamber placement were determined from magnetic resonance
images (Supplementary Fig. 1). PEC chambers were centered on the principal
sulcus and anterior to the arcuate sulcus, ~27.0 mm anterior to the intra-aural
line. LIP chambers were positioned over the intraparietal sulcus (IPS) centered
~3.0 mm posterior to the intra-aural line. All procedures were in accordance with
the University of Chicago’s Animal Care and Use Committee and US National
Institutes of Health guidelines.

LIP recordings were conducted using single 75-um tungsten microelectrodes
(FHC), a dura piercing guide tube, and a Kopf (David Kopf Instruments) hydraulic
microdrive system. PFC recordings were made using 250-um dura-piercing
tungsten microelectrodes (FHC) and a custom manual microdrive system that
allowed simultaneous recordings from up to 16 electrodes. Neurophysiological
signals were amplified, digitized and stored for offline spike sorting (Plexon) to
verify the quality and stability of neuronal isolations (see Supplementary Note).
Recordings were usually made from either LIP or PFC, although simultaneous
recordings from both areas were made on a subset (1 = 5) of sessions.

Receptive field mapping and stimulus placement. PFC and IPS neurons were
tested with a memory-saccade task. Most IPS (and some PFC) neurons were also
tested with a sparse noise stimulus during passive fixation!®!”. Neurons were con-
sidered to be in LIP if they showed spatially selective visual responses and/or delay
activity during the memory-saccade task or were located between such neurons.
Stimuli during the DMC task were always presented in LIP receptive fields. PEC
and LIP neurons were not pre-screened for direction or category selectivity.
Slightly different approaches were used to map neurons’ receptive fields in
LIP and PFC in an effort to maximize neuronal responses during the DMC task.
Responses during the memory-saccade and sparse noise tasks were analyzed in
real time to estimate the position of LIP receptive fields and to guide DMC stimu-
lus placement. The typical eccentricity of stimulus placement for LIP recordings
was ~6.0-10.0°. PFC responses during the memory-saccade task were less effec-
tive in guiding DMC stimulus placement, as PFC responses are often highly task
dependent3. For most PFC recordings (1 = 55 of 86 sessions), sample and test
stimuli were presented in blocks of 30 trials at three non-overlapping locations
in the contralateral visual field centered 7.0° from fixation, which covered much
of the contralateral visual field on the CRT. For the remaining PFC recording

sessions (31 of 86), stimuli were shown at a single fixed location (7.0° from fixa-
tion along the horizontal axis in the contralateral visual field). For PFC data with
stimuli shown at three locations, each neuron’s receptive field was defined as
the location (of the three) that elicited the greatest average firing rate during
the sample and delay, and only trials with stimuli at that location were used for
subsequent analyses. Similar results were observed using only the one-location or
three-location PFC datasets, or using PFC data for which stimuli were presented
at the worst of the three locations.

Boundary trial behavioral methods. On trials in which an on-boundary direc-
tion was shown as the sample, the first test stimulus was always chosen to be
one of the two directions perpendicular to the boundary (in the center of each
category), allowing the monkeys categorization of the sample to be inferred
by whether they responded to the first or second test stimulus. Monkeys were
rewarded at chance for responding to test stimuli on boundary-sample trials.
Monkeys performed at chance levels (50%) for the two ambiguous stimuli, and
usually did not show large behavioral biases (that is, match or non-match biases).
Sessions in which the monkeys did show large biases (>70%/30% or 30%/70%
match/non-match) on the boundary trials were excluded from boundary trial
analysis (n = 18 of 142 sessions discarded).

Data analysis. The patterns of behavioral and neuronal results were similar
and all main effects were observed in both monkeys. Thus, the two datasets
were combined for all population analyses. Firing rates were computed for each
neuron in four time windows corresponding to the four phases of the task: fixa-
tion, sample, delay and test. The fixation epoch was a 500-ms window ending at
sample onset. The sample epoch was a 650-ms window that began 80 ms after
sample onset (to account for neuronal response latencies). The delay epoch was an
800-ms window that began 300 ms following sample offset, and the test epoch was
300 ms in duration, beginning at test onset. The test epoch was necessarily shorter,
as the match trials ended with the monkey’s lever release. For trials in which the
sample was not on the category boundary, neuronal activity was analyzed only
on correct trials. For the trials in which the sample direction was on the category
boundary, we analyzed neuronal activity for both rewarded and non-rewarded
trials provided the monkey successfully maintained fixation.

The strength and time course of category selectivity was evaluated usinga ROC
analysis”343> and a CTL. The ROC analysis was applied to the distribution of fir-
ing rates on each trial during each analysis epoch. The area under the ROC curve
is a value between 0.0 and 1.0 indicating the performance of an ideal observer in
assigning category membership based on each neuron’s trial-by-trial firing rates.
Values of 0.0 and 1.0 correspond to strong selectivity (non-overlapping responses)
for categories 1 and 2, respectively. Values of 0.5 indicate complete overlap in the
distributions of firing rates to the two categories (that is, no category selectivity).
Raw ROC values were rectified about 0.5, yielding values that varied from 0.5
(no selectivity) to 1.0 (strong selectivity for either category). Average fixation period
ROC values greater than 0.5 are expected because of this rectification operation (for
example, a raw ROC value of 0.49 becomes 0.51 after the rectification), and this
does not indicate any neuronal bias or anticipatory category signals. The CTT meas-
ured the difference in firing rate (averaged across all trials for each direction) for
each neuron between pairs of directions in different categories (a between category
difference) and the difference in activity between pairs of directions in the same cat-
egory (a within category difference). The CTI was defined as the difference between
the within category and between category differences divided by their sum. Values
of the index could vary from +1.0 (strong binary-like differences in activity to direc-
tions in the two categories) to —1.0 (large activity differences between directions in
the same category, no difference between categories). A CTI value of 0.0 indicates
the same difference in firing rate between and within categories.

The time course of category selectivity was determined by computing the ROC
or CTI using a 200-ms analysis window that was stepped in 10-ms intervals over the
course of the trial. For each neuron, the latency of category selectivity was defined as
the first time bin at which the mean fixation period ROC or CTI value was exceeded by
3.0 s.d. for two consecutive time bins before 500 ms of after sample onset. Similar results
were observed with various latency thresholds, window widths and step sizes.

On each boundary sample trial, we inferred the monkeys’ category assign-
ment of the sample stimulus according to the category membership of the first
test stimulus and whether the monkey released the lever during its presentation.
Ambiguous sample trials were then divided into two groups according to
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the monkeys’ report about the sample category (see Supplementary Note). Each
neuron’s preferred category was determined by its average firing rate on non-
ambiguous trials. To analyze the strength of category selectivity for the ambiguous
sample trials, we focused on neurons that were direction selective (according to
a one-way ANOVA across six directions at P < 0.01) on non-ambiguous trials.
The raw ROC was computed separately for neurons that preferred category 1
or category 2 on non-ambiguous trials, giving ROC values that varied from 0.0
(strong selectivity for category 1) to 1.0 (strong selectivity for category 2). This
analysis was applied separately to the sample, delay and test epochs.

ANCOVA. One of the assumptions of the ANCOVA is that the data being
examined is normally distributed. Because the distributions of latencies,

firing rates, and selectivity strengths were often not normally distributed,
we employed the Box-Cox Power transformation on the data prior to com-
puting the ANCOVA to satisfy this assumption. However, very similar
(and statistically significant) results were observed in all cases without the
Box-Cox transformation.
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