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a b s t r a c t
In order to form stable perceptual representations, populations of sensory neurons must pool their output to
overcome physiological noise; selective attention is then required to ensure that behaviorally relevant stimuli
dominate these ‘population codes’ to gain access to awareness. However, the role that attention plays in
shaping population response proﬁles has received little direct investigation, in part because most traditional
neurophysiological methods cannot simultaneously assess changes in activity across large populations of
sensory neurons. Based on single-unit recording studies, current theories hold that attending to a relevant
feature sharpens the population response proﬁle and improves the signal-to-noise ratio of the resulting
perceptual representation. Here, we test this hypothesis using fMRI and an analysis approach that is able to
estimate the inﬂuence of feature-based attentional modulations on population response proﬁles. We ﬁrst
derive orientation tuning functions for single voxels in human primary visual cortex, and then use these
tuning functions to sort voxels according to their orientation preference. We then show that selective
attention systematically biases population response proﬁles so that behaviorally relevant stimuli are
represented in the visual system at the expense of behaviorally irrelevant stimuli. Collectively, the present
results (1) provide a new approach for precisely characterizing feature-selective responses in human sensory
cortices and (2) reveal how behavioral goals can shape population response proﬁles to support the formation
of coherent perceptual representations.
© 2008 Elsevier Inc. All rights reserved.

Every perception is thought to be based on a pattern of electrical
activity distributed across a population of feature-selective sensory
neurons. Without loss of generality, the problem of ‘decoding’ these
patterns of activity can be framed by considering an experiment in
which the subject's goal is to determine the orientation of a stimulus
in a visual display. Suppose that the subject has only one sensory
neuron with a Gaussian tuning function centered on a particular
orientation (Fig. 1A). In the absence of noise, or variability in the
response of this single neuron, the problem of inferring the stimulus
orientation is relatively straightforward because a speciﬁc ﬁring rate is
associated with only one or two possible orientations. However, real
sensory neurons – like all biological units – are noisy and the ﬁring
rate evoked by the same stimulus will vary across repeated presentations. As a result, the activity level recorded on a single trial is
consistent with any number of different orientations and carries little
useful information about the true nature of the stimulus (Fig. 1B,
Pouget et al., 2000; Pouget et al., 2003; Seung and Sompolinsky, 1993).
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Now consider this experiment performed on a subject with many
orientation-selective neurons, all with tuning functions of the same
shape but with preferred orientations distributed uniformly over a
range from 0° to 180° (Fig. 1C). When this subject views a stimulus, a
noisy response will be recorded from each neuron. However, using
relatively simple estimation procedures, the distribution of responses
across neurons (or the population response proﬁle) can be used to
efﬁciently recover the approximate orientation of the stimulus even in
the presence of physiological noise (Georgopoulos et al., 1982; Jazayeri
and Movshon, 2006; Ma et al., 2006; Pouget et al., 2003; Sanger, 1996;
Seung and Sompolinsky, 1993; Shadlen et al., 1996). While the details
vary, most estimation techniques capitalize on the fact that combining
the information provided by multiple sensory neurons results in a
more stable prediction compared to estimates based only on the ﬁring
rate of the most active neuron(s).
In addition to using population coding schemes to overcome
internal neural noise, perceptual mechanisms must also deal with
crosstalk in the sensory input stream that can arise when many
objects are simultaneously present in the visual ﬁeld. Multiple stimuli
pose a fundamental problem for perception because the brain has a
limited processing capacity, so inputs must compete for representation in cortex (Desimone and Duncan, 1995; Reynolds and Desimone,
1999; Tsotsos, 1997). For example, you can either choose to be aware of
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can be derived from individual voxels and used to more directly
quantify the inﬂuence of cognitive factors on population codes. This
approach allowed us to sort voxels on the basis of their tuning
preference and to show that attention biases population response
proﬁles in favor of voxels that represent behaviorally relevant features.
This attention-mediated bias in the population code presumably
supports the formation of stable perceptual representations by
inﬂuencing the signal-to-noise ratio of neurons that encode behaviorally relevant stimuli.
Methods
Subjects

Fig. 1. Inference based on single units and population response proﬁles. (A) The
simulated ﬁring rate of a single V1 neuron that responds maximally to a 90° stimulus
(±1 standard deviation with Poisson noise) (B) Distribution of responses from neuron in
panel A to a 90° stimulus on 10,000 simulated trials. Although the average response is
given by the height of the tuning function – 60 Hz in this case – there is considerable
variability in the response on a trial-by-trial basis. (C) Population of 13 V1 neurons that
are tuned to different orientations. (D) Response of each neuron in panel C on a single
trial to a 90° stimulus plotted as a function of the neuron's preferred orientation.
Although each neuron produces a noisy response, the population response proﬁle is
approximately centered on the correct orientation (dashed black line).

the pressure of the chair on your back or the banter of coworkers in
the hall — but probably not both at precisely the same time. Countless
single-unit recording studies have established that such goal directed
(or top-down) deployments of attention can enhance the ﬁring rate
of single neurons that encode behaviorally relevant stimuli (e.g.
Desimone and Duncan, 1995; Martinez-Trujillo and Treue, 2004;
McAdams and Maunsell, 1999; Reynolds et al., 2000). In turn, the
signal-to-noise ratio of single neurons should improve as ﬁring rates
increase, thereby improving the reliability of information conveyed
by population codes about stimuli in the environment (this is true
under reasonable assumptions about the nature of physiological
noise, Borst and Theunissen, 1999; Paradiso, 1988; Pouget et al.,
2001; Shadlen et al., 1996).
In sum, theoretical studies suggest that perception is based on
population codes, and empirical studies have shown that top-down
attentional factors are necessary to disambiguate competing sensory
inputs so that relevant stimuli win representation at the expense of
irrelevant stimuli. However, little work has been done to directly
examine the impact of attentional modulations on the information
content of population codes. Multiunit recording techniques are still
being reﬁned and functional magnetic resonance imaging (fMRI)
studies typically lack the ability to clearly link modulations in the
blood oxygenation level dependent (BOLD) signal with population
level dynamics. To address this issue, sophisticated multivoxel pattern
analysis (MVPA) algorithms have recently been developed by
Kamitani, Tong and others to discriminate activation patterns within
human visual cortex that are associated with different attentional or
perceptual states (Kamitani and Tong, 2005, 2006; Haxby et al., 2001;
Norman et al., 2006; Haynes and Rees, 2005). These methods discriminate activation patterns by combining weak feature-selective
responses from all voxels in a visual area; however, this pooling of
information can partially obscure the tuning properties of the individual voxels (and by inference the neurons) that are modulated by
attentional or perceptual factors.
Here, we demonstrate that complex pattern classiﬁcation algorithms are not always needed to make inferences about changes in
population response proﬁles. Instead, robust feature-tuning functions

Four neurologically healthy subjects were recruited from the
University of California, Irvine (UCI) community. Each subject gave
written informed consent as per Institutional Review Board requirements at UCI, and completed 1 h of training outside the scanner, and
two 1.5 h scanning sessions held on separate days. Compensation for
participation was $10/h for training and $20/h for scanning.
Tuning function scans
Subjects were instructed to maintain ﬁxation on a central white
ﬁxation point (subtending 0.5°) that remained on the screen for the
duration of each scan (where a ‘scan’ refers to an entire fMRI data
collection run lasting approximately 5 min, see below). On each 12 s
trial, a full contrast grayscale sinusoidal grating (0.5 cycles/°) was
ﬂickered at 2 Hz (250 ms on, 250 ms off) in one of 8 possible orientations, evenly spaced across 180° (0°, 22.5°, 45°, 67.5°, 90°, 112.5°,
135°, and 157.5°, where 0° is deﬁned as horizontal, see Fig. 2A). The
spatial phase of the grating was randomly selected from a set of four
possible phases on each presentation to attenuate the perception of
apparent motion. The oriented stimulus subtended 20° visual angle
with a small circular aperture removed around ﬁxation (2.5° radius).
The order of orientations was randomized on each scan with the
constraint that the same orientation could not be presented on successive trials. Subjects were instructed to respond when the contrast
of the stimulus decreased slightly, which is henceforth referred to as a
target event. The contrast reduction that deﬁned a target was titrated
on an individual basis so that the hit rate remained at approximately
80% over the course of all scanning sessions (the projector used to the
display the stimuli had a linearized output). Each target was presented
for a single 250 ms frame, and there were 5 targets in each trial. The
timing of each target was pseudorandomly determined with the

Fig. 2. Task design. (A) Schematic of the stimulus paradigm used to evaluate orientation
selectivity in human visual cortex (see Figs. 3–5). There were eight possible stimulus
orientations, and the subject's task was to press a button whenever the contrast of the
grating dimmed slightly. (B) Schematic of the stimulus paradigm used to evaluate
attentional modulations in visual cortex. The color of the central ﬁxation point
instructed observers to either monitor the 45° oriented bars or the 135° oriented bars;
they were to press a button whenever the width of the attended lines increased slightly.
See text for more details.

J.T. Serences et al. / NeuroImage 44 (2009) 223–231

following constraints: each target was separated from the previous
one by at least 1.5 s, and targets were restricted to a temporal window
of 2–11 s following the onset of the trial. Button-press responses made
within 1 s of target onset were considered correct. Each trial was
separated by a blank 500 ms inter-trial-interval before the next
oriented stimulus was presented. Observers completed ﬁve tuning
function scans per 1.5 h scanning session; each scan lasted for 300 s
and contained 3 presentations of each stimulus orientation for a total
of 24 trials/scan.
Attention scans
On attention scans, the stimulus was comprised of two superimposed squarewave gratings; one grating was always oriented at
45° and the other oriented at 135° (Fig. 2B). The 45° and 135° lines
were always rendered in a different color (black or white); however,
the color of the 45° and 135° lines was perfectly counterbalanced
within each scan. 500 ms prior to the beginning of each trial, participants were instructed to attend to one grating and ignore the other
via the color of the ﬁxation point (red and green were assigned to
each orientation and counterbalanced across subjects). As in the
tuning function scans, subjects were instructed to maintain gaze on
the central ﬁxation point for the duration of each scan. On each 12 s
trial, the gratings ﬂickered at a rate of 2 Hz, and subjects had to press
a button whenever the width of the attended lines increased slightly
on a single 250 ms frame, while ignoring equally probable changes in
the width of the unattended lines. There were 5 target/distractor
events on each trial, with an equal number of targets and distractors
across each scan. The temporal sequence of targets/distractors was
governed by the same parameters that dictated target presentations
in the tuning function scans. Button-press responses made within 1 s
of target onset were considered correct; button presses made within
1 s of a distractor were considered false alarms. Observers completed
ﬁve scans of this procedure during each session, and each scan
consisted of 24 trials (12 trials in each attention condition, for a scan
duration of 300 s). Attention scans were interleaved with the tuning
function scans over the course of an experimental session.

225

fMRI data acquisition and analysis
MRI scanning was carried out on a Philips Achieva 3-Tesla scanner
equipped with an 8-channel SENSE head coil at the John Tu and
Thomas Yuen Center for Functional Onco Imaging, University of
California, Irvine. Anatomical images were acquired using a MPRAGE
T1-weighted sequence that yielded images with a 1 mm3 resolution
(TR/TE = 11/3.3 ms, TI = 1100 ms, 150 slices, ﬂip angle = 18° with no
SENSE acceleration). Functional images were acquired using a
gradient echo planar imaging (EPI) pulse sequence, which covered
the occipital lobe with 25 oblique transverse slices. Slices were
acquired in sequential order with 1.5 mm thickness and 0.5 mm gap to
avoid slice crosstalk; therefore a 50 mm thick slab was acquired
(TR = 2000 ms, TE = 25 ms, ﬂip angle = 70°, image matrix = 120 (AP) × 92
(RL), with FOV = 240 mm (AP) × 180 mm (RL), SENSE factor = 2, voxel
size = 2 mm × 2 mm × 1.5 mm).
Data analysis was performed using BrainVoyager QX (v 1.86; Brain
Innovation, Maastricht, The Netherlands) and custom timeseries
analysis routines written in Matlab (version 7.1; The Math Works,
Natick, Massachusetts). Data from the tuning function and attention
experiments were collected in 10 scans per subject (5 scans for each
task type per session). All EPI images were slice-time corrected,
motion-corrected (both within and between scans) and high pass
ﬁltered (3 cycles/run) to remove low frequency temporal components
from the timeseries.
Region of interest selection procedure
To identify voxels that responded to the retinotopic position of the
stimulus aperture, data from the functional localizer scans were
analyzed using a GLM that contained a regressor marking each 12 s
stimulus epochs (a boxcar convolved with a gamma function, Boynton
et al., 1996). Voxels within each visual area were included in all
subsequent analyses if they passed a threshold of p b .01, corrected for
multiple comparisons using the False Discovery Rate (FDR) algorithm
implemented in Brain Voyager. See Table 1 for the number of voxels
within each visual area that passed this threshold.

Functional localizer scans

Mulitvoxel pattern analysis of orientation selectivity (MVPA, Fig. 3)

Independent functional localizer scans were run to identify voxels
within each retinotopically organized visual area that responded to
the spatial position occupied by the stimulus aperture in the tuning
function and attention scans. The sequence of events on the localizer
scans was nearly identical to the tuning function scans; however,
there was a blank inter-trial-interval of 12 s and each of the 8
orientations was presented only once during the scan (yielding a scan
duration of 192 s).

First, we extracted the raw timeseries from each voxel within each
ROI (e.g. left V1) during a time period extending from 6 s to 18 s after
the presentation of each stimulus (i.e. the timeseries was shifted by 6 s
to account for the hemodynamic lag). The epoched timeseries from
each voxel was then normalized on a scan-by-scan basis using a ztransform. Temporal epochs from all but one scan were extracted to
form a ‘training’ data set for the classiﬁcation analysis; epochs from
the remaining scan were deﬁned as a ‘test’ set (note that we use the
term “scan” to refer to an entire 310 s data collection sequence so the
training and test data were always independent). We then trained a
Support Vector Machine (the OSU-SVM implementation, downloaded
from http://sourceforge.net/projects/svm/) based only on the training
data and then used it to classify the orientation of the stimulus on each
trial from the test scan (Kamitani and Tong, 2005). This procedure was
repeated using a ‘hold-one-scan-out’ cross-validation approach so
that epochs from every scan were used as a test set in turn. Since each
observer completed 5 scans/session, the overall classiﬁcation accuracy

Retinotopic mapping scans
Retinotopic mapping data were obtained in one to two scans per
observer using a checkerboard stimulus and standard presentation
parameters (stimulus ﬂickering at 8 Hz and subtending 60° of polar
angle Engel et al., 1994; Sereno et al., 1995). This procedure was used
to identify ventral visual areas V1, V2v, V3v, and V4v. Our highresolution scanning protocol did not provide sufﬁcient coverage to
acquire data from dorsal occipital areas V2d, V3d and V3a or visual
areas in parietal and frontal cortex. To aid in the visualization of early
visual cortical areas, we projected the retinotopic mapping data onto a
computationally inﬂated representation of each observer's gray/white
matter boundary. All retinotopic mapping data was aligned with the
tuning function/attention scan data (as opposed to moving all
functional data into register with the retinotopy data) to minimize
the number of spatial transformations applied to the tuning function/
attention scan data.

Table 1
Size of each ROI in voxels
Visual area

Min size (voxels)

Max size (voxels)

Mean (voxels, ±STD)

V1
V2v
V3v
V4v

280
76
48
27

703
336
314
349

454 (128)
217 (75)
146 (67)
162 (88)
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was deﬁned as the average classiﬁcation accuracy across all 5 possible
permutations of holding one scan out as the test set and using the
remaining scans as a training set. Classiﬁcation accuracy was computed separately for each ROI based on all voxels within that ROI that
exhibited a signiﬁcant response to the stimulus used in the functional
localizer scan (Table 1); accuracy data from complementary ROIs in
each hemisphere were then averaged because no signiﬁcant differences were observed between left and right visual areas. Data from
each session were analyzed separately and then averaged to generate
an overall estimate for each observer.
Tuning functions (Figs. 4 and 5)
Before computing tuning functions or attention effects (see next
section), the timeseries from every voxel was z-normalized on a scanby-scan basis to remove differences in mean signal intensity. Each
voxel from a visual area was then assigned to an orientationpreference bin based on data from all scans except one; the preference
of each voxel was determined based on the orientation that evoked
the largest mean response over a temporal epoch extending from 6 s
to 18 s post-stimulus after removing the mean response across all
voxels at each orientation (to correct for main effects that had a
common inﬂuence on the response of every voxel). Then, using only
data from the remaining scan, we computed the response of voxels in
each bin to every stimulus orientation. As described in the MVPA
section above, this hold-one-scan cross-validation procedure was
repeated 5 times to establish internal reliability and to avoid selection
procedures that biased or predetermined experimental outcomes (i.e.
issues of circularity). Data from each visual area, hemisphere, and
experimental session were analyzed separately and then combined
appropriately to form an average tuning function for each visual area
of each subject. The tuning functions were then characterized using a
circular Gaussian (von Mises) function
δ = b + aTe½kTcosðx−μ Þ−1

ð1Þ

that they conveyed about stimulus orientation. First, we computed the
entropy of the BOLD responses in each voxel, which is a measure of
response uncertainty across all stimulus orientations
H ðBÞ = − ∑ pðbÞ log2 pðbÞ

ð2Þ

b∈B

Since the standard deﬁnition of entropy holds for both continuous and
discrete variables, we converted the continuous BOLD response into a
discrete variable (B) by dividing the range of responses into a set of
equidistant bins (b) of sufﬁciently small size (Cover and Thomas, 1991).
In this formulation, p(b) is the frequency with which a response falls
into bin b divided by the total number of responses measured from a
given voxel. The bins were deﬁned based on the range of responses
across all voxels within a visual area from a subject in a scanning
session. Before discretizing the BOLD responses, we z-normalized the
timeseries from each voxel to have zero mean and unit variance
(Fuhrmann Alpert et al., 2007).
Next, we computed conditional entropy p(b|θ), which yields a
measure of response uncertainty given knowledge of the stimulus
orientation. If there is a dependence between stimulus orientation and
the observed BOLD responses, the introduction of Θ as a conditional
random variable should reduce the uncertainty and hence the entropy
of the random variable B
H ðBjΘÞ = − ∑ pðθÞ ∑ pðbjθÞ log2 pðbjθÞ
θ∈Θ

ð3Þ

b∈B

The information content carried by each voxel can then be deﬁned as
the reduction in uncertainty for each voxel's BOLD response given the
stimulus orientation, or the mutual information (MI). Given that we
are using logarithm to the base 2 in our calculations, the unit of
measure is bit.
MIðB; ΘÞ = H ðBÞ−H ðBjΘÞ

ð4Þ

where a is the response amplitude, b is the baseline, and k is the
concentration parameter. Although care was taken to avoid circularity
in this analysis procedure, we also veriﬁed that passing in a data set
comprised of independent identically distributed (IID) noise did not
yield any meaningful results (i.e. we found ﬂat tuning functions
because there was no consistent signal or internal reliability in the
noise data set).
In Supplemental Fig. 1, we show the results of this tuning function
analysis without removing the mean activation level across all voxels
at each orientation (as we describe above in the main analysis). The
shape of the tuning functions is similar in the absence of this normalization procedure; however, the distribution of preferred orientations
across voxels is shifted towards near vertical angles (67.5°, see Supplemental Fig. 2). The shift in orientation preferences occurs because this
orientation evoked a larger BOLD response across nearly all voxels in a
visual area. We factored out these common responses because we
believe that it is unlikely that information shared by all voxels (or more
importantly by all neurons) contributes in a meaningful way to the
perceptual discrimination of the current orientation when the visual
system reads out the population response proﬁle. Thus, by subtracting
out these common responses, we focus on differential patterns of
activation across the population, which is more likely to reﬂect the
information that supports perceptual inferences about the nature of
the sensory stimulus. However, even if these assumptions are shown to
be incorrect or are otherwise ill-conceived, similar tuning functions
and attentional modulations (see below) are obtained.

Bayes' rule ensures that the equation is symmetric, so that p(B|θ) could
also be used to infer p(θ|B), or the reduction in uncertainty about
stimulus orientation given a distribution of BOLD responses (under
the assumption of ﬂat priors).
Therefore, if there is a strong mutual dependence between the
distribution of BOLD responses (B) and stimulus orientation (θ) for a
particular voxel, then that voxel will produce a high MI value. If they
are completely dependent – such that knowing one gives complete
information about the other – then MI would be equal to the entropy
of either one of them (because MI is symmetric MIðB; ΘÞ = MIðΘ; BÞ).
On the other hand, if the distribution of BOLD responses and stimulus
orientation are completely independent, then that voxel will yield a
MI value of zero.
For an informative voxel, entropy H(B) should be high, implying
that the magnitude of the BOLD response changes substantially as a
function of stimulus orientation. Thus a voxel that has a relatively
‘peaked’ tuning function (up to a point) would be more informative
and hence have higher entropy than a voxel that has a ﬂat tuning
function. Conditional entropy H(B|Θ) for an informative voxel should
be relatively low (with respect to the entropy) because that voxel
should yield similar BOLD responses on each successive presentation
of a particular orientation. Thus, a high MI value indexes the
information conveyed by a voxel about stimulus orientation, and
provides a principled method for feature selection (Peng et al., 2005).
Moreover, this metric has the advantage that it makes no a priori
assumptions about the shape of the underlying voxel-based tuning
functions (see also Fuhrmann Alpert et al., 2007).

Mutual information measures

Feature-based attentional modulations (Fig. 7)

To examine the variability of voxel-based tuning functions across
each visual area, we sorted voxels based on the amount of information

To assess the inﬂuence of attention on population response
proﬁles, we ﬁrst assigned each voxel into one of eight bins based on
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the orientation that evoked the largest response during the tuning
function scans (see previous section). Then, we computed the average
evoked response separately for all attend 45° trials and all attend 135°
trials (see Fig. 2B) for voxels in each bin over a temporal epoch
extending from 6 s to 18 s post-stimulus.
Results
Orientation selectivity in primary visual cortex
Recently, several groups have used fMRI and multivariate pattern
analysis (MVPA) methods to estimate feature-selective neural modulations within small regions of human visual cortex (Kamitani and
Tong, 2005, 2006; Cox and Savoy, 2003; Haxby et al., 2001; Haynes
and Rees, 2005; Norman et al., 2006; Peelen and Downing, 2007;
Serences and Boynton, 2007a, b). The basic MVPA approach is based
on the assumption that feature-selective subregions of visual cortex
such as V1 contain submillimeter columns of neurons that are
selective for different stimulus orientations. Functional MRI voxels
are quite large in comparison (2 × 2 × 1.5 mm in the present study, but
more often 3 × 3 × 3 mm). However, if a slight preponderance of
neurons preferring a particular orientation happens to be sampled
within a voxel, then that voxel will exhibit a small but detectable
orientation-selective response bias (Kamitani and Tong, 2005). By
examining the distributed voxel-by-voxel activation pattern across a
visual area such as V1, inferences can be made about changes in the
underlying population response proﬁle, and simple classiﬁcation
algorithms can be used to predict the speciﬁc feature that an observer
is attending or perceiving (Kamitani and Tong, 2005, 2006; Haynes
and Rees, 2005; Serences and Boynton, 2007a, b).
Several assumptions must be made in order to use this general
MVPA approach to infer changes in population response proﬁles. First,
even though each voxel contains neurons tuned to many different
orientations, the ﬁnal activation level will be dominated by the tuning
preference of the most prevalent type of neuron within that voxel.
Linear classiﬁers then pool the information from many weakly
selective voxels to discriminate stimulus features such as orientation
(see e.g. Fig. 1b from Kamitani and Tong, 2005). Second, since BOLD
fMRI fundamentally measures changes in the magnetic properties of
blood, it is assumed that the vasculature in early visual areas is sensitive to anisotropies in the distribution of feature-selective neurons.
To evaluate the ability of MVPA methods to discriminate differences
in population response proﬁles, we ﬁrst assessed sensitivity to ﬁnegrained changes in activation proﬁles across subregions of early visual
cortex. Speciﬁcally, patterns evoked by similar stimuli should be more
alike than patterns evoked by highly dissimilar stimuli (just as one
would expect of the underlying neuronal population response proﬁle,
see Fig. 1D). We adapted a task from Kamitani and Tong (2005) in
which observers viewed full contrast sinusoidal gratings rendered in
one of eight different orientations (in 22.5° increments across 180°)
while in the MR scanner (Fig. 2A). Each trial consisted of one oriented
grating ﬂickering at 2 Hz (250 ms on, 250 ms off) for 12 s; the slow
ﬂicker rate and a randomly selected phase on each presentation cycle
attenuated the perception of apparent motion (Kahneman and Wolman, 1970). The stimuli were centered at ﬁxation and subtended 20°
visual angle (diameter) with a circular region around ﬁxation masked
out (2.5° radius). The subject was to press a button whenever the
contrast of the grating dimmed slightly, which occurred at ﬁve pseudorandomly determined times during the course of each trial. The
magnitude of the target-deﬁning change in contrast was titrated as
necessary during scanning to maintain a constant level of task difﬁculty (mean contrast decrement across observers, ±S.E.M.: 15.75% ±
5.9%, mean accuracy, ±S.E.M.: 81.2% ± 4.7%).
A Support Vector Machine (SVM) was used to classify the stimulus
orientation on each trial based on the pattern of activation across all
voxels within left and right visual areas that responded to the region
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of space occupied by the stimulus aperture (as identiﬁed using
independent functional localizer scans). Data from each hemisphere
were always analyzed separately and then averaged because no
systematic differences between the reliability of activation patterns in
left and right hemispheres were observed. All active voxels from each
visual area were included in the analyses (see Table 1).
To perform the classiﬁcation, we ﬁrst split the data into two independent sets: all scans except one comprised a ‘training’ set, and the
remaining scans comprised a ‘test’ set. We then compared the multivoxel activation pattern on each trial in the test set with the activation
patterns associated with each of the 8 orientations collapsed across all
training scans; each test pattern was then assigned to the stimulus
category that it most closely resembled (see Mulitvoxel pattern analysis
of orientation selectivity section of Methods). The overall classiﬁcation
accuracy for each observer was deﬁned as the average prediction accuracy across all possible permutations of holding one scan out for use as
a test set (which is referred to as the ‘hold-one-scan-out cross-validated’
estimate of the mean classiﬁcation accuracy). Since we collected 5 scans,
we were able to obtain 5 estimates of classiﬁcation accuracy for each
visual area in each subject. This approach ensures that test and training
data sets were always independent, thereby avoiding issues of circularity (Kamitani and Tong, 2005, 2006; Haynes and Rees, 2005;
Serences and Boynton, 2007a, b).
Replicating Kamitani and Tong (2005), the classiﬁer correctly
identiﬁed the stimulus orientation on approximately 43% of trials
based on activation patterns in V1, and classiﬁcation errors most often
occurred for orientations adjacent to the true stimulus orientation
(Fig. 3A). The Gaussian shape of the classiﬁcation function demonstrates that stimulus similarity determines the similarity of activation
patterns, since activation patterns associated with adjacent stimuli are
more easily confusable. Similar patterns of data were also observed in
other retinotopically organized visual areas; however, overall classiﬁcation accuracy was generally lower, perhaps because fewer voxels
were identiﬁed in these regions (Figs. 3B–D, see Table 1). Accuracy is
below chance in the sidebands because the area under each curve in
Fig. 3 must sum to 1 (or 100% of all trials). This constraint arises
because the classiﬁer only makes one ‘guess’ per trial so if the algorithm is above chance at guessing the correct orientation, then it must
by necessarily pick some other orientation offsets with a relatively low
probability.

Fig. 3. MVPA of orientation selectivity. (A) Proportion of trials classiﬁed based on
activation patterns in V1 as a function of the orientation offset from the actual stimulus
orientation (black circles), averaged across all subjects (chance = 12.5%). Solid black line
is best ﬁtting circular Gaussian. When the classiﬁer made an error, it most often
reported an orientation that was adjacent to the actual orientation (see also Kamitani
and Tong, 2005). (B–D) Analogous data from areas V2v, V3v, and V4v. All error bars ±S.E.M.
across subjects.

228

J.T. Serences et al. / NeuroImage 44 (2009) 223–231

The SVM classiﬁcation approach infers stimulus orientation by
computing a weighted sum of inputs from all voxels in a visual area,
where the weight assigned to each voxel reﬂects the degree to which
that voxel discriminates a particular orientation. On the one hand, this
decoding method is statistically efﬁcient because it accumulates
information across all voxels and can powerfully discriminate between
activation patterns that are associated with different attentional states.
On the other hand, the process of pooling weighted activation levels
from each voxel means that one cannot easily make inferences about
the speciﬁc tuning characteristics of the voxels (and by implication the
speciﬁc neurons) that are modulated by an attentional manipulation.
Thus, using a linear classiﬁer is an extremely powerful method for
determining if there are differences between activation patterns
associated with different attentional states. However, pooling information from many feature-selective voxels makes it difﬁcult to determine exactly how feature-selective voxels are modulated by attention
or other cognitive factors. In the next section we develop a method for
directly examining the tuning functions of individual voxels in an effort
to more precisely characterize the inﬂuence of attention on population
response proﬁles.
Voxel-based feature-tuning functions
The results shown in Fig. 3 (and those reported by Kamitani and
Tong, 2005) demonstrate that activation patterns in regions of early
visual cortex carry information about stimulus orientation. However,
to make more precise inferences about exactly how the activation
patterns changed, we tested to see if voxels exhibited graded activation proﬁles in response to different levels of a particular feature,
just as single neurons in early areas of visual cortex are tuned to
speciﬁc feature values (e.g. Fig. 1A). Based on data taken from four out
of ﬁve orientation scans, we sorted each of the voxels in V1 into eight
separate bins based on the orientation that maximally stimulated
each voxel. Next, we computed the response of the voxels in each bin
to the eight oriented gratings presented during the ﬁfth scan; this
hold-one-scan-out procedure was then repeated ﬁve times and the
results from each unique permutation were averaged. As shown in
Fig. 4, the orientation preference exhibited by a voxel on four of the
scans reliably predicted the orientation preference on the remaining
scan, revealing a series of Gaussian-shaped tuning functions representing the response proﬁle of subpopulations of voxels within V1
that respond maximally to each of the different orientations. Fig. 5
shows the average tuning functions across all voxels in each visual
area after re-centering all tuning functions on their preferred
orientation (solid black lines). Although all regions exhibited reliable
voxel-based tuning functions, the amplitude of the tuning functions
was generally lower in regions outside of V1, which is consistent with
the physiology of monkey striate and extrastriate visual cortex
(Vanduffel et al., 2002).
To explore the variability of these tuning functions, we used a mutual
information (MI) metric to estimate the extent to which measuring the

Fig. 4. Voxel-based tuning functions in V1. Each colored line represents the response of
a group of V1 voxels to all orientations during one scan after the voxels were binned
based on their orientation preference during the other four scans. For instance, the red
line shows the response in voxels that respond maximally to 0° when stimulated by all
possible orientations.

Fig. 5. Mean voxel-based tuning functions. (A) Mean voxel-based tuning function in V1
after centering each curve in Fig. 4 on the preferred orientation (black solid line is best
ﬁtting circular Gaussian). (B–D) Analogous plots for areas V2v–V4v. Each color of line
represents voxels selected from one of four equally populated bins based on the MI
estimates. Thus, the black line represents data using all voxels, and at the other extreme,
the green line represents data only from the 25% of voxels with the highest MI. Error
bars are ±S.E.M. across subjects.

tuning function of each voxel reduced uncertainty about the orientation
of the stimulus being presented. MI was computed using only four scans,
and then voxels preferring each orientation were sorted into four equally
populated bins based on their MI value (this procedure was then permuted ﬁve times using the cross-validation procedure described above).
A two-way repeated-measures ANOVA on response amplitude with
visual area and MI bin as factors revealed that more informative voxels
showed sharper tuning functions compared to voxels that were less
informative (F(3,9)= 23.03, p b .001). However, the inﬂuence of MI was
more pronounced in earlier regions, as voxels in V4v showed uniformly
poor orientation tuning functions (F(9,27)= 3.21, p b .01). Together, these
data reveal (1) reliable voxel-based orientation tuning curves in regions
of early visual cortex, and (2) that the amount of information carried by a
voxel about orientation is stable across scans. Note also that the data
presented in Figs. 4 and 5 cannot be attributed to random noise because
the hold-one-scan-out cross-validation procedure ensures that the observed inﬂuence of stimulus orientation and MI on the tuning functions
is internally reliable. Finally, a previous report using a similar paradigm
did not observer such robust voxel-based tuning functions in early
visual cortex (Kamitani and Tong, 2005). The lack of strong voxel tuning
instead led those authors to employ a linear classiﬁer to pool information across large groups of voxels in order to maximize their ability
to discriminate activation patterns (as in Fig. 3 above). We highlight
several potential reasons for this apparent discrepancy between our
robust voxel-based tuning functions and previous results in the Discussion section.
We also measured the distribution of orientation tuning preferences across voxels within each visual area. After removing the mean
response across all voxel to each orientation (see Methods), a higher
proportion of voxels responded maximally to horizontal (0°) stimuli
compared to any other orientation; this effect was more pronounced in
V1, V2v, and V3v compared to V4v (Fig. 6), and suggests that more
neurons within early visual cortex are dedicated to representing the
horizontal meridian (although see Supplemental Fig. 2). The overrepresentation of voxels that respond relatively more to horizontal
stimuli is consistent with the organization of primate V1, as well as
psychophysical studies that reveal superior performance for detecting
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differences in the display cannot account for the attentional modulations. In addition, the speciﬁcity of the attention effects is especially
robust because the orientation preference of each voxel was assigned
using independent scans – thereby avoiding any issue of circularity –
and different stimulus sets were used to evaluate orientation preferences and attentional modulations (sinusoidal gratings versus simple
oriented lines). One remaining puzzle is the observation that robust
attention effects are largely restricted to V1 and V4v, especially given
that orientation tuning is more pronounced in areas V2v and V3v
compared to V4v (Fig. 5).
Discussion

Fig. 6. Orientation tuning histograms. (A–D) Histograms showing the proportion of
voxels in each visual area that respond maximally to each stimulus orientation.

stimuli presented on the horizontal meridian compared to oblique
orientations (the ‘oblique effect’, Campbell et al., 1966; Furmanski and
Engel, 2000; McMahon and MacLeod, 2003; Orban et al., 1984).
Attentional modulations of population response proﬁles
In the same scanning session, each of our subjects participated in
ﬁve ‘attention’ scans that were interleaved with the orientation tuning
scans discussed above. In these attention scans, subjects viewed a
grating stimulus comprised of overlapping 45° and 135° lines on each
12 s trial (Fig. 2B). The color of the central ﬁxation point instructed the
subjects to attend one set of oriented lines and to press a button
whenever the width of the attended lines increased slightly; subjects
were required to ignore changes in the width of the unattended lines
that occurred with equal frequency. The change in line-width that
deﬁned a target was titrated on a scan-by-scan basis to ensure that the
task remained challenging (mean change in width ±S.E.M.: 0.1° ± 0.02°,
mean d-prime ±S.E.M.: 2.75 ± 0.37, 2.84 ± 0.1 for attend 45° and attend
135° trials, respectively). We analyzed the activation level of voxels
that responded maximally to each of the eight orientations during
epochs of attention to 45° and 135° (where the tuning preference
was determined using the independent orientation tuning scans, see
Figs. 4 and 5). As shown in Fig. 7A, voxels in primary visual cortex that
maximally responded to 45° were most active when the 45° oriented
lines were attended, and voxels that maximally responded to 135°
were most active when the 135° lines were attended. Voxels with
intermediate orientation preferences showed appropriately graded
responses. A repeated-measures ANOVA with visual area, attended
orientation, and voxel orientation preference as factors revealed a
signiﬁcant interaction between orientation preference and the attended feature across all visual areas (F(7,21) = 2.67, p b 0.05). However,
this interaction was primarily driven by the crossover modulations in
V1 and V4v (individual two-way repeated-measures ANOVA: F(7,21) =
3.37, p b 0.02, F(7,21) = 2.5, p b 0.05, respectively). The attention effect
in area V2v approached signiﬁcance (p = 0.15), but the data from area
V3v were noisy and no systematic pattern of modulation was present
(as evidenced by the very poor ﬁts). Finally, we computed attention
effects as a function of MI in each visual area, where MI was
determined based on the tuning function scans. However, only data in
areas V1 and V4v were stable across all MI bins, most likely because
the number of trials in each bin was quite low (Supplemental Fig. 3).
The color of the oriented lines that made up each grating (black or
white) was counterbalanced over the course of each scan, so sensory

Stable perceptual representations are thought to be based on
pooled activity across small populations of sensory neurons; selective
attention is required to ensure that these population codes are biased
in favor of behaviorally relevant stimuli. However, few studies have
directly examined the inﬂuence of attention on the shape of population
response proﬁles, primarily due to technical limitations associated
with both electrophysiological recording and fMRI methods. Recently,
MVPA methods have demonstrated that attention systematically
modulates activation patterns within visual cortex, although these
previous reports did not specify precisely how activation patterns were
altered (Kamitani and Tong, 2005, 2006; Serences and Boynton,
2007a). The primary limitation of these previous efforts is that
classiﬁcation algorithms (e.g. SVMs) obscure the relationship between
changes in global activation patterns and changes in the activation
level of voxels tuned to speciﬁc features. Here we address this limitation by demonstrating that voxels show graded response proﬁles
that are similar in form to the tuning functions that are commonly
reported in the single-unit recording literature. Then in separate scans
we use these voxel-based tuning functions to explicitly demonstrate
that attention biases population response proﬁles in favor of a relevant
feature. This increase in activation presumably reﬂects an increase in
the signal-to-noise ratio of neurons tuned to the attended stimulus
attribute, ensuring that the relevant stimulus is represented more
robustly in visual cortex (Boynton, 2005; Desimone and Duncan, 1995;
Martinez-Trujillo and Treue, 2004; Pouget et al., 2001).
In a previous report that used a similar stimulation protocol, very
weak orientation tuning functions were observed for single voxels

Fig. 7. Feature-based attentional modulations of population response proﬁles. (A) BOLD
response plotted as a function of the attended orientation (attend 45° = black, attend
135° = blue) and the preferred orientation of each voxel in V1. Solid lines are best ﬁtting
circular Gaussians. (B–D) Analogous plots for areas V2v–V4v. Error bars ±S.E.M. across
subjects.
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(see Kamitani and Tong, 2005, their Supplemental Fig. 2). Due to this
weak orientation tuning, the authors used a linear classiﬁer to pool
information across all voxels to maximize their ability to discriminate
the currently viewed orientation. In contrast, the present voxel-based
tuning functions provide a more direct method to examine the role of
attention in modulating population response proﬁles. While the exact
reason for the discrepancy between our results and previous efforts is
not entirely clear, two potential contributing factors should be
considered. First, we used higher-resolution imaging (2 × 2 × 1.5 mm
voxels) compared to the 3 × 3 × 3 mm voxels used by Kamitani and
Tong (2005). The use of higher-resolution imaging may better isolate
signal from orientation columns in areas like V1, which may give rise
to more pronounced feature tuning at the voxel level. In addition,
smaller voxels may increase BOLD SNR because less of the volume in
each cortical voxel is occupied by white matter, which does not yield
as robust a signal (Hyde et al., 2001). Second, we minimized the
amount of spatial smoothing that was performed on the fMRI data in
our study. While Kamitani and Tong (2005) did not explicitly smooth
their data with a Gaussian kernel as is often done, their functional
images were aligned with retinotopic mapping data collected in a
separate session, translated into the ACPC plane, and then converted
into Talairach space. Each time an image matrix is transformed,
rotated, or scaled, the data are resampled and thus some spatial
smoothing is introduced. We avoided all three of these transformation
steps in our analysis by aligning our retinotopic mapping data to our
experimental data and by performing all analyses in native scanner
space (i.e. no ACPC or Talairach transformations). This issue of spatial
smoothing may turn out to be critical because smoothing should
effectively average the response of neighboring voxels, which should
in turn attenuate orientation tuning functions.
Treue and Maunsell (1999) and Martinez-Trujillo and Treue (2004)
demonstrated that feature-based attention boosts the gain of single
neurons tuned to an attended feature. By extension, these single-unit
results suggest that feature-based attention should bias the entire
population response proﬁle in favor of neurons tuned to an attended
feature, and that attentional gain should fall off in a roughly Gaussian
manner as a function of the distance between the preferred feature of
a neuron and the current focus of attention. However, this predicted
inﬂuence of attention on the shape of population codes has not yet
been directly demonstrated: the present data provide this missing link
by estimating changes in the response proﬁle across groups of
orientation-selective voxels.
Attention may inﬂuence cortical activity in a number of ways. First,
attention might enhance the ﬁring rate of all neurons that are tuned to
the attended feature, even before a stimulus is presented (analogous to
spatial ‘baseline shifts’, Kastner et al., 1999; Luck et al., 1997). Second,
attention has been shown to induce a multiplicative increase in the
stimulus evoked response (e.g. Martinez-Trujillo and Treue, 2004;
McAdams and Maunsell, 1999; Treue and Martinez-Trujillo, 1999;
Williford and Maunsell, 2006). In the present report, we cannot
distinguish these accounts because we did not measure pre-stimulus
attentional modulations timelocked to the presentation of the attention cue, and we did not map out the effects of attention on the full
voxel-based tuning functions. However, future studies might adopt our
voxel-based tuning function approach to inform this long standing
debate about the nature of attentional modulations on neural activity
in visual cortex.
The feature-selective attention effects shown in Fig. 7 are also
reminiscent of attentional modulations previously reported within
anatomically segregated subregions of ventral temporal cortex that are
selectively responsive to different object types (e.g. faces and houses,
O'Craven et al.,1999; Serences et al., 2004). However, the feature-based
attentional modulations reported here reﬂect changes in the response
proﬁle within a single population of feature-selective voxels. Thus,
with the advent of MVPA methods and voxel-based tuning functions, it
is now possible to move beyond distinguishing stimulus categories

(e.g. faces versus houses). Instead, precise inferences can be made
about how population response proﬁles change in response to speciﬁc
tuning function properties, stimulus features, or category exemplars
(e.g. individual faces, natural scenes, etc. Dumoulin and Wandell, 2008;
Kamitani and Tong, 2005, 2006; Kay et al., 2008; Williams et al., 2007).
Consistent with the known orientation selectivity of V1 neurons
in non-human primates, activation patterns in area V1 discriminated
orientations better than activation patterns in other areas (Fig. 3A)
and also had sharper tuning functions (Fig. 5A). However, the
observation of relatively large attentional modulations in V1 contradicts some single-unit recording studies that show modest (or
absent) attention effects in V1, including a recent study that recorded
spiking activity directly on the cortical surface of V1 in awake
behaving humans (Yoshor et al., 2007). The reason for this
discrepancy is not entirely clear; Yoshor et al. suggest that behavioral
demands may alter the linearity of the relationship between neural
activity and the BOLD response, thereby inﬂating the estimated
magnitude of attentional modulations in human visual cortex.
However, it also seems plausible that we observed robust effects in
V1 simply because V1 voxels were highly selective for the stimulus
attribute that was being attended (see Fig. 3–5). We cannot
distinguish these possibilities here, but examining the magnitude of
attention effects in visual areas that are associated with processing
speciﬁc features – such as motion selective area MT – might reveal a
systematic relationship between attentional modulations and the
underlying feature-selectivity of a visual area.
The attentional modulations presented in Fig. 7 are consistent with
the two leading models of feature-based attention: the featuresimilarity gain model proposed by Martinez-Trujillo and Treue (2004)
and Treue and Martinez Trujillo (1999), and the optimal gain model
proposed by Navalpakkam and Itti (2007). According to both accounts,
the ﬁring rates of neurons tuned to the currently attended feature
should be enhanced – consistent with the data presented in Fig. 7 –
because these neurons most effectively discriminate the highly
dissimilar (orthogonal) target and distractor that were used in the
present study (Butts and Goldman, 2006; Hol and Treue, 2001; Jazayeri
and Movshon, 2006, 2007; Navalpakkam and Itti, 2007; Regan and
Beverley, 1985). However, if a ﬁne perceptual discrimination is
required (e.g. distinguish a 95° target from a 90° distractor), then
boosting the gain of neurons tuned to the target orientation would be
suboptimal because those neurons would respond about equally well
to the target and to the distractor (Regan and Beverley, 1985; Jazayeri
and Movshon, 2006; Butts and Goldman, 2006). Instead, the activation
peaks in Fig. 7 should be shifted towards orientations tuned slightly
away from the target because those neurons are more informative, a
prediction of the optimal gain model that can be tested in future
studies using voxel-based tuning functions.
The data presented here demonstrate that attention biases
population response proﬁles in favor of an attended stimulus; however, we cannot make any statements about how a subject ‘reads out’
this population code to infer the physical properties of the display. On
the one hand, subjects may base their interpretation of the scene on
the ﬁring rate and the tuning function of the maximally active sensory
neurons (e.g. Zhaoping and May, 2007). While applying such a ‘max’
rule is computationally inexpensive, the resulting estimate might be
relatively unreliable given that the ﬁring rate of sensory neurons is
highly variable on a trial-by-trial basis (see Fig. 1B). On the other hand,
a statistically optimal maximum likelihood estimate can be derived by
computing the probability that an orientation was present given the
observed vector of responses recorded from each neuron in the
population (Jazayeri and Movshon, 2006; Pouget et al., 2003; Seung
and Sompolinsky, 1993). While this optimal read-out rule will be, on
average, much more precise than a max rule, it is also potentially more
cumbersome to compute. We speculate that the exact read-out rule
might depend critically on the nature of the behavioral task being
performed, and our analysis approach might eventually yield insights
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into how population codes are inﬂuenced by attention and read-out to
achieve stable and coherent perceptual representations of the surrounding environment.
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