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Applica/ons	  of	  
re/notopic	  mapping	  and	  
mul/variate	  analysis	  



Learning	  objec/ves	  

•  How	  different	  types	  of	  mul/variate	  analysis	  
can	  be	  used	  within	  a	  re/notopic	  mapping	  
framework	  

•  Sta/s/cal	  issues	  –	  how	  re/no	  mapping	  helps	  
and	  hurts.	  

•  Case	  studies	  –	  what	  they	  have	  taught	  us	  
•  Future	  direc/ons	  



Recap	  of	  re/notopic	  areas	  

•  Overview:	  Once	  a	  re/notopic	  area	  has	  been	  
defined	  you	  can	  extract	  a	  set	  of	  voxels	  from	  it.	  	  

•  You	  can	  then	  use	  the	  responses	  from	  these	  
voxels	  in	  different	  condi/ons	  to	  perform	  
mul/variate	  analysis	  (see	  below).	  	  

•  MVPA	  is	  one	  type	  of	  analysis	  
•  What	  does	  the	  ability	  or	  failure	  to	  decode	  
something	  tell	  you	  about	  that	  area?	  

	  



Do’s	  and	  don’ts	  

•  The	  MVPA	  is	  sensi/ve	  to	  the	  number	  of	  voxels	  
in	  the	  classifier	  and	  the	  SNR	  in	  each	  region	  

•  This	  makes	  it	  hard	  (but	  not	  impossible)	  to	  
compare	  classifica/on	  results	  across	  areas	  
(see	  Brouwer	  and	  Heeger	  –	  later)	  

•  Comparing	  different	  condi/ons	  within	  an	  area	  
is	  generally	  safer.	  

	  



Case	  1	  –	  the	  venous	  eclipse	  and	  hV4	  

since cortical maps have evolved into quite different forms,
based on comparisons between other primates — especially in
the higher-tier areas beyond V1 and V2. Many of the cortical
visual areas in other well-mapped primate species (e.g. aotus
monkey and galago) have no obvious counterpart in macaque

(Kaas, 1995; Rosa and Krubitzer, 1999). It is arguable whether a
‘V4’ homologue even exists in non-human primates other than
macaque (Felleman and Van Essen, 1991b; Kaas and Krubitzer,
1991; Sereno and Allman, 1991; Rosa et al., 1993; Kaas, 1995;
Rosa and Krubitzer, 1999).

Alternatively, it is possible that human-like retinotopic and
functional distinctions also exist between V4v and V4d in
macaques, which have not yet been widely recognized (Steele et
al., 1991; Stepniewska and Kaas, 1996). Irrespective of how this
matter is eventually resolved, it is significant, since the topog-
raphical organization of macaque visual cortex is often used as a
model for that in human visual cortex.

V4 and Color Processing
The localization of V4 has special importance because it has
been claimed that V4 processes color information selectively.
The original report was that all (Zeki, 1973) or a majority (Zeki,
1977, 1978) of cells in (dorsal) V4 are wavelength-selective.
However, when more systematic studies began considering the
effects of stimulus variations in luminance as well as color,
and measuring color responses quantitatively, the reported
percentage of wavelength-selective cells in V4 decreased to
levels which were similar to those in neighboring cortical areas
(Fischer et al., 1981; Schein et al., 1982). A more recent report
(Schein and Desimone, 1990) confirmed that the percentage of
classic opponent-color cells was small in V4, but it also allowed
for some higher-order processing of wavelength information
over wide regions of the visual field (e.g. color constancy). On
the other hand, similar responses to wide-field color changes
have been reported in macaque V1 (Wachtler et al., 1997, 1998,
1999a,b), so there may be nothing unique about the wide-field
color responses in V4.

A similar conclusion was reached by lesion studies. Across a
range of laboratories, lesions of macaque V4d had little effect on
behavioral tests of wavelength discrimination (Schiller, 1993;
Walsh et al., 1993) (W. Merrigan, personal communication).
Even lesions that apparently included ventral V4 did not produce
achromatopsia (Heywood et al., 1992). In one lesion study
including V4 (Walsh et al., 1993), deficits were reported in the
processing of color constancy. However such effects could also
(or instead) ref lect secondary effects of brain lesions on
higher-tier areas to which V4 projects (e.g. pIT; see below),
rather than a direct effect in V4.

Other evidence suggests that a different area of macaque
visual cortex is homologous to the area implicated in human
achromatopsia. That revised color-selective area is located
anterior and ventral to V4, in-or-near posterior inferotemporal
(pIT) cortex, perhaps in areas PIT or TEO (see Fig. 2). The
evidence for this includes the following. First, when pIT is
lesioned, prominent deficits are seen in wavelength sensitivity
(Heywood et al., 1995) (W. Merrigan, personal communication),
unlike the lack of such deficits following V4 lesions. Secondly,
this pIT region shows higher brain activity in neuroimaging
experiments, when macaques are performing wavelength
discriminations (Takechi et al., 1997). Finally, pIT corresponds
to the region which should be color-selective in macaques, based
on the topography of color-selective areas in human visual cortex
(see below; cf. Figs 2 and 3).

Overall, these data do not constitute a persuasive case for
color selectivity in macaque V4. Despite this, a small color-
selective region which was discovered in human visual cortex
was initially named ‘human V4’ (Lueck et al., 1989). Subsequent
retinotopic studies revealed that this color-selective region (‘V8’,

Figure 1. Diagram of the retinotopic organization of macaque area V4 and neighboring
areas. The diagram is drawn in flattened cortical format, from a right hemisphere.
Representations of the fovea (at the V1/V2 and V3/VP/V4 borders, and in V3A) are
indicated with an asterisk. Within each area, increasingly peripheral eccentricities are
represented at increasingly distant locations from those asterisks, approximately
perpendicular to the lines of iso-polar angle. Lines of iso-polar angle are mapped roughly
as radii from the foveal asterisks (see red, blue and green logo on the bottom right).
Representations of the horizontal meridia are indicated using solid black lines, and
representations of the upper and lower vertical meridian are indicated with dotted and
dashed black lines, respectively. Areas and area boundaries which are not well-defined
retinotopically, or not relevant here, are indicated using gray. Previously published
maps all agree on the retinotopy of macaque areas V1, V2 and V3/VP. However, the
descriptions of retinotopy and area borders can differ in reports from increasingly more
anterior (generally, higher-order) areas. Thus the retinotopy in V3A in Gattass et al.
(Gattass et al., 1988) differs slightly from that described by Van Essen and colleagues
(Van Essen et al., 1990, 1992; Felleman and Van Essen, 1991b). Similarly, area ‘DP’ is
included in the maps of some groups (Andersen et al., 1985; May and Andersen, 1986;
Felleman and Van Essen, 1991b), but not in the maps drawn by others (Gattass et
al., 1988; Colby and Duhamel, 1991). Early retinotopic studies of V4 by one group
(Baizer and Maguire, 1983; Maguire and Baizer, 1984) were inconsistent with a single
retinotopic area. Many of those apparent discrepancies were later rationalized by
Gattass et al. (Gattass et al., 1988). Where previous reports differ from each other, we
have incorporated the data that are most cited, most recent, and/or best documented.
The dorsal and ventral subdivisions of V4 (V4d and V4v, respectively) are largely
separate from each other. V4d and V4v border each other only at the foveal
representation, and diverge increasingly at the representation of progressively greater
eccentricities. This ‘bisected’ arrangement is similar to that found in V2 and V3/VP. Thus
in V4d, the fovea is represented inferiorly, and increasing visual field eccentricity is
mapped superiorly and anteriorly, between V3A and MT. According to current views,
V4d includes a representation of just the lower visual field, not the upper. In one previous
report (Gattass et al., 1988), a portion of the upper visual field near the horizontal
meridian was also included in V4d, instead of V4v. This unusual upper field
representation was later attributed instead to adjacent area TEO (Boussaoud et al.,
1991), and this figure adopts that assumption. The ‘field sign’ (Sereno et al., 1994,
1995b) in both V4 subdivisions matches the visual field geometry, as in V2 (thus,
opposite to the mirror-symmetric field signs found in V1 and V3/VP).
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hV4	  

we have come to appreciate some important limitations in
measuring ventral occipital signals in general. In this
report we describe both our specific conclusions about
hV4 as well as our new understanding of limitations in
measuring VO cortex.

Background: hV4

The location and responses of the fourth visual field
map in human has a rich history (Brewer et al., 2005;
Hansen et al., 2007; Lueck et al., 1989; McKeefry & Zeki,
1997; Tootell & Hadjikhani, 2001; Wade et al., 2002;
Zeki et al., 1991). Here, we continue the story by
considering a recent controversy concerning the visual
field map coverage of this map in human (Brewer et al.,
2005; Hansen et al., 2007; Larsson & Heeger, 2006; Wade
et al., 2002).
In macaque, the V4 map spans the dorsal and ventral

portions of the occipital lobe. In each hemisphere the map
represents the contralateral hemifield; the dorsal portion of
the map represents a little less than a quarter of the lower
visual field. Since the first human measurements, how-
ever, investigators have not been able to reliably measure
a dorsal component of V4 (Tootell & Hadjikhani, 2001).
Moreover, the initial attempts to identify V4 based on
functional color responses (McKeefry & Zeki, 1997; Zeki

et al., 1991) and neurological case studies (Meadows,
1974) suggested that in human V4 is confined to the
ventral surface. An exploration of the visual maps in these
color responsive VO regions further suggested that the
visual field coverage was significantly more than a
quarterfield, and likely a hemifield. This too caused
uncertainty about homology of the fourth human map
with macaque V4. Hence, it was suggested that the fourth
human map on the ventral surface be called hV4 (Wade
et al., 2002).
Subsequent measurements have not produced definitive

hV4 maps in every subject; the extent of the visual field
coverage of the map on the ventral surface appears to vary
between subjects. Some groups have assumed that the
difficulty in measuring the full contralateral hemifield
should be attributed to instrumental and methodological
limits (Larsson & Heeger, 2006; Wade et al., 2002). Other
investigators have proposed that the ventral hV4 field map
does not extend to the lower vertical meridian (Hansen
et al., 2007; Tootell, Tsao, & Vanduffel, 2003). They
argue this coverage is missing in human and propose a
model that adheres more closely to the macaque V4.
Specifically Hansen et al. (2007) argue that a sliver of V4
is on the dorsal surface, and that this dorsal cortex
contains a representation of the lower vertical meridian
that is missing on the ventral surface. The two competing
models are explained and contrasted in Figure 1.

Figure 1. Two models of the organization of the visual field maps near the occipital pole. (1) In model 1, hV4 is entirely on the ventral
surface, and responds to the complete contralateral hemifield (Brewer et al., 2005; Larsson & Heeger, 2006; Wade et al., 2002). (2) In
model 2, V4 is split into a larger ventral region and a smaller dorsal region (Hansen et al., 2007). In this model, the ventral region is blind to
the visual field near the lower vertical meridian. Asterisks, here and in other figures, indicate the lateral edge of hV4 according to model 1,
with a putative lower field representation. According to model 2, there is no organized visual field map in this region.
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No man’s land

Note the large unmarked region between the dorsal
maps (LO-1,2, TO-1,2) and the ventral maps (hV4,
VO-1,2). This region is not well understood. The posterior
part of this region may be part of the confluent fovea at
the center of the pinwheel containing V1, V2, V3, LO-1,2,
and hV4. The more anterior part of this region may
include object-selective regions such as the lateral
occipital complex (Malach et al., 1995) or visual word
form area (Ben-Shachar, Dougherty, & Wandell, 2007;
Cohen et al., 2000). The retinotopic maps that otherwise
tile the occipital lobe are often missing in this region. The
polar angle representations that we do observe in this
region, as in Figure 2, differ substantially across subjects.
To anticipate the results in the next section, we note that
in most subjects this region is adjacent to the TS.

Measurement limitations in ventral occipital
cortex

The transverse sinus distorts the local magnetic field

The visual field maps in Figure 2 are clear, but this is
not the case in every subject; the variance across subjects
is particularly strong in ventral occipital cortex. To
interpret the BOLD signal in this region requires under-
standing the source of this variance. One likely source can
be traced to the dural sinuses, a set of large vessels that
collect venous blood from the interior and exterior veins
of the brain and drain into the jugular veins. Several of the
dural sinuses, the transverse sinuses, the straight sinus,
and the superior sagittal sinus, combine near the occipital
pole (Figure 3a). The transverse sinus follows a path
between the ventral occipital lobe and the cerebellum,

Figure 3. Location of transverse sinus and its effect on the mean magnetic field (B0). (a) Position of the transverse sinus (red) with respect
to the cortical surface and several visual field maps. (b) Simulation of the shift in B0 caused by a cylinder containing venous blood. The
size of the B0 shift depends on the orientation of the cylinder with respect to the magnetic field. A local change in the B0 field produces a
change in the Larmor frequency, hence the shift is expressed in units of Hz (see color overlay; after Jezzard & Ramsey, 2003). (c) Cross-
sectional view of the predicted shift in the B0 field within the gray matter in a single image plane (indicated in (a)). The B0 field is oriented
approximately vertically in the plane. The white outlines show the estimated position of hV4. The TS is shaded red and outlined by black
dashed lines. The position of the superior sagittal sinus is marked (S) at the dorsal midline. The size of the predicted B0 shift is shown by
the color overlay. In this subject, the predicted shift is large in both right and left hV4. The method used for predicting the B0 shift is
described in Appendix A. Subject S6.
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A	  case	  study	  in	  being	  careful:	  

(lower plot, blue line). This pattern indicates that the B0

distortion results in BOLD signals that do not measure the
local cortical activity.

Appendix C

Mean maps and coverage, 12 hemispheres

The TS artifact often affects responses near hV4.
Streaks of low mean spiral BOLD signals, usually running
approximately along the poster-anterior axis, reveal the
TS artifact (Figure C1). The streaks can appear as parallel
bands when the TS artifact lies on the gyri on either side of
a sulcus (e.g., subjects 1, 2, left hemispheres). The artifact

and hV4 lateral edge frequently overlap in the left hemi-
spheres (bottom row; e.g., subjects 1, 2, 5, and 6). In the
right hemispheres, the TS artifact more often overlaps the
posterior (foveal) part of hV4 than the lateral edge (e.g.,
subjects 1, 3, and 5). The visual field coverage in the right
hemisphere tends to be greater than the left hemisphere.
The visual field coverage maps exclude the portion of

cortex identified as being influenced by the TS. Had we
included these regions, the coverage would be greater
(adding voxels can only increase the coverage). However
the large-field on–off responses in the TS artifact do not
reflect the local cortical activity, so that we do not include
data from these regions. The surface area of hV4,
including the artifact regions, was 404 T 179 mm2 for
the right hemispheres and 503 T 163 mm2 for the left
hemispheres (means T std).

Figure C1. Mean BOLD maps and visual field coverage in 12 hemispheres. The ventral occipital cortex of both hemispheres in 6
subjects shows the mean BOLD signal (top and bottom panels. The location of the TS artifact is indicated with black arrows. The
approximate hV4 boundaries are outlined in white and the lateral hV4 edge is denoted by asterisks. The gray outline marks regions where
the TS artifact overlaps the presumed hV4 maps. Neighboring visual field maps are outlined (VO-1, blue; V3v, green or red). Plots
showing the visual field coverage are either below (right hemispheres) or above (left hemispheres) the corresponding mesh.
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across voxels in the artifact region is not random
(Appendix B). Hence averaging the data cannot eliminate
the artifactual responses. Across subjects averaging is no
help because the TS is generally located in the same
position, and its effect is greater in gyri than sulci. Thus,
the methods used for measuring statistic parameter maps
do not eliminate the artifact.
There is one piece of bright news among this generally

gloomy assessment. It should be possible to find an
instrumental solution to the TS artifact. The TS distorts
the mean magnetic field (B0); obtaining accurate estimates
of this distortion might enable us to correct for the
distortion during the reconstruction process.

hV4 measurements
Hemispheres in which the TS is displaced from hV4
support the hemifield model

While the TS often obscures responses from the lateral
edge of hV4, there is some biological variability in the TS
position. Specifically, in some hemispheres the TS can be
more than 1 cm away from the lateral edge of hV4 which

offers a chance of measuring responses from the full
extent of this field map. Three hemispheres showing the
different locations of the TS are shown in Figure 5. For
the two hemispheres on the left of the image, the low
mean BOLD signal is located posterior and lateral to the
hV4 border. For the hemisphere in the right of the image,
the TS artifact aligns with the lateral edge of hV4. We
show the visual field maps from these three subjects in
Figures 6 and 9.
In the hemispheres with the TS displaced from the

lateral edge of hV4, the lateral edge of hV4 responds
principally to stimuli located on the lower vertical
meridian (Figure 6a), consistent with the hemifield model
of Figure 1. In both of these hemispheres the distribution
of pRF centers in hV4 extends close to the lower vertical
meridian (Figure 6b, gray dots), though they do not extend
into a small sliver of the field near the lower vertical
meridian representation (about 10 deg, Figure 6b-left; and
20 deg, Figure 6b-right). But when the pRF size is taken
into account, we find that hV4 responds to stimuli up to
and beyond the vertical meridian.
It is important to combine pRF size and center location

in estimating a map’s visual field coverage. Accounting for

Figure 6. Visual field coverage in hemispheres with the TS displaced from the lateral edge of hV4. In these two subjects (S3, S4, right
hemispheres) the pRF centers approach the lower vertical meridian and the coverage extends beyond the meridian. (a) Angle maps from
the composite pRF models (14- and 3-). The gray outline marks the relatively small regions of hV4 that are affected by the TS artifact.
(b) Visual field coverage. The image represents the central visual field (15 deg radius). The gray dots indicate the center of the pRF for each
hV4 voxel. The color overlay represents the relative effectiveness of visual field locations at evoking a response in hV4.
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hV4	  

we have come to appreciate some important limitations in
measuring ventral occipital signals in general. In this
report we describe both our specific conclusions about
hV4 as well as our new understanding of limitations in
measuring VO cortex.

Background: hV4
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1974) suggested that in human V4 is confined to the
ventral surface. An exploration of the visual maps in these
color responsive VO regions further suggested that the
visual field coverage was significantly more than a
quarterfield, and likely a hemifield. This too caused
uncertainty about homology of the fourth human map
with macaque V4. Hence, it was suggested that the fourth
human map on the ventral surface be called hV4 (Wade
et al., 2002).
Subsequent measurements have not produced definitive

hV4 maps in every subject; the extent of the visual field
coverage of the map on the ventral surface appears to vary
between subjects. Some groups have assumed that the
difficulty in measuring the full contralateral hemifield
should be attributed to instrumental and methodological
limits (Larsson & Heeger, 2006; Wade et al., 2002). Other
investigators have proposed that the ventral hV4 field map
does not extend to the lower vertical meridian (Hansen
et al., 2007; Tootell, Tsao, & Vanduffel, 2003). They
argue this coverage is missing in human and propose a
model that adheres more closely to the macaque V4.
Specifically Hansen et al. (2007) argue that a sliver of V4
is on the dorsal surface, and that this dorsal cortex
contains a representation of the lower vertical meridian
that is missing on the ventral surface. The two competing
models are explained and contrasted in Figure 1.

Figure 1. Two models of the organization of the visual field maps near the occipital pole. (1) In model 1, hV4 is entirely on the ventral
surface, and responds to the complete contralateral hemifield (Brewer et al., 2005; Larsson & Heeger, 2006; Wade et al., 2002). (2) In
model 2, V4 is split into a larger ventral region and a smaller dorsal region (Hansen et al., 2007). In this model, the ventral region is blind to
the visual field near the lower vertical meridian. Asterisks, here and in other figures, indicate the lateral edge of hV4 according to model 1,
with a putative lower field representation. According to model 2, there is no organized visual field map in this region.
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3	  ways	  to	  use	  mul/voxel	  informa/on	  

• Classifiers	  
• Forward	  models	  
• Tuning	  func/ons	  



History	  of	  using	  MVPA	  in	  early	  visual	  
cortex	  
•  MVPA	  was	  originally	  developed	  by	  Haxby	  et	  al	  
(2001)	  et	  al	  to	  examine	  object	  representa/on	  
in	  the	  ventral	  stream.	  	  

•  Applica/on	  to	  V1	  orienta/on	  decoding	  by	  
Kamitani	  and	  Tong	  (2005)	  

•  Showed	  that	  they	  could	  classify	  orienta/on	  –	  
but	  also	  a"ended	  orienta+on	  





azimuth–orientation function) derived from cells located in the
periphery of the pinwheel (more than 65 mm from the centre; blue
points). Cells in the pinwheel centre (less than 65 mm; red points)
follow the same curve (correlation coefficient r ! 0.98). Thus, cells in
the centre of the pinwheel are arranged according to the pattern seen
in the periphery.
We further examined the relationship between pinwheel centre

and periphery by quantifying three parameters: the orderliness of the
orientation map, the response strength, and the orientation tuning
width. First, we measured the angular deviation, which is the degree
to which individual cells deviated from the orderly pinwheel arrange-
ment, expressed in the azimuth–orientation function (black curve in
Fig. 3b) for each pinwheel. For cells close to the pinwheel centre, the
distribution of angular deviations was clearly biased towards zero
(Fig. 3c; median 98), although they were somewhat higher than in the
surround (Fig. 3d; median 58 (see also Supplementary Fig. S2);
however, if the deviation was measured as cortical displacement of
neurons, it was smaller at the centre (see Supplementary Fig. S3)).
The distribution in the centre was significantly different from the
random distribution obtained by shuffling the location of cells
(Fig. 3c, grey bars; P , 10210; Wilcoxon rank-sum test). Second,
the response amplitudes in the pinwheel centre (Fig. 3f; median 4.3%
fluorescence increase) were smaller than in the periphery (Fig. 3g;
5.8%, P , 10212; Wilcoxon rank-sum test). Finally, cells close to the
pinwheel centre were selective to orientation but had a slightly
broader tuning bandwidth (Fig. 3i; median 378) than cells in the
periphery (Fig. 3j; median 318; P , 1024; Wilcoxon rank-sum test).
The differences in tuning width were sufficiently robust that they
were observed independently in different subsets of the data (even
and odd trials, Supplementary Figs S4 and S5).
We found essentially the same relationship between the pinwheel

centre and periphery in all ten pinwheels studied. The pinwheel

centres were remarkably well organized: the median angular devia-
tion of the measured preferred orientation from the azimuth–
orientation function was small (less than 178), although consistently
larger than in the periphery (Fig. 3e). The median response strength
of the cells was always 17–41% smaller in the pinwheel centre than in
the periphery (Fig. 3h). Themedian bandwidth of orientation tuning
was consistently broader in the pinwheel centre than in the periphery,
but this difference was always small (less than 118; Fig. 3k).
The present study was performed with kittens at an age when

orientation maps are well established (postnatal days 28–35)15,16, but
still within the critical period. Our results are consistent with the idea
that tuning widthmight be slightly broader in the pinwheel centres of
kittens of this age, as has been suggested17. However, any quantitative
conclusions about the degree of orientation tuning must take several
technical issues into consideration. First, to minimize experiment
time, we sampled orientation coarsely (458) in most experiments.
When we sampled orientation more densely (22.58) in some experi-
ments, the apparent tuning width of the most selective cells became
considerably smaller (see Supplementary Figs S6 and S7), which
rather enlarged the difference in tuning width between centre and
periphery. Second, the smaller responses at the pinwheel centres
might result in apparently broader curves due to decreased signal-to-
noise ratios; indeed, the measured tuning width was inversely
correlated with response strength both near the centre and in the
periphery (Supplementary Fig. S8).
The smaller responses near the pinwheel centres than in the

periphery might also have contributed to the apparently higher
percentage of unresponsive cells in the centre (16.5%) than in the
periphery (5.8%). Alternatively, the unresponsive cells at the pin-
wheel centres might have been selective to some other stimulus
attributes. In a few experiments we tried square-wave gratings at a
range of spatial frequencies (0.07–1.0 cycles/degree) at a single

Figure 1 | Functional maps of orientation pinwheels. Pinwheels were
mapped at low resolution (a) and with single-cell resolution (b–e). a, An
orientation map obtained with intrinsic-signal optical imaging. In this
colour-coded map (polar map), hue is determined by the best orientation.
Darker colours, in pinwheel centres, represent less selective responses.
b, Two-photon calcium imaging. Approximately, the square region drawn in
a was imaged at 250mm below the pial surface. The top panel shows an
averaged image of cortical cells stained with the calcium indicator Oregon
Green 488 BAPTA-1 AM. The bottom four panels show single-condition
maps for four orientations of visual stimuli (DF/F, the percentage change in
fluorescence between stimulation period and blank; gaussian smoothed

by 1 mm). The scale bar (DF/F) applies only to the bottom four panels.
c, Cell-based orientation maps from nine different depths (130, 150, 170,
190, 210, 230, 250, 270 and 290mm, as indicated). Selective cells (1,034 out of
1,055 cells; P , 0.05, ANOVA across eight directions) are coloured
according to their preferred orientation. The cortical surface was tilted
(about 158), which was corrected for by shifting the images by 5.2 mm for
every 20 mm in depth (grey margins indicate this shift). The last panel shows
the overlay of images from all nine depths. d, e, Dye-loaded cells and
orientationmaps in pinwheels from two other animals. Scale bars, 1mm (a);
100mm (b–e).
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by suggesting that each voxel samples columns selective to all
orientations, but not in a precisely balanced fashion (for an intuitive
illustration of this interpretation, see Boynton, 2005). As a result, each
voxelmay respond slightlymore strongly to some orientations than to
others. Combining the orientation information in these slight biases
across many voxels would then allow robust decoding of orientation.

The issue is of great practical significance to neuroscientists working
with fMRI: If 3-mm-wide isotropic voxels really reflected neuronal
patterns of columnar grain, then pattern information fMRI (Haxby et al.,
2001; Cox and Savoy, 2003; Carlson et al., 2003; Hanson et al., 2004;
Kriegeskorte, 2004; Mitchell et al., 2004; and too many more to list
since 2005, for reviews see Haynes and Rees, 2006; Norman et al., 2006;
Kriegeskorte and Bandettini, 2007) would be even more useful than
previously thought, allowing sensitive population-code analyses not
only of the coarse activity patterns directly imaged by fMRI (i.e., the

lower spatial-frequency band of neuronal population activity), but even
of fine-grained within-voxel columnar patterns. These fine-grained
patterns reside in the “hyper-band,” the spatial-frequency band above
the Nyquist frequency (i.e., half the sampling frequency), which cannot
be represented directly given the spacing of the voxels and the
additional hemodynamic blurring.

Op de Beeck (2009) introduced the apt term “fMRI hyperacuity”
for fMRI sensitivity to above-Nyquist (i.e., “hyper-band”) spatial
frequencies of the underlying neuronal activity pattern. However, he
argues against this possibility on the basis of his finding that fMRI
pattern-decoding accuracy did not suffer when the fMRI data were
spatially smoothed prior to decoding grating orientation from V1 or
object category from LOC. Similar results have been reported
previously (Gardner et al., 2006, but see also Friston et al., 2008). If
we think of fMRI as simply giving us images of neuronal activity

Fig. 1. Two models for how. fMRI voxels sample neuronal activity patterns. In the compact-kernel-filter model (left column), the neuronal activity pattern is sampled by local
averaging to generate each voxel's signal (bottom). The compact kernel defines the weights for the local averaging and could implement an averaging box (constant weights inside,
zero weight outside the voxel) as well as a Gaussian-weighted average. In the complex-spatiotemporal-filter model (right column), the neuronal activity pattern is sampled through
the finely structured vascular architecture supplying each voxel with its signal and the precise spatiotemporal properties of the filter are unique to each voxel and depend on both the
signal-supplying vascular architecture and the dynamics of blood flow into the voxel (bottom). The two models suggest different predictions as to how different spatial frequencies
of the neuronal activity pattern are reflected in the voxel pattern (top). In the compact-kernel-filter model, the voxel pattern essentially provides a blurred image of the neuronal
pattern. Thus each spatial frequency of the neuronal pattern will be represented by the same spatial frequency in the voxel pattern (upward arrows in the left column). Aliasing of
hyper-band spatial frequencies can also occur (not shown), but the aliased components should be weak in amplitude. The complex-spatiotemporal-filter model suggests a more
complicated relationship between neuronal patterns and voxel patterns, in which aliasing of a given frequency of the neuronal pattern into a different frequency of the voxel pattern
is more prevalent (crossing arrows in the right column), although the voxel pattern may also contain an image of the neuronal activity pattern (upward arrows in the right column)
for the frequency range the voxel grid can represent.

1966 N. Kriegeskorte et al. / NeuroImage 49 (2010) 1965–1976
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visual field. Voxels that showed stronger orientation preference were
confined well within retinotopic boundaries of the annular stimulus
(Supplementary Fig. 3), suggesting the retinotopic specificity of these
orientation-selective signals. Consistent with this notion, fMRI activity
patterns from unstimulated regions around the foveal representation in
V1 and V2 led to chance levels of orientation decoding performance.
Although our subjects were well trained at maintaining stable fixation,
it is conceivable that different orientations might elicit small but
systematic eye movements that could alter the global pattern of cortical
visual activity. However, additional control experiments showed that
when independent gratings (451 or 1351) were presented simulta-
neously to each hemifield, visual activity in each hemisphere could
accurately decode the orientation of the contralateral stimulus but
not the ipsilateral stimulus (96.1% versus 54.9% correct using 200
voxels from V1/V2 for each hemisphere; chance, 50%; Supplementary
Fig. 4). The independence of orientation information in the two
hemispheres cannot be explained in terms of eye movements or any
other factors that would lead to global effects on cortical activity.

We further investigated the physiological reliability of these orienta-
tion signals in the human visual cortex by testing generalization across
separate sessions in two subjects. This was done by training the
orientation decoder with fMRI activity patterns from one day and
using it to predict perceived orientation with the fMRI data from
another day (Fig. 2c). The RMSEs for the across-session generalization
were 18.91 (31 d apart) and 21.71 (40 d apart) for subjects S1 and S2,
respectively, almost as small as those for within-session generalization
(17.91 and 21.01, respectively). The results indicate that these orienta-
tion-selective activity patterns reflect physiologically stable response
properties across the visual cortex.

The ability to extract robust orientation information from ensemble
fMRI activity allowed us to compare orientation selectivity across
different human visual areas. Orientation selectivity was most pro-
nounced in early areas V1 and V2, and declined in progressively higher
visual areas (Fig. 3). All four subjects showed this same trend of dimi-
nishing orientation selectivity across retinotopic visual areas (RMSEs,
mean 7 s.d., for ventral V1, V2, V3 and V4 were 31 7 41, 29 7 41,
40 7 81 and 46 7 41, respectively). This pattern of orientation
selectivity is consistent with monkey data showing poorer orientation
selectivity and weaker columnar organization in higher visual areas10,

but has never been shown in the human visual cortex. Unlike areas V1
through V4, human area MT+ showed no evidence of orientation
selectivity (53.2 7 3.71; chance level, 52.81), consistent with the idea
that this region is more sensitive to motion than to stimulus form.

Source of orientation information
Additional analyses confirmed that this orientation information
obtained from the human visual cortex reflects actual orientation-
dependent responses. Our linear ensemble orientation detectors were
unable to discriminate the orientation of the phase-randomized
stimulus gratings on the basis of pixel intensity values alone because
orientation is a higher-order property that cannot be expressed by a
linearly weighted sum of inputs16. However, the decoder composed of
linear detectors could classify these images when they received input
from intervening orientation filters with nonlinearity, analogous to V1
neurons (Fig. 4). The results indicate that ensemble orientation
selectivity does not arise from the retinotopic projection of bitmap
grating images on the cortex but rather from the orientation informa-
tion inherent in individual voxels, which can then be pooled together.

What is the pattern of orientation preferences among these voxels
that is responsible for such precise ensemble selectivity? We plotted the
orientation preference of individual voxels on flattened cortical repre-
sentations, coloring voxels according to the orientation detector for
which each voxel provided the largest weight (Fig. 5). Voxel orientation
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Figure 4 Pairwise decoding performance as a function of orientation
difference (all pairs from eight orientations), for grating images (pixel
intensities), fMRI images (voxel intensities) and transformed grating images.
The gratings (I) were 20 ! 20 pixel black-white images with 2–3 stripes.
The fMRI images (II) were those obtained in the present study (responses
to gratings of eight orientations; 400 voxels from V1/V2). The transformed
images (III) were created by linear orientation filtering (Gabor-like filters for
four orientations) of the grating images followed by thresholding (nonlinearity)
and addition of noise. The orientations of these images were decoded for
each pair of orientations (chance level, 50%). For (I) and (III), the average
performance with five sets of phase-randomized images is plotted (error bar,
s.d.). For (II), the average performance of four subjects is shown. The grating
images (I) resulted in poor performance regardless of orientation difference.
In contrast, the fMRI images (II) and the transformed grating images (III)
both showed performance that improved with orientation difference, reaching
near perfect levels at 901.

Figure 3 Orientation selectivity across the human visual pathway. Decoded
orientation responses are shown for individual visual areas from V1 through
V4 and MT+ (S3, 100 voxels per area). The color map indicates t-values
associated with the responses to the visual field localizer for V1 through V4,
and to the MT+ localizer for MT+ (see Methods). The voxels from both
hemispheres were combined to obtain the results, though only the right
hemisphere is shown. All other subjects showed similar results of
progressively diminishing orientation selectivity in higher areas.
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knowledge of his or her brain state. Specifically, we tested if the
activity patterns evoked by unambiguous single orientations can be
used to decode which of two competing orientations is dominant in a
person’s mind under conditions of perceptual ambiguity. We hypothe-
sized that activity in early human visual areas, which was found here to
represent unambiguous stimulus orientations, may subserve a com-
mon role in representing the subjective experience of orientation when
two competing orientations are viewed. If so, then when subjects are
instructed to attend to one of two overlapping gratings (that is, plaid),
activity patterns in early visual areas should be biased toward the
attended grating.

First, subjects viewed single gratings of 451 or 1351 orientation
(Fig. 7a, top; black and white counterbalanced), and the resulting fMRI
activity patterns were used to train the orientation decoder. Then in
separate test runs, subjects viewed a plaid stimulus consisting of both
overlapping gratings (Fig. 7a, bottom). In each 16-s trial, subjects were
required to attend to one oriented grating or the other by monitoring
for small changes in the width of the bars in the attended grating while
ignoring changes in the unattended grating. The fMRI data obtained
while subjects viewed the two competing orientations were analyzed
using the decoder trained on fMRI activity patterns evoked by the
single gratings.

Orientation signals in early human visual areas were strongly biased
toward the attended orientation during viewing of the ambiguous
stimulus (Fig. 7b,c). Even though the same overlapping gratings were
presented in the two attentional conditions, fMRI activity patterns in
the visual cortex reliably predicted to which of the two orientations the
subject was attending on a trial-by-trial basis at overall accuracy levels
approaching 80% (P o 0.0005 for 4/4 subjects using 800 voxels from
V1–V4, chi square test). Analyses of individual visual areas showed that
ensemble activity was significantly biased toward the attended orienta-
tion in all four subjects for area V1 and also V2 (P o 0.05), and in
3/4 subjects for area V3 and areas V3a/V4v combined.

We did an additional control experiment to address whether eye
movements, orthogonal to the attended orientation, might account for
the enhanced responses to the attended grating by inducing retinal
motion. The visual display was split into left and right halves, and
activity from corresponding regions of the contralateral visual cortex
was used to decode the attended orientation in each visual field
(Supplementary Fig. 4). Even when the subject was instructed to pay
attention to different orientations in the plaids of the left and right
visual fields simultaneously, cortical activity led to accurate decoding of
both attended orientations. Because eye movements would bias only
one orientation in the whole visual field, these results indicate that the

attentional bias effects in early visual areas are not due to retinal motion
induced by eye movements.

The robust effects found in V1 and V2 suggest that top-down
voluntary attention acts very early in the processing stream to bias
orientation-selective signals. Although previous studies have re-
ported evidence of feature-based attentional modulation in the
visual cortex20–25, our results provide novel evidence that top-down
attention can bias orientation signals at the earliest stage of cortical
processing when two competing stimuli are entirely overlapping. These
results suggest that feedback signals to V1 and V2 may have an
important role in voluntary feature-based attentional selection of
orientation signals.

DISCUSSION
We have shown that fMRI activity patterns in the human visual cortex
contain reliable orientation information that allows for detailed pre-
diction of perceptual and mental states. By combining an ensemble of
weakly orientation-selective fMRI voxels, we could accurately differ-
entiate subtle variations in perceived stimulus orientation on a trial-by-
trial basis. Moreover, activity patterns evoked by unambiguous stimuli
could reliably predict which of two competing orientations was the
focus of a subject’s attention. These results demonstrate a tight
coupling between brain states and subjective mental states.

Models of human visual perception commonly assume orienta-
tion-selective units, similar to those found in animals, to account for a
variety of psychophysical data26. However, neurophysiological evidence
to support the existence of such mechanisms in the human brain
has been indirect27–29. Here, we found that early human visual
areas were indeed highly orientation selective, and that ensemble
orientation selectivity was most pronounced in areas V1 and V2
and progressively weaker in higher areas, consistent with neurophy-
siological data in monkeys10. Our results suggest that orientation
selectivity in the human visual system may closely resemble that of
nonhuman primates.

Previous neuroimaging studies have used multi-voxel pattern ana-
lysis to reveal broadly distributed object representations extending over
1–5 cm regions of the ventral temporal cortex7. Our approach for
measuring ensemble feature selectivity suggests that multi-voxel ana-
lyses may also be effective at extracting feature-tuned information at
much finer scales of cortical representation, by pooling together weak
feature-selective signals in each voxel, which may arise from variability
in the distribution of cortical feature columns or their vascular supply.
If this is indeed the case, then the approach proposed here could be
used to investigate a variety of feature domains, such as color selectivity,
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Figure 7 Mind-reading of attended orientation. (a) Procedure. First, a
decoder was trained using fMRI activity evoked by single gratings to
discriminate 451 versus 1351. Black and white gratings (equal contrast) were
counterbalanced across trials. In the attention experiment, a plaid pattern
composed of two gratings (black-white orientation assignment counter-
balanced) was presented. The color of the central fixation spot was changed
to indicate to which orientation (451 or 1351) the subject should attend in
each trial. The fMRI activity patterns obtained in the attention experiment
were classified by the decoder trained with single gratings. (b) Performance.
Gray lines plot decoded orientation responses for the ‘attend to 451’ and
‘attend to 1351’ conditions (S3, 800 voxels from V1–V4). Solid black lines
indicate attended orientations. (c) Performance across the human visual
pathway. The percentage of correct decoding is plotted by visual area (chance
level, 50%; 800 voxels for V1–V4 combined, 200 voxels for V1, V2, V3 and
V3a/V4v, and 100 voxels for MT+). Colored lines show the performance of
four individual subjects. Black points and lines depict the mean cross-
validation performance obtained with single gratings (training session).
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•  Informa/on	  about	  orienta/on	  is	  present	  in	  
the	  pa_ern	  of	  V1	  ac/vity,	  even	  in	  the	  absence	  
of	  univariate	  changes	  

•  A_en/on	  to	  different	  orienta/ons	  modulates	  
orienta/on-‐tuned	  neurons	  selec/vely	  
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Orientation Decoding Depends on Maps, Not Columns

Jeremy Freeman,1 Gijs Joost Brouwer,1,2 David J. Heeger,1,2 and Elisha P. Merriam1,2

1Center for Neural Science and 2Department of Psychology, New York University, New York, New York 10003

The representation of orientation in primary visual cortex (V1) has been examined at a fine spatial scale corresponding to the columnar
architecture. We present functional magnetic resonance imaging (fMRI) measurements providing evidence for a topographic map of
orientation preference in human V1 at a much coarser scale, in register with the angular-position component of the retinotopic map of V1.
This coarse-scale orientation map provides a parsimonious explanation for why multivariate pattern analysis methods succeed in
decoding stimulus orientation from fMRI measurements, challenging the widely held assumption that decoding results reflect sampling
of spatial irregularities in the fine-scale columnar architecture. Decoding stimulus attributes and cognitive states from fMRI measure-
ments has proven useful for a number of applications, but our results demonstrate that the interpretation cannot assume decoding
reflects or exploits columnar organization.

Introduction
The orientations of visual features are represented in an orderly
pinwheel-like progression within each hypercolumn (!1 " 1 mm
in monkey and !2 " 2 mm in human) of primary visual cortex
(V1) (Hubel and Wiesel, 1963; Blasdel and Salama, 1986; Grin-
vald et al., 1986; Das and Gilbert, 1997; Maldonado et al., 1997;
Ohki et al., 2006; Adams et al., 2007). Less is known, however,
about representations of orientation at a coarse spatial scale.

Several studies have shown that it is possible to assess orien-
tation selectivity in human V1 using functional magnetic reso-
nance imaging (fMRI). fMRI pools cortical activity over several
millimeters, so the underlying orientation-selective neural re-
sponses might cancel out, resulting in fMRI responses that are
not orientation selective. Rather, it has been demonstrated, using
multivariate statistical analyses (e.g., using a classifier to decode
stimulus orientation from the spatial pattern of activity across
many fMRI voxels), that individual fMRI voxels exhibit small but
reliable orientation preferences (Haynes and Rees, 2005; Kami-
tani and Tong, 2005; Kay et al., 2008). The source of these orien-
tation preferences, however, remains controversial.

A leading conjecture is that the orientation preferences in
fMRI measurements arise from random spatial irregularities in
the fine-scale columnar architecture (Boynton, 2005; Haynes and
Rees, 2005; Kamitani and Tong, 2005; Op de Beeck et al., 2008).
According to this account, multivariate statistical analyses, which
are exceptionally sensitive, exploit these small biases to reveal
orientation-specific signals, thereby providing a window into
subvoxel columnar structure. It has been difficult to confirm or

reject this conjecture (Mannion et al., 2009; Gardner, 2010; Ka-
mitani and Sawahata, 2010; Kriegeskorte et al., 2010; Op de
Beeck, 2010; Shmuel et al., 2010; Swisher et al., 2010).

An alternative possibility is that decoding accuracy, at least for
orientation in V1, reflects a coarse-scale organization, such as a
global preference for cardinal orientations (Furmanski and En-
gel, 2000; Serences et al., 2009) or for radial orientations (i.e.,
orientations that point toward the fovea) (Sasaki et al., 2006;
Mannion et al., 2010).

Motivated by the multivariate statistical analysis of orienta-
tion selectivity in human V1, a wealth of fMRI studies have used
similar methods to probe selectivity for various stimulus features
and cognitive processes throughout the brain (e.g., Haynes and
Rees, 2006; Norman et al., 2006; Op de Beeck et al., 2008). Re-
solving the source of the orientation preferences in fMRI mea-
surements from V1 would help guide the interpretation of the
rapidly growing number of results based on multivariate statisti-
cal analyses in other brain areas.

We used fMRI to investigate the coarse-scale organization of
orientation in human V1 and found a topographic map of radial
orientations, confirming and extending previous reports of a ra-
dial bias (Sasaki et al., 2006; Mannion et al., 2010). The orienta-
tion map was tightly colocalized with the angular-position
component of the retinotopic map in V1 (Engel et al., 1994;
Sereno et al., 1995; DeYoe et al., 1996). This coarse-scale map of
orientation was both necessary and sufficient for orientation de-
coding. Hence, our results do not support the conjecture that orien-
tation decoding, at conventional spatial sampling resolutions (!2 "
2 " 2 mm voxels), reflects the fine-scale columnar architecture.
Rather, the coarse-scale orientation map provides a parsimonious,
but sobering, explanation for fMRI classification results: orientation
decoding in V1 is not an example of how fMRI might probe repre-
sentations at fine (i.e., subvoxel) spatial scales.

Materials and Methods
Subjects. Data were acquired from four healthy subjects with normal or
corrected-to-normal vision (three males; age range, 24 –34 years). Three
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tial phase of the grating was randomized every 250 ms. Subjects
performed a demanding rapid serial visual presentation two-
back task at fixation to control the locus of attention and divert it
from the peripheral stimulus. The responses of each voxel were fit
to a sinusoid with the period of the stimulus as is typically done
with retinotopic mapping data. The phase of the best-fitting sinu-

soid indicated the preferred orientation of
the voxel. The coherence between the best-
fitting sinusoid and the measured response
time courses provided a measure of the
signal-to-noise ratio of the responses. Ori-
entation preferences were visualized on a
flattened representation of visual cortex
(Figs. 1, 2; see also Fig. 4).

Orientation preferences exhibited a
smooth progression across V1. For each
location within V1, the responses exhib-
ited a preference for radial orientations,
matching the angular-position compo-
nent of the retinotopic map (Figs. 1, 2).
The angular-position component of the
retinotopic map was measured in the
same subjects using standard methods
(Engel et al., 1997; Larsson and Heeger,
2006; Wandell et al., 2007). Stimuli were
high-contrast flickering checkerboard
patterns presented within two collinear
wedges shown within the same annulus
used for the oriented gratings (Fig. 1B).
We used two wedges (instead of one,
which is more typical for retinotopic
mapping) to equate the phase-range of the
maps; in both cases, one full cycle covered
180° of the stimulus variable (angular po-
sition or orientation). The angular-
position and orientation maps were
qualitatively similar (Figs. 1, 2). We use
the term “orientation map” to refer to the
fact that orientation responses are topo-
graphically organized in a radial bias, in
register with the angular-position map.
The similarity between the orientation
map and the angular-position map was
quantified by correlating the orientation
preference and angular-position prefer-
ence of each voxel (Fig. 3A) (most voxels
fall on or near the line of equality). Corre-
lation between the maps (rc, circular cor-
relation) was highly statistically
significant (Fig. 3A) (rc ! 0.52, p "
0.0001; randomization test, combining
data across n ! 3 subjects). Correlations
were also significant, and of similar mag-
nitude, within each individual subject (S1:
rc ! 0.53, p " 0.0001; S2: rc ! 0.40, p "
0.0001; S3: rc ! 0.65, p " 0.0001; random-
ization test). Voxels for which the maps
differed substantially (farther from the
line of equality in Fig. 3A) appeared to
cover a wide range of retinotopic locations
and tended to have low coherence values.
Computing correlations only using high-
coherence voxels (those exceeding the

50th percentile) yielded an even higher correlation (rc ! 0.78;
n ! 3), but we prefer to report correlations without thresholding
to avoid any potential statistical bias (Kriegeskorte et al., 2009;
Vul et al., 2009). Circular correlations are invariant to phase off-
sets, so we also computed the best-fitting phase shift (#!) be-
tween orientation and angular-position preference. The phase

Figure 1. Orientation and angular-position topographic maps for a single subject shown on a flattened representation of the
occipital lobe. A, Responses to phase-encoded oriented gratings (shown in inset). The stimulus cycled through 16 steps of orien-
tation, ranging from 0° to 180° every 24 s. The map is thresholded at a coherence of 0.3. B, Responses to double-wedge retinotopy
stimulus (shown in inset). The stimulus cycled through 16 steps of angular position, ranging from 0° to 180° every 24 s. The map is
thresholded at a coherence of 0.68 to account for differences in signal-to-noise ratio between the two experiments (see Materials
and Methods). Color indicates phase of best-fitting sinusoid; white lines indicate the V1/V2 boundaries.
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tial phase of the grating was randomized every 250 ms. Subjects
performed a demanding rapid serial visual presentation two-
back task at fixation to control the locus of attention and divert it
from the peripheral stimulus. The responses of each voxel were fit
to a sinusoid with the period of the stimulus as is typically done
with retinotopic mapping data. The phase of the best-fitting sinu-

soid indicated the preferred orientation of
the voxel. The coherence between the best-
fitting sinusoid and the measured response
time courses provided a measure of the
signal-to-noise ratio of the responses. Ori-
entation preferences were visualized on a
flattened representation of visual cortex
(Figs. 1, 2; see also Fig. 4).

Orientation preferences exhibited a
smooth progression across V1. For each
location within V1, the responses exhib-
ited a preference for radial orientations,
matching the angular-position compo-
nent of the retinotopic map (Figs. 1, 2).
The angular-position component of the
retinotopic map was measured in the
same subjects using standard methods
(Engel et al., 1997; Larsson and Heeger,
2006; Wandell et al., 2007). Stimuli were
high-contrast flickering checkerboard
patterns presented within two collinear
wedges shown within the same annulus
used for the oriented gratings (Fig. 1B).
We used two wedges (instead of one,
which is more typical for retinotopic
mapping) to equate the phase-range of the
maps; in both cases, one full cycle covered
180° of the stimulus variable (angular po-
sition or orientation). The angular-
position and orientation maps were
qualitatively similar (Figs. 1, 2). We use
the term “orientation map” to refer to the
fact that orientation responses are topo-
graphically organized in a radial bias, in
register with the angular-position map.
The similarity between the orientation
map and the angular-position map was
quantified by correlating the orientation
preference and angular-position prefer-
ence of each voxel (Fig. 3A) (most voxels
fall on or near the line of equality). Corre-
lation between the maps (rc, circular cor-
relation) was highly statistically
significant (Fig. 3A) (rc ! 0.52, p "
0.0001; randomization test, combining
data across n ! 3 subjects). Correlations
were also significant, and of similar mag-
nitude, within each individual subject (S1:
rc ! 0.53, p " 0.0001; S2: rc ! 0.40, p "
0.0001; S3: rc ! 0.65, p " 0.0001; random-
ization test). Voxels for which the maps
differed substantially (farther from the
line of equality in Fig. 3A) appeared to
cover a wide range of retinotopic locations
and tended to have low coherence values.
Computing correlations only using high-
coherence voxels (those exceeding the

50th percentile) yielded an even higher correlation (rc ! 0.78;
n ! 3), but we prefer to report correlations without thresholding
to avoid any potential statistical bias (Kriegeskorte et al., 2009;
Vul et al., 2009). Circular correlations are invariant to phase off-
sets, so we also computed the best-fitting phase shift (#!) be-
tween orientation and angular-position preference. The phase

Figure 1. Orientation and angular-position topographic maps for a single subject shown on a flattened representation of the
occipital lobe. A, Responses to phase-encoded oriented gratings (shown in inset). The stimulus cycled through 16 steps of orien-
tation, ranging from 0° to 180° every 24 s. The map is thresholded at a coherence of 0.3. B, Responses to double-wedge retinotopy
stimulus (shown in inset). The stimulus cycled through 16 steps of angular position, ranging from 0° to 180° every 24 s. The map is
thresholded at a coherence of 0.68 to account for differences in signal-to-noise ratio between the two experiments (see Materials
and Methods). Color indicates phase of best-fitting sinusoid; white lines indicate the V1/V2 boundaries.
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But	  classifiers	  work	  with	  spiral	  Glass	  
pa_erns	  

Figure 1: Illustration of the local orientation structure of oblique Cartesian grat-
ings. For a centrally fixating observer, the regions A and D in stimulus 1 (1A
and 1D) contain predominantly radial orientations while those in 1B and 1C are
predominantly tangential. The opposite configuration is observed in an orthog-
onal grating (stimulus 2), in which 2A and 2D are predominantly tangential
while 2B and 2C are predominantly radial.

and Tong (2005) designed to reduce the influence of the radial
preference suggested that it did not contribute substantially to
the discrimination accuracy.

Here, we investigated whether the e↵ect of a radial bias was
required for orientation discrimination from fMRI signals by
using stimuli that were balanced in their radial components —
spirals. In such stimuli, the local orientation structure is de-
fined by an angular displacement relative to the radial orienta-
tion, with greater displacements increasing the pitch of the spi-
ral and the sign of displacement determining the spiral’s sense
(opening clockwise or anti-clockwise). By attempting to dis-
criminate the sense of a spiral of ±45� pitch, we ensured that the
local comparison was always between orthogonal orientations
with an equal angular displacement from the radial. This stim-
ulus configuration was also balanced in the local o↵set from
cardinal orientations (horizontal and vertical), controlling for
the bias of the oblique e↵ect (Furmanski and Engel, 2000).

We instantiated the spiral form in textures defined by ran-
domly placed dot pairings (dipoles). Such Glass patterns (Glass,
1969) are created by positioning the elements of each dipole at
a relative orientation that is consistent with the desired global
form. Neurophysiological (Smith et al., 2002, 2007) and com-
putational modeling (Wilson and Wilkinson, 1998) studies have
suggested that the early visual regions are capable of recov-
ering this local orientation structure from the noisy and am-
biguous signals given by the dot pairings. Here, we used spiral
Glass patterns to investigate the potential for accurate discrimi-
nation of the orientation structure underlying such complex spa-
tial form.

Materials and Methods

Subjects

Five experienced psychophysical observers with normal or
corrected-to-normal vision participated in the current study. Sub-
jects gave their informed consent and the protocol was approved
by a local ethics committee.

Apparatus
A Philips 3T scanner with a whole-head coil was used to

conduct the MRI. Anatomical images were collected using a
turbo field-echo protocol for enhanced grey-white contrast, and
consisted of whole-head scans in the axial and sagittal planes
(voxel size = 1mm isotropic) and a high-resolution partial-head
coronal scan (voxel size = 0.75mm isotropic) to recover max-
imum detail in the occipital lobes. Functional images were
collected using a T⇤2 sensitive, boustrophedon, field-echo echo-
planar imaging pulse sequence (TR = 3s, TE = 30ms, flip angle
= 90�, FOV = 70.5 ⇥ 192 ⇥ 192mm, matrix = 128 ⇥ 128, voxel
size = 1.5mm isotropic). Images were acquired in 47 ascend-
ing interleaved slices in the coronal plane covering the occipital
lobes.

Stimuli were displayed on a Philips LCD monitor with a
display resolution of 1024 ⇥ 768 pixels that was positioned be-
hind the bore. Subjects viewed the monitor from a distance
of 158cm via a mirror mounted on the headcoil, resulting in a
viewing angle of 12.6� ⇥ 9.5�.

Stimuli were presented using PsychToolbox 3.0.8 (Brainard,
1997; Pelli, 1997). Behavioural responses were indicated via a
LU400-PAIR Lumina response pad (Cedrus Corporation, San
Pedro, CA, USA). Except where otherwise specified, analyses
were performed using SPM5 (http://www.fil.ion.ucl.ac.uk/spm)
on Matlab 7.5 and custom routines on Python 2.5.

Stimuli
The construction of each Glass pattern began by assigning a

random position in the image as the base for each dipole, based
on a uniform allocation over area. Dot pairs were then placed
equidistant from each base with an inter-dot distance of 0.12�
Spiral patterns opening anti-clockwise / clockwise were formed
by placing the dots at an angle of +45� / �45� relative to the
radial angle, as shown in Figure 2. Each dot had a Gaussian
profile (� = 0.019�) and each dot pair was randomly assigned
to be either a 100% contrast increment or decrement from the
37 cd/m2 background, with the paired dots always having the
same polarity. The overall dot density was approximately 45
dots / deg2, resulting in a given dot having an average of 2.0
dots closer than its partner. The stimuli were presented in a
circular aperture with an inner radius of 1.2� and an outer radius
of radius 4.3�.

Figure 2: Example anti-clockwise (left) and clockwise (right) spiral Glass pat-
terns. Each dot pair is oriented at an angle (�) of +45� (anti-clockwise) or -45�
(clockwise) relative to the radial angle (✓).
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The variation in classifier accuracy with an increasing num-
ber of voxels was fitted by an exponential growth function of
the form

y = 0.5 + (B � 0.5)(1 � e(�x/N)) (1)

where y is the classification accuracy, B is the asymptote, x is
the number of included voxels, and N the exponential growth
constant in units of number of voxels. The fitted asymptote
value was interpreted as the accuracy of the ROI in discrimi-
nating between clockwise and anti-clockwise Glass patterns. In
cases where the classifier accuracy did not conform to an ex-
ponential growth function, the mean accuracy over the range
of voxels included was taken as the accuracy of the ROI. As
shown in Supplementary Figure 1, taking the fitted asymptote
rather than the mean over the range of voxels does not substan-
tially a↵ect the estimates of classification accuracy.

The statistical significance of the classification accuracy of
each region was evaluated via a one-sample t-test of the asymp-
totic accuracy across subjects against a chance population mean
of 50%.

Results and Discussion

We investigated whether the spatial pattern of fMRI signals
in the early visual areas contained information that would al-
low discrimination of clockwise and anti-clockwise spiral Glass
stimuli. For each subject, we used a multivariate classification
method to obtain measures of discrimination accuracy for each
of the early visual areas. As shown in Figure 3, the mean accu-
racy was above 50% as early as V1 (see Supplementary Fig-
ure 1 for single subject results). This performance was sig-
nificantly above chance in V1, t(4) = 3.72, p = 0.010; V2,
t(4) = 5.01, p = 0.003; V3, t(4) = 3.76, p = 0.010; and V3A/B,
t(4) = 3.30, p = 0.015; the di↵erence was not significant in
hV4, t(4) = 1.21, p = 0.146 (all ps one-tailed). Permutation
analysis demonstrated that the mean discrimination accuracy
was approximately 50% (chance) in all areas when the labels of
the items in the training set were assigned randomly (shu✏ed),
as shown in Supplementary Figure 2.

Discrimination of spiral sense (anti-clockwise or clockwise)
required the comparison of local regions that were balanced in
their radial components. The spiral sense was determined by
the sign of the angular o↵set of the local orientations from the
radial, with the magnitude of displacement matched in anti-
clockwise and clockwise spirals. This stimulus construction
allowed us to test the possibility that previous reports of ori-
entation discrimination using fMRI (Haynes and Rees, 2005;
Kamitani and Tong, 2005; Sumner et al., 2008) were driven by
di↵erences in local radial structure. The significant accuracy
in discriminating anti-clockwise and clockwise spirals demon-
strated here indicates that the influence of a radial bias is not
necessary for the discrimination of stimulus orientation on the
basis of fMRI activity patterns.

The presence of voxel level orientation selectivity has been
attributed to anisotropies in the sampled distribution of neu-
ronal orientation preference (Boynton, 2005; Haynes and Rees,

Figure 3: Mean classification accuracy across observers for each region of in-
terest. Error bars represent SEM across the five subjects. Asterisks indicate
significance on a one-sample t-test (* p < .05; ** p  .01; one-tailed)

2005; Kamitani and Tong, 2005; Sumner et al., 2008). Simu-
lated maps of neuronal orientation preference across the cortical
surface, in which each neuron’s preferred orientation is deter-
mined from a uniform distribution of orientations, have shown
that biases in the pooled orientation response can emerge when
the map is sampled at the size of typical fMRI voxels (Boyn-
ton, 2005; Haynes and Rees, 2005; Kamitani and Tong, 2005).
However, the distribution of neuronal orientation preference in
human visual cortex appears to be non-uniform, with fMRI and
behavioural evidence suggesting an over-representation of ra-
dial orientations (Sasaki et al., 2006). The results of this study
suggest that random sampling can produce reliable biases for
non-radial orientations in the presence of such an anisotropic
distribution of neuronal orientation preference.

The discrimination of anti-clockwise and clockwise spiral
Glass patterns in the current study required the recovery of local
orientation structure from the cues given by the relative posi-
tions of paired dots. Random local orientation information was
introduced by the presence of neighboring non-partner dots,
subjecting the orientation structure to considerable ambiguity
and noise. The observed discrimination accuracy in the early
regions of visual cortex demonstrates the robustness of the lo-
cal orientation extraction process. This is consistent with pre-
vious neurophysiological investigations in the macaque, which
showed that orientation-selective neurons within V1 (Smith et al.,
2002) and V2 (Smith et al., 2007) responded reliably to Glass
pattern dipoles presented within their receptive fields. Such a
representation of the local orientation structure can then pro-
vide input for higher level processes which pool over space to
generate selectivity for complex spatial form (Ostwald et al.,
2008; Wilson and Wilkinson, 1998).
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et al., 1990; Johnson et al., 2001, 2008; Conway and Livingstone,
2006; Horwitz et al., 2007; Conway et al., 2010). In addition, there
is clear evidence from fMRI studies of neuronal populations in
V1 sensitive to both orientation and color (Sumner et al., 2008;
Seymour et al., 2010). However, it is also clear there exists a
subpopulation of neurons with excellent chromatic tuning but
little or no orientation sensitivity (Livingstone and Hubel, 1984;
Conway and Livingstone, 2006; Johnson et al., 2008). Our results
shed some light on the spatial arrangement of these different
neural populations.

The classification performance we measure in V1 is consistent
with a cortical organization in which chromatic contrast and the
orientation of chromatic structure are coded in spatially distinct

maps. Switching attentional tasks changes the responses in these
different maps and this change can be detected using multivariate
pattern classification algorithms. Attentional task switching gen-
erates much weaker changes in V1 population response patterns
when luminance stimuli are used— either because the neurons
that code luminance orientation and contrast are more finely
intermixed or because there is less task-specific attentional mod-
ulation of these neurons, or both.

It is likely that the neural populations stimulated by our chro-
matic and achromatic stimuli contain considerable overlap. We
do not claim that achromatic stimuli are represented solely in the
interblob regions while isoluminant chromatic stimuli stimulate
only the blobs. Instead, our data suggest that neurons that are
most informative about the chromatic contrast of an isoluminant
stimulus are spatially clumped and different from the neurons
that are most informative about the orientation of an isolumi-
nant stimulus. Recent work (Lu and Roe, 2008) supports the
original reports that these chromatically sensitive but orientation-
insensitive neurons lie within the cytochrome oxidase blobs (Liv-
ingstone and Hubel, 1984). It is also possible that clumping and
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Figure 3. a, Mean responses to different stimulus conditions and attentional tasks. We
found no significant univariate differences between conditions. b, Classification performance
for AO versus AC using chromatic and achromatic gratings. Performance was highly significant
for the chromatic condition but nonsignificant for the achromatic gratings. Overall perfor-
mance for classifying chromatic versus achromatic gratings in V1 is also well above chance. Error
bars are 1 SEM. Symbols are individual subject data.

Figure 4. Classification for AO/AC using chromatic and achromatic gratings in V2 and hV4.
Conventions are the same as in Figure 3a.
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stimulus are spatially clumped and different from the neurons
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Decoding and Reconstructing Color from Responses in
Human Visual Cortex

Gijs Joost Brouwer and David J. Heeger
Department of Psychology and Center for Neural Science, New York University, New York, New York 10003

How is color represented by spatially distributed patterns of activity in visual cortex? Functional magnetic resonance imaging
responses to several stimulus colors were analyzed with multivariate techniques: conventional pattern classification, a forward
model of idealized color tuning, and principal component analysis (PCA). Stimulus color was accurately decoded from activity in
V1, V2, V3, V4, and VO1 but not LO1, LO2, V3A/B, or MT!. The conventional classifier and forward model yielded similar
accuracies, but the forward model (unlike the classifier) also reliably reconstructed novel stimulus colors not used to train (specify
parameters of) the model. The mean responses, averaged across voxels in each visual area, were not reliably distinguishable for the
different stimulus colors. Hence, each stimulus color was associated with a unique spatially distributed pattern of activity,
presumably reflecting the color selectivity of cortical neurons. Using PCA, a color space was derived from the covariation, across
voxels, in the responses to different colors. In V4 and VO1, the first two principal component scores (main source of variation) of
the responses revealed a progression through perceptual color space, with perceptually similar colors evoking the most similar
responses. This was not the case for any of the other visual cortical areas, including V1, although decoding was most accurate in V1.
This dissociation implies a transformation from the color representation in V1 to reflect perceptual color space in V4 and VO1.

Introduction
Although the early stages of color vision are well understood, the
representation of color in visual cortex remains enigmatic. Color
vision begins with three types of cone photoreceptors that are
recombined into color-opponent channels (Derrington et al.,
1984; Kaiser and Boynton, 1996; Gegenfurtner, 2003). Many neu-
rons in visual cortex are color selective (Dow and Gouras, 1973;
Solomon and Lennie, 2007), and color-opponent responses are ev-
ident throughout visual cortex (Kleinschmidt et al.,1996; Engel et al.,
1997). In macaque area V4, the majority of neurons were reported to
be chromatically tuned (Zeki, 1974), and, although disputed (Schein
et al., 1982), more recent work has revealed patches of inferior tem-
poral cortex (including V4) that respond more strongly to chromatic
stimuli than to achromatic stimuli (Conway et al., 2007). Similarly,
imaging studies have demonstrated chromatic selectivity in human
V4 (Bartels and Zeki, 2000) and in areas anterior to V4 (V8, Had-
jikhani et al., 1998; VO1, Brewer et al., 2005). A remaining question,
however, is how visual cortex transforms color-opponent signals
into the perceptual color space.

This question might be addressed by the application of mul-
tivariate analysis methods, such as pattern classification, to func-
tional magnetic resonance imaging data (fMRI). Given that there
are color-selective neurons in visual cortex, it may be possible to

associate each color with a unique spatial pattern of fMRI re-
sponses, although each fMRI voxel shows only a weak tuning to
color. This approach has been used successfully to distinguish
between objects categories (Haxby et al., 2001), hand gestures
(Dinstein et al., 2008), and visual features (Kamitani and Tong,
2005). Advancing these methods, Kay et al. (2008) measured
fMRI responses to natural images, modeled the activity in each
voxel as a weighted sum of idealized neural responses, and then
used the model to identify a novel image based on the pattern of
activity that it evoked.

Here, we report that color is represented differently in the
spatially distributed patterns of activity in different visual cortical
areas. We characterized the distributed response patterns to sev-
eral colors with three complementary, multivariate analysis tech-
niques: conventional pattern classification, a model of idealized
color tuning (“forward model”), and principal component anal-
ysis (PCA). Stimulus color was accurately decoded from activity
in V1, V2, V3, V4, and VO1 but not LO1, LO2, V3A/B, or MT!.
The conventional classifier and forward model yielded similar
accuracies, but the forward model also reliably reconstructed
novel stimulus colors. The mean responses, averaged across vox-
els in each visual area, were not reliably distinguishable for the
different stimulus colors. Using PCA, a color space was derived
from the covariation in the responses to different colors. In V4
and VO1, the first two principal components of the responses
revealed a progression through perceptual color space, with
perceptually similar colors evoking the most similar re-
sponses. This was not found for V1, although decoding was most
accurate in V1. This dissociation implies a transformation from
the color representation in V1 to reflect perceptual color space in
V4 and VO1.
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Materials and Methods
Observers and scanning sessions. Five healthy observers between the ages
of 23 and 37 years participated in this study. Observers provided
written informed consent. Experimental procedures were in compli-
ance with the safety guidelines for MRI research and were approved
by the University Committee on Activities Involving Human Subjects
at New York University. Observers had normal or corrected-to-normal
vision. Normal color vision was verified by use of the Ishihara plates
(Ishihara, 1917) and a computerized version of the Farnsworth–Munsell
100 hue-scoring test (Farnsworth, 1957). Each observer participated in
three to five experimental sessions, consisting of 8 –10 runs of the main
color experiment. Observers also participated in a retinotopic mapping
session and a session in which a high-resolution anatomical volume was
acquired.

Experimental protocol. Stimuli were concentric sinusoidal gratings,
within a circular aperture modulating between the center gray point and
one of eight different locations in color space. The eight colors were
equally spaced in Commission Internationale de l’Eclairage (CIE)
L*a*b* space, at a fixed lightness of L* ! 75 (corresponding to 8.8 cd/m 2)
and equidistant from the gray point at L* ! 75, a* ! 0, and b* ! 0 (Fig.
1 A, B). The CIE L*a*b* space is a nonlinear transform of the CIE xyz
color space, intended to be more perceptually uniform (Commission
Internationale de l’Eclairage, 1986). The gratings slowly drifted either
inward or outward, with the direction chosen randomly for each trial.
Visual stimuli appeared for a duration of 1.5 s in a randomized order.
Using an event-related design, interstimulus intervals (ISIs) ranged from
3 to 6 s, in steps of 1.5 s (Fig. 1C). All eight colors were presented eight
times in each run, along with eight blank trials. This created a total of 72
trials per run, with one run lasting 7 min and 12 s.

Observers performed a “rapid serial visual presentation” detection
task continuously throughout each run, to maintain a consistent behav-

ioral state and to encourage stable fixation. A sequence of characters,
randomly colored either black or white, was displayed on the fixation
point (each appearing for 400 ms). The observer’s task was to detect a
specific sequence of characters, pressing a button when a white “K” was
followed immediately by a black “K.”

Response time courses and response amplitudes. fMRI data were prepro-
cessed using standard procedures. The first four images of each run were
discarded to allow the longitudinal magnetization to reach steady state.
We compensated for head movements within and across runs using a
robust motion estimation algorithm (Nestares and Heeger, 2000), di-
vided the time series of each voxel by its mean image intensity to convert
to percentage signal change and compensate for distance from the radio
frequency coil, and linearly detrended and high-pass filtered the resulting
time series with a cutoff frequency of 0.01 Hz to remove low-frequency
drift.

The hemodynamic impulse response function (HIRF) of each voxel
was estimated with deconvolution (Dale, 1999), averaging across all
stimuli (ignoring stimulus color so as to avoid introducing any statistical
bias in the decoding accuracies). Specifically, we computed the mean
response for 12 s (eight time points) after stimulus presentation, sepa-
rately for each voxel, using linear regression. In the first column of the
regression matrix, 1 was at the onset of stimuli and 0 elsewhere. For each
of the 11 remaining columns, we progressively shifted the ones forward
one time point. HIRFs were estimated by multiplying the pseudoinverse
of this regression matrix with the measured (and pre-processed) fMRI
response time courses. This procedure assumed linear temporal summa-
tion of the fMRI responses (Boynton et al., 1996; Dale, 1999) but did not
assume any particular time course for the HIRFs. The goodness of fit of
the regression model, r 2, was computed as the amount of variance ac-
counted for by the estimated HIRFs (Gardner et al., 2005). That is, the
estimated HIRFs computed by deconvolution were convolved with the
stimulus times to form a model response time course, and r 2 was then
computed as the amount of variance in the original time course ac-
counted for by this model response time course.

The HIRFs were averaged across the subset of voxels in each visual
cortical area that responded strongly to the stimuli. A region of interest
(ROI) was defined for each visual area, separately for each observer, using
retinotopic mapping procedures (see below). The mean HIRF of each
ROI was then computed by averaging the HIRFs of voxels with an r 2

above the median for that ROI (supplemental Fig. 1, available at www.
jneurosci.org as supplemental material).

The response amplitudes to each color were computed separately for
each voxel in each ROI and separately for each run, using linear regres-
sion. A regression matrix was constructed for each ROI by convolving the
ROI-specific HIRF and its numerical derivative with binary time courses
corresponding to the onsets of each of the eight stimulus colors (with 1 at
each stimulus onset and 0 elsewhere). The resulting regression matrix
had 16 columns: eight columns for the HIRF convolved with each of the
eight stimulus onsets and eight columns for the HIRF derivative con-
volved with each of the eight stimulus onsets. Response amplitudes were
estimated by multiplying the pseudoinverse of this regression matrix
with the measured (and pre-processed) fMRI response time courses. We
included the derivative because the HIRF of an individual voxel may have
differed from the mean HIRF of the ROI of that voxel. At least some of the
response variability was captured by including the derivative; the vari-
ance of the estimated response amplitudes across runs was smaller with
the derivative included than without it. The values obtained for the de-
rivative regressors were discarded after response amplitudes were esti-
mated. We thus obtained, for each voxel and each run, one response
amplitude estimate for each of the eight colors. These response ampli-
tudes were z-score normalized, separately for each voxel, separately for
each run.

Combining across sessions and reducing dimensionality. To increase de-
coding accuracy, we combined the data from multiple scanning sessions.
The estimated response amplitudes from a single visual area ROI in a
single session formed an m " n matrix, with m being the number of
voxels in the ROI (or dimensions) and n being the number of repeated
measurements (equal to eight stimulus colors times the number of runs
in the session, i.e., one response amplitude for each color per run). In
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Materials and Methods
Observers and scanning sessions. Five healthy observers between the ages
of 23 and 37 years participated in this study. Observers provided
written informed consent. Experimental procedures were in compli-
ance with the safety guidelines for MRI research and were approved
by the University Committee on Activities Involving Human Subjects
at New York University. Observers had normal or corrected-to-normal
vision. Normal color vision was verified by use of the Ishihara plates
(Ishihara, 1917) and a computerized version of the Farnsworth–Munsell
100 hue-scoring test (Farnsworth, 1957). Each observer participated in
three to five experimental sessions, consisting of 8 –10 runs of the main
color experiment. Observers also participated in a retinotopic mapping
session and a session in which a high-resolution anatomical volume was
acquired.

Experimental protocol. Stimuli were concentric sinusoidal gratings,
within a circular aperture modulating between the center gray point and
one of eight different locations in color space. The eight colors were
equally spaced in Commission Internationale de l’Eclairage (CIE)
L*a*b* space, at a fixed lightness of L* ! 75 (corresponding to 8.8 cd/m 2)
and equidistant from the gray point at L* ! 75, a* ! 0, and b* ! 0 (Fig.
1 A, B). The CIE L*a*b* space is a nonlinear transform of the CIE xyz
color space, intended to be more perceptually uniform (Commission
Internationale de l’Eclairage, 1986). The gratings slowly drifted either
inward or outward, with the direction chosen randomly for each trial.
Visual stimuli appeared for a duration of 1.5 s in a randomized order.
Using an event-related design, interstimulus intervals (ISIs) ranged from
3 to 6 s, in steps of 1.5 s (Fig. 1C). All eight colors were presented eight
times in each run, along with eight blank trials. This created a total of 72
trials per run, with one run lasting 7 min and 12 s.

Observers performed a “rapid serial visual presentation” detection
task continuously throughout each run, to maintain a consistent behav-

ioral state and to encourage stable fixation. A sequence of characters,
randomly colored either black or white, was displayed on the fixation
point (each appearing for 400 ms). The observer’s task was to detect a
specific sequence of characters, pressing a button when a white “K” was
followed immediately by a black “K.”

Response time courses and response amplitudes. fMRI data were prepro-
cessed using standard procedures. The first four images of each run were
discarded to allow the longitudinal magnetization to reach steady state.
We compensated for head movements within and across runs using a
robust motion estimation algorithm (Nestares and Heeger, 2000), di-
vided the time series of each voxel by its mean image intensity to convert
to percentage signal change and compensate for distance from the radio
frequency coil, and linearly detrended and high-pass filtered the resulting
time series with a cutoff frequency of 0.01 Hz to remove low-frequency
drift.

The hemodynamic impulse response function (HIRF) of each voxel
was estimated with deconvolution (Dale, 1999), averaging across all
stimuli (ignoring stimulus color so as to avoid introducing any statistical
bias in the decoding accuracies). Specifically, we computed the mean
response for 12 s (eight time points) after stimulus presentation, sepa-
rately for each voxel, using linear regression. In the first column of the
regression matrix, 1 was at the onset of stimuli and 0 elsewhere. For each
of the 11 remaining columns, we progressively shifted the ones forward
one time point. HIRFs were estimated by multiplying the pseudoinverse
of this regression matrix with the measured (and pre-processed) fMRI
response time courses. This procedure assumed linear temporal summa-
tion of the fMRI responses (Boynton et al., 1996; Dale, 1999) but did not
assume any particular time course for the HIRFs. The goodness of fit of
the regression model, r 2, was computed as the amount of variance ac-
counted for by the estimated HIRFs (Gardner et al., 2005). That is, the
estimated HIRFs computed by deconvolution were convolved with the
stimulus times to form a model response time course, and r 2 was then
computed as the amount of variance in the original time course ac-
counted for by this model response time course.

The HIRFs were averaged across the subset of voxels in each visual
cortical area that responded strongly to the stimuli. A region of interest
(ROI) was defined for each visual area, separately for each observer, using
retinotopic mapping procedures (see below). The mean HIRF of each
ROI was then computed by averaging the HIRFs of voxels with an r 2

above the median for that ROI (supplemental Fig. 1, available at www.
jneurosci.org as supplemental material).

The response amplitudes to each color were computed separately for
each voxel in each ROI and separately for each run, using linear regres-
sion. A regression matrix was constructed for each ROI by convolving the
ROI-specific HIRF and its numerical derivative with binary time courses
corresponding to the onsets of each of the eight stimulus colors (with 1 at
each stimulus onset and 0 elsewhere). The resulting regression matrix
had 16 columns: eight columns for the HIRF convolved with each of the
eight stimulus onsets and eight columns for the HIRF derivative con-
volved with each of the eight stimulus onsets. Response amplitudes were
estimated by multiplying the pseudoinverse of this regression matrix
with the measured (and pre-processed) fMRI response time courses. We
included the derivative because the HIRF of an individual voxel may have
differed from the mean HIRF of the ROI of that voxel. At least some of the
response variability was captured by including the derivative; the vari-
ance of the estimated response amplitudes across runs was smaller with
the derivative included than without it. The values obtained for the de-
rivative regressors were discarded after response amplitudes were esti-
mated. We thus obtained, for each voxel and each run, one response
amplitude estimate for each of the eight colors. These response ampli-
tudes were z-score normalized, separately for each voxel, separately for
each run.

Combining across sessions and reducing dimensionality. To increase de-
coding accuracy, we combined the data from multiple scanning sessions.
The estimated response amplitudes from a single visual area ROI in a
single session formed an m " n matrix, with m being the number of
voxels in the ROI (or dimensions) and n being the number of repeated
measurements (equal to eight stimulus colors times the number of runs
in the session, i.e., one response amplitude for each color per run). In
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eight colors and gray point in CIE 1931 xyz space. C, Stimuli were concentric sinusoidal gratings
(spatial frequency, 0.5 cycles/°), within a circular aperture (10° radius), modulating from a
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principle, sessions could have been combined in two ways. First, we could
have concatenated the sessions, leaving the number of voxels (m) the
same but increasing the number of measurements (n). This would have
required precise registration across sessions. We chose, instead, to stack
the datasets, yielding a matrix of size M ! n, where M was the total
number of voxels in the ROI summed across sessions. When combining
data across observers, we discarded some of the runs for some of the
observers because the total number of runs per session differed between
observers (each observer did, however, perform the same number of runs
in each of their own sessions). Typically, this meant that we discarded the
last one or two runs from some observers, using eight runs per session
(the minimum number of runs recorded in a session).

PCA was used to reduce the dimensionality from the total number of
voxels (summed across sessions) to a smaller number of principal com-
ponent scores. The number of voxels differed between ROIs because of
differences in the physical sizes of the visual cortical areas. Stacking ses-
sions amplified these differences and made it harder to compare results
across visual areas. After PCA, the dimensionality was set equal to the
number of components needed to explain 68 " 1% (SD) of the variance
within a particular ROI, ignoring the remaining components. The result-
ing number of components was typically two orders of magnitude
smaller than the original dimensionality (number of voxels). Thus, for an
area like V1, containing #4500 voxels (combined over all sessions and
observers), we reduced the data to #30 components (supplemental Fig.
2, available at www.jneurosci.org as supplemental material). To ensure
that this data reduction step did not bias our results in any way, we
repeated the classification and forward modeling analyses without it,
using the full datasets stacked across sessions. There were no significant
differences between the two methods in the decoding accuracies (Fig.
2 A). Furthermore, reducing the dimensionality did not change the rela-
tive decoding accuracies between visual area ROIs, neither those ob-
tained by classification nor those obtained using the forward model (see
below).

In a separate analysis, we determined the effect of combining different
numbers of sessions on decoding accuracy. We determined the decoding
accuracy (for details, see below) for V1 and MT$ to random subsets of all
available sessions, which totaled 18 across observers. As an additional
control, we replaced the estimated response amplitudes by white noise.
Decoding accuracy for V1 increased dramatically by combining more
sessions, resulting in near-perfect classification (Fig. 2 B). In contrast,
noise remained unclassifiable, no matter how many sessions were added.
Decoding accuracy for MT$ increased only slightly as more sessions
were combined; even with 18 combined sessions, MT$ decoding accu-
racy was only #25% compared with %80% for V1.

Classification. Classification was performed with a eight-way maxi-
mum likelihood classifier, implemented by the Matlab (MathWorks)
function “classify” with the option “diaglinear.” The distributed spatial
pattern of response amplitudes to a single color can be described as a
point in a multidimensional space, in which each dimension represents
responses from a voxel (or a PCA component score, corresponding to a
linear combination of voxel responses). Accurate decoding is possible
when the responses to each color form distinct clusters within the space.
The maximum likelihood classifier optimally separates trials belonging
to each of the eight different colors, if the response variability in each
voxel is normally distributed, and statistically independent across voxels
(noting that PCA is an orthonormal transform so that, if the noise is
normally distributed and statistically independent across voxels, then it is
also normally distributed and statistically independent across PCA
scores). Because the number of voxels (or PCA components), m, was
large relative to the number of repeated measurements, n, the computed
covariance matrix would have been a poor estimate of the real covari-
ance. This would have made the performance of the classifier unstable,
because it relied on inversion of this covariation matrix. We, therefore,
ignored covariances between voxels and modeled the responses as being
statistically independent across voxels. Although noise in nearby voxels
was likely correlated, the independence assumption, if anything, was
conservative; including accurate estimates of the covariances (if avail-
able) would have improved the decoding accuracies.

Using a leave-one-out validation, we excluded the responses from one
run and trained the classifier on the estimated response amplitudes from
the remaining runs. The number of runs differed between observers,
creating train/test ratios between 0.875 (7 of 8 runs) and 0.90 (9 of 10
runs). Because every run yielded one estimate for each color, we obtained
a prediction for each of the eight colors per run. The number of correct
predictions for each run determined the accuracy for that run. Combin-
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Figure 2. Comparison of methods. A, Comparison between decoding accuracies obtained
with the full data (dimensionality & number of voxels) and accuracies obtained with the data
after reducing it by means of PCA (dimensionality & number of components needed to explain
68% of the variance). Each point represents average decoding accuracy for one observer and
ROI. Dark symbols, Maximum likelihood classifier. Light symbols, Forward model. Correlation
coefficients (r values), Correlation in decoding accuracy between the full data and the reduced
data for each decoder. B, Decoding accuracies obtained by combining data across sessions.
Increasing the number of sessions dramatically increased V1 accuracies but only slightly in-
creased MT$ accuracies. Replacing the data with white noise yielded chance performance.
Error bars indicate SDs across runs (with 1 run at a time left out of training and used for testing
accuracy). Dark curves and symbols, Maximum likelihood classifier. Light curves and symbols,
Forward model classifier. C, Correlation between maximum likelihood classification and for-
ward modeling classification accuracies. Each point corresponds to the mean decoding accuracy
for one observer and ROI. Correlation coefficient (r value), Correlation in decoding accuracy
between maximum likelihood classifier and forward model.
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principle, sessions could have been combined in two ways. First, we could
have concatenated the sessions, leaving the number of voxels (m) the
same but increasing the number of measurements (n). This would have
required precise registration across sessions. We chose, instead, to stack
the datasets, yielding a matrix of size M ! n, where M was the total
number of voxels in the ROI summed across sessions. When combining
data across observers, we discarded some of the runs for some of the
observers because the total number of runs per session differed between
observers (each observer did, however, perform the same number of runs
in each of their own sessions). Typically, this meant that we discarded the
last one or two runs from some observers, using eight runs per session
(the minimum number of runs recorded in a session).

PCA was used to reduce the dimensionality from the total number of
voxels (summed across sessions) to a smaller number of principal com-
ponent scores. The number of voxels differed between ROIs because of
differences in the physical sizes of the visual cortical areas. Stacking ses-
sions amplified these differences and made it harder to compare results
across visual areas. After PCA, the dimensionality was set equal to the
number of components needed to explain 68 " 1% (SD) of the variance
within a particular ROI, ignoring the remaining components. The result-
ing number of components was typically two orders of magnitude
smaller than the original dimensionality (number of voxels). Thus, for an
area like V1, containing #4500 voxels (combined over all sessions and
observers), we reduced the data to #30 components (supplemental Fig.
2, available at www.jneurosci.org as supplemental material). To ensure
that this data reduction step did not bias our results in any way, we
repeated the classification and forward modeling analyses without it,
using the full datasets stacked across sessions. There were no significant
differences between the two methods in the decoding accuracies (Fig.
2 A). Furthermore, reducing the dimensionality did not change the rela-
tive decoding accuracies between visual area ROIs, neither those ob-
tained by classification nor those obtained using the forward model (see
below).

In a separate analysis, we determined the effect of combining different
numbers of sessions on decoding accuracy. We determined the decoding
accuracy (for details, see below) for V1 and MT$ to random subsets of all
available sessions, which totaled 18 across observers. As an additional
control, we replaced the estimated response amplitudes by white noise.
Decoding accuracy for V1 increased dramatically by combining more
sessions, resulting in near-perfect classification (Fig. 2 B). In contrast,
noise remained unclassifiable, no matter how many sessions were added.
Decoding accuracy for MT$ increased only slightly as more sessions
were combined; even with 18 combined sessions, MT$ decoding accu-
racy was only #25% compared with %80% for V1.

Classification. Classification was performed with a eight-way maxi-
mum likelihood classifier, implemented by the Matlab (MathWorks)
function “classify” with the option “diaglinear.” The distributed spatial
pattern of response amplitudes to a single color can be described as a
point in a multidimensional space, in which each dimension represents
responses from a voxel (or a PCA component score, corresponding to a
linear combination of voxel responses). Accurate decoding is possible
when the responses to each color form distinct clusters within the space.
The maximum likelihood classifier optimally separates trials belonging
to each of the eight different colors, if the response variability in each
voxel is normally distributed, and statistically independent across voxels
(noting that PCA is an orthonormal transform so that, if the noise is
normally distributed and statistically independent across voxels, then it is
also normally distributed and statistically independent across PCA
scores). Because the number of voxels (or PCA components), m, was
large relative to the number of repeated measurements, n, the computed
covariance matrix would have been a poor estimate of the real covari-
ance. This would have made the performance of the classifier unstable,
because it relied on inversion of this covariation matrix. We, therefore,
ignored covariances between voxels and modeled the responses as being
statistically independent across voxels. Although noise in nearby voxels
was likely correlated, the independence assumption, if anything, was
conservative; including accurate estimates of the covariances (if avail-
able) would have improved the decoding accuracies.

Using a leave-one-out validation, we excluded the responses from one
run and trained the classifier on the estimated response amplitudes from
the remaining runs. The number of runs differed between observers,
creating train/test ratios between 0.875 (7 of 8 runs) and 0.90 (9 of 10
runs). Because every run yielded one estimate for each color, we obtained
a prediction for each of the eight colors per run. The number of correct
predictions for each run determined the accuracy for that run. Combin-
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Figure 2. Comparison of methods. A, Comparison between decoding accuracies obtained
with the full data (dimensionality & number of voxels) and accuracies obtained with the data
after reducing it by means of PCA (dimensionality & number of components needed to explain
68% of the variance). Each point represents average decoding accuracy for one observer and
ROI. Dark symbols, Maximum likelihood classifier. Light symbols, Forward model. Correlation
coefficients (r values), Correlation in decoding accuracy between the full data and the reduced
data for each decoder. B, Decoding accuracies obtained by combining data across sessions.
Increasing the number of sessions dramatically increased V1 accuracies but only slightly in-
creased MT$ accuracies. Replacing the data with white noise yielded chance performance.
Error bars indicate SDs across runs (with 1 run at a time left out of training and used for testing
accuracy). Dark curves and symbols, Maximum likelihood classifier. Light curves and symbols,
Forward model classifier. C, Correlation between maximum likelihood classification and for-
ward modeling classification accuracies. Each point corresponds to the mean decoding accuracy
for one observer and ROI. Correlation coefficient (r value), Correlation in decoding accuracy
between maximum likelihood classifier and forward model.
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ing accuracies across runs allowed us to determine the statistical signifi-
cance of the prediction accuracy. Because accuracies are not normally
distributed, because they are restricted between 0 and 1, we performed a
nonparametric permutation test. For each ROI and observer, we assigned
random labels to the training data and obtained an accuracy from the test
data. Repeating this 1000 times yielded a distribution of accuracies, accord-
ing to the null hypothesis that stimulus color could not be classified. Accu-
racies computed with the correctly labeled training data were then
considered statistically significant if they were higher than the 97.5 per-
centile of the null distribution (i.e., two-tailed permutation test). Similar
results were obtained with a standard Student’s t test, and both supported
the same conclusions.

Forward model and reconstruction. In addition to classification, we
defined a forward model to decode and reconstruct color from the spa-
tially distributed patterns of voxel responses. The forward model as-
sumed that each voxel contained a large number of color-selective
neurons, each tuned to a different hue. We characterized the color selec-
tivity of each neuron as a weighted sum of six hypothetical channels, each

with an idealized color tuning curve (or basis
function) such that the transformation from
stimulus color to channel outputs was one-to-
one and invertible. The shape of the tuning
curves was selected (as described below) so that
the response tuning of any one neuron could
be expressed as a weighted sum of the six basis
functions. We further assumed that the re-
sponse of a voxel was proportional to the
summed responses of all the neurons in that
voxel and hence that the response tuning of
each voxel was a weighted sum of the six basis
function. Each basis function was a half-wave
rectified (all negative values were set to 0) and
squared sinusoid, as a function of hue, in CIE
L*a*b* space (Fig. 3 A, B). The rectification ap-
proximated the effect of spike threshold for
cortical neurons with low spontaneous firing
rates, and the squaring made the tuning curves
narrower. For our stimulus set (individual col-
ors of fixed color contrast, presented one at
time), this model of color selectivity is a close
approximation to more elaborate models of
cortical color tuning (Solomon and Lennie,
2007). A rectified and squared sinusoidal tun-
ing curve with any possible hue preference (i.e.,
intermediate to the six basis functions) can be
expressed exactly as a weighted sum of the six
basis functions (Freeman and Adelson, 1992).
The hue preferences of the six channels need
not have been evenly spaced, as long as they
were linearly independent (Freeman and Adel-
son, 1992). Although a circular space can be
represented by two channels with sinusoidal
tuning curves, the rectification and squaring
operations led to the requirement of six chan-
nels. The half-wave rectified and squared basis
functions were more selective (narrower) than
sinusoidal tuning curves and strictly positive. If
the basis functions were broader, then fewer
channels would have been needed. If narrower,
then more channels would have been needed.
Saturation and luminance were not modeled,
because our stimuli did not vary along those
dimensions. The channel outputs for any stim-
ulus color were readily computed from the ba-
sis functions (the tunings curves of the
hypothetical channels).

The data (the estimated voxel response am-
plitudes) were partitioned in train (B1) and test
sets (B2), as for the classification analysis, and
the analysis proceeded in two stages (train and

test). In the first stage of the analysis, the training data were used to
estimate the weights on the six hypothetical channels, separately for each
voxel. With these weights in hand, the second stage of analysis computed
the channel outputs associated with the spatially distributed pattern of
activity across voxels evoked by each test color, and the resulting channel
outputs were associated with a stimulus color. Let k be the number of
channels, m be the number of voxels, and n be the number of repeated
measurements (i.e., eight colors times the number of runs). The matrix of
estimated response amplitudes in the training set (B1, m ! n) was related
to the matrix of hypothetical channel outputs (C1, k ! n) by a weight
matrix (W, m ! k):

B1 " WC1. (1)

The least-squares estimate of the weights was computed using linear
regression:

Ŵ " B1C1
T(C1C1

T)#1. (2)
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ing accuracies across runs allowed us to determine the statistical signifi-
cance of the prediction accuracy. Because accuracies are not normally
distributed, because they are restricted between 0 and 1, we performed a
nonparametric permutation test. For each ROI and observer, we assigned
random labels to the training data and obtained an accuracy from the test
data. Repeating this 1000 times yielded a distribution of accuracies, accord-
ing to the null hypothesis that stimulus color could not be classified. Accu-
racies computed with the correctly labeled training data were then
considered statistically significant if they were higher than the 97.5 per-
centile of the null distribution (i.e., two-tailed permutation test). Similar
results were obtained with a standard Student’s t test, and both supported
the same conclusions.

Forward model and reconstruction. In addition to classification, we
defined a forward model to decode and reconstruct color from the spa-
tially distributed patterns of voxel responses. The forward model as-
sumed that each voxel contained a large number of color-selective
neurons, each tuned to a different hue. We characterized the color selec-
tivity of each neuron as a weighted sum of six hypothetical channels, each

with an idealized color tuning curve (or basis
function) such that the transformation from
stimulus color to channel outputs was one-to-
one and invertible. The shape of the tuning
curves was selected (as described below) so that
the response tuning of any one neuron could
be expressed as a weighted sum of the six basis
functions. We further assumed that the re-
sponse of a voxel was proportional to the
summed responses of all the neurons in that
voxel and hence that the response tuning of
each voxel was a weighted sum of the six basis
function. Each basis function was a half-wave
rectified (all negative values were set to 0) and
squared sinusoid, as a function of hue, in CIE
L*a*b* space (Fig. 3 A, B). The rectification ap-
proximated the effect of spike threshold for
cortical neurons with low spontaneous firing
rates, and the squaring made the tuning curves
narrower. For our stimulus set (individual col-
ors of fixed color contrast, presented one at
time), this model of color selectivity is a close
approximation to more elaborate models of
cortical color tuning (Solomon and Lennie,
2007). A rectified and squared sinusoidal tun-
ing curve with any possible hue preference (i.e.,
intermediate to the six basis functions) can be
expressed exactly as a weighted sum of the six
basis functions (Freeman and Adelson, 1992).
The hue preferences of the six channels need
not have been evenly spaced, as long as they
were linearly independent (Freeman and Adel-
son, 1992). Although a circular space can be
represented by two channels with sinusoidal
tuning curves, the rectification and squaring
operations led to the requirement of six chan-
nels. The half-wave rectified and squared basis
functions were more selective (narrower) than
sinusoidal tuning curves and strictly positive. If
the basis functions were broader, then fewer
channels would have been needed. If narrower,
then more channels would have been needed.
Saturation and luminance were not modeled,
because our stimuli did not vary along those
dimensions. The channel outputs for any stim-
ulus color were readily computed from the ba-
sis functions (the tunings curves of the
hypothetical channels).

The data (the estimated voxel response am-
plitudes) were partitioned in train (B1) and test
sets (B2), as for the classification analysis, and
the analysis proceeded in two stages (train and

test). In the first stage of the analysis, the training data were used to
estimate the weights on the six hypothetical channels, separately for each
voxel. With these weights in hand, the second stage of analysis computed
the channel outputs associated with the spatially distributed pattern of
activity across voxels evoked by each test color, and the resulting channel
outputs were associated with a stimulus color. Let k be the number of
channels, m be the number of voxels, and n be the number of repeated
measurements (i.e., eight colors times the number of runs). The matrix of
estimated response amplitudes in the training set (B1, m ! n) was related
to the matrix of hypothetical channel outputs (C1, k ! n) by a weight
matrix (W, m ! k):

B1 " WC1. (1)

The least-squares estimate of the weights was computed using linear
regression:

Ŵ " B1C1
T(C1C1

T)#1. (2)
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Figure 3. Forward model. A, Idealized color tuning curve, modeled as a half-wave rectified and squared sinusoid. B, The
response of a voxel was fitted with a weighted sum of six idealized color tuning curves, evenly spaced around the color circle, in CIE
L*a*b* space. C, Simulated response amplitude matrix, for each voxel and each color. D, Matrix of principal component scores,
computed by projecting the vector of response amplitudes (across voxels) onto each of the principal component vectors, ordered by
the amount of variance they explain in the original response amplitudes. E, Plotting the first two principal component scores as
coordinate pairs reconstructs the original color space. F, Cone-opponency model. LMS cone responses were calculated for the
stimulus colors. Four cone-opponency channels (M–L, L–M, #S, and $S) were computed from the cone responses, half-wave
rectified. G, The first two principal components of the simulated cone-opponency responses revealed results similar to those
observed in V1.
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ing accuracies across runs allowed us to determine the statistical signifi-
cance of the prediction accuracy. Because accuracies are not normally
distributed, because they are restricted between 0 and 1, we performed a
nonparametric permutation test. For each ROI and observer, we assigned
random labels to the training data and obtained an accuracy from the test
data. Repeating this 1000 times yielded a distribution of accuracies, accord-
ing to the null hypothesis that stimulus color could not be classified. Accu-
racies computed with the correctly labeled training data were then
considered statistically significant if they were higher than the 97.5 per-
centile of the null distribution (i.e., two-tailed permutation test). Similar
results were obtained with a standard Student’s t test, and both supported
the same conclusions.

Forward model and reconstruction. In addition to classification, we
defined a forward model to decode and reconstruct color from the spa-
tially distributed patterns of voxel responses. The forward model as-
sumed that each voxel contained a large number of color-selective
neurons, each tuned to a different hue. We characterized the color selec-
tivity of each neuron as a weighted sum of six hypothetical channels, each

with an idealized color tuning curve (or basis
function) such that the transformation from
stimulus color to channel outputs was one-to-
one and invertible. The shape of the tuning
curves was selected (as described below) so that
the response tuning of any one neuron could
be expressed as a weighted sum of the six basis
functions. We further assumed that the re-
sponse of a voxel was proportional to the
summed responses of all the neurons in that
voxel and hence that the response tuning of
each voxel was a weighted sum of the six basis
function. Each basis function was a half-wave
rectified (all negative values were set to 0) and
squared sinusoid, as a function of hue, in CIE
L*a*b* space (Fig. 3 A, B). The rectification ap-
proximated the effect of spike threshold for
cortical neurons with low spontaneous firing
rates, and the squaring made the tuning curves
narrower. For our stimulus set (individual col-
ors of fixed color contrast, presented one at
time), this model of color selectivity is a close
approximation to more elaborate models of
cortical color tuning (Solomon and Lennie,
2007). A rectified and squared sinusoidal tun-
ing curve with any possible hue preference (i.e.,
intermediate to the six basis functions) can be
expressed exactly as a weighted sum of the six
basis functions (Freeman and Adelson, 1992).
The hue preferences of the six channels need
not have been evenly spaced, as long as they
were linearly independent (Freeman and Adel-
son, 1992). Although a circular space can be
represented by two channels with sinusoidal
tuning curves, the rectification and squaring
operations led to the requirement of six chan-
nels. The half-wave rectified and squared basis
functions were more selective (narrower) than
sinusoidal tuning curves and strictly positive. If
the basis functions were broader, then fewer
channels would have been needed. If narrower,
then more channels would have been needed.
Saturation and luminance were not modeled,
because our stimuli did not vary along those
dimensions. The channel outputs for any stim-
ulus color were readily computed from the ba-
sis functions (the tunings curves of the
hypothetical channels).

The data (the estimated voxel response am-
plitudes) were partitioned in train (B1) and test
sets (B2), as for the classification analysis, and
the analysis proceeded in two stages (train and

test). In the first stage of the analysis, the training data were used to
estimate the weights on the six hypothetical channels, separately for each
voxel. With these weights in hand, the second stage of analysis computed
the channel outputs associated with the spatially distributed pattern of
activity across voxels evoked by each test color, and the resulting channel
outputs were associated with a stimulus color. Let k be the number of
channels, m be the number of voxels, and n be the number of repeated
measurements (i.e., eight colors times the number of runs). The matrix of
estimated response amplitudes in the training set (B1, m ! n) was related
to the matrix of hypothetical channel outputs (C1, k ! n) by a weight
matrix (W, m ! k):

B1 " WC1. (1)

The least-squares estimate of the weights was computed using linear
regression:

Ŵ " B1C1
T(C1C1

T)#1. (2)
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Figure 3. Forward model. A, Idealized color tuning curve, modeled as a half-wave rectified and squared sinusoid. B, The
response of a voxel was fitted with a weighted sum of six idealized color tuning curves, evenly spaced around the color circle, in CIE
L*a*b* space. C, Simulated response amplitude matrix, for each voxel and each color. D, Matrix of principal component scores,
computed by projecting the vector of response amplitudes (across voxels) onto each of the principal component vectors, ordered by
the amount of variance they explain in the original response amplitudes. E, Plotting the first two principal component scores as
coordinate pairs reconstructs the original color space. F, Cone-opponency model. LMS cone responses were calculated for the
stimulus colors. Four cone-opponency channels (M–L, L–M, #S, and $S) were computed from the cone responses, half-wave
rectified. G, The first two principal components of the simulated cone-opponency responses revealed results similar to those
observed in V1.
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Decoding	  possible	  from	  many	  areas	  
•  But	  forward	  modelling	  revealed	  that	  ventral	  areas	  
(V4)	  demonstrated	  a	  perceptual	  color	  space	  while	  
V1	  was	  consistent	  with	  a	  representa/on	  based	  on	  
opponent	  color	  axes	  

clustering and with the cluster centroids near the origin of the
space.

These observations were quantified, separately for each visual
area, by computing a measure of within-color clustering and a
measure of progression through color space (see Materials and
Methods). V1 exhibited the highest clustering but only modest
progression (Fig. 6B). In contrast, areas V4 and VO1 showed the
highest progression (significantly higher than would have been
expected by chance, as determined by a permutation test; see

4

and the minimum distance in the case of included colors was 0 (correctly classifying a included
color), or, in the case of novel colors, the minimum distance was 1 (classifying a novel color as its
immediate neighbor). Error bars indicate SDs across runs (with 1 run at a time left out of training
and used for testing accuracy). Solid line, Median distance as expected by chance. Dashed line,
Statistical threshold ( p ! 0.05, two-tailed permutation test). †p ! 0.05, visual areas for which
the measured distance for novel colors was statistically smaller than expected by chance.

Figure 5. Reconstruction. A, Color reconstruction on the basis of V4 activity. Each point
represents the color reconstructed for one run, using combined data from all sessions and
observers, plotted in CIE L*a*b* space. The reconstructed colors from all sessions and observers
cluster near the actual stimulus color, indicated in the top right of each panel. B, Reconstruction
of novel colors, not included in training the forward model. Reconstructed colors again cluster
near the actual stimulus color but with more spread than in A. C, Forward model decoding
accuracies for included and novel colors. Error bars indicate SD of the accuracies over runs. *p !
0.05, visual areas for which there was a statistically significant difference when the test color
was excluded from training (paired-sample t test). Solid line, Chance accuracy (0.125%).
Dashed line, 97.5 percentile for chance accuracy, obtained by permutation tests (identical to Fig.
4). Areas V1, V2, and V3 show a significant decrease in decoding accuracy for novel colors,
whereas areas V4 and VO1 show highly similar decoding accuracies for both included and novel
colors. The accuracies for included colors in this figure are similar but not identical to the com-
bined accuracies shown in Figure 4 B. Each run is associated with one example per color. If we
remove one color from training at a time and we leave one run out at a time, we can only predict
one example per run (the example associated with the color excluded from training). The
remaining colors in the run are not novel. Thus, for fair comparison, we determined the accuracy
for included colors in the same way. D, Performance of the maximum likelihood classifier on
included (black bars) and novel (gray bars) colors, quantified as the average distance between
the color predicted by the maximum likelihood classifier and the novel color presented. Small
distances indicate that the classifier predicted colors as perceptually similar, neighboring colors.
The maximum distance was 4 (classifying a novel color as the opposite color on the hue circle),
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Figure 6. Neural color spaces. A, Color spaces derived from the covariation, across voxels, in
the responses to different stimulus colors, using data combined over all sessions and observers.
In V4, the first two principal components (main source of variation) reveal a nearly circular
progression (not self-intersecting) through color space, with similar colors evoking the most
similar responses. This is not the case for V1 or MT" activity, nor for white noise. Note, how-
ever, that V1 shows a more robust clustering of PCA scores, relative to the other areas.
B, Clustering and progression of the color spaces derived from activity in each visual cortical
area. Dashed lines, Chance levels for the progression (black) and clustering (gray) measures,
computed by a permutation test (see Materials and Methods). All areas show clustering signif-
icantly higher than chance ( p ! 0.05, two-tailed permutation test). *p ! 0.05, visual areas
with a progression measure higher than chance (two-tailed permutation test). The relatively
high progression score in MT" is artifactual because the cluster centers were all near the origin
of the space.
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Materials and Methods) but weaker clustering. Progression and
clustering in V2 and V3 were intermediate between those for V1
and V4, but the progression and clustering were relatively low in
the remaining visual areas (noting that the relatively high pro-
gression score in MT! was artifactual because the cluster centers
were all near the origin of the space).

The dissociation between the color spaces in V1 and V4 was
also present for the individual observers, although not as pro-
nounced as in the combined data (supplemental Fig. 4B, avail-
able at www.jneurosci.org as supplemental material). Across
observers, treating individual differences as a random factor,
we found significantly higher clustering in V1 relative to V4
( p " 0.02, paired-sample t test) and significantly higher pro-
gression in V4 relative to V1 ( p " 0.04, paired-sample t test)
(supplemental Fig. 4C, available at www.jneurosci.org as sup-
plemental material).

Although the first two PCA components from V1 did not
reveal a color space akin to the one found in V4, it nevertheless
might have shown such a progression in combinations of later
component scores, responsible for explaining a lesser amount of
variance in the V1 responses. This would be expected if the main
source of variation in V1 resulted from changes in, for example,
subtle differences in contrast, luminance, or saturation between
our colored stimuli, although our stimuli were calibrated to have
equal luminance and contrast and were chosen from a perceptu-
ally homogenous color space. In an additional analysis, we com-
puted the progression for all combinations of components. Some
combinations of V1 components showed a high progression
measure, but these components explained only small amounts of
variance (the highest progression measure was obtained using a
pair of V1 components explaining #2% of the variance of the
data, whereas the first pair of V1 components explained $11% of
variance). This indicates that the response variation attributable
to variations in color were not hidden just below a signal of non-
color-specific origin. Moreover, clustering was low (and conse-
quently decoding accuracy was poor) for the pairs of V1
components that yielded high progression. Similar results were
also observed for the other visual areas, excluding V4 and VO1.
For V4 and VO1, the highest progression measures were found
with the first two components.

The presence of high clustering but lack of progression in the
PCA scores from V1 suggested that the activity was not charac-
terized by the proposed forward model, tuned to perceptual hues.
Such a model predicted a circular, progressing color space in the
principal component scores. We therefore considered an alterna-
tive underlying model of tuning: cone opponency (Fig. 3F). Spe-
cifically, we calculated LMS cone responses to our stimulus
colors. By subtracting L from M cone responses, we created an
M–L channel. The channel was rectified (all negative values set to
0). By subtracting M from L cone responses, we created an L–M
channel, also rectified. Note that these two channels would have
been perfectly negatively correlated, before rectification. Finally,
we created two S cone channels, modeling positive and negative S
cone responses to our stimuli, relative to the activity of the L and
M cones. The S cone channels (LM%S, LM!S) were also recti-
fied. All channels were normalized to yield an identical maximum
response of 1 (Fig. 3F).

Simulating our experiment using these cone-opponency
channels, instead of the hue-tuned channels, reproduced some
but not all of the features of the V1 responses. (1) The resulting
color space showed no progression between clusters of similar
colors (Fig. 3G). (2) Decoding accuracy was high for colors in-
cluded in the training set but much lower for novel colors (sim-

ulation results not shown). (3) In both model and V1 responses,
the green, yellow, and purple hues clustered together on one side,
whereas the blue and red/orange hues were found on the other
side (compare Figs. 3G, 6A). Why did the cone-opponency
model exhibit this behavior, unlike the forward model with hue-
tuned channels? It is not the result of the lower number of chan-
nels in the cone-opponency model (four channels) compared
with the hue tuning model (six channels): a circular color space
can be encoded unambigiously by four channels, provided that
they have the correct shape (rectified but not squared sinusoids).
Rather, the hue-tuned channels are “shiftable” (Freeman and
Adelson, 1992), by which we mean that a tuning curve of the same
shape but shifted to any possible preferred hue can be expressed
exactly as a weighted sum of the basis functions (a subtlety here is
that the basis functions need not have been evenly spaced as long
as they were linearly independent). However, this is not true for
the cone-opponency channels; the cone-opponent tuning curves
do not cover the perceptual hue circle evenly and they are not
shiftable. Our colors were defined in a space designed to be per-
ceptually homogeneous (CIE L*a*b*). To achieve perceptual ho-
mogeneity, the space is a nonlinear transform of the underlying
cone-opponency space. For example, the two greenish hues are
relatively close together in CIE L*a*b* space, whereas in cone-
opponency space, the response they produce is quite different
(activating either mostly the L–M axis in the case of turquoise
green, or mostly the LM–S axis in the case of lime green). The
opposite is true as well; there is quick transition from yellow to
orange and reddish hues in cone-opponency space, whereas the
same transition covers a much larger portion of CIE L*a*b*
space. As a result of this nonlinear transformation, if neural re-
sponses to colors chosen from a perceptual color space, such as
CIE L*a*b*, are driven by a cone-opponency model, those neural
responses cannot be used to reconstruct the perceptual color
space, attributable to the nonlinear warping between the two
spaces. The similarity between the color space reconstructed
from the cone-opponency model simulation and the measured
V1 responses, although tentative, suggests that, indeed, the rep-
resentation of hue in V1 is incomplete. Supporting evidence for
this comes from the fact V1 performs poorly in classifying novel
colors compared with V4 and VO1 (Fig. 5A,B). The spatially
distributed pattern of activity in V1, unlike V4 and VO1, does not
allow for interpolation between colors (e.g., the pattern of re-
sponses evoked by orange is not halfway in between the patterns
evoked by red and yellow).

An alternative model, based on physiological data recorded
from V1 neurons (Conway, 2001), modeling responses as S–LM
and L–SM channels, similarly reproduced some but not all of the
observed V1 PCA scores.

In summary, the dissociation between clustering (highest in
V1 and supporting the best decoding performance) and progres-
sion (highest in V4) implies a transformation from the color
representation in V1 to a representation in V4 (and to a lesser
extent VO1) that was closer to a perceptual color space.

Mean response amplitudes
Accurate decoding was attributable to information available in
the spatially distributed pattern of responses. A priori, decoding
could have relied on differences in the mean response amplitudes
averaged throughout each visual area ROI. Although the stimuli
were matched in terms of luminance and distance within a color
space designed to be perceptually uniform, there was no guaran-
tee that these colors would have evoked the same mean response
amplitude in each of the visual areas. However, there was no
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Estimating the influence of attention on population codes in human visual cortex
using voxel-based tuning functions
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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 pre-
sentations. 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).

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 representa-
tion 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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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 canpowerfully discriminate between
activationpatterns that are associatedwith 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 infor-
mation from many feature-selective voxels makes it difficult to deter-
mine exactly how feature-selective voxels are modulated by attention
or other cognitive factors. In the next sectionwe develop a method for
directly examining the tuning functions of individual voxels in an effort
tomore 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 acti-
vation 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 repre-
senting 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 amutual
information (MI) metric to estimate the extent to which measuring the

tuning function of each voxel reduced uncertainty about the orientation
of the stimulus beingpresented.MIwas computedusingonly four scans,
and thenvoxels preferringeachorientationwere sorted into four equally
populated bins based on their MI value (this procedure was then per-
mutedfive times using the cross-validationprocedure 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, pb .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, pb .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 bya
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 ob-
served influence of stimulus orientation andMI 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 in-
formation across large groupsof voxels in order tomaximize 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 Dis-
cussion section.

We also measured the distribution of orientation tuning prefe-
rences 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 effectwasmore 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 over-
representation 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

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.
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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, sophisticatedmultivoxel 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 discri-
minate 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 indi-
vidual voxels (and by inference the neurons) that are modulated by
attentional or perceptual factors.

Here, we demonstrate that complex pattern classification algo-
rithms are not always needed to make inferences about changes in
population response profiles. Instead, robust feature-tuning functions

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 behavio-
rally relevant stimuli.

Methods

Subjects

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 require-
ments 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 orien-
tations, 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 suc-
cessive 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. 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 deviationwith 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).

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 buttonwhenever the width of the attended lines increased slightly.
See text for more details.
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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 canpowerfully discriminate between
activationpatterns that are associatedwith 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 infor-
mation from many feature-selective voxels makes it difficult to deter-
mine exactly how feature-selective voxels are modulated by attention
or other cognitive factors. In the next sectionwe develop a method for
directly examining the tuning functions of individual voxels in an effort
tomore 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 acti-
vation 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 repre-
senting 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 amutual
information (MI) metric to estimate the extent to which measuring the

tuning function of each voxel reduced uncertainty about the orientation
of the stimulus beingpresented.MIwas computedusingonly four scans,
and thenvoxels preferringeachorientationwere sorted into four equally
populated bins based on their MI value (this procedure was then per-
mutedfive times using the cross-validationprocedure 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, pb .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, pb .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 bya
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 ob-
served influence of stimulus orientation andMI 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 in-
formation across large groupsof voxels in order tomaximize 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 Dis-
cussion section.

We also measured the distribution of orientation tuning prefe-
rences 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 effectwasmore 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 over-
representation 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

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.
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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, sophisticatedmultivoxel 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 discri-
minate 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 indi-
vidual voxels (and by inference the neurons) that are modulated by
attentional or perceptual factors.

Here, we demonstrate that complex pattern classification algo-
rithms are not always needed to make inferences about changes in
population response profiles. Instead, robust feature-tuning functions

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 behavio-
rally relevant stimuli.

Methods

Subjects

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 require-
ments 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 orien-
tations, 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 suc-
cessive 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. 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 deviationwith 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).

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 buttonwhenever the width of the attended lines increased slightly.
See text for more details.
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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 interleavedwith 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 inwidth ±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 atten-
ded feature across all visual areas (F(7,21)=2.67, pb0.05). 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, pb0.02, F(7,21)=2.5, pb0.05, 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

differences in the display cannot account for the attentional modula-
tions. 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 prefe-
rences 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

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
directlyexamined the influenceof attentionon the shapeof 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 howactivationpatternswere
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 limi-
tation 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. 6. Orientation tuning histograms. (A–D) Histograms showing the proportion of
voxels in each visual area that respond maximally to each stimulus orientation.

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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measures ANOVAs revealed significant orientation selectivity
of the VTFs in all areas [after collapsing across attended and
unattended trials: V1: F(7,42) ! 18.3, P " 0.001; V2v:
F(7,42) ! 19.4, P " 0.001; V3v: F(7,42) ! 5.9, P " 0.001;
hV4: F(7,42) ! 3.7, P " 0.005].

When considering all spatially selective voxels identified
using the independent functional localizer scans, we found that
spatial attention primarily produced an additive scaling of
VTFs that was highly significant in all four visual areas. This
magnitude of the additive scaling also increased modestly from
V1 to hV4 [F(3,18) ! 3.13, P ! 0.051, marginally significant
one-way repeated measures ANOVA; see Fig. 4]. This mono-
tonic rise in additive scaling along the ventral pathway is
consistent with previous reports in human visual cortex (Kast-
ner et al. 1998; O’Connor et al. 2002; Ress et al. 2000) and
might be driven by increasing receptive field size and a
corresponding increase in the amount of within-receptive field
competition, which is thought to play a critical role in deter-
mining the magnitude of attentional modulations (Desimone

and Duncan 1995; Kastner and Ungerleider 2001; Kastner et
al. 1998).

We next used an information-theoretic measure—mutual
information (MI)—to identify those voxels that are theoreti-
cally most representative of changes within specific subsets of
orientation-selective neurons (see Using MI as a criterion to
select representative voxels in METHODS; Borst and Theunissen
1999; Cover and Thomas 1991; Fuhrmann Alpert et al. 2007;
Panzeri et al. 2008; Serences et al. 2009). A three-way repeated
measures ANOVA with visual area (V1–hV4), attention (at-
tended, unattended), and MI bin (first to fourth quartiles)
revealed an overall increase in the additive scaling parameter
with attention [F(1,6) ! 28.5, P " 0.002; see Fig. 5] and an
increase in the additive scaling parameter with increasing MI
[F(3,18) ! 16.9, P " 0.001]; this later modulatory effect of MI
on additive scaling was more pronounced in later visual areas
(e.g., V3v, hV4) compared with earlier areas [three-way inter-
action between attention, MI bin, and visual area: F(9,54) !
3.01, P " 0.01; see Fig. 6]. In addition, attention led to
significant multiplicative scaling in high-MI voxels [two-way
interaction between attention and MI bin: F(3,18) ! 7.00, P "
0.005; see Fig. 7]; however, the three-way interaction between
attention, MI bin, and visual area did not approach significance
[F(9,54) ! 1.14, P ! 0.35], suggesting a qualitatively similar
pattern in all regions. Finally, no significant changes in band-
width scaling were observed with attention [Supplemental Fig.
S3; attention # MI interaction, collapsed across visual areas:
F(3,18) ! 1.45, P ! 0.26], which is perhaps not surprising
given similar results in previous single-unit recording studies
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FIG. 3. Voxel tuning functions (VTFs) with attention (solid curve) and
without attention (dashed curve) based on responses in V1, V2v, V3v, and
hV4. These mean tuning functions were produced by centering all VTFs (for
a visual area) at their preferred orientation and then averaging across subjects
(lines represent best-fitting circular Gaussian; see METHODS). Error bars reflect $1SE
across subjects. The y-axis refers to the magnitude of the fit coefficients (beta weights)
estimated using the general linear model (GLM; see METHODS).
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FIG. 5. A: tuning functions for top 25% (red) and bottom 25% (blue) of
voxels in V1 ranked by MI score, with attention (solid curves) and without
attention (dotted curves). Tuning functions of high-MI voxels (red lines; also
see B) show significant multiplicative and additive scaling, whereas low-MI
voxels show primarily additive scaling (blue lines; also see C and Figs. 6 and
7). Note that B and C have been derived from A, to better highlight the
difference in shape between the VTFs from high-MI and low-MI voxels (with
y-axis of both B and C covering equal range to permit a direct comparison).
Error bars reflect $1SE across subjects.
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Conclusion	  

•  Classifica/on	  analysis	  of	  V1	  responses	  may	  reveal	  
important	  features	  of	  early	  visual	  cortex	  

•  Not	  all	  MV	  analyses	  require	  pa_ern	  classifica/on	  
•  Genera/ng	  (and	  tes/ng)	  forward	  models	  has	  led	  
to	  an	  insight	  into	  cor/cal	  color	  representa/on	  

•  Analyzing	  individual	  voxel	  tuning	  func/ons	  allows	  
us	  to	  relate	  mul/variate	  ac/vity	  directly	  to	  
known	  proper/es	  of	  visual	  neurons	  


