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Abstract

■ Color perception is based on the differential spectral
responses of the L-, M-, and S-cones and subsequent subcortical
and cortical computations and may include the influence of
higher-order factors such as language. Although the early sub-
cortical stages of color vision are well characterized, the organi-
zation of cortical representations of color remain elusive,
despite numerous models based on discrimination thresholds,
appearance, and categorization. An underexplored aspect of
cortical color representations is how they unfold over time. Here,
we compare the dynamic reorganization of three different color
representations over time using magnetoencephalography. We
measured neural responses to 14 hues at each of three achro-
matic luminances (increment, isoluminant, and decrement)
while participants attended either to the exact color of the

stimulus or its color category. We used a series of classification
analyses, combined with multidimensional scaling and represen-
tational similarity analysis, to ask how cortical representations of
color unfold over time from stimulus onset. We compared the
performance of “higher order” models based on hue and color
category with a model based simply on stimulus cone contrast
and found that all models had significant correlations with the
data. However, the unique variance accounted for by each model
revealed a dynamic change in hue responses over time, which
was consistent with a “coarse to fine” transition from a broad
clustering into categorical groups to a finer within-category rep-
resentation. Notably, these dynamics were replicated across data
sets from both tasks, suggesting they reflect a robust reorganiza-
tion of cortical hue responses over time. ■

INTRODUCTION

The first stage of human color vision is based on the com-
bination of the differential responses of the L-, M-, and S-
cones to the visual stimulus. In this first postreceptoral
stage, comparisons of the cone responses are initially
made within two distinct cone opponent streams, an
L-/M-cone opponent response (loosely called “red-green”)
and one based on the opponent combination of S-cones
with the other two (loosely called “blue-yellow”). On the
basis of physiological and behavioral data, these two path-
ways are thought to remain segregated within the subcor-
tical processing stages, using different anatomical cell
types and pathways in the retina, LGN, and with distinct
V1 cortical inputs (Lennie & Movshon, 2005; Derrington,
Krauskopf, & Lennie, 1984). There is also evidence for a
behavioral separation at detection threshold (Eskew,
2009; Mullen & Sankeralli, 1999). These two low-level
pathways, however, do not provide adequate accounts
of color appearance or the perceptual organization of the
different colors. For example, colors that are equally spaced
in a representation based on perceptual differences/
similarity (e.g., using an International Commission on Illu-
mination (CIE) L*a*b* space) vary in a nonuniform way in

a space based on the relative cone responses (e.g., a cone
contrast space). Furthermore, it has been widely observed
that stimulating the cardinal directions of a cone contrast
space, which uniquely activate one type of cone opponent
process at a time, do not generate the color appearance of
a unique hue. Hence, the unique hues are not aligned with
the cone opponent axes and further computations are
required for cone opponency to generate the full range
of color appearances (Conway, Malik-Moraleda, & Gibson,
2023; Li, Garg, Zhang, Rashid, & Callaway, 2022; Stockman
& Brainard, 2010; de Valois & de Valois, 1993). Embedded
within this perceptual color space is a categorical organi-
zation, in which colors can be placed into groups accord-
ing to their color appearance, such as the 11 basic color
names of Berlin and Kay (1969).Whether there are any cat-
egorical effects in color perception, including potential
interaction with language, remains controversial, but evi-
dence is clearer for “categorical facilitation” effects, likely
mediated by a shift of attention to the linguistic distinc-
tion between color categories (for a review, see Witzel,
2019). So far, the computational nature of the processes
underlying categorical color grouping and subsequent
color naming also remains unknown (Siuda-Krzywicka,
Boros, Bartolomeo, & Witzel, 2019).
Imaging approaches provide an important route into

the understanding of how colors are represented in cor-
tex. fMRI can be used to decode stimulus color using a
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multivariate approach to analyze spatially distributed pat-
terns of voxel activity in cortex (Goddard & Mullen, 2020;
Brouwer & Heeger, 2009, 2013; Goddard, Mannion,
McDonald, Solomon, & Clifford, 2010; Parkes, Marsman,
Oxley, Goulermas, & Wuerger, 2009). Although colors
can be decoded in early visual cortical areas (V1, V2, V3,
hV4, and ventral occipital area [VO]), the ventral areas
hV4 and VO showed a stronger perceptual relationship
than earlier areas such as V1 and V2, with perceptually sim-
ilar colors evoking the most similar responses (Brouwer &
Heeger, 2009). Brouwer and Heeger (2013) also found
that areas hV4 and VO1 showed evidence of categorical
clustering, especially when participants were engaged in
a color categorization task, compared with a diverted
attention condition. There is also evidence of further
areas of high color responsiveness more anterior in
ventral visual cortex (VVC; Stoughton & Conway, 2008;
Zeki & Bartels, 1999; Komatsu, Ideura, Kaji, & Yamane,
1992), including adjacent to areas associated with higher-
order responses such as to objects, faces, and places
(Lafer-Sousa, Conway, & Kanwisher, 2016; Lafer-Sousa &
Conway, 2013).
Magnetoencephalography (MEG) signals can be used to

decode stimulus color with the advantage of allowing the
precise timing of the stimulus response to be determined
(Hermann, Singh, Rosenthal, Pantazis, & Conway, 2022;
Rosenthal, Singh, Hermann, Pantazis, & Conway, 2021).
This previous work, using four stimulus colors and two
luminance levels, has shown that MEG signals can be used
to decode stimulus color for over 300 msec after stimulus
onset (Rosenthal et al., 2021) and provides a proof of con-
cept that similarity relationships can be used to test the
geometry of stimulus color representations. Other MEG
studies have also demonstrated color decoding from
MEG signals (Goddard, Carlson, & Woolgar, 2022;
Goddard, Shooner, & Mullen, 2022; Teichmann et al.,
2020; Sandhaeger, von Nicolai, Miller, & Siegel, 2019;
Teichmann, Grootswagers, Carlson, & Rich, 2019) and
task-based changes in color coding consistent with sharp-
ening of color tuning with attention (Goddard, Carlson,
et al., 2022; Bartsch et al., 2017). In addition, there are
many examples of decoding stimulus color from EEG sig-
nals (Bae & Chen, 2024; Grootswagers, Robinson, Shatek,
& Carlson, 2024; Rozman, Chauhan, & Martinovic, 2024;
Chauhan, Jakovljev, Thompson, Wuerger, & Martinovic,
2023; Retter, Gao, Jiang, Rossion, & Webster, 2023; Wu
et al., 2022; Hajonides, Nobre, van Ede, & Stokes, 2021;
Sutterer, Coia, Sun, Shevell, & Awh, 2021).
Here, we recorded MEG signals while participants

viewed a set of 42 stimuli that varied in hue as well as ach-
romatic offset and compared the timing of the emergence
of neural representations of chromatic and achromatic
information. We included two task conditions, both
involving attention to the stimulus color but only one
requiring color naming (categorization), to test whether
the task of color naming influences the way color is rep-
resented in cortex.

To test how neural color representations evolve over
time, we first used an exploratory analysis of the MEG data
(multidimensional scaling [MDS]), and second, a model-
driven representational similarity analysis (RSA; Popal,
Wang, & Olson, 2019; Kriegeskorte, Mur, & Bandettini,
2008; Kriegeskorte et al., 2008). In the RSA, we compared
three different theoretical (model) response spaces,
reflecting different factors that could be influential in the
neural representation of color: the cone contrast differ-
ences between the stimuli; the perceptual differences
between stimuli based on color discriminability; and color
category, in which within-category pairs of stimuli are pre-
dicted to produce more similar responses than cross-
category ones. Our results show an orderly representation
of hue across the stimulus-induced response that is
broadly consistent with each of the three a priori models
above. Interestingly, we find a nonlinear warping of the
representational space that is dynamic, changing over
time from the stimulus onset. These nonlinearities suggest
a “coarse to fine” dynamic, in which the cortical hue rep-
resentation includes an initial clustering of similar hues
before a later separation of these clusters to represent
the finer differences between stimuli. We replicated the
dynamics of these hue representations across the data
from the two different tasks and finding only a subtle indi-
cation of possible task-mediated differences in the later
part of the response.

METHODS

Participants

We collected MEG data on eight participants (five female,
three male, aged 21–34 years, mean = 26.4 years). Each
participant had no history of neurological and/or psychi-
atric disorders, normal or corrected-to-normal visual
acuity, and normal color vision as assessed with Ishihara
plates (Ishihara, 1990) and the Farnsworth-Munsell
100-hue test (Farnsworth, 1957). All participants pro-
vided informed consent before taking part, and all exper-
imental procedures were approved by the ethics review
board of the McGill University Health Centre and were
conducted in accordance with the Declaration of
Helsinki. We collected MEG data for each participant
during a single session, of approximately 2 hr. Each
participant was familiarized with all tasks before the day
of the MEG data collection, but all behavioral data
reported here are from the MEG session.

Our sample size (n = 8) is smaller than previous work
testing for color representations with MEG (n = 18;
Hermann et al., 2022; Rosenthal et al., 2021), but larger
than earlier work using fMRI (n = 5, Brouwer & Heeger,
2009, 2013), and larger than our recent MEG work, which
included similar analysis approaches (n = 6; Goddard,
Shooner, et al., 2022). Teichmann, Moerel, Baker, and
Grootswagers (2022) used real and simulated data to test
the effect of participant and trial numbers on statistical
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power for classification analyses of MEG responses to
visual stimuli. They report that sufficient data at a subject
level (i.e., enough trials) is likely more important for statis-
tical power than sample size, giving the empirical example
of a data set with nine participants completing 1600 trials
having equivalent power to data from 18 participants who
completed 400 trials. In this study, we prioritized many
trials (>3,800 trials per participant) to increase this
subject-level power.

Visual Stimuli

All visual stimuli were large circular patches of uniform
color, serially presented. Each circular stimulus was 40°
in diameter, presented in a raised-cosine envelope, and
outside the stimulus area, the screen was set to a gray of
mean luminance, as illustrated in Figure 1. We used 14
hues, chosen to be equally spaced around a circle of
diameter 40 in the isoluminant plane of CIE Lab space.
The saturation of the stimuli was chosen to be close to
the maximum achievable within the gamut of the display.

We determined the isoluminant plane of CIE Lab space
for each participant individually using heterochromatic
flicker photometry (He, Taveras Cruz, & Eskew, 2020;
Smith & Pokorny, 1975). At the start of the experimental
session, participants viewed a sinusoidally flickering
stimulus, alternating between a frame of a colored stimu-
lus (as in Figure 1B) and an achromatic stimulus of the
same spatial properties. Participants used a mouse to
adjust the luminance of the achromatic stimulus until their
impression of flicker was minimized, indicating their

selection with a mouse click. After performing at three
settings for each of the 14 hues, we averaged the selected
luminances for each hue.We fit a sinusoid to these average
offsets across hue direction, with amplitude and phase as
fitted parameters and used the fitted values to adjust the
experimental stimuli for perceptual isoluminance. Across
participants, the phase of the fitted sinusoid aligned with
stimulus hue such that the maximum correction was
applied to the stimuli closest to the L-M isolating axis, as
expected for a correction to adjust for individual variability
in the luminance mechanism. The maximum amplitude of
this achromatic correction (L = M= S) varied across indi-
viduals (range: 0.8–4.9%, mean: 2.9% cone contrast). In
addition to the 14 hues that were isoluminant with the
background, we used another 28 hues that were of the
same hue direction but with a 12.5% luminance increment
or decrement, giving 42 unique stimuli.
After the stimuli were calibrated for their individual per-

ceptual isoluminance, participants viewed all stimuli
sequentially and verbally reported the color category of
each stimulus, which were recorded by the experimenter.
Participants were restricted to using the labels “red/pink,”
“orange,” “yellow,” “green,” “blue,” and “purple.” Each
stimulus was presented 3 times, totaling 126 trials. The
modal color labels for each unique stimulus were used
to define each participant’s color categories, used in the
category task (described under “participant task” below)
and the category model (used in the RSA, described
below).
No MEG data were collected during these preliminary

tasks.

Figure 1. Spatial and temporal
stimulus properties. (A) Stimuli
were 14 hues, equally spaced
around a circle in the
isoluminant plane of Lab space,
presented at three luminance
levels (not shown here). The
background was held at mean
gray (a = b = 0). (B) Each
stimulus was a color presented
in a circular raised-cosine spatial
envelope. (C) Example
timecourse of two trials: Each
stimulus was presented in a
temporal raised-cosine
envelope.

2328 Journal of Cognitive Neuroscience Volume 37, Number 11

D
ow

nloaded from
 http://direct.m

it.edu/jocn/article-pdf/37/11/2326/2528388/jocn.a.56.pdf by U
N

SW
 Library user on 15 O

ctober 2025



MEG Methods: Acquisition Protocols

MEG data were collected with a whole-head MEG system
(CTF OMEGA System) consisting of 275 axial gradiome-
ters. For each MEG session, we first collected 5 min of
empty room recordings, which we used to estimate noise
covariance of the sensors (see below). Before the partici-
pant entering the magnetically shielded room, three
marker coils were placed on the participant’s head. Marker
positions, nasion, left and right pre-auricular points, and
the participant’s head shape were recorded with a pen dig-
itizer (Polhemus Isotrak), using a minimum of 500 points.
Two EOG electrodes were places above and below the left
eye, to record eye blinks and eye movements during the
MEG session. Two electrodes were placed across the plane
of the chest to collect electrocardiographic signals, and a
reference electrode was placed below the participant’s
collarbone. Each participant’s MEG data and simulta-
neous EOG and electrocardiographic signals were col-
lected at a sampling frequency of 2400 Hz. In conjunction
with these data, we collected participants’ button
responses using a VPixx ResponsePixx button box system
(VPixx Technologies).

MEG Methods: Display Apparatus and Calibrations

We displayed stimuli using a PROPixx DLP LED projector
(VPixx Technologies, resolution 1920 × 1080), located
outside the magnetically shielded room, to back-project
images onto a custom screen via two mirrors. Participants,
lying supine in the MEG system, viewed the custom
screen, located above them, from a distance of 45 cm.
We used a Windows PC (Windows 7) running MATLAB
(R2017a) in conjunction with routines from Psychtoolbox
3.0 (Kleiner, Brainard, & Pelli, 2007; Brainard, 1997; Pelli,
1997) to generate and project the stimuli (refresh rate
60 Hz, mean luminance 106 cd/m2). The PROPixx DLP
LED projector has a linear gamma and was color calibrated
as described previously (Mullen, Dumoulin, & Hess, 2008;
Mullen, Dumoulin, McMahon, de Zubicaray, & Hess, 2007;
Michna, Yoshizawa, & Mullen, 2007). We precisely aligned
stimulus presentation times with the recorded MEG data
using the VPixx “Pixel Mode” to record the output of a
single pixel along with the MEG data.

MEG Methods: Experimental Design and
Participant’s Task

Each participant completed the MEG data collection in a
single session, which was divided into 10 blocks of 5–
7 min each, with breaks between blocks. On each block
of trials, participants saw the same stimulus set (summa-
rized in Figure 1) and performed a 1-back task requiring
color categorization or discrimination. In both tasks, the
spatial and temporal properties of the stimuli were identi-
cal, with each trial comprising a single color presented in a
temporally raised-cosine envelope (300msec in total, with

100 msec onset, 100-msec sustained presentation, and
100 msec offset). Across both tasks, the trials were
presented in a continuous stream, and participants
responded with a keypress whenever two consecutive
stimuli were an exact match (discrimination task) or a
color category match (category task, where same cate-
gory was defined as stimuli that were given the same label
in the color naming task).

For both tasks, we used at least 42 trials of each of the 42
unique stimuli (1764 trials). These were presented in a
counterbalanced order where each stimulus was preceded
by each of 42 stimuli at least once. Because category
matches were more common than exact stimulus
matches, we added extra exact match trials to the discrim-
ination task blocks so that the average rate of match trials
was the same across the two tasks. The total number of
trials in the discrimination task ranged from 2066 to
2130 across participants, because the match rate in the
category task varied with their individual color labels.

In pilot testing, participants were faster and more accu-
rate for the discrimination task than for the category task:
To approximately equate the tasks for difficulty in the
experiment, we used a longer ISI in the category task
(700 msec) than in the discrimination task (450 msec),
giving stimulus onsets that were separated by 1000 msec
and 750 msec, respectively.

For both the category and the discrimination tasks, we
evaluated participants’ performance using their hit rate
(proportion of match trials with a button press) and false
alarm rate (proportion of nonmatch trials with a button
press) to calculate sensitivity (d0) using the MATLAB
function norminv (inverse of the cumulative normal
distribution):

d0 ¼ norminv HRð Þ − norminv FAð Þ
All participants performed these tasks well above the

chance rate of d0 = 0. Across participants, the average
d0 = 2.7 (range d0 = 1.8–4.1) on the category task, and
d0 = 3.3 (range d0 = 2.4–4.2) on the discrimination task.

MRI Methods: Retinotopic and
Functional Localizers

Each participant completed an MRI session in which we
acquired high-resolution anatomical images of their brains
and functional data used to define ROIs. All magnetic
resonance imaging took place at the McConnell Brain
Imaging Centre, McGill University, Montreal, Canada. For
each participant, we acquired two high-resolution three-
dimensional whole head T1 images using an magnetiza-
tion prepared rapid gradient echo sequence (inversion
time = 900 msec, repetition time = 2300 msec, echo
time = 3.41 msec, 1.0-mm3 resolution) and averaged
these two images to generate the participant’s anatomical
template. Functional T2* MR images were acquired on a
3 T SiemensMAGNETOMPrisma systemwith a 32-channel
head coil. Gradient-echo pulse sequences were used to
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measure BOLD signal as a function of time. We identified
the visual cortical regions V1, V2, V3, V3A/B, LO1/LO2, and
hV4 for each participant using rotating wedge stimuli and
expanding and contracting concentric rings (Sereno et al.,
1995; Engel et al., 1994), standard definitions of these
areas (Goddard, Mannion, McDonald, Solomon, &
Clifford, 2011; Larsson&Heeger, 2006; Brewer, Liu, Wade,
&Wandell, 2005), and the foveal confluence (Schira, Tyler,
Breakspear, & Spehar, 2009). To localize areas VO1, VO2,
and human middle temporal area (hMT+), we used data
from the retinotopic mapping scans in conjunction with
functional localizers for VO (Mullen et al., 2007) and
hMT+ (Huk, Dougherty, & Heeger, 2002). Full details
of our retinotopic mapping procedures, including scan-
ning protocols, data preprocessing, and area definition
have been described previously (Goddard, Chang, Hess,
& Mullen, 2019).

MEG Data Analysis: Preprocessing and
Source Reconstruction

Preprocessing, forward modeling, and source reconstruc-
tion of MEG data were performed using Brainstorm
(Tadel, Baillet, Mosher, Pantazis, & Leahy, 2011, https://
neuroimage.usc.edu/brainstorm). For each participant’s
template anatomical (a high-resolution MRI image), we
used the automatic segmentation processes from Freesur-
fer 6.0 (Dale, Fischl, & Sereno, 1999; Fischl, Sereno, &
Dale, 1999) to define the gray/white matter and pial/gray
matter boundaries. Using Brainstorm, we imported the
output of Freesurfer and created a 15,000-vertex model
of each participant’s cortical surface. For each block of tri-
als in the MEG data, we aligned the participant’s cortical
surface model to the median measured marker coil loca-
tions for that block by aligning the head shape data from
theMRI with the head shape relative to themarker coils, as
recorded with the pen digitizer. For each functional run,
we generated a forward model for each model by applying
amultiple spheres model (Huang, Mosher, & Leahy, 1999)
to the participant’s cortical surfacemodel at this measured
head location.

Functional data were preprocessed in Brainstorm with
notch filtering (60, 120, and 180Hz), followed by bandpass
filtering (0.2–200 Hz, using the Brainstorm default of an
even-order linear phase finite impulse response filter).
We preprocessed data from the empty room recording
using identical protocols and then used the output to esti-
mate the noise covariance for the session. Cardiac and eye
blink artifacts were removed from functional data using
signal space projection. Cardiac and eye blinks events
were identified using default filters in Brainstorm, manu-
ally verified, and then used to estimate a small number
of basis functions corresponding to these noise compo-
nents, which were removed from the recordings (Uusitalo
& Ilmoniemi, 1997). From these functional data, we
extracted an epoch of data for each trial: from −100 to
1000 msec relative to stimulus onset and downsampled

to 200 Hz. Using the noise covariance estimate, regular-
ized using the median eigenvalue, we applied a minimum
norm source reconstruction to this trial data.
For classification analyses, we generated three data sets

using each participant’s functionally defined cortical areas,
as in previous work (Goddard, Shooner, et al., 2022). In
“early visual cortex” (EVC) ROI, we included data from
all vertices located within areas V1, V2, and V3, whereas
the VVC ROI included areas hV4, VO1, and VO2, and “dor-
solateral visual cortex” (DVC) included areas V3A/B, LO1,
LO2, and hMT+.We found very similar effects across these
ROIs, which we believe most likely reflects the failure of
the source reconstruction to completely isolate responses
from these adjoining cortical regions. Because there is lit-
tle difference across ROIs, below, we show data from EVC
only, but equivalent figures for VVC and DVC are included
in the Appendix.

MEG Data Analysis: Classification-based Analyses

We used a series of classification analyses to measure the
amount of information about stimulus color and
luminance that was available in the neural responses, as
measured with MEG. We repeated these analyses for each
5-msec bin to capture how this information changed over
time. Out of the total 15,000 sources in each participant’s
head model, the EVC ROI included an average of 731
sources (SD = 165), the VVC ROI included an average of
396 sources (SD= 67), and the DVC ROI included an aver-
age of 434 sources (SD=106).We reduced thesewith PCA
and retained data from the first n components, which
accounted for 99.9% of the variance, for the classification
analysis (mean = 285.9, SD= 13.7 for EVC; mean = 283.6,
SD = 17.4 for VVC; mean = 283.6, SD = 20.5 for DVC).
We conducted a series of pairwise classifications based

on either stimulus hue or stimulus luminance, with sepa-
rate analyses for data from the category and discrimination
tasks, and for each ROI. In each case, we trained classifiers
to discriminate between two categories of trial (i.e., two
hues or two luminance levels) and tested on held-out data.
We report results obtained with a linear support vector
machine classifier, using the MATLAB function fitcsvm
with KernelFunction set to linear. For all analyses, we
expressed average classifier accuracy in d0 (a unit-free
measure of sensitivity). Chance classification performance
yields d0 = 0.
For classification analyses, we generated “pseudo-trials”

to increase signal-to-noise ratio along the dimension of
interest and to reduce data variability due to stimulus
dimensions orthogonal to the dimension of interest
(e.g., Goddard & Mullen, 2021). When training classifiers
to discriminate stimulus hue, we used pseudotrials that
were each the average of 12 trials of the same hue: 4 of
each luminance level. Trials were sampled without
replacement to ensure that each pseudotrial was com-
posed of independent data. For data from a single task,
this yielded 11 pseudotrials for each of the 14 hues. For
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each pair of hues, we used these pseudotrials in an 11-fold
cross-validation, in each case training on data from 20
pseudotrials (10 from each hue) and then testing the clas-
sification rule on its classification on the held-out pair of
pseudotrials. We repeated this entire process 10 times,
with different partitions of the data into pseudotrials. We
performed an equivalent procedure when classifying stim-
ulus luminance: generating pseudotrials that were each
the average of 14 trials of the same luminance, 1 of each
stimulus hue. This yielded 42 pseudotrials for each of the
3 luminance levels, and for each pair of luminance levels,
we used a 42-fold cross-validation.
For both hue and luminance, we performed these clas-

sification analyses on data from within each 5-msec time
bin to see how information about these stimulus features
in the neural responses unfolded over time. For decoding
of stimulus hue in the EVC ROI, we additionally tested for
cross-temporal generalization: training classifiers on data
from one time bin and then testing this classification rule
on data from each later time bin in held-out pseudotrials.

MEG Data Analysis: RSA and MDS

When decoding stimulus hue, pairwise comparisons of the
14 unique hue directions resulted in a 14× 14 dissimilarity
matrix (DSM) for each time bin where each cell of the
matrix was defined by classifier accuracy. To visualize
how the neural representations of color were unfolding
over time, we used MDS to reduce these matrices to the
best-fitting two-dimensional representation of the 14
hues. Each MDS was completed using the MATLAB
function mdscale with criterion set to metricstress

(minimizing the stress normalized with the sum of squares
of the dissimilarities).

We also used RSA (Nili et al., 2014; Kriegeskorte, Mur,
Ruff, et al., 2008) to compare these matrices with three a
priori models, based on different representations of stim-
ulus hue (Figure 2). Each of these models predicted that
the dissimilarity of the neural responses would be propor-
tional to the stimulus difference, but with stimulus dif-
ference quantified in three possible ways: as Euclidian
distance between stimuli in cone contrast (Figure 2A), CIE
L*a*b* space (Figure 2B), or in color category (Figure 2C).
For each time bin, we rank-correlated each participants’
observed DSM with each of these three models. We com-
pared model performance against the benchmark of the
“noise ceiling,” which estimates the expected correlation
of the observed data with a hypothetical (unknown) “true”
model, given the noise in the data (Nili et al., 2014). The
upper bound of the noise ceiling is calculated by correlat-
ing the group averageDSM at each time bin with each indi-
vidual’s DSM, which, due to overfitting, will overestimate
the truemodel’s correlation. The lower bound of the noise
ceiling is calculated by correlating each individual’s data
with a group average that excludes their own data, avoid-
ing overfitting, and providing a lower bound on the
expected correlation with the true model.

Because our a priori models are positively correlated
with each other (see legend of Figure 2 for correlation
values), they will tend to covary in their correlation with
the data. To estimate the extent to which these models
predicted unique variance in classifier performance, we
fit a series of general linear models (GLMs). For each
GLM, we used the three models as regressors, applying

Figure 2. Model DSMs based
on hue for RSA. We tested
classifier data against three
models of dissimilarity for the
14 stimulus hues, based on
stimulus cone-contrast (A), hue
direction in CIE L*a*b* space
(B), or color category (C). In
each case, the upper plot
indicates the stimulus
representation according to the
relevant model, and the low
plot shows the corresponding
model DSM. The hues were
selected to be equally spaced in
CIE L*a*b* space (B); when
replotted in a cone contrast
space (A), the hues are not
equally spaced but elongated
along the S-cone contrast axis,
whereas the category model (C)
treats within-category hues as
identical, grouped into six
clusters equally spaced around a circle. The category model shown above (C) is an example model for one participant; in the analysis, each
participant’s color naming data were used to generate an individual category model. These three models were positively correlated with one another,
Spearman’s rho r = 0.72 (cone contrast vs. hue), r = 0.25–0.44 (cone-contrast vs. category), r = 0.68–0.73 (hue vs. category), with variation in
correlation with the category model due to interparticipant variation in color naming.
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spm_orth.m (fromSPM12, www.fil.ion.ucl.ac.uk/spm/doc)
to perform recursive Gram-Schmidt orthogonalization
(Golub & Loan, 1996) of these regressors so that the final
regressor would only capture variance that is predicted by
the final model and orthogonal to the other two models.
We then converted each data matrix to ranked classifica-
tion accuracy values and fit these ranks with a GLM com-
posed of the orthogonalized regressors, using the
MATLAB function fitglm.m. We repeated this process
three times, so that each model was the final regressor
in one GLM, providing the parameter estimates (beta
weights) that indicated any unique variance captured by
this model.

When decoding stimulus luminance, the pairwise com-
parisons resulted in a 3× 3DSM.We conducted an RSA on
these data, testing the data on twomodels, based either on
luminance intensity or luminance contrast. Both models
are shown in insets in Figure 5.

Statistical Analyses

To test whether classifier accuracy was above chance
and to test whether model correlations and parameter
estimates (beta weights) were above zero, we used
Bayes Factor analyses, an alternative to the traditional
frequentist approach (Morey & Wagenmakers, 2014; Kass
& Raftery, 1995). A Bayes Factor compares evidence for
competing hypotheses; here, we report where there is
moderate (BF > 3) or strong (BF > 10) evidence in favor
of the alternate hypothesis, or at leastmoderate (BF< 1/3)

evidence in favor of the null hypothesis. We implemented
all Bayes Factor analyses using a MATLAB package
(Krekelberg, 2021).

RESULTS

We recorded MEG data while participants viewed a series
of colored stimuli and performed either a categorization
task or a discrimination task. During both tasks, recon-
structed sources were focused in visual cortex and showed
similar average event-related fields over time (Figure 3).
To quantify the stimulus-related information present in
the pattern of response across cortex and to explore
how neural representations of stimulus hue and lumi-
nance unfolded over time, we used a series of classification
analyses.

Classification of Stimulus Hue and Luminance

In Figure 4, we show the average classifier accuracy, col-
lapsed across all pairwise comparisons, when decoding
hue and luminance. Across the two tasks, we found qual-
itatively similar timecourses of average classifier decoding
for both stimulus features, with a trend toward higher clas-
sifier accuracy in the category task.
This tendency for higher classifier accuracy in the cate-

gory task may reflect the longer ISI for the category task
(700 msec) compared with the discrimination task
(450 msec), which we included to better match the tasks
for difficulty (see the Methods section for details). The

Figure 3. Estimated distributed source amplitudes (root mean square values), averaged (n = 8) for category (A) and discrimination (B) tasks,
projected onto a partly inflated template cortical surface, viewed from above (left) and below (right). In C and D, the average response (event-related
fields) across eight participants and all sensors is plotted, grouped by the 14 stimulus hues (C) or three luminance levels (D). Thin black lines in the
upper part of each plot in C and D, along with the shaded gray background, indicate the temporal envelope of the stimulus, relative to trial onset.

2332 Journal of Cognitive Neuroscience Volume 37, Number 11

D
ow

nloaded from
 http://direct.m

it.edu/jocn/article-pdf/37/11/2326/2528388/jocn.a.56.pdf by U
N

SW
 Library user on 15 O

ctober 2025

http://www.fil.ion.ucl.ac.uk/spm/doc
http://www.fil.ion.ucl.ac.uk/spm/doc
http://www.fil.ion.ucl.ac.uk/spm/doc
http://www.fil.ion.ucl.ac.uk/spm/doc
http://www.fil.ion.ucl.ac.uk/spm/doc
http://www.fil.ion.ucl.ac.uk/spm/doc
http://www.fil.ion.ucl.ac.uk/spm/doc
http://www.fil.ion.ucl.ac.uk/spm/doc


onset of above-chance decoding was approximately 100–
120 msec after stimulus onset in each case, which is
slightly later than reportedpreviously (e.g.,Hermannet al.,
2022). This later onset is likely because our stimuli did not
onset abruptly but ramped on gradually, as shown in
Figure 4.

Trend toward Achromatic Contrast, Rather Than
Intensity, in Luminance Decoding

Our stimuli were presented at three luminance levels:
luminance decrements, stimuli isoluminant with the back-
ground, and luminance increments. If the neural
responses were primarily driven by the luminance inten-
sity differences between these, then discriminating
increments versus decrements should lead to the highest
classifier performance. However, if the neural responses
to these stimuli were driven by luminance contrast more
than intensity, then classifier performance should be
highest when responses to the isoluminant stimuli are
compared with either increments or decrements. These
predictions are shown in the model DSMs (Figure 5,
insets). Representational similarity analyses of the lumi-
nance decoding data are shown in Figure 5.
For both the category and the discrimination task, the

data tended to be more consistent with the model based
on achromatic contrast, rather than intensity. However,

these effects were not particularly robust, as seen in the
results of the Bayes Factor analysis in Figure 5. The average
DSMs in Figure 5 are shown for four time windows to
match those used for the hue analysis (see the next sec-
tion). Across these time windows, the average DSMs are
consistent with the contrast model rather the intensity
model across the first three time windows shown (110–
455 msec), with the lowest classifier performance for
increments versus decrements in each case, but there
was moderate variability across participants, which is seen
in the standard error of the model correlations. The inter-
participant variability is also seen in the noise ceiling,
where the lower bound is not consistently above zero at
time bins where there was above-chance classifier perfor-
mance (as seen by comparing the dotted lines in Figure 5
with the average decoding of luminance in Figure 4). In
these ways, these data are consistent with neural
responses being driven by achromatic contrast, rather
than intensity, but they provide only modest support for
an effect in this direction.

Dynamics of Hue Representations Are Consistent
across Task

Because each participant viewed stimuli of 14 different
hues, the pairwise classifications of stimulus hue included
84 different comparisons. We include the average DSMs

Figure 4. Decoding of stimulus
hue (upper) and luminance
(lower). Average classifier
accuracy (n = 8) across the two
tasks is shown for classification
of hue and luminance. Error
bars are standard errors of the
between-subject means. Thin
black lines in the upper part of
each plot, along with the
shaded gray background,
indicate the temporal envelope
of the stimulus, relative to trial
onset. Dots below the x axis
indicate the results of the Bayes
Factor analyses. Colored dots
show times when the classifier
performance was above chance
(small dots indicate moderate
evidence BF > 3, large dots
indicate strong evidence, BF >
10). Small gray dots indicate
times where there was at least
moderate evidence in favor of
chance performance (BF < 0.3).
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based on hue decoding for four time windows (see
Figure 6). To better visualize the stimulus representations
suggested by these DSMs, we also include MDS solutions
based on each of theseDSMs.When theDSMs are reduced
with MDS, the resultant 2-D solutions do not capture all
information that may be present in the DSM. However,
there is a reasonable a priori prediction that the neural
representation of hue will be close to 2-D, and the 14 stim-
ulus hues can be represented in a number of different 2-D
spaces (such as the a*b* plane of L*a*b* space). In this
way, the MDS solutions provide a useful insight into how
the neural representations are structured if we assume
that they are 2-D. To test how well each MDS solution
captured the corresponding DSM, in each case, we
rank-correlated (Spearman’s rho) the original DSM with
a distance matrix defined by the best-fitting 2-D MDS
solution (Mantel test). These values were similarly high
across time windows (see Figure 6).

We selected the four time windows in Figure 6 (also
used in Figure 5) as equal-duration periods that together

span the times with above-chance classification of stimulus
hue. We chose to divide this period into four time win-
dows to visualize the dynamics indicated by the RSA
results (reported below), particularly the suggestion of a
reorganization at around 300–350 msec after stimulus
onset. For an alternate visualization, with shorter timewin-
dows that span the entire timecourse, we also include
movies of the MDS solutions for each 50-msec time win-
dow in the Appendix.
In comparing the DSMs and MDS solutions in Figure 6

with the model predictions in Figure 2, none of the time
windows in either task provide a clear match to any of the
three a priori models. Nonetheless, there are several fea-
tures of the data that suggest that they reflect meaningful
structure and can provide insight into how the neural rep-
resentation of hue unfolds over time, including features
that concur with one or more of the a priori models. For
instance, all three models predict that classifier perfor-
mance will tend to increase as hue difference increases,
and this is consistent with all observed DSMs, which have

Figure 5. RSA of stimulus
luminance, for the category
(upper) and discrimination
(lower) tasks. Average
correlations (n = 8) with the
achromatic contrast and
intensity models, along with the
average DSMs for four time
windows (using the same time
windows as in the reporting of
hue RSA, below). Note that the
achromatic contrast versus
intensity models (shown in
insets at the left) are perfectly
negatively correlated, so the
model correlations are mirror
symmetrical about the x axis
(time axis) and positive
correlation with one model will
drive negative correlation with
the other. The lower bound of
the noise ceiling (Nili et al.,
2014; see the Methods section)
is indicated by the dashed black
line. Error bars are standard
errors of the between-subject
means, and dots below the
x axis indicate the results of
the Bayes factor analysis, with
plotting conventions as in
Figure 4.
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relatively low classifier performance (close to gray) around
their negative diagonals. In the MDS solutions, this is seen
in tendency for hues to be arranged in order according to
physical similarity (albeit with some clustering and/or
folding).

For both the category task and discrimination task data,
there is an evolution of the hue representation over time,
as seen in the differences across the four time windows in
Figure 6. Themost striking feature of the data in Figure 6 is
that this evolution across time windows is remarkably

Figure 6. Average DSMs and corresponding MDS solutions for data from the category task (upper) and discrimination task (lower). In each case, we
considered data from four time windows of 115 msec each, spanning the times that included above-chance classification of hue for both tasks. In
both cases, the average decoding of hue (d0) is replotted from Figure 4, and gray shaded regions indicate the time windows corresponding to the four
DSMs. The colormap used to plot each DSM is scaled by the maximum d0 of each matrix, indicated above each DSM. In the upper right of each MDS
plot, rho values indicate the DSM/MDS correlation (Mantel test; see text for details).
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consistent for data from different tasks, particularly across
the first three timewindows. This is notable given that data
for the two tasks were collected across different MEG
recordings. This replication indicates a reliable but
dynamic structure in the neural representations of hue,
reflecting a reorganization of hue responses over time.

In the first two time windows of Figure 6, there is rela-
tively low classifier performance among green hues: This is
seen in the squares of gray in the DSMs, and the clustering
of the greens in the MDS solutions. Interestingly, the
greens do not remain clustered across the entire
stimulus-induced response but show greater spacing in
the third time window of Figure 6. This pattern is repli-
cated across both tasks. In the third time window, MDS
solutions from both tasks include a more substantial devi-
ation from a circular arrangement, forming a “figure of 8”
with a crossing point around blue/yellow. Although the
exploratory nature of these analyses precludes strong con-
clusions, they present interesting avenues for future work,
as discussed in the general discussion below.

RSA Suggests a “Coarse to Fine” Transition in
Color Representations

To better characterize how these hue representations
change over the course of the stimulus-induced response,
we performed an RSA, comparing the data with models
based on cone contrast differences, hue difference, and
color category (Figure 7) for data from both the discrimi-
nation and category tasks. All threemodels performedwell
overall (Figure 7A), with similar timing, which likely
reflects the substantial overlap in their predictions based
on their intermodel correlations (see Figure 2). Bayes Fac-
tors revealedmoderate or strong effects across most times
when classification of hue was above chance, and average
model correlations that approached the lower-bound of
the noise ceiling in each case. The strong performance
of all three models we considered (Figure 7A) suggest a
possible ceiling effect, where the shared predictions of
these correlated models may account for performance
approaching the lower bound of the noise ceiling across

Figure 7. RSA. (A) Average
correlations between individual
participants’ dissimilarity
matrices for hue, and the cone
contrast, hue and category
models (see Figure 2 for
models). (B) Parameter
estimates from GLM,
quantifying the unique variance
captured by each model,
beyond the variance shared by
other models (see the Methods
section for details). Colored
regions of the Venn diagrams in
the top right of A and B
illustrate the variances captured
by these different measures. In
A, the lower bound of the noise
ceiling (Nili et al., 2014; see the
Methods section) is indicated by
the dashed black line. Error bars
are standard errors of the
between-subject means, and
dots below the x axis indicate
the results of the Bayes Factor
analysis, with plotting
conventions as in Figure 4.
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the stimulus-induced response. These correlations offer
limited additional insight into the dynamics of color evi-
dent in the dissimilarity matrices and MDS solutions
(Figure 6).
To better isolate the predictions of eachmodel from the

others and test whether the unique variance captured by
each model varies over time, we used a GLM analysis
(detailed in the methods), with results shown in
Figure 7B. The cone contrast model, which we expected
to perform best for the earliest cortical responses,
accounted for some unique variance in the first half of
the response, but this was not clearly restricted to the
response onset for either task. Interestingly, although
we initially included the “category” model to potentially
capture later, higher-order color representations associ-
ated with color naming/categorization, we instead found
that the unique variance captured by the category was
most evident in the earlier part of the stimulus-induced
response. This complements observations from the
exploratory analysis (Figure 6) that the early color
responses included clustering of some hues of the same
category, most notably the greens. For data from the
discrimination task, we also found that the hue model
captured variance beyond that of the category model
later in the response. This suggests that later in the
response, representations of similar hues in the same
color category are more distinct, reflecting their different
appearance more than their category. This indication of a
transition from the category to hue model better
accounting for unique variance occurs at 300–350 msec
after the stimulus onset, which is around the boundary
between the second and third time windows in
Figure 6. Together, these results suggest that the
dynamic reorganization of color representations could
include a transition from a coarse, early response, with
greater clustering of hues of the same category, to a rep-
resentation that accentuates the finer appearance differ-
ences between within-category hues.
Despite very similar overall patterns of effects, the GLM

analyses (Figure 7B) also suggest some task-dependent
effects, with the hue model accounting for unique vari-
ance at ∼400 msec after stimulus onset when participants
were performing the discrimination task, rather than the
category task. The direction of this effect is consistent with
the task requirements, because the discrimination task,
but not the category task, required participants to pay
attention to finer differences in hue, including within a
color category.

DISCUSSION

In this article, we performed a series of classification anal-
yses on the MEG recordings to explore how the neural
response to color unfolds over time, using a combination
of exploratory analyses (MDS) and hypothesis-driven
RSA. We chose stimuli with a relatively fine sampling of
the hue space (14 hue directions) with the aim of

revealing distortions of the neural representation of color
that could distinguish between different models of color
representation.

The Importance of Comparing Multiple Models of
Color Representation

In the RSA, we tested three different representations
(models) of stimulus color, against the human cortical
MEG data, with the aim of asking which model, if any, best
captures the MEG-generated neural code. All models are
based on human behavioral data. One representation of
our chromatic stimuli is in a CIE L*a*b* space, where
the 14 suprathreshold colors are equally spaced around
a color circle in terms of their perceived color differences
(“hue model”). In a second representation, these same
stimuli are placed in a space based on the relative
responses of the three different cone types to the stimuli
(“cone contrast model”). In this space, stimuli vary in a
nonuniform way although retaining the overall color stim-
ulus ordering. The distortions in the cone contrast space
reflect, at least in part, the differential contrast sensitivities
of the two underlying cone opponent mechanisms, with
the S-cone opponent direction elongated due to its poor
contrast sensitivity compared with the highly sensitive
L/M opponent mechanism (Sankeralli & Mullen, 1996;
Cole, Hine, & McIlhagga, 1993). We selected a cone con-
trast model as it represents lower-level cortical responses
in the visual system and provides a useful benchmark
against which to compare other models. The simplest
account of cortical color representations would be that
they reflect their subcortical inputs, so a robust test of
higher-level models is whether they account for color
representations better than this lower-level one. The
third color representation we tested is based on the cat-
egorical groupings of our 14 colors, measured individu-
ally for each participant’s naming data, which produces
a re-arrangement of the “hue model” stimuli into clusters,
predicting high within-category similarity as well as an
orderly progression of categories based on their hue sim-
ilarity (“category model”).

The Challenge of Overlapping Models

These three models are conceptually distinct and were
selected as biologically plausible color spaces that may
best capture the neural code. However, it is important to
note that they are also correlated and so make substan-
tially overlapping predictions in accounting for the
observed data (e.g., the same ordering of hues). We
overcome this issue by using theGLM analyses to compare
the models in terms of the unique variance they capture
(Figure 7B), which revealed differences between the
three models to be seen that were invisible previously
(Figure 7A). As mentioned above, comparing higher-level
models with one based on a lower level of processing
provides a valuable benchmark when considering what
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constitutes evidence in favor of a higher-level model, and
for both hue and category models, we find evidence that
they significantly outperform the cone contrast model at
different times.

Robust Decoding of Luminance and Hue

Across the stimulus-induced response, we found robust
decoding of luminance and hue for both tasks, consis-
tent with previous evidence that stimulus color can be
decoded based on a topographic cortical representation
of color in the MEG data (e.g., Goddard, Carlson, et al.,
2022; Goddard, Shooner, et al., 2022; Hermann et al.,
2022; Rosenthal et al., 2021; Teichmann et al., 2019,
2020). Decoding of both luminance and hue reached
significance from approximately 100 msec after initial
stimulus onset and is optimal between 200 and 400 msec.
These onsets are slightly later than previously reported,
and, unlike previous studies, we did not find evidence
for decoding of luminance preceding that of hue
(Hermann et al., 2022; Rosenthal et al., 2021). However,
we note that our gradual onset stimuli may account
for the later onset of the responses and are not opti-
mized for comparing the onset of hue and luminance
responses.

Patterns of luminance decoding (Figure 5) tended to
indicate a neural representation based on luminance con-
trast, rather than luminance intensity. That is, accuracy
was generally higher when the classifier was trained to
discriminate between the isoluminant stimuli and those
with luminance contrast, rather than between luminance
increments and decrements, even though the latter have a
greater difference in intensity. However, although
decoding of luminance was highly robust, the pattern of
decoding across luminance levels was variable across
participants, and hence yielding only modest support for
a neural representation based on luminance contrast
rather than intensity.

Where in Cortex Are These Hue and Luminance
Representations Located?

The spatial resolution of MEG source reconstruction
does not allow us to make strong inferences about
which visual cortical areas are contributing to the color
representations. Although our source reconstruction
indicated that sources were primarily located in visual
cortex (Figure 3A–B), we found similar patterns of classi-
fier results across early, ventral, and dorsal visual cortex
(see the Appendix section). This could reflect dynamics
that are propagating across these interconnected areas
and/or that signals from these nearby regions were not
well separated in our analyses. For this reason, the timing
of the observed effects provides the clearest constraints
on where these neural representations are located, which
we consider below.

Orderly Hue Representations, with Minimal
Differences across Task

RSA revealed hue representations that were less variable
across participants than the luminance ones, possibly
because our experimental design included larger variation
in stimulus hue than luminance. From the onset of above-
chance decoding, our data were consistent with all three of
the models tested. This suggests that, from the earliest
cortical responses to color, there is an orderly representa-
tion of hue. If the earliest stimulus-induced responses
found here reflect the feedforward information in lower
visual areas, and then our data differ from fMRI studies
showing that the responses of areas such as V1 and V2 lack
an orderly representation of hue, with orderly responses
emerging only in higher areas such as hV4 and VO
(Brouwer & Heeger, 2009). This discrepancy could be
related to the fact that, in the fMRI study, participants’
attention was diverted from the colored stimuli. Alterna-
tively, it could be that any orderly representation of hue
in V1 was relatively transient in the fMRI study and beyond
the temporal resolution of fMRI. The data presented here
are consistent with more recent evidence from optical
imaging suggesting a “pinwheel” spatial organization of
hue responses in V1 (Li et al., 2022).
The hue representations found here showed interesting

temporal dynamics, considered below, but only modest
variation with task. Using fMRI, Brouwer and Heeger
(2013) demonstrated that areas hV4 and VO1 showed evi-
dence of categorical clustering in hue representations, but
this was present only when participants were engaged in a
color naming task and not when their attention was
diverted. We were interested in whether the categorical
clustering reported by Brouwer and Heeger (2013) was
specific to a task requiring categorization or a more gen-
eral effect of attending to stimulus color. For this reason,
we included a task requiring attention to color category
(color-name 1-back task) as well as a task that required
attention to color but without requiring categorization
(exact-match 1-back task). The MDS and RSA analyses sug-
gested that hue representations were largely consistent
across the two tasks, but there was one noticeable trend
in the RSA results in the direction of a task-specific effect,
which we consider in the following section.

Dynamics of Hue Representations and a “Coarse to
Fine” Transition

Our results show some interesting dynamics in the
cortical response to color that are robust and replicated
across data from both tasks. These dynamics are evident
both in the MDS solutions (see Figure 6 or movies in the
Appendix section) and in the GLM analyses (Figure 7B).
The GLM analyses, key to comparing the different
models, indicate that there is a reorganization of the
representation of color at around 300–350 msec after
stimulus onset. Before this time, the data tend to be
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more consistent with the cone contrast model, poten-
tially reflecting responses that modulate with cone
contrast, and also with unique variance captured by the
category model, supporting a representation based on a
clustering of within-category hues. In the group data, this
is seen in the MDS solutions primarily as a clustering of
the neural responses to the green hues, although the
dominance of the greens here may be driven by the fact
that in our stimulus set, green was the largest category.
After this reorganization, there is a more even separation
of hues within the same category, as seen in the unique
variance captured by the hue model in the latter part of
the response for the discrimination task.
Inspection of the MDS solutions suggests that the neu-

ral data have systematic deviations from each of the three
models we considered. Of course, it is possible that there
are other color representations that would more closely
match the observed data than the models we considered.
Althoughwe used the CIE L*a*b* space as an approximate
model of color appearance in our “hue” model, there are
numerous models of color appearance based on apparent
color difference or discriminability (Fairchild, 2005), or on
natural image statistics (Smet, Webster, & Whitehead,
2016), which would make similar predictions. However,
given the substantial reorganization of these representa-
tions over time, it is unlikely that there is any single (static)
model that could capture the neural representational
space across time. For instance, our “hue” model may
not be an accurate model of perceptual difference,
because although CIE L*a*b* space is designed to be
approximately perceptually uniform, it contains known
deviations from a truly Euclidian space (Ennis & Zaidi,
2019). However, we find more pronounced deviations
from themodel based on CIE L*a*b* space than predicted
by these known nonlinearities, and more importantly, the
MDS results suggest that the neural data deviate from the
CIE L*a*b* space in different ways over time: Although
greens are initially more clustered together than predicted
by the hue model, at later times, they are relatively more
separated than other hues. Overall, the most pronounced
feature of the hue representations in our data is their
dynamic reorganization over time.
It is interesting that the categorymodel performs best in

the earlier part of the neural response. Because higher-
level areas like hV4 and VO are associated with higher-level
responses to color, including categorical representations
(Brouwer & Heeger, 2013), we might expect that any cat-
egorical effects would emerge later in the stimulus-
induced response, possibly incorporating feedback effects
related to task and/or language. Instead, we found early
contributions of the category model, meaning it is very
unlikely that these reflect a higher-level representation
where hues of the same semantic label are coded in amore
similar way than hues of different names. Instead, we
interpret these findings as suggesting that, during earliest
cortical responses, there are hues that evoke very similar
responses, which are then differentiated later in the

response, but that this early clustering is not related to
the influence of language. The “earlier” timeframe of the
categorial model includes responses from response onset,
likely driven by areas such as V1 and V2, up to 300 msec
after stimulus onset, by which time the data would also
include responses from higher-order areas such as hV4
andVO, andmore anterior color centers (Lafer-Sousa et al.,
2016; Zeki & Bartels, 1999). For instance, subdural elec-
trode recordings in human VVC, anterior to hV4, showed
neuronal responses to color from ∼100 msec after stimu-
lus onset, peaking at ∼150 msec after stimulus onset
(Murphey, Yoshor, & Beauchamp, 2008).

After ∼300 msec post stimulus onset, there is no evi-
dence of increasing categorical clustering. Hence, our data
argue against the idea that any feedback or recurrent pro-
cessing within cortex is driving hue representations to
become more categorical over time. Instead, we find that
hue representations of finer, within-category differences
become stronger over time. This transition may echo the
“coarse to fine” strategy in different aspects of spatial
vision, with the coarse color structure processed before
the fine within-color detail. Although coarse-to-fine pro-
cessing typically refers to neural responses shifting from
lower to higher spatial scale information over time (e.g.,
Goffaux et al., 2011; Watt, 1987), equivalent coding princi-
ples have been implicated in orientation coding (Ringach,
Hawken, & Shapley, 1997, 2003; Shapley, Hawken, &
Ringach, 2003) and face processing (Dobs, Isik, Pantazis,
& Kanwisher, 2019), where initial responses are more
coarsely tuned, preceding representations of finer differ-
ences (i.e., wider then narrower tuning for orientation
responses, face age, and gender preceding representa-
tions that differentiate between face identities).

The late time at which we observe this transition to an
enhanced representation of finer hue differences
(∼300 msec) suggests that these effects could be at least
partly driven by top–down effects of attention, which have
previously been reported to produced effects consistent
with sharpening of population tuning for color (Goddard,
Carlson, et al., 2022; Bartsch et al., 2017). In both condi-
tions, participants were attending to color, and across both
tasks, we saw similar dynamics, consistent with a transition
from coarser to finer hue representations. However, at
later stages of the stimulus-induced response, there was
stronger evidence in favor of the hue model for data from
the discrimination task than for the category task at corre-
sponding times (Figure 7B). This task-specific effect is
much subtler than the fMRI differences when comparing
a categorical task with diverted attention (Brouwer &
Heeger, 2013), suggesting that the effect of attending to
a colored stimulus, rather than specifically attending to
its category, is of greater relevance.

A final notable feature of the hue representations in
our data is in the latter part of the neural response
(e.g., the 340- to 455-msec and 455- to 570-msec time
windows in Figure 6); the hue closest to yellow is also
close to one or more blue hues. This is clearest in the
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MDS results in the 340- to 455-msec time window, where
the hue circle is represented more as a “figure of 8,” with
crossing at yellow/blue, but within greenish and reddish
hues, there is greater separation. This is not accounted
for by the S-cone inputs being slower to reach cortex
than red-green signals carried by the parvocellular path-
way (e.g., Cottaris & De Valois, 1998), because the effect
we observe is well after the initial cortical response and
because the effect is in the opposite direction, with a rel-
atively late encoding of red-green differences. Although
these observations are still speculative and based on an
exploratory analysis, we note that in both tasks, the
yellow/blue crossing occurred not for the extremes along
the S-cone isolating axis but closer to unique yellow/blue
and the daylight axis (Delahunt & Brainard, 2004). We did
not design this work to test for such asymmetries, but

these observations could motivate future work to charac-
terize these.

Conclusion

In summary, in this MEG study, we reveal a dynamic reor-
ganization of the cortical response to color over time,
which is remarkably consistent across our two tasks. We
compared three conceptually distinct, biologically plausi-
ble models that may best capture the neural code, using
GLM analyses to isolate the unique data variance
accounted for by eachmodel. The resultingmodel dynam-
ics reflects a “coarse to fine” transition over time from an
early categorial grouping of colors in the cortical represen-
tation evolving into a finer, more even separation of the
hues.

Videos A1–A2. Videos of MDS
solutions for data from the
category task (left) and
discrimination task (right) over
time (−100 to 1000 msec,
50-msec bins), based on
classifier. Performance in the
EVC (n = 8). These are still
frames from the videos, which
are included in the Appendix as
separate files.

APPENDIX

This appendix includes figures equivalent to those in the
main text but for other ROIs (VVC, dorsal visual cortex,
DVC), in Figures A1–A8.

Directly below, we include a description of the videos
included in this appendix as separate files, which may be
downloaded on the article of the webpage: https://doi.org
/10.1162/jocn.a.56.
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Figure A2. Decoding of
stimulus hue (upper) and
luminance (lower) for classifiers
trained on data from the DVC.
Plotting conventions as in
Figure 4.

Figure A1. Decoding of
stimulus hue (upper) and
luminance (lower) for classifiers
trained on data from the VVC.
Plotting conventions as in
Figure 4.
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Figure A3. RSA of stimulus
luminance, for the category
(upper) and discrimination
(lower) tasks for classifiers
trained on data from the VVC.
Plotting conventions as in
Figure 5.
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Figure A4. RSA of stimulus
luminance, for the category
(upper) and discrimination
(lower) tasks for classifiers
trained on data from the DVC.
Plotting conventions as in
Figure 5.
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Figure A5. Average DSMs and corresponding MDS solutions for data from the category task (upper) and discrimination task (lower) for classifiers
trained on data from the VVC. Plotting conventions as in Figure 6.
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Figure A6. Average DSMs and corresponding MDS solutions for data from the category task (upper) and discrimination task (lower) for classifiers
trained on data from the DVC. Plotting conventions as in Figure 6.
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Figure A7. RSA of hue
decoding, for classifiers trained
on data from the VVC. Plotting
conventions as in Figure 7.
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Figure A8. RSA of hue
decoding, for classifiers trained
on data from the DVC. Plotting
conventions as in Figure 7.
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Diversity in Citation Practices

Retrospective analysis of the citations in every article pub-
lished in this journal from 2010 to 2021 reveals a persistent
pattern of gender imbalance: Although the proportions of
authorship teams (categorized by estimated gender iden-
tification of first author/last author) publishing in the Jour-
nal of Cognitive Neuroscience ( JoCN) during this period
were M(an)/M = .407, W(oman)/M = .32, M/W = .115,
and W/W = .159, the comparable proportions for the arti-
cles that these authorship teams cited were M/M = .549,
W/M = .257, M/W = .109, and W/W = .085 (Postle and
Fulvio, JoCN, 34:1, pp. 1–3). Consequently, JoCN encour-
ages all authors to consider gender balance explicitly when
selecting which articles to cite and gives them the oppor-
tunity to report their article’s gender citation balance. The
authors of this article report its proportions of citations by
gender category to be: M/M = .477; W/M = .205; M/W =
.045; W/W = .273.
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