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1  |   INTRODUCTION

Color vision has been studied for decades using electroen-
cephalography (EEG). Discriminable visual evoked poten-
tials (VEPs), typically recorded over the posterior occipital 
midline of the scalp (Murray et al., 1987; Paulus et al., 1984, 

1986; Rabin et al., 1994; Skiba et al., 2014), are found when 
an observer views different chromaticities or luminances. 
VEP waveforms can be elicited by an equiluminant stimu-
lus with chromatic variation, such as a stimulus that has 
sub-areas at the identical luminance but with different ra-
tios of L-to-M cone activity (thus appearing, e.g., red and 
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Abstract
A long-standing question in the field of vision research is whether scalp-recorded 
EEG activity contains sufficient information to identify stimulus chromaticity. 
Recent multivariate work suggests that it is possible to decode which chromaticity 
an observer is viewing from the multielectrode pattern of EEG activity. There is de-
bate, however, about whether the claimed effects of stimulus chromaticity on visual 
evoked potentials (VEPs) are instead caused by unequal stimulus luminances, which 
are achromatic differences. Here, we tested whether stimulus chromaticity could be 
decoded when potential confounds with luminance were minimized by (1) equating 
chromatic stimuli in luminance using heterochromatic flicker photometry for each 
observer and (2) independently varying the chromaticity and luminance of target 
stimuli, enabling us to test whether the pattern for a given chromaticity generalized 
across wide variations in luminance. We also tested whether luminance variations 
can be decoded from the topography of voltage across the scalp. In Experiment 1, we 
presented two chromaticities (appearing red and green) at three luminance levels dur-
ing separate trials. In Experiment 2, we presented four chromaticities (appearing red, 
orange, yellow, and green) at two luminance levels. Using a pattern classifier and the 
multielectrode pattern of EEG activity, we were able to accurately decode the chro-
maticity and luminance level of each stimulus. Furthermore, we were able to decode 
stimulus chromaticity when we trained the classifier on chromaticities presented at 
one luminance level and tested at a different luminance level. Thus, EEG topography 
contains robust information regarding stimulus chromaticity, despite large variations 
in stimulus luminance.
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green). These chromatic visual evoked potentials (cVEPs) 
are valuable tools used in both basic science (Nunez et al., 
2018; Rabin et al., 1994) and clinical applications (Crognale, 
2002; Crognale et al., 1993; Regan & Spekreuse, 1974). The 
chromatic response is thought to be separable from the wave-
form elicited by achromatic luminance, which sums L- and 
M-cone activity (Rabin et al., 1994). Also, work comparing 
waveforms at individual electrodes has shown that changes 
as a function of luminance contrast depend on the specific 
chromaticity of the stimulus (Klistorner et al., 1998), thus 
demonstrating that the waveform depends on chromaticity. 
Nevertheless, an open question is whether EEG activity con-
tains sufficient information to discriminate specific chroma-
ticity values (e.g., the chromaticity that appears “red” from 
the chromaticity that appears “green”) in the absence of sig-
nal changes modulated by varying luminance. This question 
is addressed here.

Neuroimaging work has demonstrated that the specific 
stimulus chromaticity can be decoded from patterns of fMRI 
BOLD activity in visual cortex (Brouwer & Heeger, 2009; 
2013), and there is broad interest in determining whether this 
information can be decoded from EEG activity. Recent work in 
the fields of working memory (Bocincova & Johnson, 2019) 
and brain-computer interface (BCI) development (Rasheed & 
Marini, 2015) aimed to decode the color of a stimulus from 
patterns of low frequency EEG activity on the scalp. VEPs, 
however, are well known to respond to differences in either 
stimulus chromaticity or luminance (Kulikowski et al., 1996; 
Skiba et  al., 2014) and previous EEG and magnetoenceph-
alography (MEG) work did not control for individual dif-
ferences in luminance for the chromatic stimuli (Bocincova 
& Johnson,  2019; Rasheed & Marini,  2015; Sandhaeger 
et al., 2019). Furthermore, an important test for a true chro-
matic signature is whether classification of chromaticity is 
maintained despite changes in the luminance of the chromatic 
stimuli.

The work here seeks to test whether classification of chro-
maticity in human EEG is maintained despite changes in the 
luminance of chromatic stimuli, and also whether luminance 
can be decoded despite differences in chromaticity. Observers 
in two experiments monitored centrally presented chromatic 
disks while EEG was recorded. Two complementary tech-
niques were used to rule out the possibility that luminance 
differences between stimuli could contaminate the chromatic 
signal. First, the luminance of chromatic stimuli at each lu-
minance level was equated for each observer via heterochro-
matic flicker photometry (“HFP”; Lee et al., 1988). Second, 
both the luminance and chromaticity of a centrally presented 
disk were varied systematically, which allowed for training 
of a pattern classifier on the chromaticities presented at one 
luminance level and testing at the untrained luminance level. 
In the first experiment, one of two chromaticities (appearing 

red or green) at one of three luminance levels were presented 
on each trial. In the second experiment, four chromaticities 
(appearing red, orange, yellow, or green) were tested at two 
luminance levels.

To preview the results, the chromaticity of observed 
stimuli was successfully decoded using a pattern classifier 
trained on the topography of scalp EEG activity even after 
luminance differences were controlled using HFP. In addi-
tion, luminance levels of chromatic stimuli could be decoded 
as well. Furthermore, the chromaticity of the stimuli could 
be decoded by training the classifier on the chromaticities 
presented at one luminance level and then, testing at a dif-
ferent luminance level. Thus, multivariate analysis reveals a 
topographic signature of a given stimulus chromaticity that 
generalizes across wide variations in luminance.

2  |   MATERIALS AND METHODS

2.1  |  Observers

Sixteen volunteers (5 in Experiment 1, and 11 in Experiment 
2) participated in the experiments for monetary compensa-
tion ($15/hr). Observers (7 female) were between 18 and 
35  years old (M  =  23.6, SD  =  3.8), reported normal or 
corrected-to-normal visual acuity, and provided informed 
consent according to procedures approved by the University 
of Chicago IRB. Observers were screened for normal color 
vision using Ishihara color plates. Two observers’ data were 
excluded from Experiment 2. One observer was excluded    
because of a technical problem during data collection and 
the other observer was excluded for failing to complete the    
behavioral task. Therefore, nine observers were included in 
the final sample for Experiment 2.

2.2  |  Apparatus

Observers were tested in a dark, electrically shielded chamber.    
Stimuli were generated using MATLAB (Mathworks, Natick, 
MA) and the Psychophysics Toolbox (Brainard,  1997; 
Pelli, 1997) and were presented on a 24” LCD monitor (BenQ 
XL2430T; 120  Hz refresh rate). Luminance levels of the 
background and stimuli were measured with a Photoresearch 
PR670 spectroradiometer.

2.3  |  Heterochromatic flicker photometry in 
Experiment 1

A warm up routine was run for approximately 1 hour before 
the experiment began to stabilize the luminance output on the 
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monitor. RGB values corresponding to the desired luminance 
of the 5 cd/m2 gray background (used in EEG portion) and 
“red” luminance levels were measured with a photometer be-
fore each experiment.

HFP stimuli consisted of a centrally fixated disk subtend-
ing 2.5° of visual angle. The chromaticity of the disk was 
exchanged in time between two chromaticities at a rate of 
12.5 Hz (40 ms/chromaticity). Luminance was adjusted along 
only the R and G outputs of the display because the sum of the 
display's max R, G, and B luminances failed to add up to the 
max white luminance (a typical additivity failure of LCD dis-
plays). Adjusting the R and G outputs allowed for changing 
luminance while holding chromaticity constant. During HFP, 
disks were presented on a dark background (<0.1 cd/m2). In 
separate trials the light that appeared red (hence called “red”) 
was held constant at one of the three different luminance lev-
els (6.5, 10.8, or 17.4  cd/m2) while the light that appeared 
green (“green”) was adjusted in luminance (100 steps from 0 
to 50 cd/m2). CIE (x, y) coordinates for the “red” and “green” 
stimuli were (0.61, 0.32) and (0.29, 0.55), respectively, (in 
CIELUV (u′, v′) coordinates, the “red” and “green” stimuli 
were (0.43,0.51) and (0.13,0.55), respectively).

Observers viewed the computer monitor at a distance of 
74 cm while head position was stabilized with a chinrest. On 
each trial, observers viewed alternating “red” and “green” 
flickering disks and were instructed to adjust via keyboard 
button presses the level of the “green” (the left-arrow key 
raised the light level of the “green” disk and the right-arrow 
key lowered it) until the percept of flicker was minimized, at 
which point they would press a third button to make a match 
and end the trial.

The average of nine minimum flicker matches (three 
blocks each consisting of three trials) for each of the three 
“red” light levels used in the study was taken to be the equi-
luminant value for that observer for “green” stimuli used in 
the EEG portion of the experiment. The total time, including 
some practice trials to familiarize the observer with the task, 
was about 1 hour.

2.4  |  Heterochromatic flicker photometry in 
Experiment 2

In Experiment 2, HFP was used to equate the luminance of 
chromaticities that appeared red, orange, yellow, or green, 
at two luminance levels (6.5 and 10.8 cd/m2). First, the red/
green match was measured as in Experiment 1, by hold-
ing the “red” disk at constant luminance and changing the 
“green” disk value. Next, in separate trials, “yellow” (CIE 
(x, y) = 0.39, 0.47; CIELUV (u′, v′) = 0.20,0.54), or “or-
ange” (0.52,0.37; CIELUV (u′, v′) = 0.33,0.52) replaced 
“green,” and then, “red” was adjusted by the observer 
for minimal-flicker. Based on this minimal-flicker “red” 

setting, the luminance of “yellow” or “orange” was then 
adjusted by the experimenter for the next block until the 
observer consistently selected a minimal-flicker “red” set-
ting of 6.5 or 10.8 cd/m2, as required for the experiment. 
“Yellow” luminance was adjusted by changing the red and 
green output values equally, while “orange” luminance was 
adjusted using a 2:1 red:green ratio. This allowed lumi-
nance changes of “yellow” or “orange” while chromaticity 
remained constant.

While the red/green matches at each luminance level were 
repeated for three blocks each, the red/orange and red/yellow 
conditions required extra blocks to reach the point at which 
an observer could consistently produce the specific “red” 
match value over three consecutive blocks. All values were 
set as the average of the final three blocks (nine trials) of min-
imum flicker match. The total time, including some practice 
trials to familiarize the observer with the task, was about 1 hr.

2.5  |  EEG task procedure

In both experiments, observers performed a detection task 
in which they monitored the presentation of centrally pre-
sented chromatic disks on a gray background (CIE(x, y) =     
(0.31,0.32); 5 cd/m2; CIELUV (u′, v′) = 0.20,0.46) for in-
stances in which the disk was presented for longer than 
100  ms (Figure  1). Observers initiated each trial by press-
ing the spacebar. Each trial began with a fixation point (0.2° 
in diameter) presented for a random duration between 500 
and 800 ms. Next a colored disk (2.5° in diameter) was pre-
sented for either 100 ms (95% of trials) or for 1,500 ms (5% 
of trials). On short stimulus presentation (100 ms) trials, the 
colored disk was followed immediately by a 750 ms blank 
screen. On long stimulus presentation trials, observers were 
instructed to press the “?” key whenever they detected that 
the trial was longer than usual. On these long presentation tri-
als, the stimulus was presented until the observer pressed the 
“?” key or 1,500 ms passed, whichever occurred first. If ob-
servers false alarmed and pressed the “?” key on short stimu-
lus presentation trials, the trial was immediately aborted. The 
goal of this task was to ensure that observers paid attention 
to the stimuli. Thus, all long presentation trials and false 
alarm short presentation trials (maximum of seven trials for 
any participant) were discarded from EEG analysis. This task 
was used in both in Experiment 1 (Figure 1a) and Experiment 
2 (Figure 1b) to ensure that observers were attending to the 
stimulus.

2.6  |  Electrophysiology

In both Experiments, EEG was recorded from 30 active 
Ag/AgCl electrodes (Brain Products actiCHamp, Munich, 
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Germany) mounted in an elastic cap positioned according 
to the International 10–20 system Fp1, Fp2, F7, F3, F4, 
F8, Fz, FC5, FC6, FC1, FC2, C3, C4, Cz, CP5, CP6, CP1, 
CP2, P7, P8, P3, P4, Pz, PO7, PO8, PO3, PO4, O1, O2, 
and Oz, with a ground electrode at position FPz. Data were 
referenced online to the right mastoid and re-referenced of-
fline to the algebraic average of the left and right mastoids. 
Incoming data were filtered (low cutoff  =  0.01  Hz, high 
cutoff = 80 Hz, and slope from low to high cutoff = 12 dB/
octave) and recorded with a 500  Hz sampling rate using 
Brain Vision Recorder (Brain Products, Munich, Germany) 
running on a PC. Selecting a high-pass filter cutoff that is 
too high (>0.5 Hz) can introduce substantial distortion in 
the data (Cohen, 2014; Luck, 2014) so we selected a low 
cutoff of 0.01 Hz for filtering the incoming data as it fa-
cilitates accurate artifact rejection by removing slow drifts 
while introducing minimal data distortion. Furthermore, 
this modest filtering during data acquisition had negligi-
ble effects on subsequent time–frequency decomposition 
(Cohen, 2014; Luck, 2014). EEG data were baselined over 
the 300 ms before disk onset. We recorded electrooculo-
gram (EOG) with passive Ag/AgCl electrodes, which we 
used to monitor for eye movements and blinks. We re-
corded horizontal EOG from a bipolar pair of electrodes 

affixed ~1 cm from the external canthus of each eye, and 
recorded vertical EOG from a bipolar pair of electrodes    
affixed above and below the right eye.

2.7  |  Eye tracking

Gaze position was monitored at a sampling rate of 500 Hz 
using a desk-mounted EyeLink 1000 Plus infrared eye-
tracking camera (SR Research, Ontario, Canada) while 
head location was stabilized with a chin rest. Useable 
eye-tracking data were obtained for 4 of 5 participants in 
Experiment 1, and 10 of 11 participants in Experiment 2.

2.8  |  Artifact rejection

Segmented EEG data were visually inspected for artifacts 
(amplifier saturation, excessive muscle noise, and skin po-
tentials), and EOGs and gaze data for ocular artifacts (blinks 
and eye movements). Trials contaminated by artifacts were 
discarded. After artifact rejection, there were on average 
898 trials per participant in Experiment 1 (SD = 172), and 
1,410 trials per participant in Experiment 2 (SD = 145.8). In 

F I G U R E  1   Task figure for Experiments 1 and 2. (a) Schematic of Experiment 1. (b) Schematic of Experiment 2
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Experiment 1, the average minimum number of trials in any 
color and luminance category (e.g., low luminance green) 
was 143 trials (SD = 29.3). In Experiment 2, the average min-
imum number of trials in any condition was 167 (SD = 19.6).

2.9  |  Time–frequency analysis

To calculate frequency-specific activity at each electrode, 
we followed the same analytic procedure implemented by 
Bocincova and Johnson (2019) as well as in numerous other 
EEG decoding studies (Foster et al., 2016; Fukuda et al., 2015; 
Sutterer et al., 2019; van Moorselaar et al., 2017). The base-
lined preprocessed EEG data were first band-pass filtered 
using a two-way least squares finite impulse response filter 
(EEGLAB function: “eegfilt.m”). Data were band-pass fil-
tered in 1-Hz bands from 4 to 50 Hz (i.e., 4–5 Hz, 5–6 Hz, etc.) 
A Hilbert transform (Matlab Signal Processing Toolbox) was 
applied to the band-pass filtered data to obtain the complex an-
alytic signal. Evoked power was calculated by first averaging 
the complex signal across trials within each training and test 
set (see Training and test data) and then, squaring the absolute 
value of the averaged signal. This evoked power signal reflects 
the activity that is phase locked to the stimulus onset because 
averaging before squaring the absolute value of the complex 
analytic signal cancels out signals that are out of phase. Total 
power was calculated by squaring the complex magnitude of 
the complex analytic signal and then, averaging across trials. 
This total power signal reflects ongoing activity regardless of 
its phase relationship to the onset of the chromatic disk. Note, 
that to avoid edge artifacts during our time window of interest 
(Cohen, 2014), a longer trial epoch of 1,000 ms before and 
1,550 ms after stimulus onset was used for filtering and calcu-
lating instantaneous power. The extraneous time points were 
discarded before classification. To further reduce computation 
time for the classification analysis across time and frequency, 
the matrix of power values was down sampled to 1 sample 
every 20 ms. Power values (i.e., after filtering and applying the 
Hilbert transform) were down-sampled so that down-sampling 
did not affect the calculation of power.

2.10  |  Pattern classification and partitioning 
data into training and test sets

Pattern classification was conducted on both ERP data and 
evoked power data. A naïve Bayes classifier implementa-
tion of a linear discriminant analysis (“classify” function 
in Matlab with “diaglinear” argument) was used to classify 
chromaticity, luminance, and joint chromaticity and lumi-
nance at each time point for analyses run on ERP data, and 
time–frequency point for analyses conducted on evoked and 
total power data.

For the pattern classification procedure, artifact free tri-
als were partitioned into independent sets of training and 
test data for each observer. Across all analyses, trials were 
partitioned into three independent sets. The number of tri-
als for each joint color and luminance value in each set were 
equated. Because of this constraint, a subset of trials was not 
assigned to any set. Thus, an iterative approach was used to 
make use of all available trials. For each iteration, trials were 
randomly partitioned into sets, as described, and pattern clas-
sification was performed on the resulting training and test 
data. Therefore, the trials that were not included in any set 
were different for each iteration. The resulting classification 
accuracies across iterations were averaged. This iterative ap-
proach reduced noise in the resulting classifier outputs by 
minimizing the influences of idiosyncrasies that were spe-
cific to any given assignment of trials to sets. For analyses 
focused on ERP data, 50 iterations were conducted. For trials 
focused on evoked power across a wide range of frequencies 
(which is a time-consuming procedure), 10 iterations were 
conducted.

Once trials were assigned to the three sets, averages for 
each stimulus feature of interest were calculated depending on 
the analysis (chromaticity, luminance, joint chromaticity and 
luminance) to obtain a matrix of ERPs or power values across 
all electrodes for each category set (electrodes × category 
sets, for each time point). A leave-one-out-cross-validation 
routine was used such that two of three sets served as training 
data and the remaining set served as the test data. For chroma-
ticity, luminance, and joint chromaticity and luminance clas-
sification, the classifier routine was applied three times using 
each of the three matrices as the test set, and the remaining 
two as the training set. A slightly different approach was used 
for cross-validation of the cross-training analyses (see sec-
tion “Cross-training analyses”). Different analyses required 
that the data for chromaticity and luminance categories be 
partitioned into training and test sets differently depending 
on the goal of the analysis. In the following subsections, we 
outline how data were partitioned into training and test sets 
for each analysis.

2.11  |  Chromaticity and luminance 
classification

To allow for a more direct comparison in classifier activity 
across analyses (i.e., considering whether classification was 
“better” for chromaticity or luminance) the number of trials 
included in each set of the luminance and chromaticity only 
analyses were also equated. Specifically, the number of tri-
als included in the chromaticity only analysis was reduced 
for Experiment 1, and the number of trials included in the 
luminance only analysis was reduced for Experiment 2. The 
number of trials included in each set for each condition was 
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equal for the combined analysis of Experiments 1 and 2, so 
neither needed to be reduced.

2.12  |  Cross-training analyses

For analyses in which we assessed the similarity of patterns 
representing chromaticity at different luminance levels, data 
from each condition were again partitioned into three sets. 
For Experiment 1, the classifier was trained on two sets of 
chromaticity data that were an equal mix of two luminance 
levels and tested on the remaining set of chromaticity data 
for the held-out luminance level. The analysis was repeated 
so that the chromaticity at each luminance level served as 
the test set. The resulting accuracies were averaged across 
the held-out test sets. Similarly, for Experiment 2 and the 
combined analysis of Experiments 1 and 2, the classifier was 
trained on two sets of chromaticity data at one luminance 
level and the model was tested on one set of chromaticity 
data that consisted of only the untrained luminance level. The 
analysis was repeated so that chromaticity at each luminance 
level served as the test set, and the resulting accuracies were 
averaged across the held-out test sets.

For analyses in which we assessed the similarity of pat-
terns representing luminance at different chromaticity lev-
els, data from each condition were again partitioned into 
three sets. For Experiment 1 and the combined analysis 
of Experiments 1 and 2, the classifier was trained on two 
sets of luminance data at one chromaticity level and tested 
on one set of luminance data for the held-out chromatic-
ity level. The analysis was repeated so that luminance at 
each chromaticity level served as the test set, and the re-
sulting accuracies were averaged across held-out test sets. 
Similarly, for Experiment 2, the classifier was trained on 
two sets of luminance data at three chromaticity levels be-
fore the model was tested on the remaining set of luminance 
data that consisted of only the untrained chromaticity level. 
The analysis was repeated so that luminance at each chro-
maticity level served as the test set, and the resulting ac-
curacies were averaged across held-out test sets. Note that 
the number of held-out conditions varied between the lumi-
nance and chromaticity cross-training analyses. Therefore, 
the number of trials included in each training and test set is 
not equated between the luminance and chromaticity cross-
training analyses.

2.13  |  Statistical analysis: Cluster-based 
permutation test

A cluster-based permutation test was used to identify when 
classifier accuracy was reliably above chance, while con-
trolling for multiple comparisons (Cohen,  2014; Maris & 

Oostenveld, 2007). Clusters in which classifier accuracy was 
reliably above chance were identified for each analysis by 
performing a one-sided Wilcoxon signed-rank test (with the 
MATLAB “signrank” function) against chance level (i.e., 
one-sided sign rank against 0.5 for the chromaticity analysis, 
against 0.33 for the luminance analysis, and against .1667 for 
the joint chromaticity and luminance analyses in Experiment 
1) at each time point in the ERP analyses (or at each time–
frequency point in the time × frequency analysis). Next, clus-
ters of contiguous time (ERP analysis) or time–frequency 
points (time × frequency analysis) that exceeded chance were 
identified. For each cluster, a test statistic was calculated by 
summing all rank (W) values in the cluster. A Monte Carlo 
randomization procedure was used to empirically approxi-
mate a null distribution for this test statistic. Specifically, the 
classification procedure was repeated 1,000 times for each 
subject but the category labels within each training and test 
set were randomized (see “Training and test data”) so that the 
labels were random with respect to the observed response at 
each electrode. For each permutation, classifier accuracy was 
calculated across time or across time and frequencies to iden-
tify clusters as described above. For each permutation, the 
highest summed test statistic for any cluster was calculated 
resulting in a null distribution of 1,000 cluster test statistics. 
Finally, clusters that had test statistics larger than the 95th 
percentile of the null distribution were identified. Thus, the 
cluster test was a one-tailed test with an alpha level of 0.05 
corrected for multiple comparisons.

3  |   RESULTS

3.1  |  Experiment 1

Differences in both chromaticity and luminance modu-
late VEPs, so an experimental challenge is to determine 
whether patterns of EEG activity track stimulus chromatic-
ity, luminance, or both. In Experiment 1, we adopted a two-
pronged approach to answer this question. First, we used 
HFP to equate the stimuli of different chromaticities in 
luminance. Second, we presented the chromatic stimuli at 
different luminance levels. This allowed a test of whether 
patterns of activity that allow decoding of chromaticity at 
one luminance level generalize to a substantially different 
luminance level.

3.1.1  |  Behavioral performance

During the EEG task, observers were instructed to press a 
button if they detected that the stimulus was presented for 
longer than the usual duration of 100 msec. Average accu-
racy on the task was 95.7% (SD = 5.3), demonstrating that 
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observers successfully paid attention to the colored stimuli 
during the task.

3.1.2  |  Patterns of EEG activity track 
differences in stimulus chromaticity

To test whether it is possible to decode the chromaticity of 
a presented stimulus from patterns of EEG activity, a linear 
discriminant classifier was used to decode the chromaticity 
(“red” or “green”) of presented stimuli collapsing across 
luminance levels. If it is possible to decode chromaticity, 
then classifier accuracy should be higher than expected 
by chance (50%). Consistent with past work (Bocincova 
& Johnson, 2019), an initial step tested whether stimulus 
chromaticity could be decoded from patterns of evoked 
activity on the scalp across a range of different frequen-
cies. Decoding of chromaticity was above chance for four 
clusters of evoked power ranging from 4 to 35 Hz within 
500 ms of stimulus onset (Figure 2a; p < .05, cluster-based 
permutation test). Note, that above chance decoding prior 
to stimulus onset at low frequencies and toward the end 
of each trial likely reflects temporal smearing of EEG 
power due to time–frequency decomposition. Specifically, 
the power at a given time point for each frequency band 
in the time–frequency plots is calculated via a filter ker-
nel that incorporates data from adjacent time points. The 
number of adjacent timepoints necessary for obtaining a 
power estimate at each time point in a particular frequency 
band is equal to the number of timepoints necessary to ob-
serve three cycles of the frequency band centered on the 
time point of interest. Thus, the number of adjacent time 
points that contribute to each pixel in Figure 2a decreases 
as frequency increases. For example, classification accu-
racy for a time point filtered at 4 Hz reflects activity from 
375ms before and 375ms after the time point, classification    
accuracy for a time point filtered at 10 Hz reflects activity 
from 150 ms before and 150 ms after the time point, and 
classification accuracy for a time point filtered at 25  Hz 
reflects activity from 60 ms before and 60 ms after each 
timepoint. In contrast to decoding based on evoked power, 
decoding of chromaticity from patterns of total power was 
not above chance. Given that such a broad spectrum of fre-
quencies support classification, and that chromatic infor-
mation was carried by evoked power, we reasoned that this 
low frequency activity likely reflects the time–frequency 
make-up of the ERPs. Filtering necessarily reduces tem-
poral precision, so classification was also run on the ERP 
data for each color category. Classifier accuracy was sig-
nificantly higher than expected by chance for several clus-
ters of time points from ~100 to 200  ms after stimulus 
presentation (Figure 2b; p < .05, cluster-based permutation 
test; M = 70.1%, SD = 2.8% for significant time points), 

providing evidence that patterns of ERPs contain informa-
tion about the chromaticity of presented stimuli. To deter-
mine if classification was driven by accurate identification 
of both “red” and “green” stimuli and not classifier bias, 
we plotted a confusion matrix (Figure 2c) of classifier out-
put as a function of the presented stimulus. This confusion 
matrix is the average of all time points where classifica-
tion of chromaticity was above chance (see Figure  2b). 
The confusion matrix (Figure 2c) revealed a clear peak in 
classification accuracy for both “red” and “green” stim-
uli confirming that both types of stimuli were accurately 
classified.

3.1.3  |  Patterns of EEG activity track 
differences in stimulus luminance

To test whether it is possible to decode the presented lumi-
nance (6.5, 10.8, 17.4 cd/m2) of a stimulus from patterns of 
EEG activity, a linear discriminant classifier was used to 
decode the luminance of presented stimuli collapsing across 
chromaticities. If it is possible to decode luminance, clas-
sifier accuracy should be higher than expected by chance 
(33%). Classifier accuracy was significantly higher than 
expected by chance across a somewhat narrower frequency 
range of evoked power (~15–25 Hz) than observed for chro-
maticity from ~100 to 300  ms after stimulus presentation 
(p < .05, cluster-based permutation test; Figure 2d). As with 
chromaticity, classifier accuracy did not exceed chance for 
any time–frequency clusters of total power. Classification 
of the ERPs revealed above chance decoding of luminance 
for several clusters of time points from ~200 to 650 ms after 
stimulus onset. (Figure 2e; p < .05, cluster-based permutation 
test; M = 46.9%, SD = 1.8%, for significant time points). To 
determine whether each individual luminance level contrib-
uted to classifier performance, the average confusion matrix 
(Figure 2f) was calculated for all time points where classifi-
cation accuracy was significantly above chance (Figure 2e). 
This confusion matrix (Figure  2f) revealed a clear peak in 
classification for each luminance level confirming that each 
luminance level could be accurately decoded. Together these 
results provide evidence that patterns of ERPs also contain 
information about stimulus luminance in addition to chroma-
ticity and that these signals can be decoded while both types 
of information are simultaneously present in the stimulus.

3.1.4  |  Patterns of EEG activity track joint 
differences in stimulus chromaticity and luminance

To test whether it is possible to decode the specific lumi-
nance and chromaticity pairing of a presented stimulus from 
patterns of ERPs, a linear discriminant classifier was trained 
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to decode each specific combination of chromaticity and lu-
minance (“green” low luminance, “red” middle luminance, 
etc). If it is possible to decode the specific combination of 
chromaticity and luminance, classifier accuracy should be 
higher than expected by chance (16.7%). Classifier accu-
racy was significantly higher than expected by chance for 
three clusters of evoked power frequencies (4–35 Hz) within 
~400 ms of stimulus onset (Figure 2g; p < .05, cluster-based 
permutation test). Once again, classifier accuracy did not ex-
ceed chance for any time–frequency clusters of total power. 

Because total power did not allow for decoding of color,    
luminance, or joint color and luminance, all subsequent anal-
yses in Experiment 1 focused on patterns of evoked power 
and ERPs. Classification of patterns of ERPs revealed above 
chance decoding for several clusters of time points between 
100 and 700  ms after stimulus onset (Figure  2h; p  <  .05, 
cluster-based permutation test; M = 25.1%, SD = 2.2%, for 
significant time points), providing further evidence that pat-
terns of ERPs contain information about the conjoined lumi-
nance and chromaticity of a stimulus.

F I G U R E  2   Classification of chromaticity, luminance, and joint chromaticity and luminance from topographic patterns of EEG activity for 
Experiment 1. (a) Decoding presented chromaticity from the topographic distribution of evoked power across a range of frequencies (4–50 Hz).* 
(b) Decoding presented chromaticity from the topographic distribution of ERPs across time.** (c) Confusion matrix of chromaticity classifier 
choices averaged across significant ERP classification timepoints. (d) Decoding the presented luminance from the topographic distribution of 
evoked power across a range of frequencies (4–50 Hz).* (e) Decoding presented luminance from the topographic distribution of ERPs across 
time.** (f) Confusion matrix of luminance classifier choices averaged across significant ERP classification timepoints. (g) Decoding the joint 
chromaticity and luminance of stimuli from the topographic distribution of evoked power across a range of frequencies (4–50 Hz).* (h) Decoding 
the joint chromaticity and luminance of stimuli from the topographic distribution of ERPs across time.** (i) Confusion matrix of joint chromaticity 
and luminance classifier choices averaged across significant ERP classification timepoints. *Time–frequency points where decoding was not 
reliably above chance as determined by a cluster corrected permutation test (p < .05) were set to dark blue (the lowest value of the color scale). 
**Blue dots mark timepoints where classifier accuracy was significantly above chance as determined by a cluster corrected permutation test 
(p < .05). The shaded error bars reflect ± 1 SEM across observers
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Categorizing each chromaticity and luminance level pro-
vided an opportunity to compare the relative strengths of the 
underlying signals by analyzing the output of the classifier as 
a function of the presented stimulus (i.e., analyzing the confu-
sion matrix). In other words, looking at how often the classifier 
made specific mistakes when it did not guess the correct cate-
gory may provide useful information about the relative strength 
of the chromatic and luminance signals. If differences in chro-
maticity are more identifiable than luminance here, the expec-
tation is that the classifier would more likely mistake “red low” 
for “red” at another luminance level, than for a different chro-
maticity at the same luminance like “green low.” Alternatively, 
if luminance differences are more identifiable than chromatic 
differences, the classifier would be more likely to confuse stim-
uli of similar luminance levels than chromaticities (i.e., “red 
low” with “green low” rather than “red low” with “red me-
dium”). Finally, it is possible that the strength of each signal is 
similar resulting in a similar proportion of confusions within 
chromaticity and luminance. Note that the relative strengths 
of chromaticity and luminance are specific for the particular 
chromaticities and luminances used here. While these chro-
maticities here were chosen to be easily discriminable from 
each other, and the luminance-level differences were far above 
threshold, the relative strength of chromaticity versus lumi-
nance here may not be assumed to generalize to other stimuli.

To test this question, an average confusion matrix was cal-
culated for all time points where classification accuracy was 
significantly above chance (Figure  2h) and a binomial test 
was conducted on this group level output of the confusion 
matrix (Figure 2i). This allowed for a test of whether the clas-
sifier selected the correct chromaticity, but incorrect lumi-
nance, with higher probability than selecting any luminance 
level of the incorrect chromaticity, for each row of the confu-
sion matrix (i.e., for a correct response of “medium red,” did 
the classifier select both “low” and “high red” a higher pro-
portion of the time, than “low,” “medium,” or “high green”). 
Assuming that all five misclassifications are equally likely, 
the probability of observing this pattern of results by chance 
for a given row is 12 of 120 possible orderings or p = .10. 
Misclassifications were more likely to be made within the 
same chromaticity than any luminance level for five of six 
rows of the confusion matrix. The binomial probability of ob-
serving this pattern of results for five or more rows by chance 
is p < .001 providing evidence that while both chromaticity 
and luminance information are present in patterns of ERPs, 
detection of chromatic differences was the dominant factor.

3.1.5  |  Are chromatic and luminance 
patterns of EEG activity dissociable?

The confusion matrix results provide evidence that the signals 
for “red” and “green” chromaticities are strongly dissociable 

from each other. Classifier confusion values, however, are 
almost certainly dependent on the specific chromaticities, lu-
minance values, and number of categories compared. Thus, 
comparing classifier confusions does not test whether the 
chromatic and luminance signals are dissociable. A better test 
of the ability to dissociate chromatic from luminance signals 
is to determine whether the chromatic signal observed gen-
eralizes across substantial changes in luminance. To test this 
hypothesis, a classifier was trained on stimulus chromatic-
ity with data from two of three luminance levels, and tested 
on chromaticity at the untrained luminance level. The results 
showed classifier accuracy was significantly higher than 
expected by chance for multiple clusters of low frequency 
evoked activity across a range of frequencies spanning 
4–50 Hz for up to 400 ms after stimulus onset (Figure 3a; 
p < .05, cluster-based permutation test). The same analysis 
on ERPs revealed above chance decoding of chromaticity for 
clusters of time points from ~100 to 800 ms after stimulus 
onset (Figure  3b; p  <  .05, cluster-based permutation test; 
M = 70, SD = 7.3% across significant time points). To deter-
mine if both “red” and “green” stimuli contributed to success-
ful classification performance, the average confusion matrix 
(Figure 3c) was calculated for all time points where classifi-
cation accuracy was significantly above chance (Figure 3b). 
This confusion matrix (Figure 3c) revealed a clear peak in 
classification accuracy for both “red” and “green” stimuli. 
Together these results provide clear evidence that patterns of 
ERPs contain chromatic information that can be measured 
despite substantial variations in luminance.

A related question is whether luminance changes general-
ize across changes in chromaticity. To test this question, the 
classifier was trained on luminance at one chromaticity level, 
and tested on luminance at the untrained chromaticity level. 
Classifier accuracy was significantly higher than expected 
by chance across two small clusters of evoked activity. One 
small significant cluster was observed from ~21 to 23  Hz 
within 200 ms of stimulus onset and another small signifi-
cant cluster was observed at ~45–49 Hz roughly 600 ms after 
stimulus onset (Figure  3d; p  <  .05, cluster-based permuta-
tion test). Running the analysis on the ERPs showed above 
chance decoding of luminance for a single small cluster of 
time points roughly 400 ms after stimulus onset (Figure 3e; 
p < .05, cluster-based permutation test; M = 53.2, SD = 4% 
for significant time points). To determine whether each lu-
minance level contributed to above chance classification 
performance, the average confusion matrix (Figure 3f) was 
calculated for all time points where classification accuracy 
was significantly above chance (Figure 3e). This confusion 
matrix (Figure 3f) revealed a clear peak in classification for 
each luminance level. While chromatic patterns of ERPs gen-
eralize across substantial changes in luminance, the evidence 
that luminance patterns of ERPs generalize across changes in 
chromaticity is relatively weaker for these stimuli.
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3.2  |  Experiment 2

Experiment 1 revealed that both chromaticity (“red” and 
“green”) and luminance can be decoded from patterns of 
EEG activity. Furthermore, patterns of ERPs that differ-
entiate “red” and “green” stimuli at one luminance level, 
generalize to “red” and “green” stimuli at a different lu-
minance level. In addition to “red” and “green” chromatic 
stimuli, Experiment 2 included two additional chroma-
ticities that fell along a continuum between “green” and 
“red” (“yellow” and “orange”) at two different luminance 
levels. This allowed a replication of the results from 
Experiment 1 with a larger sample of participants, while 
also testing whether patterns of ERPs allow for chromatic 
classification of more similar chromaticities than used in 
Experiment 1.

3.2.1  |  Behavioral performance

During the EEG task, observers were instructed to press a 
button if they detected that the stimulus was presented for 
longer than the usual duration (100 msec). Average accuracy 
on the task was 99.5% (SD = .8%).

3.2.2  |  Patterns of EEG activity track 
differences in stimulus chromaticity

To test whether it is possible to decode which of four chro-
maticities was presented from patterns of EEG activity, a lin-
ear discriminant classifier was used to decode the presented 
chromatic stimuli (“green,” “yellow,” “orange,” or “red”), 
collapsing across the luminance levels. If it is possible to 

F I G U R E  3   Chromatic patterns generalize across substantial differences in luminance. (a) Decoding of chromaticity from the topographic 
distribution of evoked power across a range of frequencies (4–50 Hz) when the classifier was trained and tested on stimuli of different luminance 
values.* (b) Decoding presented chromaticity from the topographic distribution of ERPs across time when the classifier was trained and tested 
on stimuli of different luminance levels.** (c) Confusion matrix of chromaticity classifier choices averaged across significant ERP classification 
timepoints when the classifier was trained and tested on stimuli of different luminance levels. (d) Decoding of luminance from the topographic 
distribution of evoked power across a range of frequencies (4–50 Hz) when the classifier was trained and tested on stimuli of different chromaticity 
values.* (e) Decoding presented luminance from the topographic distribution of ERPs across time when the classifier was trained and tested on 
stimuli of different chromaticity levels.** (f) Confusion matrix of luminance classifier choices averaged across significant ERP classification 
timepoints when the classifier was trained and tested on stimuli of different chromaticities. *Time–frequency points where decoding was not 
reliably above chance as determined by a cluster corrected permutation test (p < 0.05) were set to dark blue (the lowest value of the color scale). 
**Blue dots mark timepoints where classifier accuracy was significantly above chance as determined by a cluster corrected permutation test 
(p < .05). The shaded error bars reflect ±1 SEM across observers
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decode chromaticity, then the classifier accuracy should be 
higher than expected by chance (25%). Above chance decod-
ing of chromaticity was supported by evoked power from 4 to 
45 Hz within 800 ms of stimulus onset (Figure 4a). In contrast 
to evoked power, decoding of chromaticity from total power 
was constrained to a narrower set of frequencies. Above 
chance decoding was observed for two clusters of total power 
ranging from 4 to 14  Hz within 600  ms of stimulus onset 

(Figure S1a; p < .05, cluster-based permutation test). When 
the classifier was trained on ERPs, we found that classifier 
accuracy was significantly higher than expected by chance 
from ~100 to 600 ms after stimulus presentation (p <  .05, 
cluster-based permutation test; M = 36.5%, SD = 4% for sig-
nificant time points; Figure 4b).

One goal of Experiment 2 was to determine if chro-
maticities could be classified accurately using EEG even 

F I G U R E  4   Classification of chromaticity, luminance, and joint chromaticity and luminance from topographic patterns of EEG activity for 
Experiment 2. (a) Decoding presented chromaticity from the topographic distribution of evoked power across a range of frequencies (4–50 Hz).* 
(b) Decoding presented chromaticity from the topographic distribution of ERPs across time.** (c) Confusion matrix of chromaticity classifier 
choices averaged across significant ERP classification timepoints. (d) Decoding the presented luminance from the topographic distribution of 
evoked power across a range of frequencies (4–50 Hz).* (e) Decoding presented luminance from the topographic distribution of ERPs across 
time.** (f) Confusion matrix of luminance classifier choices averaged across significant ERP classification timepoints. (g) Decoding the joint 
chromaticity and luminance of stimuli from the topographic distribution of evoked power across a range of frequencies (4–50 Hz).* (h) Decoding 
the joint chromaticity and luminance of stimuli from the topographic distribution of ERPs across time.** (i) Confusion matrix of joint chromaticity 
and luminance classifier choices averaged across significant ERP classification timepoints. *Time–frequency points where decoding was not 
reliably above chance as determined by a cluster corrected permutation test (p < .05) were set to dark blue (the lowest value of the color scale). 
**Blue dots mark timepoints where classifier accuracy was significantly above chance as determined by a cluster corrected permutation test 
(p < .05). The shaded error bars reflect ±1 SEM across observers
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if the chromaticities are not opponent colors (Shevell & 
Martin,  2017). If chromaticity classification can only be 
achieved with opponent colors, such as “red” and “green” 
as used in Experiment 1, we would expect that the classifier 
would be able to successfully categorize “red” versus “green” 
stimuli but be at chance for “red” versus “orange” stimuli. To 
determine whether classification performance was driven by 
each individual chromaticity or solely by “red” and “green” 
classification, the average confusion matrix (Figure 4c) was 
calculated for all time points where classification accuracy 
was significantly above chance (Figure 4b). This confusion 
matrix (Figure 4c) revealed a graded pattern of classification 
accuracy with a peak at each viewed chromaticity. Together 
these results provide evidence that patterns of ERPs contain 
information about the specific chromaticity of these stimuli 
and not only “red” and “green.”

3.2.3  |  Patterns of EEG activity track 
differences in stimulus luminance

To test whether it is possible to decode the luminance (6.5 or 
10.8 cd/m2) of a presented stimulus from the topography of 
ERPs, a linear discriminant classifier was used to decode the 
luminance of presented stimuli collapsing across chromatici-
ties. If it is possible to decode luminance, classifier accuracy 
should be higher than expected by chance (50%). Once again, 
classifier accuracy was significantly higher than expected by 
chance though across a somewhat narrower range of evoked 
power than for chromaticity (~4–30  Hz) within 600  ms of 
stimulus presentation (Figure  4d; p  <  .05, cluster-based 
permutation test). In contrast to evoked power, decoding of 
stimulus luminance from total power did not exceed chance 
(Figure  S1b). Classification of the ERPs revealed above 
chance decoding of luminance for clusters of time points 
from ~100 to 400 ms after stimulus presentation (Figure 4e; p 
<0.05, cluster-based permutation test; M = 64.2%, SD = 4% 
for significant time points), providing further evidence that 
patterns of ERPs contain information also about stimulus 
luminance. To determine whether both luminance levels 
contributed to classification performance, the average con-
fusion matrix (Figure 4f) was calculated for all time points 
where classification accuracy was significantly above chance 
(Figure 4e). This confusion matrix (Figure 4f) revealed a clear 
peak in classification accuracy for both luminance levels.

3.2.4  |  Patterns of EEG activity 
track joint differences in stimulus 
chromaticity and luminance

To test whether it is possible to decode the joint luminance 
and chromaticity of stimuli from the topography of ERPs, a 

linear discriminant classifier was used to decode each sepa-
rate combination of presented stimuli. If it is possible to de-
code the specific combination of chromaticity and luminance 
(e.g., “green” low luminance, “orange” high luminance, etc.), 
classifier accuracy should be higher than expected by chance 
(12.5%).

As in Experiment 1, above chance decoding of the specific 
chromaticity and luminance of each stimulus was supported 
by a broad spectrum of evoked power (~4–40  Hz) within 
600 ms of stimulus onset (Figure 4g; p < .05, cluster-based 
permutation test). Decoding of joint chromaticity and lumi-
nance from total power was constrained to a narrower set of 
frequencies and time points. Above chance decoding was ob-
served for two clusters of total power ranging from 4 to 14 Hz 
within 600 ms of stimulus onset (Figure S1c; p < .05, cluster-
based permutation test). Total power comprises both activity 
that is phase-locked to stimulus onset and non-phase locked 
activity (Cohen, 2014). The observations that classification 
of chromaticity and of joint chromaticity and luminance were 
constrained to a subset of times and frequencies tracked by 
evoked power suggest that classification based on total power 
also reflects activity phase-locked to the stimulus. Thus, as in 
Experiment 1, subsequent analyses in Experiment 2 focused 
on patterns of evoked power and ERPs. Decoding of ERPs 
was significantly higher than expected by chance from ~100 
to 600  ms after stimulus presentation (Figure  4h; p  <  .05, 
cluster-based permutation test; M = 20.3%, SD = 3.3% for 
significant time points), providing evidence that patterns 
of ERPs contain information about both the luminance and 
chromaticity of stimuli.

Once again, categorizing each chromaticity and lumi-
nance level provided the opportunity to compare the strength 
of the underlying luminance and chromaticity signal by ana-
lyzing the mistakes the classifier made as a function of each 
presented stimulus category. The average confusion matrix 
was calculated for all time points where classification accu-
racy was significantly above chance (Figure 4h). A binomial 
test was conducted to test whether the classifier selected the 
correct chromaticity, but incorrect luminance, with higher 
probability than selecting any luminance level of the in-
correct chromaticity, for each row of the confusion matrix 
(Figure  4i). Assuming that all seven misclassifications are 
equally likely, the probability of observing this pattern of 
results by chance for a given row is 720 of 5,040 possible 
orderings or p = .14. Misclassifications were more likely to 
be made within the same chromaticity than any luminance 
level for one of eight rows of the confusion matrix. The bino-
mial probability of observing this pattern of results for one or 
more rows by chance was p = .71 so it fails to show that chro-
matic differences were dominant over luminance differences 
in Experiment 2. A second binomial test was conducted to as-
sess whether the classifier selected the correct luminance, but 
incorrect chromaticity, with higher probability than selecting 
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any chromaticity of the incorrect luminance. Assuming that 
all seven misclassifications are equally likely, the prob-
ability of observing this pattern of results by chance for a 
given row is 144 of 5,040 possible orderings or p = .0286. 
Misclassifications were more likely to be made within the 
same luminance than any chromaticity level for three of eight 
rows of the confusion matrix. The binomial probability of ob-
serving this pattern of results for three or more rows by chance 
was p = .0012 providing evidence that luminance differences 
were dominant over chromaticity differences in Experiment 
2. This finding is not necessarily unexpected, however, be-
cause as noted above the relative strengths of chromaticity 
and luminance depend on the particular chromaticities and 
luminances used in a given experiment, and Experiment 2 
had stimuli with more subtle variations in chromaticity.

3.2.5  |  Are chromatic and luminance 
patterns of EEG activity dissociable?

While chromaticity was not found to be a stronger sig-
nal than luminance in Experiment 2, an open question is 
whether the chromaticity signal generalizes across changes 
in luminance. As in Experiment 1, the classifier was trained 
on stimulus chromaticity at one luminance level, and tested 
at the untrained luminance level. Classifier accuracy was 
significantly higher than expected by chance across four 
clusters of evoked activity. Three significant clusters 
were observed from ~4 to 18 Hz within 600 ms of stimu-
lus onset, and another significant cluster was observed 
from ~25 to 35 Hz and from ~50 to 200 ms after stimulus 
onset (Figure 5a; p < .05, cluster-based permutation test). 
Running the analysis on the ERPs showed above chance 
decoding of chromaticity for clusters of time points from 
~150 to 600 ms after stimulus onset (Figure 5b; p < .05, 
cluster-based permutation test; M = 37.3%, SD = 3.4 for 
significant time points). To determine whether classifica-
tion performance of this generalizable chromaticity signal 
reflects decoding of each individual chromaticity or was 
driven by only “red” and “green” classification, the aver-
age confusion matrix (Figure  5c) was calculated for all 
time points where classification accuracy was significantly 
above chance (Figure 5b). This revealed a graded pattern 
of classification accuracy with a peak at each observed 
chromaticity (Figure  5c). Together these results provide 
evidence that patterns of ERPs contain information about 
the specific chromaticities of the stimuli that is dissociable 
from the luminance of the stimulus.

Another question is whether luminance changes general-
ize across changes in chromaticity. The classifier was trained 
on stimulus luminance at three chromaticity levels, and tested 
on luminance at the untrained chromaticity level. Classifier 

accuracy was significantly higher than expected by chance 
across three clusters of evoked activity. One significant clus-
ter was observed from ~7 to 20 Hz within 600 ms of stim-
ulus onset, another small significant cluster was observed 
at 4–5  Hz from ~200 to 600  ms after stimulus onset, and 
a third significant cluster was observed from ~25 to 35 Hz 
for ~ 50–150 ms after stimulus onset (p < .05, cluster-based 
permutation test; Figure  5d). Running the analysis on the 
ERPs showed above chance decoding of luminance for clus-
ters of time points from ~100 to 500 ms after stimulus onset 
(Figure 5e; p < .05, cluster-based permutation test; M = 66%, 
SD = 3.5% for significant time points). To determine whether 
both luminance levels contributed to above chance classifica-
tion, the average confusion matrix (Figure 5f) was calculated 
for all time points where classification accuracy was sig-
nificantly above chance (Figure 5e). This confusion matrix 
(Figure 5f) revealed a clear peak in classification accuracy 
for both luminance levels. Together, these results provide 
evidence that patterns of ERPs contain dissociable informa-
tion about the specific chromaticity and luminance of each 
stimulus.

3.2.6  |  Are differences in decoding timing and 
strength between experiments attributable to 
differences in task design or sample size?

When comparing results across experiments, several dif-
ferences stand out. In particular, luminance decoding in 
Experiment 1 appeared weaker and reached significance later 
(~200 ms after stimulus onset; Figure 2e) than in Experiment 
2 (~100 ms after stimulus onset; Figure 4e). This difference 
was also evident in the observation that chromaticity was 
the dominant signal in Experiment 1 (Figure 2i) while lumi-
nance was the dominant signal in Experiment 2 (Figure 4i). 
Additionally, luminance patterns showed weak generalization 
across changes in chromaticity in Experiment 1 (Figure 3d,e) 
and robust generalization in Experiment 2 (Figure  5d,e). 
Thus, an open question is the extent to which these inconsist-
encies between experiments reflect differences in task design 
(i.e., the number of chromaticies and luminance levels com-
pared) and how much these differences reflect differences in 
experimental power (Experiment 1 had five observers while 
Experiment 2 had nine observers). In order to gain some 
insight into this question, we combined data across experi-
ments by focusing only on stimulus values that were included 
in both experiments (“red” and “green” stimuli with low and 
medium luminance) and re-ran the core multivariate analy-
ses. Time–frequency analysis of the combined data set ap-
peared more similar to the results observed in Experiment 2, 
with a broad range of frequencies representing the chromatic-
ity (Figure 6a), luminance (Figure 6d), and joint chromaticity 
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and luminance (Figure 6g) of presented stimuli. As before, 
however, a slightly more limited range of frequencies rep-
resented stimulus luminance. Analysis of total power also 
revealed a pattern of results similar to Experiment 2 for chro-
maticity and joint chromaticity and luminance, where fewer 
clusters of above chance decoding were observed for total 
than evoked power (Figures  S1d,f). Several above chance 
clusters were observed for luminance as well (Figure S1e), 
suggesting that the absence of above chance classification 
of luminance from total power in Experiments 1 and 2 can 
be attributed to a combination of sample size and weaker 
decoding for total than evoked power. As in Experiment 
2, decoding based on the pattern of ERPs revealed above 
chance classification of chromaticity (Figure 6b), luminance 
(Figure 6e), and joint chromaticity and luminance (Figure 6h) 
approximately 100 ms after stimulus onset. Classifier confu-
sions revealed a clear peak in pattern classification for both 

“red” and “green” stimuli (Figure 6c) and low and medium 
luminance stimuli (Figure 6f) showing that both categories 
of chromaticity and luminance contributed to above chance 
decoding. This pattern of results confirms that it is possi-
ble to obtain robust decoding of “red” and “green” stimuli 
in the absence of intermediate chromaticities, and suggests 
that differences in luminance decoding strength and timing 
between Experiment 1 and Experiment 2 were likely due to 
the smaller sample size of Experiment 1. It is also possible 
that the inclusion of a third luminance level in Experiment 1 
further weakened luminance decoding performance.

To determine whether differences between experiments 
in the extent that the chromatic signal (Experiment 1) or lu-
minance signal (Experiment 2) dominated joint chromatic 
and luminance classifier performance could be attributed to 
differences in stimulus properties or experimental power, an 
average confusion matrix was calculated for all time points 

F I G U R E  5   Chromatic patterns generalize across differences in luminance and vice versa in Experiment 2. (a) Decoding of chromaticity 
from the topographic distribution of evoked power across a range of frequencies (4–50 Hz) when the classifier was trained and tested on stimuli of 
different luminance values.* (b) Decoding presented chromaticity from the topographic distribution of ERPs across time when the classifier was 
trained and tested on stimuli of different luminance levels.** (c) Confusion matrix of chromaticity classifier choices averaged across significant 
ERP classification timepoints when the classifier was trained and tested on stimuli of different luminance levels. (d) Decoding of luminance from 
the topographic distribution of evoked power across a range of frequencies (4–50 Hz) when the classifier was trained and tested on stimuli of 
different chromaticity values.* (e) Decoding presented luminance from the topographic distribution of ERPs across time when the classifier was 
trained and tested on stimuli of different chromaticity levels.** (f) Confusion matrix of luminance classifier choices averaged across significant 
ERP classification timepoints when the classifier was trained and tested on stimuli of different chromaticities. *Time–frequency points where 
decoding was not reliably above chance as determined by a cluster corrected permutation test (p < .05) were set to dark blue (the lowest value 
of the color scale). **Blue dots mark timepoints where classifier accuracy was significantly above chance as determined by a cluster corrected 
permutation test (p < .05). The shaded error bars reflect ±1 SEM across observers
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where joint chromaticity and luminance classification accu-
racy was significantly above chance (Figure 6i). The pattern of 
confusions observed (Figure 6i) was similar to that observed 
in Experiment 1 in which chromatic confusions were more 
likely than luminance confusions. A binomial test was con-
ducted to test whether the classifier selected the correct chro-
maticity, but incorrect luminance, with higher probability than 

selecting any luminance level of the incorrect chromaticity, for 
each row of the confusion matrix (Figure 6i). Assuming that 
all three misclassifications are equally likely, the probability 
of observing this pattern of results by chance for a given row 
is two of six possible orderings or p = .33. Misclassifications 
were more likely to be made within the same chromaticity 
than any luminance level for four of four rows of the confusion 

F I G U R E  6   Classification of chromaticity, luminance, and joint chromaticity and luminance from topographic patterns of EEG activity 
for Experiments 1 and 2. (a) Decoding presented chromaticity from the topographic distribution of evoked power across a range of frequencies 
(4–50 Hz).* (b) Decoding presented chromaticity from the topographic distribution of ERPs across time.** (c) Confusion matrix of chromaticity 
classifier choices averaged across significant ERP classification timepoints. (d) Decoding the presented luminance from the topographic 
distribution of evoked power across a range of frequencies (4–50 Hz).* (e) Decoding presented luminance from the topographic distribution of 
ERPs across time.** (f) Confusion matrix of luminance classifier choices averaged across significant ERP classification timepoints. (g) Decoding 
the joint chromaticity and luminance of stimuli from the topographic distribution of evoked power across a range of frequencies (4–50 Hz).* (h) 
Decoding the joint chromaticity and luminance of stimuli from the topographic distribution of ERPs across time.** (i) Confusion matrix of joint 
chromaticity and luminance classifier choices averaged across significant ERP classification timepoints. *Time–frequency points where decoding 
was not reliably above chance as determined by a cluster corrected permutation test (p < .05) were set to dark blue (the lowest value of the color 
scale). **Blue dots mark timepoints where classifier accuracy was significantly above chance as determined by a cluster corrected permutation test 
(p < .05). The shaded error bars reflect ±1 SEM across observers
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matrix. The binomial probability of observing this pattern of 
results for four rows by chance was p =  .012 revealing that 
chromatic differences were dominant over luminance differ-
ences in the combined data set. The pattern of classifier con-
fusions observed across analyses suggests that the observed 
differences in chromatic and luminance signal dominance 
between Experiments 1 and 2 are due to the chromaticities 
included in the comparison rather than differences in sample 
size or the number of luminance levels. Thus, this combined 
analysis provides further evidence that patterns of ERPs are 
sensitive to both stimulus chromaticity and luminance, and 
the comparative strength of these two signals is specific to the 
particular chromaticities and luminances used and should not 
be assumed to generalize to other stimuli.

To determine whether the weak generalization of lu-
minance classification across chromaticities observed in 

Experiment 1 reflects low power or that the luminance signal 
does not generalize for “red” and “green” stimuli, the gen-
eralization analyses were also re-run on the combined data. 
Time–frequency analysis revealed that a broad range of fre-
quencies (Figure  7a) tracked stimulus chromaticity across 
variation in luminance, while a narrower cluster of frequen-
cies tracked stimulus luminance across variation in chroma-
ticity (Figure 7d). Decoding from the topographic distribution 
of ERPs revealed above chance classification of chromaticity 
across substantial changes in luminance (Figure 7b) and above 
chance classification of luminance (Figure 7d) across differ-
ent chromaticities. Confusion matrices revealed a clear peak in 
classification accuracy for both chromaticity levels (Figure 7c) 
and both luminance levels (Figure 7f). Together, these results 
suggest that the weak generalization of luminance decoding 
observed in Experiment 1 (Figure 3e,f) can be attributed to the 

F I G U R E  7   Chromatic patterns generalize across differences in luminance and vice versa in Experiments 1 and 2. (a) Decoding of 
chromaticity from the topographic distribution of evoked power across a range of frequencies (4–50 Hz) when the classifier was trained and 
tested on stimuli of different luminance values.* (b) Decoding presented chromaticity from the topographic distribution of ERPs across time when 
the classifier was trained and tested on stimuli of different luminance levels.** (c) Confusion matrix of chromaticity classifier choices averaged 
across significant ERP classification timepoints when the classifier was trained and tested on stimuli of different luminance levels. (d) Decoding 
of luminance from the topographic distribution of evoked power across a range of frequencies (4–50 Hz) when the classifier was trained and 
tested on stimuli of different chromaticity values.* (e) Decoding presented luminance from the topographic distribution of ERPs across time when 
the classifier was trained and tested on stimuli of different chromaticity levels.** (f) Confusion matrix of luminance classifier choices averaged 
across significant ERP classification timepoints when the classifier was trained and tested on stimuli of different chromaticities. *Time–frequency 
points where decoding was not reliably above chance as determined by a cluster corrected permutation test (p < .05) were set to dark blue (the 
lowest value of the color scale). **Blue dots mark timepoints where classifier accuracy was significantly above chance as determined by a cluster 
corrected permutation test (p < .05). The shaded error bars reflect ±1 SEM across observers
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modest sample size of Experiment 1 (n = 5) and possibly the 
inclusion of a third luminance level, rather than the absence of 
a generalizable luminance signal for “red” and “green” stimuli.

3.2.7  |  Which electrodes contribute to 
decoding?

The ERP signal in both Experiment 2 and the combined 
analysis of Experiments 1 and 2 supported above chance 
decoding of chromaticity and luminance for up to 800 ms 
after stimulus onset, which is longer than typically ob-
served for traditional VEPs. This raises the question of 
whether posterior electrodes that are typically associated 
with VEPs support decoding during that entire period, or 
if instead more anterior electrodes support decoding at 
later time points. The average voltage topography from 

100 to 500 ms in Experiment 2 and the combined analy-
sis of Experiments 1 and 2, revealed subtle differences in 
voltage across the scalp for stimuli of different chromati-
cies and luminances (Figure  S2). These differences were 
also apparent in the VEPs of posterior, central, and frontal 
midline electrodes (Figure S3). To determine if and when 
posterior (Oz, O1, O2, PO3, PO4, PO7, and PO8), cen-
tral (P3, P4, P7, P8, Pz, CP1, CP2, CP5, CP6, C3, C4, and 
Cz), and frontal (FC1, FC2, FC5, FC6, F3, F4, F7, F8, Fz, 
Fp1, and Fp2) electrodes contributed to decoding of chro-
maticity and luminance, linear discriminant classification 
was conducted on the patterns of ERPs from these three 
subsets of electrodes. Electrode groups were selected to 
ensure roughly equal representation from posterior to an-
terior across the scalp while including similar numbers of 
electrodes in each group. Linear discriminant classifica-
tion revealed above chance classification of chromaticity 

F I G U R E  8   Comparing decoding accuracy at posterior, central, frontal, and all electrodes. (a) Decoding chromaticity from the topographic 
distribution of VEPs across time for posterior, central, frontal, and all electrodes for Experiment 2. (b) Decoding luminance from the topographic 
distribution of VEPs across time for posterior, central, frontal, and all electrodes for Experiment 2. (c) Decoding joint chromaticity and luminance 
from the topographic distribution of VEPs across time for posterior, central, frontal, and all electrodes for Experiment 2. (d) Decoding chromaticity 
from the topographic distribution of VEPs across time for posterior, central, frontal, and all electrodes for combined data from Experiments 1 and 2.    
(e) Decoding luminance from the topographic distribution of VEPs across time for posterior, central, frontal, and all electrodes for combined data 
from Experiments 1 and 2. (f) Decoding joint chromaticity and luminance from the topographic distribution of VEPs across time for posterior, 
central, frontal, and all electrodes for combined data from Experiments 1 and 2. Colored dots mark timepoints where classifier accuracy was 
significantly above chance as determined by a cluster corrected permutation test (p < .05)
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and joint chromaticity and luminance at all three sets of 
electrodes in both Experiment 2 and the combined data set 
(Figure 8a,c,d,f), providing evidence that a wide range of 
electrodes track stimulus chromaticity and joint chroma-
ticity and luminance. However, above chance decoding of 
luminance from frontal electrodes was observed for only a 
small cluster of time points in the combined data set and 
was not observed in Experiment 2 (Figure  8b,e). In line 
with the substantial literature showing that posterior elec-
trodes are most responsive to stimulus chromaticity and 
luminance, decoding accuracy was highest at posterior 
electrodes, followed by central electrodes, and was lowest 
at frontal electrodes. Interestingly, patterns of EEG activity 
at posterior electrodes tracked stimulus and chromaticity 
and luminance through a similar time window observed for 
classification using all electrodes on the scalp (Figure 8), 
suggesting that anterior electrodes were not the sole driver 
of sustained decoding. Finally, decoding accuracy for pos-
terior electrodes was most similar to the accuracy observed 
when all electrodes were included, showing that even 
though classification accuracy was lower for more anterior 
electrodes, including them in the analysis did not greatly 
impair classification.

4  |   DISCUSSION

Color vision has been studied with EEG for more than 
50 years, and a long-standing question is whether it is pos-
sible to decode the chromaticity of a stimulus from patterns 
of EEG activity on the scalp. Past work has shown that dis-
criminable VEPs are found with stimuli that vary in chroma-
ticity or luminance (Murray et al., 1987; Paulus et al., 1984, 
1986; Rabin et  al.,  1994; Skiba et  al.,  2014). Additionally, 
VEP waveforms have been proposed to differentiate between 
color categories such as whether or not a chromatic stimulus 
is a unique hue (Forder et al., 2017). However, whether dif-
ferences observed across categories reflect a purely percep-
tual response to the stimuli remains a topic of ongoing debate 
(Siuda-Krzywicka et al., 2019), and these findings do not re-
veal whether EEG activity contains the information needed 
to discriminate specific chromaticity values (i.e., “red” or 
“green”) in the absence of confounds with luminance.

We addressed this question using a multivariate pattern 
classification approach in which a classifier was trained to 
identify specific chromaticities and then, tested on a held-
out data set (Brouwer & Heeger, 2009). It is well known that 
VEPs can respond to differences in either stimulus chromatic-
ity or luminance (Kulikowski et al., 1996; Skiba et al., 2014), 
and previous EEG pattern classification work (Bocincova 
& Johnson,  2019; Rasheed & Marini,  2015; Sandhaeger 
et  al.,  2019) did not precisely match chromatic stimuli in 
luminance or test whether classification of chromaticity is 

maintained despite differences in luminance of the chromatic 
stimuli. Thus, our goal was to clarify whether EEG activity 
contains information about stimulus chromaticity per se.

We conducted two experiments in which observers mon-
itored centrally presented chromatic disks that varied both 
in chromaticity and luminance while EEG was recorded. 
Pattern classification allowed for successful decoding of 
both stimulus chromaticity and luminance. The earliest time 
points allowing for decoding of chromaticity and luminance 
in our EEG analyses were between 90 and 100  ms (see 
Figure 6b,d,h). This observation is in line with past obser-
vations that early ERP components such as the n87 are sen-
sitive to both stimulus chromaticity and luminance (Paulus 
et  al.,  1986), and matches up with the timing with which 
color information could be decoded from invasive record-
ings in primates and previous EEG and MEG from humans 
(Sandhaeger et al., 2019). Critically, we found that the chro-
maticity of stimuli could be decoded when the classifier was 
trained on the chromaticities presented at one luminance level 
and tested at a different luminance level. Thus, the topogra-
phy of EEG activity can be used to track the precise chro-
maticity of a stimulus, and this chromatic signal generalizes 
across substantial changes in luminance. This finding is in 
line with a similar observation of a chromatic signal that gen-
eralizes across luminance levels with a single magneto en-
cephalography (MEG) participant (Sandhaeger et al., 2019) 
suggesting that MEG and EEG are both sensitive to chro-
matic information.

Both chromaticity and luminance could be decoded from 
a relatively broad spectrum of evoked EEG power, which 
reflects activity that is phase-locked to the stimulus pre-
sentation. One question is whether chromaticity and lumi-
nance could be decoded from ongoing oscillations that are 
not phase locked to stimulus presentation in addition to the 
robust decoding we observed. We found no evidence for de-
coding in total power in any frequency from 4 to 50 Hz in 
Experiment 1, for chromaticity, luminance, or joint chroma-
ticity and luminance. We did find evidence for decoding in 
several clusters of total power for chromaticity, luminance 
(combined data only), and joint chromaticity and luminance 
in Experiment 2 and the combined data from Experiments 1 
and 2 (Figure S1). This total power signal reflects both ongo-
ing oscillations and oscillations phase locked to the stimulus 
(Cohen, 2014). Thus, the observation that total power classi-
fication was less robust than evoked power suggests that chro-
maticity and luminance decoding are primarily supported by 
evoked power. A related question is whether or not chromatic 
and luminance signals vary systematically in the frequencies 
of evoked activity that support each of them. When the clas-
sifier was trained and tested on separate chromaticies, lumi-
nance activity appeared to be marked by frequencies tending 
toward the alpha–beta range (~7–20 Hz; Figures 5d and 7d) 
and chromatic activity tended to appear across a wider range 
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of high and low frequencies (Figures 5a and 7a). However, 
this analysis required the classifier to tolerate substantial 
variability in one signal to decode the other and both chro-
matic and luminance information could be decoded from a 
wide range of frequencies when the classifier did not have 
to generalize across chromaticity or luminance differences 
(Figures 4a,d and 6a,d). Thus, more work is needed to deter-
mine whether or not there are systematic differences in the 
frequencies that track stimulus chromaticity and luminance.

Another open question is where in the brain these chro-
matic EEG signals originate. Functional neuroimaging work 
finds that color information can be decoded throughout the 
cortical hierarchy as early as V1 and as far upstream as fron-
tal cortex (Bird et al., 2014; Brouwer & Heeger, 2009, 2013; 
Kim et al., 2020; Siuda-Krzywicka et al., 2019). Recent work 
comparing color-specific patterns of activity from invasive 
cortical recordings in primates with patterns of activity from 
MEG recordings in humans suggests that MEG decoding of 
color information in humans is present throughout the corti-
cal hierarchy but is strongest in early visual areas (Sandhaeger 
et al., 2019). One way to better understand which brain re-
gions contribute to this EEG signal is to test the level of color 
organization that these signals reflect. For example, Brouwer 
and Heeger (2009) demonstrated that color information is 
represented differently in patterns of bold activity in V1 than 
in V4 with patterns in V1 reflecting low level processing of 
an opponent color space and patterns in V4 reflecting per-
ceptual color space. The combined luminance matching and 
variation method used here could be extended to include 
more chromaticies in future work to allow similar measure-
ment of chromatic organization.

The goal of the present work was to determine if EEG ac-
tivity can be used to differentiate various chromaticities un-
contaminated by possible differences in stimulus luminance. 
Whether or not the patterns of EEG activity that facilitate de-
coding of chromaticity are driven more by saturation or hue 
(percepts observers experienced) is an intriguing question, 
but beyond the scope of the current study. The chromaticities 
used here can be re-expressed in the CIELUV (u′, v′) coordi-
nate system (“green” = 0.13,0.55, “yellow” = 0.20,0.54, “or-
ange” = 0.33,0.52, “red” = 0.43,0.51), which approximates 
a uniform color scale in which differences between points in 
the color space are intended to correspond to visual differ-
ences between the colors seen. While these values may be 
useful for speculating about percepts observers experienced, 
the measurements here are neural responses to chromatic 
lights stimulating the retina and cannot be used to infer a 
role for the color percepts. Future work using an approach 
such as binocular switch rivalry (Kim et al., 2020), which can 
cause changes in color without altering the physical stimu-
lus presented to the retina could be useful for answering this 
question.

Here we observed above chance decoding of chromatic 
and luminance information for up to 800 ms after stimulus 
onset, which is later than VEPs are typically observed. Recent 
work has shown that patterns of EEG activity track the on-
line maintenance of object features in memory. For instance, 
the topography of total alpha-band (8–12 Hz) power can be 
used to track the active maintenance of remembered locations 
(Foster et al., 2016; Sutterer et al., 2019) while patterns of 
ERP activity track the maintenance of remembered orienta-
tions in working memory (Bae & Luck, 2017, 2019; Wolff 
et al., 2017). Could this relatively late decoding of chromatic 
and luminance information reflect maintenance of informa-
tion in working memory even though there was no task de-
mand for observers to remember this information? Bocincova 
and Johnson (2019) recently tested this question by assessing 
whether the color of an oriented grating could be tracked with 
EEG over a longer memory delay (1.8 s) while observers at-
tempted to remember the color. However, similar to the joint 
chromaticity and luminance decoding in the present work, the 
color of the stimulus could be tracked for ~600 ms after stim-
ulus onset but not over the remainder of the memory delay. 
These results suggest that the relatively late activity observed 
in the present experiment does not reflect memory mainte-
nance, but instead reflects a fairly long-lasting response to 
the stimulus. Another potential explanation for the prolonged 
decoding observed in the present work is that stimuli were 
presented for a short duration (100 ms) with an abrupt onset 
and offset. Thus, the sustained chromatic and luminance de-
coding we observed may reflect a response to both the onset 
and offset of the stimulus in addition to decoding the prop-
erties of the disk when it was on the screen. The extent to 
which different cognitive operations (e.g., memory and at-
tention) and stimulus properties (e.g., whether the stimulus 
is presented transiently or for a prolonged duration) affect the 
strength and duration of decoding are interesting questions 
for future research.

5  |   CONCLUSIONS

A critical open question in the field of vision research is 
whether the chromaticity of a stimulus can be decoded from 
scalp-recorded EEG activity even when differences in lumi-
nance do not inform the classification. The approach here 
employed a two-step strategy of carefully equating chromatic 
stimuli in luminance and then, systematically varying both 
the chromaticity and luminance of stimuli. Then, a multivari-
ate pattern classification analysis tested for patterns of ac-
tivity that generalized across differences in luminance. This 
approach revealed that patterns of EEG activity can be used 
to decode the specific stimulus chromaticity, independent of 
variations in luminance.
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FIGURE S1 Classification of chromaticity, luminance, 
and joint chromaticity and luminance from total power 

in Experiment 2 and Experiments 1 and 2 combined. (a) 
Decoding presented chromaticity from the topographic 
distribution of total power across a range of frequencies 
(4–50  Hz) in Experiment 2.* (b) Decoding the presented 
luminance from the topographic distribution of total power 
across a range of frequencies (4–50 Hz) in Experiment 2.* 
(c) Decoding the specific luminance and chromaticity of 
stimuli from the topographic distribution of total power 
across a range of frequencies (4–50 Hz) in Experiment 2.* 
(d) Decoding presented chromaticity from the topographic 
distribution of total power across a range of frequencies (4 
– 50 Hz) for Experiments 1 and 2 combined.* (e) Decoding 
the presented luminance from the topographic distribution 
of total power across a range of frequencies (4–50 Hz) for 
Experiments 1 and 2 combined.* (f) Decoding the specific 
luminance and chromaticity of stimuli from the topographic 
distribution of total power across a range of frequencies (4–
50 Hz) in Experiments 1 and 2 combined.* *Time frequency 
points where decoding was not reliably above chance as de-
termined by a cluster corrected permutation test (p < 0.05) 
were set to dark blue (the lowest value of the color scale)
FIGURE S2 ERP voltage topography by category for 
Experiment 2 and Experiments 1 and 2 combined. (a) 
Average ERP voltage topography (100–500 ms) by category 
for Experiment 2 (b) Average ERP voltage topography (100–
500 ms) by category for Experiments 1 and 2 combined.
FIGURE S3 ERPs at midline electrodes by category for 
Experiment 2 and Experiments 1 and 2 combined. (a) ERP 
voltage at midline electrodes for Experiment 2. (b) ERP volt-
age at midline electrodes for Experiments 1 and 2 combined. 
Line color reflects chromaticity, dotted lines reflect low lu-
minance, and solid lines reflect medium luminance
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