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Abstract
Recent investigations have focused on the spatiotemporal dynamics of visual recog-
nition by appealing to pattern analysis of EEG signals. While this work has estab-
lished the ability to decode identity-level information (such as the identity of a face 
or of a word) from neural signals, much less is known about the precise nature of the 
signals that support such feats, their robustness across visual categories, or their con-
sistency across human participants. Here, we address these questions through the use 
of EEG-based decoding and multivariate feature selection as applied to three visual 
categories: words, faces and face ensembles (i.e., crowds of faces). Specifically, we 
use recursive feature elimination to estimate the diagnosticity of time and frequency-
based EEG features for identity-level decoding across three datasets targeting each 
of the three categories. We then relate feature diagnosticity across categories and 
across participants while, also, aiming to increase decoding performance and reli-
ability. Our investigation shows that word and face processing are similar in their 
reliance on spatiotemporal information provided by occipitotemporal channels. In 
contrast, ensemble processing appears to also rely on central channels and exhibits a 
similar profile with word processing in the frequency domain. Further, we find that 
feature diagnosticity is stable across participants and is even capable of supporting 
cross-participant feature selection, as demonstrated by systematic boosts in decoding 
accuracy and feature reduction. Thus, our investigation sheds new light on the nature 
and the structure of the information underlying identity-level visual processing as 
well as on its generality across categories and participants.
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1 |  INTRODUCTION

The spatiotemporal dynamics of visual recognition have elic-
ited a significant interest in the study of perceptual process-
ing (Bar et al., 2006; Cichy, Pantazis, & Oliva, 2014; Isik et 
al., 2014; King & Dehaene, 2014; Retter & Rossion, 2016). 
Recently, work capitalizing on the robustness and versatility 
of pattern analysis has targeted these dynamics by examin-
ing the multivariate structure of neural data. For instance, the 
time course of individual face processing has been assessed 
by multivariate investigations of magneto/electroencephalog-
raphy data (Ambrus, Kaiser, Cichy, & Kovács, 2019; Dobs, 
Isik, Pantazis, & Kanwisher, 2019; Nemrodov, Niemeier, 
Mok, & Nestor, 2016; Vida, Nestor, Plaut, & Behrmann, 
2017). While these investigations revealed critical aspects 
of neural dynamics, such as the onset of visual recognition, 
other properties of theoretical and practical significance are 
yet to be elucidated. Notably, the relative diagnosticity of 
neural features for decoding purposes as well as its general-
izability across distinct visual categories and across partici-
pants remain largely unknown. Accordingly, the present work 
addresses these questions by appeal to identity-level decod-
ing and cross-participant feature selection for multiple visual 
categories.

Specifically, here we aim to decode the identity of visual 
stimuli from corresponding electroencephalography (EEG) 
data for three distinct classes of stimuli: faces, words, and en-
sembles—to be clear, by ensemble processing we refer here 
to the ability to encode the average identity of a group of vi-
sual objects, such as that of a group of faces (for a review see 
Whitney & Yamanashi Leib, 2018). Importantly, decoding 
success within each class serves as a foundation for assessing 
relative feature diagnosticity, for estimating optimal subsets 
of features, and for relating them across categories and across 
participants.

Theoretically, our focus on the three categories above is 
grounded in previous research relying, in particular, on func-
tional magnetic resonance imaging (fMRI). Specifically, 
previous work has suggested that single faces and words, 
despite their widely dissimilar appearance, compete for 
common processing resources in high-level visual cortex 
(Dehaene et al., 2010; Harris, Rice, Young, & Andrews, 
2016; Hasson, Levy, Behrmann, Hendler, & Malach, 2002; 
Nestor, Behrmann, & Plaut, 2013). In contrast, face ensem-
bles (i.e., a group of multiple faces presented simultaneously) 
and single faces, despite both being encompassed by the 
broad scope of face recognition, appear to recruit different 
cortical areas: ensembles show particular reliance on dorsal 
stream areas in parietal cortex while single faces rely consid-
erably on ventral stream areas in occipitotemporal cortex (Im 
et al., 2017). Hence, the possibility that these categories also 
exhibit dissimilar dynamics, as reflected in the temporal and 
frequency domains, is an intriguing hypothesis. In particular, 

this presents clear interest for theories articulating the neural 
integration of these domains (Plaut & Behrmann, 2011).

Methodologically, we note that most EEG research in 
cognitive neuroscience has focused on the global amplitude 
of the signals (e.g., an average estimate across sensors and 
time windows). Accordingly, such work relies on extensive 
data averaging to increase the signal-to-noise ratio (SNR) 
and to reduce dimensionality, rendering data suitable for uni-
variate analyses. In contrast, data-driven approaches, such 
as the one pursued here, exploit the multivariate structure of 
EEG patterns, which is often lost through averaging, while, 
at the same time, they commonly remove the global signal 
amplitude from patterns (e.g., through normalization pro-
cedures). Thus, traditional univariate approaches and novel 
pattern analyses tend to exploit complementary properties 
of the EEG signal. Hence, they can provide complementary 
but, hopefully, convergent insights into the nature and signif-
icance of neural data.

Of particular relevance here, recent work has found evi-
dence for the ability of EEG pattern analyses to support the 
decoding of facial identity (Ambrus et al., 2019; Nemrodov, 
Niemeier, Patel, & Nestor, 2018), visual words (Chan, 
Halgren, Marinkovic, & Cash, 2011; Ling, Lee, Armstrong, 
& Nestor, 2019), and face ensembles (Roberts, Cant, & 
Nestor, 2019) suggesting a promising strategy to address 
cross-category commonalities in neural dynamics through 
multivariate analyses.

Further, in relationship to this recent work, the pres-
ent investigation is motivated by the need to boost de-
coding accuracy and to constrain feature dimensionality. 
Specifically, feature selection can facilitate the detection 
of more subtle decoding effects, speed up data collection 
(e.g., by deploying fewer channels known for their diagnos-
ticity) and reduce computational load in data analysis (e.g., 
by restricting analyses to smaller pools of relevant features) 
(Alotaiby, El-samie, Alshebeili, & Ahmad, 2015). To this 
aim, we turn here to recursive feature elimination (RFE), 
a powerful method for feature selection (Guyon, Weston, 
Barnhill, & Vapnik, 2002) with proven value in the anal-
ysis of neuroimaging data such as fMRI (De Martino et 
al., 2008; Nestor et al., 2013) and EEG (Gysels, Renevey, 
& Celka, 2005; Hidalgo-Muñoz et al., 2013; Yin, Wang, 
Liu, Zhang, & Zhang, 2017). Briefly, RFE is a wrapper 
method for feature selection that computes iteratively fea-
ture weights, as determined by a discriminant function such 
as support vector machines (SVM), and removes system-
atically features with the least impact on discrimination. 
SVM-RFE generally outperforms univariate approaches for 
feature selection and is comparable, if not superior, to other 
multivariate methods (Hidalgo-Muñoz et al., 2013; Shen, 
Ong, Li, Hui, & Wilder-Smith, 2007). However, SVM-
RFE is computationally intensive and relatively demand-
ing with regard to the number of observations needed. For 
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instance, to avoid circularity, each data set should be suffi-
ciently large to allow its division into multiple subsets for 
different purposes such as training, validation and testing  
(De Martino et al., 2008). Here, we handle this require-
ment by considering jointly the data from multiple partic-
ipants. In line with transfer learning approaches (Jayaram, 
Alamgir, Altun, Scholkopf, & Grosse-Wentrup, 2016; Yin 
et al., 2017), this strategy is intended to both increase the 
size of our data sets and to examine the robustness of fea-
ture selection across participants.

Briefly, our investigation applied the strategy above to 
three EEG data sets dedicated to the study of facial iden-
tity processing (Nemrodov et al., 2018), word recognition 
(Ling et al., 2019), and ensemble perception (Roberts et al., 
2019). Our examination revealed robust patterns of feature 
diagnosticity within and across participants, similar pro-
files of spatiotemporal information guiding the decoding of 
single faces and words, but not of face ensembles, as well 
as systematic boosts in decoding accuracy accompanied 
by significant reductions of feature sets for each category. 
Thus, theoretically, our results point to the integration of 
perceptual mechanisms for certain visual categories from 
a neural dynamics perspective and, practically, serve to in-
form the design and methodology of EEG investigations of 
visual recognition.

2 |  METHOD

2.1 | Experimental procedures

The data examined here were collected as part of three differ-
ent studies seeking to assess the temporal dynamics of word, 
face, and ensemble processing (see Figure 1 for examples of 
stimuli).

Word processing was assessed based on the data of 14 
participants (9 females, age: 20–26) who performed a 
one-back identity task with three-letter consonant–vowel– 
consonant (CVC) nouns (Ling et al., 2019). Each of 80 words 
was presented for 300 ms, followed by a variable 600–700 ms 
intertrial interval (ITI), and was repeated 96 times (i.e., 3 times  
per block across 32 blocks). Stimuli were centrally presented 
and subtended a visual angle of 4.9° × 2.9° from a distance 
of 80 cm.

Face processing was evaluated using the data of 13 
participants (7 females, age: 18–27) who performed a go/
no-go gender categorization task with 54 male faces, on 
no-go trials, and 10 female faces, on go trials (Nemrodov 
et al., 2018). Male and female face stimuli were selected 
and displayed in a similar manner to show frontal views 
of young adult individuals with a frontal gaze. All male 
face images used in the current analysis contained neutral 
expressions, were centrally presented and subtended a vi-
sual angle of 3.2° × 4.9° from a distance of 80 cm. Each 
face was presented for 300 ms, followed by a variable 925–
1,075  ms ITI, and was repeated 64 times (i.e., twice per 
block across 32 blocks).

Face ensemble processing was assessed based on the 
data of 14 participants (10 females, age: 19–25) who per-
formed a go/no-go gender categorization task (Roberts et 
al., 2019). Each of four base ensembles, presented on no-go 
trials and used in the current analysis, consisted of six dif-
ferent male faces displayed in a circular arrangement. An 
additional ensemble consisted of female faces on go tri-
als. Of note, participants were asked to fixate the center 
of the screen, marked by a fixation cross presented prior 
to the stimulus, rather than fixate any individual face in 
an ensemble. Also, the position of any given face within 
an ensemble varied from trial to trial, so that any given 
base ensemble would vary in its overall appearance from 

F I G U R E  1  Examples of experimental 
stimuli: (a) words. (b) faces, and (c) face 
ensembles
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trial-to-trial though its component faces remained the same. 
Each male and female face ensemble subtended an angle of 
9° × 7° from a distance of 80 cm. Each ensemble was pre-
sented for 300 ms, followed by a variable 600–700 ms ITI, 
and was repeated 768 times (i.e., 48 times per block across  
16 blocks).

All participants in the three studies were right-handed 
neurotypical adults with normal or corrected-to-normal vi-
sion. All participants provided informed consent and all ex-
perimental procedures were approved by the Research Ethics 
Board at the University of Toronto.

In all experiments, EEG data collection relied on a 
64-electrode Biosemi ActiveTwo EEG recording system 
(Biosemi B.V., Amsterdam, Netherlands) with a sampling 
rate of 512  Hz. The electrodes were arranged according 
to the International 10/20 System. Each experiment was 
conducted across two sessions on different days for each 
participant.

2.2 | Preprocessing

Preprocessing was performed using Matlab 2017a (Mathworks, 
Natick, MA) and Letswave 6 (Mouraux & Iannetti, 2008). All 
data were digitally filtered offline (zero-phase 24 dB/octave 
Butterworth filter) with a bandpass of 0.1–40 Hz. Next, data 
were separated into epochs, from 100  ms prior to stimulus 
presentation until 900 ms later, and baseline corrected. Further, 
epochs were rereferenced to the average reference. In addition, 
prior to univariate ERP analysis, data were cleaned of ocular 
artifacts using Infomax ICA (Delorme, Sejnowski, & Makeig, 
2007).

Next, for the time domain analysis, for each epoch, an 
interval of 50–650 ms after stimulus onset was selected and 
the corresponding data points were concatenated across 
electrodes into a single vector consisting of 19,712 fea-
tures (i.e., 308 time bins × 64 electrodes). Then, each vec-
tor was normalized by z-scoring across features to remove 
trial-specific variation in average amplitude. Next, trials 
within blocks were averaged separately for each stimulus 
(and also, across consecutive blocks in the case of words 
and faces), to yield the same number of observations per 
stimulus and participant for each study, that is, 16 obser-
vations for decoding purposes. Further, all observations 
thus derived were scaled between 0 and 1, feature by fea-
ture across observations, separately for each participant, in 
order to eliminate the impact of differences in range and 
average magnitude across features.

For the frequency analysis, each1-s-long epoch (i.e., 512 
bins between −100 and 900  ms) was individually tapered 
with a symmetric Hanning window and converted to the 
frequency domain using FFT. Amplitude values for 40 fre-
quency estimates (i.e., 1–40  Hz) were concatenated across 

all electrodes into a single vector consisting of 2,560 features 
(i.e., 40 frequencies × 64 electrodes) per epoch. Then, each 
vector was normalized by z-scoring across features. Next, 
feature vectors were averaged separately for each stimulus to 
yield 16 observations for decoding purposes per stimulus and 
participant for each study, same as for the time domain anal-
ysis described above. Last, observations were scaled between 
0 and 1, feature by feature across observations, separately for 
each participant.

To be clear, we point out that our analyses aimed to dis-
entangle the contribution of temporal and frequency infor-
mation. Accordingly, frequency features were derived once 
from a large temporal window rather than multiple times 
across more compact, distinct windows spanning an epoch. 
However, it is possible that appealing to time–frequency de-
composition to yield a larger number of features that capture 
the variable structure of spectral information may be benefi-
cial for decoding purposes and this possibility will need to be 
explored by future research.

2.3 | Stimulus decoding

Pairwise stimulus decoding was conducted separately for the 
data of each participant in each study with the aid of linear 
SVM (c  =  1) and leave-one-out cross-validation. For in-
stance, the discriminability of any two words was estimated 
by training a classifier on 15 observations pairs and testing 
the performance of the classifier on the remaining pair. Then, 
an estimate of classification accuracy was computed by aver-
aging performance across all word pairs. A similar procedure 
was followed for face and ensemble decoding. Stimulus de-
coding was conducted separately in the time and frequency 
domains for each participant using different subsets of fea-
tures as described below.

2.4 | Feature selection

The contribution of different features (i.e., electrode × time 
point/frequency amplitude) to decoding was estimated with 
the aid of SVM-RFE. This wrapper method for feature se-
lection (Guyon et al., 2002) is instrumental in the effort to 
decrease the dimensionality of relevant observations, to 
boost SVM-based discriminability and to estimate feature 
diagnosticity.

Briefly, the method works by repeatedly eliminating the 
features that are the least diagnostic for a given type of clas-
sification—diagnosticity here was measured by a common 
metric, the square of the classification weights for each fea-
ture (Hanson & Halchenko, 2008). Specifically, the method 
proceeded as follows: (i) a linear SVM classifier was trained 
on a given feature set, (ii) a ranking score was computed for 
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all features (based on classification weights), (iii) the batch of 
features with the smallest ranks were eliminated, and (iv) the 
procedure was repeated until feature depletion. Thus, for any 
discrimination, the method produces a ranking of classifica-
tion features from the least diagnostic (eliminated first) to the 
most diagnostic (eliminated last).

Of note, SVM-RFE ensures a more robust and reliable 
ranking than that based on a single-pass classification (e.g., 
by ordering the weights of a single classification model). 
However, it is computationally more demanding since clas-
sification is performed n times, where n is the number of 
feature batches in the set, instead of a single time. Here, in 
order to equate the number of RFE iteration steps (i.e., 64) 
for the two domains, each batch consisted of 308 features in 
the time domain and 40 features in the frequency domain for 
each participant.

To ensure noncircularity and to maximize, at the same 
time, the use of available data, RFE-based feature selec-
tion was performed across different subsets of participants. 
Accordingly, the method consisted of three stages, as follows: 
ranking, validation and testing.

First, half of the participants in each study (i.e., with odd 
or even numbers) were assigned to the ranking group. Feature 
ranking was computed for each pair of stimuli separately for 
each participant in this group using SVM-RFE. Estimates 
of feature diagnosticity were then averaged across stimulus 
pairs and participants. Based on average ranks, features were 
divided into 64 batches from the least to the most diagnostic.

Second, validation and testing were conducted using a 
leave-one-participant-out procedure. Specifically, all re-
maining participants except one were assigned to a valida-
tion group. The aim of validation was to estimate the optimal 
number of batches for classification purposes. To this end, 
estimates of classification accuracy were computed for each 
participant with decreasing number of batches (i.e., 64, 63, 
and 62). Validation curves were then averaged across partic-
ipants to identify the feature subset that maximizes accuracy.

Third, independent estimates of classification accuracy 
were computed using the data of the test subject. Since the 
procedure was conducted, in turn, with odd and even subjects 
as part of the ranking group, each participant had the opportu-
nity to provide a test data set exactly once in each experiment. 
Thus, RFE-optimized performance was estimated as the aver-
age of all test participant estimates in each experiment.

2.5 | Feature ranking and consistency

A first set of analyses considered the presence and the char-
acteristics of the rankings based on the first stage of feature 
selection as follows.

First, to assess the presence of reliable and systematic 
structure in feature ranking its consistency was estimated 

both within and across participants for each stimulus domain. 
Specifically, consistency was computed within participants 
by correlating ranks across electrodes and time points (or 
frequency bins) obtained for even versus odd observations. 
Similarly, between-participant consistency was computed by 
correlating the ranks for odd observations from one partic-
ipant with the even observations of every other participant. 
In addition, to maximize the use of available data and thus, 
increase the robustness of the estimates, between-participant 
consistency was recomputed by considering rankings based 
on all data of a given participant and all data of every other 
participant.

Correlation values were converted to z-scores using the 
Fisher transform and were then compared against chance using 
two-tailed one-sample t tests across participants, separately 
for each type of feature, consistency estimate, and stimulus 
category. Further, consistency was assessed using repeated 
measures ANOVAs (2 feature types: time, frequency × 3 con-
sistency types: within, between-half, between-full) separately 
for each stimulus category (Greenhouse–Geisser corrections 
were applied wherever the assumption of sphericity was not 
supported by the data).

Second, in order to assess the spatial and temporal profile 
of the data, rankings were compared across stimulus cate-
gories and types of features. Specifically, to assess the rela-
tive contribution of different channels to decoding, rankings 
were averaged across time points (or frequency bins) and 
across participants. Then, the resulting estimates were cor-
related across stimulus categories. Complementary analyses 
proceeded in a similar manner by averaging rankings across 
channels while retaining temporal (or frequency) information 
and correlating the estimates across stimulus categories.

Next, to examine in more detail the spatial profile of the 
data, rankings were averaged across time/frequency bins and 
channels, respectively. Then, rankings were assessed using a 
three-way repeated-measures ANOVA (3 electrode groups: 
posterior, central, anterior × 2 hemispheres: left and right × 2 
feature types: frequency and time) separately for each stim-
ulus category.

2.6 | Feature selection and decoding 
performance

To determine the effectiveness of feature selection across 
stimulus categories, decoding performance was compared 
before and after selection using independent classification 
estimates (i.e., from the test data sets). Specifically, decod-
ing accuracy was evaluated using the optimal set of features 
versus the entire set of features, separately for each stimulus 
category and feature type, using two-tailed paired t tests.

Next, to assess the possibility that different feature types 
may contribute complementary information for decoding 
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purposes, feature selection was conducted again using joint 
sets of both temporal and frequency features. Then, decoding 
accuracy using optimal subsets of mixed features was com-
pared against accuracy estimates based on optimal subsets 
of homogeneous features (i.e., only temporal or frequency 
based).

3 |  RESULTS

3.1 | Ranking consistency/validity

In order to confirm the reliability of feature rankings and 
their potential utility for feature selection, their consistency 
was assessed separately for each category of stimuli and 
type of feature. Specifically, average ranks were compared 
to each other both within and across participants via cor-
relation and, then, the resulting estimates were compared to 
chance following their conversion to z scores. All correla-
tions were significant (one-sample t tests against 0 across 
participants, p < .001; Bonferroni corrected) (see Figure 2).

Next, consistency was assessed separately for each 
category of stimuli via two-way repeated-measures anal-
yses of variance (2 types of features  ×  3 consistency 
measures). For words, this analysis found significant 
main effects of feature type (F(1, 13) = 48.85, p <  .001, 
�

2
p
 = .562) and consistency measure (F(1.12, 14.61) = 198, 

p  <  .001, �2
p
  =  .654), as well as a significant interaction 

(F(1.04, 13.49) = 13.99, p =  .002, �2
p
 =  .169). Similarly, 

for faces, significant effects were found for feature (F(1, 
12)  =  25.07, p  <  .001, �2

p
  =  .228), consistency (F(1.04, 

12.52) = 24.85, p < .001, �2
p
 = .4), and for the interaction 

(F(1.04, 12.43) = 6.39, p = .025, �2
p
 = .085). Finally, for en-

sembles, we found significant main effects of feature (F(1, 
13) = 23.73, p < .001, �2

p
 = .258) and consistency (F(1.01, 

13.18)  =  62.66, p  <  .001, �2
p
  =  .608), but no interaction 

(F(2, 26) = 1.3, p = .3, �2
p
 = .015).

Further post hoc analyses indicated that within-partic-
ipant consistency estimates were, as expected, higher than 
their between-participant homologues, while between-partic-
ipant consistency estimates were typically higher when using 
all data rather than split halves (see Figure 2).

Thus, feature ranking appears to capture reliable data 
structure within participants. More importantly, it yields 
similar outcomes across participants, which is critical 
for the purpose of cross-participant feature selection and 
decoding.

3.2 | Feature diagnosticity

To visualize the contribution of different features to decod-
ing, ranks were averaged across participants, separately for 
each stimulus category, and displayed by channel and time 
point (Figure 3 top) or frequency bin (Figure 3 bottom). An 
examination of the results indicates that an extensive set of 
features contribute to decoding. However, it is also appar-
ent that certain groups of features have less utility, such as 

F I G U R E  2  Ranking consistency within and across-participants for (a) words, (b) faces, and (c) face ensembles (**p < .01; ***p < .001; 
error bars show ±1SE across participants)

(a) (b) (c)
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temporal features across anterior electrodes for the purpose of 
word decoding. Also, rankings appear to differ across types 
of features. For instance, frequency features, as opposed to 
temporal features, do appear to provide some contribution 
to word decoding across anterior electrodes. Furthermore, 
rankings diverge across stimulus category. For instance, late 
temporal features across central channels appear to contrib-
ute more to ensemble decoding than to single face or word 
decoding.

To examine the spatial structure of diagnostic informa-
tion more directly, feature ranks were averaged across time/
frequency and the outcomes were displayed as topographical 
maps (Figure 4a). In the case of faces and words, decoding 
appeared to rely prominently on occipital–temporal channels 
while ensembles elicited preference for central and parie-
to-temporal channels.

To allow a more detailed and rigorous examination 
of the observation above, ranks were analyzed separately 
for stimulus category using three-way repeated-measures 
ANOVAs (electrode group: posterior, central, anterior × lat-
erality: left, right  ×  feature type: frequency and time) (see 
Supplementary Figure 1). These analyses revealed, in the 
case of words, a significant main effect of electrode group 
(F(1.48, 19.24) = 53.34, p < .001, �2

p
 = .637) and a signif-

icant interaction between electrode group and feature type 
(F(2, 26) = 15.92, p < .001, �2

p
 = .184). Post hoc comparisons 

showed that, for time, posterior features ranked higher than 
central and anterior ones (p < .001 for both), and central fea-
tures ranked higher than anterior ones (p = .007). Similarly, 
for frequency, posterior features ranked higher than central 
and anterior ones (p < .001 for both), but central and anterior 
rankings were not significantly different (see Supplementary 
Figure 1a,d).

For faces, the analysis found a significant main effect of 
electrode group (F(1.06, 12.66) = 17.66, p < .001, �2

p
 = .44) 

and an interaction between group and laterality (F(1.18, 
14.12) = 7.00, p =  .004, �2

p
 =  .047). Post hoc comparisons 

showed that the only significant laterality effect was found 
for posterior electrodes, where an advantage for the right 
hemisphere was observed (p  =  .049; see Supplementary 
Figure 1b,e).

For ensembles, the analysis found significant main ef-
fects of electrode group (F(1.48, 19.24)  =  16.8, p  <  .001, 
�

2
p
 = .362) and of laterality, with an advantage for right elec-

trode features (F(1, 13) = 5.78, p =  .031, �2
p
 =  .031). Post 

hoc comparisons showed that posterior and central electrodes 
were ranked significantly higher than anterior ones (p = .002 
and p < .001, respectively; see Supplementary Figure 1c,f).

These results demonstrate the differential contribution 
of features associated with specific channels as a function 
of position across the posterior–anterior axis, laterality, and 
feature type.

F I G U R E  3  Average feature ranks across participants for (a) words, (b) faces, and (c) face ensembles in the time (top) and frequency domain 
(bottom)

(a) (b) (c)
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A complementary assessment was next conducted for 
time and frequency, after averaging across electrodes (Figure 
4b). In the time domain, both faces and words show that 
ranking peaks roughly between 150 and 200 ms after stim-
ulus onset, whereas ensemble ranking peaks later, roughly 
between 400 and 450 ms. In the frequency domain we note 
a gradual decrease in ranking after 20 Hz for all visual cate-
gories as well as a clear dip in ranking around 12 Hz, espe-
cially for faces and words. An additional examination across 
different frequency bands showed that both word and ensem-
ble processing relied on theta (5–7 Hz) and alpha (8–15 Hz) 
bands, while face processing relied on delta (1–4  Hz) and 
theta bands—for a quantitative analysis of these observations 
see Supplementary Results and Supplementary Figure 2.

Interestingly, the results above point to distinct spatial, 
temporal, and frequency patterns of diagnosticity across 
visual domains. To quantify the dissimilarity of these 
patterns, feature ranks were compared to each other via 
Pearson correlation. First, regarding spatial information, 
feature ranks were averaged across time (or frequency) 
and were then related to each other (Figure 5a). An ex-
amination of the results points to similar spatial patterns 
across feature types for each stimulus domain separately. 
Specifically, temporal and frequency features yield simi-
lar rankings across electrodes for word decoding as well as 
for the other two visual domains (FDR corrected, q < .05). 
More importantly, faces and words yield similar rankings 
for both temporal and frequency features as well as across 

F I G U R E  4  The structure of feature 
ranks: (a) spatial structure averaged across 
time and frequency along with (b) the 
temporal and frequency structure of feature 
ranks averaged across channels

(a)

(b)

F I G U R E  5  Correlations of average 
ranks across (a) channels, (b, top right) time, 
and (c, bottom left) frequency (***p < .001)

(a) (b)
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feature types (i.e., words–time and faces–frequency). In 
contrast, ensembles did not seem to share the same spatial 
structure with the other two categories.

Complementary analyses were next conducted for tem-
poral and frequency patterns, after averaging across elec-
trodes. Consistent with the results above, faces and words 
were similar in the temporal domain (Figure 5b, top right) 
(q < .05). In contrast, in the frequency domain ensembles 
were similar to both words and faces (Figure 5b, bottom 
left).

Taken together, the present results point to common infor-
mational structure in the decoding of central stimuli, such as 
faces and words, but to divergent spatiotemporal structure in 
the decoding of face ensembles.

3.3 | Decoding performance

A specific aim of feature ranking and selection is to improve 
decoding performance. Accordingly, we examined the effec-
tiveness of such improvements as an outcome of RFE-based 
feature selection. As SVM classification scales well with pat-
tern dimensionality, the improvement in decoding accuracy 

is expected to be relatively small (Guyon et al., 2002). In con-
trast, the reduction in the number of features can be dramatic, 
given that the procedure, as applied here, aims to identify 
a minimal number of critical features during the validation 
stage.

An examination of validation curves (Supplementary 
Figure 3) shows results that agree with the expectation 
above. Overall, classification accuracy gradually increases as 
irrelevant or redundant features are eliminated and, then, it 
rapidly declines as critical features are eliminated. Further, 
classification peaks tend to occur relatively late in the feature 
selection process, consistent with a considerable reduction 
in pattern dimensionality. Yet, they provide systematically 
a performance boost compared to the starting point, which 
considers all available features.

To assess independent estimates of classification perfor-
mance, decoding accuracy was considered based on the test 
data sets. First, performance was compared to chance both 
prior to and post feature selection (one-tailed one-sample 
t tests against 50%, Bonferroni corrected) (Figure 6a,b). 
This analysis revealed above-chance classification for all 
visual domains and types of features irrespective of fea-
ture selection (p = .018 for faces in the time domain when 

F I G U R E  6  The impact of feature 
selection on (a, b) classification accuracy in 
the time and frequency domains (**p < .01, 
*p < .10; error bars show ±1SE across 
participants) as well as on (c) feature 
reduction for each visual domain and type 
of feature (100% corresponds to 64 feature 
batches; error bars show ±1 SE across 
participants) time frequency

(a) (b)

(c)

words faces ensembles words faces ensembles
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using all features; all p's < .001 for words and ensembles) 
with the exception of face decoding in the frequency do-
main prior to feature selection (accuracy: 49.5%). Second, 
temporal-based decoding surpassed its frequency-based 
counterpart in every single case (one-tailed paired t tests, 
for ensembles prior to feature selection: p  =  .008; for 
faces prior to and after selection: p = .002; for all others: 
p's < .001, Bonferroni corrected). To be clear, this is not at 
odds with the higher consistency of frequency domain fea-
tures relative to time domain features (Figure 2) given that 
our measure of consistency, feature ranking for classifica-
tion purposes, is relatively independent of the amount of 
information regarding class separation as carried by differ-
ent types of features. Third, the impact of feature selection 
was considered for each visual domain and type of feature 
(one-tailed paired t tests, Bonferroni corrected). This anal-
ysis indicated that feature selection boosted performance 
significantly for faces and words (p's < .001) and margin-
ally for ensembles in the frequency domain (p = .086) but 
not in the time domain.

Next, we examined the dimensionality of optimal fea-
ture subsets. In most cases, dimensionality was reduced by 
more than 80% (Figure 6c) and these results were relatively 
consistent across participants (see Supplementary Figure 4). 
The only exception was provided by time-based ensemble 
classification—in this case we note that the validation curve 
(Supplementary Figure 3) shows a gradual decrease in per-
formance over the course of feature elimination, rather than 
a gradual increase, and test performance does not indicate 
any decoding benefit relative to the starting point (Figure 6a). 
Thus, feature selection achieves its intended aims of boosting 
decoding accuracy and dimensionality reduction in a major-
ity (but not all) of cases.

To be clear, the fact that a small proportion of features are 
critical for decoding purposes is not at odds with the find-
ing that a considerable proportion of features carry diagnos-
tic information (as shown in Figure 3). This divergence is 
due to the fact that RFE-based feature selection eliminates 
not only irrelevant features but also diagnostic features that 
carry redundant information relative to optimal feature sub-
sets. In this sense, an examination of feature ranking, as car-
ried out in Section 3.2, and the current evaluation of optimal 
feature subsets provide related but complementary perspec-
tives regarding feature selection and its impact on decoding 
performance.

Last, we examined the possibility that temporal and fre-
quency-based features provide complementary information 
for decoding purposes. However, an application of feature 
selection to joint sets of time and frequency features showed 
no benefit in decoding accuracy relative to time-based de-
coding for any visual category (one-tailed paired t-tests, all 
p's > .33). Thus, consistent with the systematic correlation of 
time and frequency feature ranks (Figure 5a), the two types 

of features appear to provide overlapping rather than comple-
mentary information.

4 |  DISCUSSION

The present investigation targeted the informational struc-
ture supporting identity-level processing across three visual 
domains as revealed by pattern analyses of EEG data. This 
investigation evinced several notable outcomes, as follows.

To begin with, we found systematic variation of feature 
diagnosticity in the temporal and the frequency domains for 
every visual category. Importantly, such variation was ro-
bust both within and across participants despite the expected 
variability of the EEG signal (Thigpen, Kappenman, & Keil, 
2017). This confirmed the presence of informative structure 
in our data, motivated our methodological approach and, 
thus, argued for the feasibility of our research objectives.

Notably, feature ranking revealed the reliance of differ-
ent categories on common information. Specifically, single 
face and word decoding showed particular reliance, spatially, 
on bilateral occipitotemporal channels and, temporally, on a 
broad interval spanning around 150–450  ms after stimulus 
onset. In contrast, ensemble processing exhibited reliance on 
central channels and on an interval between 350 and 450 ms. 
Interestingly, single faces and ensembles, but not words, 
showed higher reliance on right compared with left chan-
nels. However, single faces and ensembles diverged in the 
frequency domain in which ensembles showed, similarly to 
words, higher reliance than faces on alpha band features.

The results above are consistent with intermingling but 
distinct neural resources underlying the processing of differ-
ent categories (Plaut & Behrmann, 2011). For single faces 
and words, such intermingling has been previously suggested 
by fMRI (Mei et al., 2010; Nestor et al., 2013) and neuro-
psychological studies (Albonico & Barton, 2017; Gerlach, 
Marstrand, Starrfelt, & Gade, 2014; Sigurdardottir, Ívarsson, 
Kristinsdóttir, & Kristjánsson, 2015, but see Starrfelt, 
Klargaard, Petersen, & Gerlach, 2018). Moreover, prior EEG 
work has documented the reliance of these two categories on 
occipitotemporal channels around 170 ms as reflected, for in-
stance, by the importance of the N170 ERP component for 
faces (Bentin, Allison, Puce, Perez, & McCarthy, 1996; Ince 
et al., 2016; Rossion, Joyce, Cottrell, & Tarr, 2003), words 
(Bentin, Mouchetant-Rostaing, Giard, Echallier, & Pernier, 
1999; Maurer, Zevin, & McCandliss, 2008), and, more gen-
erally, for visual expertise (Tanaka & Curran, 2001). The 
similar spatiotemporal profile of diagnostic information, as 
revealed here by multivariate analyses, is broadly consistent 
with this research. Specifically, we find that feature diagnos-
ticity for within-category discrimination ramps up around 
170 ms for both faces and words especially at occipitotem-
poral channels.
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Concurrently though, we find that faces and words di-
verge in significant ways. A right-side advantage is found 
for posterior channels for faces, consistent with the hemi-
spheric asymmetry in face perception (Mercure, Dick, Halit, 
Kaufman, & Johnson, 2008; Rossion et al., 2003). The ho-
mologous left-side advantage, suggested by the importance 
of left hemispheric resources for language, was not found for 
words though. While the spatial resolution of EEG precludes 
definitive conclusions here, we note some convergence with 
the idea of complementary information in visual word recog-
nition across the two hemispheres (Barton et al., 2010)—see 
also Laszlo and Federmeier (2014) regarding the sensitivity 
of word recognition dynamics to context and task. Further, 
we find differential reliance on frequency bands for the two 
categories, hinting at different modes of processing.

Regarding ensembles, while extensive behavioral work 
has documented our ability to extract summary represen-
tations from groups of faces (de Fockert & Wolfenstein, 
2009; Haberman, Brady, & Alvarez, 2015; Neumann, 
Schweinberger, & Burton, 2013; Sama, Nestor, & Cant, 2019; 
Yamanashi Leib et al., 2014), little is known about their neu-
ral underpinnings. Interestingly, recent fMRI work (Im et al., 
2017) found that face ensembles exhibit marked reliance on 
dorsal stream areas along with a right hemispheric advantage. 
Our results agree with these findings by showing an exten-
sion of feature diagnosticity beyond posterior to central chan-
nels along with a significant advantage for right channels. 
Further, diagnosticity does not ramp up around 170 ms, as for 
words and single faces, but instead peaks later within a 350–
450 ms interval. This temporal profile presumably reflects a 
slower process of information accumulation underlying the 
derivation of a summary representation (Haberman, Harp, & 
Whitney, 2009; Roberts et al., 2019). Arguably, this demon-
strates how face ensemble and single-face processing diverge 
systematically in their spatiotemporal dynamics in response 
to distinct perceptual demands.

Interestingly though, we find that words and ensembles are 
similar in one respect: their reliance on alpha band features 
relative to single faces. Alpha activity has previously been re-
lated to top-down processes recruited by attention (Klimesch, 
2012; Ward, 2003) and semantic knowledge, as required, 
for instance, by famous face recognition (Zion-Golumbic, 
Kutas, & Bentin, 2010). Our results largely agree with this 
hypothesis. Ensemble perception involves a complex process 
of information integration dependent on specific attentional 
resources (Cohen, Dennett, & Kanwisher, 2016; Jackson-
Nielsen, Cohen, & Pitts, 2017, but see Alvarez & Oliva, 
2009), while word recognition relies on a language process-
ing network that involves top-down phonological and seman-
tic information (Price & Devlin, 2011). In contrast, unfamiliar 
face perception may reflect primarily automatic bottom-up 
processing (Dobs et al., 2019; Megreya & Burton, 2006; Natu 
& O'Toole, 2011) less prominent in the alpha band.

Next, methodologically, our investigation demonstrates 
the benefits of RFE-based feature selection. First, we find 
a systematic boost in decoding accuracy across stimulus 
categories and feature types. This boost is particularly no-
table for single-face frequency-based decoding, which is 
at chance level prior to feature selection, and underscores 
the ability of feature selection to facilitate the detection of 
smaller, more subtle effects. Second, we find that, in most 
cases, the procedure yields a drastic reduction in feature size 
of over 80%. Notably, these results are robust across partici-
pants demonstrating that smaller pools of features do not owe 
their success to capturing participant and category-specific 
idiosyncrasies of the EEG signal. An interesting exception 
is that of ensemble decoding in the temporal domain. Here, 
accuracy does not improve and only a minority of features 
are removed. This result suggests a widely distributed spatio-
temporal structure and, likely, an extensive cortical network 
facilitating ensemble processing. Thus, the benefit of feature 
selection is likely to scale, reasonably, with the reliance more 
local, less dispersed neural resources.

Importantly, the similarity between face and word pro-
cessing noted above has its own practical implications. 
Specifically, both categories appear to rely on a largely 
overlapping set of 12–16 channels robust in their decoding 
performance across participants. This suggests that the same 
electrode montage can capture visual processing for different 
categories and across different participants. Accordingly, this 
could facilitate the use of brain–computer interfaces (BCI) 
targeting visual recognition, by constraining the number of 
channels and, also, by enhancing their versatility (e.g., as re-
lated to visual recognition of multiple categories of interest).

A potential limitation our investigation is the use of dif-
ferent tasks across experiments for words and face stim-
uli. Indeed, task differences are known to modulate, for 
instance, the amplitude of ERP components in face process-
ing (Goffaux, Jemel, Jacques, Rossion, & Schyns, 2003; 
Rousselet, Gaspar, Wieczorek, & Pernet, 2011). Our anal-
yses target the multivariate EEG structure rather than the 
amplitude of ERP components. Yet, it is possible that task 
differences across faces and words also impact this structure 
and limit our ability to capture cross-category similarities. 
Despite this possibility, we note here the marked similarity in 
the spatiotemporal profile of single face and word decoding. 
However, future investigations will have to elucidate the pre-
cise impact of such tasks on EEG patterns.

Regarding the performance of different feature types, we 
note that temporal domain features surpassed systematically 
frequency domain features. However, we also found that fre-
quency domain features performed above chance for every 
category, pointing to their potential utility in designs that in-
volve more variable temporal structure, such as in memory 
and/or visual imagery tasks that preclude locking the EEG 
signal to stimulus onset.
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Another point to consider here is that decoding did not 
appeal to more elaborate, neuroengineered features (e.g., es-
timates of signal complexity and coherence) (Jenke, Peer, & 
Buss, 2014; Lotte & Congedo, 2016) or to those derived by 
convolutional neural networks (Schirrmeister et al., 2017; 
Sturm, Lapuschkin, Samek, & Müller, 2016). Admittedly, the 
use of more elaborate features may further boost decoding 
accuracy and, also, close the gap between the performance of 
time- and frequency-based information.

Importantly, from a practical standpoint, feature rankings 
showed consistency in both within- and cross-participant 
analyses. As expected, cross-participant consistency was 
lower than its within-participant counterpart. This illustrates 
a main challenge for transfer learning endeavors to exploit 
commonalities in the data of different participants despite 
marked idiosyncratic differences (Jayaram et al., 2016; Yin 
et al., 2017). Importantly here, our investigation confirms 
significant similarity across participants in the domains of 
face and word perception. Hence, the present results could 
serve as a stepping stone for future efforts to optimize the 
extraction of cross-participant information and to maximize 
its utility in these domains (e.g., by modeling the space of 
individual variability).

In conclusion, our study identifies robust and systematic 
patterns of spatiotemporal and frequency-based informa-
tion in the EEG signal. Notably, such patterns reflect visual 
processing across multiple categories that is robust across 
participants. These results serve to further clarify the neu-
ral dynamics of visual recognition and, importantly, to guide 
EEG methodology and design.
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