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Abstract-

To categorize the perceived objects, brain utilizes a broad set of its resources and

encoding strategies. Yet, it remains elusive how the category information is encoded in the brain. While
many classical studies have sought the category information in the across-trials-averaged activity of
neurons/neural populations, several recent studies have observed category information also in the
within-trial correlated variability of activities between neural populations (i.e. dependent variability).
Moreover, other studies have observed that independent variability of activity, which is the variability of
the measured neural activity without any influence from correlated variability with other
neurons/populations, could also be modulated for improved categorization. However, it was unknown
how important each of the three factors (i.e. average activity, dependent and independent variability of
activities) was in category encoding. Therefore, we designed an EEG experiment in which human
subjects viewed a set of object exemplars from four categories. Using a computational model, we
evaluated the contribution of each factor separately in category encoding. Results showed that the
average activity played a significant role while the independent variability, although effective,
contributed moderately to the category encoding. The inter-channel dependent variability showed an
ignorable effect on the encoding. We also investigated the role of those factors in the encoding of
variations which showed similar effects. These results imply that the brain, rather than variability, seems
to use the average activity to convey information on the category of the perceived objects.

Keywords: Object category encoding, Signal variability, EEG, Computational model,
Representational analysis

Introduction
When humans perceive objects, neural representations form highly distributed and dynamical patterns
of activity across several regions of the brain (Cox and Savoy, 2003; Ishai et al., 1999). In addition to the
large body of literature which reported dominant roles for the lateral occipital and ventral temporal
cortices in category encoding (Grill-Spector and Weiner, 2014; Riesenhuber and Poggio, 2002; GrillSpector et al., 2001), there are evidence suggesting contributions from the frontal and prefrontal
cortices to the encoding of categories (Jiang et al., 2007; Goddard et al., 2016; Freedman et al., 2001).
While several studies have found clusters of category-specific neurons (such as for faces, body parts,
etc.) on the temporal cortex (Freiwald and Tsao, 2010; Connolly et al., 2012; Orlovet al., 2010), many
others argued for distributed and overlapping category maps in the same area (Haxby et al., 2001;
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Edelman et al., 1998; Grill-Spector and Weiner, 2014; Grill-Spector and Kanwisher, 2001). What has
remained mostly unanswered by the mentioned studies is whether the separate neural populations (i.e.
in the same or different areas) encode category information independently or in cooperation with each
other. Indeed, despite much improvements in the methods of population-level representational analysis
(Kriegskorte et al., 2008a; Kaneshiro et al., 2015), it has not yet been investigated whether the distinct
category-related regions of the brain provide category information in independent activities (which are
finally stacked up to form population codes) or whether extra category-related information would
appear by considering the correlation of activities between those regions.
A large set of studies have shown a significant role for the inter-neuron and inter-area correlated trialto-trial variability of activities (i.e. known as noise correlation) in visual perception (Ruff and Cohen,
2016; Zenon and Krauzlis, 2012; Cohen and Maunsell, 2009) and decision-making (Neiborg et al., 2012;
Shadlen et al., 1996). Other findings have shown that the trial-to-trial variability of activities (i.e. known
as Fano factor) was modulated to improve the visual perception (Herrero et al., 2013; Churchland et al.,
2010). It was revealed by Cohen and Maunsell, (2009), that dependent (or correlated) trial-to-trial
variability of activities between neurons contributed more dominantly to stimulus perception in an
attention-deployed task compared to independent variability of activities (i.e. which is the variability
measured by Fano factor from which the effect of correlated variability is removed) for each neuron.
Thus, these studies revealed a significant role for dependent and independent variability in the encoding
of categories in the brain. However, as these experiments investigated the trial-to-trial variability of
activities, they remain silent on the role of within-trial variability of activities on the neural encoding.
Generally, activities of individual neurons, voxels and EEG channels are averaged within trials and
treated independently from other sources (i.e. neurons, voxels or EEG channels) in the current
population representational analyses to obtain information on the perceived stimuli (Kriegskorte et al.,
2008b; Kiani et al., 2007; Kaneshiro et al., 2015). This averaging overlooks several time-dependent
dimensions of neural processing which have been shown to play roles in the encoding of information.
Theoretical studies have shown that gamma-band synchronization (Engel et al., 1991), millisecond
precision spike trains (Abeles, 1991; Oram, 1999) and the order of response latencies (Thorpe et al.,
2001; Van Rullen et al., 1998) can also provide suitable representational brain spaces for information.
Moreover, experimental studies have shown that the temporal patterns of activity convey information
regarding the edge co-occurrences (Eckhorn et al., 1988), orientations in primary visual cortex (Celebrini
et al., 1993) and light intensity in the retina (Gollisch, 2008). For the object category representation, an
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EEG study has shown the involvement of temporal phase encoding at work (Behroozi et al., 2015).
Another study has shown that the within-trial correlation of activities between regions of the temporal
cortex played a prominent role in object category representation (Majima et al., 2014).
Motivated by these latter studies on the importance of within-trial variability, we asked which
component of the recorded activity carried the highest amount of information regarding categories
within the time course of trials: is it the average activity of the region, each region’s independent
variability of activity or the variability of activities which are correlated between distinct regions? It
should be noted that, by variability we mean the changes of signal amplitude within the time course of
trials which is totally different from the classical definitions of noise correlation and Fano factor which
measure the trial-to-trial variability of neural activities (Churchland et al., 2010; Abbot and Dayan, 1999).
To answer this question, we designed a whole-brain EEG recording paradigm to measure the objectevoked activity from human subjects. EEG allowed us to record high-resolution temporal signals from
different brain regions simultaneously, which was generally difficult to obtain from fMRI or single cell
recording. We provided a method to quantitatively compare the contribution of the within-trial average
activity, independent variability as well as the dependent variability of different brain regions in
conveying category-related information. Accordingly, a modified version of a previously developed
computational model (Shadlen et al., 1996) was used to generate artificial trials whose statistics closely
matched those measured in the experiment. The model received three input parameters, namely the
mean of activity, the variance and the correlation of activities, which were extracted from category
representations. The mean activity represented the within-trial sample mean of the activities recorded
in individual electrodes evoked by each stimulus. While the within-trial variance of the activity showed
the accumulation of independent variability and dependent variability of individual electrodes, the
within-trial correlations between (all possible) pairs of electrodes were measures of in-phase
synchronization between every pair of electrodes (Majima et al., 2014). By neutralizing an individual
parameter at a time, the model allowed us to investigate the contribution of each parameter
independently from the other two parameters in the representational enhancement. To measure the
category separability in the brain and the model representational spaces, we defined a separability
index which provided several key advantages to the common decoding schemes which were previously
used to extract information regarding the object categories (Kaneshiro et al., 2015; Majima et al., 2014;
Goddard et al., 2016), object variations (Isik et al., 2014; Hong et al., 2016) in both invasive (Hong et al.,
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2016; Majima et al., 2014) and non-invasive (Kaneshiro et al., 2015; Goddard et al., 2016) recording
experiments.
Results showed that the mean activity of individual brain areas contributed more significantly to
category representation compared to the independent variability of individual brain areas and the
correlated variability between different brain areas.

Methods
Stimulus set
Since our goal was to investigate the representations of objects in the brain, we needed realistic forms
of objects under everyday variations, rather than the effects of background, color or other categoryunrelated parameters which could interfere with the brain representations of the target objects
(Martinovic et al., 2008). Therefore, an object image set was generated in which 16 object exemplars
were put in four object categories, namely animal, car, face and plane (Fig 1A).
To generate the image set we downloaded free 3D object models from (http://tf3dm.com/) and
rendered

them

under

different

variation

conditions

(Fig

1B)

using

Blender

software

(https://www.blender.org/). Since the variations were integral parts of object encoding which
accompany the object representations even at the highest levels of the visual streams (Hong et al.,
2016), we had to include them into the generation of the image set to fully activate the object-related
mechanisms of the brain for an inclusive representational analysis. Therefore, the variations were
applied in four dimensions including the light source direction, pose, size and position each of which in
three conditions. The variation conditions were chosen so as to expose the dynamics of object
representations in different visual areas such as the occipital, occipito-temporal and parietal cortices as
they have shown the highest contributions to object representations (Kaneshiro et al., 2015). To
generate the lighting conditions we put the light source at different directions pointing to the objects.
For the pose conditions, the objects were rotated simultaneously around the X, Y and Z Cartesian axes in
steps of 45 degrees and sampled at 0, 135 and 270 degrees of orientation. For the size conditions, the
objects were resized from the very small to the very large scales spanning respectively from 2.5 to 13.5
degrees of visual angle when presented on the screen. As for the position, the objects were put
randomly at three different eccentricities from the image center to generate distances between 0.8 to
7.7 degrees of visual angle in the experiment. A unique 512 by 512 pixel image was generated from the
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objects in different conditions adding up to a total of 192 images in the image set (i.e. 16 exemplars in
12 conditions).

Experimental paradigm
In order to reach the object representations on the human scalp with EEG, we designed a behavioral
task for the human subjects. 10 human subjects (mean age 22, 3 females) volunteered in the experiment
which was held in a darkened room and lasted for about half an hour. Subjects had normal or correctedto-normal vision and were seated in front of a monitor which was 60 cm away from them. Each subject
was presented with the 192 unique images in the image set in random order each of which was
presented three times to increase the signal to noise ratio in the analyses (i.e. totally 576 images were
presented). The stimuli were presented in four blocks of 144 trials with a 5-minute rest time between
each block. We used Matlab PsychoToolbox (Brainard, 1997) for stimulus presentation and response
recording.
Each trial began with the presentation of a black fixation point in the center of the screen which
remained the same for 200 ms, after which the first stimulus was presented for 50 ms being
accompanied with the fixation point in either red or green. After the disappearance of the first stimulus,
and 1200 ms of inter-stimulus interval, the second stimulus appeared with either a green or red fixation
point in the center of the screen and remained there for 50 ms. After the second stimulus, the subject
was supposed to give a response indicating whether the stimulus-accompanying fixation points were the
same color or not by pressing one of predefined keys on the keyboard. Although the subjects had to give
a response to proceed to the next trial, there was no time limit for the subjects’ responses. The colors of
the stimulus-accompanying fixation points were different in 50% of the trials. The subjects were
acquainted with the task in a training session immediately before the main task on a different set of
stimuli. The important aspect of the EEG paradigm was that it was performed in a passive format in
which the subjects’ task was irrelevant to object categorization which was to be studied in the
representational analysis (Isik et al., 2014). The reason for that choice was that, in case of categorization
tasks which have been frequently used in recent studies (Taghizadeh-Sarabi et al., 2014), the top-down
categorical (Thorpe et al., 1996) and attentional effects (Chikkerur et al., 2010; Milner 1974) could have
a huge impact on the representational space of categories with influences on the correlation (Cohen and
Maunsell, 2009), variance or the mean of activities of recorded signals (McAdams and Maunsell, 1999).
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For the same reason, we chose a short stimulus presentation time which has been shown to cause the
domination of the feed-forward mechanisms of the brain in visual processing (Hong et al., 2016).

EEG recording and preprocessing
We used a 32-channel amplifier for the EEG signal recording (eWave, produced by ScienceBeam,
http://www.sciencebeam.com/) which provided 1K sample/second of time resolution. The recorded
data was taken to Matlab (http://www.mathworks.com/) and preprocessed as follows. All the recorded
data went through the preprocessing phase and were then used in the representational analyses and in
the extraction of the parameters to feed the computational model with. The recorded signals were first
digitally band-passed filter in the range 0.1-100 Hz for DC and high-frequency noise removal, and notchfiltered at 50 Hz to avoid mains noise. To do this, we used FIR linear filters as implemented in Matlab. To
investigate the effect of high pass filtering on the time course of the signals (Widmann and Schröger,
2012), another set of analyses were performed with 1-100 Hz filters which showed no significant
changes to the signals. Muscle and eye-blink artifacts were removed from the signals using the ICA
analysis as implemented in EEGLAB (Delorme and Makeig, 2004). To reach the disturbing components in
the ICA analysis, we used ADJUST plugin (Mognon et al., 2011), which calculated several statistical
measures from the filtered signals and suggested the ICA components which passed a set of predefined
thresholds for removal. Averagely, 98.62% of the trials (5681 out of 5760 trials, s.d. = 1.3%) remained
for the following analyses after the artifact removal from all subjects. After the signal filtering and
artifact removal, we epoched the stimulus-aligned channel activities from 200 ms pre-stimulus to 800
ms post-stimulus. In order to decrease the unwanted fluctuations in the signal and reach a reasonable
time resolution we applied a 5-ms non-overlapping moving average window on the signals and
decreased the sampling rate to 200 samples per second. The chosen window was fine enough not to
lose time precision and coarse enough to avoid the non-informative parts of the signals.
The epoching and smoothing of the signals resulted in a 3-dimensional data matrix ‘X’ for each subject
with 31 rows (i.e. number of channels), 200 columns (i.e. number of samples in the -200 to +800 ms
window relative to the stimulus) and 576 layers (i.e. number of trials for a subject with no removed
trials). The values in the matrix were the measured activities on the EEG electrodes (i.e. values in
microvolts) which were either positive or negative relative to the reference electrode. To reach the
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separability results for each time point in the raw analyses (i.e. results of Fig 4 and 5), we used the
measured values from the mentioned data matrix on every time sample (i.e. every matrix column).
For the model, however, we calculated three parameters from the values in the data matrix on 10
consecutive samples (i.e. corresponding to a 50-ms window): the mean (i.e. sample mean) and the
variance of individual channels’ activity and the inter-channel correlation of time sample activities
between every possible pair of channels (465 pairs for the 31 channels) using Pearson linear correlation.
To obtain the results for the whole peri-stimulus span (i.e. -200 to 800 ms span), we then moved the
window across the time samples, obtained new parameters, fed them to the model and calculated the
resultant separability at the model’s output. More information on how the separability values were
calculated is given below.
Representational analysis
Despite the domination of the decoding methods in the extraction of information from the signals in
electrophysiological studies (Isik et al., 2014; Hong et al., 2016), we used a separability index, known as
sensitivity, for representational analysis, since it provided several key advantages to decoding. Among
them is the avoidance of any need for defining hyper-parameters in the analysis of representations such
as the train/test sampling strategy, the cross validation method, and the classifier, each of which can
bias the analysis. Another advantage is that the sensitivity will not saturate in case of totally separable
classes as it is the case in decoding. As previously mentioned, we had four categories of objects: animals,
faces, cars and planes, each of which had four exemplars (Fig 1A). On every time sample (i.e. each
column of the data matrix), to measure the separability between a sample pair of categories (e.g. animal
vs. car, each of which had 144 trials), we dedicated one point for each trial in the 31-dimensional space
(Fig 3). For instance, to find the corresponding point for the 8th trial at the +210 ms post stimulus, we
used the 31 values in all rows of the 82th column (from left to right) of the 8th layer of the matrix. The 31
dimensions referred to the recording channels (electrodes) of the EEG amplifier. After finding all the 288
points corresponding to the trials for of the first (i.e. animal) and second (i.e. car) categories, we
calculated the average response for each of those sample categories and projected all points on the
imaginary line of discrimination which passed through the two averages of the sample categories’ data
clusters (Fig 3, black crosses). This projection led to a one-dimensional distribution for the two
categories each of which had a mean and a standard deviation value which were used in the calculation
of separability as in (1):
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(1)

where

and

respectively.

are the means and the

and

are the variances of the two sample categories,

is the sensitivity and reflects the separability of the two sample categories. As the

sensitivity measured the separability between a single pair of categories, we calculated the sensitivity
between every possible pairs of the four mentioned categories (i.e. six combinations) in Fig 4B, and
reported the average of the six combinations in Fig 4A. As the separability was directly proportional to
the difference between the means of two categories and inversely proportional to the sum of the root
mean square of the standard deviations of the categories, it could measure how separately the
categories positioned relative to one another in the representational space. For the representational
analysis through time, the same procedure was repeated to calculate the separability index at every
time point. We repeated this procedure for every subject individually and plotted the across-subject
average and standard error (with shaded regions) in Fig 4. For the computational model, the same
procedure was followed, but with the data matrix

obtained from equation (2).

Computational model
We implemented a computational model to separate the contributions of the brain regions’ mean and
variance of activities and the inter-region correlations of activities in object category representation. The
model was first developed to simulate neural activities at population level (Shadlen et al., 1996). For
that purpose, in one study, the model was provided with the individual neuron’s firing rates, trial-to-trial
variance and inter-neuron correlated variability which had been measured between simultaneously
recorded pairs of neurons (Cohen and Newsome, 2008). The model then provided simulated activities
for the population which, to an acceptable extent, replicated the recorded activities. This allowed a
recent study to evaluate the contribution of each of the inputs in the representational enhancement in a
covert attention task on monkeys (Cohen and Maunsell, 2009). Here, however, as we measured the
brain activities using EEG, we adapted the model to the EEG by replacing the neurons with the EEG
channels. Moreover, as we aimed to evaluate the short-term contributions of the parameters, we fed
the model with the within-trial measures as opposed to the previous studies which used inter-trial
measures (Cohen and Newsome, 2008; Cohen and Maunsell, 2009).
The model is formulated as in (2):
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(2)
where

and

are respectively the

EEG channels, and

vectors of the mean and variance of activities from the

is calculated as in (3):
(3)

where

is a

normally distributed zero-mean random vector with unit variance, and

square root of the

correlation matrix

(i.e.

). The correlation matrix

is the

incorporates

the inter-channel correlation values calculated from the activities of every possible combination of
channel pairs (i.e. 465 combinations of channel pairs) as summarized in corresponding rows and
columns of

as shown in (4):

(4)

where
channels

(which has an equal value to
and

) indicates the correlation value calculated between

respectively. As the correlation matrix

can have several square roots depending on

the correlation values, we used the principal square root of the matrix for

, as implemented by the

Matlab function ‘sqrtm’ which used the Blocked Schur method (Deadman et al., 2013), among other
possible choices (Denman and Beavers, 1976). Finally,

provided the simulated activities for the 31

channels which resembled the experimentally measured EEG channels’ activities. For a detailed
description of the model and the differences of the original model with the current version read
(Shadlen et al., 1996).
In order to obtain the three parameters as the inputs to the model, as explained earlier, we used the
preprocessed data matrix named ‘X’ from the preprocessing section. These parameters were fed to the
model to provide a simulated data vector

which estimated the activity of the 31 channels on the same

time window as in which the parameters were calculated.

Results and Discussions
This study was aimed at clarifying the contributions of different signal attributes to object category
representations. For that purpose, ten human subjects participated in the passive EEG recording
experiment (Fig 2), and their brain representations to different object categories were analyzed. The
subjects performed the color matching task with high accuracy (mean accuracy = 94.68%, s.d. = 3.72%),
10

which was significantly above chance (p < 0.001, Wilcoxon signed-rank test). They took an average
response time of 734 ms (s.d. = 95 ms) to provide their responses. These results indicate that the
subjects were attentive and alert during the experiment.
Dynamics of category separability in the human brain
In order to ensure that the category-related information could be extracted from the brain signals by the
above-explained representational analysis method, we calculated the separability index as a function of
time for the pool of category pairs (Fig 4A) and each pair (Fig 4B) separately. For the pooled result, after
a moderate value prior to the stimulus onset, the across-pair averaged separability rose to significance
at 85 ms and showed three peaks at 110 ms, 190 ms and 265 ms post-stimulus time points. The
separability remained significant until 800 ms post-stimulus. The significance of separability was
evaluated by comparing the average separability value in the last 200 ms pre-stimulus with the
separability value at every post-stimulus time point, using Wilcoxon signed-rank test. The timing of the
appearance of category information was consistent with a large body of studies reporting the temporal
dynamics of object representations in the brain (Liu et al., 2009; Freiwald and Tsao, 2010).
We also investigated whether the calculated separability values replicated previous findings on the
temporal dynamics of different levels of object representations in the brain (Dehaqani et al., 2016) (Fig
4B). The first significant separability indices appeared for the car-face, face-plane, animal-car, animalplane, car-plane and animal-face pairs respectively at 95, 95, 100, 100, 105 and 115 ms post-stimulus
time points. These results, while confirming the previous finding on the precedence of mid-level
category representations (e.g. car-face and face-plane) to super-ordinate (e.g. animal-car and animalplane) and subordinate representations (e.g. car-plane) (Dehaqani et al., 2016), seems to be in line with
the suggestion that shape similarity, rather than the semantics, determines the separability of category
representations in the brain (Sofer et al., 2016).
These results show that the stimulus set could drive the expected category-related information in the
brain for the computational analysis. In addition, they confirmed that the separability index was capable
of extracting category information from the EEG signals which adds confidence to its suitability for the
representational analyses.
Contribution of different brain areas to category representation
In order to investigate the relative contribution of different brain regions in the generation of category
information, we measured the separability indices for individual electrodes one at a time, and
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summarized their superposition results on scalp maps (Fig 5). Several representative time points (i.e.
three of which were the peak separability time points observed in Fig 4A) were chosen to reveal the
temporal flow of information on the scalp. The separability indices have declined as they have been
computed on a single dimension rather than 31 dimensions, which was the case in Fig 4.
The occipital and parietal regions (O1, O2, Oz, P3, P4 and Poz) showed higher category information in
the 95 and 120 ms time points compared to other brain areas along with some information around the
Fz region. The contributions of the occipital areas, as the first stages in visual processing, were
previously observed by a line of studies (Gerlach, 2007). At 185 ms, however, the whole posterior,
central (Cz, Fc1 and Fc2) and frontal areas (Afz, F3, F4, Fz and Fpz) contributed to the category
separability. The category information which was observed at the parietal as well as frontal brain areas
have been recently well supported by the role of these areas in object representation (Rishel et al.,
2013; Swaminathan and Freedman, 2012) and the encoding of object variations such as position and
scale (Hoogmoed et al., 2012). The early category-related information observed at the frontal areas
raised the possibility of a preparatory object category encoding in those areas as previously suggested
by Bar et al. (2005). Interestingly, the posterior information then moved to more occipito-temporal
regions (P7 and P8) in the 220 ms window, which is consistent with many studies showing the role of
ventral visual stream in object category encoding (Hong et al., 2016; Isik et al., 2014). At 260 ms, which
corresponded to the last peak of separability (Fig 4A), the information was mainly concentrated on the
occpito-temporal, central and frontal areas of the brain which raised the potential cooperative object
and variation encoding scheme between those areas (Hoogmoed et al., 2012; Underleider and Mishkin,
1982). The category information started to decline in the following time points with lingered activities
probably for more difficult conditions (Hagen et al., 2006). The observed temporal dynamics of object
category encoding was in agreement with a large body of literature on the timing of visual processing in
the brain (Simanova et al., 2010; Daliri et al., 2012). In the following sections we will compare the
contribution of three most-studied parameters of the EEG signals in the encoding of category
information.
Peri-stimulus modulations of the contributing parameters
To contribute to the category representations, the three supposedly influential parameters of mean,
variance and correlation needed to change dynamically in response to the presented stimuli. To
investigate this, we calculated the changes of the three parameters across time in the peri-stimulus span
(Fig 6). For variance, however, we reported Fano factor or the mean-normalized variance, which is
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defined as the ratio of the variance of activity to the absolute mean, since it has been reported to
directly indicate the modulation of the representational space (Churchland et al., 2010). Yet, the results
for the variance did not reflect a different trend from that of Fano factor (data not shown).
The pooled channels’ mean activities showed a typical ERP waveform with consecutive P1, N1, P2, N2,
P3 peaks which repeated many classical ERP studies (Daliri et al., 2012; Hoogmoed et al., 2012) (Fig 6A).
A significantly (p < 0.05, Wilcoxon signed-rank test) lower mean activity for the animal category at 110
ms and a higher mean activity for the face category at 180 ms post-stimulus were among the most
notable observations. The latter replicated the P1/P170 effect which has been often associated with
face processing in the brain (Dering et al., 2011).
As for the Fano factor (Fig 6B), after a slow negative trend which lasted until 240 ms post-stimulus, it
started to rise again and approached its pre-stimulus value in the following time windows until 800 ms
post-stimulus. This means that the appearance of the stimuli decreased the non-informative fluctuations
of the recorded signals which lead to a lower noise to signal ratio (as it is measured by Fano factor
(Churchland et al., 2010)). It has been previously reported that the reduction in neural variability (i.e.
Fano factor) could enhance the representational space for stimuli, as this have been the case in many
attention-deployed cognitive processes (Cohen and Maunsell, 2009). This parameter did not reveal
many category-specific time points in its time course. The pattern of the reported Fano factor, which
most probably has never been reported on the EEG data before, resembled those reported in the single
and multi-unit neural data (Cohen and Maunsell, 2009; Churchland et al., 2010). This is interesting since
all these previous studies, as opposed to the current study which reported within-trial measurements of
variability, used the trial-to-trial variability as an aspect of neuronal representation (Cohen and
Maunsell, 2009) and as a signature of learning in EEG (McIntosh et al., 2008).
Although more fluctuating compared to the two previous parameters, the inter-channel correlation of
activities also showed a very stimulus-locked behavior with a rising trend between 105 to 265 ms which
totally damped at around 800 ms post-stimulus. Moderate increased correlations were previously
reported between neurons on different brain regions as a result of attention employment in monkeys
(Ruff and Cohen, 2016). The correlation parameter did not show any significant category-specific
signature.
In fact, none of the parameters showed significant (p < 0.05) time points of differences between all 6
category pairs. It was interesting that none of the parameters alone could repeat the separability of
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categories (see the time points indicated by diamonds in Fig 6) which was observed in Fig 4A (as
indicated by the circles in a continuous fashion). This implied that the parameters must have interacted
to provide the observed separability of categories. We then asked how much each parameter
contributed to the observed category separability, which is answered by the computational analyses of
this study.
To gain a deeper insight into the temporal dynamics of the three parameters on the brain, we measured
how the pre-stimulus values of the parameters were affected by the stimulus appearance, using a
modulation index (Fig 7). The modulation index was defined as the difference between the poststimulus and the pre-stimulus values of the corresponding parameter. The pre-stimulus window in
which the parameters were calculated was the last pre-stimulus window and had the same width as the
post-stimulus windows which were 50 ms wide. For this analysis, we chose three post-stimulus time
points in which the modulation indices were calculated. These time points were 95 ms, 185 ms and 260
ms post-stimulus, in which the separability of categories peaked (Fig 4A), as we expected to see
considerable amounts of category-related information on the scalp at those time points.
We observed a large amount of negative mean modulation at 95 ms at the central (Cz) and frontal (F3,
F4, Fz, Fc1, Fc2 and Afz) brain areas with an opposite effect at the occipital (O1, O2 and Oz) and occipitotemporal (P7 and P8) regions (Fig 7A). The positive mean modulation became more concentrated on the
parietal regions reaching the P3, P4 and Pz electrodes as the negative mean modulation vanished from
the frontal areas at 185 ms. The positive and negative mean modulations reappeared simultaneously at
260 ms with the dominance of the positive effect at the occipital and occipito-temporal regions. These
results showed that, exactly at the times which showed the highest category-related information, the
mean amplitude of the EEG channels revealed a highly bipolar behavior for the frontal and occipitoparietal regions of the brain each of which has been supported to be involved in the representation of
objects (Goddard et al., 2016). However, neither the positive nor the negative modulations of the mean
could alone explain the observed distribution of the category information on the scalp (Fig 5), as the
explanation may lie in the brain bipolarity.
The mean-normalized variance (Fano factor) showed a negative modulation with concentration on the
central and frontal (C3, C4, Fz and Afz) areas at 95 ms, an occipito-parietal (Pz, Poz, O1, O2, and Oz)
domination in 185 ms, and an anterior to central and central to posterior distribution in 260 ms (Fig 7B).
Therefore, the Fano factor alone seems to fail to explain the observed separability shown in Fig 5.
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The correlated variability between the EEG channels could be determined by the inter-channel distance
in the post-stimulus span (Fig 7C). More specifically, the correlation values were inversely proportional
to the distances between the pair of channels (r = - 0.32, p < 10-13, Pearson linear correlation). This could
already be predicted, as in the EEG, the recording channels influence one another by the skin and the
volume conductivity with decreasing effects at longer distances resulting in moderate spatial resolution
for the signals. However, as the modulation of correlations showed highly dynamical behavior in time
(Fig 6C), we predicted that these distance-correlation relationships could have been violated in many
time instances as a result of the dynamics of category-related processing in the brain. To examine this,
we gathered all the inter-channel correlation modulations in matrix format (Fig 7E). This was done for
the three representative post-stimulus time points as in Fig 7A and B, which provided interesting insights
into the brain’s inter-area cooperation. The rows and columns of the three matrices are indexed with
electrode numbers as shown in Fig 7D. Here we only highlighted the most amplified (indicated by red
boxes in Fig 7E) and declined (indicated by black boxes) correlations between channels.
In the first window (95 ms), the parieto-temporal areas at both hemispheres (electrodes 1-3 and 17-19)
showed the most notably enhanced correlations with each other, with their contra-lateral temporal
(respectively electrodes 20 and 4) and centro-frontal areas (respectively electrodes 21-24 and 5-8) as
well as with the centro-frontal areas (electrodes 25-30). The highest decline in the correlated variability
was observed between the occipital electrodes (9-12) and the parietal (13-15), temporal (4 and 20) as
well as the parieto-temporal electrodes (1-3 and 17-19). Altogether, it seems that at this time, the
occipital brain regions were processing differently from higher levels of the ventral visual stream while
the latter areas were cooperating with the frontal cortex on the same processing matters. The timing of
the different processing behavior at the occipital areas seemed to be reflecting the early processing of
visual information at the early visual cortex. Please note that the plotted results were averaged in the 50
ms window around the indicated times. Interestingly, the cooperative activities of the temporal as well
as the parieto-temporal cortex with the frontal areas have previously been reported as around the same
time for category prediction (Bar et al., 2005; Goddard et al., 2016). However, in the within-trial context,
the current study seems to be the first to report an increase of correlated variability between occipitotemporal and frontal brain areas (Fig 7E).
While becoming even more decorrelated with the parieto-temporal areas, the parieto-occipital areas
(electrodes 9-13) showed increased correlation with the whole frontal area (electrodes 6-8 and 22-30) in
the 185 ms window. Interestingly, the central occipital electrode (10) which had a negative trend of
15

correlation with almost all brain areas has become correlated with the frontal regions of the brain
showing collaborations between the anterior and posterior brain regions. This was also reflected in the
separability maps of the two windows with increased separability on the two regions (Fig 5). The results
in the last window (260 ms) resembled those in the 185 ms window, but with less correlation between
the frontal channels (electrodes 24-31) as they become involved in the task (i.e. this was reflected in Fig
5).
These results showed that, the correlated variability between the EEG channels, although affected by
the inter-channel distance, was to a greater extent determined by the cognitive processes involved in
the task. Having observed the dynamics of the changes in the three parameters, we used the
computational model to measure the contribution of the three parameters in object category encoding.
Model evaluation
To use the computational model for separating the contribution of the three parameters, we had to
make sure that the model could simulate the actually recorded activities with sufficient accuracy. To
investigate this and to understand whether the parameters were informative enough to reconstruct the
channels’ activities recorded in the experimental procedure, we measured the differences between the
actual and the simulated channel activities for all subjects. The Root-Mean-Square Error (RMSE) was
calculated for the model estimates of the actually recorded activities and showed an average of 1.3484
(s.d. = 0.2589). The estimated activities for several representative channels of a sample subject are
shown in Fig 8.
Although not perfectly at all peaks and valleys of the signals, the model was able to estimate the
activities at all presented channels with an acceptable error rate. These results showed that the model
could predict the actually recorded activities only based on the three parameters. This means that the
three parameters, as well as how they were incorporated into the model, were informative enough to
replicate the trend of the recorded signals. Yet, the observed error might be the result of other
overlooked information existing in the signals and not necessarily the inaccuracy of the model.
Therefore, the next step was to evaluate the contribution of each parameter in object representation.
Role of signal parameters in category separability as clarified by the computational model
In order to assess the contribution of each of the mentioned parameters in the representations of
objects, we used the computational model and calculated the separability index as a result of each
parameter. To do so, we considered the last pre-stimulus window as a null window in which the three
16

parameters were calculated and used as substitute parameters. For instance, to evaluate the
contribution of the mean, we replaced the variance and the correlation of channels calculated in the
post-stimulus window by their corresponding values calculated in the last pre-stimulus window, while
leaving the mean parameter intact (i.e. using its post-stimulus value). The same procedure was repeated
to calculate the effect of variance and correlation by replacing the other two parameters with their prestimulus values each time. We also measured the contribution of every possible pairs of parameters in
the representational space by keeping the pair of parameters and replacing the other parameter by its
pre-stimulus value. Altogether, we had eight conditions for the two time windows (pre- and poststimulus windows) for all combinations of the three parameters (Fig 9). The pre-stimulus window had
the same time width as the post-stimulus windows (i.e. here 50 ms) and was always the last time
window before the stimulus onset (i.e. here -50 ms to 0).
We calculated the separability indices for all post-stimulus windows in all 8 conditions (Fig 9A). Results
of Fig 9A showed significantly (p < 0.01) higher contribution in the object category representation for
the mean of activities (i.e. compare conditions 1 and 2 with 3 and 4, and 5 and 6 with 7 and 8),
significant (p < 0.05) but moderate contribution for the variance (i.e. compare the even and odd
conditions) and insignificant (p > 0.1) contribution for the correlation of activities (i.e. compare
conditions 1, 3 and 4 with 5, 7 and 8). However, for the sake of brevity, we showed the results of a few
critical time points in which either the three parameters changed their trends or the categories showed
highly separable clusters based on one of the parameters (e.g. these points were indicated with
diamonds in Fig 6). The results of these critical post-stimulus time points which included 95, 120, 185,
260, 340, 400, 510 and 570 ms are shown in Fig 9B. The pooled results were also reflected in the
representative critical time points with the dominance of mean activity, moderate contribution for the
variance and insignificant negative contribution for the correlation of activities (Fig 9B).
The percentages of contribution to category-encoding were finally calculated for the mean of activity, as
well as independent variability and correlated (as measured by correlation) variability (Fig 10A). It
should be noted that the variance measured the variations which were observed on a single channel.
However, this variability could be a result of variability in the channel’s activity, the shared variability
between the channel and other channels or a combination of both. As the correlation measured the
shared variability (i.e. the inter-channel variability), we determined the contribution of the independent
variability by removing the contribution of shared variability from the contribution of the variance. This
resulted in contributions of 88.09%, 10.40% and 0.59% respectively for the mean of activities,
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independent and correlated variability (all of which were significantly different from one another, p <
0.01, Wilcoxon signed-rank test). In order to calculate the contribution of a parameter, the difference of
the separability indices between the conditions in which the parameter was present and the conditions
in which it was absent was calculated and then normalized between the first and the eighth conditions
which were respectively considered the 100% and 0% contribution boundaries. These results indicated
that the mean of activity at different brain areas played a significantly more important role in the
representation of objects compared to the independent or dependent variability.
These results, while reappraised the role of mean activity as a substrate for neural encoding, as it is used
in the classical ERP analyses, cast doubt on the previously-suggested usefulness of time-correlations in
the representation of object categories (Majima et al., 2014). This discrepancy can be explained in light
of several methodological differences between this previous study and ours. First, as we aimed to
evaluate the rapid object processing, we presented the stimuli for only 50 ms while the presentation
time was 300 ms in the previous study (Majima et al., 2014). This could have lowered the impact of
correlations on the category encoding, as it is a time-dependent parameter. Yet, we re-ran the whole
computational analyses, with correlations (and the other parameters) calculated on 300-ms windows
(also on 100, 150, 200 and 250 ms), which showed no significant changes in the results (data not
shown). Second, as the signals used in the previous study were obtained from an expectedly higher
spatial resolution setup (ECoG) and with concentration on the IT cortex (i.e. which is a limited area with
the highest category selectivity on the brain), they could have presented more category-specific
correlations. On the other hand, that setup missed a wider range of cross-area correlations which were
observed in the current study (Fig 7E) which replicated the increase previously reported by Ruff and
Cohen, (2016). Third, as opposed to the power and phase features, we used the independent channel
variability and activities each of which could have outperformed the correlation feature used by Majima
et al. (2014), if used in the same context. Finally, the computational methodology we used here was
basically different from the decoding procedure used in (Majima et al., 2014). This methodology allowed
us to reconstruct the channel activities of the actual experiment with high accuracy and evaluate the
resultant representational space using a simple representational analysis rather than applying a rigorous
classifier (SVM) on a set of extracted correlation values.
Observing these results, we next asked whether the contributions of the three parameters could alter if
they had been modulated to different extents. As it was shown in Fig 6, upon the appearance of the
stimulus, the three parameters experienced different levels of modulation, with the modulation being as
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high as 421% for the mean activity and as low as 6.32% for the correlation and -24.76% for the variance
of activities in the parameters’ peaks. Therefore, it raised the possibility that the two less important
parameters (variance and correlation) could contribute more to the category encoding if they had been
modulated as much as the mean of activity. To test this hypothesis, we multiplied the modulations of
the three parameters by different scaling factors before feeding them to the model and recalculated the
separability indices at the output of the model for conditions 4, 6 and 7 (Fig 10B). The resultant category
separability showed dependence on the level of the three parameters. However, this dependence was
significantly higher for the mean of activities compared to the other parameters. The correlation
moderately reduced the separability in inverse proportion to the scaling factors as opposed to the other
parameters which improved the separability almost an order of magnitude at the highest scaling factors.
This showed that the level of modulation of the parameters could determine their contribution to the
representational space.
In order to compare the impact of the three parameters in case of equal modulations, in each of the
three runs of the model (for conditions 4, 6 and 7), we rescaled the other two parameters (by scaling
factors) to reach the experimentally measured modulation of the other parameter and finally averaged
the results of the three runs (Fig 10C). Results showed that, in case of equal modulations for the three
parameters, the mean, independent and the correlated variability would contribute to the category
representations as much as 18.18%, 60.25% and -18.53%, respectively. This first implies that, potentially
all of the measured parameters could have positive (e.g. mean and independent variability) or negative
(e.g. correlated variability) impacts on the representational space of categories which is captured by the
computational model. Second, these results suggested that independent variability, could have taken
the role of mean of activity if it had been equally modulated. Moreover, it showed that any increase in
correlated variability (i.e. the correlation was increased in the two other cases to reach the modulation
level equal to the other two parameters) could significantly deteriorate its impact in representational
enhancement. Therefore, there seems to be a reason for the observed levels of modulation of the three
parameters. As it was shown in Fig 10B, lower levels of variance (as indicated by increased scaling factor)
could result in higher separability between categories. However, as the variance of activities is mostly
suppressed in large population of neurons, the brain must have dedicated many more neurons to the
task (Cohen and Maunsell, 2009). Moreover, to increase as much separability that can be achieved by
very small modulations of the mean, the correlation needed to increase many orders of magnitude.
Therefore, the brain seems to reflect the category information in an optimum dimension of the signals.
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Next we asked whether the three parameters contributed differently to the encoding of categoryorthogonal variations (Hong et al., 2016). In other words, we hypothized that the variability of activities
in neural populations might have carried information regarding other aspects of object recognition such
as variations. To evaluate this, instead of category information, for each variation in the dataset, we
calculated the separability of the conditions in that variation. This included three conditions for each
variation as shown in Fig 1B, between which the separability index was measured (3 combinations of
pairs) disregarding the categorical classifications of the constituent stimuli. The average contributions
for the mean, independent variability and correlated variability were 90.28%, 9.42% and 0.19%,
respectively (Fig 10D), which showed no significant differences between variations. More importantly,
the variation-encoding results did not show any different roles for the three parameters from those
obtained for categories. This implies that, as for the category, the mean activity plays a much dominant
role in the representation of variations, compared to the independent variability and correlated
variability. Yet, a neural-level recording experiment seems to be needed to address this problem more
conclusively.

Conclusion
The object decoding methodology along with the computational model used in this study revealed
significant contribution (88.09%) from the mean signal activity, moderate contribution (10.40%) from
independent signal variability and insignificant contribution (0.59%) from dependent signal variability in
object category encoding in the brain. These results suggest that, in invariant object encoding (i.e. object
encoding under variations), the average activity of neurons/neural populations provides one of the most
probable dimensions of neural codes from which the category information can be extracted, while other
dimensions (such as independent/dependent variability) may play complementary roles in the
enhancement of object representations in situations such as in attention-deployed recognition tasks.
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Fig 1. The image set. (A), Rows show animal, car, face and plane categories and their constituent
exemplars. The exemplar images are chosen from the frontal light source condition. (B), The conditions
that each category exemplar in (A) underwent (here only the conditions for the first animal exemplar are
shown). Exemplar images, in lighting and pose variations, are shown larger than used in experiments for
better illustration. Rows from top show lighting, pose, size and position conditions, respectively.
Information about each condition is provided below it.

Fig 2. Experimental paradigm. After a 200-ms fixation point, two consecutive visual stimuli were
presented for 50 ms with 1200 ms of inter-stimulus interval. After the second stimulus, the subject was
supposed to indicate if the stimulus-accompanying fixation points had different colors or not.

Fig 3. Procedure for calculating the separability of categories. A point was dedicated to the responses
of the 31 EEG channels as evoked by each stimulus (i.e. here only responses of two channels are shown).
Then the points are projected on the line connecting the mean of the two categories data clusters (as
shown by crosses). The separability of two sample categories is then measured in units of d’ using
equation (1).

Fig 4. Category separability as a function of time. (A), the averaged separability for all pairs of
categories. (B), the separability for different pairs of categories shown in different colors. The shaded
error regions show the standard error across the 10 subjects. The circles indicate the time points at
which the corresponding separability value was significantly (p < 0.5, Wilcoxon signed-rank test) above
the average separability value in the last 200 ms pre-stimulus window (as shown by the horizontal
dashed lines). The vertical dashed lines indicate the time of the stimulus onset.

Fig 5. The dynamics of category separability on the scalp. In order to reach these plots, the separability
index was calculated on the signals from individual channels and the final maps were constructed by the
superposition of the individual electrodes at several representative time points.

Fig 6. The dynamical behavior of the three parameters under study. The mean (A) and Fano factor (B)
of single channel activities as well as the inter-channel correlations (C) are plotted as a function of time
for each category. To reach these plots, the parameters were calculated in 50 ms moving windows.
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Therefore, the result at each time point shows the parameters calculated in the -25 to +25 ms relative to
that time point. Results of (A) and (B) are averaged across the channels and the results of (C) are
averaged across all channel combinations (i.e. 465 combinations). The shaded areas show the standard
error across subjects. The circles indicate the time points in which the corresponding parameter was
significantly (p < 0.5, Wilcoxon signed-rank test) above the average parameter value in the last 200 ms
pre-stimulus window (as shown with the horizontal dashed line). The diamonds indicate the time points
at which at least one category showed significantly different parameters from the other three
categories.

Fig 7. Modulation of parameters relative to their pre-stimulus values. (A), The scalp maps showing the
modulation of the mean of activities at three peak separability time points. (B), The same as in (A), but
for the mean-normalized variance (Fano factor) of activities. (C), The relationship between inter-channel
distance (465 pairs) and their time correlations which were averaged in the whole post-stimulus span.
(D), The channel numbers and their positions used in the correlation matrices in (E). (E), The interchannel matrices of correlation modulations for the peak time points of the separability indicated shown
in Fig 4A.

Fig 8. Model’s accuracy at estimating the experimentally recorded activities at several candidate
channels for a sample subject. The plots show the channel activities which are averaged across
categories and trials. The Root-Mean-Square Error (RMSE) is shown for each channel. The channels were
selected so since they provided a sub-sample of different areas of the scalp.
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Fig 10. Contribution of the mean, independent and dependent variability to the representational
space. (A), The percentage of contribution for each parameter. (B), The changes of separability as a
function of different levels of modulation of the three parameters. To reach these plots, we multiplied
the levels of modulations which were obtained from the experiment by different scaling factors. (C), The
same as (A), but for when the modulation levels were rescaled to match between the three parameters.
The stars indicate significant differences (p < 0.01, as evaluated by Wilcoxon signed-rank). (D), The
contribution of the three parameters to the representation of different variations.
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Highlights of the research “Average activity, but not variability, is the dominant factor in the
representation of object categories” by Hamid Karimi-Rouzbahani et al.






Within-trial variability of neural activities provide information regarding object categories
The mean of activities plays a significant role in category encoding in the brain
The independent variability, although effective, contribute only moderately to the category
representation
The correlated variability between the EEG channels has an ignorable effect on the
representations
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