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Abstract: In the last decade there has been significant growth in the interest and application of using
EEG (electroencephalography) outside of laboratory as well as in medical and clinical settings, for
more ecological and mobile applications. However, for now such applications have mainly included
military, educational, cognitive enhancement, and consumer-based games. Given the monetary
and ecological advantages, consumer-grade EEG devices such as the Emotiv EPOC have emerged,
however consumer-grade devices make certain compromises of data quality in order to become
affordable and easy to use. The goal of this study was to investigate the reliability and accuracy
of EPOC as compared to a research-grade device, Brainvision. To this end, we collected data from
participants using both devices during three distinct cognitive tasks designed to elicit changes in
arousal, valence, and cognitive load: namely, Affective Norms for English Words, International
Affective Picture System, and the n-Back task. Our design and analytical strategies followed an
ideographic person-level approach (electrode-wise analysis of vincentized repeated measures). We
aimed to assess how well the Emotiv could differentiate between mental states using an Event-Related
Band Power approach and EEG features such as amplitude and power, as compared to Brainvision.
The Emotiv device was able to differentiate mental states during these tasks to some degree, however
it was generally poorer than Brainvision, with smaller effect sizes. The Emotiv may be used with
reasonable reliability and accuracy in ecological settings and in some clinical contexts (for example,
for training professionals), however Brainvision or other, equivalent research-grade devices are still
recommended for laboratory or medical based applications.

Keywords: Emotiv EPOC; brainvision; brain-computer interface BCI; reliability; accuracy; arousal;
valence; mental load; consumer-grade EEG; research-grade EEG

1. Introduction
1.1. Emotiv EPOC Wireless EEG Device in Context: Current Research and Applications

Since its inception, the field of electroencephalography (EEG) and its potential uses
have developed considerably. In laboratory research settings, EEG has been used exten-
sively for cognitive neuroscience research, and in medical settings, it is considered the most
robust method of diagnosing seizures and epilepsy [1,2]. In the last decade, however, there
has been significant growth in the interest and application of using EEG outside of the
laboratory and medical settings [3]. EEG has become the most widely used neuroimaging
technique for brain-computer interfaces (BCI). Some of these extended uses of EEG include
military operations such as controlling weapons or drones [4-8], educational classroom
applications such as monitoring student’s attention/other mental states or helping them
engage with material [9-13], cognitive enhancement such as increasing cognitive load or
focus [12,14,15], and consumer based games such as computer games or physical toys
controlled via brain waves [2,15-19].
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One challenge in developing outside lab EEG applications, however, is that traditional
research- and medical-grade EEG devices are costly (~US$50,000+), typically stationary,
fully wired, and time consuming to properly set up, in that electrode application may
typically take 30-60 min depending on the type and number of wet (gel-based) sensors [3].
For example, one research-grade EEG device is the Brainvision EEG headset. Its most
typical configuration includes 32 channels and must be connected by wires to an amplifier,
a computer, and a monitor, for data input and analysis. Its electrodes require the use of
electro-conductive gel prior to the experiment, which allows it to minimize impedance and
be more sensitive to the electrical activity produced by the brain. While these factors are a
strength of Brainvision in regard to the accuracy and reliability of data collection, they can
also be interpreted as limitations in other capacities. For instance, all of these factors make
using traditional EEG challenging in more ecological settings (i.e., educational and training
health settings). In response to these challenges, over the last decade or so, wearable,
portable, cost-efficient EEG headsets have been developed [3]. To date, the most recent and
exhaustive review of consumer grade EEG devices impressively covering applications in
cognition, brain computer interfaces, education research, and game development has been
published by Sawangjai et al. [20]. Their review dealt primarily with the validity associated
with the wireless EEG devices, that is, with the issues related to whether what was measured
by wireless consumer-grade devices reflected the same constructs (for example the same
EEG or/and ERP components or signatures) or the same entities/features intended to
be identified and measured as the ones traditionally obtained with research-grade EEG
devices. However, Sawangjai et al. did not explicitly differentiate issues of validity from
those of reliability, therefore, their assessment did not adequately address related issues of
personalization, these are the central objective and contribution of our work.

A commercial consumer-gradedevice that emerged in response to the limiting factors
associated with stationary research-grade systems was the Emotiv EPOC. The EPOC head-
set is much more affordable; as of fall 2021, the newer 14-channel version of the Emotiv
EPOC (now called the Emotiv EPOC X) can be purchased for less than US $1000. These
headsets boast much quicker and easier installation and removal times of 3-5 min, in
addition to being wireless. This device also has low weight and a battery life of up to
12 hours. Such devices have the advantage of being more user and consumer-friendly mak-
ing them well-suited for situations where ergonomics and patient or participant movement
is involved; as well as situations where scalability is of interest (e.g., having 30 students in
a classroom all wearing an Emotiv, which would be highly impractical using a research
device like Brainvision). Crucially, what set EPOC apart from the other available com-
mercial devices is that at the time of its release it had one of the largest set of wireless
electrodes, making it comparable to the electrode set sizes used in a significant part of
literature representing research with traditional laboratory wired EEG equipment.

Although there are some clear advantages to using a device like the Emotiv head-
sets in consumer/ecological and in some clinical settings, it does not come without its
own challenges. Consumer grade EEG devices typically compromise data resolution for
shorter setup time, affordability, and portability [21-26]. Since portable headsets have less
electrodes and channels than standard research-grade EEGs, scalp coverage and spatial
resolution decrease [27]. The use of dry electrodes can also pose a problem as impedance
can hinder the detection of electrical activity and lead to lower data values. This can be
mitigated by using saline solution, but its effect is minimal compared to electro-conductive
gel [24]. Overall, concerns around portable EEGs are centred on the accuracy and reliability
of their data as compared to standard, research-grade EEGs.

There is an important growing body of scientific literature investigating the Emotiv
under different conditions utilizing various EEG signatures such as the P300 [24] which has
demonstrated its poor reliability /accuracy compared to research-grade devices. However,
other studies have demonstrated that EPOC can accurately detect P300 and N200 [26,27].
That said, the study from Barham et al. (2017) utilized a modified Emotiv with electrodes
that had been upgraded to research-grade quality [26] which may have played a significant
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role in the success of the Emotiv application. Another study from Badcock et al. (2015) [28]
further demonstrated that the morphology of EEG signals such as the P1, N1, P2, N2,
and P3 were highly correlated between the Emotiv and research-grade Neuroscan system;
however there were some differences in the amplitude of the signal. Needless to say, there
remains a disparity in the literature which requires more research to be done to elucidate
the truth about the Emotiv. There are so many factors that may influence the success of an
Emotiv application: Notably, the study by Duvinage et al. (2012) [24] which reported poor
quality of the Emotiv for detecting P300 utilized a visual odd-ball paradigm, whereas the
studies that were more successful [26-28] utilized auditory odd-ball paradigms. Therefore,
the modality of the task used to elicit the EEG signal may play an important role. However,
a more recent study from Fouad (2021) [29] was able to successfully capture and utilize
subject’s P300 signal with reasonable accuracy for a brain-computer interface speller (a
visual paradigm) when combined with machine learning such as support vector machines.

A critical emerging issue related to wireless portable EEG devices such as EPOC is
the application to personalized healthcare [30]. Personalization implies that the quality
of repeated measurements of desired EEG features have an acceptable to optimal level
of precision or reliability (i.e., measurement or instrumental precision) at the level of an
individual (i.e., the so-called “N-of-1") (see [31]). Although a dominant mainstream view
is that some aspects of the classification and processing of the signal are deemed to be
handled by the integration with machine learning on the basis of massive iterative training
applied to large within subject repeated measures, the latter types of approaches are no
substitutes for the quality of EEG signal acquisition from the individual subject, that is,
they do not directly address the possible problems associated with weak measurement at
the individual level. Therefore, the issues partly require approaches and techniques that
address small-N or N-of-1 experimental designs, and neither can be only solved with the
current mainstream data mining science based on large samples nor with parametrization
referenced to a population distribution (see [31]).

The issues in EEG personalization largely overlap with the current debate in the
multidisciplinary field of measurement which contrasts the idiographic person-oriented
approach [32,33] versus the nomothetic population distribution referenced approach (for
extensive overview and review and discussion within the context of psychological and
brain sciences see [34]). Personalized predictions can only be made based on prior data
from the individual for whom a prediction is to be made (idiographic data) and not with
aggregated data from other individuals (nomothetic data) [35]. This is an implication from
the classic ergodicity theorems [36], from which it follows that intra-individual (within
subjects) variation (IAV) is equivalent to inter-individual (between subjects) variation
(IEV), that is, they are ergodic, only if IAV is homogeneous in time, that is, if there are no
fluctuations, trends or other types of time-dependent changes in the IAV time series). If the
structure of IAV is heterogeneous, then it can no longer be examined by switching to the IEV
perspective—as in most of the approaches relying on population distributions—because
the two types of variations are incommensurable. In terms of relevance for neurocognitive
processes pertinent to EEG, the non-ergodic implications also apply to functional brain
connectivity [37,38] and the underlying dynamics of neural networks (e.g., see [39]).

Thus, employing small-N designs that focus on the individual participant as the
replication unit and the control of him/herself is a sound alternative or/and supplementary tool
to assess the precision of personalization EEG devices for the measurement of individual
mental states. Indeed, there are alternative approaches that derive and conform to the
tradition of behavioral [40] and psychophysical [31,41] experimental designs. One is
the numerical method known as Vincentization or Vincentized average [40], in which
data from small samples (N = 3-5) are binned so that the derived distribution reflects
approximately the same shape as each individual, and a second approach is the item-wise
(or by-item) analysis approach [42] in which the dependent variable is aggregated across
subjects for a particular item (i.e., stimulus or channel) and consequently the item becomes
the unit or case which the statistics is applied to, usually requiring a completely nested
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within-subjects design. These two methods are complementary and when used together
(i.e., item-wise analysis of vincentized data) they offer the opportunity to integrate intra-
individual and inter-individual / group variability by empirically constraining or restricting
the range of heterogeneity of the combined variance, so that variability can be assumed to be
reasonably ergodic.

In summary, there seems to be some disparity in the literature regarding the reliability,
reproducibility, and accuracy of the Emotiv EPOC headset. Moreover, the literature is
specifically lacking in studies investigating other characteristics of the EEG signal such as
power and amplitude. The literature is also lacking in studies investigating the precision
of EEG features related to a wider variety of mental states such as arousal, valence, and
mental load. Most important, so far there have been only a handful of studies (reviewed
above) which compared measurements collected from the same subjects, serving as controls
of themselves, and done on both consumer-grade EPOC Emotiv and research-grade devices.

To start filling some of the gaps in the literature we here report a preliminary empirical
study assessing the precision of the Emotiv EPOC consumer device, with a particular eye
to implications for EEG personalization. That is, the empirical question we address here
is one of reliability or precision: can EEG signal measured with EPOC from an individual A,
while he/she is in a defined psychological state X, consistently replicate the EEG signal from the same
individual A in the same psychological state X when measured with a stationary traditional device
such as Brainvision assumed as the “gold standard”. This is independent from the validity
question, that is, whether the EEG signal measured with both types of EEG devices from A
can be validly classified as a correlate of the same state X in the general population.

1.2. The Present Study

The present study aimed at investigating the accuracy and reliability of consumer-
grade portable and wireless EEG as compared to standard, wired research-grade EEG,
using the Emotiv EPOC 14-channel headset and the Brainvision 32-channel headset. While,
as already mentioned, there are many empirical studies and exhaustive reviews which have
focused on addressing the validity of wireless consumer-grade EEG devices including Emo-
tiv EPOC, few have directly addressed the issue of reliability of measurement, independent
of the content-validity of the measurement; among the latter small literature, even fewer
have compared EEG features in data collected from the same subjects using both types of
devices, that is, using a repeated measures (i.e., within-subject sample-matching) design.

Accordingly, to advance current research in the field, the present study contributed
a novel approach for the direct assessment of the reliability and accuracy of wireless
consumer-grade EEG devices, using as paradigmatic example case Emotiv EPOC. Specifi-
cally, we investigated the features of EEG power and amplitude measurements for specific
frequency bands of matched electrodes (the 14 channels these headsets share are AF3 (FP1),
F7,F3, FC5, T7, P7, 01, O2, P8, T8, FC6, F4, F8 and AF4 (FP2)) between the Emotiv device
and the Brainvision device during different mental states in the same participants. In the
next sections, we describe the EEG features and the level of psychological states considered.

1.2.1. EEG Features: Event-Related Band Power and Amplitude

Typically, a clear separation is made between the analysis of the EEG in the frequency
domain (Spectral analysis; measurements: power, coherence, phase, etc.) and the analysis
of the EEG in the time domain, whose most common form is the Event-Related Potentials
(ERPs), obtained by averaging activity associated with events of the same nature (reported
measurements: amplitude, latency, topography).

However, most recently, hybrid approaches have also been devised in which time
and frequency domain EEG features are examined as covariates (for example see [43-46]),
particularly, to investigate spectral changes associated with stimulus or task time-course,
as opposed to resting brain activity. In line with these approaches, in the present study we
focused on two EEG event-locked or task-related features: Event-related band frequency
amplitude and power. As described by Klimesch [47], the event-related amplitude is the
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‘magnitude’ of an oscillation, reflecting the distance between the maximal positive- and
negative-going points (phase) of an oscillatory cycle. The related feature of power is the
under-the-curve integral of the event-related amplitude response (to a stimulus and/or
task) within the entire frequency band during a test period.

1.2.2. Definition of Low vs. High Mental States

Three distinct psychological tasks were used which involve emotional and cognitive
processes and have been designed and validated to elicit varying levels of arousal, valence,
and mental load: Affective Norms for English Words (ANEW), International Affective
Picture System (IAPS), and the n-Back task. These tasks were selected because they demon-
strated reasonable validity in distinguishing a relative difference in low as opposed to
high psychological states as defined by the subjective self-ratings of the participants and as
reflected by the state-dependent changes in EEG correlated with those low vs high levels.

ANEW is a set of 1034 English-language words associated with emotional values [48].
This dataset was made to complement the IAPS database described below [49,50] to assess
attentional and emotional processing in the auditory and verbal/linguistic domains. The
words are assessed by self-ratings based on arousal, which goes from calm to excited, and
valence, which ranges from unpleasant to pleasant. For example, “war” would evoke high
arousal and low valence since it is stressful and displeasing, while “rollercoaster” would
evoke high arousal and high valence due to its mostly pleasant and exciting nature [49].
Low level as opposed to high level of word arousal and valence has been previously
demonstrated to alter cortical activity in ways measurable by EEG [51].

The IAPS is a repository of 956 photos chosen to be standardized visual stimuli in
experiments of emotion and attention. Just like the ANEW system, the photos are chosen
based on their ability to cause emotions and are primarily classified using valence and
arousal [52]. Photos can also be rated based on dominance, but the latter variable was not
considered in this study. Similarly to the ANEW, this task can create noticeable differences
in EEG in relation to changes from low as compared to high levels of arousal and valence,
as previous experiments have been able to detect such differences in brain activity during
image processing, depending on pleasantness and unpleasantness [53].

The n-Back task was initially designed to include up to three items [54], and then
upgraded to six items [55]. In this task, the participant is exposed to a stream of stimuli and
must indicate whether the current stimuli matches the one # trials before [56]. For example,
in a 1-back task, participants must indicate whether or not each letter matches the one right
before; in a 3-back task, participants must indicate whether or not each letter matches the
one 3 letters before; etc. The change in attention from low as opposed to high cognitive or
mental load required for this task can be detected by EEG [57].

1.2.3. Hypothesis and Predictions

Our default working hypothesis was that the wireless consumer-grade device we considered
(Emotiv EPOC) should perform as accurately as the selected gold standard stationary device
(Brainvision). Consequently, we predicted that the low as compared to the high levels
in mental psychological states—as defined by psychological self-report in the ANEW
(arousal), IAPS (valence) and n-Back (cognitive load)—should show similar within-person
and homogeneous-group (i.e., vincentized) patterns of relative differences/changes between
the corresponding EEG features (amplitude and power) associated with each respective
level (i.e., low vs. high mental state). These patterns of changes should occur across all
homologous pairs of compared electrodes in both types of devices. Thus, to the extent in
which this default prediction would be supported for all, or some of, those psychological
states, it would provide an assessment of the degree of reliability of the wireless consumer-
grade device.
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2. Materials and Methods
2.1. Sample and Data Re-Analysis Approach

The data utilized in this study was derived from a previous study by the same au-
thors [20] which investigated global averages of EEG power across the scalp comparing
EEG signal pooled across all electrodes (14 for EPOC vs. 32 for Brainvision). The database
used repeated long recording session samples from “professional observers” in the span
of 48 hours. Participants were three healthy university graduate students (mean age
24.66 years old). They all gave verbal consent to participate and waived the requirement of
signed consent. The study was part of a grant funded pilot project which was retrospec-
tively assessed and approved by Carleton University Institutional Research Ethics Board
(section Human Subjects) under the regulation set by the Canadian Tri-Council [58].

All participants were right-handed males with corrected-to-normal or normal vision,
and none reported any history of neurological impairment or were currently using psy-
choactive medications. The average number of hours of sleep on the previous night was
7.5 h. Testing was conducted from 10 a.m. to 4 p.m. with a one-hour break in between
on two separate days. The pre-experimental short adult version of the mood and feelings
questionnaire [5] was administered by an independent research assistant unaware of the
hypotheses and goals of the study to screen for mood differences or emotional changes
before the experimental sessions between days. No remarkable differences were reported as
all participants scored similarly (overall score range: 3-5) in the two days and consistently
well below the recommended clinical cut-off (possible maximum = 26; clinical cut-off > 11).

Prior to the experiment, all participants gained familiarity with the actual stimuli and
conditions of the tasks during several study sessions, since they were involved in selecting
the stimuli and the conditions, they designed the computer programs for the tasks, and
they test piloted the delivery and the performance of the task computer programs and the
instrumentation. Since all these activities involved extensive exposure and practice over
time, it can be assumed the materials of the tasks were overlearned and practice effects,
particularly due to the order in which the devices were used, were washed away. This
compensated for lack of counterbalancing due to small sample.

The present study utilized a different analytical strategy going beyond global EEG
patterns, to focus specifically on the accuracy and reliability of different EEG signals at elec-
trode sites matched between the two devices; these present analyses and results are novel
unpublished findings. Thus, the unit of analysis, or “subjects” were the 14 EEG electrodes.
This type of within-subject approach is usually traditionally known as by-item or item-wise
analysis [42,59] or, in keeping with EEG terminology, an electrode-wise analysis.

The item-wise approach corresponds to a random effects model on the items, and a
fixed-effects model on subjects. Therefore, the effects from statistical tests can be generalized
to new items and task from the same subjects but cannot be used to make a reliable
prediction for new subjects that would be generalized to the population [60]. The mean-
wise group approach is ordinarily used to obtain the highest possible effect. In contrast, the
item-wise approach centers around the pursuit of replicable effects based on weak but stable
interindividual correlation coefficients, that is, on relatively homogeneous intraindividual
variance. The weak correlation for an item is generally due to excessive interindividual
noise. To reduce such noise heterogeneity, in our study the participants’ data were first
vincentized, that is, they were partitioned according to time-series bins with same data
density per interval of time by averaging the participants” quantile functions, as previously
done by D’Angiulli et al. (2020) [61]. Successively, bin-by-bin means were estimated for
each electrode (i.e., across participants). This procedure insured the definition of group
quantiles from which a reliable distribution function could be constructed for the data from
each electrode even with N = 3 (see [62]). In essence and more simply, the outcome of
the vincentization procedure is obtaining an average distribution that reflects closely the
distribution of each individual subject, and as mentioned this optimizes ergodicity in the
data. It is of critical importance to point out here that the statistical tests of accuracy were
applied to the repeated measures linked with the set of electrodes, hence, the size of the
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study coincides with the size of the repeated measurements (N = 14) not the actual sample
size (number of participants).

In sum, we used an approach through which, by combining electrode-wise and
vincentization techniques, we obtained a completely nested within-subject design which
tends to homogenize (i.e., limit heterogeneity of) the combined inter- and intraindividual
variance. The latter set up therefore permits to draw inferences more confidently at the
idiographic or individual person prediction level, which ultimately is the purpose of the
main applications of consumer-grade devices such as EPOC.

2.2. Electrophysiological Measures

The portable consumer grade device used in this study was the 14-electrode Emotiv
EPOC. The research grade device used in this study was the 32-electrode Brainvision
system. EPOC was utilized first followed by Brainvision.

For the Brainvision actiCHamp,EEG activity was first amplified and then sampled at
1 kHz. An online bandpass filter from 1 to 100 Hz was applied. During offline processing,
the Brainvision data was downsampled using EEGLAB [63] to 128 Hz to make it compatible
with the EPOC sampling rate.

For the EPOC, EEG signals were initially preprocessed as specified by the manufacturer
were high-pass filtered with a 0.16 Hz cut-off, pre-amplified and low-pass filtered at an
83 Hz cut-off. The data were then digitized at 2048 Hz. The digitized signal was further
filtered using a 5th-order sinc notch filter, and down-sampled to 128 Hz following standard
practices used within the community of users (for example, see [64]).

For both systems, the average offline EEG signal was subtracted from each electrode for
each time point (offline re-referencing to a common mean reference). The offline averaging
was done in a way that allowed separate averages for the Event-Related Band Potentials
(ERBPs) in each experimental condition (such as the different tasks described below in
Sections 2.3 and 2.4) and stimulus type for electrodes with epochs ranging from —200 ms
pre-stimulus to 1000ms post-stimulus. The trials where excessive peak-to-peak deflection
occurred at non-ocular electrode placements were considered contaminated and excluded
from the averages. Following artefact correction and removal, less than 15% of trials
were rejected.

To extract the EEG features, we applied the Fast Fourier Transform (FFT) algorithm to
transform time recordings into frequency recordings in order to compute the continuous
input EEG data for each condition. We tabulated and computed the total spectral content
of the electrical activity of each electrode, using a —1024 to 1024 ms time window. We
computed FFTs for each participant on a grand average for each condition (high arousal,
low arousal, high valence, low valence) on both the ANEW and IAPS tasks, and low and
high load for the two versions of the n-Back task. FFT computation was performed through
the BESA spectral analysis pipeline (http:/ /wiki.besa.de/index.php?title=BESA_Research_
Spectral_Analysis, accessed on 20 May 2022). The FFT was applied to the marked regions
of the blocked data windows to examine the frequency content of the signal. FFTs were
normalized and the frequency power and amplitude bands from 1-50 Hz were exported
for further analysis (FFT was viewed as amplitude and power in frequency bands, and
the tabulated results were saved in ASCII data files). The power Band frequencies were
defined as follows: Delta (1.0 Hz—4.0 Hz), Theta (4.0 Hz-8.0 Hz), Alpha (8.0 Hz-14.0 Hz),
Beta (14.0 Hz-30.0 Hz), Gamma (30.0 Hz-50.0 Hz).

2.3. IAPS and ANEW Procedures

The order in which the three observers carried out the tasks were respectively:
(1) ANEW, IAPS, n-Back; (2) n-Back, IAPS, ANEW; (3) IAPS, n-Back, ANEW.

Participants were informed by pre-set computer cues of the expectations for each task,
such as whether pictures, words, or letters would be presented and which items required a
response. Participants were one meter away from the computer screen where the stimuli
were presented. The researcher stood two meters behind the participant and offered verbal
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instructions. Participants were primed with instructions to experience emotional connection
with every presented image or word. Participants viewed every presented image/word for
five seconds during a period of 10 min. After each block, participants were allowed a break
for as long as required, which generally lasted five minutes (this was consistent between
the testing completed with EPOC and the testing completed with Brainvision). During
these breaks we checked electrode contact and stability of measurement. The stability of
EEG signal from Brainvision was checked and maintained by monitoring the impedance of
active electrodes and ensuring that it was kept below 5kOhms; this was also facilitated by
the use of electrogel. The stability of EEG signal from EPOC was maintained by removing
the device after each task and reapplying saline solution. Head positions were re-measured
to maintain consistency between electrode placements each time the device was replaced
on the head.

In total, 50 images/words were randomly presented to participants, with a break after
the 25th and 50th image /word. After participants confirmed readiness, the experimenter
launched the stimulus presentation program. Stimulus presentation began with a cen-
tral cross fix for 200 ms to help participants focus their gaze and reduce eye movements.
After this, image/word presentation occurred for 4500 ms, followed by a 1300 ms delay
before the presentation of the cross fix. Images were based on scores of the standardized
IAPS/ANEW scale; they were designated as extremely high or low arousal in a block, and
extremely high or low valence in another block. Blocks were sets of 50 image /word presen-
tations. Participants were told to stay still while viewing images/words. Images filled a
48.3 cm (19”) monitor with a 1024 x 768 pixel resolution, while letters had a font size of
48 points and were shown in the center of the monitor.

2.4. n-Back Procedures

Participants performed a memory task that consisted of remembering a letter based on
its position in a sequence of continuously presented letters. A cross-fix would also appear
at the center of the screen before each letter’s presentation. The variations of this task were
the 1-back and the 3-back. In the 1-back, participants were told to press a key if the letter
displayed matched the one presented right before. The rationale is identical for the 3-back,
where participants must indicate whether or not each letter matches the one shown three
letters before. Each letter of size 48 was shown for 500 ms in the center of the monitor. EEG
was recorded for all answers, valid and invalid alike. Every participant finished six blocks
of the two task variations and performed three of each, alternating between variations and
starting with the 1-back. Each block had 26 trials for a total of 78 trials for each variation.
Subjects performed three blocks of 13 trials for the 1-back condition, and three blocks of
13 trials for the 3-back condition. A total of 117 ERBP averages for the 1-back condition and
117 ERBP averages for the 3-back condition were obtained. No trials were omitted for the
n-Back task.

2.5. Data Analysis

The estimated marginal means were charted for the absolute value of frequency
band power and its amplitude, which were expressed in microvolts (uV), for each head-
set’s electrodes. The estimated marginal means were plotted across participants though
the analysis was performed according to the electrode-wise schema (one-to-one paired
matching between homologous electrodes). In order to compare headset accuracy and
reliability when using the same channels, the Emotiv EPOC’s 14 electrodes were matched to
Brainvision’s 14 correspondingly-located electrodes. Thus, the 14 electrodes used in Emotiv
were AF3, AF4, F3, F4, F7, F8, FC5, FC6, T7, T8, P8, P7, O1 and O2, while the 14 ones used
in Brainvision were FP1, FP2, F3, F4, F7, E8, FC5, FC6, T7, T8, P8, P7, O1, O2 and Oz (see
Figure 1). (Note that the EPOC system doesn’t have electrodes placed along the midline
of the head, and it uses the CMS and DRL electrodes as dual reference points, instead of
a single ground electrode as in the Brainvision system. Pooled reference electrodes are
shown in green in Figure 1)
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Figure 1. Left Panel: Brainvision (32-electrode) EEG system with ground at Cz. Right Panel: Emotiv
EPOC (14-electrode) system with CMS at P3 and DRL at P4.

The estimated marginal means of both amplitude and power were reported in figures
to demonstrate visually the detection of arousal, valence and workload, in addition to
each EEG’s ability to discriminate between high and low psychologically defined states
in these three conditions (all these figures are included as Supplementary Materials). For
conciseness, we summarize all main findings in the table below (see Table 1A,B).

Table 1. A. Grand averaged event-related power amplitudes and nonparametric contrasts for low vs.
high mental states in ANEW, IAPS and n-Back Tasks measured by a consumer-grade (EPOC) and
a research grade (Brainvision) EEG system. (Statistics were performed on electrode-wise repeated
measurements, N = 14). B. Grand averaged cumulated power and nonparametric contrasts for low
vs. high mental states in ANEW, IAPS and n-Back Tasks measured by a consumer-grade (EPOC) and
a research grade (Brainvision) EEG system. (Statistics were performed on electrode-wise repeated
measurements, N = 14).

(A)
EPOC Brainvision
Band Mental State z p 2 Mental State z p 2
Low High Low High

(ANEW, Arousal)
Delta 2.02 2.16 —1.10 0.271 0.09 10.74 9.34 3.18 0.001 0.72
Theta 1.48 1.57 —-1.57 0.116 0.18 8.57 7.044 3.30 <0.001 0.78
Alpha 222 2.30 —1.45 0.148 0.15 13.23 11.344 3.30 <0.001 0.78
Beta 2.20 2.11 1.51 0.132 0.16 16.53 18.784 —2.23 0.026 0.36
Gamma 0.89 0.97 —2.04 0.041 0.30 14.94 18.99 —3.23 0.001 0.75

(ANEW, Valence)
Delta 1.45 1.77 —2.07 0.039 0.31 6.65 8.19 —3.30 <0.001 0.78
Theta 2.10 1.72 1.30 0.195 0.12 5.62 5.93 —3.30 <0.001 0.78
Alpha 2.13 1.98 0.88 0.379 0.06 10.28 10.51 —1.38 0.167 0.14
Beta 2.50 2.18 2.10 0.036 0.32 12.50 13.55 —-3.30 <0.001 0.78
Gamma 0.52 0.70 —3.04 0.002 0.66 11.27 12.21 —3.17 0.002 0.72
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(A)
EPOC Brainvision
Band Mental State 2 p 2 Mental State 2 p 2
Low High Low High
(IAPS, Arousal)
Delta 1.96 2.76 —3.30 <0.001 0.78 7.97 7.24 3.17 0.002 0.72
Theta 1.42 1.78 —3.11 0.002 0.69 5.80 6.00 —3.18 0.001 0.72
Alpha 2.21 2.48 —-2.93 0.003 0.61 8.79 9.03 —1.48 0.140 0.16
Beta 1.73 1.93 —3.30 <0.001 0.78 14.57 15.39 —3.30 <0.001 0.78
Gamma 0.42 0.63 —3.31 <0.001 0.78 14.53 15.22 —3.24 0.001 0.75
(IAPS, Valence)
Delta 1.75 2.80 —3.30 <0.001 0.78 7.66 6.99 3.30 <0.001 0.78
Theta 1.35 2.05 —-3.23 0.001 0.75 5.98 5.84 2.00 0.046 0.29
Alpha 2.04 2.78 —3.30 <0.001 0.78 10.04 10.28 —1.92 0.055 * 0.26
Beta 1.80 2.30 —3.30 <0.001 0.78 15.07 15.02 0.67 0.506 0.03
Gamma 0.39 0.69 —3.31 <0.001 0.78 14.57 14.15 3.30 <0.001 0.78
(n-Back 1,3,5)

Delta 2.70 2.39 2.45 0.014 0.43 2.89 2.72 1.23 0.221 0.11
Theta 1.95 2.05 —1.54 0.124 0.17 3.07 2.95 1.29 0.198 0.12
Alpha 2.75 2.69 0.47 0.638 0.02 3.08 3.07 0.44 0.660 0.01
Beta 2.77 2.75 0.03 0.975 0.00 3.92 4.23 —3.30 <0.001 0.78
Gamma 0.95 0.93 0.59 0.556 0.02 4.25 4.49 —2.86 0.004 0.58

(n-Back 2,4,6)

Delta 4.58 2.35 3.30 <0.001 0.78 2.28 2.30 —0.19 0.851 0.00
Theta 2.90 1.98 3.30 <0.001 0.78 2.78 3.11 —-2.79 0.005 0.56
Alpha 4.08 2.55 3.30 <0.001 0.78 2.65 2.94 —3.20 0.001 0.73
Beta 3.81 2.72 3.30 <0.001 0.78 4.66 4.64 —2.31 0.021 0.38
Gamma 1.27 0.89 3.30 <0.001 0.78 4.62 4.56 —0.25 0.802 0.00

Note. Estimated marginal means of EEG power amplitude for mental states are reported in uV. For standard errors please refer to
Figures S1-S6 in Supplementary Materials. Z statistics calculated from Wilcoxon non parametric test for small samples. Rows in bold

identify comparisons yielding statistically similar results for both devices.

1y

indicates marginal significance.

(B)
EPOC Brainvision
Band Mental State z p 2 Mental State z p 2
Low High Low High
(ANEW, Arousal)
Delta 2.25 1.88 1.85 0.064 0.24 31.11 27.85 2.10 0.035 0.32
Theta 0.58 0.60 —0.46 0.649 0.02 13.38 9.59 3.30 <0.001 0.78
Alpha 1.22 1.04 1.92 0.055 * 0.06 29.82 21.29 3.30 <0.001 0.78
Beta 0.40 0.36 1.69 0.090 0.20 12.63 16.65 —-2.17 0.030 0.34
Gamma 0.11 0.11 —0.24 0.812 0.00 9.94 15.09 —3.11 0.002 0.69
(ANEW, Valence)
Delta 0.89 1.02 —0.69 0.488 0.03 12.09 20.83 —-3.30 <0.001 0.78
Theta 1.17 0.64 1.92 0.055 * 0.26 6.40 6.40 0.21 0.834 0.00
Alpha 0.97 0.60 2.48 0.013 0.44 19.65 18.98 1.41 0.158 0.14
Beta 0.49 032 2.35 0.019 0.39 7.21 8.45 —3.30 <0.001 0.78
Gamma 0.02 0.03 1.00 0.317 0.07 5.25 6.40 —3.30 <0.001 0.78
(IAPS, Arousal)

Delta 1.97 2.81 —1.98 0.048 0.28 16.14 13.08 3.30 <0.001 0.78
Theta 0.54 0.70 —2.42 0.015 0.42 5.90 6.36 —2.13 0.033 0.32
Alpha 1.27 1.16 0.25 0.807 0.00 11.34 14.77 —2.73 0.006 0.53
Beta 0.21 0.22 —0.92 0.357 0.06 9.57 11.26 —3.30 <0.001 0.78
Gamma <0.01 <0.01 1.00 0.317 0.07 8.44 9.57 —3.17 0.002 0.72
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Table 1. Cont.

(B)
EPOC Brainvision
Band Mental State 2 p 2 Mental State 2 p 2
Low High Low High
(IAPS, Valence)
Delta 1.60 2.69 —3.02 0.003 0.65 14.10 12.14 2.79 0.005 0.56
Theta 047 0.98 —3.05 0.002 0.67 6.29 6.24 047 0.638 0.02
Alpha 0.96 1.40 —3.11 0.002 0.69 16.98 17.95 —1.57 <0.001 0.12
Beta 0.24 0.33 —-3.22 0.001 0.74 10.59 10.68 —0.18 0.861 0.00
Gamma 0.01 0.01 0.00 1.000 0.00 9.08 8.50 3.30 <0.001 0.78
(n-Back 1,3,5)
Delta 3.68 2.70 2.35 0.019 0.39 4.63 3.72 1.41 0.158 0.14
Theta 0.99 1.10 —1.82 0.069 0.24 2.50 242 047 0.638 0.02
Alpha 1.67 1.65 0.03 0.975 0.00 2.12 1.97 1.16 0.245 0.10
Beta 0.67 0.69 —0.25 0.807 0.00 1.17 1.34 3.18 0.001 0.72
Gamma 0.14 0.15 —1.70 0.090 0.21 1.09 1.24 —2.67 0.008 0.51
(n-Back 2,4,6)

Delta 10.48 2.64 3.30 <0.001 0.78 2.53 2.39 0.66 0.510 0.03
Theta 2.45 1.05 3.30 <0.001 0.78 2.37 2.79 —2.61 0.009 0.49
Alpha 4.79 1.50 3.30 <0.001 0.78 1.42 1.69 —2.73 0.006 0.53
Beta 1.16 0.61 3.30 <0.001 0.78 1.71 1.72 —0.16 0.875 0.00
Gamma 0.17 0.11 3.19 0.001 0.73 1.47 1.38 1.95 0.052 0.27

Note. Estimated marginal means of EEG power for mental states are reported in (V. For standard errors please refer to Figures S1-5S6 in
Supplementary Materials. Z statistics calculated from Wilcoxon non parametric test for small samples. Rows in bold identify

comparisons yielding statistically similar results for both devices.

Ry

indicates marginal significance.

Two-tailed paired Wilcoxon Signed Rank Tests were used to evaluate data to determine
if there was a significant difference between the measures of each wave type at high and
low states. To balance for Type I error likelihood, given the low statistical power (since
the item analysis was limited to n = 14, the number of electrode-associated repeated
measurements), we adopted a correction of the p-value with a generalization (family-
wise average rate of false discovery rate) of the Hochberg-Benjamini procedure [65] with
alpha 0.09, which gives a significance threshold of p = 0.054. Eta squared (1?) was computed
as a measure of the effect size of the difference between high and low states. Finally, the
value of EPOC electrode measurements was represented proportionally to the value of
electrode measurements obtained by Brainvision, as a measure of EEG signal measurement
efficiency. For example, if for gamma waves EPOC detected a signal amplitude of 1.5 uV
while Brainvision detected a signal amplitude of 15 uV, Emotiv would be represented as
sensing 10% of what Brainvision did.

Lastly, two confirmatory additional “control” analyses were performed (their results
are not reported here but are available upon request). Firstly, we repeated the same analyses
done on the vincentized averages for the data relative to each of the three professional
observers. The patterns of results were very similar, supporting the rationale that the
vincentized group data reflect valid inferences at N-of-1 personalization level. Secondly, we
compared the non-parametric statistics reported here to the parametric version of the same
analyses based on paired t-tests comparisons; the results were virtually identical using
either parametric or nonparametric procedures.

3. Results

Considering both EEG features of amplitude and power, there were only very few
instances in which EPOC and Brainvision converged in yielding a significant difference in
the same direction, from low to high mental state, in the three tasks (7 out of 30 comparisons
for amplitude, on a binomial test p = 0.0003; 5 out of 30 comparisons for power, on a binomial
test p = 0.0052). The convergent comparisons are shown in bold in Table 1A,B.
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Sensitivity to detect individual significant changes between low and high mental state
level in any frequency band and any direction were comparable in both systems for most
tasks and states except ANEW where EPOC performed sensibly worse, picking up changes
only for Gamma as opposed to all electrodes as in Brainvision, and yielding about half of
the effect size on average. Additionally, the performance of EPOC and Brainvision showed
equally few effects for the 1,2,3 version of the n-Back task.

In terms of absolute measurement of EEG signal, EPOC demonstrated a variable
performance as compared to Brainvision depending on the task. EPOC’s efficiencies for the
tasks were computed as the ratio of EPOC’s measurements over Brainvision measurements;
they are represented graphically in Figure 2. When compared to Brainvision measurements
in ANEW (see Figure 2A), EPOC’s efficiency in measuring amplitude changes was modest
for arousal, generally hovering around 40-20% and below 10% for Gamma, and low for
valence 30-20% and below 5% for Gamma. In the IAPS (see Figure 2A), EPOC’s efficiency
in measuring power was even lower for both arousal and valence across all frequencies
ranging between 20 and 10%, with Gamma being below 2% or undetected as compared to
Braivision measurements. However, EPOC’s efficiency was much higher in the n-Back task
(See Figure 2B) whereby it was variedly distributed across bands going from low /modest
(i.e., Gamma) to medium (i.e., Theta, Beta), on par with or even exceeding (i.e., Alpha
and Beta) Brainvision. Notably, in the 2,4,6 n-Back high load state EPOC outperformed
Brainvison in all frequency bands except Gamma.

Finally, when the patterns of changes are considered across the frequency spectrum,
as summarized in Table 2, it can be observed that there is minimal overlap between the
results obtained with EPOC and those with Brainvision across tasks.

Table 2. Summary of patterns of EEG amplitude and power changes measured with EPOC
and Brainvision.

Task EEG Feature Mental State System Significant Changes from Low to High State
ANEW Amplitude Arousal Epoc Increase for Gamma
BV Decrease for Delta, Theta, and Alpha
Increase for Beta and Gamma
Valence Epoc I Decrease for Beta
ncrease for Delta and Gamma
BV Increase for all frequency bands
IAPS Amp Arousal Epoc Increase for all frequency bands
BV Decrease for Delta
Increase for Theta, Beta and Gamma
Valence Epoc Increase for all frequency bands
BV Decrease for Delta, Theta, and Gamma
Increase for Alpha *
n-Back Amp 1-3-5 Epoc Decrease for Delta
BV Increase for Beta and Gamma
2-4-6 Epoc Decrease for all frequency bands
BV Increase for Theta, Alpha, and Beta
ANEW Power Arousal Epoc Decrease for Alpha *
BV Decrease for Delta, Theta, and Alpha
Increase for Beta and Gamma
Valence Epoc Decrease for Theta *, Alpha, and Beta

BV Increase for Delta, Beta, and Gamma
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Table 2. Cont.

Task EEG Feature Mental State System Significant Changes from Low to High State
IAPS Power Arousal Epoc Increase for Delta and Theta
BV Decrease for Delta
Increase for Theta, Alpha, Beta, and Gamma
Valence Epoc Increase for Delta, Theta, Alpha, and Beta
BV Decrease for Delta and Gamma
Increase for Alpha
n-Back Power 1-3-5 Epoc Decrease for Delta
Decrease for Beta
BV
Increase for Gamma
2-4-6 Epoc Decrease for all frequency bands
BV Decrease for Gamma

Increase for Theta and Alpha

Note. “*” indicates marginally significant effects.
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Figure 2. (A) Efficiency ratio of EPOC signal strength compared to Brainvision in ANEW and IAPS
tasks. (B) Efficiency ratio of EPOC signal strength compared to Brainvision in the n-Back tasks.
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4. Discussion

The results of our study overall seem to suggest that EPOC is capable of differentiating
between high vs low arousal/valence states using the amplitude of different frequency
bands, but that the overall signal detected from EPOC was only a fraction of the signal
detected by Brainvision. Despite the poorer signal detection, EPOC was still able to
differentiate between the mental states via amplitude in most instances, although it had
relatively small effect sizes compared to those of Brainvision. For amplitude, it also appears
that EPOC most prominently detected differences in low frequency bands such as Delta
and Theta. Brainvision on the other hand commonly detected differences of amplitude
across all frequency bands.

As above, the same can generally be said about the EPOC for differentiating mental
states using EEG power, with a few exceptions. The ability of EPOC to detect Gamma
power whatsoever was regularly quite low. Its mean amplitude was 8.7% of the amplitude
measured by Brainvision. Even though EPOC was able to identify significant differences
between high and low mental states in Gamma waves, the corresponding amplitude
values never rose above 1.5 nV, even though Brainvision’s measures went up to 13 uV.
Since Gamma waves have the lowest amplitude of EEG frequency bands, the difficulty in
registering their activity might be caused by the limited sensitivity and limited amount
of electrodes on the EPOC headset. Additional factors could also include lower electrode
accuracy and higher impedance. EPOC does not use conductive paste but saline solution,
which can leave the electrodes more prone to corrosion and dry out more quickly than
electrogel or paste.

Unexpectedly, in the instance of the n-Back task 2-4-6 EPOC actually appeared to
outperform Brainvision’s capability of differentiating high vs low mental load across
frequency bands. In this same way, the power detected via EPOC was greater than the
power detected by Brainvision. However, Brainvision still performed well in differentiating
mental load during the n-Back task with reasonable effect sizes.

Given that the focus of the present study was accuracy and reliability, the tasks we used
were selected because they demonstrated validity in distinguishing a relative difference in
low and high psychological states as defined by subjective self-ratings of the participants
and as reflected by concurrent state-dependent changes in EEG. Our study however has
some implications and interesting insights also for research on comparative validity of
consumer-grade vs. research-grade EEG devices.

The most EEG recent research focusing on content validity and attempting to relate
a particular ERBP feature or signature to a particular mental state has been generally
inconclusive, since the findings are contradictory. In particular, the literature on emotional
arousal and valence using IAPS yielded as many studies which find a pattern of reduced
Alpha power and increased Theta [66] as those which either find null effects, or even
show the opposite pattern, i.e., increased Alpha and decreased Delta and/or Theta [67]
as well as increased Beta and Gamma [68-70]. One possible plausible conclusion that
has been repeatedly proposed is that the specific pattern of results related to EEG power
spectral distribution may be therefore dependent on design, stimuli, task, context, and
individual differences [71]. The findings also vary according to the electrodes considered,
whereby, for example, opposite patterns can be observed in frontal /anterior as compared to
parietal /posterior sites. An exhaustive review is outside the scope and space of this paper,
but it is reasonable to reach similar conclusions by considering recent meta-analyses on
the n-Back task and mental workload in general [69]. The major issue in the context of the
present study is overlearning and practice effects in that the professional observers serving
as participants in our study underwent a lot of pre-experimental repeated exposure with
materials, tasks and both devices. The literature on the effect of the extensive exposure or
practice variable on EEG correlates of emotional processing is scant (for example see [72])
but there is evidence for the n-Back task that Alpha and Theta increase with cognitive
load [73-75]. Our findings show that both EPOC and Brainvision did not find Alpha
desynchronization followed by a concurrent increase of slow frequency oscillations (Delta
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or Theta), as reported by some abovementioned literature. In our study, Alpha showed
occasional increases or null findings while increases in Delta were rather ubiquitous and
inconsistent. The most frequent and consistent changes were increases in Theta, Beta and
Gamma going from low to high mental states, which is, as we have cursorily mentioned, in
keeping with the literature on practiced mental or emotional processing load. This is both
interesting as an extension of research on training of cognitive load and working memory
capacity as well as, we believe, a relatively new contribution for the area on emotional
processing since there are very few event-related EEG studies on repeated exposure to
pleasant or unpleasant stimuli.

In our experiment the sample size was very low, and it was impossible to achieve
reliable results that generalize to population distributions. However, because we used
an ideographic approach (i.e., electrode-wise analysis of vincentized data) which we can
defend to be generalized at the level of person prediction, the actual sample size was
relatively unimportant for the explicitly stated scope (tests of reliability) addressed in
this paper; this last point holds especially because we took several convergent repeated
measurements (N = 14), which were the actual basis for our test of accuracy.

Nonetheless, a possible caveat is that, given our very small sample, it was obviously
impossible to properly counterbalance learning effects associated with the device used,
namely, EPOC was used first and then Brainvision was used on all subjects, potentially, this
order might have induced a learning effect favoring Brainvision. Yet, the rate of significant
differences between high and low mental states picked up by EPOC and Brainvision did not
show any differential order trend, that is, there were no obvious and consistent differences
between sensitivity in detecting significant effects between mental states for the first device
used or for the second one, and no advantage of one device over the other can be clearly
observed or inferred.

Another related possible caveat might be learning effects of the individual, regardless
of the device used. However, as we have pointed out all three participants were graduate
student professional observers which were abundantly familiar with stimuli, tasks, and
devices. Furthermore, all participants carried out the tasks in a different order. Most likely,
these two aspects were sufficient to wash out learning effects due to the task sequence
during the experiment.

Our findings would suggest that future applications, such as brain-computer inter-
faces, requiring a more ecological setup should be able to confidently use EPOC for tasks
intending to elicit change in valence/arousal/mental load such as ANEW, IAPS, or n-
Back. However, in a laboratory or medical setting the researcher or clinician would still
benefit from the quality performance found using Brainvision. Future research should
consider ways of optimizing the signal quality of the EPOC so as to obtain larger effect
sizes when investigating differences of amplitude/power in response to different mental
states. For instance, it would be feasible to leverage machine learning models to enhance
the accuracy and classification capabilities of the signals obtained via the EPOC [29]. This
would be a promising, although more complex, avenue for increasing the efficacy of the
Emotiv device. Modifying the hardware of the EPOC may also be feasible and effective,
as Barham et al. (2017) demonstrated that upgrading the EPOC with research-grade elec-
trodes was successful, although the EPOC still had significantly more rejected trials than
the research-grade device (Neuroscan) used in their study [26].

5. Conclusions

In summary, the consumer-grade wearable EPOC device appears to be able to differ-
entiate between mental states of valence, arousal, and mental load to some degree, but is
overall still not as reliable or accurate as the research-grade Brainvision device. However,
EPOC appears to be particularly good at differentiating mental load during an n-Back task
via frequency band amplitude/power. Overall, this is in line with previous literature [21],
but here we have extended these observations to tasks related to valence, arousal, and
mental load.
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In principle, EEG measured during high vs low arousal, valence, and mental load,
should elicit different EEG signatures (e.g., synchronization/desynchronization and corre-
sponding increases/decreases in amplitude/power), as the mental states require differing
levels of emotional or cognitive resources [76-82]. This would be expected from a research-
grade EEG device like Brainvision. However, due to the limited amount of evidence for
this type of outcome using consumer-grade wearable EEG devices like the EPOC [83,84],
further research regarding content validity is still required to confirm this expectation by
empirical tests performed using a procedure similar to ours (i.e., by comparing homolo-
gous repeated measurements using both devices within the same individuals) and not, as
currently done in many review papers (e.g., [20]), by simply assuming that finding a EEG
feature or signature with the wireless consumer grade device (e.g., P300) in one sample has
the same meaning as reports about the same signature or feature in different samples, even
if utilizing comparable experimental paradigms.

Finally, our main objective was to demonstrate an initial methodological benchmark
for precision, rather than conducting a comprehensive assessment of all existing consumer-
grade EEG devices. However, because the two types of EEG devices compared in the
present study are among the most “popular” and widely used for research purposes in
labs across the world (especially the Emotiv EPOC, see [85]), the present comparison does
contribute a heuristic inductive assessment regarding the precision of, presumably, one of
the “best” current EEG consumer instrumentation available as compared to an established
(i.e., standard) wired stationary counterpart.
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