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Abstract—We present an interpretation of the transitions of
the brain signals harnessed from an electroencephalogram (EEG)
headset attached to the user while increasing alcohol intake by
drinking alcoholic beverages. These transitions can be traced
to an individual’s cognitive and behavioral changes under the
influence of alcohol that may affect the individual’s decisions
and motor control. The EEG headset is a wireless 32-channel
Emotiv Epoc Flex brain wear. The data were recorded during
experiments where an individual was given alcoholic beverages to
consume within two hours. The individual was given a six-pack of
beer with an alcohol content of 6%. We establish the variations of
epoched data within a specific timeframe, starting from the first
bottle of alcohol intake until the last bottle is finished. We use five
frequency bands namely, delta, theta, alpha, beta, and gamma to
observe and create visualizations based on the power spectrum of
the EEG signals. The data is segmented into time-locked segments
called epochs that represent the process of alcohol intake. These
results can lead to a better understanding of transitions that
occur in brain activity as the amount of alcohol consumption
increases within a fixed timeframe.

Index Terms—Electroencephalogram (EEG) signals, alcohol
consumption, 32-channel headset, frequency bands, epochs

I. INTRODUCTION

The analysis of electroencephalogram (EEG) signals has
become a prominent research area in understanding different
brain activities. EEG shows a record of continuous time
electrical activity that takes place in the brain [1]. These
signals are harnessed using a brain-computer interface (BCI)
device that directly records from an individual and stores them
in a computer [2]. Based on the type of application, EEG data
can be interpreted and the results can be used to reflect an
individual’s mental activity [3].

In more studies using the application of EEG, [4] ex-
plains that brain activity can be monitored to understand
the dynamics that occur during cognition. Standard tests and
measurements are readily available to identify the different
waveforms of the EEG signals. In their study, the power
spectral density (PSD) of the theta, alpha, beta, and gamma
bands was measured during baseline and cognitive tests.

A study by [5] further explains the significance of EEG
analysis over the subjective assessment approach. The research

concludes that the latter is not reliable in developing clinical
diagnosis as it is prone to patient and expert bias. Furthermore,
the study demonstrates that EEG signals can be interpreted by
focusing on the analysis of the power spectrum of the five
brain rhythms.

All these studies show that based on the type of application
for EEG analysis, PSD still remains a powerful tool in
interpreting the activity of the brain. PSD is a method of
EEG data analysis in which the power intensity of the brain
signals is measured across the frequency bands [6]. There are
many risk factors that impact the normal function of the brain,
that include the excessive use of alcohol. Consuming alcoholic
beverages has been proven to disrupt normal brain activity and
if it is taken more than 48g per day or 144g then it can be
regarded as risky [7]. The changes caused by alcohol intake on
signal activity can be analyzed by observing its power spectra.
This information can be obtained in the frequency bands of
the brain that include, delta, theta, alpha, theta, and gamma.
These rhythms are classified based on their range of frequency
as follows: delta (0.5-4Hz), theta (4-7Hz), alpha (8-13Hz), beta
(13-36Hz), and gamma (36Hz and above) [8].

Section 2 of this paper describes the proposed methodology
of our study and Section 3 introduces the materials and
methods used. Section 4 focuses mainly on results while
Section 5 outlines the analysis and interpretations of our
results. The last section discusses future recommendations in
relation to this study.

II. METHODOLOGY

The flowchart in Fig. 1 depicts the logical sequence of our
proposed methodology. The first step is EEG data recording
which includes recording using the Emotiv Epoc Flex brain
wear. In this step, the volunteers were given a six-pack of beer
with 6% of alcohol and the experiment took a maximum of two
hours. The second step includes preprocessing the raw EEG
data by first importing the data in CSV format, then detecting
and dropping the bad channels, and finally filtering the data.
Two types of filtering were applied that includes notch filtering
and band-pass filtering. In the third step, epoching was applied
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Fig. 1. The proposed methodology of our study showing all the steps. It depicts the logical sequence followed from the recording
of the EEG data until the analysis of the results. We use a power spectral density plot for all five frequency bands that are,
delta, theta, alpha, beta, and gamma. The variations of these rhythms are observed in the six epochs.

by creating six equally spaced data segments. These are time-
locked such that the transitions between each epoch can be
observed. The final step of the methodology includes the
analysis of the results by spectral density plot based on the five
frequency bands. These delta, theta, alpha, beta, and gamma
rhythms were observed across all six epochs.

III. MATERIALS AND METHODS

In this section, we outline the process we used to derive the
required output, as outlined in the methodology below:

A. Experimental setup and device

Data were recorded using a wireless 32-channel Emotiv
Epoc Flex EEG headset. During the experiment, the individual
was given alcoholic beverages to consume within two hours.
They were given a six-pack of beer with an alcohol content of
5.5% The BCI experiments were approved by the Ministry
of Health and Wellness and, the Human Ethics Research
Committee. The study participants include male volunteers
aged between 22-44 years who are alcoholics. Each individual
signed a consent form indicating that he agreed to participate
in the experiments. The method of recruitment was random
and participants were briefed on the experimental setup. The
Alcohol Use Disorder Identification Test was administered to
the volunteers to evaluate their frequency of use of alcohol.

The Emotiv Epoc Flex Headset was positioned based on the
10-20 standard electrode placement as shown in Fig.2.

B. Data Preprocessing

This step involves transforming our data into a format that
is easier to manipulate and analyze. Artifact removal is carried
out such that we can have clean EEG data separated from the

Fig. 2. In the figure, the highlighted green positions represent
the electrode placement using the 10-20 standard electrode
placement. It also shows the number of channels from which
the EEG data was recorded. They are 32 positions representing
the 32-channel headset.

noisy data [9]. This is because EEG data can be easily con-
taminated by various artifacts that include, muscle movement,
eye blinks, and measuring instruments. It is desirable to filter
out this type of data [10].

1) Importing raw data: The data was imported in a CSV
format through the use of the MNE library which is python
based. It provides a way to convert any type of data into a
format that can be used by the library [11]. Only data from the
32-channels was retained and all other columns were dropped.
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Fig. 3. The power spectral density plots for the six epochs of the delta band are shown in Fig.3. The frequency range for this
band lies between 1Hz and 4Hz. We can observe that the power of the delta band stays constant across all the epochs.

Fig. 4. The graph in Fig.4 represents the power spectral density of the theta band across the six epochs. This frequency band
ranges between 4Hz and 8hz. The power spectrum is constant in all six epochs.

2) Bad channel detection: These are channels that do not
provide enough information to be considered for analysis.

They may be caused by various reasons that include, poor
contact between the scalp and the electrode, poor electrode
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Fig. 5. The graph in Fig.5 depicts the power spectral density plot for the alpha band across the six epochs. This band ranges
between 8Hz and 12Hz. The power in this rhythm is constant across all six epochs.

Fig. 6. In the beta band the visualizations are shown in this graph on Fig.6. Its frequency ranges between 12Hz and 25Hz.
The power in this band can be observed to have a slight reduction in power at 16Hz.

placement, and malfunction. These may affect the interpreta-
tion and analysis of the EEG data [12]. No bad channels were

spotted in our data.
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3) Notch Filtering: This step is very crucial to remove
the power line or electrical noise in our EEG data [13]. The
artifacts are usually around 50Hz or 60Hz. A notch filter was
introduced to reject all the frequencies from 60Hz and above.

4) Band-pass Filtering: In a band-pass filter, minimum and
maximum frequencies are chosen such that any signal that
falls outside the range will be rejected. It can help eliminate
noise from eye blinks, muscle movements, and probable
electrocardiography data [1]. We applied a band-pass filter to
keep frequencies between 1Hz and 55Hz.

5) Epoching: This process allows us to create segments of
data that are equally spaced. It divides the data into equal
epochs that are time-locked such that we can analyze the
transitions that occur from one segment to the other. The
data was segmented between six equally spaced epochs that
correspond to the increasing amounts of alcohol intake. That
is, they represent the time a participant started drinking until
the time they finished drinking. Within each epoch, we obtain
the results for the power spectra of the five frequency bands
and interpret these changes.

IV. RESULTS

In this section, we present the visualizations from the power
spectral density of each epoch. We show the results of the
changes in the frequency bands starting with delta, then theta,
alpha, beta, and lastly gamma. We observe the transitions of
these rhythms from the first epoch to the last epoch.

A. Delta band

This frequency band is mostly associated with deep sleep
and is only active when the body is fully at rest in that state.
It is the smallest rhythm with a frequency range from 1Hz to
4Hz [14].

B. Theta band

The theta band is found mostly in frequencies ranging from
4Hz and 8Hz. It is also associated with learning and inhibitory
control processes [15]. It can be generated and recorded across
all the parts of the cortex.

C. Alpha band

The alpha rhythm is found within the frequency band
from 8Hz to 12Hz and is mostly associated with sensory
and memory functions [16]. Its power spectrum is mostly
suppressed during body activities with eyes open.

D. Beta band

This frequency band is mostly associated with sensory-
motor control processing and tasks [17]. It is usually generated
in the frontal regions of the brain and ranges between 12Hz
to 25Hz.

E. Gamma band

This rhythm is mostly associated with very high frequencies
ranging from 25Hz upwards. It is still an active research area
and therefore it is still unclear where it is generated [18].

V. INTERPRETATION OF RESULTS

Based on these visualizations, we can observe obvious
changes in the power spectra from epoch one to epoch six
in all rhythms shown in Fig.3 to Fig.7. In figures 3 to 5 we
can observe the color changes in the graph. Each signal color
corresponds to an eeg channel. The change in the color in the
graph means that some channels are becoming more prominent
than others for their signal color to dominate the graph. We
can interpret this as some parts of the brain are suppressed
due to alcohol consumption. And this suppression increases
as the alcohol content increases. It is observed further that the
power spectrum of the graph has no observable changes.

In Fig.6 to Fig7 the same observed change of colors in
the graph is shown. However, for some channels, there are
observed changes in the power of the signals as shown in
the lower set of signals that dips. This dipping of the signal
increases with increasing alcohol content.

Based on these results, we can interpret that, the volunteer
has higher alcohol tolerance. We can also conclude that the
individual is projecting symptoms of alcohol use disorder.
According to [19], increased spectral power in the beta band
is expected from people who are alcoholics. In our results,
the participant had a slight reduction in the spectral power of
the beta rhythm which is in contrast to the expected results.
This implies that at the time the volunteer had the last bottle
of alcohol, there were no induced effects, and the body could
potentially have more consumption.

VI. FUTURE WORK

In the future, we plan to increase the data visualization
by presenting the data per channel or combining the signals
for several channels. We also plan to improve the filtering to
further remove white noise. Some presentations will also be
shown for the brain signal topography map. Feature extraction
is to be implemented and the results will be clustered using
unsupervised machine learning. We will compare the results
for all seventeen volunteers.
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