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Abstract

This paper is a culmination of an exploration into EEGs and, by extension, their use
in Affective Computing. This paper was generously supported by the PolySec Lab and
advised by Professor Mohammad Husain. The aim is to deeply and broadly examine the
field of EEG based imaging systems, their evolution, theory, and concerns, as well as to
present a novel system of individualized sentiment analysis for interpreting EEG signals
for near real-time use cases in AR and VR applications.

1 A Review of Literature

1.1 Neural activity

Neural activity – the way we measure it and the way we interpret it, are a product
of the bio-electrical activity that is being observed. These electrical impulses are driven
by an intricate network of biological capacitors. These networks perform complex cal-
culations, building the biological computer that drives our senses for which builds our
experience of a conscious experience. Reading these senses allow us to take a peak into
the complexity that drives cognition, and perhaps how to interpret and even recreate it.

The signals collected by the electroencephalogram measure the aftermath of a biological
process [5]. These signals underlie innate electrical activity described by the capacitive
nature of neurons [22].

Figure 1: A Neuron [22]

The neuron is made up of several com-
ponents including the cell body (soma),
dendrites, axon, axon terminals, myelin
sheath, nodes of Ranvier, and synapse.
Each component has functions which in-
clude the stage of capacitive storage of
resting charge known as the resting po-
tential. During this resting stage, neu-
rons release electrical charge in response to
stimulation released by a rapid change in
membrane potential (also known as depo-
larization). After a depolarization event,
re-polarization or hyper-polarization takes
place to restore the charge back to a state
of resting potential [7]. The propagation
of these depolarization events is transmit-
ted through the nearby connecting cellu-
lar structures of each neuron’s dendrites
and axon terminals of the subsequent con-
nected neuron. This depolarization event
is the function which we measure with
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EEG [21].

Figure 2: Layers of the Brain [5]

The measurement of the elec-
trical activity induced by depo-
larization events is encumbered
by the barrier between the mea-
sured neuron and the electrode.
The barriers between the skin
and subsequent anatomy provide
a difficult lens of observation.
While intracranial techniques are
favored for high-resolution obser-
vation, the invasive inconvenience

of surgical procedures hinders the mass adoption of the technology.

1.2 EEG

EEG – electroencephalograms, are devices that amplify neural electrical activity into
interpretable or observable measures. First invented by Hans Berger in 1924, the de-
vice has been used mostly in medical applications including tumor detection, neuro-
degenerative diseases, stroke, sleep conditions, Creutzfeldt-Jakob disease, as well as a
measure of neural activity in determining cognitive death. [31] Further explorations into
the observable “rhythmic” activities have resulted in surprising clarity of state informa-
tion, source activity, and correlation. [20]

1.2.1 Applications

A few interesting applications to explore are in the domain of use as an input device, as
an authentication method, as a measure of stimuli, and as a cognitive interface.

As an Input Device – EEGs have been applied in gaze estimation, intent classifica-
tion, and content classification. Gaze estimation has shown promising results of around
0.1707± 0.011◦ in accuracy. [34] Intent classification has been fruitful in row-column se-
lection in alphabet arrays and other selection-based applications. Variable dimensionality
has mostly measured band power to variably controlled devices such as dials. [15]

As an Authentication method – there have been explorations into “thinking pass-
words”. Unfortunately, the proposed methods to achieve this “thought to word” al-
gorithm have not progressed further due to inherently low accuracy. [29] However, an
alternative authentication method which aims to be used as a two-factor authentication
method by identifying users by the physiological response to audio or visual stimuli has
proven much more fruitful. [8]
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Stimuli – Studies into video as a lens of decoding visual or auditory stimuli have been
few and far between due to the spatial resolution and noise of measurements. [6] It has
been suggested visual stimuli may require per-neuron measurements to yield any results
that can recreate or estimate the subject’s thought. However, low-level classification
algorithms for identifying said stimuli from a set of known sources have yielded promising
results. [35] The use of transformers in conjunction with brain signals for image generation
has also been a recent development but has varying results in terms of efficacy and
continuity of generated images.

1.2.2 Data Acquisition

The acquisition of EEG signals has evolved since its inception; however, they follow
three general steps: electrode contact, amplification, then digitization. Studies have used
anywhere from 8 to upwards of 250 electrodes or even high-density specialized electrodes
aimed at increasing spatial resolution. The quality of raw EEG data is usually determined
by three factors:

� Spatial Resolution: Determined by the number of electrodes.

� Sampling Rate: Determined by the sampling rate of the ADC (Analog to Digital
Converters).

� Impedance: Determined by the electrode type, hardware implementation, and
chosen amplification method.

� Noise To Signal: Determined by the electrical soundness of the EEG setup.

Electrodes – the segment of the EEG which interface between the surface of the skin
and the amplification stage are generally in the following categories:

� Cup Electrodes: Generally require liquid conductive paste and are taped onto
the head.

� Comb Electrodes: Generally spiked and penetrate the hair but have high impedance
due to the variable contact between the spikes and the skin.

� Polymer Electrodes: An electrolyte-plated polymer foam which allows for dry
readings with more surface area, thus reducing impedance.

� Capacitive Electrodes: A non-contact electrode that utilizes active electrode
points to amplify the electrical wave interpolation caused by neural activity.

Amplification – The stage to allow for the signals to be observable by a ADC (analog
to digital converter) can be achieved by low-noise amplifiers. There are two general
methods of amplification:
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� Active: Uses amplification on the electrode itself instead of a centralized amplifi-
cation stage. This allows the secondary amplification stage to prevent amplifying
noise collected in the wiring from the electrode to the amplifier circuit.

� Passive: Uses an electrode connected to a centralized electronic amplification de-
vice. This amplification device has a process of RF filtering, which is then digitized
into data through said centralized amplification stage.

Each method has its advantages and pitfalls. Between variable contact consistency, res-
olution, complexity, and comfort, each method can vastly impact the form and context
that the EEG can be used in.

1.2.3 Filtering

In the EEG signals collected by our aforementioned collection methods, we can observe
several artifacts and sources of noise that are not of interest, such as muscle artifacts
(motion, muscular, ocular, and cardiac) [3] and electrical interference (power line, device,
and thermal/charge) [16].

Several methods of noise removal must be undertaken, such as simple band pass filters
(high-pass filters, low-pass filters, and notch filters) for electrical interference. Further-
more, more advanced methods such as Independent Component Analysis (ICA) may be
used to remove muscle artifacts.

Bandpass Filtering – These methods will remove signal frequencies that are well-
known sources of noise. Such frequencies are 50 Hz and 60 Hz, which can be mitigated
by notch filters (50 Hz for non-US AC noise and 60 Hz for US AC) [16]. Furthermore,
a low-pass of 100 Hz and high-pass of 0.5 Hz is used to isolate useful frequency ranges
related to neural activity.

Hardware Filtering – Before software filtering, we can ensure a cleaner dataset
through RF filters, which can act to eliminate 50 Hz and 60 Hz noise. This is usually
done through a twin-T filter.

Software Filtering We use the SciPy implementation of a Butterworth filter, perform-
ing a low-pass on 60 Hz, high-pass on 0.5 Hz, and a band-stop at both 50 Hz and 60 Hz.
A Butterworth filter is defined as:

H(s) =
G

1 +
(

s
ωc

)2n
where:
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� H(s) is the filter’s transfer function.

� G is the DC gain.

� s is the complex frequency variable in the Laplace domain.

� ωc is the cutoff frequency.

� n is the order of the filter.

1.2.4 Artifact Filtering

Muscle artifacts are the next challenge that we face, which are characterized by ”surges
in high-frequency activity” [3]. These artifacts are usually mitigated by removing high
kurtosis and correlation in components returned by Independent Component Analysis
(ICA) [4].

Independent Component Analysis – ICA is a method of linearly separating n
mixed sources into n independent components. In the context of EEG signal filtering, we
will use FastICA, which is a process that can be generalized into three distinct steps of
data centering, data whitening, and data transformation. In ICA, we aim for the sources
(the individual channels) of the mixed matrix to be independent and non-Gaussian.

Centering For n observed signals X = [x1, x2, . . . , xi], where xi is a vector of length κ
(the channel count), we center the data:

Xcentered = X −mean(X)

Subtracting the column values by the mean of the column.

Whitening For Xcentered, we perform an eigenvalue decomposition on the covariance
matrix:

Xcentered = EDET

where D is a diagonal matrix whose elements are eigenvalues of C, and E is a matrix
with its columns being corresponding eigenvectors.

Transform We find the whitening transformation W using the eigenvectors and eigen-
values as follows:

W = D
−1
2 ET
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where D− 1
2 is the diagonal matrix with the inverse square roots of eigenvalues. Then, the

whitened data Y is found by applying the transformation to the centered data:

Y = WXcentered

Figure 3: Comparison of Independent Component Analysis (ICA) results [4].

Furthermore, we can filter out individual components with high kurtosis and correlation,
remixing the signals with the removed component for each channel.

Empirical Mode Decomposition(EMD) – is a signal processing technique that
decomposes a signal into individual Intrinsic Mode Functions (IMFs) in the time domain.
An IMF is defined as a function with only one extreme between zero crossings and has a
mean value of zero.

The steps for EMD are:

1. Use cubic spline interpolation method for emax and emin (envelopes of maxima and
minima).

2. Calculate mean m(t) = emax+emin

2
.

3. Calculate the difference d(t) = x(t)−m(t).

4. Repeat until d(t) satisfies the definition of an IMF.

With the prevalence of different methods of classifying the aforementioned features into
sentiment, we analyze a few different comparative studies between the different classifi-
cation methods and the features used based on the contextual model accuracy.
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1.2.5 Features

Approximate Entropy If we consider an array of data of length m and tolerance level
r (which represents a fraction of the standard deviation of the EEG signals), and Xi is an
array [xi(1), xi(2), . . . , xi(m)] in which xi(k) represents the EEG amplitude at i+ k − 1.

If we compute the Euclidean distance between Xi and Xj where i and j range from 1 to
N −m+1, then compute the number of pairs where the distance is less than or equal to
r, denoted Cm(r), we then know that the approximate entropy is:

ApEn(m, r) = ln(Cm(r))− ln(Cm+1(r))

Wavelet Entropy – We can also compute the wavelet entropy [27]. We apply a wavelet
transform:

W (a, b) =

∫ ∞

−∞
x(t)ψa,b(t) dt

Then extract the wavelet coefficient:

cj,k = ⟨x(t), ψj,k(t)⟩

Then calculate the (Shannon) entropy with:

H(X) = −
n∑

i=1

pi log2(pi), pi =
|ci|2∑n
i=1 |ci|2

Fast Fourier Transform – F (ω) =
∫∞
−∞ f(t)e−iωt dt

Fast Fourier Transform is a method of Fourier transform which transforms a time domain
to a frequency domain. It is represented by:

Figure 4: Fast Fourier Transform (FFT)

Where eiωt is a complex exponential func-
tion in which i is the imaginary unit and
ω is the frequency parameter. The inte-
gral computes the frequency components
of f(t).

Band Power We can further dimension-
ally reduce the known band power by
grouping the signal bands into known asso-
ciated Beta, Alpha, Theta, and Delta fre-
quency ranges, finding the power of each
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band for a given time frame [14]. EEG signals have classically been classified into five
band classifications: Alpha (α), Theta (θ), Delta (δ), Beta (β), Gamma (γ).

Wave Frequency Range (Hz) State
Delta 0.5–4 Deep Sleep
Theta 4–8 Drowsiness, Dreams, Creativity
Alpha 8–15 Calmness, Relaxation, Abstract Thinking
Beta 16–31 Focus, Alertness

Gamma 32+ Perception, Short-term Memory

Table 1: Frequency Bands [20]

Higuchi’s Fractal Dimension Higuchi’s fractal dimension [33] is an estimation of the
fractal dimension of a signal, measuring the complexity of a pattern. It can provide in-
formation on the dynamics and complexity of a given signal, characterizing abnormalities
and non-linear dynamics.

Given a time series, it divides the segments into varied lengths. For each segment of
length k, the average length of the curve by connecting the m-th point of [1..k] results in
a set of curve lengths for given segments. When averaging the curve lengths, the fractal
dimension is found by:

Lm(k) =

{∑⌊N−m
k ⌋

i=1 |x(m+ ik)− x(m+ (i− 1)k)| N−1

⌊N−m
k ⌋k

}
⌊

N−1

⌊N−m
k ⌋k

⌋

1.2.6 Classification

Classification is a extremely wide-ranging subject area that has been extensively explored
for each of the different applications and processing methods. Each has strengths and
weaknesses, with a few of the most prevalent being listed below.

Figure 5: Support Vector Machine (SVM)

Support Vector Machine (SVM) –
Support Vector Machines allow for an in-
tersection between classification and re-
gression. It generally functions by opti-
mizing an n-dimensional hyperplane that
effectively splits the data between cate-
gories. It is effective for dimensionally
large input features [10] such as EEG fea-
tures.

SVM has been a popular method of classi-
fication, with positive/negative classifica-
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tion topping around 91.77% in combina-
tion with LDA method for binary classification [25]. Furthermore, it is the most popular
method, accounting for 70% of EEG classification studies [25].

The general decision function is as follows:

f(x) = sign(w · x+ b)

where:

� w is the weight vector perpendicular to the hyperplane.

� x is the input feature vector.

� b is the bias term.

To maximize margins between support vectors, it applies an objective function:

min
w,b

1

2
||w||2

constrained by:

yi(w · xi + b) ≥ 1

Soft Margins Soft margins can be applied by the objective function:

min
w,b

1

2
||w||2 + C

n∑
i=1

ξi

constrained by:

yi(w · xi + b) ≥ 1− ξi

ξi ≥ 0

We can also map the features into a higher dimension by using the Kernel trick:

f(x) = sign

(
n∑

i=1

αiyiK(xi, x) + b

)

where αi are the Lagrange multipliers of the kernel function K(xi, x).
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Recursive Neural Network (RNN) – Recursive Neural Networks function similarly
to normal forward-feeding neural networks. However, there is a recursive feed of the
hidden state to the previous node, allowing the network to capture temporal dynamics.

Convolutional Neural Network (CNN) – Convolutional Neural Networks are feed-
forward networks that use convolution layers to effectively extract features that are more
indicative of certain characteristics. Convolution layers are field-region varied learning
filters with parameter sharing between inputs that produce a two-dimensional feature
map.

CNNs have been an interesting approach as they can learn from local receptive fields,
which allows for effective learning from overlapping input regions. This has given hope
for the use of CNNs in the highly dynamic and dimensionally complex feature set of EEG
signals [36].

In a fully connected layer in a neural network:

ymn = f(XW + b)

where:

� Ym,n is the output of the layer at (m,n).

� X represents the input matrix.

� W is the weight matrix in which wij represents the weight of the i-th input feature
and j-th neuron.

� b is the bias vector bj of the j-th neuron.

The function applied is:

ymn = f

(
J−1∑
j=0

I−1∑
i=0

xm+i,n+jwij + b

)

where f is the activation function applied to xm+i,n+j input values, with wij weights of
the input values, and b the bias term.

Random Forest – Random Forest is essentially a collection of decision trees, where
each tree outputs a class prediction and the class with the most votes becomes the model’s
prediction. It is an ensemble learning method that is effective for handling non-linear data
but may struggle with high-dimensional, noisy data.
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Review – The overwhelming quantity of different and custom learning algorithms
provides an interesting point of comparative analysis for the effectiveness of feature-
classification pairs. However, the exploration of deep neural networks may provide a
path to more complex analysis of the hidden nature of neural EEG signals.

1.3 Affective Computing

Affective Computing is the study and development of systems that recognize, interpret,
and process human emotions to improve user interaction. EEG may be an important
avenue in this field, especially in its potential for providing real-time insights into neural
activity correlated with emotional states.

2 Initial Thoughts

From the literature, we observe the litany of approaches we could take for the numerous
possible applications. I felt it would be important to define the possible limitations of
the applciations of EEG, and explore whether or not certain claims could be possibly
innovated on.

2.1 Resolution

Our analysis progresses from examining the fundamental physics of neural electrical prop-
erties to interpreting the data provided by electroencephalography (EEG). Understanding
the propagation of neural signals through brain tissues is crucial for developing technolo-
gies that interpret EEG signals for applications like emotion recognition.

Neurons in the cognitive areas of the brain are approximately 680×10−6 meters long [13].
At rest, neurons maintain a resting potential of −70 millivolts (mV). When a neuron is
stimulated, reaching a threshold potential of −55 mV, it undergoes an action potential
where the membrane potential rapidly spikes due to the influx of sodium ions.

Based on this, we can calculate the propagation model for the neural impulse signal.
The electrical signal generated by neural activity must propagate through several layers
before it can be collected by the EEG. The layers, along with their electrical properties,
are shown in Table 2.
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Tissue Resistivity (Ωm) Conductivity (Sm−1) Density (kgm−3)
Brain 5 0.2381 1030
CSF 0.65 1.538 1060
Dura (Soft Tissue) 5.76 0.17361 1050
Hard Bone 160 0.00625 1850
Skin 2.3 0.43478 1100

Table 2: Electrical properties of various brain and tissue layers relevant to EEG signal
propagation [26,28]

To understand how neural activity attenuate as they propagate through different tissue
layers to reach EEG electrodes, we calculate the impedance of each layer. This helps
estimate the signal strength at the scalp and the number of neurons required to produce
a detectable EEG signal.

Best Case – For low-frequency signals typical of EEG (less than 100 Hz), capacitive
effects are often negligible compared to resistive effects. Using Ohm’s Law V = I × Z,
we calculate the minimum current Iscalp required at the scalp:

Iscalp =
VEEG
Ztotal

=
1× 10−6V

1.01301Ω
≈ 9.87× 10−7A

So, approximately 0.987µA of current is required at the scalp.

The signal attenuates significantly as it passes through tissue layers. Empirical studies
suggest that only about 0.1% (attenuation factor A = 0.001) of the cortical current
reaches the scalp.

Considering an attenuation:

Icortex =
Iscalp
A

= 9.87×10−7 A
0.001

= 9.87× 10−4A

So, approximately 987µA of current is required at the cortical level.

Estimate the current generated by a single neuron:

Cmembrane 1µF/cm
2 Asurface (Aneuron)

Assuming a cylindrical neuron:

L = 680µm = 6.8× 10−2 cm

D = 10µm = 1× 10−3 cm

Aneuron = πDL = π × (1× 10−3 cm)× (6.8× 10−2 cm) ≈ 2.136× 10−4 cm2

Cneuron = (1µF/cm2)× (2.136× 10−4 cm2) = 2.136× 10−4 µF
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Membrane potential change (∆V ) is approximately 100mV:

Q = Cneuron ×∆V = (2.136× 10−4 µF)× (100mV) = 21.36 pC

If the action potential lasts about t = 1ms

Ineuron = Q
t
= 21.36×10−12 C

1×10−3 s
= 21.36× 10−9A = 21.36 nA

So, each neuron contributes approximately 21 nA of current during an action potential.

Calculate the number of neurons N :

N = Icortex
Ineuron

= 9.87×10−4 A
21.36×10−9 A

≈ 46, 200

Given a signal recovery of 1 percent: Nadjusted = N
S
= 46,200

0.01
= 4, 620, 000

So, approximately 4, 620, 000 neurons need to fire synchronously.

Dipole Calculation – With a secondary calculation of dipole moment approach which
considers the electric potential generated by neural activity in a volume conductor, we
can get a theoretical range of the characteristics of observable neural activity.

The dipole moment pneuron of a single neuron is calculated as pneuron = Q · d where: Q =
1×10−12C is the charge separation during an action potential and d = 680×10−6m is the
length of the neuron. Calculating: pneuron = (1×10−12C)(680×10−6m) = 6.8×10−16C·m

The potential V at a distance r from a dipole ptotal in a homogeneous volume conductor
is given by: V = ptotal

4πσr2
Solving for ptotal where V = 1× 10−6V (detectable EEG signal),

σ = 0.33 S/m (average conductivity of head tissues), r = 0.08m (distance from cortical
neurons to scalp). ptotal = 4πσV r2 ptotal = 4π(0.33)(1× 10−6)(0.08)2 = 2.65× 10−8C ·m

Calculating the number of neurons N required: N = ptotal
pneuron

= 2.65×10−8

6.8×10−16 ≈ 3.9 × 107

Approximately 39 million synchronously active neurons are needed to produce a 1µV
EEG signal at the scalp.

Discussion – 39 million synchronously active neurons calculated as necessary to achieve
a theoretical 5− 10 percent signal recovery would limit us to a maximum spatial resolu-
tion of approximately 2 − 5cm which is similar to the observed limitations of 6-9cm [2].
This is because identifying the average signal location depends on concurrent firing of
neuron clusters, but it does not allow us to trace the signal pathway.

2.2 Limitations

Limitations in specific cognitive stimuli – Intuitively, it is then a difficult pro-
cess to trace, let alone interpret the neural density to reconstruct visual stimuli given
mammals such as the Etruscan shrew has neuron counts of around 1 million per hemi-
sphere [19] which facilitates senses such as touch, smell, and vision pointing towards a
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factor of spatial resolution required to process visual stimuli and perhaps multiple high
resolution imaging of how the brain is interpreting the visual stimuli in the estimated 4-6
billion neurons in the human visual cortex [32]. Perhaps the type of imaging required
to process human visual stimuli may be exemplified by Neuralink’s recent successes in
using intra-cranial EEGs as a high quality input device where “System A can record
1,344 of 1,536 channels simultaneously, with the exact channel configuration arbitrarily
adjustable during recording; System B can record from all 3,072 channels simultane-
ously” [18]. These systems achieve this using a needle density of 10.83 needles per mm²,
enabling movement resolution approximating a 100× 100 grid.

Sentiment Analysis However, while it may not be possible to interpret specific cog-
nitive functions, the use of EEGs in sentiment analysis proposes that perhaps we can
find generalized cognitive trends in certain activity types which may indicate a certain
emotion or reactions. As we look into this field, we come to two important questions:

1. How do we quantify emotions

2. How do we interpret emotions

These questions are often reduced to a scale of valence and arousal [17] which define “va-
lence(positive/negative, pleasant/unpleasant)[and] arousal(calm/excited)” [1] as a theory
of emotional measurement. However, even with a simplified model such as this, there
are not many models that can consistently provide accurate readings across different
datasets and individuals. This is exemplified in a much more studied field of EEG-Text
where several models have been found to have “consistent performance across EEG and
random inputs rais[ing] concerns about whether the models are genuinely learning text-
related information from EEG data.” [12] Furthermore, there is a concern raised on how
laboratory environment and the five concerns in eliciting emotion “Subject elicited vs
event-elicited, lab-setting vs real-world, expression vs feeling, open-recording vs hidden-
recording, and emotion-purpose vs other-purpose” [24] We can also see that generaliza-
tion/individualization is a issue in these studies, resulting from a 94.38-94.72 percent
accuracy rate to 68.14-63.94 percent accuracy on a binary classification [11] which would
imply that while there is some amount of learning present in the model, it may be ex-
ternal factors such as micro-muscular movements that may be the cause of the learning,
not the neural activity. Further concern on the methodology of the model training and
testing is exacerbated by the often lack of a code source for replication for peer review.
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3 Proposed Method

Figure 6: SVM with Soft Margins

In this paper, I propose a new EEG based sentiment analysis that would be generalizable.
The major difficulty of conducting and applying EEG studies mainly lie in the labeling
and collection phase. This paper aims to use a well-developed speech diarization technol-
ogy as a possible means to ground EEG data for binary sentiment analysis. Oftentimes,
EEG studies require participants to manually respond with their sentiment preceding the
initial introduction of a stimuli. However, the sample size of this collection method is gen-
erally low and furthermore presents difficulties when attempting to create a scalable and
generalizable model. Speech diarization was chosen on the basis that the participant’s
speech may indicate their internal preferences, allowing passive data collection without
direct intervention or test against a known stimuli. We used a 14 channel EEG (Emo-
tivEpocX) which utilizes a common-mode noise rejection system. The sampling rate is
set at 256Hz. For our audio, we used a Scarlet 6i6 (1st Gen) which was connected to a
XLR microphone. We collect a varied number of synchronized five second interval audio
and EEG. The reason for this is to increase confidence in the spoken words transcribe in
later processes. The audio is stored as a .wav file and the EEG is stored as a .csv format.
The recording of the EEG is stored as a 1300 by 14 time-series array.

3.1 Hardware

Figure 7: Version 1 with PIC32
Figure 8: Version 2 with ESP32
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The Amplifier For our paper, we created two custom low noise analog electrical
boards. The first version used a PIC32 micro-controller with a ADS1299 8-Channel
24-Bit Analog-to-Digital Converter while the second version used a much more accessible
ESP32 micro-controller with port interfaces with the same ADS1299. The inspiration
for this circuit mainly came from the Open-BCI circuitry. While these were promising
in their predictability, we found that hand soldering caused inconsistencies in operation,
leading us to use a standard 16 channel Emotiv Headset.

3.2 Filtering

ICA (Artifact Removal) Furthermore, more advanced methods such as Independent
Component Analysis (ICA) was used to remove muscle artifacts based on a threshold
kurtosis and correlation value.

Figure 9: Raw Signal Figure 10: Signal After ICA

Band Pass Removal of well-known frequencies sources of noise. (50Hz) for non-US
AC noise and (60Hz) for US AC noise with notch filter and bandpass at 0.5hz to 100hz.

3.3 Diarization and Synchronization

Using the previously created audio files, we used a Dynamic Time Warping analysis on top
of the Whisper model developed by OpenAI for second-by-second timestamps per each
word. The timestamps are used to find the initial point of reference and the previous and
preceding 500ms appended to the EEG data.

3.4 Classification

For our initial exploration, we used wavelet entropy and approximate entropy of the
previous and proceeding windowed data.
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Target Word by word analysis through the Afinn library was used for sentiment analysis
of the text labeled (0 and 1).

Training Support Vector Machines allows for an intersection between classification
and regression. It generally functions by optimizing a n-dimensional hyperplane that
effectively splits the data between categories. It is effective for dimensionally large input
features such as EEG features.

3.5 Results

With a small sample size of 528 words, we can observe around 97.169 percent accuracy in
binary classification between “Positive” and “Neutral”. When looking at a model trained
with data that is normalized for positive and negative inferences (balancing the training
set), we can see that it leads to an accuracy of 71.428 percent.

3.6 Conclusion

This method of sentiment analysis seems to show promising results. It seems that further
data collection would be required to validate the data in consideration of the relatively low
precision for true positives. Due to the extremely low use of sentiment indicative words
in normal conversation, we’ve found that merely 6 percent of the words could be used
for positive or negative indication. Future works would normalize sample distribution
for positive and non-positive training and testing sets with larger training data. An
exploration of multi-class classification would be an interesting direction of this research.
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