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Abstract— Impulsivity is the tendency to act without considering
consequences or without careful planning. It involves a quick
response to a stimulus without sufficient consideration of the
consequences. Impulsivity needs to be measured and detected
because it has a significant impact on various aspects of a person's
life. The factors that influence the level of impulsivity include
social environment, stress level, mental health, and genetic factors.
Impulsivity can be divided into multiple components, such as
reduced sensitivity to unfavorable behavioral outcomes, a
disregard for long-term implications, and quick and spontaneous
responses to stimuli. Electroencephalogram (EEG) studies can
identify specific brain wave patterns such as, Alpha, Betha, Theta,
and Gamma waves everything based on an individual brain's level
of impulsivity. Signals from the brain are processed to extract
specific features that reflect the user's intentions. EEG records
brain activity without surgery, and this information is used for the
diagnosis, monitoring, and treatment of neurological diseases, as
well as scientific research on the brain and mind. K-Nearest
Neighbor (KNN) is a classification algorithm that functions by
utilizing several K nearest data values (its neighbors) as a
reference to determine the class of new data. The K-Nearest
Neighbors (KNN) algorithm is used for classification, clustering,
and pattern recognition in EEG data where clustering is in 4
classifications (Impulsive, Not Impulsive, Potentially Impulsive,
and Very Potentially Impulsive). This classification model shows
high accuracy (Training Data: 94.7%, Testing: 91.3%, and
Validation Data: 91.8%). This research shows that the KNN
algorithm is effective for assessing the degree of impulsivity.

Keywords: Impulsivity, EEG Signal, K-Nearest Neighbors,
Brainwaves, Classification.

l. INTRODUCTION

Assessing a person's level of impulsivity is important as it
can significantly impact their quality of life in various areas.
Impulsivity can be categorized into different components, such
as a reduced sense of consequences for bad behavior,
negligence towards long-term effects, and an instant, unplanned
response to stimuli. However, given that impulsive behavior
might lead to distractions from relevant conversations or swift
reactions to irrelevant ones, It's feasible that involvement could
not be necessary [1]. One of the most controversial areas of
human technology is the identification of lying, which has
significant implications in ethical, legal, and medical

contexts[2].

The scientific community has recently expressed a growing
interest in this arealmpulsive people have several traits,
including heightened distractibility, acting carelessly, having
trouble reining in incorrect reactions, and overreacting to
rewards that come in the short term[3]. An
Electroencephalogram (EEG) test can be used to gauge an
individual's impulsivity.

Electroencephalogram (EEG) captures the electrical
activity of the brain, which aids medical professionals in
determining whether there is a disruption in the brain region
linked to impulsivity[4]. Because they exercise
critical thinking, exercise self-control, consider the
repercussions of their actions before acting, and are more alert,
those with lower levels of impulsivity are typically more
cautious. However, impulsivity is affected by several factors,
including genetics, stress, mental health, and social and
environmental influences.

Researchers frequently employ electroencephalogram
(EEG) and brain-computer interface (BCI) to analyze and
identify brain activity, including forecasting the emations that
occur [5]. The level of impulsivity can be measured through
various methods and evaluation tools that have been developed
by researchers and professionals in the field of psychology.

Based on the survey results, the level of consumer
impulsivity measured through indicators of spontaneity, seeing
buying immediately, acting without thinking, and buying now
shows that consumers tend to be easily tempted to buy products
without careful consideration [6]. Signals from the brain are
processed to extract specific features that reflect user
intentions[7].

Electroencephalogram (EEG) records brain activity without
surgery, and this information is used for the diagnosis,
monitoring, and treatment of neurological diseases, as well as
scientific research on the brain and mind[8]. Measuring the
brain's response to a stimulus using Electroencephalogram
(EEG) has become one of the commonly used methods in
cognitive neuroscience. This method relates physiological
activity to information processing, sensory, perceptual, and
cognitive activity[9].
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Electroencephalogram (EEG) studies can identify specific
brain wave patterns such as, Alpha, Betha, Tetha, and Gamma
waves all depending on the level of impulsivity of a particular
brain.

By studying the characteristics of electroencephalogram
(EEG) waves, researchers can understand various mental states,
such as levels of focus, relaxation, and awareness.
When we're awake, eyes closed, and calm, the brain is in charge
by alpha waves (8-13 Hz). Beta waves, which range from 14 to
30 Hz, become more active while we concentrate. During light
sleep, drowsiness, or stress, theta waves (4—7 Hz) appear. Deep
sleep is accompanied by delta waves (0.5-3 Hz), while gamma
waves (30-50 Hz) signify a fully conscious state [10]. The P300
component proved to be a reliable indicator of key brain states
[11]. The P300 reflects the brain's response to an unexpected
stimulus or requires additional cognitive processing. Some
studies suggest that theta wave frequency in an
electroencephalogram (EEG) may be related to impulse control.

The use of electroencephalograms (EEGS) began in 1924
when Hans Berger, a German physiologist and
psychiatrist, recorded the electrical activity of the human brain
for the first time. This discovery was later confirmed and
developed by other scientists. In 1935, Gibbs, Davis, and
Lennox discovered the interictal spike-wave and 3 Hz spike-
and-wave complex in the absence of seizures. Gibbs and Jasper
also found interictal spike waves as a clue to focal epilepsy [12].
Along with the advancement of  technology,
electroencephalogram (EEG) machines and examination
techniques have progressed rapidly. Initially,
electroencephalogram (EEG) machines used pen techniques
that directly printed recordings on paper. These days, direct
processing of brain electrical data is made feasible by
computers. This allows the preparation of various montages in
the same unit of time [13].

The tool developed is the electroencephalogram (EEG),
which can capture the brain's electrical activity and inform the
state of mind, such as emotion, alertness, concentration, and
fatigue. In EEG-based BCI applications, the shift of correlated
variables to independent variables is the most common case
when incorporating different distributions of training and
testing samples [14]. In this case, this research will focus on
developing a classification method using the K-Nearest
Neighbor (KNN) algorithm to analyze EEG signals and identify
the level of Impulsivity. K-nearest neighbor (KNN) is a
classification algorithm that works by taking several K nearest
data values (its neighbors) as a reference to determine the class
of new data [15].

The reason for why using this K-Nearest Neighbor
(KNN) method, is that it has the advantage of being able to
classify unknown employee candidate data in the presence of
training data and test data [16]. K-Nearest Neighbor (KNN)
can perform mathematically based procedures to evaluate the
value of these criteria into a classification statement. This
method can classify data accurately by first selecting the value
of K-nearest neighbors appropriately. K-Nearest Neighbor

(KNN) can also sort out candidate data sets that are classifiable
into good, best, and poor[17].

Previous researchers (Decoding Neural Signatures:
Develop Drug Addiction Level through Electroencephalogram
(EEG) Patterns based on Adaptive Neuro-Fuzzy Inference)
have used the Adaptive Neuro-Fuzzy Inference System
(ANFIS) method to classify drug addiction levels based on EEG
patterns. The ANFIS method offers a high degree of accuracy
and good adaptability[18]. However, the current research
proposes using the K-Nearest Neighbor (KNN) method. This
method has several advantages over ANFIS, especially in terms
of effectiveness for large data, robustness to noise, and ease of
implementation. KNN is more suitable for situations with large
amounts of data and high levels of noise due to its simplicity
and ease of implementation.

Il. METHODS

EEG Recording Setup
Data Preprocessing

Feature Extraction

|

Fig 1. Flowchart EEG

A. Data Collecting

The method was conducted through data collection in one
of the correctional institutions in North Sumatra in
collaboration with Prima Indonesia University and Padjajaran
University Bandung. The experiment involved 21 male subjects
aged between 20 to 30 years old. The purpose of this
Electroencephalogram (EEG) experiment is to group the
subjects into 4 classifications based on their respective levels of
impulsivity.

The human brain is a complex and mysterious organ. Its
activity can be studied in various ways, one of which is by
recording its electrical activity. This recording is done using
tools and materials such as Win EEG software, amplifiers, gels,
and electrocap. The electrocap, which is equipped with many
electrodes, is attached to the scalp. These electrodes serve to
capture the electrical signals generated by the brain. These
signals are then amplified by an amplifier and recorded by the
Win EEG software. Gel was used to increase the contact
between the electrodes and the scalp, making the signals
clearer.

B. Prepocessing Data

This experiment was conducted for two minutes with eyes
closed. The electrodes were placed right on the subject's head
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using a fastening device in the form of a belt. To collect data
and life history information from each subject, the researcher
used the interview technique can be seen in Figure 1 below:

Fig 2. Electrical Activity in the brain

The Electroencephalogram (EEG) recorder must be
controlled by a computer in order to analyze the collected data.
The condition of the room—which is devoid of outside
distractions like light and sound—also affects the outcomes.
Appropriate documentation sessions were employed when the
subjects' behavior during the experiment was being observed.

Electroencephalogram (EEG) software is used to analyze
and interpret recorded data and brain activity.Mitsar provided
the Electroencephalogram (EEG) data used in this experiment.
Two of the twenty-one electrocap channels—A1 and A2—were
auricle electrodes. The remaining electrocap channels were
distributed around the scalp in designated places. The left ear
area is where electrodes Al and A2 were positioned. A2 was
positioned in the area of the right ear. For the electrodes in the
ear or auricle, a composite reference electrode is utilized can be
see in figure 2 :

Fig 3. Mitsar EEG

In the field of data processing, the K-Nearest Neighbor
(KNN) algorithm is one of the classification techniques that
classifies a set of data based on classification information or
labels from previous learning data. KNN belongs to the
category of supervised learning, where new data is classified
based on most similarities with the existing categories around it
in the KNN group.

The steps to calculate the K- Nearest Neighbor method are
as follows: Determining the K parameter,Calculating the
distance between training data and testing data, Sort the
distance formed, Determining the closest distance to the order
K, Pairing the corresponding classes, Find the number of
classes from the closest neighbour and set that class as the data
class to be evaluated.

The simplest data mining technique, one of which is KNN.
It is commonly referred to as memory-based classification, i.e.
the training data needs to be in memory at run-time. When

dealing with continuous attributes, the difference between the
attributes is calculated using Euclidean distance. If the first
instance is (al, a2, a3, ..., an) and the second instance is (b1, b2,
b3, ..., bn)[19], then the distance between them is calculated
using the equation:

d= \/(al + b1)2 + (az +b2)2 (ant bn)2

where: a: test data, used to test the modelling generated from
the training data, b: training data, used to find the right
modelling, n: nth data.

Fig 4. Block Diagram (Brain Computer Interface)

Stimuli were administered to 21 subjects at the beginning of
the Brain-Computer Interface (BCI) process, Mitsar 201 EEG
Amplifier, which has 21 channels, was used to record brain
signals with high accuracy after the stimuli were administered.
Preprocessing was done to remove noise. Preprocessing is done
using filters to filter out the required signals[20].

The K-Nearest Neighbors (KNN) algorithm is used to
perform the classification process, this algorithm clusters and
finds patterns in the data created by the brain. Next, the
classification results pass through an impulsivity level
interface. This interface allows the system and the user to
interact with the BCI system and allows an impulse level
interpretation or response to the classification results. As the
final element of the block diagram, the user can provide
additional instructions or receive feedback that is based on the
impulsive response of the system. Overall, this procedure
results in a system that can link brain activity affected by stimuli
with impulsive level responses. This is achieved through the
processes of data acquisition, filtration, feature extraction,
classification, and user interface located within the Computer
Brain Interface structure.

1. RESULTS AND DISCUSSION

A. Data Classification

In the initial stage of analysis, the raw
Electroencephalogram (EEG) data will be classified based on
the brainwave type for each subject. Furthermore, the data will
be grouped into 4 categories of impulsivity, namely, Impulsive
(Range 16.35-21.83), Potentially Impulsive (Range 10.9-
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16.35), Potentially Impulsive (Range 5.45-10.9), Not Impulsive
(Range 0-5.45). This grouping is done to facilitate the analysis
and interpretation of EEG data related to the level of individual
impulsivity can be see in Figure 5:

[

il M’ i i.,n\‘?m!hﬂﬂ\\'%‘nﬁrl Wbveydaibife

Fig 5. Data Classification
B. Data Filtering
This research began by collecting initial data from the
research subjects. The data obtained is still raw and contains
high noise. Therefore, the researchers used a BPF (Band Pass
Filter) filter with a frequency range of 0.5 to 50 Hz to improve
the data quality. BPF is designed to select signals in a specific
frequency range, such as alpha, theta, beta, and other waves.
The purpose of applying a BPF filter is to remove unwanted
noise and focus the analysis on specific brainwaves. The
displayed image shows the impact of BPF on the data. The BPF
successfully removed unwanted noise, making the data cleaner
and easier to analyze. This result allowed the researchers to
focus on analyzing the desired brainwaves and produce more
accurate findings can be seen in Figures 6 and 7:

S-UNG. & WE) RD 9-908 f wommEs.L.d BEBE LR

Fig.7 Data after filtering

This research focuses on five types of brainwaves: alpha,
theta, delta, beta 1, and beta 2. Particularly in the eyes-closed
condition, the dominant wave type will change according to the
state of the subject. When the subject is very sleepy and

experiencing light sleep, theta waves will be the most active.
When the subject starts to relax or enters the resting phase,
alpha waves will increase. In contrast, beta waves dominate
when the subject is performing daily activities, while delta
waves appear when the subject is asleep or meditating. By
observing the changes in these dominant wave types,
researchers can understand the subject's mental state and
activity level.

To obtain classification results, 50% of training data, 25%
of testing data, and 25% of validation data were used to measure
the accuracy of the data. The interval value is used in
determining the summation result of each classification class.
The data that has been classified is then tested again using the
KNN method to determine the level of accuracy.

Average Electroencephalogram (EEG) data from various
subjects, measured with different frequencies (Delta, Theta,
Alpha, Beta 1, and Beta 2). Each subject was labelled with a
specific class, which contributed to the level of impulsivity
associated with neurological conditions, cognitive conditions
such as S2, S6, and S9 that displayed higher values in some
waves, indicating potential differences in neural patterns. The
different categories that occur with each subject are labelled in
classes in the table. On analysing the Electroencephalogram
(EEG) data alongside these class labels can relate to specific
conditions, potentially revealing underlying patterns. The
results showed that subjects S2, S6, and S9 had very high
Electroencephalogram (EEG) wave values. This proves that
each subject has a unique or different neural pattern compared
to other subjects, which can be seen in table 1.

TABLE I. FEATURE COMPARISON RESULTS OF EACH SUBJECT

Subject Delta Theta Alpha Betal Beta2 Total
S1 2.715 2.699 4.832 1.364 1.311 12.922
S2 3.788 3.156 5.481 1.728 1.423 15.788
S3 2.549 1.898 3.011 1.084 1.064 9.606
S4 2.152 1.653 3.577 1.726 1.2.69 10.378
S5 2.466 1.954 4.753 1.671 1.748 12.576
S6 5.757 3.871 5.034 2.038 2.087 18.788
S7 2.101 1.808 3.906 1.500 1.534 10.85
S8 1.607 1.793 2.944 1.321 1.763 9.403
S9 5.022 2.967 6.446 1.978 2.532 18.947
S10 3.05 2.197 2.754 1.392 1.356 10.751
S11 3.222 2.083 2.892 1.064 1.346 10.61
S12 4.42 2.601 4.84 1.568 1.753 15.185
S13 4.432 2.017 2.029 1.195 1.106 10.782
S14 3.257 2.369 2.404 1.69 1.395 11.118
S15 2.843 2.064 1.961 0.928 1.051 8.849
S16 3.246 2.266 3.78 1.834 1.613 12.745
S17 4.169 2.923 3.206 1.221 1.172 12.69
S18 25 1.754 3.094 1.263 1.304 9.918
S19 2.503 1.707 2.734 1.16 1.251 9.356
S20 3.52 2.29 3.014 1.707 1.743 12.276
S21 3.073 2.329 3.495 1.728 1.941 12.569

C. Data Visualisation

The results of Electroencephalogram (EEG) data
visualisation using the KNN method that can help us understand
the patterns and graphs found by KNN in EEG data can be seen
in the figure 8.
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Fig. 8. Data Visualisation.

D. Confusion Matrix Graph Model

Confusion Matrix is a table that shows the performance
of the classification model in predicting data labels.

In the first column (True Class), 94.9% of the data
belongs to the Potentially Impulsive class, 5.1% of the
data belongs to the Highly Potentially Impulsive class,
and 100% of the data belongs to the Not Impulsive
class.

The Predicted Class shows the prediction results of
Potentially Impulsive data, 94.9% are categorised
correctly, and 5.8% are categorised as potentially
impulsive. Of the potentially impulsive data, 95.0%
were categorised correctly, and 5.0% were categorised
as potentially impulsive.

True Positive Rate (TPR) is the proportion of positive
data that is correctly categorised. For the potentially
impulsive class, the TPR was 94.2% and for the highly
potentially impulsive class, the TPR was 95.0%.

False Negative Rate (FNR) is the proportion of positive
data categorised as negative. For the potentially
impulsive class, the FNR is 5.8%, and for the very
potentially impulsive class, the FNR is 5.0%. Based on
Figure a and Figure b, both models show good
performance in classifying the data. We can see the
confusion matrix model in Figure 9.

Predictions: model 1.6

Fig.9. Evaluation Matrix.

E. Scatter Plot

Matlab scatter plot is a graph used to visualise the
relationship between two variables. In figure b the X-axis is the
value predicted by the model for each data and the Y-axis is the
true value of each data. Green colour indicates potentially
impulsive results, the more green dots the better or more
accurate the model performance. Red colour is potentially
impulsive and yellow colour is not impulsive. We can see the
confusion matrix model in Figure 10.

S sangat Berotensi Impulst

Model 1.6

Berpotensi Impulsif

Ticak Imputsif

Borpotensi ImpulsiSangat Bamotens: impulsi  Tdak Impusif
Predicted Class

Fig. 10. Scatter Plot.

F. ROC (Receiver Operating Characteristic).

Receiver Operating Characteristic (ROC) is a visual
representation to assess the performance of a
classification model.

ROC displays the relationship between TPR and FPR
across different model classifications, TPR indicates
the proportion of positive data that is correctly
predicted, while FPR indicates the proportion of
negative data that is incorrectly predicted as positive.

The higher the ROC curve, the better the model's ability
to distinguish between positive and negative.

In figure ¢ the area under the ROC curve (AUC)
summarises the performance of the model, with AUC =
0.99 indicating that the classification model is better,
the higher the AUC value, the better the performance
of the classification model. We can see the ROC Model
in Figure 11.
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Model 1.6
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Fig. 11. Receiver Operating Characteristic (ROC).

V. CONCLUSSION

This study classifies subjects into four levels namely, not
impulsive, impulsive, very potentially impulsive, and
potentially impulsive. This classification model showed high
accuracy (Training Data: 94.7%, Testing: 91.3%, and
Validation Data: 91.8%). To improve accuracy, this study
must be expanded to include a bigger and more diverse sample
and to incorporate additional data. The findings are potentially
useful for improving impulsive behaviour intervention,
educational program development, and further impulsivity
research.
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