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Abstract

This work presents two investigations of clustering human behaviors resulting from sub-

stance use which are interpreted from graphs created using unsupervised machine learning.

These investigations involve two datasets namely, the clinical assessments dataset and the

brain-computer interface experiments dataset. The clinical assessments dataset is obtained

from the National Survey on Drug Use and Health online database which is based on the

Diagnostic and Statistical Manual version 5.0 (DSM-5) of mental health disorders. On the

other hand, the brain-computer interface experiments dataset is obtained from an experiment

of recording electroencephalogram (EEG) signals from volunteers while they consume alco-

holic beverages for a specific period of time. The advantage of using unsupervised machine

learning in this study is that it is capable of automatically searching for hidden patterns or

groupings resulting in correlations within the dataset. These correlations are shown in the

clustering graphs that visualize the relationships among human behaviors for analysis. In

the clinical assessments dataset, we deduce the corresponding human behaviors from the

data correlations shown in the clustering graphs. These interpretations are then validated

by a mental health professional. In the brain-computer interface experiments dataset, the

recorded EEG signals are analyzed using signal processing, and the corresponding human

behaviors are deduced. These behaviors are then validated using the clustering graphs re-

sulting from unsupervised machine learning.
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1. Introduction
The rapid growth in SUDs has made it more difficult to contain and deal with the dangers

they pose. The drugs ”hijack” the system and induce potent forms of reinforcement learning

which results in aberrant and negative consequences [1, 2]. It is however noticeable that

a lot of effort has been undertaken to help tackle the effects associated with SUD. The in-

troduction of machine learning and standard tests to the field of psychiatry has immensely

improved the efficiency of diagnosis as researchers can collect real-time data to identify

target groups for interventions [3], thus making it easier to detect a person with or without

SUD. However, the major limitation of these methods is that they have not fully explored the

neurocognitive behavior of people with SUD. This study proposes an EEG-based method

for correlating SUD status and a person’s brain signal activity to further understand behav-

ioral patterns associated with each type of substance dependence based on DSM V criteria

for SUD. This approach will make use of a Brain-Computer interface to carry out experi-

ments for harnessing EEG signals to further understand the AUD status of people who drink

alcohol.
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1.1 Background

1.1.1 Clinical assessments for SUD

Substance use disorder (SUD) is a major concern to the health sector due to the many harm-

ful effects it causes to the individual. The drugs induce reinforcement of negative behaviors

that include drug-seeking and drug-taking [1]. Due to the serious consequences of these

substances to the user, it was imperative to implement predictive measures that can help

manage individual behavior. Machine learning is becoming a popular predictive tool in psy-

chiatry given the clinical data related to SUDs [3]. Such that given new data, the user can

be diagnosed from the machine learning model that was created from the existing data.

Many of the related studies have adopted means to diagnose whether a person has SUD

or not based on some deterministic and predefined set of characteristics. The use of drugs

and substances has led to subjects becoming reliant on them thus causing SUD, which im-

mensely impacted brain activity and the resulting behavior. There are distinct differences

in how SUD affects the body, and there exist correlating effects of different substances on

particular human behaviors [4]. These are standardized by the Diagnostic and Statistical

Manual (DSM) of mental disorders [5] that is used as a guide in analyzing clinical data for

SUD.

1.1.2 Brain-Computer Interface Experiments

AUD is a type of SUD that is caused by consistent consumption and severe use of alcohol

that can induce clinically significant impairment and distress patterns [6]. It remains the

most chronic and highly prevalent disorder that contributes to adverse problems globally [7,

8]. Different drinking patterns exist, but those associated with AUD include binge drinking

and heavy alcohol use for legal drinkers. Consumption of 5 or more alcoholic beverages

for men and 4 or more for women in a short span at least once a month defines binge

drinking [9]. Having 5 or more drinks on any day or 15 or more per week for men defines

heavy alcohol use. Similarly, having 4 or more drinks on any day or 8 or more per week

describes heavy alcohol use in women. Drinking patterns associated with heavy alcohol use

include extreme binge and heavy drinking [10, 11]. Individuals may project different AUD

severity levels namely, mild, moderate, and severe symptoms depending on the number of

diagnostic criteria endorsed [12] as standardized by the DSM 5 criteria of of mental health
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disorders. These are influenced by the user’s inability to manage alcohol craving, tolerance,

and withdrawal [13, 14]. The manifestation of these symptoms causes severe cognitive,

behavioral, and psychological problems if early intervention is not administered [15].

Different conventional screening tools, such as standardized questionnaires and clinical

assessments, have been proposed by mental health professionals to aid in diagnosing AUD.

However, these self-test assessments are manual, subjective, and less accurate as there is a

potential lack of honesty or memory impairment of the alcohol user in relation to their total

consumption [16, 17]. Therefore many studies have adopted automated screening methods

like EEG and machine learning to understand the brain activity of alcoholics. These tools

have proven promising results in classifying a person’s AUD status [18]. EEG is a non-

invasive method of brain-computer interface (BCI) that measures the electrical activity of the

brain. BCI enables an interaction between the brain and various machines by using devices

that can collect and interpret the signals. To achieve this communication, the electrodes of

an EEG brain wear are placed on the scalp of an individual to record the activity of the brain

in real-time with high accuracy and safety [19, 20].

Alcohol evokes some significant cognitive and behavioral changes in the human brain

and thus with the help of EEG, crucial information about a person’s AUD status can be

interpreted. These transitions can be analyzed and interpreted using machine learning and

deep learning models [21].

1.2 Problem Statement

Clinical assessments on substance use disorder have been complied by mental health pro-

fessionals for many years, in hundreds of thousands entries in the dataset. Machine learning

methods applied to those datasets mostly used supervised machine learning, with the as-

sumption that the model is fed with the correct answer. This approach is not feasible all

the time. Direct measurements of brain signals as a result of alcoholic beverage stimulus

generates hundreds of thousands entries in the dataset as well, and would require machine

learning methods to analyze them.

Our study aims to address the problems stated above by proposing the following:

1. Use an unsupervised machine learning method to cluster the effects of substance use

through correlations of features within the clinical assessment dataset. The advantage
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of this method is that it does not require knowledge of the correct answer, instead the

machine learning model automatically search hidden patterns or groupings within the

dataset.

2. Perform experiments to record brain signals from persons as they consume alcoholic

beverages at an increasing amount for a specified period of time. We first analyze

the features of the recorded brain signals using signal processing methods, and then

confirm the results by correlating these features using unsupervised machine learning.

1.3 Aim and objectives

1.3.1 Aim

The main aim of this research is to study substance use disorders by correlating clusters

based on hidden patterns within a given dataset. This approach is performed using unsuper-

vised machine learning. The two datasets used in this work are:

1. Clinical assessments for substance use disorder based on DSM 5

2. EEG experiments using alcoholic beverages stimuli to volunteers with increasing con-

sumption at a given time

1.3.2 Research Objectives

1. Unsupervised machine learning in clinical assessments dataset

• Collect and process dataset from the National Survey on Drug Use and Health

based on the Diagnostic and Statistical Manual 5 of substance use disorder

• Apply unsupervised machine learning to establish the correlation of features

within the dataset

• Correlations shown in the graphs are interpreted as human behavior as a result

of substance use

• Validation of the human behavior interpretations by a mental health professional

2. Unsupervised machine learning in EEG experiments dataset
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• Record EEG signals during experiments with alcoholic beverage stimulus con-

sumed by volunteers

• Apply signal processing to features of the dataset and analyze the corresponding

human behavior as a result of alcohol use

• Apply unsupervised machine learning to establish the correlation of features

within the dataset

• Correlations shown in the graphs are interpreted as human behavior as a result

of alcohol use

• Validate the human behavior established from correlations versus human behav-

ior analysis based on signal processing features

1.4 Hypothesis

Through the use of unsupervised machine learning, clusters or data patterns can be estab-

lished that shows correlation of features within the dataset. The generated graphs through

unsupervised machine learning can be analyzed and interpreted to deduce resulting human

behaviors as a consequence of substance use. Two datasets will be used: clinical assess-

ments dataset and brain-computer interface experiments dataset. These datasets will be used

to investigate the proposed method.

1.5 Significance of the Study

This research aims to provide an understanding of the brain signal activity of individuals

and their SUD status when given a stimulus. It will bridge a gap between the correlation of

clinical assessments of SUD as well as the neurocognitive behavior of individuals exhibited

when they are under the influence. This work uses alcohol as the addictive stimuli in the

experiments because, at the time of the study, it was the only legal substance. This can lead

to better intervention on SUDs by mental health professionals by providing:

1. Efficiency in the diagnosis of SUD among subjects.

2. Assisting mental health professionals with better diagnosis.
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3. Early treatment.

4. Increased understanding of brain activities of a person with SUD.

1.6 Contribution to the body of knowledge

This research study contributes to the body of knowledge by the use of unsupervised ma-

chine learning to:

1. Analyze data from the NSDUH 2019 based on the DSM 5. To the best of our knowl-

edge, this is the only work that processed the data from NSDUH 2019 and used unsu-

pervised machine learning to model them.

• Unsupervised machine learning is important in this kind of study because it al-

lows the model to create its classification based on the data correlations, instead

of assigning the target labels beforehand.

• At the time of the study, NSDUH 2019 was a more recent database with 56,137

entries. DSM 5 is more current and is widely used by mental health professionals

in classifying SUDs.

• The result of this study is an automated classification in terms of SUD based on

DSM 5 and is validated by a mental health professional.

2. Analyze AUD severity levels of people who drink alcohol, with data from BCI ex-

periments using alcohol stimulus and AUDIT assessment scores. This study aims to

identify the potential risk of current alcohol consumption and the transitions that oc-

cur as the amount of alcohol increases. To the best of our knowledge, this is the only

work that processed EEG data from alcohol-drinking experiments and used unsuper-

vised machine learning to model them.

The reason for choosing the unsupervised machine learning method in this study is be-

cause the data provided in the NSDUH database and the one harnessed from EEG alcohol-

drinking experiments do not have target labels in terms of SUD or non-SUD. The unsuper-

vised method allows us to make classifications based on data correlations without the need

to predefine class labels before processing.
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1.7 General Outline Of the Thesis

The general outline of this thesis will be structured as follows:

Chapter 2 - Literature Review

In this chapter, detailed review of the relevant studies that have adopted and applied

machine learning and EEG methods to diagnose SUDs will be introduced.

Chapter 3 - Methodology

This chapter will show the proposed model structure and extensively describe the tools

and outline the process used to derive the required output. It will provide a detailed de-

scription of the approach in correlating clinical assessments from an online database and

brain-computer interface experiments using alcohol stimulus. The results will be clustered

using unsupervised machine learning.

Chapter 4 - Results and Discussions In this chapter, the graphical visualizations of the

results will be shown for:

• Clinical assessments for SUD

• Brain-computer interface experiments using alcohol stimulus

The different approaches used to analyze data will be shown, including the observations,

and the interpretations of the results. A full discussion of these results is provided in this

section.

Chapter 5 - Conclusions and Future Direction

This chapter presents the major conclusions drawn from the study, including the recom-

mendations for further work.
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2. Literature Review
In this chapter, the detailed literature review is discussed which is subdivided into two sec-

tions.

2.1 Clinical assessments for substance use disorders

In the following paragraphs, this work presents studies in general addiction using supervised

machine learning, the algorithm used to model the status of addiction, and the corresponding

dataset used. None of these studies used DSM criteria. These studies are summarized in the

first part of Table 2.1. A study by [29] introduced the development of a decision support

system for detecting drug abuse using artificial neural networks (ANN) in which the experi-

mental results obtained a classification accuracy of 98.42% for correct diagnosis. Data were

obtained from 184 cases of individuals with SUD who were assigned with a set of questions

compiled by specialists. In this study, a simple mechanism to help an investigator and fam-

ilies identify individuals with SUDs was deployed which would provide adequate informa-

tion on the symptoms those individuals experienced. This machine-learning algorithm was

used to find out if a person meets the criteria for SUD or not. An examination of the ability

of machine learning methodologies to predict nicotine dependence was adopted by [30] in

which they developed a classifier for female smokers. The study was aimed at determining

how accurate machine learning would be in classifying the water-pipe smoking behaviors

of women. As mentioned in the study, the authors opted to use support vector machines and

decision trees to predict the level of nicotine dependence due to the difficulty of deploying

unsupervised learning for the study. To supplement research on using machine learning for

addiction studies, [31] proposed a method to predict alcohol use disorder (AUD) from elec-

tronic health records which utilized supervised learning. The study developed an automated

classification model using supervised learning algorithms to classify data between alcohol

use disorder (AUD) positive and AUD negative. The performance was measured using var-

ious metrics to verify the results. In the next few paragraphs, a discussion is presented for

studies in mental health disorders using unsupervised machine learning, the algorithms used

to model the mental health disorders, and the corresponding datasets used. Only one of the
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studies presented used DSM criteria. A summary of these studies is shown in the second

part of Table 2.1. The study [22] established a method that utilized the application of vari-

ous machine learning algorithms to identify the state of mental health in a target group. It

modeled the subjects’ answers to a questionnaire using unsupervised machine learning. It

formed relevant clusters that were verified by mean opinion score. Classification models

were labeled that predicted the mental health of individuals. The study adopted k-means,

hierarchical, and k-medoids clustering techniques. Due to little practical guidance available

to measure the prediction strength of unsupervised machine learning cluster models, [23]

proposed an extension of the cross-validation procedure to evaluate the quality of the clus-

tering algorithm and to predict cluster membership for new data points. The paper focuses

on understanding, how good the model is or to what extent had the model correctly assigned

new data points to a relevant cluster, and measures the prediction strength of the model. It

used k-fold cross-validation to calculate the probability of occurrence of the labels in both

the training and testing data. The study further utilizes root mean squared error (RMSE)

and mean absolute percentage error (MAPE) to evaluate the prediction strength of the algo-

rithm. Calinski-harabasz score was used to obtain the optimal number of clusters and the

model was tested using k-means. It identified three clusters for the emotions dataset, four

clusters for the chronic disease dataset, and five clusters for the yeast dataset. The research

showed promising results with an overall RMSE of less than 0.075 and MAPE of less than

12.5% for the three datasets. Identification and analysis of behavioral phenotypes in autism

spectrum disorder (ASD) were carried out by [24] in which an unsupervised machine learn-

ing model was applied to ASD subgroups and their taxonomic relationships. In this study,

a Gaussian mixture model was implemented and revealed 16 subgroups from a sample of

n=1034 that was a subset of N=2400 of children with ASD. This portion of the trial was

used as retrospective treatment data and the responses were examined using linear regres-

sion to understand how each sub-unit responded to varying treatment intensity. Hierarchical

agglomerative clustering was performed before fitting the data into the regression model and

the results revealed two overlying behavioral phenotypes. Within these patterns, unique and

significantly low profiles contained subgroups that differed in severity. The high variance

shown by regression models indicated that clustering provides a basis for similarity which

would be ideal for administering treatment based on these cluster memberships. Finally,

this work presents, in the next few paragraphs, mental health disorders using supervised
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machine learning and statistical methods, and the corresponding datasets. All of the studies

presented used DSM-IV and -5 criteria. A summary of these studies is shown in Table ??.

According to [32], there are distinct cognitive and neurobiological attributes between types

of substance abuse. It compared opiate and stimulant addictions even though a full under-

standing of their specific effects has been limited by high poly-substance dependence. This

study is an attempt to identify behavioral markers that can classify heroin and amphetamine

dependence by using machine learning. A total of 222 participants had to meet a certain cri-

terion as per the DSM-IV criteria [33] for drug addiction. The majority of subjects were in

protracted abstinence and were classified across four different measures which include psy-

chiatric, neuro-cognitive, demography, and personality. A total of 54 predictors under these

classes were used and machine learning revealed substance-specific multi-variate profiles

which classified heroin dependence (HD) and amphetamine dependence (AD) with high ac-

curacy. Psychopathy emerged as the only classifier common to both types of addiction. A

two-fold purpose was carried out by [34]. The main goal was to assess the reliability, valid-

ity, and classification accuracy of the DSM-5 diagnostic criteria for gambling disorder (GD).

The second goal was to compare DSM-5 and DSM-IV on the above-mentioned parameters.

Data comprised of two groups of subjects with GD and without GD. The results of reliabil-

ity and classification accuracy are better in DSM-5 than DSM-IV. In terms of comparison,

the study showed more similarities than differences between DSM-IV and DSM-5. These

conclusions were achieved by initially computing values of the three indices for DSM-5 and

then secondly comparing the psychometric measures of the two diagnostic criteria. Lastly,

DSM-5 shows more superiority over DSM-IV for reliability, validity, and classification ac-

curacy after removing subjects without GD. A study by [35] proposed an item response

theory analysis to measure the performance of AUD and the quantity-frequency of alcohol

consumption based on DSM-5 criteria. The main objective of the study was to examine

the efficiency in terms of the overall diagnostic utility and the threshold, discrimination, in-

formation value, and differential criterion functioning of the DSM-5 criteria for AUD. Of

the different patterns of alcohol use, the research focused solely on 5+/4+ binge drinking

which was assessed at different levels of frequency. The results showed in-variance cri-

teria amongst the different subgroups while also confirming the support for reliability and

validity of DSM-5 concerning AUD (which included the 5+/4+ binge drinking). In addi-

tion to the above studies, more recent studies that have also established the application of
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machine learning to SUDs are discussed. According to [25] machine learning was used to

identify health, psychiatric, psychological, and contextual features that are essential for the

prediction of SUD. These behavioral markers were also utilized to predict individuals with

a high risk of developing SUD. A total of 600 participants ( 494 male and 206 female )

were recruited and administered a questionnaire across several assessment waves that were

carried out at the ages of 10-12, 12-14, 16, 19, and 22. The study used a random forest

classifier to examine the characteristics that are mostly associated with SUD and thirty of

those variables strongly emerged as the strongest predictors for SUD. The results showed

that in 10-12-year-old youths, the features predicted SUD with an average of 74% which

increased to 86% for the youth at the age of 22 years. Compared to other machine learning

algorithms, the random forest classifier had the best performance in predicting individuals

at risk of developing SUD between the ages of 10-22. The examination of clinical and

functional characteristics as predictors of AUD levels was carried out by [26]. The study

establishes the extent of alcohol use, comorbidity, and impairment on the mild, moderate,

and severe AUD levels. A total of 588 participants aged 18 and above recruited from 2016

to 2019 were assessed for DSM 5 AUD for current substance use. In this work, multinomial

logistic regression was used to examine the association between potential validators, psy-

chiatric disorders, functional impairment, and the three AUD levels. The results indicated

that craving, binge-drinking frequency, problematic use, and harmful drinking had a more

significant possibility of being associated with the three AUD levels compared to the refer-

ence group that had no AUD or any other substance use. It was reported that all the potential

validators were also associated with severe effects of AUD more than the mild and moder-

ate effects of AUD. A study by [28] proposed a method to assess the degree of the existing

relationships between the older and newer generations of illicit and prescription drugs. A

total of 36,309 adults from wave 3 of the National Epidemiologic Survey on Alcohol and

Related Conditions (NESARC-III) dataset aged 18 and above were assessed to evaluate the

occurrence of the comorbidity between DSM 5 CUD, DSM 5 SUD, and substance use.

Multivariable logistic regression results indicated that persons with current DSM 5 CUD

are more prone to using all examined drugs for a lifetime including a year of several newer

class illicit and prescription stimulant-based substances. It was also found that the current

DSM 5 CUD could be related to the different DSM 5 SUDs with high comorbidity exist-

ing between them. By using 2015-2019 NSDUH data, [27] proposed a method to evaluate
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gaps in care for persons with AUD. The framework was developed on adults based on the

following measures: their prevalence of AUD, the proportion of those that received health

care in the past year, and were screened for alcohol use, those with AUD that received brief

intervention for misusing alcohol, those that were informed of alcohol misuse treatment,

and lastly those that received treatment. The results were classified according to alcohol

severity and the cascades showed that most individuals with AUD received health care in

the past year. It was also reported that a minority of individuals received the intervention,

treatment referral, and health aid. In classifying the severity of AUD similar patterns were

observed across the cascades of care and it was observed that people with AUD normally do

not receive treatment even after the screening on alcohol use. From Table 2.1, two previous

studies are closest to the study presented in this work. First, the work in [23] is similar

to the methodology that we adopted. They used unsupervised machine learning with one

clustering algorithm, that is, k-means clustering. In addition, they used principal compo-

nent analysis (PCA) for dimensionality reduction, and for validation techniques, they used

silhouette score, k-fold cross-validation, RMSE, and MAPE. Compared to our work, they

did not study SUD and did not use the publicly available data from the NSDUH database.

Lastly, they did not use DSM criteria. The second study that is closest to our work is [35].

It considered SUD using only one type, that is, AUD, and used DSM-5 criteria. However,

it used a logistic model that is a supervised machine learning technique. In summary, the

studies [1, 3, 5] discussed mental health addictions and machine learning, [29, 30, 31] pre-

sented the general applications of machine learning in addiction studies, [22, 23, 24] showed

the applications of unsupervised learning in addiction studies, [32, 34, 35] analyzed studies

that used DSM and machine learning, and lastly [25, 26, 28, 27] are more recent studies that

established the application of machine learning to SUDs based on DSM criteria. In general,

there are considerable studies in addiction using machine learning but using different types

of addiction, different machine learning methods, and different datasets. Further studies in

this area have to consider the different elements of the previous addiction studies to make a

contribution. This is what our proposed method is trying to achieve.
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2.2 Brain-computer interface using alcohol stimulus

In the following paragraphs, the relevant studies that use EEG to detect AUD are discussed,

including the experimental platforms utilized, the feature extraction methods used, and the

corresponding machine learning algorithms. A study by [17] proposed a machine learn-

ing model to classify healthy controls and alcohol-dependent individuals. In this study, the

quantitative EEG (QEEG) methods were developed to analyze and discriminate between the

healthy controls, alcohol abusers, and alcoholics. A total of 45 subjects including 15 healthy

controls, 18 alcoholics, and 12 alcohol abusers were recruited to participate in the experi-

ments. The recording of the brain signals was done at a resting EEG state with 10 minutes

of eyes open (EO) and eyes closed (EC) conditions. QEEG features were fed to Linear Dis-

criminant Analysis (LDA), Support Vector Machine (SVM), Multilayer back-propagation

Network (MLP), Logistic Model Trees (LMT), and 10-fold cross-validation models. LMT

achieved the best accuracy of 96% and the model managed to classify AUD patients from

healthy controls with an accuracy of over 90%. A detection of AUD using EEG signal fea-

tures and flexible analytical wavelet transform (FAWT) was carried out by [16] in which a

computer-aided diagnosis (CAD) method was proposed. In this work, data from the Uni-

versity of California, Irvine Knowledge Discovery Database (UCIKDD) comprising a total

of 122 non-alcoholic and alcoholic EEG subjects was used. The study uses FAWT along-

side machine learning models to detect alcoholism using several features namely: mean,

standard deviation, kurtosis, skewness, and Shannon entropy. These statistical features are

used as input to Least Square -Support Vector Machine (LS-SVM), Support Vector Machine

(SVM), and Naı̈ve Bayes learners. LS-SVM performed better than the other models with

an accuracy of 99.17%. According to [37], an EEG-based functional connectivity measure

was utilized to automatically detect AUD between alcoholics and healthy controls. The

study adopts the resting-state EEG method in which 513 features were extracted from 19

scalp locations using synchronization likelihood (SL). Data was collected from a total of

60 participants (30 healthy controls and 30 alcoholics) of similar age. Support Vector Ma-

chine (SVM), Naı̈ve Bayesian Classifier(NBC), and Logistic Regression (LR) were used

and SVM had the best performance of the three with an accuracy of 98%. A method to

classify alcoholic EEG signals using Wavelet Decomposition and machine learning models

was proposed by [38]. In this study, relevant features were extracted namely, standard de-

viation, power value, mean, minimum and maximum values, the ratio of the absolute value,
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and the absolute mean. These were used as input to SVM, Optimum-Path Forest (OPF),

Multilayer Perceptron (MLP), Naive Bayes, and k-Nearest Neighbors (k-NN). Data for the

study consisted of a total of 77 male alcoholics and 48 right-handed males with no his-

tory of alcohol misuse or any psychiatric or neurological disorders. The model achieved an

accuracy of 99.87% in classifying alcoholic EEG signals. An EEG frequency band-based

features model was proposed by [41] for automatic screening and analysis of alcoholic EEG

signals. The study applies intrinsic mode functions (IMFs) and empirical mode decomposi-

tion to the brain signal to measure and extract mean absolute deviation, interquartile range,

entropy, coefficient of variation, and neg-entropy features. The results indicated that based

on the p-value, features from low-frequency brain rhythms are more statistically significant

in analyzing alcoholic EEG signals. These were used as input to extreme machine learn-

ing (ELM) and least squares support vector machines for the classification of alcoholic and

normal EEG signals. ELM obtained an accuracy of 97.92% compared to the other meth-

ods. A study by [42] utilizes the correlation dimension (CD) method to extract features that

are used to cluster alcoholic EEG signals. Data was obtained from the UCIKDD compris-

ing a total of 122 normal and alcoholic EEG patients. Several distance feature selection

metrics namely, Chebyshev, cosine, correlation, and city block were used to discriminate

between normal and alcoholic EEG signals for non-linear features. Random Forest, Mod-

ified Adaboost.RT, Radial Basis Functions (RBF), MLP, SVM, KNN, K-means, and NBC

classifiers were applied to the selected features. The model obtained an accuracy of 98.99%

when the correlation distance is combined with CD and Modified Adaboost.RT classifier. In

addition to the above literature we present, in the following paragraph relevant study closest

to the proposed methodology of our work. Firstly, the work discussed by [43] is similar

to the methodology we adopted. In this paper, the authors used discrete wavelet transform

(DWT) to decompose the EEG signals into time-frequency features called wavelets. Further-

more, they implemented independent component analysis (ICA) for blind source separation

and noise reduction. Finally, the study adopts principal component analysis (PCA) to per-

form dimensionality reduction. Compared to our work, this paper uses a publicly available

dataset from the UCIKDD database. In our study, we harnessed data from the BCI exper-

iments using alcohol stimulus recorded in real-time while the participant drinks alcohol.

Secondly, their work uses supervised machine learning methods that include, KNN, LVQ,

LSTM, B LSTM, and CNN to classify between alcoholics and non-alcoholic individuals.
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Our work adopts Balanced Iterative Reducing and Clustering using Hierarchies (BIRCH)

algorithm to cluster the AUD status of our 17 participants based on their frequency and rate

of alcohol consumption. An analysis of the results from brain activity using the power spec-

trum transitions from the first to last phase of alcohol consumption, and lastly, the overall

clustering is provided. The relevant studies in Table 2.2 have proven to detect AUD using

EEG signals and machine learning with high accuracy. Based on the results obtained, these

are significant works that adopted numerous machine-learning algorithms, various feature

extraction techniques, different experimental methods, and EEG datasets to make a clas-

sification between alcoholics and healthy controls. The studies [36, 17, 37] are closer to

this work in that they have used EEG spectral power results to analyze and detect AUD

from a group of alcoholics and non-alcoholics. The authors [36] claim that from a group

of individuals with AUD, IGD, and healthy controls, more delta power was observed from

those with AUD. There was, however, no correlation between results in theta power and the

scores from the AUDIT-K assessment. In this work, there is a claim that the delta power

can be used as a trait marker rather than a state marker. To compare individuals with AUD

to healthy controls, [17] found a significant decrease of the AP in the brain of those with

AUD. This reduction was found in the theta, alpha, gamma, and high gamma frequency

bands. Additionally, the authors discovered that between alcoholics and alcohol abusers,

the AP decreased significantly in the left occipital lobe. This study claims that the AP is

better at discriminating between alcohol abusers, alcoholics, and healthy controls. Lastly,

research by [37] states that spectral power can be an important tool to use in discriminating

AUD patients with healthy controls. The authors further claim that results in the theta, beta,

and high gamma are mostly significant when making a classification between healthy con-

trols and individuals having AUD. Compared to our results, these studies do not record the

brain activity of participants while they drink alcohol. They take a sample of alcohol and

non-alcohol users and record their brain activity to make a classification between the two

types of groups. This work analyzes the severity of AUD of people who are alcohol users

and record their EEG as they drink alcohol. In studies [38, 16, 39], and [40], the UCI KDD

EEG dataset is analyzed using different feature extraction techniques and machine learning

models to detect alcoholism and AUD. Compared to our work, these studies do not record

the brain activity of people while they drink alcohol, Additionally, the methods adopted in

their research are also used to make a classification between people with and without AUD

15



similar to the studies discussed above. Our work is the only study that, uses data from a

group of alcohol and records their brain signals as they drink alcohol.

In summary, the studies [16, 17], [37, 38], and [41, 42] have demonstrated the possibility

of detecting AUD using EEG signals and machine learning with high accuracy. Based on

the results obtained, these are significant studies that adopted numerous machine-learning

algorithms, various feature extraction techniques, and different experimental methods to

make a classification between alcoholics and non-alcoholics. Further studies in this work

have to consider the different methods that are independent of a control/normal group to

make substantive contributions to AUD diagnosis. This is what our proposed work is trying

to accomplish.

In conclusion, existing research in SUD studies reveals several significant gaps. While

many studies apply supervised machine learning techniques to address this problem, there

is limited application of unsupervised machine learning methods that can reveal distinct

data patterns without pre-assigned labels. Moreover, prior work has typically relied on

conventional methods that separated clinical assessments, such as those based on DSM-5

and datasets like NSDUH, from EEG studies with alcohol use, and with EEG recordings

generally obtained from pre-classified groups rather than during alcohol consumption. As

a result, a more comprehensive approach that integrates clinical assessment data with real-

time brain activity recording is lacking. This thesis aims to bridge these gaps by leveraging

clustering techniques to analyze both clinical and experimental EEG data, thereby offering

a novel, integrated method for the dynamic assessment of substance use disorder severity.
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3. Methodology

3.1 Overall methodology

In this section, two experimental platforms are used:

• National Survey on Drug Use and Health 2019 online database

• Brain-computer interface experiments using alcohol stimulus

to correlate the clusters of clinical assessments and alcoholism experiments using unsuper-

vised machine learning. An outline of the overall methodology is given which describes the

steps to be taken to achieve the desired results. For each experimental platform, a framework

of the methods and materials used will be presented.

3.1.1 Outline

1. Gather and analyze data of clinical assessments based on DSM V

• Consolidate online data of clinical assessments

• Build three unsupervised machine learning models to cluster the data

• Validate the accuracy of clustering

• Confirm the findings with a mental health professional

2. Perform human experiments involving alcohol stimulus

• Gather volunteers, preferably people who drink alcohol

• Provide an increasing amount of alcohol at specific time intervals

• Record EEG signals throughout the experiments

• Cluster the results of recorded brain signals using unsupervised machine learning

3.1.2 Gather and analyze data of clinical assessments based on DSM V

In the methodology, the first step involves gathering online data of clinical assessment based

on DSM-5 criteria for SUD. Data gathered from an online database provides a review of the
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use of drugs and substances and as such, the volunteers’ responses were consolidated. In the

data, subjects were provided with questionnaires to better understand their frequency of use

and dependence, therefore the study aims to discover the SUD status of individuals based

on the responses. This will be achieved by using statistical methods and machine learning

algorithms to find insights into the data and then cluster them into relevant categories. Three

unsupervised machine learning models will be built to cluster the data and then verified.

3.1.3 Perform human experiments given alcohol stimulus

After going through a clinical assessment, seventeen male volunteers were gathered who

consume alcohol. The subjects were ready for the experiment which involves recording

brain signals when an alcohol stimulus is given that was provided at specific time intervals.

The EEG data was used to build an unsupervised learning model to cluster the brain signals.

The results were used to correlate the clinical assessments and EEG signals.

3.2 National Survey on Drug Use and Health (NSDUH)

2019 online database

The NSDUH survey contains clinical assessments of substance use disorders for different

types of drugs and substances including illicit drugs, tobacco, and alcohol. It has publicly

available datasets and is a source of statistical information [33] covering aspects of drug

and substance use while in addition providing questionnaires from the DSM to assess men-

tal health disorders associated with relevant addictive substances [44]. The questionnaire

considered is based on the latest manual which is the DSM-5 and published in 2013. Data

from N=56,137 subjects was collected for clinical assessment, where each individual had

to go through a psychiatric evaluation to diagnose their level of SUD. The participants in

the survey are adolescents aged 12 to 17 years old and adults aged 18 years or older in the

United States [45]. The method of data collection was random, as the questionnaire was

given to different families without prior knowledge of their exposure to illicit substances

which means that their classification of having SUD or non-SUD is not known. This work

considered variables from the sections self-administered substance use, risk availability for

that particular substance, and substance abuse and dependence. The last measure was used

to diagnose the patients to find their level of SUD and all the features have variable code
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Figure 3.1: The framework showing the proposed model structure to analyze data from an online database.
The arrows indicate the sequence of our approach where preprocessing, cluster analysis, and validation algo-
rithms were applied consecutively for each dataset. There are three substances considered, namely, alcohol,
marijuana, and cocaine. Three unsupervised machine learning algorithms are used, namely, k-means cluster-
ing, hierarchical clustering, and DBSCAN.

names. The study focuses on substance use disorder on three substances: alcohol, mari-

juana, and cocaine. The initial step identifies the input variables associated with the features

that were used to represent patient responses during the assessment.

3.2.1 Data Preprocessing

Upon review of the large online dataset, it was noticed that the collection of data included ten

types of drugs plus alcohol, and tobacco but the main focus of this study will be on alcohol,

marijuana, and cocaine SUD. Manual extraction of relevant features was carried out in which

answers to the questionnaire were based on DSM 5 criteria for substance use disorder and

the same process was carried out for all three datasets. Two columns were dropped for

participant identification which include their identification number and file date showing the

data creation date. The pre-processing step is crucial in any machine learning study as it

prepares data for modeling by removing errors to make data smooth, understandable, and
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noise-free. It is also important in creating more accurate results by removing unwanted

variabilities [46, 47].

3.2.1.1 Data Cleaning

This is a data treatment technique whose main purpose is to deal with missing data, to

avoid both bias and overestimation of the prediction accuracy in psychiatric research [48].

Most of the features included missing data, indicating that some of the questions during

the psychiatric assessment were not answered by participants while some dropped out of

the survey [49]. It was observed that the values in the dataset were missing completely at

random (MCAR) because the probability of missing data is not dependent on either observed

or unobserved data [50]. A rounded mean data imputation technique was used which allows

missing values to be replaced. This will address the error in the data because of missing

information. This is the first necessary step in data preprocessing. This method uses the

mean of each feature by calculating the average of all the values in that sample. Since

the data type is MCAR, mean imputation is necessary to prevent bias and keep variability

between the input labels constant. This will reduce the magnitude between the largest and

smallest values of the sample.

3.2.1.2 Feature Correlation

Feature Correlation is performed on the raw data with complete information. This is the

second necessary step to find correlations of features from the raw data. The method here

uses a linear relationship between features which can help discard irrelevant and redundant

data to improve computational time [51]. It was achieved by creating a Pearson correlation

matrix which indicated that few of the features were highly correlated. This method mea-

sures the linear relationship between input variables and ranges between the values 1 and -1

using product-moment correlation coefficient [52].

In the legend of the graphs, the violet shade indicates a higher correlation of variables

while the red shade shows the least correlation. The results of feature correlation are shown

in Fig. 3.2, Fig. 3.3 and Fig. 3.4 sequentially.

22



Figure 3.2: The figure shows the correlation matrix for the alcohol dataset. A more dominant and positive
correlation can be observed from the 20th feature to the last feature which is depicted by the concentrated
purple color.

Figure 3.3: The graph shows the correlation matrix for the marijuana dataset. The graph is almost similar to
the alcohol, except the features positively correlated can be observed from the 18th to the last feature.
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Figure 3.4: The figure shows the correlation matrix for the cocaine dataset. This graph also has similar
characteristics to the alcohol and marijuana correlation matrices in the sense that the highly correlated features
are those under the substance abuse and dependence section.

3.2.1.3 Feature Scaling

Feature scaling puts the data into a range of values that will equalize the strength of each

data entry. This is the necessary third step that involves the computation of data values,

with completed information and devoid of redundant or irrelevant data. This method will

standardize the varying magnitude of the subject’s responses during the survey [53], to scale

down the minimum and maximum values to a common measure.

3.2.1.4 Dimensionality Reduction

In the survey, every patient response is weighted to derive numerical variables relating to the

questionnaire. The range between different weights is really large, with a minimum value

of zero and a maximum of nine hundred and ninety-nine depending on how the subject has

answered the question. Dimensionality reduction deals with high-dimensional and multi-

variate data [54] to visualize a multi-dimensional space into a lower-dimensional space, e.g.

2D. This is the last necessary step in our data preprocessing to help us with data visualiza-

tion by considering only the two most important components. There were 40 features for

the alcohol and cocaine datasets and 35 features for the marijuana dataset.
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3.2.1.5 Data-matching

Data matching is a process to establish the relationship among the input variables. It can

help aid in identifying similarities or differences within the variables that could be over-

looked due to assumptions about the data distribution [55]. In this work, the correlation

between the features has to be minimized to reduce computational costs and to create the

total extent of representation of the data space. The NSDUH database contains answers to

questions from respondents that are converted to integers. Pearson correlation and PCA are

implemented as data-matching techniques. Firstly, the Pearson correlation was utilized to

establish the linear relationship between features as the data follows a normal distribution.

This is because the majority of answered questions have a lower range and thus indicate

that they are centered around the mean. The unanswered questions were assigned bigger

weighted values to distinguish the relationship between different sets of responses. In this

way, the Pearson correlation matrix was able to classify the features between positively cor-

related, no correlation, and negatively correlated. Secondly, PCA was used to identify the

attributes according to their order of importance, that is, from the most important to the least

important. This technique compresses the features and retains the most critical variables.

This process utilizes eigenvalues of the identified attributes from the largest to the smallest

value, in their order of importance. This data-matching technique allows us to select the two

most important attributes to analyze the data in the most significant two-dimensional data

space.

3.2.2 Cluster Analysis

A data mining technique that separates groups with dissimilar properties to analyze data by

grouping similar points called clusters [56]. The clustering of unlabelled data was performed

by the Python module called sci-kit-learn. The algorithms used examine and implement two

types of variants, namely, the fit method and a function. The former learns the clusters on

train data while the latter returns an array of labels that correspond to the different clusters

when given train data [57]. Three clustering techniques are used to compare predictive

accuracy, namely, k-means, hierarchical, and DBSCAN. After performing dimensionality

reduction, the data was fed into these models to create 2-D visualization of the results.

According to [58], the clustering techniques can be of three types, namely, partitioning,

density-based, and hierarchical-based.
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3.2.2.1 K-means Clustering

K-means is a partition clustering technique that is widely used due to its simplicity and re-

mains one of the best distance-based algorithms [59, 60]. The sum of the squared Euclidean

distance between the data points and the centroid has to be minimized to allocate them to

a cluster [58]. From this principle, the internal coherence of the clusters can be measured.

For a given dataset X containing xi data points where i=1,...n, and n is the number of cluster

labels. The sum of the squared error (SSE) can be minimized using the following equation:

SSE =

k∑
j=1

n∑
i=1

||xi − µj ||2 (3.1)

where k is the number of the clusters, xi is i-th data point, and µj is the mean of the samples

within the j-th cluster. We select k initial seeds and assign a set of points into k clusters

by minimizing SSE. The elbow method is used to find the optimal number of clusters by

choosing a threshold at the elbow or bend of the graph. It uses the idea of squaring the

distance between sample points in each cluster and the centroid to generate a series of k

values [61, 62].

3.2.2.2 Hierarchical Clustering

Agglomerative hierarchical clustering was used for this technique where each point is con-

sidered an individual cluster initially until similar clusters are merged to form one big clus-

ter. Just like k-means, it needs a predefined number to obtain optimal clusters and that is

achieved by the use of the technique called dendrogram that follows a bottom-up structure

where each data point is initially an individual cluster. It keeps building a hierarchy by

merging the closest clusters until there is only one cluster left. This algorithm calculates

the Euclidean distance between the clusters and uses the linkage measure to establish which

distance to use. The Ward linkage method narrows down the variance between the clusters.

The Euclidean distance is expressed as

d (x, y) =

√√√√ n∑
i=1

(xi − yi)
2 (3.2)

where xi and yi represent the components of two points in an n-dimensional data space. We

need to establish how far the points are from each other to be considered a cluster. The ward

linkage can be expressed as
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∆(A,B) =
nAnB

nA + nB
||−→mA −−→mB||2 (3.3)

where ∆ denotes the distance between the two clusters A and B, nA and nB are the number

of data points in each cluster, mA and mB are the centers of clusters. A dendrogram method

is used to obtain the optimal number of clusters for hierarchical clustering. All the clusters

are co-joined until a complete structure is observed at the highest level.

3.2.2.3 DBSCAN

DBSCAN algorithm relies on the density of data-point distribution [63]. It uses two param-

eters epsilon (eps) and minimum points (minPts) to identify the density of data and then

classify data points as either core point, border point, or an outlier. The eps specifies the

closeness of points to be considered a cluster and thus any point with a distance lower or

equal to the value of eps will be considered a neighbor. The minPts are the required mini-

mum points to form a cluster. Any data point which is not a core point or border point will

be considered noise. The core point has to contain at least minPts and the border point must

be within the neighborhood of the core point. For a dataset D, a data point p can be located

that belongs to its data space. To obtain the distance between p and its neighbors, we define

a density distance d that computes the ratio between the maximum density distance d max

and the minimum density distance d min of the points from p [64]. The equations for these

parameters can be expressed as

d max(p) = max{d(p, q) | q ∈ D ∧ d(p, q) ⩽ eps}

d min(p) = min{d(p, q) | q ∈ D ∧ d(p, q) ⩽ eps}

where q is a data point in the neighborhood of p that belongs to D. To obtain the values of d max and

d min, q should satisfy the conditions that it is an element of D and that the distance between p and

q is less or equal to the eps.

Admittedly, this study used three basic algorithms that have been used for many years now.

This is because, they prove to be useful in clustering clinical data as shown in the following recent

references: [65, 66], and [67].
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3.2.3 Validation

To confirm the cluster results, this work incorporated metrics in the study that checked for the pre-

diction accuracy and error deviation of the three algorithms. It used silhouette score for internal

validation and k-fold cross-validation, and root mean squared error for external validation.

3.2.3.1 Internal validation

The objective is to assess the quality of the clustering structure between the data itself. Internal

validation can also help choose the best clustering algorithm as it relies on the information presented

in the data [23, 68].

Silhouette score is used to evaluate clustering quality and how clusters compare to each other

within the algorithm. The values range between negative and positive one. Results are outlined as

percentage values in which scores close to one are distinguished but model performance decreases

towards a negative one.

3.2.3.2 External Validation

The quality of the clustering is assessed by comparing observed cluster labels with predicted labels

[23]. The main objective is to find out if a model can correctly classify the test variables with similar

characteristics. THis works evaluates the prediction accuracy of the algorithms with a new set of

data. A comparison is made to the observed variables to determine the derived prediction rule [69].

The 10-fold cross-validation is used to analyze the prediction accuracy of each algorithm and test the

model performance for new data.

The k-fold cross-validation approach evaluates the performance of a classification model. How-

ever, it was deployed on the clustering algorithms by using class labels as target variables. It works

on the principle of separating the dataset into k-folds in which k − 1 folds are used as a training set

and the remaining is used as a test set. Depending on the value of k, the process will iterate through

that value until all the folds have been used for testing [70, 71]. The data is partitioned into ten folds

which were randomly selected and part of them were used as the training set while the remaining

was an evaluation set. The accuracy of each fold was calculated and the average for the 10 folds

was evaluated. The results are presented in Table 4.1. The RMSE technique is the square root of

the mean squared error which measures the error generated between observed and predicted values.

This metric was used to calculate the difference between observed and predicted values for cluster

labels. After performing standardization, the majority of values were centered around the mean to

give a Gaussian distribution. This metric is appropriate for error prediction for such cases [72, 73].
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A study closest to our work is [23] in which some computational techniques are the same as

theirs. They are as follows: PCA for dimensionality reduction, k-means for clustering, and sil-

houette score, k-fold cross-validation, and RMSE for validation. The silhouette scores for [23] are

76% for emotions, 82% for chronic disease, and 69% for yeast. The silhouette scores are as fol-

lows: 72.5% for alcohol, 78.7% for marijuana, and 63.9% for cocaine using k-means clustering. The

discrepancies in the results can be attributed to differences in data preprocessing where [23] used

Calinski–Harabasz index, while our work used mean imputation, feature correlation, and standard-

ization. However, the main difference is the data source, where [23] used emotions, chronic diseases,

and yeast datasets, while this work used the NSDUH dataset. In a sense, the validation scores are

within the acceptable range in both approaches despite the difference in the source datasets.

3.3 Brain-computer interface experiments using alcohol stim-

ulus

Figure 3.5: The block diagram showing the different steps taken to analyze the raw EEG data. The arrows
indicate the sequence of our proposed framework, starting with the recording of brain signals, followed by
processing, and results analysis. We use the BIRCH algorithm to make a classification for transition-based and
overall clustering results.

3.3.1 Data gathering with participants

3.3.1.1 Demography of participants

In this work, data was collected from a total of seventeen alcohol users recruited through oral com-

munication and social media. The study is positioned as a pilot study to evaluate the feasibility of

applying unsupervised machine learning to EEG experiments data involving alcohol stimulus. While
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no formal sample size calculation was conducted, similar exploratory EEG studies have used sample

sizes in the range of 15–30 participants [17, 74], supporting the suitability of this sample for prelim-

inary analysis. The study population consisted of only male subjects with an age range of 22 to 44

years and a mean age of 27.88±7.08 years. Only individuals with a history of alcohol use could be

included in the experiments and free alcohol was provided to any person willing to participate in the

study. Participation in this study was voluntary and each subject was briefed about the experimental

procedure including eligibility criteria, purpose of the study, privacy, anonymity, and confidentiality.

Information on the identity of the participants has been kept confidential and will not be made public.

All volunteers had to sign the consent form before taking part in the alcoholism experiments.

3.3.1.2 Eligibility criteria

According to the eligibility criteria as stated in the consent form, any male aged 18 to 60 years

with no history of mental illnesses was allowed to participate in the experiments. At the time of the

examination, the volunteers were advised to have very short, dry, and un-oiled hair to increase the

contact between the electrodes and the scalp. To be eligible, the participants had to answer Yes to

question 1 and No to questions 2 to 9.

1. Have you ever consumed 2 liters of 6% alcohol or more in two hours before?

2. Do you have any alcohol allergies?

3. Have you ever had a bad reaction to alcohol?

4. Do you suffer from any liver disease?

5. Do you suffer from diabetes?

6. Do you have any history of diabetes?

7. Do you suffer from kidney disease?

8. Do you have any history of kidney disease?

9. Have you ever been diagnosed with Alcohol dehydrogenase deficiency?

3.3.1.3 Self assessment

Each volunteer was given an AUDIT to test their frequency of use of alcohol and their susceptibility

to AUD. The AUDIT is a standard screening questionnaire that identifies individuals at risk of alco-

holism. This self-report tool comprises 10 questions about possible drinking patterns and the related
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consequences. The total possible scores for this test range from 0-40 with higher scores showing an

increased probability of severe drinking patterns. Possible responses to the questions are within the

range of 0-4 except for questions 9 and 10 [75, 76]. According to the guidelines by the World Health

Organization (WHO), a score of 1-7 indicates low-risk alcohol use while a score from 8-14 suggests

harmful use of alcohol. Similarly, scores ranging from 15-40 indicate the likelihood of AUD, that is,

moderate to severe alcoholism.

3.3.1.4 Experimental Device

The device used in the experiments is a 32-channel non-invasive EEG wireless headset with a sam-

pling rate of 128Hz. A gel sensor-based Emotiv Epoc Flex cap shown in Fig. 3.6 was used to record

the brain signals of participants under the influence of alcohol. It is used for advanced BCI applica-

tions because the electrodes allow for easier and more accurate brain signal acquisition. This device

provides flexibility and an adjustable design to accommodate different head sizes. In the alcoholism

experiments, the sensors were placed following the 10-20 standard electrode placement. The EEG

signals are recorded from 32 channels that include: Cz, Fz, Fp1, F7, F3, FC1, C3, FC5, FT9, T7,

TP9, CP5, CP1, P3, P7, O1, Pz, Oz, O2, P8, P4, CP2, CP6, TP10, FC6, C4, FC2, F4, F8, and Fp2

including two reference sensors. In Fig. 3.7, each electrode is labeled using a channel name and they

are marked in green color while the reference electrodes are marked in black color.

Figure 3.6: The Emotiv EPOC Flex Gel Sensor 32-channel EEG headset used to harness the brain activity of
participants during the BCI experiments with alcohol stimulus

3.3.1.5 Experiment procedure

Before commencing the alcoholism experiments, a registered nurse recorded and monitored the vital

signs of the volunteers to declare their fitness to participate. All eligible subjects were given a six-

pack of alcohol each that contained either 5.5% or 6% of alcohol content depending on preference.
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Figure 3.7: A figure showing the montage standard electrode placement for a 32-channel EEG headset that
follows the 10-20 system

The duration of the experiment was two hours for each volunteer and the brain signals were recorded

throughout the entire period using a non-invasive EEG head module. The rate of consumption was

based on the willingness of the volunteer to take the alcohol but the timing and estimated amount

were confined within the two hours. To assist in restraining any possible violent behavior arising

from the effects of alcohol on the volunteers, two male security officers were present during the

experiments. No adverse side effects were observed in all subjects.

3.3.2 Data preprocessing

This study’s raw data harnessed during the alcoholism experiments was first imported in comma-

separated variables (CSV) format. Filtering was applied using notch and band-pass filters to remove

artifacts in the data. The data was then segmented into 20-minute intervals for epoching and creating

fixed-length events. ICA was used to separate independent components from the raw data using

MNE [77]. Finally, DWT was applied to decompose the ICA-processed data into time-frequency

domain features.

3.3.2.1 Importing raw data

The initial step in the EEG analysis was importing the raw data recorded during the experiments.

There are different types of storing EEG data which are Functional Imaging File (FIF), European

Data Format (EDF), and (CSV). In this study, the CSV format was used because it allows for easier

manipulation and analysis of brain signals. A diagram of the raw EEG signals in continuous time is
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shown in Fig. 3.8

Figure 3.8: The raw EEG signals as recorded from the brain of a subject during the alcoholism experiments.
It shows the 32 channels and their activity in continuous time

3.3.2.2 Filtering

To reduce physiological and non-physiological artifacts and improve the quality of the data, notch

and band-pass filters were implemented. Brain signals are usually affected by power line noise at 50

or 60Hz depending on the region [78]. To remove this electrical interference, a notch filter was used

in the data with a cutoff frequency of 60 Hz. The second artifact removal step is a band-pass filter

that was implemented within the range of 0.5 to 55Hz. This type of filter allows for the isolation of

the delta (0.5-4 Hz), theta (4-8 Hz), alpha (8-12 Hz), beta (12-35 Hz), and gamma (>35 Hz) brain

rhythms to enhance the signal-to-noise-ratio of the data [79].

3.3.2.3 Epoching

This step involves creating time-locked data segments called epochs. In this study, the transitions

that occur in the brain when a person drinks alcohol are observed. As such, the data was segmented

into 20-minute epochs where each segment represents one bottle of alcohol intake. For every subject,

the total number of epochs was six and each represented a bottle of alcohol intake.

3.3.2.4 ICA

This is one of the most prominent blind source separation techniques in which independent compo-

nents are estimated from a set of EEG recordings. The mixed signals such as eye blinks and muscle

movements are removed to ensure that analysis of the EEG data is independent of the external in-
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terference [78, 80]. ICA provides a more artifact-free characterization of the brain by eliminating

undesired segments from the original signal [81].

3.3.2.5 Discrete wavelet transform

Due to the non-linearity and non-stationary properties of the EEG signals, the extraction of the rel-

evant features needed for the analysis may be complex [82]. A more robust method is needed to

achieve accuracy in extracting informative characteristics of the data. Therefore, DWT has been pro-

posed in this work to decompose the signals into a highly efficient representation called wavelets.

This technique helps in capturing useful time-frequency domain features of the data at different res-

olutions [83, 84].

3.3.3 Dimensionality reduction

Due to a lot of redundant information in high dimensional data, this method can be utilized to elim-

inate those by converting them from high to low dimensional feature space [85]. In this study, the

PCA technique was implemented to perform dimensionality reduction.

3.3.3.1 Principal Component Analysis

PCA is a widely used dimensionality reduction technique that aims to find the optimal variance from

a set of features. These are transformed into smaller features that contain the most information about

the data. It also reduces the complexity of a model while improving its efficiency. In the case of

duplicate features, PCA can overcome this as it creates a new set of non-linearly related features

[86]. It was applied to the DWT-processed data by defining two principal components to plot our

clustering results in 2-dimensional feature space.

3.3.4 Clustering

This is an unsupervised learning technique in which a set of unlabelled data is analyzed based on the

data correlations. Many different algorithms can be applied which are dependent on the type and size

of the dataset [57]. In this work, the BIRCH method was used to cluster the PCA-processed data as

it remained the best-performing algorithm compared to others.

3.3.4.1 BIRCH

This algorithm is a hierarchical clustering method that creates a tree-like structure using clustering

features (CF) and cluster feature tree (CF Tree). It is memory-efficient and can handle large datasets
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with a faster execution time [57, 43]. Compared to other clustering metrics, it had a faster execution

time.
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4. Results and Discussions

4.1 Clinical assessments for SUD

In this section, the graphical visualizations of the results from the three clustering algorithms are

presented. This work starts with k-means, followed by hierarchical clustering, and DBSCAN. The

first and second algorithms required an additional technique to define the number of clusters before

plotting the data points. The clustering results showed similar visualizations across the three algo-

rithms in classifying SUD for the three substances, and are validated using silhouette score, k-fold

cross-validation, and RMSE.

4.1.1 Alcohol dataset

For the alcohol dataset, the model determined that the two optimal number of clusters is two, as

shown in Fig. 4.1. This is because the elbow method showed a big change in the slope of the graph.

A big downward slope is shown in one to two clusters, while there is a slight downward slope from

two to nine clusters making two clusters the “elbow” of the slopes.

4.1.1.1 K-means clustering

This study proceeds to show the k-means clustering using two clusters as shown in Fig. 4.2. The

structure shows very tightly spaced data points within each cluster while some few are scattered

around which also indicates a larger Euclidean distance from the mean. The red cluster is centered

around −4 in the pca1 axis and in the range of −2 to 4 in the pca2 axis. The boundary between

the red and the green cluster is roughly around 0 of the pca1 axis. The region of the red cluster is

bounded by the range −6 to 0 in the pca1 axis and −4 to 10 in the pca2 axis. The green cluster is

less dense than the red cluster and each region is bounded by 0 to 8 in the pca1 axis and −4 to 4 in

the pca2 axis. It is noted that the green cluster has a longer range along the pca1 axis compared to

the red cluster, while the red cluster has a longer range along the pca2 axis compared to the green

cluster.

The red cluster being denser within its region clearly states that the red cluster is most likely

classified correctly. The more points present in the same region support the consistency of the com-

puted results, thus confirming the commonality of answers by several respondents. The green cluster

is less dense compared to the red cluster, but its denser region can be virtually recognized from the
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Figure 4.1: The figure represents the elbow method under the alcohol dataset to determine the optimal number
of clusters. The graph shows a bend at k=2, indicating two clusters in the dataset. A smooth line immediately
after the inflection point can be observed, which is an indication that it is where our model fits best.

Figure 4.2: The k-means clustering for the alcohol dataset showing two distinct groups as per the elbow
method. Some data points are closer to the boundary across the groups but have been assigned to their respec-
tive clusters. It indicates that the model chose the lesser Euclidean distance for each point. Overall, the red
cluster has more points to show the majority of subjects belong to one group.

graph. This is because the classification of SUD can be categorized into two major classifications,

with one classification consisting of the majority of the respondents. It is noted that the region of the

green cluster is around two-thirds of the size of the red cluster. This is because the questions given

to the respondents are uniform, but the answers depend on the respondents’ experience. Thus, the

cluster regions are defined by the features that are based on the answers to the survey. However, the

green region is smaller because it consists of fewer respondents whose answers can be less diverse

compared to when the respondents are much more.
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4.1.1.2 Hierarchical clustering

For hierarchical clustering under the alcohol dataset, it was determined that there are two optimal

clusters as shown in Fig. 4.3. In the model, the x-axis represents the data points distribution while

the y-axis represents the cluster distance. The dendrogram shows a hierarchy with two main blocks

of classification joined by a line of the height of around 900. The huge value of the connecting line

means that the distance between the two classifications is big. This shows that indeed there are two

distinct major classifications for the answers from the respondents. The orange block represents the

first cluster and the green block represents the second cluster.

Figure 4.3: The dendrogram for the optimal number of clusters under hierarchical clustering is shown in the
figure. The structure of the hierarchy shows an approximately uniform distribution with two clusters, however,
we notice that the first group has more congregated data than the second one.

Figure 4.4: The hierarchical clustering for the alcohol dataset is shown in the figure. Results of the clustering
show that the first group has more data points than the second and the model confirms the two clusters analogy
by the dendrogram.

In the graph, the data points in the orange cluster are closer to each other and have shorter cluster
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distances within the range of 0 to 300. This implies that the data points are dense and well-distributed

throughout the entire range. It can also be said that the orange cluster consists of a much more number

of respondents compared to the green cluster. For the green cluster, the data points near the boundary

between the clusters are denser but dispersed further along the x-axis. The cluster distances are

within the range of 0 to approximately 375. This means that the distances between the data points

in the green cluster are bigger compared to distances between points in the orange cluster and thus

confirms that the orange cluster is much denser than the green cluster.

These are results from hierarchical clustering that was used to classify two clusters as shown in

Fig. 4.4. The structure is almost similar to that of k-means except that on the pca1 axis, the orange

cluster is bounded in the region −6 to approximately 2, but in k-means it was −6 to 0. The boundary

between the orange and the blue cluster is somewhere between 0 and 2 where a clear separation

between clusters can be recognized. On the y-axis, the orange cluster is bounded in the region −4

to 10 while the blue cluster ranges from −3 to 4. These boundaries are identical to the pca2 axis

boundary for k-means. The orange cluster has more data point distribution than the blue cluster and

confirms the results obtained by the dendrogram, as well as the k-means. We can say that the results

of hierarchical clustering are very similar to the k-means clustering. The only visible difference is

the boundary along the pca1 axis between 0 and 2.

4.1.1.3 DBSCAN

Figure 4.5: DBSCAN results for the alcohol dataset showing three distinct clusters with noise. The structure
of the data points distribution has not changed for all three algorithms. Our analysis indicates that we have
three levels of AUD for this algorithm.

For DBSCAN, the graph visualization, in general, showed similar results to k-means and hier-

archical clustering. The centroid of the clusters and their boundaries are roughly similar in all three

methods as shown in Fig. 4.5. However, in the results shown, there are four clusters with two ma-
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Figure 4.6: The elbow method under the marijuana dataset with a smooth line after the elbow of the graph to
define two clusters for visualization.

Figure 4.7: The k-means cluster results for the marijuana dataset are shown. The few points between the
clusters have greater Euclidean distance from the centroid but still form part of the respective clusters. More
respondents are belonging to the red cluster than the blue cluster.

jor clusters that are similar in form to k-means and hierarchical clustering. The two minor clusters

labeled −1 and 2 are lying away from the centroids of the two other major clusters labeled 0 and 1.

However, one can say that if we choose to have only two clusters in the DBSCAN, then the results

would be very much similar to k-means and hierarchical clustering.

4.1.2 Marijuana dataset

For the marijuana dataset, it was determined that the optimal number of clusters is two because of

the change in the slope of the graph in Fig. 4.6 at k=2. A big and smooth downward slope can be

observed from k=1 to k=2 and another downward slope from k=2 to k=9.
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Figure 4.8: The dendrogram shows the density of points between each cluster. Based on the graph, we have
two unique visualizations and the green cluster is more widely spread than the orange cluster.

Figure 4.9: Hierarchical clustering results for the marijuana dataset are shown. Unlike for k-means, the two
clusters are not bounded around 0 and the data points within their boundary have been assigned to the orange
cluster in this graph.

4.1.2.1 K-means clustering

The sum of the squared distances from the centroid for the elbow method is given as inertia and

plotted on the y-axis. It is noticed that there are much higher values of inertia on the graph compared

to the other elbow technique graphs. This indicates a larger distance of the data points within a cluster

and a much slower convergence in terms of allocating data points to their clusters.

The k-means clustering results for the marijuana dataset are shown in Fig. 4.7. The red cluster

shows more data point distribution with a majority of dense data points and is bounded by the region

between 3 and 11 in the pca1 axis, and from −6 to 6 in the pca2 axis. The green cluster has some

dispersed data points bounded in the region from −6 to 3 in the pca1 axis and from −7 to 8 in the

pca2 axis. This algorithm finds it difficult to deal with outliers, hence why they end up forming part
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of the clusters. As observed on the graph, a couple of data points are far from the centroid yet still

classified under respective groups.

4.1.2.2 Hierarchical clustering

The graph in Fig. 4.8 shows the dendrogram for the marijuana dataset. There are large intra-cluster

distances and fewer data point densities on the orange cluster compared to the green cluster. The

first data points are closely correlated but the distances increase as we move up the hierarchy and

it is bounded in the region from 0 to approximately 250. The green cluster shows more data point

distribution and density with a wider range. Hierarchical clustering results for the marijuana dataset

are shown in Fig. 4.9. In the figure, the clusters are clearly distinguished. The orange cluster has

dispersed data points with larger intra-cluster distances as only a few data points have minimal sep-

aration. It is bounded within the −7 to 8 region in the pca2 axis and from −5 to 4 in the pca1 axis.

The cluster is less dense than the blue cluster which has more data point distribution, and lesser dis-

persion. The blue cluster ranges from 4 to 11 in the pca1 axis and from −6 to 6 in the pca2 axis. It

can be said that this data is classified between two unique classes with the majority of respondents

belonging to the blue cluster. The results of hierarchical clustering show very similar results to that

of k-means.

4.1.2.3 DBSCAN

Figure 4.10: DBSCAN for the marijuana dataset is shown in the figure. There is no noise cluster meaning that
we have no outliers in the dataset. There are many different groups, and the majority of data points belong to
cluster 2.

The DBSCAN results for the marijuana dataset are shown in Fig. 4.10 with two major clusters

and four other minor clusters. In general, cluster classification is similar to k-means and hierarchical
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clustering. The only difference is that the four minor clusters with centroids lying far from the

centroids of the two major clusters can be absorbed by them resulting only in two major clusters.

4.1.3 Cocaine dataset

4.1.3.1 K-means clustering

Figure 4.11: The elbow method for the optimal number of clusters which is almost similar to the previous
datasets. We obtain a very smooth line immediately after k=2 to indicate two clusters for visualization.

Figure 4.12: The k-means clustering results for the cocaine dataset are shown with well-spaced clusters. The
intra-cluster distances however are more spaced in the green cluster.

The k-means clustering results for the cocaine dataset are shown in Fig. 4.12. There is a clear

distinction between the two clusters and a much greater Euclidean distance. The red cluster indicates

a close relationship between its members as most of the data points are located around the centroid

at a much lesser distance. Bounded in the smallest region, the red cluster has the least data point

distribution between −5 to 5 in the pca1 axis and −10 to 0 in the pca2 axis. For the green cluster, the

majority of the data points are far from each by some degree but still share similar characteristics.
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It is bounded within the range of 18 to 35 in the pca1 and −10 to 40 in the pca2 axis. The major

difference between these results and the previous results for alcohol, and marijuana is that the clusters

occupy a large scope/range of values in the pca1 and pca2 axis. Their values range from −6 to 10

and for cocaine, they range from −10 to 40 in the pca1 axis and −5 to 35 in the pca2 axis.

4.1.3.2 Hierarchical clustering

Figure 4.13: The dendrogram shows a major difference between the two clusters as the majority of data
points belong to the first cluster. The figure also indicates that points in the second cluster should be closely
distributed.

Figure 4.14: Hierarchical clustering for the cocaine dataset with a high density of points in the first cluster.
Although we expected a close relationship between the data points, in the figure we can observe a separation
between some points with one not forming part of the subgroups. This structure is similar to that of k-means
in Fig. 4.12.

The graph for the dendrogram under the cocaine dataset is shown in Fig. 4.13 with two optimal

clusters. A very close correlation between data points in the green cluster is shown while those in the

orange cluster occupy a wider range of values.
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The graph for the elbow method under the cocaine dataset is shown in Fig. 4.11. It was deter-

mined that there are two optimal clusters as indicated by a bend at k=2.

Compared to the elbow method under the marijuana dataset, the convergence for the elbow

method under the cocaine dataset was much faster as indicated by the small inertia values. The

values are also similar to the elbow method under the alcohol dataset.

The hierarchical clustering results for the cocaine dataset are shown in Fig. 4.14. The cluster

classification for this algorithm is similar to k-means clustering in terms of data point density per

cluster.

4.1.3.3 DBSCAN

The DBSCAN results for the cocaine dataset are shown in Fig. 4.15 with two major and four minor

classifications. The clustering structure is similar to k-means and hierarchical clustering, but the

difference is that it has overlapping data points and groups. Overall, six clusters are plotted on the

graph and they are labeled from 0 to 25 with a step size of 5. The minor clusters formed within these

main clusters and their centroids are closer to the centroids of the main clusters.

Figure 4.15: DBSCAN for the cocaine dataset with many clusters assigned very close to each other.

4.1.4 Validation Results

Table 4.1 presents the validation scores obtained for each algorithm. The performance of the three

techniques is tested for each dataset and the results are outlined as percentages. These metrics were

used to assess the cluster relationship, prediction accuracy, and error deviation.

In the following paragraphs, the study discusses the internal and external validation results ob-

tained using the classical methods.
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Algorithm Dataset

Alcohol
(%)

Marijuana
(%)

Cocaine
(%)

K-Means
Sil score 72.5 78.7 63.9

K-fold 99.96 99.92 99.84

RMSE 4.0 0.0 6.0

Hierarchical
Sil score 69.2 83.4 47.5

K-fold 99.97 99.96 99.63

RMSE 6.0 0.0 35.89

DBSCAN
Sil score 97.7 97.6 93.1

K-fold 99.96 100.0 98.8

RMSE 0.0 0.0 15.16

Table 4.1: Internal and External validation scores: Classical algorithms

Algorithm Dataset

Alcohol
(%)

Marijuana
(%)

Cocaine
(%)

K-Means++
Sil score 78.7 83.4 95.56

K-fold 99.99 99.99 100

RMSE 0.0 0.0 0.0

BIRCH
Sil score 68.7 61.2 96.6

K-fold 99.6 99.87 98.8

RMSE 8.9 8.0 15.12

HDBSCAN
Sil score 38.2 23.7 37.1

K-fold 93.7 92.3 86.4

RMSE 7.5 19.5 57.4

Table 4.2: Internal and External validation: State-of-the-art algorithms
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The silhouette score obtained for k-means under alcohol dataset was 72.5% which means that the

clusters are separated and data points are assigned satisfactorily. Based on the prediction accuracy

and error, the performance of the model was very good as it managed to predict 99.96% of the pos-

sible assignment of clusters for our test dataset with an error of 4%. There is a percentage reduction

for the silhouette score of 69.2% under hierarchical clustering compared to k-means while the error

deviation increased by 2% as referenced in Table 4.1. The prediction accuracy obtained was 99.97%

which remained the highest recorded for the three algorithms. The validation results for DBSCAN

under the alcohol dataset showed very impressive values for the three metrics, as it obtained 99.96%

and 0% prediction accuracy and error with a silhouette score of 97.7%. Generally, the performance of

the clustering algorithms was much better under marijuana, as it recorded silhouette scores of 78.7%

for k-means, 83.4% for hierarchical clustering, and 97.6% for DBSCAN. The prediction accuracy

was 99.92% for k-means, 99.96% for hierarchical clustering, and 100% for DBSCAN while the pre-

diction error remained 0% for all three algorithms. Cocaine recorded the lowest silhouette scores

for k-means and hierarchical clustering which are 63.9% and 47.5% respectively. It also recorded

the highest prediction errors of 6% and 35.89% for the two algorithms. For DBSCAN, it obtained

a silhouette score of 93.1%, prediction accuracy of 98.8%, and prediction error of 15.16%. These

results indicated the worst performance overall under cocaine for intra-cluster correlation and error

deviation. The only approximately consistent scores are the prediction estimates for the model in

which all of them were at least 99.9% as presented in Table 4.1. This is discussed in the following

paragraph, where a comparison of the internal and external validation results between the classical

and state-of-the-art methods is made. As can be seen from the tables, the state-of-the-art algorithm

results shown in Table 4.2 are not far from the results of the classical algorithms. It is notable that

for the most part, the classical methods perform better than the state-of-the-art. The interpretation

is that state-of-the-art algorithms do not necessarily result in better performance and that the results

can also be dependent on the type of data that is considered. In this case, the data gathered from

the 25,000 respondents in the survey related to SUD proved to be processed better by the classical

methods. Lastly, in the following paragraph, the study compares results with similar work. In Section

4 Results and Discussion, the clustering results showed similar visualizations across the three algo-

rithms in classifying SUD for the three substances. Compared to this work, which uses unsupervised

machine learning to analyze the data from NSDUH, the majority of studies have used supervised

machine learning to classify people with SUD between addicted or not addicted. One such study is,

[87] which classified AUD patients and healthy individuals with a classification performance of 89%

as the highest accuracy by using logistic regression, which is a supervised machine learning algo-

rithm. Another study is [22] which proposed an application of seven machine learning algorithms
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to identify the state of mental health in a target group. In that work, 90% is the highest accuracy

of the two best-performing algorithms using both supervised and unsupervised machine learning. In

this study, 72.5% is the highest accuracy using silhouette score in the k-means alcohol dataset. The

two other previous works use different datasets and different machine learning algorithms. In this

sense, supervised machine learning may look to have much higher accuracy. It would be interesting

to compare the results with previous studies on SUD that also used unsupervised machine learning.

4.2 Interpretation of Results

In this section, this work discusses the interpretation of the data that is being modeled and analyzed

using machine learning. Two types of interpretations are presented: one that is based purely on the

machine learning model and another that is based on the interpretation by a mental health profes-

sional.

4.2.1 By Machine Learning

In Table 4.3 and 4.4 a summary of the machine learning interpretations and the corresponding inter-

pretations by a mental health professional are presented. The machine learning interpretations are

based on the graph visualizations by outlining all the observed trends in the clustering model. The

results are compared by regions of the density of the clusters, the range of coverage, and lastly by

the boundaries between the clusters. In all the clustering results, two major classifications are ob-

served: a major cluster and a minor cluster. The major cluster is a dense region and the minor cluster

is a less dense region. It is interpreted that the major cluster are the behaviors of persons with no

significant symptoms of SUD. In this case, they cover significantly large variations of activities and

are closely related to each other. This work further interprets this as related to the everyday activities

of persons with no SUD which is significantly similar to others with no SUD. The minor cluster is

interpreted as the behaviors of persons showing symptoms of SUD. In this case, each person has a

unique response to SUD that somehow restricts them from performing normal activities, such that

these activities are significantly different from the other persons with symptoms of SUD. This results

in a less dense cluster because the person’s activities are now limited and are different from others

with SUD. The major and the minor clusters of the alcohol dataset are closest to each other compared

to the major and minor clusters of marijuana and cocaine. The distance between the cluster centroids

is the smallest in the alcohol dataset compared to the other two substances. Thus it can be interpreted

that it is easier for a person to move from non-AUD to AUD compared to moving from indepen-

dence to dependence on marijuana or cocaine, and vice versa. It can be further interpreted that the
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Intepretation of Results

By Machine Learning By a Mental Health Professional

1. Two major classifications are observed (major cluster, minor
cluster)

• Observations:

■ Major cluster is a dense region
■ Minor cluster is a less dense region

• Interpretations:

■ Major cluster behaviors are closely related to
each other

♦ Normal people’s behavior
♦ No history of substance use
♦ History of substance use but no signifi-

cant symptoms of SUD
■ Minor cluster behaviors are not as closely re-

lated as major cluster
♦ Behavior of people affected by substance

dependence
♦ Symptoms of SUD

2. Major and minor clusters of the alcohol dataset

• Observations(compared to the other two substances):

■ The clusters are closest to each other
■ Distance between cluster centroids is smallest

• Interpretations(compared to the other two substances):

■ Easiest to move from non-AUD to AUD
■ One can become dependent at the fastest rate
■ One can be free from dependence at the fastest

rate

3. Major and minor clusters of the marijuana dataset

• Observations(compared to alcohol):

■ The clusters are farther from each other
■ Distance between cluster centroids is more

• Interpretations(compared to alcohol):

■ More difficult to move from non-CaUD to
CaUD

■ One can become dependent at a slower rate
■ One can be free from dependence at a slower

rate
■ Marijuana is more addictive than alcohol

1. Interpretations

■ Major cluster behaviors are closely related to each
other

♦ People not meeting criteria for DSM-5 SUD
♦ Not meeting criteria may be due to no history

of substance use
♦ Alternatively, the individual may have a history

of substance use but do not meet the criteria for
SUD.

■ Minor cluster behaviors are not as closely related as
major cluster

♦ Individuals with SUD may engage in a variety
of behaviors as reported on NSDUH that would
align with meeting criteria for a given SUD.

2. Interpretations (compared to the other two substances):

■ Alcohol is a commonly used substance. There is
greater engagement in alcohol use behaviors among
those who drink.

■ There is greater variability in the behaviors of those
who do and do not meet diagnostic criteria for AUD.

■ Individuals may modify patterns of alcohol use
more readily (relative to other substances), affecting
whether they meet diagnostic criteria for AUD or not.

3. Interpretations (compared to alcohol):

■ A greater proportion of individuals who report using
marijuana will meet the criteria for cannabis use disor-
der relative to those reporting alcohol use and meeting
the criteria for AUD.

■ NSDUH assessment demonstrates greater alignment
between behaviors and meeting DSM-5 criteria for
Cannabis use disorder.

■ Individuals using higher levels of marijuana are more
likely to meet DSM-5 criteria for Cannabis use disor-
der than those using at higher levels.

Table 4.3: Interpretations of results by Machine Learning and by a Mental Health Professional.

rehabilitation efforts needed for the person to become free from AUD require the least compared to

CaUD or CoUD. The major and minor clusters of the marijuana dataset are farther from each other

compared to the alcohol dataset. The distance between the cluster centroids in the marijuana dataset

is more than the distance between the cluster centroids in the alcohol dataset. It can be interpreted

that, it is more difficult to move from non-CaUD to CaUD compared to non-AUD to AUD, and vice
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Intepretation of Results

By Machine Learning By a Mental Health Professional

4. Major and minor clusters of the cocaine dataset

• Observations(compared to the other two substances):

■ The clusters are farthest away from each other
■ Distance between cluster centroids is largest

• Interpretations(compared to the other two substances):

■ Most difficult to move from non-CoUD to CoUD
■ One can become dependent at the slowest rate
■ One can be free from dependence at the slowest rate
■ Cocaine is the most addictive compared to alcohol and

marijuana

5. Range of coverage of major and minor clusters of the alcohol dataset

• Observations:

■ Major cluster has a wider coverage
■ Minor cluster has a lesser coverage

• Interpretations:

■ Major cluster behaviors have a wider range of activities
♦ Normal people’s behavior
♦ Non-users, moderate users, and low-risk users
♦ No significant symptoms of AUD

■ Minor cluster behaviors have a lesser range of activities
compared to the major cluster

♦ Behavior of people affected by alcohol depen-
dence

♦ Extreme binge drinkers, heavy drinkers
♦ Symptoms of AUD

■ Boundary of major and minor clusters
♦ Large amounts of consumption but not dependent
♦ Binge drinkers

6. Range of coverage of major and minor clusters of the marijuana and
the cocaine datasets

• Observations:

■ Major cluster has a wider coverage
■ Minor cluster has a lesser coverage

• Interpretations:

■ Major cluster behaviors have a wider range of activities
♦ Normal people’s behavior
♦ Non-users and low-risk users
♦ No significant symptoms of CaUD or CoUD

■ Minor cluster behaviors have a lesser range of activities
compared to the major cluster

♦ Behavior of people with CaUD or CoUD
♦ Symptoms of CaUD or CoUD

4. Interpretations (compared to the other two substances):

■ Individuals using cocaine are more likely to meet
DSM-5 criteria for a Stimulant Use Disorder than
those using alcohol or marijuana.

■ Cocaine use is associated with a greater likeli-
hood of experiencing other DSM-5 Stimulant Use
Disorder criteria relative to alcohol or marijuana.
This may be due to differences in the psychophar-
macological properties between the 3 substances.

5. Interpretations

■ Major cluster behaviors have a wider range of ac-
tivities

♦ Individuals can either not drink or drink
alcohol, but may not meet the criteria for
DSM-5 AUD.

■ Minor cluster behaviors have a lesser range of ac-
tivities compared to the major cluster

♦ More extreme alcohol behaviors are more
likely to be associated with meeting DSM-
5 criteria for AUD

■ Boundary of major and minor clusters

♦ Individuals can consume alcohol to vary-
ing degrees, but consumption alone does
not determine whether someone meets
DSM-5 criteria for AUD.

6. Interpretations

■ Major cluster behaviors have a wider range of ac-
tivities

♦ Individuals may not be using marijuana or
cocaine

♦ Individuals using marijuana, but not use
consistent with meeting DSM-5 criteria for
Cannabis Use Disorder

♦ Individuals who are using cocaine, but not
use consistent with meeting DSM-5 crite-
ria for Stimulant Use Disorder

■ Minor cluster behaviors have a lesser range of ac-
tivities compared to the major cluster

♦ Those engaging in higher rates of mari-
juana are more likely to meet DSM-5 cri-
teria for Cannabis Use Disorder.

♦ Similarly, those engaging in higher rates
of cocaine are more likely to meet DSM-
5 criteria for Stimulant Use Disorder.

Table 4.4: Interpretations of results continued from Table 4.3
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versa. It can also be said that an individual can become dependent or independent from marijuana at a

slower rate compared to alcohol. Furthermore, the behavior of an individual dependent on marijuana

is more distinct from normal behavior compared to alcohol. In the cocaine dataset, the major and

the minor clusters are farthest away from each other compared to the alcohol and marijuana datasets.

The distance between the cluster centroids is the largest in the cocaine dataset compared to the other

two substances. It can, therefore, be interpreted that, moving from non-CoUD to CoUD is the most

difficult compared to moving from non-AUD to AUD or non-CaUD to CaUD, and vice versa. Thus,

one can become dependent or independent from cocaine at the slowest rate compared to alcohol and

marijuana. These interpretations could mean that the rehabilitation efforts needed for the person to

become free from SUD will take the biggest efforts in the case of CoUD, followed by CaUD, and

lastly AUD. For the alcohol dataset, the major cluster behaviors have a wider coverage compared to

the minor cluster. Based on this observation, it can be interpreted that the major cluster has a wider

range of everyday activities and consists of normal people’s behavior who are non-users, moderate

users, or low-risk users of alcohol. It can be concluded that these individuals have no significant

symptoms of AUD because their everyday behavior is not affected by alcohol. The minor cluster

behaviors have a lesser range of coverage compared to the major cluster. It consists of people af-

fected by alcohol dependence resulting in a lesser of range everyday activities. These individuals

include extreme binge drinkers or heavy drinkers and are projecting symptoms of AUD because their

behavior is limited due to the effects of alcohol. At the boundary between the clusters, lie the be-

havior of people that can swing from independence to dependence of alcohol, and vice versa. The

behaviors at the boundary of the major and the minor clusters consist of individuals who may have

large alcohol consumption but are not considered dependent or are considered not very dependent.

This drinking pattern is normally found in binge drinkers. In the marijuana and cocaine datasets,

there is a wider range of coverage in the major clusters and a smaller range of coverage in the minor

clusters. It can thus, be interpreted that, the major clusters have a wider range of activities that consist

of normal people’s behavior. These individuals may be regarded as non-users or low-risk users of

marijuana or cocaine and have no significant symptoms of CaUD or CoUD. The minor clusters have

a less range of activities and can be interpreted as the behaviors of people affected by marijuana or

cocaine dependence, who are showing symptoms of CaUD or CoUD such that their everyday activ-

ities are constrained within a lesser range. Comparing all three substances, it can be observed that

the region for CaUD covers the widest range, followed by AUD, and lastly CoUD. It can be said

that the behaviors of people with CaUD are the least restrictive such that, their everyday activities

are the least constrained. This makes individuals with CaUD more functional and their behavior is

closer to people with no SUD, as compared to people with AUD or CoUD. Thus the manifestation
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of SUD is least obvious with CaUD, followed by AUD, and the most obvious manifestation of SUD

is CoUD. The results complement the existing research that risk perceptions related to the use of

marijuana are becoming more non-restrictive across all ages, especially in adults, emerging adults,

and middle adults [88]. In addition, the distance between the cluster boundaries in the alcohol dataset

is the least, followed by marijuana, and lastly cocaine. It can be said that the behaviors of the people

at the cluster boundaries of AUD and non-AUD are similar to each other. Thus, it is difficult to

distinguish AUD and non-AUD behaviors at the boundaries. The distance at the cluster boundaries

of the marijuana dataset is farther compared to the alcohol. This means that the behaviors of people

at the cluster boundaries of CaUD and non-CaUD are more distinct compared to alcohol. Thus, the

difference in the behaviors of CaUD and non-CaUD is observable. And lastly, the distance at the

cluster boundaries of the cocaine dataset is farthest compared to alcohol and marijuana. This means

that the behaviors of people at the cluster boundaries of CoUD and non-CoUD are the most distinct

compared to alcohol and marijuana. Thus, the difference in behaviors is most observable between

CoUD and non-CoUD compared to the two other substances. It was concluded that in the DBSCAN

results for the alcohol dataset, the smallest cluster represents respondents with severe symptoms of

AUD who can be regarded as heavy drinkers, and for the DBSCAN results in the marijuana, and co-

caine datasets, participants are projecting heterogeneous symptoms for potential poly-substance use

disorder. This is because a study by [89] suggests marijuana dependence and cocaine dependence are

related to the increased likelihood of binge drinking. It is also possible that the model has detected

potential endophenotypes for CaUD and CoUD as according to [90] both of these drugs are heritable

by at least 50%. Lastly, a study by [25] interprets features based on non-normative socialization

SUD emphasis to manifest from psychological and health issues to social maladjustment. That work

further explains that the strongest indicators of SUD risk are swearing, poor behavior, and irritability.

The authors interpret that it could result in affective dysregulation and social interaction problems

which could also result in irregular circadian rhythms. In terms of SUD prediction, it is mentioned

that phenotypic characteristics and environmental factors ranked among the top two features which

machine learning combined to facilitate the prioritization of prevention tactics. Compared to this

works’s interpretations from observed machine learning results, these interpretations need formal

training in psychology. Our interpretation is based on data visualizations provided by unsupervised

machine learning, which do not need any formal background in psychology. Thus, validation from a

mental health professional is needed. The statistical results from the NSDUH reported that 5.3% of

the total population aged 12 years or older had AUD, about 1.8% of individuals from the total pop-

ulation were diagnosed with CaUD, and 0.4% of the respondents had CoUD. It was also confirmed

that 7.4% of people aged 12 years or older have developed SUD for alcohol, marijuana, and cocaine.
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Of the 7.4% diagnosed with SUD, about 71.1% of people had AUD, 23.5% were diagnosed with

CaUD, and about 4.9% had CoUD [45].

4.2.2 By a Mental Health Professional

Machine learning results point to different patterns in the classifications of SUDs when examining

alcohol, marijuana, and cocaine in the NSDUH data. For alcohol and marijuana, the boundaries

between the group with and without AUD and CaUD, respectively, were less distinct. This pattern

may reflect that DSM-5 diagnostic criteria focus on symptoms (e.g., tolerance, withdrawal, and neg-

ative consequences of substance use), rather than specific substance use behaviors (e.g., frequency

of use) that are assessed by NSDUH. In the case of alcohol and marijuana, results may be driven by

the more widespread use of both substances and that alcohol or marijuana use may not correspond

with meeting DSM-5 diagnostic criteria. In contrast, there was a clear separation between those who

were and were not classified as addicted to cocaine. This may be due to the lower frequency of

cocaine use and the greater probability that individuals using cocaine may meet diagnostic criteria

for a Stimulant Use Disorder. When examining the spread of the data across the three substances,

different patterns emerged by substance. For alcohol and marijuana, there was a greater spread in the

results for the non-addicted groups, pointing to a greater range of behaviors represented relative to

the cocaine group. This is consistent with patterns of use for these substances in the U.S. Addition-

ally, there was greater density for the alcohol and marijuana groups identified as addicted relative to

cocaine. This likely reflects a more limited range of behaviors endorsed for alcohol and marijuana

relative to cocaine.

4.3 Brain-computer interface experiments using alcohol stim-

ulus

In this section, the study presents three main types of results derived from the processing of the

recorded data. This work starts with an analysis of the power spectrum of the theta, alpha, and beta

frequency rhythms for low-risk consumption, harmful consumption, and the likelihood of AUD. It

then discusss the transitions of the brain signals during the first and last phase of alcohol intake.

Finally, the overall cluster results for all the participants combined are described, by showing the

brain activity of the subjects with hazardous alcohol use, dependence symptoms, and lastly those

with severe alcohol use.
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4.3.1 Power spectral density analysis

In the following paragraphs, the study presents the PSD graphs for participants from each category

of low-risk consumption, harmful or hazardous consumption, and the likelihood of AUD that is

based on the responses of the AUDIT. It discusses the theta, alpha, and beta frequency bands’ results

during the first and last phase of alcohol intake for three subjects from each category. All the PSD

graphs for all 17 participants are shown as supplementary material. Lastly, it will discuss the general

observations and interpretations of the results based on the three subjects from each category.

4.3.1.1 Theta band

Theta band

Observations Interpretations

1. Low-risk consumption

• The PSD ranges from 0.005 to 0.065 µV²/Hz in
epoch 1 and from 0.005 to 0.055 µV²/Hz in epoch
6

• A higher degree of signal overlap compared to the
harmful consumption and likelihood of AUD in
both epochs

• Lowest range of theta power compared to the
harmful consumption and likelihood of AUD in
epochs 1 and 6

2. Harmful or hazardous consumption

• The PSD ranges from 0.005 to 0.09 µV²/Hz in
epoch 1 and from 0.005 to 0.15 µV²/Hz in epoch
6

• The degree of signal overlap is lesser in both
epochs compared to the low-risk consumption

• The range of theta power is more compared to the
low-risk consumption for both epochs 1 and 6

3. Likelihood of AUD

• The PSD ranges from 0.00 to 0.10 µV²/Hz in
epoch 1 and from 0.01 to 0.28 µV²/Hz

• For both epochs, the degree of signal overlap is
lesser compared to the low-risk and harmful con-
sumption domains

• The range of theta power is the largest compared
to the low-risk and hazardous risk domain for both
epochs 1 and 6

1. An increase in alcohol consumption causes an in-
crease in theta spectral power as the amount of al-
cohol increases.

2. A higher degree of signal entanglement results from
an activation of the inhibitory and motor responses
caused by alcohol consumption. This is because these
are regulated by the theta band [91].

3. signal entanglement could also indicate acute
changes in brain activity in response to alcohol intoxi-
cation. This is because we can observe mild intoxica-
tion effects in most people after exactly two standard
drinks [14].

4. A higher frequency of alcohol consumption results in
higher theta energy. This is evident in that people
with low-risk consumption have the lowest range of
theta power.

Table 4.5: Observations and the Interpretations of the PSD results obtained from the theta frequency rhythm.

This frequency rhythm lies within the range (4-8Hz) and is mostly responsible for the regulation

of learning, inhibitory control processes, and intuition. It is generated across all parts of the cortex
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Figure 4.16: Epoch 1 represents the initial phase of alcohol intake for the low-risk consumption in the theta
band. We can observe a range of 0.065 µV²/Hz PSD and a high degree of signal entanglement.

Figure 4.17: Epoch 6 represents the last phase of alcohol intake for the low-risk consumption in the theta
band. The average PSD range was reduced by 0.01 µV²/Hz. The degree of signal entanglement is less diverse
compared to epoch 1.

and acts as a repository for memories and emotions [91].

4.3.1.1.1 Observations It can be observed that the PSD of a low-risk consumer ranges from

0.005 to 0.065 µV²/Hz in Fig. 4.16 and from 0.005 to 0.055 µV²/Hz in Fig. 4.17. The PSD of the

harmful or hazardous consumer ranges from 0.005 to 0.09 µV²/Hz in Fig. 4.18 and from 0.005 to

0.15 µV²/Hz in Fig. 4.19. Finally, the PSD of a participant with the likelihood of AUD ranges from

0.00 to 0.10 µV²/Hz in Fig. 4.20 and from 0.001 to 0.28 µV²/Hz in Fig. 4.21. The participant with

low-risk consumption has a higher degree of signal entanglement in epoch 1, followed by the one

with harmful consumption, and lastly the subject with the likelihood of AUD. On the contrary, in

epoch 6, there is a higher degree of signal entanglement for harmful or hazardous risk consumer,

followed by the one with low-risk consumption, and lastly the subject with the likelihood of AUD.

Based on these results, during the first phase of alcohol intake, the participant with the likelihood
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Figure 4.18: Epoch 1 represents the initial phase of alcohol intake for the harmful or hazardous consumption
in the theta band. We can observe a range of 0.08 µV²/Hz PSD and a lesser degree of signal entanglement
compared to the low-risk consumption.

Figure 4.19: Epoch 6 represents the last phase of alcohol intake for the harmful or hazardous consumption in
the theta band. The average PSD range increased by 0.065 µV²/Hz. The degree of signal entanglement is less
diverse compared to epoch 1.

of AUD has the highest range of theta power, followed by the harmful or hazardous risk consumer,

and lastly, the low-risk consumer. Similarly, during the last phase of alcohol intake, the subject with

the likelihood of AUD has the highest range of theta power, followed by harmful or hazardous risk

consumer and lastly low-risk consumer.

4.3.1.1.2 Interpretations In general, for the theta band, more alcohol consumption results in

more spectral power. This is true for all types of alcohol consumption. However, for people with

a lesser frequency of consumption, the level of activation is much higher compared to the highest

frequency of consumption. For the data gathered in this experiment, the highest frequency of con-

sumption has five times more spectral power than the lowest frequency of consumption. This means

that people with higher alcohol consumption are calmer and therefore more coherent in their level
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Figure 4.20: Epoch 1 represents the initial phase of alcohol intake for the likelihood of AUD in the theta band.
We can observe a range of 0.10 µV²/Hz PSD and the degree of signal entanglement is less and the lower set of
signals shows more stability.

Figure 4.21: Epoch 6 represents the last phase of alcohol intake for the likelihood of AUD in the theta band.
The average PSD range increased by 0.14 µV²/Hz between epochs 1 and 6. The degree of signal entanglement
is less diverse in both epochs compared to the low-risk and harmful consumption.

of concentration thus they tend to be more functional in performing normal tasks compared to those

with less consumption. The high degree of signal entanglement results from the activation of in-

hibitory and motor responses caused by alcohol consumption as these are regulated by the theta band

[91]. The level of activation is much higher for people with lesser frequency of use because they

project more acute performance impairment symptoms due to higher alcohol consumption. In most

people, mild intoxication can be observed after two standard drinks [14]. Table 4.5 summarizes the

results of the theta band.

4.3.1.2 Alpha band

The alpha band is a state of the brain that predominates through the resting state and enhances an

individual’s relaxation of the mental state. Its frequency ranges between 8-12Hz and it is a source for
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mental coordination and consciousness that does not involve any cognitive task. Its power spectrum

has been proven to be mostly suppressed during body activities with eyes wide open [92].

Alpha band

Observations Interpretations

1. Low-risk consumption

• The PSD ranges from 0.002 to 0.014 µV²/Hz in
epoch 1 and from 0.002 to 0.0158 µV²/Hz in
epoch 6

• Similar to the theta band, we can observe a higher
degree of signal overlap in epochs 1 and 6 com-
pared to the harmful consumption and likelihood
of AUD

• Lowest range of alpha power compared to the
harmful consumption and likelihood of AUD in
epochs 1 and 6

• Compared to the theta band, we can observe a de-
crease in the average PSD for the low-risk, harm-
ful risk, and likelihood of AUD

2. Harmful or hazardous consumption

• The PSD ranges from 0.001 to 0.024 µV²/Hz in
epoch 1 and from 0.002 to 0.048 µV²/Hz in epoch
6

• The degree of signal overlap is lesser in both
epochs compared to the low-risk consumption

• The range of alpha power is more compared to the
low-risk consumption for both epochs 1 and 6

3. Likelihood of AUD

• The PSD ranges from 0.000 to 0.0225 µV²/Hz in
epoch 1 and from 0.005 to 0.075 µV²/Hz

• For both epochs, the degree of signal overlap is
lesser compared to the low-risk and harmful con-
sumption domains

• The range of alpha power is the largest compared
to the low-risk and hazardous risk domain for both
epochs 1 and 6

1. Similar to the theta band, more alcohol consumption
results in more spectral power. This is because the
highest range of alpha power was observed in epoch
6 compared to epoch 1.

2. Similarly, the frequency of use of alcohol results in
more spectral power. This has been shown by a
higher average PSD for the individual with the likeli-
hood of AUD as compared to those with low-risk and
harmful risk consumption.

3. The alpha rhythm predominates in the resting state
thus its spectral power is suppressed during body ac-
tivities with eyes wide open [92]. This is why it has
the lowest range of PSD compared to the theta and
beta bands.

4. The alpha band promotes mental coordination and en-
hances overall relaxation. The increase in the av-
erage power spectrum is caused by cortical activa-
tions and alert mechanisms from increasing alcohol
amount [93].

Table 4.6: Observations and the Interpretations of the PSD results obtained from the alpha frequency rhythm.

4.3.1.2.1 Observations Compared to the results of the theta band, there is a significant de-

crease of alpha in the range of the PSD for all the subjects in all the epochs. Although the results of

the alpha band are lesser than theta, there is an increase in the average PSD between epochs 1 and

6 for all three types of consumption. It can be observed that the PSD of low-risk consumer ranges

from 0.002 to 0.014 µV²/Hz in Fig. 4.22 and from 0.002 to 0.0158 µV²/Hz in Fig. 4.23.

The PSD for harmful risk consumer in Fig. 4.24 ranges from 0.002 to 0.024 µV²/Hz and from
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Figure 4.22: Epoch 1 represents the initial phase of alcohol intake for the low-risk consumption in the alpha
band. We can observe a range of 0.014 µV²/Hz PSD and a higher degree of signal entanglement.

Figure 4.23: Epoch 6 represents the last phase of alcohol intake for the low-risk consumption in the alpha
band. The average PSD range was increased by 0.002 µV²/Hz. The degree of neural overlap is almost similar
to epoch 1.

0.005 to 0.48 µV²/Hz in Fig. 4.25. Lastly, the PSD for an individual with the likelihood of AUD in

Fig. 4.26 ranges from approximately 0.000 to 0.0225 µV²/Hz in epoch 1 and from 0.005 to 0.075

µV²/Hz in Fig. 4.27. Similar to the theta band, there is a higher degree of signal entanglement for the

subject with low-risk consumption, followed by the harmful or hazardous risk consumer, and lastly

for the subject with the likelihood of AUD in epoch 1. For epoch 6, it can be observed that a higher

degree of signal entanglement in the subject with harmful or hazardous risk consumption, followed

by the low-risk consumer, and lastly one with the likelihood of AUD.

4.3.1.2.2 Interpretations In the alpha, the same trend of activation is observed as in the theta

band. However, the value of the spectral power is lesser because it is mostly suppressed during body

activities with eyes wide open. A higher alpha power is more prominent at the resting state and

thus more alcohol consumption results in less relaxation and more agitation [92]. People with lesser
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alcohol consumption can be easily disturbed by outside stimuli compared with people with higher

consumption as they can be calmer. Increasing the amount of alcohol consumption results in cortical

activations and alert mechanisms and thus causes less relaxation [93]. The summary of observations

and interpretations of the alpha band are summarized in table 4.6

Figure 4.24: Epoch 1 represents the initial phase of alcohol intake for the harmful or hazardous consumption
in the alpha band. We can observe a range of 0.024 µV²/Hz PSD and a lesser degree of signal entanglement
compared to the low-risk consumption.

Figure 4.25: Epoch 6 represents the last phase of alcohol intake for the harmful or hazardous consumption in
the alpha band. The average PSD range increased by 0.024 µV²/Hz between epochs 1 and 6. The degree of
signal entanglement is more compared to epoch 1.

4.3.1.3 Beta band

In the beta rhythm, the frequency ranges from 12-35Hz which can further be subdivided into low

beta (12-15Hz), mid beta (15-18Hz), and high beta (above 18Hz). It is a state of the brain in

which sensory-motor control tasks are processed and occur during information processing, decision-

making, and problem-solving. It is recorded in the frontal regions of the brain [94].
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Figure 4.26: Epoch 1 representing the initial phase of alcohol intake for the likelihood of AUD in the alpha
band. We can observe a range of 0.023 µV²/Hz PSD and a lesser degree of signal entanglement compared
to the low-risk and harmful consumption. The lower set of signals have a smooth and stable trend while the
higher signals are more jumpy.

Figure 4.27: Epoch 6 representing the last phase of alcohol intake for the likelihood of AUD in the theta
band. The average PSD range increased by 0.053 µV²/Hz between epochs 1 and 6. The degree of neural
entanglement is less diverse in both epochs compared to the low-risk and harmful consumption.

4.3.1.3.1 Observations The PSD of low-risk consumer ranges from 0.0005 to 0.01 µV²/Hz in

Fig. 4.28 and from 0.000 to 0.045 µV²/Hz in Fig. 4.29. For harmful or hazardous risk consumer in

Fig. 4.30, the PSD ranges from approximately 0.000 to 0.0065 µV²/Hz and approximately 0.000 to

0.02 µV²/Hz in Fig. 4.31. Lastly, the PSD for the subject with the likelihood of AUD in Fig. 4.32

ranges from 0.000 to 0.013 µV²/Hz and from 0.000 to 0.024 µV²/Hz in Fig. 4.33.

The signals appear to fluctuate independently but the degree of signal entanglement is more

significant in the low-risk consumer, followed by harmful or hazardous risk consumer, and lastly

the subject with the likelihood of AUD. It can be observed that some signals have peaks at certain

frequencies, with the low-risk consumer having more pronounced peaks, followed by harmful risk

consumer, and lastly, the subject with the likelihood of AUD in epoch 1. In epoch 6 of the low-risk
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Beta band

Observations Interpretations

1. Low-risk consumption

• The PSD ranges from 0.0005 to 0.01 µV²/Hz in
epoch 1 and from 0.000 to 0.045 µV²/Hz in epoch
6

• The signals fluctuate independently however the
degree of neural overlap is more significant in the
low-risk consumption compared to harmful risk
and likelihood of AUD

• The low-risk consumption has more pronounced
peaks with the most significant observed at 15Hz

• The lowest range of beta power can be observed
compared to the other two domains

2. Harmful or hazardous consumption

• The PSD ranges from 0.000 to 0.0065 µV²/Hz in
epoch 1 and from 0.000 to 0.02 µV²/Hz in epoch
6

• The range of beta power is lesser compared to the
low-risk consumption for both epochs 1 and 6

3. Likelihood of AUD

• The PSD ranges from 0.000 to 0.013 µV²/Hz in
epoch 1 and from 0.000 to 0.024 µV²/Hz

• For both epochs, the degree of signal overlap is
lesser compared to the low-risk and harmful con-
sumption domains

• The range of beta power is lesser compared to the
low-risk but more compared to the harmful risk
consumption for both epochs 1 and 6

1. For low-risk consumption, the spectral power is more
pronounced in the sensory-motor rhythm (12-15Hz).
It can reflect an imbalance between the excitatory and
inhibitory neural responses due to increasing alcohol
amount for an individual whose consumption is low
[95].

2. A significant increase in the beta spectral power is
normally produced before developing an AUD [96].
In our results, PSD in the beta was lower than the
theta and alpha results. This could indicate that the
participants project AUD symptoms when the amount
of alcohol consumption increases but are not neces-
sarily suffering from AUD

3. Additionally, the increase in the beta power does not
entirely depend on the rate of consumption of alcohol,
and as such we can reduce the possibility of these par-
ticipants being alcohol dependent. This is because an
increase in the beta spectral power can be related to
a family history of AUD [17]. This further supports
our argument that these participants may be prone to
dependence if they increase their rate and frequency
of alcohol consumption.

4. Pronounced peaks could potentially indicate person-
ality traits that are associated with the risk of devel-
oping AUD like a family history of alcoholism. This
is because results in beta have been considered a trait
marker in AUDs [96].

Table 4.7: Observations and the Interpretations of the PSD results obtained from the beta frequency rhythm.

consumer, there is a significant peak at 15Hz.

4.3.1.3.2 Interpretations Similar to the theta and alpha bands, the beta has more spectral

power for a higher frequency of alcohol compared to lesser alcohol consumption. This is because

beta is about focus and concentration thus the person with the least alcohol consumption has less

motor control for the same amount of consumed alcohol compared to the person with the highest

frequency of consumption. The results are summarized in table 4.7.

The spectral power of the low-risk consumer is more pronounced and significant in the sensory-

motor rhythm (12-15Hz). This rise in beta power may indicate an imbalance between the excitatory

and inhibitory neural responses resulting from increasing alcohol amount for an individual whose

consumption is low [95]. A study by [96] suggests that an increase in beta spectral power is nor-

mally produced before developing AUD. In the results of this study, the PSD in the beta band was
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generally lower than the theta and alpha rhythms. This may be evidence of AUD vulnerability when

the frequency of consumption is increased. It can be said that the subjects are projecting symptoms

of AUD due to the increasing alcohol amount but do not necessarily suffer from AUD. Additionally,

the increase in the beta spectral power does not entirely depend on the rate and frequency of use

of alcohol. As such, the possibility of the subjects being alcohol dependent is reduced because the

increase of the beta power may be related to a family history of AUD [17]. This further supports our

argument that the subjects in the study may be prone to AUD if they increase their frequency of alco-

hol consumption. Lastly, the pronounced peaks observed in the beta results may indicate personality

traits associated with the risk of developing AUD because results in beta have been considered a trait

marker according to [96]. This is to say that the beta spectral power can be used to diagnose potential

endophenotypes that put individuals at risk of developing AUD before the presence of symptoms.

Figure 4.28: Epoch 1 represents the initial phase of alcohol for the low-risk consumption in the beta band. We
can observe a range of 0.0095 µV²/Hz and a higher degree of spiky signals.

Figure 4.29: Epoch 6 represents the last phase of alcohol intake for the low-risk consumption in the beta band.
The average PSD increased by 0.035 µV²/Hz with a there is a significant spike at 15Hz.
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Figure 4.30: Epoch 1 represents the initial phase of alcohol for the harmful or hazardous risk consumption in
the beta band. We can observe a range of 0.065 µV²/Hz and a lower degree of signal spikes compared to the
low-risk consumption. We can observe a decrease in the PSD of these signals as the frequency increases.

Figure 4.31: Epoch 6 represents the last phase of alcohol intake for the harmful or hazardous risk consumption
in the beta band. The average PSD increased by 0.0135 µV²/Hz with a lesser degree of signal spikes. Similar
to epoch 1, a decrease in the PSD of these signals as the frequency increases is observed.

In general, the person with a lesser frequency of alcohol consumption is greatly affected by the

effects of alcohol for the same amount of alcohol consumed compared to the person with a higher

frequency of consumption. This can hinder their ability to make proper judgments and informed

decision-making, leading to impaired motor coordination [97]. Results in theta have the highest PSD

across all the subjects compared to the other two bands because a study by [96] suggests that theta

is considered a state marker in alcoholism. This means that the spectral power of the theta band can

be used as a biomarker to diagnose the presence of AUD. According to [17], the spectral power in

EEG can be used to examine the extent of alcohol use by showing neural changes associated with its

consumption. The results in theta, alpha, and beta bands can correlate with the severity of AUD and

how it affects the brain.

64



Figure 4.32: Epoch 1 represents the initial phase of alcohol intake for the likelihood of AUD in the beta band.
We can observe a PSD of 0.013 µV²/Hz and more stability in the lower set of signals. The signals spikes are
less significant and the value of the PSD increases as the frequency decreases.

Figure 4.33: Epoch 6 represents the last phase of alcohol intake for the likelihood of AUD in the beta band. The
average PSD increased by 0.011 µV²/Hz and there is more signal fluctuations compared to epoch 1. Similar to
the harmful or hazardous risk consumption, the power spectrum reduces as the frequency increases.

4.3.2 Transition based clustering results

In the following paragraphs, the study discusses the transitions of the brain signals from the initial

to the final phase of alcohol intake for low-risk consumption, harmful or hazardous consumption,

and the likelihood of AUD. These transitions will be used to understand an individual’s cognitive and

behavioral changes with increasing alcohol amount. The results of epoch 1 represent the initial phase

of alcohol intake while those for epoch 6 represent the last phase of alcohol intake. The observations

and interpretations are discussed from epoch 1 followed by epoch 6 and summarized in table 4.8.

4.3.2.0.1 Observations In Fig. 4.34, the clustering results indicate the three major clusters that

represent the brain activity of participants at the first instance of alcohol intake. More dispersed data

points are observed for the green cluster, followed by the red cluster, and lastly green red cluster. The

65



Transition based clustering results

Observations Interpretations

1. Epoch 1 (Initial phase of alcohol intake)

• Three major clusters representing the results
in the first instance of alcohol intake

• More dispersed data points in the green clus-
ter, followed by the red cluster, and lastly the
blue cluster

• The red cluster is denser than the blue and
green clusters and covers a wider range

• The data points in the red cluster fall between
the blue and the green clusters

2. Epoch 6 (Final phase of alcohol intake)

• Three major clusters in the last instance of
alcohol intake

• The data points are more confined and less
dispersed compared to the ones in epoch1

• The data points in the blue and green clus-
ter intersect towards the larger values of the
PCA1 axis

• Some data points in the green cluster over-
shoot towards the larger values of the PCA1
axis

1. Epoch 1 (Initial phase of alcohol intake)

• The three major clusters represent the brain activ-
ity of people with low-risk consumption, harmful
or hazardous risk consumption, and the likelihood
of AUD

• The blue cluster represents subjects with the like-
lihood of AUD, the red cluster represents the brain
activity of people with harmful or hazardous con-
sumption while the green represents those with
low-risk consumption

• The dispersion of data points indicates the dy-
namic neurophysiological changes and the acti-
vation of brain activity induced by alcohol con-
sumption [96]

• Similarly, individuals experience more brain acti-
vation in lesser alcohol consumption, followed by
hazardous or harmful alcohol consumption, and
lastly those with the likelihood of AUD

2. Epoch 6 (Final phase of alcohol intake)

• The brain activity of people with low-risk con-
sumption and the likelihood of AUD intersect be-
cause according to [98] these types of consumers
may project similar characteristics during binge
drinking episodes.

• Data overshoot indicates the high spectral power
that is mostly associated with the activation of the
inhibitory and motor responses caused by increas-
ing the amount of alcohol for people with low
consumption. This is because an increase in alco-
hol consumption causes an increase in the spec-
tral power of the theta, alpha, and beta frequency
bands

• The brain activity of people that have a moderate
to high alcohol consumption project less motor
control impairment compared to those with low-
risk consumption [95] and thus are calmer for the
same amount of alcohol consumption

Table 4.8: Observations and the Interpretations of the transition-based clustering results.

red cluster is dense than the blue and green clusters and covers a wider range than the other two. The

data points in the red cluster fall between the blue and the green clusters.

In Fig. 4.35, three major clusters can also be observed that represent the brain signals of partic-

ipants at the last instance of alcohol intake. Compared to the epoch 1 cluster results, the data points

are more confined and less dispersed. The data points in the blue and green clusters intersect towards

the larger values of the PCA1 axis. Similarly, some data points in the green cluster overshoot towards

the larger values of the PCA1 axis.
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Figure 4.34: The clustering results in the first instance of alcohol consumption for all 17 participants. The
green cluster has more dispersed data points compared to the red and blue clusters.

Figure 4.35: The clustering results in the last instance of alcohol consumption for all 17 participants. In this
graph, the data points are more confined and have a lesser dispersion.
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4.3.2.0.2 Interpretations The three major clusters in Fig. 4.34 and Fig. 4.35 represent the

brain activity of people with low-risk alcohol consumption, hazardous or harmful alcohol consump-

tion, and the likelihood of AUD. The blue cluster in Fig. 4.34 represent the brain activity of people

with the likelihood of AUD, the red cluster represents those with harmful or hazardous consumption

and lastly the green cluster represents those with low-risk consumption. The dispersion of the data

points in Fig. 4.34 indicates the neurophysiological changes and the brain activation induced by al-

cohol consumption. In addition, individuals experience more brain activation and a higher degree of

neural entanglement for lesser alcohol consumption compared to higher alcohol consumption. The

brain activity of people with low-risk consumption and the likelihood of AUD in Fig. 4.35 intersect

because according to [98], these consumers may project similar characteristics during binge drink-

ing. The data overshoot in Fig. 4.35 of the green cluster indicates the higher spectral power that

is mostly associated with the activation of the inhibitory and motor responses caused by increasing

amount of alcohol for individuals with low consumption. An increase in alcohol consumption causes

an increase in the spectral power of the theta, alpha, and beta frequency bands. Lastly, the brain

activity of people who have moderate to high alcohol consumption projects less motor control im-

pairment compared to those with low-risk consumption [98] and thus are calmer for the same amount

of alcohol consumption.

4.3.3 Overall clustering results

Domains Questions Item Content Responses

Hazardous Alcohol use

1 Frequency of drinking 31

2 Typical quantity 45

3 Frequency of heavy drinking 38

Dependence symptoms

4 Impaired control over drink-
ing

21

5 Increased salience of drink-
ing

13

6 Morning drinking 25

Severe Alcohol use

7 Guilt after drinking 28

8 Blackouts 28

9 Alcohol-related injuries 9

10 Others concerned about
drinking

14

Table 4.9: The three domains of the AUDIT with the total responses recorded from the 17 participants in the
alcoholism experiments.
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Figure 4.36: The overall clustering results of all the 17 participants from the first phase to the last phase of
alcohol intake. The three clusters represent the brain activity of people with hazardous alcohol use, dependence
symptoms, and lastly severe alcohol use.

For our overall clustering results in Fig. 4.36, the BIRCH algorithm was implemented. The re-

sults showed a maximum of 3 clusters that represent hazardous alcohol use, dependence symptoms,

and severe alcohol use as a result of increasing alcohol consumption. The total number of scores

recorded by the 17 participants in the three AUDIT domains are presented in the table 4.5. In this

table, the last domain was modified from ”Harmful Alcohol use” to ”Severe alcohol use”. This is

because the second consumption level in the AUDIT, ”hazardous or harmful risk consumption,” uses

”hazardous and harmful” terminology as a similar item. Based on the responses of the AUDIT, the

maximum number of responses recorded is under the domain “hazardous alcohol use”, followed by

“severe alcohol use”, and “dependence symptoms”. The highest score was reported for typical quan-

tity, followed by frequency of heavy drinking, and lastly, frequency of drinking. From the clustering

results in Fig. 4.36, It can be said that the red cluster represents this set of brain activity. The major-

ity of participants have 5 or more drinks containing alcohol on a typical day when they are drinking,

which can be classified as binge drinking. The frequency of drinking establishes the typical quantity

of drinks on one occasion. In the AUDIT, this can be assessed as a period of either daily, weekly,

or monthly. In this domain, individuals may project mild symptoms of AUD because their brain

activity shows a higher degree of signal entanglement due to increasing alcohol consumption. The

69



data points are not confined as those in the blue and green cluster,s indicating a higher performance

and motor coordination impairment compared to the people with dependence symptoms and severe

alcohol use. In the domain of “dependence symptoms”, it can be observed that the need for a morn-

ing drink had the most number of responses, followed by impaired control, and increased salience

over drinking. The green cluster in Fig. 4.36 represents this set of brain activity. This is to say that

the majority of participants would normally need a first drink in the morning after a heavy drinking

session. Impaired control over drinking normally refers to a person’s inability to abstain from drink-

ing even if there is a possibility to do so. In this state, the subject could subconsciously choose to

stop or continue drinking alcohol. It can be said that the individual could be having an imbalance

between the excitatory and inhibitory neurons [95]. Increased salience of drinking means a person’s

inability to perform what would be expected of them due to drinking. That is to say, an individual

could prioritize consuming alcohol over other important activities. The results in 4.9 indicate that

they normally stop rather than continue drinking and potentially start again the next morning. This is

because increased salience of drinking had the lowest score compared to the other two contents. Al-

though the subjects have varying responses to the effects of alcohol, as previously shown in the PSD

analysis, it can be said that the majority of them project dependence symptoms caused by increasing

the amount of alcohol consumption but are not entirely suffering from AUD. This is because the

results obtained from the power spectrum were higher in the theta band compared to the alpha and

beta bands. In this domain, individuals may project moderate symptoms of AUD which results in

lesser reaction time and information processing due to higher doses of alcohol. Lastly, the majority

of participants in the ‘severe alcohol use” domain reported “guilt after drinking” and “blackouts”

equally, more than “concern from others”, and having “alcohol-related injuries”. The blue cluster

Fig. 4.36 represents this set of brain activity. It can be said that alcoholics would normally prefer a

blackout or have regrets about drinking heavily rather than having a morning drink. It is believed that

the two aforementioned are directly influenced by impaired control over drinking. This is because if

an individual chooses to continue drinking alcohol, they may end up ”blacked out” and have ”guilt

after drinking” the next day. In this domain, individuals may project severe symptoms of AUD and

are likely to have alcohol-related injuries if they engage more in alcohol consumption episodes. This

may cause a need for an intervention from mental health professionals.
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5. Conclusion and Future Directions
In conclusion, this research study has presented a model that correlates clinical assessments of SUD

and brain-computer interface experiments with alcohol stimulus. Firstly, the extent of SUD was

examined using data from the National Survey on Drug Use and Health online database that is based

on DSM-5 criteria for SUD. Unsupervised machine learning was applied using three algorithms, k-

means, hierarchical clustering, and DBSCAN. These algorithms result in consistent clustering of two

major clusters, namely, respondents with SUD and those without. Based on the data visualization, the

results are analyzed and interpreted from the point of view of machine learning. The interpretation

based on numerical results is validated by a mental health professional. The study proceeds to analyze

the severity of AUD from a group of seventeen male participants based on EEG and alcohol-drinking

experiments using PSD and the BIRCH clustering algorithm. The data is recorded as they drink

alcohol in increasing amounts. In this work, three types of results are analyzed that are, EEG spectral

power, transitions from the initial to the final phase of alcohol intake, and lastly the overall brain

activity of all the participants. The findings of the PSD indicate that more alcohol consumption results

in more spectral power. A person with a higher frequency of alcohol consumption is less affected

by its effects compared to those with lower consumption for the same amount of alcohol consumed.

The transition-based clustering results are consistent with the PSD results because the interpretations

indicate that people with a higher frequency of consumption have lesser motor control impairment

and, therefore, are more coherent in their concentration level than those with a lesser frequency

of consumption. For the overall clustering results, individuals with harmful alcohol use project mild

symptoms of AUD, those with dependence symptoms project moderate symptoms of AUD, and lastly

those with severe alcohol use project severe symptoms of AUD. The interpretation of these results

corresponds with those from the PSD and the transition-based clustering. This approach contributes

to mental health disorders through a computational model that automatically classifies people with

or without SUD, and that is validated by a mental health professional. This tool can help supplement

evaluations and assessments by mental health professionals, thus speeding up the diagnostics process,

performing the necessary interventions accordingly, and how to manage interventions. In addition, an

analysis of the severity of SUD for each of alcohol, cannabis, and cocaine is provided. The severity

of AUD was analyzed through alcohol-drinking experiments because alcohol is a very chronic type

of SUD. Lastly, this model is also able to discover patterns of other mental health disorders that may

be related to the degree of severity of SUD or poly-SUD.

For future work, the results of this study will be improved by comparing multiple spectral fea-
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tures to further assess the severity levels of AUD. Additionally, task-based EEG paradigms will be

incorporated into future alcohol drinking experiments to allow for a more controlled assessment of

cognitive and motor responses as alcohol intake increases. To complement EEG-based clustering, fu-

ture studies will also include structured behavioral observations recorded in real-time during alcohol

intake, such as visible changes in motor coordination, speech, or reaction times. These observations

will be used to correlate the neural activity and enhance the interpretations. Furthermore, objective

measures of alcohol levels, such as breathalyzer-based blood alcohol concentration (BAC) readings,

will be integrated at regular intervals during the experiment. This will allow for more accurate track-

ing of intoxication levels across epochs and will strengthen the interpretation of clustering outcomes.

Together, these additions will provide a more comprehensive understanding of the neurophysiologi-

cal effects of alcohol use.
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A. Feature Set – Alcohol Dataset
This appendix presents the features extracted from the NSDUH 2019 alcohol-related dataset. These

variables were derived from participant survey responses and used in correlation and clustering anal-

ysis shown in Chapter 3.
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ALCOHOL 

These questions are about drinks of alcoholic beverages. Throughout these questions, by a 

"drink" we mean a can or bottle of beer, a glass of wine or a wine cooler, a shot of liquor, or a 

mixed drink with liquor in it. We are not asking about times when you only had a sip or two from 

a drink. Have you ever, even once, had a drink of any type of alcoholic beverage? Please do not 

include times when you only had a sip or two from a drink. 

 

1.​ ALCEVER - EVER HAD DRINK OF ALCOHOLIC BEVERAGE 

2.​ ALCTRY - AGE WHEN FIRST DRANK ALCOHOLIC BEVERAGE 

3.​ ALCYFU - YEAR OF FIRST ALCOHOL USE - RECODE 

4.​ ALCMFU - MONTH OF FIRST ALCOHOL USE - RECODE 

5.​ ALCREC - TIME SINCE LAST DRANK ALCOHOLIC BEVERAGE 

6.​ ALCYRTOT - TOTAL # OF DAYS USED ALCOHOL IN PAST 12 MONTHS 

7.​ ALDAYPYR - NUMBER DAYS DRANK ALCOHOL IN PAST 12 MOS 

8.​ ALDAYPMO - # DAYS PER MONTH DRANK ALCOHOL IN PAST 12 MOS 

9.​ ALDAYPWK - # DAYS PER WEEK DRANK ALCOHOL IN PAST 12 MOS 

10.​ALCDAYS - # DAYS HAD ONE OR MORE DRINKS PAST 30 DAYS 

11.​AL30EST - BEST ESTIMATE # DAYS HAD ONE OR MORE DRINKS 

12.​ALCUS30D - USUAL # OF DRINKS PER DAY PAST 30 DAYS 

13.​ALCBNG30D - # DAYS HAD FOUR/FIVE OR MORE DRINKS PAST 30 DYS 

14.​RSKBNGDLY​ - RISK HAVING 4 OR 5 DRINKS NEARLY EVERY DAY 

15.​RSKBNGWK - RISK HAVING 5 OR MORE DRINKS ONCE OR TWICE A WEEK 

16.​RSKYFQDGR​- GET A REAL KICK OUT OF DOING DANGEROUS THINGS 

17.​RSKYFQTES​ - LIKE TO TEST YOURSELF BY DOING RISKY THINGS 

18.​GRSKBNGDLY - RC-GREAT RISK: HAVE 4-5 ALC DRINKS PER DAY 

19.​GRSKBNGWK - RC-GREAT RISK: HAVE 5+ ALC DRINKS 1-2 TIMES PER WEEK 
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20.​ALCLOTTM - SPENT MONTH/MORE GETTING/DRNKG ALC PAST 12 MOS 

21.​ALCGTOVR - MONTH+ SPENT GETTING OVER ALC EFFECTS PST 12 MOS 

22.​ALCLIMIT - SET LIMITS ON ALCOHOL USE PAST 12 MONTHS 

23.​ALCKPLMT - ABLE TO KEEP LIMITS OR DRANK MORE PAST 12 MOS 

24.​ALCNDMOR - NEEDED MORE ALC TO GET SAME EFFECT PST 12 MOS 

25.​ALCLSEFX - DRNKG SAME AMT ALC HAD LESS EFFECT PAST 12 MOS 

26.​ALCCUTDN - WANT/TRY TO CUT DOWN/STOP DRNKG PAST 12 MOS 

27.​ALCCUTEV - ABLE TO CUT/STOP DRNKG EVERY TIME PAST 12 MOS 

28.​ALCCUT1X - CUT DOWN OR STOP DRNKG AT LEAST ONCE PAST 12 MOS 

29.​ALCWD2SX - HAD 2+ ALC WITHDRAWAL SYMPTOMS PST 12 MOS 

30.​ALCWDSMT - HAD 2+ ALC WDRAW SYM AT SAME TIME PST 12 MOS 

31.​ALCEMOPB - ALC CAUSE PRBS WITH EMOT/NERVES PAST 12 MOS 

32.​ALCEMCTD - CONTD TO DRINK ALC DESPITE EMOT PRBS 

33.​ALCPHLPB - ANY PHYS PRBS CAUSED/WORSND BY ALC PST 12 MOS 

34.​ALCPHCTD - CONTD TO DRINK ALC DESPITE PHYS PRBS 

35.​ALCLSACT - LESS ACTIVITIES B/C OF ALC USE PAST 12 MOS 

36.​ALCSERPB - ALC CAUSE SERS PRBS AT HOME/WORK/SCH PST 12 MOS 

37.​ALCPDANG - DRNK ALC AND DO DANGEROUS ACTIVITIES PST 12 MOS 

38.​ALCLAWTR - DRNK ALC CAUSE PRBS WITH LAW PAST 12 MOS 

39.​ALCFMFPB - DRNK ALC CAUSE PRBS W/FAMILY/FRIENDS PST 12 MOS 

40.​ALCFMCTD - CONTD TO DRINK ALC DESPITE PRBS W/ FAM/FRNDS 
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B. Feature Set – Marijuana Dataset
This appendix presents the features used for analysis of the marijuana-related dataset.
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MARIJUANA 

The next questions are about marijuana and hashish. Marijuana is also called pot or grass. 

Marijuana is usually smoked, either in cigarettes, called joints, or in a pipe. It is sometimes 

cooked in food. Hashish is a form of marijuana that is also called "hash." It is usually smoked in 

a pipe. Another form of hashish is hash oil. 

Have you ever, even once, used marijuana or hashish? 

 

1.​ MJEVER - EVER USED MARIJUANA/HASHISH 

2.​ MJAGE - AGE WHEN FIRST USED MARIJUANA/HASHISH 

3.​ MJYFU - YEAR OF FIRST MARIJUANA/HASHISH USE - RECODE​  

4.​ MJMFU - MONTH OF FIRST MARIJUANA/HASHISH USE - RECODE​  

5.​ MJREC - TIME SINCE LAST USED MARIJUANA/HASHISH​  

6.​ MJYRTOT - TOTAL # OF DAYS USED MARIJUANA IN PAST 12 MOS​  

7.​ MRDAYPYR - ​# DAYS USED MARIJUANA/HASHISH PAST 12 MONTHS 

8.​ MRDAYPMO - # DAYS PER MO USED MARIJUANA/HASHISH PAST 12 MOS 

9.​ MRDAYPWK - # DAYS PER WEEK USED MARIJUANA/HASHISH PAST 12 MOS​  

10.​MJDAY30A - # DAYS USED MARIJUANA/HASHISH PAST 30 DAYS​  

11.​MR30EST - BEST EST. # DAYS USED MARIJUANA PAST 30 DAYS​  

12.​RSKYFQDGR - GET A REAL KICK OUT OF DOING DANGEROUS THINGS​  

13.​RSKYFQTES -  LIKE TO TEST YOURSELF BY DOING RISKY THINGS​  

14.​RKFQPBLT - WEAR A SEATBELT WHEN RIDE FRONT PASS SEAT OF CAR 

15.​GRSKMRJMON - RC-GREAT RISK: USE MARIJUANA ONCE A MONTH 

16.​GRSKMRJWK​ - RC-GREAT RISK: USE MARIJUANA 1-2 TIMES PER WEEK 

17.​DIFOBTMRJ - RC-MARIJUANA FAIRLY OR VERY EASY TO OBTAIN​  

18.​MRJLOTTM - SPENT MONTH/MORE GETTING/USING MJ PAST 12 MOS 

19.​MRJGTOVR - ​MONTH+ SPENT GETTING OVER MJ EFFECTS PST 12 MOS 
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20.​MRJLIMIT - SET LIMITS ON MARIJUANA USE PAST 12 MONTHS​  

21.​MRJKPLMT - ABLE TO KEEP LIMITS OR USE MORE MJ PAST 12 MOS​ 

22.​MRJNDMOR - NEEDED MORE MJ TO GET SAME EFFECT PST 12 MOS​  

23.​MRJLSEFX - USING SAME AMT MJ HAD LESS EFFECT PAST 12 MOS​ 

24.​MRJCUTDN - WANT/TRY TO CUT DOWN/STOP USING MJ PST 12 MOS​  

25.​MRJCUTEV - ​ABLE TO CUT/STOP USING MJ EVERY TIME PST 12 MOS 

26.​MRJEMOPB - MJ CAUSE PRBS WITH EMOT/NERVES PAST 12 MOS​  

27.​MRJEMCTD - ​CONTD USING MARIJUANA DESPITE EMOT PRBS 

28.​MRJPHLPB - ​ANY PHYS PRBS CAUSED/WORSND BY MJ PST 12 MOS 

29.​MRJPHCTD - ​CONTD TO USE MARIJUANA DESPITE PHYS PRBS 

30.​MRJLSACT - LESS ACTIVITIES B/C OF MJ USE PAST 12 MOS​  

31.​MRJSERPB - ​MJ CAUSE SERS PRBS AT HOME/WORK/SCH PST 12 MOS 

32.​MRJPDANG - ​USING MJ AND DO DANGEROUS ACTIVITIES PST 12 MOS 

33.​MRJLAWTR - ​USING MJ CAUSE PRBS WITH LAW PAST 12 MOS 

34.​MRJFMFPB - USING MJ CAUSE PRBS W/FAMILY/FRIENDS PST 12 MOS​  

35.​MRJFMCTD - CONTD TO USE MJ DESPITE PRBS W/ FAM/FRNDS 
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C. Feature Set – Cocaine Dataset
This appendix presents the features used for analysis of the cocaine-related dataset.
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COCAINE 

These questions are about cocaine, including all the different forms of cocaine such as powder, 

"crack," free base, and coca paste. Have you ever, even once, used any form of cocaine? 

 

1.​ COCEVE - EVER USED COCAINE​  

2.​ COCAGE - AGE WHEN FIRST USED COCAINE​  

3.​ COCYFU - YEAR OF FIRST COCAINE USE - RECODE​  

4.​ COCMFU - MONTH OF FIRST COCAINE USE - RECODE​ 

5.​ COCREC - TIME SINCE LAST USED COCAINE​  

6.​ COCYRTOT - ​TOTAL # OF DAYS USED COCAINE IN PAST 12 MONTHS 

7.​ CCDAYPYR - ​# DAYS USED COCAINE PAST 12 MONTHS 

8.​ CCDAYPMO - # DAYS PER MONTH USED COCAINE PAST 12 MONTHS​  

9.​ CCDAYPWK - # DAYS PER WEEK USED COCAINE PAST 12 MONTHS​  

10.​COCUS30A - # DAYS USED COCAINE PAST 30 DAYS​  

11.​CC30EST - BEST ESTIMATE # DAYS USED COCAINE PAST 30 DAYS​  

12.​RSKCOCMON - RISK USING COCAINE ONCE A MONTH​ 

13.​RSKCOCWK - RISK USING COCAINE ONCE OR TWICE A WEEK 

14.​DIFGETCOC - HOW DIFFICULT TO GET COCAINE​  

15.​RSKYFQDGR​- GET A REAL KICK OUT OF DOING DANGEROUS THINGS 

16.​RSKYFQTES - LIKE TO TEST YOURSELF BY DOING RISKY THINGS​  

17.​GRSKCOCMON - RC-GREAT RISK: USE COCAINE ONCE A MONTH​  

18.​GRSKCOCWK - RC-GREAT RISK: USE COCAINE 1-2 TIMES PER WEEK​  

19.​COCLOTTM - SPENT MONTH/MORE GETTING/USING COC PAST 12 MOS 

20.​COCGTOVR - MONTH+ SPENT GETTING OVER COC EFFECTS PST 12 MOS​ 

21.​COCLIMIT - SET LIMITS ON COCAINE USE PAST 12 MONTHS​  

22.​COCKPLMT - ​ABLE TO KEEP LIMITS OR USED MORE COC PST 12 MOS 

80



23.​COCNDMOR - NEEDED MORE COC TO GET SAME EFFECT PST 12 MOS​  

24.​COCLSEFX - ​USING SAME AMT COC HAD LESS EFFECT PAST 12 MOS 

25.​COCCUTDN - WANT/TRY TO CUT DOWN/STOP USING COC PAST 12 MOS​  

26.​COCCUTEV - ​ABLE TO CUT/STOP USING COC EVERY TIME PAST 12 MOS 

27.​COCCUT1X - ​CUT DOWN/STOP USING COC AT LEAST 1X PST 12 MOS 

28.​COCFLBLU - ​WHEN CUT DOWN ON COC, FELT BLUE PAST 12 MONTHS 

29.​COCWD2SX - HAD 2+ COC WITHDRAWAL SYMPTOMS PST 12 MOS​  

30.​COCWDSMT - HAD 2+ COC WDRAW SYM AT SAME TIME PAST 12 MOS​  

31.​COCEMOPB - COC CAUSE PRBS WITH EMOT/NERVES PAST 12 MOS​  

32.​COCEMCTD - CONTD TO USE COC DESPITE EMOT PRBS​  

33.​COCPHLPB - ​ANY PHYS PRBS CAUSED/WORSND BY COC PST 12 MOS 

34.​COCPHCTD - CONTD TO USE COC DESPITE PHYS PRBS​  

35.​COCLSACT - ​LESS ACTIVITIES B/C OF COC USE PAST 12 MOS 

36.​COCSERPB - ​COC CAUSE SERS PRBS AT HOME/WORK/SCH PST 12 MOS 

37.​COCPDANG - USING COC AND DO DANGEROUS ACTIVITIES PST 12 MOS​  

38.​COCLAWTR - USING COC CAUSE PRBS WITH LAW PAST 12 MOS​  

39.​COCFMFPB - ​USING COC CAUSE PRBS W/FAMILY/FRIENDS PST 12 MOS 

40.​COCFMCTD - CONTD TO USE COC DESPITE PRBS W/ FAM/FRNDS 
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D. Power spectral density graphs for all the

17 participants
The PSD results for the 17 subjects are shown in this chapter. To keep this document concise, these

files are included in a zipped folder archive because they are too many. They can be downloaded

from the attached compressed file using the following link: PSD Results for All 17 Participants
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E. Approval Letter from Ministry of Health

and Wellness
Approval letters from the Ministry of Health and Wellness (MOHW) under the Health Research and

Development Division (HRDD). We attach the Initial and Final research permits.
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F. Internal Approval Letter from the office

of the Vice Chancellor
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G. Ethical Clearance Certificate from Hu-

man Ethics Research Committee
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ETHICAL CLEARANCE CERTIFICATE 
 

Certificate Reference 

Number: 

HREC-002 

Project title: Correlating Addiction Classifications from Clinical 

Assessments and Brain-Computer Interface Experiments   

Principal Investigator: Mr. Kaloso Tloteng 

Period 26/01/2022-25/02/2023 

 

On behalf of the Human Ethics Research Committee, I hereby give ethical approval in 

respect of the undertakings contained in the above-mentioned project and research 

instrument(s). Should any other instruments be used, these require separate authorization. 

The Researcher may therefore commence with the research as from the date of this 

certificate, using the reference number indicated above. 

 

The Human Ethics Research Committee retains the right to: 

 

1. Withdraw or amend this Ethical Clearance Certificate if; 

i. Any unethical principal or practices are revealed or suspected. 

ii. Relevant information has been withheld or misrepresented. 

iii. Regulatory changes of whatsoever nature so require. 

iv. The conditions contained in the Certificate have not been adhered 

to. 

2. Request access to any information or data at any time during the course or after 

completion of the project. 

 

The Human Ethics Research Committee wishes you well in your research. 

 

                                                    26/01/2022 

       ____________________________                               __________________________ 

           Prof. Goitseone Malumbela 

Chairman, Human Ethics Research Committee                                       Date 
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H. Approval from the BIUST Clinic un-

der the Division of Student Affairs and

Campus Life
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 MEMORANDUM 

DIVISION OF STUDENT AFFAIRS & CAMPUS LIFE    

TO:  MEng student; Department of Mechanical, Energy and Industrial 

Engineering; Mr Tlotleng 

 

FROM: Manager Health Services                                                                                            
                                                                                Ms. K. L. Ogopotse 
 
DATE:  May 03rd, 2022  

 
RE: NURSE TO ASSIST IN CONDUCTING HUMAN STUDY EXPERIMENTS 

 

The subject refers. 

 

As per the memo dated 25 April 2022, kindly note that your request has been 

acceded to. The nurse will be availed for 2 hours in the morning and 2 hours 

in the afternoon per day for 2 weeks.  

 

This is to ensure that the nurse will not have to leave the clinic for a prolonged 

period. The nurse will be expected to continue with his daily duties and 

provide support to your study at the same time. 

 

 

Thank you. 

Cc:  Dean Faculty of Engineering and Technology 

HOD mechanical engineering and industrial engineering 

Supervisor, Prof Rodrigo Jamisola 
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I. Approval from the Directorate on Phys-

ical Planning and Campus Facilities
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J. Approved Consent form for the Alcohol

drinking experiments
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BIUST SMaRT Lab Consent Form

           CORRELATING ADDICTION CLASSIFICATIONS FROM CLINICAL 
ASSESSMENTS AND BRAIN-COMPUTER INTERFACE EXPERIMENTS 

INTRODUCTION
This proposed study will be used to understand the neurocognitive behavior of alcohol users 
based on DSM-5 criteria for substance use disorders. This will be done through an interaction 
between the subject and the Brain-Computer Interface (BCI) which harnesses the brain signals 
of the user. The brain signals will be used to make a prediction machine learning model to better 
understand what happens in the neurocognition of the addicted individual. In this study, we built 
a machine-learning model based on clinical data from a mental health professional’s 
assessment. The next phase is to record and analyze brain signals to correlate them with the 
output from clinical data.

PURPOSE OF THE STUDY
The main aim of the research experiment is to model clinical assessment data available on the 
online database, then try to correlate it with brain signals. This study will be supplementary to 
the psychiatric evaluation.

ELIGIBILITY CRITERIA

To be eligible, the participant should answer ‘Yes’ to question 1 and ‘No’ to questions 2 to 9.

1. Have you ever consumed 2 liters of 6% alcohol or more in two hours before?     Yes/No
2. Do you have any alcohol allergies?                                                                        Yes/No
3. Have you ever had a bad reaction to alcohol?           Yes/No
4. Do you suffer from any liver disease?           Yes/No
5. Do you suffer from diabetes?                     Yes/No
6. Do you have any history of diabetes?                       Yes/No
7. Do you suffer from kidney disease?           Yes/No
8. Do you have any history of kidney disease?           Yes/No
9. Have you ever been diagnosed with Alcohol dehydrogenase deficiency?             Yes/No
10. Participants should be males aged between 18 and 60 years and required to declare 

that they have no history of mental illnesses. 
11. They should also have short hair. 
12. They should also be based in BIUST at the time of the experiment.
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STUDY PROCEDURE

1. Each volunteer will be given a maximum of two liters of beer with an alcohol content of 

around 6%.

2. Brain signals are recorded throughout the experiment using a non-invasive EEG 

head module.

3. The rate of consumption will be based on the willingness of the volunteer to take 

the alcohol. The timing and the estimated amount of alcohol intake will be 

recorded at each instance of intake.

4. The experiment will take a maximum of two hours for each participant.

5. A BIUST nurse is to be present throughout the conduct of the experiment to 

monitor the vital signs of the participants.

ALTERNATIVE PROCEDURES
The participants are expected to come to the experiments with dry, unoiled hair.

RISKS OR DISCOMFORTS
No side effects are expected from this experiment. All participants will only be given alcoholic 
beverages in increasing amounts.

SAFETY AND COMPLIANCE

The device to be used is an Emotiv Epoc Flex EEG head module. The device is totally 
non-invasive and is used by researchers worldwide. Its document manual stated the product to 
be Federal Communications Commission (FCC) compliant. The following information is stated in 
the manual:

EMOTIV products are intended for research applications and personal use only. Our products 
are not sold as Medical Devices as defined in EU directive 93/42/EEC. Our products are not 
designed or intended to be used for the diagnosis or treatment of disease. 

FCC ID Number 2ADIH-FLEX01 and IC ID Number: 12769A-FLEX01.

EMOTIV has undertaken testing and confirms:

This device complies with the radio equipment directive (2014/53/EU).
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BENEFITS
Participants will benefit from this by being part of cutting-edge research and working with eager 
young researchers who wish to contribute to the betterment of this world. 

NEW INFORMATION
In case of any new developments or news, the participant will be informed before those 
developments are implemented.

COSTS TO SUBJECTS AND COMPENSATION
No costs are expected from the participants.

VOLUNTARY PARTICIPATION
Participation in the experiment is by volunteering, the subjects will not be forced to do anything 
they are uncomfortable with. 

RIGHT TO WITHDRAW
Participants have the right to withdraw from the experiment if they feel overwhelmed or if they 
have a good reason to quit (like health, school, or family issues). Data gathered from 
participants who withdrew will not be considered in the study. In case of a withdrawal, 
participants will be requested to stay under the supervision of a nurse until they are ready to be 
taken home.

PRIVACY, ANONYMITY, AND CONFIDENTIALITY
The identity and information of participants will be kept confidential throughout the experiment 
and any publication will not reveal any information about the participants.

FUTURE USE OF INFORMATION
The data collected will be used for further research and the results may be published in a paper. 
The participant's personal information will not be published.

WHO TO CONTACT

Prof Rodrigo Jamisola: jamisolar@biust.ac.bw
Kaloso Tlotleng: kaloso.tlotleng@studentmail.biust.ac.bw
Mobile number: +267 72 461 941
office no. : +267 493 1649

STATEMENT OF CONSENT

I, the undersigned,       
                  
Full name: _______________________________________________

Age: ___________________________________________________
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Gender: _____________________________________________

Occupation: _______________________________________________

Marital status: _______________________________________________

hereby declare, that I give consent to participate in this research experiment, and I am aware of 
the risks associated with this participation but I am willing to take such risks on my own accord.

Signature: ______________________________________________

Place: _________________________________________________

Date: __________________________________________________

WITNESS STATEMENT 

I, the undersigned,       
                  
Full name: ______________________________________________

Gender: ________________________________________________

Occupation: _______________________________________________

Marital status: _______________________________________________

hereby declare, that I am a witness to the titled research experiment mentioned above.
It is within my best knowledge that the volunteer understands the rules and regulations 
presented herein, and will adhere to them.
I agree to be present throughout the conduct of the experiment, and monitor the health status of 
the participants.

Signature: ______________________________________________

Place: _________________________________________________

Date: __________________________________________________
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K. The Alcohol Use Disorders Identifica-

tion Test used in the experiments to test

the frequency and rate of use of alcohol

for the participants
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0 1 2 3 4

The Alcohol Use Disorders Identification Test: Self-Report Version

PATIENT: Because alcohol use can affect your health and can interfere with certain 
medications and treatments, it is important that we ask some questions about 
your use of alcohol. Your answers will remain confidential so please be honest. 
Place an X in one box that best describes your answer to each question.

Questions

1. How often do you have Never Monthly 2-4 times 2-3 times 4 or more
a drink containing alcohol? or less a month a week times a week

2. How many drinks containing 1 or 2 3 or 4 5 or 6 7 to 9 10 or more
alcohol do you have on a typical
day when you are drinking?

3. How often do you have six or Never Less than Monthly Weekly Daily or 
more drinks on one monthly almost 
occasion? daily

4. How often during the last Never Less than Monthly Weekly Daily or 
year have you found that you monthly almost 
were not able to stop drinking daily
once you had started?

5. How often during the last Never Less than Monthly Weekly Daily or
year have you failed to do monthly almost 
what was normally expected of daily
you because of drinking?

6. How often during the last year Never Less than Monthly Weekly Daily or
have you needed a first drink monthly almost 
in the morning to get yourself daily
going after a heavy drinking
session?

7. How often during the last year Never Less than Monthly Weekly Daily or
have you had a feeling of guilt monthly almost 
or remorse after drinking? daily

8. How often during the last year Never Less than Monthly Weekly Daily or
have you been unable to remem- monthly almost 
ber what happened the night daily
before because of your drinking?

9. Have you or someone else No Yes, but Yes,
been injured because of not in the during the
your drinking? last year last year

10.Has a relative, friend, doctor, or No Yes, but Yes, 
other health care worker been not in the during the 
concerned about your drinking last year last year
or suggested you cut down?

Total
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