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ABSTRACT

Drug addiction has become a critical health concern, especially among the youth of
Bangladesh. According to AsiaNews, there are more than 8 million drug addicts, out of
which a large portion consists of young people. Due to this growing menace, some effective
preventive steps need to be taken. This research examines some important factors that
differentiate between addicted and non-addicted people to help in targeted interventions.
This study is based on 1,624 individual responses, collected through an online survey
containing a wide array of demographic and behavioral attributes. The dataset includes
participants from Dhaka and Sylhet, aged 15 to 27 years, predominantly students. In this
paper, a machine learning-based approach was followed for analyzing and predicting the
risk of addiction. Models used in this work are Multilayer Perceptron (MLP), Extreme
Learning Machine (ELM), CatBoost, and standard classifiers. Ensemble techniques were
also adopted, namely Blending (Neural Networks, Gradient Boosting, and K-Nearest
Neighbors) and Voting (Logistic Regression, Random Forest, Support Vector Machine).
Models were evaluated as well, and their performances corresponded to 98.15% for
Blending and CatBoost, 93.85% for Voting, and 99.38% for both MLP and ELM. Top-
working models will help identify people in vulnerable positions toward addiction,
evaluate the state of health and psychological condition of a person, which will be an
indicator for acting in prevention. Outcome variables such as these from the current study
are critical in deducing further risks for addiction, especially in targeted public health
policies and intervention programs. With a special emphasis on current states of mental
and physical health, the high performing models, especially MLP and ELM, proved as
reliable tools for assessing risk for addiction. It outlines the role of machine learning in the
transformation that views and methods toward the drug addiction crisis among Bangladeshi

youth have been causing, with a data-driven basis for prevention and rehabilitation efforts.
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CHAPTER 1
INTRODUCTION

1.1 Introduction

Addiction is not just a word but, as such, is being an important social problem seriously
effecting youths, even elders, bringing hindrance for the entire nation. This is a global
challenge, causing severe damage in one's mental and physical health. It also holds strong
relations with social as well as family aspects. Most addicts are unable to appreciate how
or why they became addicted to drugs. Many drug users take the first dose out of curiosity,
under peer pressure, or some mislaid passion. However, addiction is a complex illness,
and therefore recovery is equally not easy. More than 80% of drug addicts in Bangladesh
include youths ranging from 15 to 35 years. In fact, the causes that can be attributed to
first-time drug use are personal dissatisfaction, heartbreak, family conflicts, political

instability, and lack of meaningful friendships.

This trend is really alarming and immediate attention is required if this country wants to
reduce the impact on its future generations. Avoiding drugs can significantly reduce the
likelihood of addiction and help curb its rising prevalence. Drug abuse has become a
pervasive issue among young people, stealthily disrupting their lives and routines. The
impact of drug addiction extends beyond individuals, contributing to criminal activities

and economic strain in Bangladesh.

In 2021, approximately half of those arrested for drug-related crimes were under 25 years
old. In addition, it costs the economy about $2 billion yearly due to addiction. The
National Drug Control Commission estimates about 2.5 million users in the country, out
of which children and teenagers comprise 80%. Substance abuse leads to numerous
negative consequences, including health problems, economic decline, and disintegration
of the social framework. The earlier the stage at which addiction is addressed, the better,
because this may reduce its progress as well as decrease its possibility of recurrence. This
research represents the first attempt to apply machine learning in order to study drug

addiction in Bangladesh.
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It will investigate patterns of addiction within the unique socio-cultural context of the
nation and identify the key factors contributing to vulnerability to addiction. The
development of machine learning models specific to predicting the risk of addiction in
this study aims at improving predictability with a view to targeted interventions. The
findings will help in health decision-making by providing data-driven insights into the
optimization of resource allocation and treatment strategies. This research points to the
potential of technology in transforming addiction analysis and intervention efforts and

opens up new avenues for innovative solutions to this pressing challenge.

1.2 Motivation

The high rate of drug addiction among the youth in Bangladesh, as well as its
consequences on public health and social stability, are major motivating factors for this
research. Recent reports show that more than 80% of drug addicts belong to the age group
between 15 and 35 years, with grave consequences for their mental and physical health.
This is further compounded by the fact that it contributes to increasing crime rates and
economic losses estimated at $2 billion annually. Therefore, the predictors of addiction
and the development of specific intervention strategies are very vital in trying to stem this
crisis. The research, therefore, leveraging advanced machine learning models, will bridge
the gap in existing literature and provide a way in which data-driven insights can guide
effective healthcare policies and preventive measures. This should be an attempt at
reduction in the socioeconomic cost of drug addiction to give a more healthy and secured

future to Bangladesh.

1.3 Rationale of the Study

This research work will hence provide evidence-based insights into the factors that are
causing drug addiction among Bangladeshi youth, focusing on the identification of
predictors and high-risk behaviors. The research will make use of advanced machine
learning techniques to analyze socio-demographic and behavioral data of affected

individuals to find out the pattern and trend. Such knowledge is important in the sense that
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it raises awareness about the need for targeted interventions to try and stem this growing

public health crisis. The ultimate goal is to provide policymakers, healthcare providers,

and community leaders with actionable data to design and execute strategies that reduce

addiction rates, promote mental and physical well-being, and foster a healthier and more

resilient society.

1.4 Research Questions

RQ1: What are the demographic and behavioral factors that distinguish between
addicted and non-addicted individuals in Bangladesh?

RQ2: To what extent can machine learning algorithms such as Multilayer
Perceptron (MLP), Extreme Learning Machine (ELM), and CatBoost estimate the
probability of drug addiction?

RQ3: What is the relative performance of the ensemble models such as Blending
(Neural Networks + Gradient Boosting + KNN) and Voting (Logistic Regression,
Random Forest, SVM) in classifying addiction tendencies?

RQ4: Can predictive models identify age-specific addiction patterns, especially
among the youth aged 15-27 years, in the dataset?

RQ5: How do the predictive results of this study help in developing targeted

interventions to reduce drug addiction among Bangladeshi youth?

1.5 Expected Output

Development of a robust MLP, CatBoost, and ELM model for accurate identify of
drug addiction from collected samples.

The ensemble methods at an advanced level-Blending that includes Neural
Networks, Gradient Boosting, and KNN, and Voting that includes Logistic
Regression, Random Forest, and SVM-were strictly compared against standalone

models.
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e A structured framework for integrating predictive models into public health
strategies was thus developed to enable early detection and intervene selectively
in cases that run the risk of addiction.

e It points to the identification of critical predictors, such as family dynamics, peer
influence, and mental health conditions that could contribute toward designing
effective preventive measures and rehabilitation programs among Bangladeshi
youth.

e The study lays a great groundwork for further research in integrated advanced
machine learning algorithms and varied datasets that could help in understanding

the pattern of addiction.

1.6 Project Management and Finance

The research work doesn’t get fund from any individuals or organization.

1.7 Report Layout

In Chapter 1, the introduction, objectives, and key research inquiries of the study are
outlined. In Chapter 2, concise synopses of the literature review are provided. In Chapter
3, the proposed methodology is described in detail. In Chapter 4, the experimental
outcomes of the paper are described and examined. The fifth chapter discusses the
sustainability plan, societal and environmental impacts, and ethical considerations. The
sixth chapter concludes the present investigation and outlines a strategy for subsequent

endeavors.
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CHAPTER 2
BACKGROUND

2.1 Preliminaries/Terminologies

Recent machine learning and data analytics developments have opened new avenues for
finding fresh approaches to the problem of drug addiction among youth. By using
predictive analytics, researchers have come up with advanced systems that can identify and
classify addiction tendencies based on socio-demographic and behavioral attributes. Such
systems are bound to predict risks for addiction quite accurately with the integration of
various machine learning models, including MLP and ELM, among others, along with
ensemble techniques, considering peer influence, mental health, and family dynamics.
These developments reflect a transformational leap in the field of addiction research that
will be providing actionable insight into potentially transforming public health policies and

interventions to meet this evolving challenge with a view toward eradication.

2.2 Related works

Various machine learning models used different algorithms and features for the prediction
of AUD. Kinreich et al., [2019], employed the Support Vector Machine classification for
symptoms of AUD based on multidimensional factors such as gender, ethnicity, and age
and realized remarkable accuracy in African American populations. Mary et al. [2019],
utilized a decision tree classifier to classify individuals as either therapy seekers or
nontreatment seekers, and the Alternating Decision Tree framework emerged with the best
performance. Using different measures, Lee et al. [2019], developed a decision tree model
that predicted AUD treatment-seeking behavior. Guggenmos et al. [2020], enhanced the
diagnostic classification of alcohol dependence by integrating neuroimaging data. Other
SUDs have also been vastly explored using different datasets and algorithms for their
prediction with the help of machine learning.Various machine learning models used

different algorithms and features for the prediction of AUD. Kinreich et al., [2019],
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employed the Support Vector Machine classification for symptoms of AUD based on
multidimensional factors such as gender, ethnicity, and age and realized remarkable
accuracy in African American populations. Mary et al. [2019], utilized a decision tree
classifier to classify individuals as either therapy seekers or nontreatment seekers, and the
Alternating Decision Tree framework emerged with the best performance. Using different
measures, Lee et al. [2019], developed a decision tree model that predicted AUD treatment-
seeking behavior. Guggenmos et al. [2020], enhanced the diagnostic classification of
alcohol dependence by integrating neuroimaging data. Other SUDs have also been vastly
explored using different datasets and algorithms for their prediction with the help of
machine learning.Kumari et al. [2018], developed a model with two ANN modules for
predicting alcohol consumption, attaining notable accuracy. Jing et al. [2020], used the
random forest algorithm in order to predict SUD among participants aged 10-22 years,
highlighting critical predictors such as psychological dysregulation and health behavior.
Beattie & Nicholson, [2021], applied Random Forests on imbalanced heroin use data and
reported that the most important predictors were cocaine and crack usage. Similarly,
Marcon et al., [2021], analyzed drinking patterns using Elastic Net Regularization, Random
Forests, and Neural Networks among medical students in Brazil. Other works have used
more specialized methods to enhance these predictions of substance use. For example,
Frank et al. [2018], applied logistic regression for the prediction of smoking status based
on the results of blood tests; this was the optimal approach in their study.Zhang et al.
[2019], proposed the XGBoost algorithm combined with a feature extraction module to
enhance daily smoking behavior prediction. Nasir et al. [2021], used integrated data sets of
treatment discharge records and crime data, developing random forests, neural networks,
and extreme gradient boosting for the precise prediction of treatment completion outcomes.
The CNN models used by Mukhtar et al. [2021], on raw EEG data for detecting substance
use recorded an astounding 98% accuracy. Further innovative techniques have enriched
predictive models for SUDs. Dou et al. [2021], have analyzed social media text by
combining Facebook conversations and survey data to identify substance use among
homeless youth with high ROC-AUC scores.Segal et al. [2020], applied Word2Vec and

Gradient Boosting Trees to medical insurance claims to analyze Opioid Use Disorder and
©Daffodil International University 6



achieved high sensitivity and specificity. Similarly, Ibrahimi et al. [2021], applied DNNs
in identifying AUD cases from electronic health records, with much higher accuracy
compared to the results from traditional algorithms. These studies underline substantial
progress being made in predictive modeling for substance use disorders via diverse data

sources and state-of-the-art techniques.

2.3 The Problem's Scope

Arguably, one of the most important and multi-dimensional current public health issues
facing Bangladesh is the increasing tendency towards drug addiction among the ever-
growing population of youths in this country. This paper will consider the socio-cultural,
demographic, and health perspectives on the problem of drug addiction as it affects
individuals and society. By focusing on peer influence, family dynamics, and conditions
of mental health, the study tries to address the critical gaps in knowledge so as to provide

actionable insights in combating addiction within the Bangladeshi context.

2.4 Challenges

This research faced difficulties at the data collection stage in terms of a complete dataset
that represents most of the socio-demographic and behavioral patterns influencing drug
addiction in Bangladesh. Extensive preprocessing addressed inconsistencies and partial
incompleteness in the data. Other challenges included the generalization of models to
changing demographics. The robust algorithms that minimize overfitting and improved the
predictive accuracy of the solution include the Multilayer Perceptron, Extreme Learning
Machine, and ensemble methods such as Blending and Voting. This made the models

efficient for unseen data and hence applicable to real-world public health strategies.
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CHAPTER 3
RESEARCH METHOLOGY
3.1 Proposed Methodology/Applied Mechanism

The provided diagram 3.1 outlines a structured methodology for detection of Drug
Addiction using data processing and Machine Learning.

Collected Data through survey ’ Convert Qualitative to
(n=1624) Quantitative Data
Develop Machine Data Preprocessing
Learning Models
Missng Value Handle Encoding
MLP || ELM Voting o
Removal of Duplicates Scalling
Blending CatBoost
Data Split

Applied Trained Model
i on Test Data _’ Results _’ Result Analysis

Fig 3.1:The working process to perform Drug Addiction Detection

Data for this study were collected through an online and face-to-face survey, targeting
urban areas such as Dhaka and Sylhet, and targeting people aged between 15-27 years. In
this survey, consideration was given to the socio-demographic and behavioral attributes of
1624 respondents. This dataset contains both addicted and non-addicted persons, so it is
quite fair for analysis. Focusing on youth-a demographic most affected by addiction-means

that this study is relevant to the public health challenges of Bangladesh.
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3.2 Data Collection Procedure/Dataset Utilized

This study on drug addiction prediction has used the dataset collected through the survey
targeted at youth-15-27 years-from Bangladesh. The survey encompasses socio-
demographic, behavioral, and psychological attributes influential in determining the
addiction tendency. In addition, it focuses on urban respondents from places like Dhaka
and Sylhet to collect more data on increasing drug addiction among youth in these cities.
This dataset represents a key primary source of data in finding the main patterns and

predictors of addiction among highly vulnerable demographics.

The research methodology ensured a diverse representation of people from different
educational and social backgrounds, with the majority of respondents being students. A
structured questionnaire was designed to collect data on key variables like family
dynamics, peer pressure, and mental health conditions, thus providing a comprehensive
basis for analysis. Specific questions in the survey were aimed at eliciting information
about addictive behaviors and their risk factors, hence allowing detailed insight into the
socio-behavioral causes of addiction.

The dataset collected will represent an important source for training and validation of
machine learning models developed in this work. Considering a representative youth
demographic, with qualitative and quantitative variables, this dataset will provide new
insights for the improvement of addiction tendencies and inform targeted public health
interventions. The comprehensiveness of the data collected ensures a strong basis for
predictive analytics and opens more avenues for future research into the domain of

addiction prevention and rehabilitation.

After completing all the primary steps, the dataset’s final uploaded images are shown in

Figure 3.2.
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Fig.3.2: Images of the uploaded data without encoding

3.3 Data Pre-processing

Extensive preprocessing was carried out to ensure the quality and suitability of the dataset
for machine learning analysis. Missing data were treated by imputation techniques like
statistical imputation and imputation using KNN in order to maintain data integrity.
Synthetic data augmentation techniques were put to work for issues like class imbalance
problems in addicted versus non-addicted cases. Normalization and scaling of numerical
features were applied to unify the data, whereas encoding of categorical variables was done

to seamlessly feed it into machine learning models.

After preprocessing, the data was divided into training and testing sets in an appropriate
70-20-10 proportion to guarantee robust model performance evaluation. Further EDA was
performed in an attempt to visualize patterns, relationships, and outliers that may be
contained in this dataset. EDA gave insight into the distribution of addicted and non-
addicted subjects for some key features: age, mental health scores, and peer influence level.
Such visualization provided critical insight that helped fine-tune model selection and
parameter optimization. Qualitative data from the survey have been encoded into
quantitative features by systematic techniques. Key predictors such as family dynamics,
peer pressure, and attributes of mental health have been extracted and prioritized for
machine learning modeling. This process of feature engineering ensured that the significant
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information relevant to the addiction risk analysis was kept while preparing the data for
computational tasks. The Histogram of data frame of the pre-processed data are shown in

Figure 3.3.

Histogram of DataFrame

1600 Age

Gender

Education
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Attitude Towards Drugs
Social Connections
Past Failures

Suicidal Thoughts
Family Relationships
Family Finances
Addicted Friends
Family Addiction
Workplace Satisfaction
Legal Cases
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Past Drug Use
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Fig.3.3: Histogram of DataFrame after completing preprocessing
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3.3.1 Resizing Exploratory Data Analysis

Exploratory Data Analysis is done to get an overview of the dataset. EDA summarized the
basic characteristics of data and made visualizations to show how the key attributes are
distributed and varied. Some of the visualizations adopted in analysis include a bar plot for
giving some statistical summary over the dataset. Above is the bar plot of mean, Std, 25%,
50%, 75%, and Max for different demographic and behavioral attributes. This plot helps
in comparing the central tendency, dispersion, and range of the data, which are important

to understand the distribution and variability within the dataset.

Analyses of these statistical measures outline patterns and anomalies that might lead to and
confirm such concealed factors leading to addiction. For instance, the larger the standard
deviation values, the greater variation in certain attributes, likely leading to higher risk
factors. A similar look into the average and median could shed more light on data's central
tendencies; thus, making it meaningful for us in understanding typical characteristic values
of an addicted vs. non-addicted persons. The EDA process is an important preprocessing
step in machine learning, enhancing model accuracy and reliability by the identification of
key features and outliers to support public health policies and interventions. The Figure

3.3.1 shows the Bar plot diagram.
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Bar Plot of Mean, Std, Min, Max
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Values
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Fig.3.3.1: Bar plot diagram on Box Plot of DataFrame

3.4 Deep Learning Models

This research developed Multilayer Perceptron, Extreme Learning Machine, CatBoost,
Blending (NN, GBM, KNN), and Voting (LR,RF,SVM) and then detected by the preset

parameters.

3.4.1.Multiplayer Perceptron (MLP)

MLPs are feedforward artificial neural networks that consist of an input layer, one or more
hidden layers, and an output layer. In the current work, MLP was utilized as a powerful
classifier model in predicting drug addiction tendencies. Every layer in MLP is composed
of fully connected nodes that adopt a weighted sum of their input with subsequent
application of activation functions. This process has empowered the network to learn
higher-dimensional and complex patterns of a dataset. Every node (neuron) in a layer has

a weight that connects it to every other node in the layer below [18]. The MLP, being able
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to capture complex dependencies, gave an impressive result of 99.38% accuracy, one of

the best in this work.

Input Layer Hidden Layer Output Layer

Fig. 3.4.1: Multilayer Perceptron Model Architecture (Google)
3.4.2Extreme Learning Machine (ELM)

The Extreme Learning Machine is a single-hidden-layer feedforward neural network
designed for fast training and efficient learning. Different from the traditional neural
networks, ELM initializes the weights of the hidden layer randomly and analytically
determines the output weights with extremely low computational cost. ELM was applied
in this paper to predict addiction tendencies using a balanced dataset. It has been designed
by nature for speed in learning important features from socio-demographic factors to
psychological attributes. This technique, though simple, scored a high 99.38% accuracy,
matching that of MLP. This could be credited to the great efficiency in handling nonlinear
high-dimensional data, making it one of the perfect candidates for any addiction prediction

task. The output weights are determined analytically [19].
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Fig.3.4.2: Extreme Learning Machine Architecture (Google)

3.4.3 CatBoost

In this paper, the CatBoost algorithm of gradient boosting was used because it is designed
for improving predictive accuracy with reduced overfitting on categorical data. The
algorithm applies ordered boosting and efficient handling of categorical features, hence
suitable for analysis where there is a complex interaction between different variables.
CatBoost then processed the socio-demographic and behavioral features for addiction
prediction, learning hierarchical interactions and dependencies between them. The
performance achieved a remarkable accuracy of 98.15% due to its capability in minimizing
overfitting and efficiently handling categorical attributes of the data. This evidences its
reliability in identifying addiction tendencies while keeping strong generalization. It is
designed to improve the accuracy and speed of training by reducing overfitting and

supporting ordered boosting [20].
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3.4.4. Blending (Neural Networks + Gradient Boosting + KNN)

Blending: here, the ensemble model combines predictions coming from Neural Networks,
Gradient Boosting, and K-Nearest Neighbor. It improves the classification performance.
Each base model gets trained independently on the very same dataset, and their outputs are
combined into a kind of meta-model-most of the time Logistic Regression, actually giving
the final prediction. This ensemble approach allows the Blending model to take advantage
of the strengths of different algorithms: the capturing of complex patterns with the Neural
Networks, effective handling of nonlinear relationships with Gradient Boosting, and
ensuring sensitivity to the local data structures with KNN. The combination of the
predictions above allowed the Blending model to reach an accuracy of 98.15% with robust
and reliable predictions. In this way, the Blending approach improved accuracy by
integrating various algorithms, and general reliability of our classification system.

3.4.5. Voting (Logistic Regression + Random Forest + SVM)

A voting classifier was used in this study, combining the predictions using models by LR,
RF, and SVM; each of these models was separately trained over the same dataset and was
strong in its way. The final predictions, however, can be made through the Voting Classifier
by either hard voting, or through soft voting. it computes the average probabilities to

determine the final class. This thus effectively exploits the complementary strengths of
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individual constituent models in a more comprehensive manner that enhances both the

accuracy and robustness of the results.

This will combine the predictions done by Logistic Regression, Random Forest, and
Support Vector Machines to make a decision; hence, the Voting ensemble model. The
ensemble shall use Hard Voting-majority rule, along with Soft Voting-averaging of
predicted probabilities-to improve performance in class classification. This might be due
to the strengths different algorithms bring into the Voting model: while Logistic Regression
brings interpretability, Random Forest captures interactions between features, and Support
Vector Machines do well in high-dimensional data spaces. Since it only yielded a
moderately lower accuracy of 93.85% compared with the other models, a Voting ensemble
remains comparably robust by integrating several diverse learning algorithms into one, thus

presenting the base to an addictive prediction framework.
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CHAPTER 4
EXPERIMENTAL RESULTS AND DISCUSSION

4.1 Evolution Methods

Various performance matrices evaluate the machine learning classification models'
blooming performance across a range of applications. The performance matrices listed

below are taken into consideration:

Accuracy = TP+ TN (i)
TP + TN + FP + FN

Precision = % (i0)

Recall = TPTI-—PFN (iii)

F1 Score = 2 X precision X recall (iv)

precision + recall

4.2 Experimental Results & Analysis

The experimental results of this study provide evidence of the efficiency of the used
machine learning models in the prediction of drug addiction tendencies. Among five
models tested, Multilayer Perceptron (MLP) and Extreme Learning Machine (ELM)
outperformed others with an impressive accuracy of 99.38%, precision of 100%, and recall
of 98%, resulting in an F1 Score of 99%. While CatBoost and the Blending ensemble model
were relatively close, at 98.15%, the robust nature of these models toward the intricate
features of the predictors could not be concealed. Meanwhile, the Voting ensemble
combines Logistic Regression, Random Forest, and SVM with the result of an accuracy at
93.85%, thereby giving a balance but still less accurate result. These results show the
potential of advanced machine learning techniques, especially MLP and ELM, in
classifying addiction tendencies based on socio-demographic and behavioral factors with

a high degree of accuracy for targeted interventions and improvement in public health
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strategies. The purpose of the study is to check the performance of different machine
learning algorithms in effectively predicting drug addiction. Experimental analysis
involving five machine learning algorithms of evaluation on drug addiction tendency in
Bangladesh using survey data was employed. Performance matrix of the models is given

in Table 4.1.

Model Test Precision | Recall (%) F1 Score
Accuracy (%) (%)
(%)

MLP 99.38 100 98 99
ELM 99.38 100 98 99
CatBoost 98.15 94 100 97
Blending 98.15 94 100 97
Voting 93.85 88 91 90

Table 4.1: Finding the best result between the Result of Trained models

From this table, we can say that the MLP and ELM model is best suited to predict the drug
addiction by using the preset parameter of these model. The performance evaluation of
different machine learning models in predicting tendencies toward drug addiction has
displayed the strengths and weaknesses of the models. Among the models analyzed, MLP
and ELM showed the highest test accuracy of 99.38% each, indicating excellent
classification performances for addiction tendencies. These models have also resulted in
perfect precisions of 100%, high recalls of 98%, and an overall F1 Score of 99%. This is
in indication of their strength in identifying both addicted and non-addicted subjects with

least false positives or negatives.
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Then CatBoost and the Blending ensemble model came next with 98.15% for the test
accuracy. These models balanced precision and recall quite well, with both models scoring
94% for precision and 100% for recall, which further led to an F1 Score of 97%, hence
their potential as useful tools for the analysis of addiction patterns, though at a level slightly

lower than MLP and ELM.

The least accurate model, with 93.85% accuracy, is the Voting ensemble model that
consists of Logistic Regression, Random Forest, and SVM. This gives a precision of 88%,
a recall of 91%, and an F1 Score of 90%. Though it gives good performance, it is way

behind other models in dealing with complex patterns in the dataset.

In summary, these results have shown the stronger predictive performances of MLP and
ELM, as further supported by the good performances of CatBoost and Blending models.
On the contrary, the Voting model has provided enough hints for further optimization in
order to improve its applicability. These results really pinpoint the need to explore
advanced machine learning techniques that will further improve understanding and
prevention against drug addiction in Bangladesh. Here are some confusion matrix of all of

the 5 developed models.

0 1

Fig 4.3.1. Confusion Matrix of the MLP model prediction
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0 1

Fig 4.3.2 Confusion Matrix of the ELM model prediction

0 1

Fig 4.3.3. Confusion Matrix of the CatBoost model prediction

0 1

Fig 4.3.4. Confusion Matrix of the Blending model prediction

Fig 4.3.5. Confusion Matrix of the Voting model prediction
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The confusion matrices of Figures 4.3.1, 4.3.2, 4.3.3, 4.3.4, and 4.3.5 show the
performances of machine learning algorithms, namely MLP, ELM, CatBoost, Blending
(NN+GBM+KNN), and Voting (LR+RF+SVM). One can easily observe that for well-
characterized datasets with suitable model selection, the True Positives improved
significantly. The size and attributes of the dataset also influenced the occurrence of False
Positives, showing areas where the models excelled or had difficulties in classifying
correctly instances related to addiction. This can be very useful in determining possible
biases, tendencies to overfit, or further optimization areas. On the other hand, MLP and
ELM models demonstrated better performance, which reveals their better capability of

handling the complexity of the dataset.

Accuracy
100.00%

95.00%
90.00%
85.00%
80.00%

ELM CatBoost Blending Voting

Fig 4.3.6. Comparison of the results between different models

Fig. 4.3.6 highlights the promising results of the predictive abilities of the selected machine
learning models, notably MLP and ELM achieving 99.38% accuracy in identifying drug
addiction tendencies from the survey data. Yet, limitations in data coverage and the

complexity of the models emphasize the need for a cautious interpretation of these findings.

4.3 Discussion
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In drug addiction prediction, the quality of a dataset and the performance of a predictive
model are very key in informing the formulation of appropriate interventions. A strong
predictive model requires a good-quality dataset as its backbone, from which meaningful
patterns can be extracted to classify the addictiveness tendencies with precision. The
following discusses how good-quality data and advanced models improve the predictive

capability of drug addiction analysis.

First, a complete and balanced dataset allows the models to focus on the most relevant
socio-demographic, behavioral, and psychological attributes. Key predictors in this study
are family dynamics, peer pressure, and mental health conditions. With a representative
sample in a diverse dataset, clear lines can be drawn between addicted and non-addicted
persons by models such as MLP and ELM. This strong foundation reduces the biases and

makes the model learn the patterns indicative of addiction tendencies rather than the noise.

High-quality data further improves the generalizability of machine learning models to real-
world scenarios. For example, class imbalances between addicted and non-addicted
individuals were tackled using synthetic data augmentation. While this increased the
robustness of the models, it also spoke volumes about the integrity of data to be maintained
so0 as not to overfit or misrepresent addictive behaviors. Models trained on reliable data can
better predict addiction risks across diverse socio-economic and cultural contexts, thus

aiding in the formulation of targeted interventions.

Besides, other sophisticated machine learning algorithms such as MLP and ELM have
reported an accuracy of 99.38% in this work, proving their prowess in deciphering complex
patterns within the data. These models leverage their architectural strengths in capturing
intricate relationships between predictors, hence the precise classifications. However, their
intricateness also presents a challenge in interpretability-a factor that needs to be addressed

in translating the predictions into actionable public health strategies.
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The ensemble models are Blending and Voting, which include the strengths of various
algorithms, hence performing strongly. The Blending model, including Neural Networks,
Gradient Boosting, and KNN, attained an accuracy of 98.15%. An ensemble model will
ensure that different strengths of individual algorithms integrate for improved reliability
and predictive power. These types of models are very important in enhancing the scalability

and adaptability of addiction prediction systems across different regions.

More succinctly, high-value predictions to be realized in drug addiction demand high-
quality data and state-of-the-art machine learning models. Both allow for the detection of
critical addiction risk factors, improving model reliability and building region-specific
public health strategies. As predictive analytics in addiction research continues to be
refined, the relentless focus on data quality, model interpretability, and scalability will
continue to serve as an instructive function in serving the greater good for society in this

addiction crisis.

CHAPTER S
IMPACT ON SOCIETY, HEALTH AND SUSTAINABILITY
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5.1 Impact on Health

Machine learning for drug addiction among the youth of Bangladesh may be one of the
most innovative applications with respect to public health. It can help in early identification
of susceptible individuals, thereby reducing the health consequences associated with
addiction, including mental illness, substance dependence, and chronic diseases. Predictive
models further help in providing personalized intervention strategies, related to certain risk
factors like family dynamics or peer pressure, which eventually improve both mental and
physical well-being. The integration of such technologies within a public health framework
can lower healthcare burden through shifts toward prevention and early care that minimize

the need for extensive rehabilitation.
5.2 Limitations

Despite the valuable contribution of this study, a number of limitations are apparent.
Firstly, most of the responses came from people in Dhaka and Sylhet, making it difficult
to generalize these findings to other areas in Bangladesh with diverse socio-economic and
cultural backgrounds. In addressing data imbalance, synthetic data augmentation was
adopted, but a perfectly balanced distribution between addicted and non-addicted
individuals is difficult to realize, which may affect the robustness of the model. This
introduces possible biases into the dataset, as self-reported data cannot capture all the
complexity and nuances of addictive behaviors. Besides, although the MLP and ELM
models have attained a remarkable accuracy of 99.38%, their intricate architecture raises
problems of interpretability, hence limiting immediate applicability for actionable policy
insights. Potential work in the future might make efforts to overcome such limitations by
using more diverse data, longitudinal studies, and cutting-edge explainable Al techniques

for better usability and relevance of the findings.
5.3 Ethical Aspects

Machine learning in addiction research gives rise to a lot of ethical issues, particularly

relating to data protection and the guarantee of equal opportunities. Trust and respect for
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ethical considerations among survey respondents require the guarantee of their anonymity
and data security. Further efforts have to be taken for possible biases of the dataset in order
to allow unbiased predictions in different demographic subgroups. Beyond the fact that the
design of models should be open, interpretability gives trust to predictive outcomes and

provides a responsible approach to the application of technologies.
5.4 Sustainability Plan

A sustainable framework of machine learning implementation in addiction prevention will
involve continuous refinement of algorithms to adapt to emerging patterns and behaviors.
Training programs for public health professionals and policymakers ensure that these tools
are used ethically and effectively. By leveraging cloud-based technologies with energy-
efficient practices, environmental impact is reduced while scalable applications are made
possible. Such collaborations among governmental and community organizations help in
setting up a strong infrastructural backbone for scaled-up adoption and integration within

the national addiction prevention strategies through predictive analytics.

Long-term sustainability will require dynamic feedback in order to continuously monitor
and evaluate the effectiveness of machine learning models in addiction prevention. This
involves continuous gathering of data from changing behavior and updating the models to
keep their accuracy and relevance high. Moreover, the collaboration with private
technology companies could boost innovation in the use of resource-efficient Al
deployment tools. Integrating these into education and workplaces can create even more
awareness and facilitate early detection. Policies that focus on sustainable infrastructure
and renewable energy sources will keep the ecological footprint of such systems at a

minimum, reinforcing commitments to both social and ecological well-being.

CHAPTER 6
CONCLUSION ANDFUTURE WORK

6.1 Summary of the Study
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This study adopted the application of machine learning in modeling and predicting drug
addiction tendencies among Bangladeshi youth aged 15-27 years using survey data
obtained from 1624 respondents. Some of the key findings obtained were that MLP and
ELM yielded the highest accuracy of 99.38%, followed by CatBoost and Blending at
98.15%. The critical predictors identified were family dynamics, peer pressure, and mental
health conditions, which highlighted the importance of these variables in assessing
vulnerability to addiction. The ensemble techniques, Blending and Voting, showed that a
combination of several algorithms indeed outperformed the rest in improving robustness
and reliability within the predictions. This study highlights the potential of predictive
analytics in driving early interventions and evidence-based public health strategies against

drug addiction.

6.2 Conclusions

This research conducted an investigation into the various causes that lead the youth of
Bangladesh to addiction to drugs by using the wide dataset obtained from survey data
consisting of socio-demographic, behavioral, and psychological attributes of respondents.
Advanced machine learning techniques such as MLP, ELM, and CatBoost have been used
for the selection of important predictors of drug addiction related to family dynamics, peer
influence, and other mental health disorders. Key findings were that MLP and ELM models
showed excellent accuracy of 99.38%, proving to be very promising in the prediction of
addiction tendencies. In turn, Blending and CatBoost are ensemble methods showing
strong performance with an accuracy of 98.15%, indicating that machine learning has a
promising future in addiction research. These results also indicate that predictive analytics
is necessary for early intervention and tailored public health strategies in fighting drug

addiction in Bangladesh.

6.3 Implication for Further Study

The findings of the present study give several ways in which future research may further

understanding and the development of better prevention strategies on drug addiction in
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Bangladesh. Further studies should investigate interactions between addiction and other
behavioral and health problems, including the long-term effects on mental health, chronic
diseases, and social functioning. Longitudinal studies are necessary in order to trace the
progression of addiction, relapse, and the effectiveness of intervention across time.
Advanced predictive models, such as deep learning and hybrid ensemble algorithms, may
lead to better accuracy and extract more hidden patterns in the addiction risk factors.
Further studies are also needed on geographical and socio-cultural variability in patterns of
addiction to aid region-specific interventions and policies. These directions build upon the

current findings and can inform more targeted and effective public health strategies.

The current study proposes a few major future research paths that would contribute to drug
addiction prevention in Bangladesh. Further investigation is warranted to understand
interaction between addiction and mental health or other chronic diseases and their long-
term impacts on individuals' health and functioning in society. Longitudinal studies will be
fundamental in tracking the course of addiction, relapse over time, and the impacts of
interventions. Advanced models of prediction, including deep learning and hybrid
ensembles, can further improve accuracy and find deeper patterns of addiction risk factors.
Second, geographical and socio-cultural variations in addiction patterns would go a long
way in advocating for region-specific interventions and policies. Increasing data to
represent more diverse demographic groups and using multiple data sources may further

enhance the generalizability of the models, thus yielding better public health strategies.
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