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ABSTRACT

Drug abuse has become a widespread global issue, affecting individuals, families, and
communities. Machine learning techniques have shown promise in combating drug
addiction prevalence through early prediction and immediate intervention. This study
proposes an improved facial analysis-based drug addiction prediction system using a
random forest classification algorithm, trained on facial images. Feature extraction and
selection were performed using a histogram of oriented gradients and recursive feature
elimination, respectively. The random forest classification model was tuned with grid
search cross-validation, and evaluated using accuracy, precision, recall, and FI-score.
Tuning the system significantly improved its performance, with accuracy increasing from
84.62% to 87.18%, precision from 82.61% to 83.33%, recall from 90.48% to 95.24%, and
Fl-score from 86.37% to 88.89%. This increase demonstrates the importance of
hyperparameter tuning and the robustness of the random forest algorithm. Future studies
can improve upon this work by incorporating a larger facial dataset for better practical
results.

Keywords: Drug addiction, Random forest; Grid search cross-validation; Recursive feature
elimination, Histogram of oriented gradient.

1.0 Introduction

Drug addiction has become a global issue and its aftermath affects not only drug
abusers but also families and communities worldwide due to its physical and mental health
deterioration, strained relationships, economic instability, and even mortality.
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Development of an Improved Facial Analysis-based System for Predicting
Drug Addiction using Random Forest Classification Algorithm

The classification of drugs is based on their effect on the users’ bodies. Basically,
medicinal and recreational drugs are the two types of drugs. Medicinal drugs are commonly
used for treatment purposes, such as reducing pain in the body or facilitating treatment,
whereas recreational drugs are drugs taken for enjoyment and are often referred to as
psychoactive or illicit drugs and often lead to addiction. In Nigeria, the menace of drug use
is prevalent, particularly among the youths. The United Nations Office on Drugs and Crime
[UNODC] (2022) reports the engagement of approximately 14.3 million Nigerians in drug
intake. However, efforts have been made to combat the persistence of drug abuse in the
society, encompassing traditional and automated approaches.

Traditional approach to drug addiction prediction encompasses the use of non-
pharmacological methods such as behavioral therapies, counseling, and support groups (Gu
et al., 2021; Basuni & Siregar, 2023), which are known for time consumption and inherent
biases, leading to the emergence of the automated approach, such as machine learning,
internet of things among others. [oT technology is revolutionizing healthcare through real-
time monitoring, data-driven insights, and personalized patient care, leading to improved
medical systems and outcomes (Chavan et al., 2024).

This healthcare field leverages various machine learning techniques to identify
patterns in patients’ data and apply them to make informed predictions (Sharma et al.,
2023), leading to timely intervention and diagnosis. Recent studies have demonstrated the
potential of machine learning algorithms such as Random Forest in predicting drug
addiction (Parekh & Fahim, 2021; Oliva et al., 2022). Yet, their effectiveness on image-
based data remains underexplored, highlighting a significant gap in research on facial data-
driven drug addiction prediction. Random forest is an ensemble learning algorithm that
combines multiple decision trees to improve prediction accuracy and reduce overfitting.

Feature selection plays a crucial role in improving the performance of machine
learning model, particularly for dataset with many features (Lakshmi & Das, 2023) such as
image dataset. Recursive Feature Elimination (RFE), however, is one of the wrapper feature
selection techniques that has shown promise in hybridizing with Random Forest classifiers
(Jeon & Oh, 2020) and handling high-dimensional datasets (Ramezan, 2022). More
precisely, RFE is a backward selection approach (Mahmoud & Garko, 2022) whose process
entails the continuous removal of the least important features until a threshold is reached,
thereby retaining the most important features.

1.1 Objectives of the study

This study aims to:
e Collect and preprocess facial dataset to remove noise from the images.
e Perform feature extraction using histogram of oriented gradients.
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e Perform feature selection using recursive feature elimination technique.

e Develop a drug addiction prediction system using random forest classification
algorithm.

e Optimize the algorithm using grid search cross-validation.

o Evaluation the system using accuracy, precision, recall, and f1-score.

This study is significant to healthcare professionals, individuals vulnerable to drug
addiction, researchers, and policymakers. The development of a facial analysis-based drug
addiction prediction system can facilitate early intervention and treatment, ultimately
mitigating the devastating consequences of drug abuse. Furthermore, the findings of this
can contribute to the development of more accurate and efficient drug addiction prediction
systems.

2.0 Literature Review

Existing related works on drug addiction prediction using machine learning have
been understudied, and a few are discussed as follows. Parekh and Fahim (2021) assessed
the efficiency of machine learning models in projecting marijuana intake and its associated
factors using logistic regression, decision trees, random forest-Gini function, and naive
Bayes. The study found that random forest realized 97%, 96%, 94%, 93%, and 94% of
AUC, accuracy, recall, precision, and Fl-score scores, respectively, outperforming other
selected algorithms. Another study (Haque et al., 2021) employed random forest, extreme
gradient boost, and Gaussian naive Bayes to predict depression in childhood and
adolescence. The study adopted data from the second Australian Child and Adolescent
Survey of Mental Health and Wellbeing (2013-2014) and employed Boruta-RF for selecting
important features. Random forest outperformed other algorithms in terms of accuracy
(95%) and precision (99%). The study, however, failed to compare the result of the model
before and after feature selection in order to juxtapose the effectiveness of Boruta-RF.

Choi et al. (2021) used logistic regression, random forest, and k-nearest neighbour
to develop a predictive model for cannabis addiction using the 2019 National Survey on
Drug Use and Health survey of 698 participants. The results show that random forest
outperform other algorithms having achieved 99.8% accuracy scores. This demonstrates the
efficacy of the random forest algorithm to predict cannabis. Gong et al. (2021) used the
gradient boosting method (GBM) on 895 male substance users through the survey method.
GBM identified 10 influencing factors, which include live events, deviant peers, and others,
and findings show the potential of the method for the prevention of substance craving
attitudes by users of drugs. However, the study was flawed owing to its restriction to a male
sample. Furthermore, Uddin er al. (2022) applied sentiment analysis to measure the
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effectiveness of drugs using naive Bayes, random forest, support vector machines, and
multilayer perceptron algorithms. The models were trained on data acquired from the UCI
repository. Results prove RF as the best-performing classifier with an accuracy score of
94.06%. Oliva et al. (2022) identified factors of different substance use disorders (SUDs) in
bipolar disorder (RD) using random forest. The study reveals that alcohol use disorder
(AUD) could be found in bipolar disorder, having obtained a 75% score in each of the
sensitivity and specificity scores. Conclusively, the model demonstrates a promising tool to
foretell the risk of SUD in BD, though its effectiveness depends on socio-demographic or
clinical factors.

Basuni and Siregar (2023) addressed the growing issue of drug abuse and addiction
by employing artificial neural networks, decision trees, k-nearest neighbours, support vector
machines, and random forests to develop models for the classification of users and non-
users of drugs on the UCI repository dataset. Results confirmed that random forest
outperformed other algorithms, having attained a 93% score in each of accuracy, precision,
and recall; an 89% F1 score; and a 0.51 area under the curve. The study recommends the
exploration of other evaluation metrics and large datasets for future studies. Almahmood et
al. (2023) applied Gaussian naive Bayes, logistic regression, k-nearest neighbour, random
forest, and decision tree to classify drug users and non-users. The model is trained with the
UCI repository dataset containing 18 illicit drugs. Out of the 18 drugs, random forest
achieved the best accuracy in 9 drugs, ranging from 70% to 89%. Above all, machine
learning algorithms such as Random Forest have been shown as effective algorithms for the
development of drug addiction prediction models, particularly on numerical datasets. To
generalize this effectiveness, however, it is imperative to explore facial images.

Figure 1: Framework of the Proposed System
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Source: Adapted from Li et al. (2021)
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3.0 Methodology

3.1 Project approach

From Figure 1, the developmental phases of the proposed drug addiction system are
depicted which consists of data preprocessing, model construction, and visualization. As
shown in Figure 1, this study adapted Li et al. (2021) framework with key modifications
which includes direct feature extraction from the dataset; inclusion of feature selection to
optimize input data quality; model’s performance comparisons before and after
hyperparameter tuning; hybrid of use of Random Forest Classifier (RFC) and Grid Search
Cross-Validation (GSCV) for model training. These modifications aim to improve the
system’s efficiency and accuracy.

3.1 Dataset preprocessing

Data were collected through web scraping and survey methods. The formal method
is employed to collect images of drug addicts only, whereas the latter method is applied to
acquire the images of both categories, drug and non-drug addicts. 64 images were collected,
spanning drug addicts and non-drug addicts. This study focuses on the important facial
regions, shown in Table 1.

Table 1: Facial Area Points

Facial Area Points
Left Eye 37-42
Right Eye 43-48
Mouth 49-68
Nose 28-36
Left Cheek 1-9
Right Cheek 10-17

Source: Amato et al. (2018)

Moreover, the collected data were pre-processed in terms of normalization,
augmentation, transformation, and dimensionality reduction. Normalization ensures that the
images are of equal dimension (128x128). Augmentation entails the process of increasing
the size of the collected dataset via rescaling, shearing, zooming, and shifting, making the
images increase from 64 to 192 images.

3.2 Feature extraction
Histogram of Oriented Gradient (HOG) is used for the feature extraction technique.
The algorithm of image gradient calculation is presented in Figure 2.
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Figure 2: Algorithm for Histogram of Oriented Gradients

e For function f(x,y), the gradient is the vector (f;, f)
e At each pixel, image gradient horizontal (x-direction) is calculated by:

magnitude = |(f2 + f?)
e vertical (y-direction) is calculated by:
direction (0) = tan™?! <f—y>
fy

e Split each into angular bins (9 bins with 0-180°, 20° each bin)
e Create a histogram of generated gradient vectors.
e Make overlapping blocks from cells:

(Image size — Block size)

N =
umber of blocks Stride

Where:

- Image size is 16*16 pixels
- Block size is 2*2 cell

- Stride is 1 overlapping step

e Calculating feature vector:
size of features extracted
= size of horizontal blocks * size of vertical bocs
* feature vector points
Where: - size of horizontal and vertical blocks = 15 - feature vector points = 36

Figure 3: Framework of RFE Process
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Source: Jeon & Oh (2020)
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3.3 Feature selection

The rationale behind feature selection is to ensure that a model is trained with
relevant features, rather than irrelevant ones. Figure 3 depicts the flowchart of the feature
selection process, starting from feature ranking and ends with the return of the important
features with highest ranking score.

3.4 Model development using RFC and grid search CV
The framework of the random forest algorithm is presented in Figure 4.

Figure 4: The framework of random forest
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Source: Deedee et al. (2024)

The framework for the optimizing the RFC with Grid Search CV is presented in Figure 5.

Figure 5: RFC+GSCYV Algorithm

Given full training set (X, yx)
1. Perform Grid Search CV with k-fold cross-validation to tune the RFC model
2. Train the RFC model using important features:
3. Initialize T, nk
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4.  Repeat T times

5. For (k=1 to n) Do

6. RFC Model € fit(xx, yx), F(n)

7. Compute F((n) importance scores)

8. While (importance score (ny) < threshold)
9. feature. Drop(ny)

10. Go back to 5

11. Else: Return the remaining F(ny)

12.  End

Source: Adapted from Misra & Yadav (2020) & Mahmoud & Garko, (2022)

3.5 Performance evaluation metrics
Accuracy measures the proportion of correct predictions out of the total number of

predictions made. Mathematically, accuracy can be represented as (Choi et al., 2021):
TP+TN |

TP+TN+FP+FN

Precision determines the proportion of true positive predictions out of all positive

predictions made. It can be calculated using the formula in Equation 3.2 (Choi et al., 2021).

Accuracy =

.. TP
Precision = L2
TP+FP

Recall calculates the proportion of true positive predictions (correctly predicted as
drug addicts) out of all actual positive outcomes. Equation 3.3 presents the mathematical

calculation of Recall (Choi et al., 2021).
TP
.23
TP+FN
F1-Score represents a weighted mean of Equations 3.2 and 3.3. It can be

mathematically measured using (Choi et al., 2021):
F1 — Score — 2*(Pre.ci.sion xRecall) 4
Precision+Recall
True Positive (TP), True Negative (TN), False Positive (FP), and False Negative
(FN), which denote correctly identified positive outputs, correctly identified negative
outputs, negative outputs incorrectly identified as positive, and positive outputs incorrectly
identified as negative, respectively.

Recall =

4.0 Results and Discussion

4.1 Result from dataset visualization

Figure 6 shows the visualized dataset size before and after augmentation. During
the process of the feature extraction, images are divided into blocks, containing a 16x16
grid. Figure 7 shows the grids containing pixel values of an image. The blocks are divided
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into 3x3 matrices, whereby the last row and column are left over due to the block size not
being perfectly divisible by the matrix size.

Figure 6: Size of Dataset Before and After Augmentation

Size

AFTER AUGMENTATION

BEFORE AUGMENTATION

0 50 100 150 200 250
Source: Jupyter Notebook Code Editor

4.2 Results from Feature Extraction Process

Figure 7: Representation of an Image using 16x16 Grid Block

Matrix 1 Matrix 2 Matrix 3 Matrix 4 Matrix 5 Left-over
89 8 87 | 86 54 52 | 65 65 75 | 100 114 122 | 73 93 99 103
89 88 87 | 73 61 81 | 66 63 60 | 92 121 144 [ 143 90 97 100
87 87 83 53 9% 91 | 70 63 64 | 100 135 156 | 174 141 95 101
Matrix 6 Matrix 7 Matrix 8 Matrix 9 Matrix 10 Left-over
88 87 69 | 97 112 84 | 69 62 65 92 117 144 | 172 185 140 102
8 86 88 | 133 93 53 | 40 45 53 52 52 85 | 146 196 190 111
87 87 103 | 111 56 34 | 29 52 57 81 40 34 | 74 121 206 117
Matrix 11 Matrix 12 Matrix 13 Matrix 14 Matrix 15 Left-over
8 85 109 | 93 8 30 | 27 45 8 | 130 29 33 | 105 142 193 113
87 87 117|117 86 33 | 33 65 95 | 153 63 38 | 90 175 205 134
84 73 120 | 111 68 54 | 86 106 103 | 183 177 129 | 135 171 211 153
Matrix 16 Matrix 17 Matrix 18 Matrix 19 Matrix 20 Left-over
82 80 110|134 87 61 | 78 99 93 | 164 165 99 | 152 184 208 126
80 85 122 | 118 100 66 | 71 59 6l 63 115 118 [ 139 179 192 169
77 75 109 | 103 111 92 | 69 46 44 89 139 153 | 169 161 174 143
Matrix 21 Matrix 22 Matrix 23 Matrix 24 Matrix 25 Left-over
74 73 92 | 91 106 57 | 70 65 65 | 102 134 95 | 142 151 165 112
74 72 76 | 86 91 55 | 68 59 55 83 135 93 | 122 148 153 86
71 70 69 | 80 76 60 | 60 47 38 56 98 106 | 119 139 122 79
Left-over
70 68 68 81 66 50 | 61 53 45 93 121 96 | 114 132 93 76

Source: Jupyter Notebook Code Editor
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Table 2: Determination of the Image’ Oriented Gradients

X-direction (X-dir) Gradient Magnitude Gradient Direction (0)
Matrix Y-direc?il(:: (Y-dir) (B2 + 1) tan™! <%>

| [N o =28 ! (55) =45
’ igii i 2411:;2::8_42 (8)% +(—42)2 =428 tan™ (_TZ) =-79.2°
TR e | (e
' igiii 141‘2?;::5221 (52)2+ (-21)2 =56.1 tan™! (_—221) =-220
i i((g:; z g;:ﬁ ::g (—46)? + (—48)%2 = 66.5 tan™t (:;42) =46.2°
" |varesraro VPO - 14 ! 5) =0
7 ;(:3: Chse—ss (—80)? + (56)% = 97.7 tan~! (_5—860) = 350
8 | X-dir=53-40=13 /10

Y-dir =62-52= 10 /37 + (107 = 164 tan™ (ﬁ) =376
’ i{(jgg I (33)2+ (77)? = 838 tan~1 (g) = 66.8°
10 ;(31: izgi;g _ 2: (44)2 + (65)2 = 78.5 tan~! (2—4) =559°
TS | e | e
TS | e | e
B ?:32:32:?3;6_261 (62)2+ (—61) = 87.0 tan~t (_—621) = 4450
H égi:;giii ™ J115)2 + (—148)2 = 1874 tan~1 (%) = 52.20
15 | Xedir =205-90 = 115 28

Y-dir = 142-171 =-28 JA15) + (-28)% = 1184 tan™ (35) = ~137°
10 arm i (42)7 + (5)? = 42.3 tan~1 %) = 6.8°
T Narsanos | CEEECER=s1s | ()=
' i{(gi _ g;:z; _ ;.120 JE10)2 + (52)% = 539 tan~1 (%) = —79.30
O Bl (55)2 + (26)% = 60.8 tan™t (%) = 2530
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20 X-dir = 192-139 = 53 23
2 2 — -1(22) = 0
Y-dir = 184-161 = 23 (53)% +(23)* = 57.8 tan (53) 235
21 X-dir=76-74 =2 3
2 2 — -1(Z) — 0
Yodir = 73-70 = 3 J(2)?2+(@3)2=36 tan )= 56.3
22 X-dir = 55-86 =-31 35
_ 2 2 — B N Pl D 0
Ydir = 106-71= 35 (—31)2+ (35)? = 46.8 tan (_ 1) 48.5
23 X-dir = 55-68 =-13 18
—~13)2 2 — -1 22— 0
Vodir - 65.47 — 18 J(-13)% + (18)2 = 222 tan (_13) 78.7
24 X-dir =93-83 =10 10
2 2 — -1(Z22) = 0
Yodir = 134-36 = 36 4/ (10)2 + (36)?2 =37.4 tan (3 ) 74.5
25 X-dir = 153-122 = 31 12
2 2 — -1(Z22) — 0
Vodir — 151139 — 1 JBD2+ (12)2 =33.2 tan ( 1)_21.2
Source: Authors’ computation
Table 3: Gradients’ Splitting into Bins
. Gradient Gradient Magnitude using
Bins . X Frequency . .
Direction weighted voting
0 -80°—-62° 3 (=793 + =79.2 + =78.7) /3 = =79.1
1 -620—-44° 2 (—485 + —44.5) /2 = —46.5
2 -44° - 26° 1 -35/1 = =35
3 -260—-8° 4 (=22 + —-184 + —-13.7 + —114) /4 = —164
4 -8°-10° 2 (0+68)/2 =34
5 10°-28° 5 (21.2 + 21.8 + 235 + 248 + 253) /5 = 233
6 28°—46° 2 (376 + 45) /2 = 413
7 46°— 64° 4 (46.2 + 52.2 + 559 + 56.3) /4 =52.7
8 64°— 82° 2 (66.8 + 74.5) /2 = 70.7
Total frequency 25

Source: Jupyter Notebook Code Editor

Finally, the size of extracted features is calculated using the number of blocks in
overlapping block processing This is achieved by:

Image size — Block size
Number of blocks = Umag ~rido )

Number of blocks (rows) = (161—_2) +1 =15

+1 .S

8522 41 = 15

For normalization purpose, a 36-point feature vector is collected. Therefore,
size of features extracted = size of horizontal blocks * size of vertical bocs
* feature vector points .0
=15 15% 36
= 8100

Number of blocks (columns) =
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Table 4: Size of the Extracted Features

Extracted Features Dimension Size
Original Features (128*128*3) 49152
Extracted Features (15*15*36) 8100

Source: Authors’ computation
There are 8100 extracted from the total 49152 features from Table 4.
4.3 Dataset experimentation

Table 5: Exploratory Data Analysis for the Experimental Analysis of Facial Features

Pixel Value Proportion
. . People with People without People with People without
Facial Attribute drug deiction drug addiction drug Iz:ddiction drulg) addiction
Standard Deviation
Left-eye 125.635186 39.468975 0.420214 0.242652
Right-eye 125.635186 39.468975 0.420214 0.242652
Mouth 254.810322 97.199794 0.661642 0.593692
Nose 149.209584 56.305417 0.308172 0.344848
Left-cheek 283.148018 64.805864 0.785226 4199.8
Right-cheek 283.148018 60.350642 0.785226 3642.2
Variance
Left-eye 15784.20000 1557.8 0.17658 0.05888
Right-eye 15784.20000 1557.8 0.17658 0.05888
Mouth 64928.30000 9447.8 0.43777 0.35247
Nose 22263.50000 3170.3 0.09497 0.11892
Left-cheek 80172.80000 0.393599 0.61658 0.15492
Right-cheek 80172.80000 0.367859 0.61658 0.13532

Source: Authors’ computation

Table 5 reveals that the standard deviations for people with drug addiction are
significantly higher than those without drug addiction for all facial attributes:
- Left-eye & Right-eye: 125.64 (with addiction) vs. 39.47 (without addiction)
- Mouth: 254.81 (with addiction) vs. 97.20 (without addiction)
- Nose: 149.21 (with addiction) vs. 56.31 (without addiction)
- Left-cheek & Right-cheek: 283.15 (with addiction) vs. 0.79 (without addiction)
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Equally, the variance values for the “with addiction” group are significantly higher

than those for the “without addiction” group for all facial attributes.

Left-eye & Right-eye: 15784.2 (with addiction) vs. 1557.8 (without addiction)
Mouth: 64928.3 (with addiction) vs. 9447.8 (without addiction)
Nose: 22263.5 (with addiction) vs. 3170.3 (without addiction)
Left-cheek: 80172.80000 (with addiction) vs. 0.393599 (without addiction)
Right-cheek: 80172.80000 (with addiction) vs. 0.367859 (without addiction)
Figure 8 represents the significance difference between the variance trend of

proportion values in people with and without drug addiction.

Figure 8: Standard Deviation Trend of Proportion Values

Vanance Trend of Proportion Values

=8 With Addiction
0.6 Without Addiction

0.5 1

2
£

Proportion

=
R
L

0.2

\

Left-aye Right-eye Mouth Mose Left-cheek Right-cheek
Facial Attribute

Source: Jupyter Notebook Code Editor

Inference: The rationale for the difference in variance between the “with addiction” and
“without addiction” groups can be attributed to the following feature-specific justifications.

Left and Right Eyes: The significantly higher variance in eye-related among individuals
with drug addiction features might indicate that drug addiction could lead to changes in
eye health, such as redness, puffiness, or other signs, contributing to increased
variability.
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e Mouth: The larger variance in mouth-related features among individuals with drug
addiction could be due to drug addiction influence on facial expressions, leading to
increased variability.

e Nose: The lower variance in nose-related features among individuals with drug
addiction might suggest that drug addiction does not necessarily lead to increased
variability in nasal health or appearance.

o Left and right Cheeks: The higher variance in cheek appearance among individuals with
drug addiction, could be related to substance abuse effects.

4.4 Results from feature selection
Table 6 reveals that 50 features were selected out of the 8900 extracted features.

Table 6: Feature Selection

Features Size
Extracted Features 8100
Selected Features 50

4.5 Results from model’s performance evaluation
Figures 9 and 10 represent the confusion matrix before and after tuning, respectively.

Figure 9: Confusion Matrix before Hyperparameter Tuning

Confusion Matrix - Before Tuning

Non-Drug Addict

Actual

Drug Addict

Non-0 rulg addict Drug Addict
Predicted

Source: Jupyter Notebook Code Editor
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From Figure 9, TP =
14, FP=4,and FN = 1.

19, TN=14, FP =4, and FN= 2. From Figure 10, TP= 20, TN =

Figure 10: Confusion Matrix after Hyperparameter Tuning

Confusion Matrix - After Tuning 20,0

Non-Drug Addict

- 10.0

Actual

1.5

- 50

Drug Addict

2.5

Non-Drug Addict
Predicted

Drug Addict

Source: Jupyter Notebook Code Editor

Table 7: Summary of the Model’s Evaluation

Metric Before Hyperparameter Tuning After Hyperparameter Tuning Change
Values |TP=19, TN=14,FP=4and FN=2 TP=20,TN=14,FP=4 & FN=1
19 + 14 20 + 14 2.56% 1
A = 84.629 =87.
Uy 119 T 14+ 4 42 or62% 20+ 14+ 4+1 o018
.. 19 20 0.72% 1
P = 82.619 = 83.339
recision 9+ 4 82.61% 20 + 4 83.33%
19 4.76% 1
Recall = 480 = 0,
eca 19 + 2 90.48% 70 71 =95.24%
Fl (0.8261 * 0.9048) 86.37% (0 .8333 * 0. 9524) 88.89% 2.52% 1
-score ———— | = 86. = 88.
0.8261 + 0.9048 ° 0.8333 + 0.9525 ’

Table 7 represents the RFC model’s evaluation result. The accuracy of the model
before hyperparameter tuning was 84.62%, which increased to 87.18% after tuning. This
represents a 2.56% improvement, indicating that the model is better at correctly classifying
instances. The precision of the model before hyperparameter tuning was 82.61%, which
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slightly increased to 83.33% after tuning. This represents a 0.72% improvement, showing
that the model is slightly more accurate in identifying true positives. The recall of the model
before hyperparameter tuning was 90.48%, which significantly increased to 95.24% after
tuning. This represents a 4.76% improvement, indicating that the model is much better at
detecting actual positive instances. The F1 score of the model before hyperparameter tuning
was 86.37%, which increased to 88.89% after tuning. This represents a 2.52%
improvement, showing that the model’s balance between precision and recall has improved.
Overall, the hyperparameter tuning process has resulted in significant improvements in the
model’s performance across all metrics.

Table 8: Results Comparison with Existing Studies

Authors Methodology Accuracy | Precision Recall F1-score
Haque et al. Algorithm: RF+Pearenson correlation
959 999 449 -
(2021) Dataset: YMM dataset & & &
Algorithm: RF+PCA+Chi-square
Choi et al. (2021) Dataset: 2019 National Survey on 99.8% 99.2% 100% 100%

Drug Use and Health survey

Algorithm: RF + Relief
Choi et al. (2021) Dataset: National Youth Tobacco 73.4% - - -
Survey (2019) dataset

Algorithm: RF+PCA

Arif et al. (2021 ;
rif et al. (2021) Dataset: Primary dataset

74% 52% 63% 81%

Algorithm: RFC+GCSV

~ 0, ~ 0, ~ 0, ~ 0,
Dataset: locally sourced dataset 87% 83% 93% 89%

Current Study

Source: Authors’ computation

Table 8 informs that integrating Random Forest (RF) with other techniques yields
varying levels of performance. The combination of RF with Pearson correlation by Haque
et al. (2021) reports high accuracy and precision but low recall. The integration of RF with
PCA and Chi-square by Choi et al. (2021) shows exceptional performance with accuracy
and precision above 99%. The combination of RF with Relief by Choi et al. (2021b) reports
a moderate accuracy of 73.4%. this study’s integration of RFC with GCSV shows
promising results with an accuracy of approximately 87% and balanced precision (83%),
recall (95%) and fl-score (89%).

5.0 Conclusion and Recommendations

This study developed and presented an improved facial analysis-based drug
addiction prediction system using a machine learning algorithm by collecting and
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preprocessing facial images, extracting and selecting relevant features, and developing and

optimizing a model using the random forest classification algorithm and grid search cross-

validation technique, respectively.

The results of this study demonstrate the effectiveness of the drug addiction
prediction system in predicting drug addiction. Additionally, the analysis of facial features
revealed significant differences between individuals with and without drug addiction. This
study contributes to knowledge in the following ways:

e Utilization of a locally collected dataset, providing insights into drug addiction in a
specific context.

e Employment of Histogram of Oriented Gradients (HOG) for feature extraction and
Recursive Feature Elimination (RFE) for feature selection, enhancing model
performance.

e Optimization of random forest classification algorithm parameters using grid search
cross-validation, improving model accuracy.

e Exploration of differences in facial features between individuals with and without drug
addiction, shedding light on potential biomarkers.

Hence, these contributions advance the understanding of facial analysis-based drug
addiction prediction and provide a foundation for future research. To enhance the model’s
performance and generalizability, future research can source a huge dataset from healthcare
institutions and employ deep learning technique to increase the model’s accuracy and
robustness.
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