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ABSTRACT

Drug use disorder is one of the leading 
health problems in the world, which as a 
medical and social phenomenon has been 
attracting general attention for many years. 
Personal motives for which an individual 
decides to consume drugs vary. In this re-
search dataset for drug users classification 
consists of information from 1885 respond-
ents and their usage of 18 drugs, legal and 
illegal. Due to data imbalance, the research 
is based on three substances, ecstasy, canna-
bis, and nicotine. Three artificial intelligence 
algorithms, k-Nearest Neighbors (KNN), 
Support Vector Machine (SVM) and Multi-
layer Perceptron (MLP), were used to solve 
the classification problem. As a result, MLP 
achieved the highest AUC value compared 
to SVM and KNN.

Keywords: binary classification, k-Nearest 
Neighbors, Support Vector Machine, Multi-
layer Perceptron

SAŽETAK

Poremećaj zloupotrebe lijekova jedan je od 
vodećih zdravstvenih problema u svijetu 
koji kao medicinski fenomen već dugi niz 
godina privlači opću pozornost. Razlozi 
zloupotrebe lijekova razlikuju se od po-
jedinca do pojedinca. U ovom istraživanju 
skup podataka za klasifikaciju korisnika 
lijekova sastoji se od 1885 instanci od uku-
pnog broja ispitanika te njihove upotrebe 
legalnih i ilegalnih supstanci. Zbog ne-
balansiranosti podataka, istraživanje se 
temelji na tri supstance: ekstazi, kanabis i 
nikotin. Za rješavanje klasifikacijskog prob-
lema korištena su tri algoritma umjetne 

inteligencije: algoritam k-Najbližih susjeda 
(KNN), Metoda potpornih vektora (SVM) 
i Višeslojni perceptron (MLP). U usporedbi 
S KNN-om i SVM-om, MLP je rezultirao s 
najvećom AUC vrijednosti.

Ključne riječi: binarna klasifikacija, 
k-Najbližih susjeda, Metoda potpornih vek-
tora, Višeslojni perceptron

INTRODUCTION

Addiction develops in a complex and hazy 
manner, and the potential for addictive be-
haviour varies between drugs. It is affected 
by the properties of the psychoactive sub-
stance, genetic susceptibility, personality 
and socio-economic group, and cultural and 
social environment [1]. The psychological 
characteristics of the user and the availabil-
ity of the substance determine the choice of 
a psychoactive substance and, at least ini-
tially, the method and frequency of applica-
tion. Fehrman et al. (2019) in their study 
describe a dataset with information on 1885 
respondents and their usage of 18 drugs [2]. 
Participants were asked about various drugs, 
which were classified as either central nerv-
ous system depressants, hallucinogens or 
stimulants. The question is whether, based 
on certain information about the subject, 
his addiction to a particular drug can be 
predicted? For these reasons, the use of ar-
tificial intelligence (AI) in the classification 
of drug use is imposed. Algorithms used 
in this research are k-Nearest Neighbors 
(KNN), Supporting Vector Machine (SVM) 
and Multilayer Perceptron (MLP). Further-
more, these algorithms have been proven 
successful in various fields such as medicine 
[3 - 6], energy systems [7], maritime [8 - 9] 

and economy [10].   
Yasnitskiy et al. (2015) demonstrate a com-
puter program designed to determine a 
degree of the predisposition of a human to 
drug addiction based on the level of edu-
cation, having friends who use drugs, tem-
perament type, number of children in the 
family and financial situation [11]. Valero 
et al. (2014) show results using decision tree 
methods for exploring different personality 
profiles in drug consumers [12].
The aim of this research is to implement 
three different algorithms such as KNN, 
SVM and MLP for drug consumer classi-
fication. From the foregoing, the following 
hypotheses can be drawn:
	■ to achieve the highest possible accuracy 

and Area Under the ROC Curve (AUC), 
and

	■ to investigate the influence of different 
kernel functions (SVM) and the number 
of nearest neighbors (KNN) and optimi-
zation algorithms (ANN) on accuracy 
and AUC value.

MATERIALS AND METHODS

This section is divided into Dataset Descrip-
tion and Methods Description. The dataset 
description gives a short description of the 
parameters for drug consumers. Firstly, it is 
necessary to describe the given dataset and 
the concept of approaching to the classifica-
tion problem. Afterwards, the description of 
AI algorithms and performance measures is 
given.
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DATASET DESCRIPTION

Dataset consists of 32 parameters collected 
for 1885 participants [2]. The data is divided 
into two groups, input and output variables. 
Input variables refer to: age, gender, educa-
tion, ethnicity, Nscore, Escore, Oscore, As-
core, Cscore, Impulsivity and SS. Personal 
measures refer to five personal factors, i.e.  
[2]:
	■ Nscore (neuroticism): long-term tenden-

cy to experience negative emotions such 
as nervousness, tension, anxiety and de-
pression,

	■ Escore (extraversion): manifested by 
open, warm, active, talkative and cheer-
ful characteristics,

	■ Oscore (openness to experience): general 
propensity for art, unusual ideas and im-
aginative, creative, unconventional and 
broad interests,

	■ Ascore: the dimension of interpersonal 
relationships characterized by trust, 
modesty, kindness, compassion and co-
operation, and

	■ Cscore (conscientiousness): tendency to 
organize, reliability and perseverance.

Impulsivity is measured in relation to be-
haviors and contains three categories: mo-
tor (without thinking), intentional and 
unplanned impulsivity (regardless of con-
sequences). Output variables relate to the 
consumption of the following substances: 
alcohol, amphetamines, amyl, benzos, caf-
feine, cannabis, chocolate, cocaine, crack, 
ecstasy, heroin, ketamine, legal lifters, meth-
adone, fungi, nicotine, semester (fictitious 
drug), VSA (abuse of volatile substances). 
Since data range of output variables is fairly 
large, the research focuses on the following 
substances: cannabis, nicotine and ecstasy. 
Since the dataset is unbalanced, three afore-
mentioned substances were selected because 
they tend to have relatively balanced data. 
Based on this data the goal is to prove that 
artificial intelligence algorithms can achieve 
satisfactory results despite the small amount 
of data. For each substance 80% (1508 data-
points, i.e. 1508 consumers) are used as a 
training set and 20% (377 data-points, i.e. 
377  consumers) as a testing set. The group 
of non-users (0) consists of two categories: 
never consumed (CL0) and consumed more 
than a decade ago (CL1). The user group 
(1) consists of 5 categories: consumed dur-
ing last decade (CL2), consumed during last 
year (CL3), consumed during last month 

(CL4), consumed during last week (CL5) 
and consumed yesterday (CL6). 

Methods description
Artificial intelligence algorithms (MLP, 
SVM and KNN) and the performance meas-
ures used for the purpose of this research 
are briefly described below.

Multi-layer Perceptron 
The multilayer perceptron (MLP) is a deep 
artificial neural network. MLP is composed 
of an input layer for receiving signals, an 
output layer that decides about the input, 
and between these two layers there is an 
arbitrary number of hidden layers [13]. 
Neural network parameters are: number of 
hidden layers, the maximum number of it-
erations, activation function, alpha, optimi-
zation algorithm and learning rate. In this 
research, MLP is trained using two different 
optimization algorithms these are:
•	 Stochastic Gradient Descent (SGD) 

and
•	 Adam.

Activation functions that can be applied to 
hidden and output layers are [14]:

Relu
	
(1) 	 ,

 

Fig.1. Activation function ReLU

Tanh
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Fig. 2. Activation function tanh

Logistic
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Fig. 3. Sigmoid activation function
	
Identity
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Fig. 4. Identity activation function

Support Vector Machine 
The support vector machine (SVM) is a 
machine learning algorithm applied to a su-
pervised learning problem (as well as MLP), 
i.e. a set of input-output pairs is trained. To 
begin with, it is necessary to display each 
data item as a point in n-dimensional space 
(where n represents the number of features 
from the dataset), with the value of each 
feature being the value of a certain coordi-
nate [15]. It is then necessary to perform the 
classification by finding a hyper-plane that 
separates the two classes. Values along the 
hyper-plane represent limit values which are 
more difficult to classify into an actual value. 
During the classification, it is necessary to 
get acquainted with the parameters of the 
algorithm. The parameters of the SVM are: 
regularization parameter (C), kernel type, 
degree of polynomial function, and gamma 
coefficient. In this research, the following 
three different kernel functions are used 
[16]:
	■ Linear,
	■ Radial Basis Function (RBF) and
	■ 3rd degree Polynomial.



58   |   World of Health

K-Nearest Neighbor method
One of the commonly used machine learn-
ing algorithms is k-Nearest Neighbor. KNN 
is a model that classifies data points based 
on points that are most similar to it. When 
implementing the algorithm, the first step 
is to transform the data points into feature 
vectors [17]. The algorithm then finds the 
distances between the mathematical values 
of these points. The most common way to 
find the distance is by calculating the Eu-
clidean distance shown by the Eq.5. This 
equation is referred to an n-dimensional 
Euclidean space [18].

(5)

where:
q – represents a distance between points in 
relation to y axis,
p – represents a distance between points in 
relation to x axis.
KNN calculate the distance between each 
data point and the test data. It is then deter-
mined how likely it is that the points are simi-
lar to the test data and classified according to 
which points are most likely [19]. The most 
important parameter of the algorithm is k.

Performance Evaluation
Before the classification, it is necessary to 
describe certain metrics in order to analyze 
the obtained results more precisely. Two 
metrics relevant for this research are: accu-
racy and AUC (Area Under Curve-Receiver 
Operating Characteristics). Accuracy rep-
resents the ratio of the number of correct 
predictions and the total number of predic-
tions. For binary classification, accuracy can 
be calculated by following equation [20]:

Table 1. Neural network parameters and architecture for ecstasy consumption

Sequence of changing neural 
network parameters

Number of 
neurons per layer

Maximal number 
of iterations

Activation 
function

Alpha Solver Learning 
rate

1. 100 100 tanh 0.05 adam constant

2. 100 100 relu 0.0001 adam constant

3. 50, 100, 50 100 identity 0.0001 adam constant

4. 100 100 logistic 0.05 sgd adaptive

5. 10 150 tanh 0.05 sgd constant

6. 50, 100, 50 450 tanh 0.0001 adam constant

7. 50,100, 50 500 relu 0.05 sgd constant

8. 100 500 relu 0.05 adam adaptive

9. 100 500 identity 0.05 adam adaptive

10. 10, 20, 10 500 identity 0.0001 sgd adaptive

11. 10 155 logistic 0.05 adam adaptive

12. 50,100,50 100 logistic 0.05 adam adaptive

Table 2. Neural network parameters and architecture for cannabis consumption

Sequence of changing neural 
network parameters

Number of 
neurons per layer

Maximal number 
of iterations

Activation 
function

Alpha Solver Learning 
rate

1. 100 100 tanh 0.05 adam constant

2. 100 100 relu 0.0001 adam constant

3. 50, 100, 50 100 identity 0.0001 adam constant

4. 100 400 logistic 0.05 sgd adaptive

5. 10 200 tanh 0.05 sgd constant

6. 50, 100, 50 400 tanh 0.0001 adam constant

7. 50,100, 50 400 relu 0.05 sgd constant

8. 100 500 relu 0.05 adam adaptive

9. 100 200 identity 0.05 adam adaptive

10. 10, 20, 10 150 identity 0.0001 sgd adaptive

11. 10 150 logistic 0.05 adam adaptive

12. 50,100,50 40 logistic 0.05 adam adaptive
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(6)	
	
where:
TP- represents true positives, 
TN - represents true negatives, 
FP - represents false positives and
FN - represents false negatives.

ROC curve is a probability curve for differ-
ent classes and shows how good the model 
is for distinguishing given classes in the 
context of predicted probability. The x-axis 
of the ROC curve represents false positive 
rates (FPR), while the y-axis represents true 
positive rates (TPR) [20]. AOC represents 
the area under the ROC curve. 

RESULTS AND DISCUSSION

The three aforementioned AI algorithms 
are applied to each substance in order to 
achieve high-quality classification. The aim 
of the classification is to achieve the highest 
possible accuracy and AUC values. In other 
words, it is necessary for each substance to 
classify as precisely as possible the class of 
non-users (classified under 0) under non-
users and the class of users (classified under 
1) under the class of users. The parameters 
of each algorithm will strive to be best ad-
justed in order to achieve satisfactory re-
sults.

Multi-Layer Perceptron
Firstly, MLP method is implemented on 
data of ecstasy, cannabis and nicotine users. 

Ecstasy
Several neural network parameters and ar-
chitectures are tested in order to achieve 
optimal results. The neural network archi-
tectures for ecstasy consumption are shown 
in Table 1.

Accuracy and AUC values for different neu-
ral network architectures are shown in Fig.5.

Fig. 5. Accuracy and AUC values for different 
neural network architectures for ecstasy 
consumption

The highest accuracy was achieved in the 
10th neural network architecture. When 
comparing the 9th and 10th neural net-
work architectures where the same activa-
tion functions are used, the following can be 
concluded: with a larger number of neurons 
per layer and a smaller number of maxi-
mum iterations with the sgd solver, higher 
accuracy is achieved. The lowest accuracy 
is obtained in 6th neural network architec-
ture where a larger number of neurons per 
layer and iterations with adam solver along 
with tanh activation function is used. As 

for AUC, the highest value is achieved in 
the 12th neural network architecture. ROC 
curve obtained with best performing neural 
network architecture (12th) for ecstasy clas-
sification problem is shown in Fig. 6.
 

Fig. 6. ROC curves for ecstasy

Cannabis
Different neural network architectures for 
cannabis consumption are tested to achieve 
optimal results. Several neural network pa-
rameters and architectures are shown in Ta-
ble 2.

Accuracy and AUC values for different neu-
ral network architectures for cannabis con-
sumption are shown in Fig 7.

Table 3. Neural network parameters and architecture for nicotine consumption

Sequence of changing neural net-
work parameters

Number of 
neurons per layer

Maximal number 
of iterations

Activation 
function

Alpha Solver Learning 
rate

1. 100 100 tanh 0.05 adam constant

2. 100 100 relu 0.0001 adam constant

3. 50, 100, 50 100 identity 0.0001 adam constant

4. 100 100 logistic 0.05 sgd adaptive

5. 10 130 tanh 0.05 sgd constant

6. 50, 100, 50 400 tanh 0.0001 adam constant

7. 50,100, 50 300 relu 0.05 sgd constant

8. 100 300 relu 0.05 adam adaptive

9. 100 200 identity 0.05 adam adaptive

10. 10, 20, 10 100 identity 0.0001 sgd adaptive

11. 10 200 logistic 0.05 adam adaptive

12. 50,100,50 200 logistic 0.05 adam adaptive
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Fig. 7. Accuracy and AUC values for different 
neural network architectures for cannabis 
consumption

Despite different parameters, the highest 
accuracy is 0.82. The 12th and 7th neural 
network architecture represent the same re-
sult, but the 12th uses the logistic activation 
function and thus increasing the maximum 
iteration cannot reduce the value of the loss. 
Other accuracies do not deviate excessively. 
The 2nd, 6th, and 8th neural network ar-
chitectures have the lowest accuracy. The 
reason for this is mostly the use of adam 
solver with a low number of iterations. By 
comparing 1st neural network architecture 
(high accuracy) and 6th (lowest accuracy) 
it can be seen that by using the tanh func-
tion it is advisable to reduce the number of 
maximum iterations and the number of hid-
den layers. In Figure 8. the ROC curve for 
cannabis is shown.

Fig. 8. ROC curves for cannabis

From Fig. 8. it can be concluded that the se-
lected neural network parameters gave quite 
satisfactory results. The ROC curve deviates 
slightly from the ideal characteristic. 

Nicotine
Several neural network parameters and ar-
chitectures are tested in order to achieve op-
timal results. The different neural network 
architectures for nicotine consumption are 
shown in Table 3.

Accuracy and AUC values for different neu-
ral network architectures for nicotine con-
sumption are shown in Fig. 9.

Fig. 9. Accuracy and AUC values for different 
neural network architectures for nicotine 
consumption

The highest accuracy is achieved in the 1st 
and 9th neural network architecture. These 
architectures use a low number of maximum 
iterations, 100 neurons per layer, and adam 
as solver. Comparing the 1st architecture 
with the 6th neural network architecture, it 
can be concluded that increasing the num-
ber of neurons per layer and the number of 
maximum iterations significantly reduces 
the accuracy. Such a comparison is excel-
lent because with similar parameters, higher 
accuracy (case 1) or lower accuracy (case 
6) can be obtained. As for AUC, the high-
est value is achieved in 9th neural network 
architecture. Figure 10. represents the ROC 
curve for nicotine.

Fig. 10. ROC curves for nicotine

SVM
SVM method is implemented on all afore-
mentioned substances (ecstasy, cannabis 
and nicotine). Regularization parameter (C) 
is 1.

Ecstasy
The SVM algorithm is applied to the ecstasy 
dataset. Obtained results for different ker-
nels are shown in Figure 11. 

 

Fig. 11. Accuracy and AUC values for 
different kernels for ecstasy consumption

It can be concluded that the highest accu-
racy value was achieved by implementing a 
linear kernel. AUC values are also quite ac-
curate as they follow accuracy value. ROC 
curve obtained with best performing kernel 
(linear) for ecstasy classification problem is 
shown in Fig. 12.

Cannabis
The SVM algorithm is also applied to the 
cannabis dataset. Results with different ker-
nels are shown in Figure 13. 

Fig. 12. ROC curves for ecstasy

Fig. 13. Accuracy and AUC values for 
different kernels for cannabis consumption

It can be concluded that the accuracy of a 
particular kernel does not differ excessively. 
But as it can be noticed, the highest accu-
racy was achieved by implementing a rbf 
kernel. As for AUC values, they do not devi-
ate from the accuracy value and follow the 
selection of the most adequate kernel. From 
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Figure 14. it can be concluded that the se-
lected kernels gave quite satisfactory results. 
Therefore, the obtained ROC curve does not 
deviate much from the ideal characteristic.

Fig. 14. ROC curves for cannabis

Nicotine
Finally, the SVM algorithm is applied to the 
nicotine dataset. Different kernels for nico-
tine consumption are shown in Figure 15. 

Fig. 15. Accuracy and AUC values for 
different kernels for nicotine consumption 

From Fig. 15. it can be noticed; the highest 
accuracy was achieved by implementing a 
linear kernel. As for AUC values, they do 
not deviate from the accuracy value and 
they follow the selection of the most ad-
equate kernel. The highest AUC value was 
achieved also with implementing a linear 
kernel. Figure 16. shows the ROC curve for 
nicotine.

Fig. 16. ROC curves for nicotine

KNN
Lastly, KNN method is implemented on ec-
stasy, cannabis, and nicotine substance. 

Ecstasy
With regard to ecstasy consumption data, 
consumer classification will be performed 
using the k-NN algorithm. When choosing 
the optimal number of neighbors, it is nec-
essary to calculate the error rate of the value 
k in a certain (arbitrary) range, as shown in
Figure 17.

Fig. 17. Error rate of the value k for ecstasy

The highest accuracy of the algorithm is ex-
pected in the range of the number of neigh-
bors from 29 to 34. Accuracy and AUC val-
ues for a different number of neighbors for 
ecstasy consumption are shown in Fig 18.

Fig.18. Accuracy and AUC values for 
different number of neighbors for ecstasy 
consumption

The highest accuracy was obtained by im-
plementing the number of neighbors 32, 
while the highest AUC value was obtained 
by implementing the number of neighbors 
49. The difference between these two met-
rics is not as much dissimilar so it can be 
concluded that the adequate number of 
neighbors for ecstasy consumption is 49. 
Figure 19. shows the ROC curve for ecstasy 
(for number of neighbors 49).

Fig. 19. ROC curves for cannabis

Cannabis
Regarding cannabis consumption data, con-
sumer classification is performed using the 
k-NN algorithm. Error rate of the value of 
k in a certain (arbitrary) range is shown in 
Figure 20.
 

Fig. 20. Error rate of the value k for cannabis

The highest accuracy of the algorithm is ex-
pected in the range of the number of neigh-
bors from 75 to 77. Accuracy and AUC val-
ues for a different number of neighbors for 
cannabis consumption are shown in Fig 21.

Fig. 21. Accuracy and AUC values for 
different number of neighbors for cannabis 
consumption

The highest accuracy was obtained by utiliz-
ing the number of neighbors 77, while the 
highest AUC value was obtained by utiliz-
ing the number of neighbors 50. In this case, 
as with ecstasy users, the difference in ob-
tained values is not as much dissimilar so it 
can be concluded that the adequate number 
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of neighbors for cannabis consumption is 
50. Figure 22. shows the ROC curve for can-
nabis (for number of neighbors 50).

Fig. 22. ROC curves for cannabis

Nicotine
k-NN method is implemented on data of 
nicotine users. The error rate of the value 
k in a certain (arbitrary) range is shown in 
Figure 23.
 

Fig. 23. Error rate of the value k for nicotine

The highest accuracy of the algorithm is ex-
pected in the range of the number of neigh-
bors from 50 to 100. Accuracy and AUC 
values for a different number of neighbors 
for nicotine consumption are shown in Fig-
ure 24.

Fig. 24. Accuracy and AUC values for 
different number of neighbors for nicotine 
consumption

The highest accuracy was obtained by utiliz-
ing the number of neighbors 53, while the 
highest AUC value was obtained by imple-
menting the number of neighbors 100. Fig-
ure 25. shows the ROC curve for cannabis 
users. It can be seen that the selected param-
eters gave quite satisfactory results. When 
compared with other substances, the results 
for nicotine are not as promising, especially 
those which can be seen from obtained 
AUC values.

Fig. 25. ROC curves for nicotine

Fehrman et al. (2017) demonstrate the re-
sults for classification tasks, sensitivity and 
specificity were greater than 70% while in 
the case of cannabis is 75% [22]. In our re-
search the greatest values of accuracy and 
AUC were greater than 80%.

CONCLUSION

Elaine Fehrman collected drug consump-
tion data in the period from March 2011 to 
March 2012. The usable sample consisted of 
1885 participants. Data for three substances: 
ecstasy, cannabis and nicotine used in this 
research proved to be relatively balanced in 
comparison to other substances. The aim 
was to examine whether AI algorithms can 
classify drug users with satisfactory results 
based on a small amount of data. For ecsta-
sy, it can be concluded that the classification 
problem was best solved by implementing 
the SVM algorithm. The accuracy reaches 
the highest value, while the ROC curves do 
not differ excessively. In the case of canna-
bis, the results are equally effective, but the 
MLP algorithm can be highlighted in order 
to obtain the highest accuracy. Equal con-
clusions can also be drawn for the nicotine. 
The accuracies are about the same, while the 
ROC curves do not differ excessively. 
In general, the highest AUC value achieved 
was for drug consumers of cannabis by 
utilizing MLP. Furthermore, the highest 
achieved AUC values for ecstasy and nico-
tine drug users are also quite acceptable. 
Implemented algorithms showed promising 
results but with more data, these algorithms 
have real potential to be implemented on 
other relevant drugs presented in the data-
set. However, with the existing dataset, im-
plemented algorithms can only be used with 
chosen substances.
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