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Abstract—Determining the duration of drug consumption
is essential for the success of treatment for drug abuse since
the effectivity of such a program depends on the duration of
the treatment. One promising set of features to identify the
duration of drug consumption is personality features called
Revised NEO Personality Inventory (NEO PI-R). In this paper,
the Extreme Learning Machine model is employed to perform
the classification. The model is trained and tested using 10-
fold mechanism to verify the effectivity of the classification.
The accuracy of the classifier differs, depending on the type of
drug, with the maximum accuracy of 86.31% and the minimum
one of 36.65%.

Index Terms—drug usage prediction, extreme learning ma-
chine, personality features

I. Introduction

Drug abuse has become major problem for countries
around the globe. The production of some drug substances
reached the highest level recorded. For instance, the opium
production reached the staggering amount of 10,500 tons,
an increase of 65% compared to the previous years and
it is the highest number recorded by The United Nations
Office on Drugs and Crime since the beginning of the
twenty-first century. Since the nature of uncontrolled use
of drugs that harm human health or even end up in death,
their massive supply escalates the problem. In 2015 and
2016 drug abuse contributes to the decline of the US’s life
expectancy for the first time in 50 years. In general, it
is estimated that 275 million people around the globe in
2016 consume drugs at least once in the past year, and
31 million of them experience drug use disorder. At this
stage, a proper treatment is essential. [1].

Appropriate treatment to drugs addict has been proved
to have positive impact, reducing the risk of users to
consume them again, minimizing criminal behavior and
other social problems [2]. The effectivity of such treatment
depends on various factors. one of them is the duration of
the remedy. A study by Institute of Medicine US revealed
that there are positive correlation on treatment length and
its result [2]. Another study suggested that the effect of
a treatment is linear to its duration [3]. In addition, the
duration of treatment is also related to the duration of
drug use. Treatment period to reach one year or more of
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abstinence is significantly longer for people who used drug
for a longer period [4]. Therefore, identifying the duration
of drug use is crucial for determining treatment length,
that in the ends determine the success of the treatment.

Various factors are known to prompt ones to consume
the drug for the first time, including psychological, social,
individual, environmental, and economic factors [5], [6],
which correlates to personality characteristics [7]. So far,
the most comprehensive measures for personality recog-
nition is Revised NEO Personality Inventory (NEO PI-
R) which measures Big Five personality traits, namely
Neuroticism (N), Extraversion (E), Openness to Experi-
ence (O), Agreeableness (A), and Conscientiousness (C)
[8]. The Big Five personality traits are known to have
relationship to drug consumption [9].

A number of attempts have been made to employ
data mining and machine learning methods to detect
drug use pattern based on personality traits. Alcohol
user is predicted using two form backpropagation neural
networks, ANN-D and ANN-C. The former predicts if
a person is an alcohol user while the latter predict the
consumption time. The accuracy of ANN-D is 98.7%
and the accuracy of ANN-C is 49.1% [10]. The same
method is also utilized for volatile substance abuse (VSA)
detection [11]. Multiple algorithms, namely Bayesian Net-
works, Random Forest, Regression, SMO, J48, Bayesian
Networks, Perceptron classifiers and Logistic regression,
are applied to predict the frequency of drug use for
four types of drugs: ketamine, heroin, crack and meth
[12]. The most comprehensive study was conducted to
classify user and non-user categories of 18 psychoactive
drugs. Decision tree, random forest, k-nearest neighbors,
linear discriminant analysis, Gaussian mixture, probability
density function estimation, logistic regression and naive
Bayes are involved to finish the task. The sensitivity and
specificity for almost all drugs reached more than 70% for
almost all drugs [9]. However, this research only performed
binary classification from 7 available classes in the dataset.

This paper serves an experimental result on predicting
the last time a respondent uses a specific type of drug
using extreme learning machine. It also aims to find the
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proper ELM architecture that fits the problem as well as
to figure out if personality features are sufficient for drug
usage prediction. Our contribution is in predicting drug
use period for 18 legal and illegal drugs, which has never
been conducted before.

The rest of the paper is organized as follow. Section
IT describes the data and the proposed methods in detail
while the result is presented in Section III

II. Methods and Data

The dataset used in this research is explained in Section
II-A. The detail of the method is delineated in II-B.

A. Description of Dataset

The dataset for this research comes from Drug con-
sumption (quantified) Data Set available at UCI Machine
Learning Repository [9]. The data contains 1885 data
points as a result of an online survey. Each respondent
is required to answer question about the last time he
used a specific drug by selecting one of seven available
categories : never used (CLO), used over a decade ago
(CL1), used in last decade (CL2), used in last year
(CL3), used in last month (CL4), used in week (CL5),
used in last day (CL6). There are 18 central nervous
system psychoactive drugs are asked during the survey
as shown in Table I. Along with drug consumption time,
12 attributes are also collected from respondents. Five
attributes represent personality, which are neuroticism,
extraversion, openness to experience, agreeableness, and
conscientiousness, as well as level of education, age,
gender, country of residence, ethnicity, impulsivity, and
sensation seeking. In this research, country, gender, and
ethnicity features are omitted since they do not provide
strong information for binary classification [9]. Therefore,
in the subsequent discussion the term all features refers
to 9 features kept from the dataset. The features in the
published dataset have been quantified from their original
categorical values.

TABLE I
Types of Drugs in the dataset

Name of drugs
alcohol amphetamines | amyl nitrite
benzodiazepine | cannabis chocolate
cocaine caffeine crack
ecstasy heroin ketamine
legal highs LSD methadone
mushrooms nicotine volatile substance abuse

B. Extreme Learning Machine as a classifier

Extreme Learning Machine (ELM) [13] is a new concept
in artificial neural network that advanced the well-known
training algorithm for multilayer feedforward neural net-
work. The architectural design of ELM follows the stan-
dard feedforward neural network with single hidden layer
as depicted in Fig. 1. It consists of single input layer in the
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Fig. 1. ELM architecture

left, single hidden layer in the middle and an output layer
in the right. The number of neurons in input layer must
match the number of features in the data while the number
of neurons in the output layer normally corresponds to
the number of classes in the classification problem and
only one neuron for regression purpose. Each layer is fully
connected and weighted to the one in front of it. It is worth
to mention that there exist an activation function in the
hidden layer. Various activation functions are available,
however this paper implements the sigmoid function as in

(1).
1

f@) = 1 (1)

ELM implements a least-square solution for solving a
linear system. The way it solves a linear system differs
from backpropagation training algorithm which makes use
of gradient descent. The one way least-square calculation
makes ELM training time is significantly faster compared
to backpropagation since it does not require multiple
epoch looping that is required by backpropagation. In the-
ory, ELM is able to resemble the approximation capability
of backpropagation [14].

The first stage of ELM training works by generating
random weights and bias that connect input layer to
hidden layer w; and b;. The output g is calculated by

2).

ji =Y Bflwzi+b;),1<i<n

j=1

(2)

where n is the number of training-target pairs (z;,y;),
m denotes the number of hidden neurons, §; is the jth
output weight, f(x) is the activation function, w; is input
weight and b; is the bias.

ELM predicts the target y; by 3. In ideal condition,
ELM perfectly predict § equals to y; as presented in
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(3). The solution of (3) can be done by least-square
approach in form of HB =1vy. H is calculated in (4),

/B = (61752) oo 7/Bm)Ta and Yy = (y17y2a o aym)T-
> Bf(wjzi+b) =y, 1<i<n (3)
j=1
flwiz, + b1) flwmzy + by)
H= (4)

f(wlafn + bl) f(wmxn + bm)

After input weight and bias random generation, output
weight S is calculated by (5)

B=H'y (5)

where HT is Moore-Penrose pseudo-inverse of H - B.

ITI. Experimental Result

In order to assess the performance of the classification
method, all data points from the dataset are used as
training and testing data. The partition of training data
and test data is conducted via k-fold mechanism and in
this research, the k parameter is set to 10. Each fold
alternately acts as testing data while the remaining 9
folds become training data. Accuracy for each training
and testing session is measured and the result of 10 pairs
of them are averaged to form overall accuracy.

First experiment is intended to understand the effect
of the number of hidden neurons to the accuracy. In
this scenario, ELMs with the various number of hidden
neurons, ranging from 1 to 7, are tested. All 9 features
are included for the test.

Table II shows all accuracy data for each drug type and
number of the hidden neuron. The maximum accuracy
achieved is shaded in red. In 38.89% types of drugs, the
number of hidden neuron does not have any impact on
accuracy. Those drugs are Amyl nitrite, Caffeine, Crack,
Heroin, Ketamine, Methadone, and VSA. The accuracy

of 27.78% of all drugs reaches the maximum value when
using only one hidden neuron. The equal proportion of the
drugs reaches their peak classification accuracy by using
the maximum number of hidden neurons. The remaining
5.55% has its maximum accuracy by using 6 hidden
neurons.

In order to understand the magnitude of hidden neuron
selection to the performance of the ELM classifier, we
calculate the difference between maximum accuracy and
minimum accuracy in percentage for each drug. In the
Table IV, it is shown that the difference of accuracy is less
than 4% for the vast majority of drugs. There is exception
for nicotine and cannabis in which different selection of
hidden neurons yields 23.25% and 54.39% of accuracy
change, respectively. In general, difference in number of
neuron does not significantly affect the accuracy of the
classification using ELM.

TABLE IV
Accuracy difference caused by the number of hidden neurons
Drug Accuracy difference
Alcohol 1.25%
Amphetamines 1.97%
Amyl nitrite 0.00%
Benzodiazepine 0.95%
Caffeine 0.00%
Cannabis 54.39%
Chocolate 1.42%
Cocaine 0.92%
Crack 0.00%
Ecstasy 1.30%
Heroin 0.00%
Ketamine 0.00%
Legal highs 3.98%
LSD 1.42%
Methadone 0.00%
Magic mushrooms | 1.17%
Nicotine 23.25%
VSA 0.00%

The second experiment is performed to investigate if 5

TABLE II
Prediction accuracy for all features

Accuracy
N hidden | Alcohol | Amphetamines | Amyl nitrite | Benz Caffeine | Cannabis | Chocolate | Cocaine | Crack | Ecstasy | Heroin | Ketamin Legal highs | LSD | Methadone | Magic mushrooms | Nicotine | VSA
1 0.403 0.518 0.692 0.531 0.735 0.239 0.428 0.551 0.863 0.542 0.852 0.791 0.580 0.567 | 0.758 0.521 0.314 0.772
2 0.402 0.516 0.692 0.529 0.735 0.304 0.427 0.550 0.863 0.537 0.852 0.791 0.585 0.566 | 0.758 0.519 0.336 0.772
3 0.402 0.515 0.692 0.530 0.735 0.329 0.426 0.549 0.863 0.537 0.852 0.791 0.578 0.563 | 0.758 0.517 0.343 0.772
4 0.402 0.513 0.692 0.528 0.735 0.346 0.426 0.549 0.863 0.539 0.852 0.791 0.586 0.565 | 0.758 0.515 0.362 0.772
5 0.400 0.512 0.692 0.528 0.735 0.366 0.423 0.547 0.863 0.541 0.852 0.791 0.589 0.565 | 0.758 0.517 0.373 0.772
6 0.400 0.512 0.692 0.526 0.735 0.367 0.422 0.546 0.863 0.540 0.852 0.791 0.594 0.571 | 0.758 0.520 0.379 0.772
7 0.405 0.508 0.692 0.528 0.735 0.369 0.423 0.548 0.863 0.544 0.852 0.791 0.601 0.568 | 0.758 0.520 0.387 0.772

TABLE III
Prediction accuracy for 5 personality features

Accuracy
N hidden [ Alcohol | / ) Amyl nitrite [ Benzod Caffeine | Cannabis | Chocolate | Cocaine | Crack | Ecstasy | Heroin | Ketamine | Legal highs [ LSD Methadone | Magic mushrooms | Nicotine [ VSA
1 0.403 0.518 0.692 0.531 0.735 0.240 0.428 0.551 0.863 0.542 0.852 0.790 0.580 0.567 | 0.758 0.521 B 0.772
2 0.401 0.518 0.692 0.529 0.735 0.285 0.427 0.549 0.863 0.541 0.852 0.790 0.579 0.567 | 0.758 0.521 0.772
3 0.401 0.516 0.692 0.528 0.735 0.331 0.425 0.549 0.863 0.539 0.852 0.790 0.581 0.566 | 0.758 0.516 0.772
4 0.400 0.513 0.692 0.528 0.735 0.351 0.423 0.547 0.863 0.538 0.852 0.790 0.580 0.564 | 0.758 0.519 0.772
5 0.400 0.513 0.692 0.526 0.735 0.358 0.423 0.545 0.863 0.536 0.852 0.790 0.583 0.566 | 0.758 0.516 0.772
6 0.400 0.511 0.692 0.525 0.735 0.366 0.423 0.541 0.863 0.536 0.852 0.790 0.584 0.565 | 0.758 0.515 0.772
7 0.399 0.510 0.692 0.525 0.735 0.366 0.419 0.543 0.863 0.536 0.852 0.790 0.585 0.564 | 0.758 0.515 0.772
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personality features (neuroticism, extraversion, openness
to experience, agreeableness, and conscientiousness) are
sufficient to classify drug usage duration. Table III reveals
accuracy for all drugs using 5 personality features only.
The maximum accuracy is also shaded in red. There are
some similarities found, first, the pattern of the number
of hidden neurons used is similar. Second, the maximum
accuracy achieved for each drug does not deviate signif-
icantly from the experiment using all features. Further
evidence is shown in Table V which measures the difference
of maximum accuracy attained by using 5 features and
all features in percent. It is clear that feature reduction
diminishes the prediction accuracy, indicated by minus
values. However, as we look the table more closely, only
accuracy of 7 drugs or 38.89% of all drugs are negatively
affected by feature trimming. The degree of accuracy
change varies, 5 drugs exhibit accuracy drop by less than
-1%, while the remaining two have accuracy down by -
2.66% and -4.39% respectively. The result for multi class
classification is in line with that of binary class in which
personality features are strongly associated with user or
non-user groups.

TABLE V
accuracy difference for 5 features, compared to all features

Drug Accuracy difference
Alcohol -0.49%
Amphetamines 0.00%
Amyl nitrite 0.00%
Benzodiazepine 0.00%
Caffeine 0.00%
Cannabis -0.81%
Chocolate 0.00%
Cocaine 0.00%
Crack 0.00%
Ecstasy -0.37%
Heroin 0.00%
Ketamine -0.13%
Legal highs -2.66%
LSD -0.70%
Methadone 0.00%
Magic mushrooms | 0.00%
Nicotine -4.39%
VSA 0.00%

Overall classification result based on personality infor-
mation only is presented at Fig. 2. Two types of drugs,
namely crack and heroin, are successfully classified with
high degree of accuracy by more than 80%. 12 other
drugs (Amphetamines, Amyl nitrite, Benzodiazepine, Caf-
feine, Cocaine, Ecstasy, Ketamine, Legal highs, LSD,
Methadone, Magic mushrooms and VSA) are correctly
recognized by moderately high level of accuracy between
50% and 80%. The remaining 4 types of drugs are hardly
recognized by personality features only, indicated by low
accuracy below 50%.

Accuracy

Alcohol
Amyl nitrite
Caffeine
Cannabis
Chocolate
Cocaine
Crack
Ecstasy
Heroin
Ketamine
Legal highs
LSD
Methadone
Nicotine
VSA
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Fig. 2.
features

Classification accuracy for each drug using 5 personality

IV. Conclusion

This paper presents an approach to classify drugs usage
duration based on personality features using extreme
learning machine. Personality features only are able to
perform accurate classification, compared to all available
features. The performance of the classifier is not affected
by the number of hidden neurons for almost all types
of drugs. However, the accuracy of ELM classifier varies,
depending on the type of drug. The highest accuracy
achieved is 86.31% while the lowest is 36.65%. More
work should be directed to identify the most appropriate
features to classify a certain type of drug.
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