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Abstract
Introduction— The consumption of illicit psychoactive sub-
stances is a problem experienced every day, by people of dif-
ferent ages who have been involved in it, highlighting that 
many of these substances generate disorders such as, for 
example: Marijuana or cannabis: its consumption affects 
brain function directly, and particularly the parts of the 
brain responsible for memory, learning, attention, decision 
making. Bazuco: it is a toxic substance, which main risks of 
consumption are reflected in the neurological deterioration 
and in the organism, and its dissolution in the bloodstream 
is very fast, an aspect that makes it very addictive. Cocaine: 
its consumption, directly affects the nervous system and the 
rest of the organism immediately, these affectations include 
vasoconstriction, mydriasis, hyperthermia, tachycardia and 
hypertension. Heroin: is a highly addictive substance, ini-
tially, its effects are very pleasant, which leads to a con-
tinuous and repetitive consumption behavior, in addition, it 
produces sensations of dry mouth, reddening and heating of 
the skin, heaviness in arms and legs, nausea and vomiting, 
intense itching and clouding of the mental faculties. Objec-
tive— This problem is something that stands out a lot and 
has a great impact on young people according to the context 
they are in, since nowadays it is very easy to obtain this 
type of substances, therefore, a series of works have been 
proposed that address this problem from artificial intelli-
gence. Methodology— The current study is a review of 50 
publications related to the use of ML methods and techniques 
applied to the consumption of illicit psychoactive substances. 
Results— From the publications included, common themes 
were found, so a summary is made of the articles selected for 
each theme and the methods adopted are briefly described, 
as well as a comparison between them, noting the methods 
used, their results and other important factors of the applica-
tion or model in different areas, and concluding with a series 
of proposals on the lines that could guide future research in 
this field.
Keywords— Machine Learning; illegal psychoactive sub-
stances; illegal drugs; treatment; predictive models; new 
illegal psychoactive substances

Resumen
Introducción— El consumo de sustancias psicoactivas ilíci-
tas es una problemática que se vive a diario, donde personas 
de diferentes edades se han visto implicadas, resaltando que 
muchas de estas sustancias generan trastornos tales como, por 
ejemplo: la Marihuana o cannabis: su consumo afecta la función 
cerebral de manera directa, y particularmente las partes del 
cerebro responsables de la memoria, el aprendizaje, la atención, 
la toma de decisiones. El Bazuco: es una sustancia tóxica, cuyos 
principales riesgos de consumirla se reflejan en el deterioro neu-
rológico y en el organismo, y es muy rápida su disolución en el 
torrente sanguíneo, aspecto que hace que sea muy adictiva. La 
Cocaína: su consumo afecta directamente el sistema nervioso y 
el resto del organismo de forma inmediata, en estas afectaciones 
se encuentran vasoconstricción, midriasis, hipertermia, taqui-
cardia e hipertensión. La Heroína: es una sustancia altamente 
adictiva, inicialmente, sus efectos son muy placenteros, lo que 
propicia una conducta de consumo continuada y repetitiva, ade-
más, produce sensaciones de sequedad en la boca, enrojecimiento 
y acaloramiento de la piel, pesadez en brazos y piernas, náuseas 
y vómitos, comezón intensa y enturbiamiento de las facultades 
mentales. Objetivo— Esta problemática es algo que resalta 
mucho y de gran impacto en los jóvenes de acuerdo al contexto en 
el que se encuentren ya que hoy en dia hay mucha facilidad para 
obtener este tipo de sustancias, por ende, se han planteado una 
serie de trabajos que abordan desde la inteligencia artificial esa 
problemática. Metodología— El presente estudio realiza una 
revisión de 50 publicaciones relacionadas con el uso de métodos y 
técnicas de ML aplicadas al consumo de sustancias psicoactivas 
ilícitas. Resultados— De las publicaciones incluidas se hallaron 
temáticas en común por lo que se hace un resumen de los artí-
culos seleccionados por cada temática y se describen brevemente 
los métodos adoptados, así como también una comparativa entre 
ellos, anotando los métodos usados, sus resultados y demás fac-
tores importantes de la aplicación o modelo en distintas áreas y 
se concluye con una serie de propuestas sobre las líneas que a 
futuro podrían encaminar la investigación en este campo.
Palabras clave— Machine learning; sustancias psicoactivas ile-
gales; drogas ilegales; tratamiento; modelos predictivos; nuevas 
sustancias psicoactivas ilegales
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I. IntroductIon

Illicit Psychoactive Substances (IPS) directly affect the nervous system which implies altera-
tions in several functions that control aspects such as: emotions, thoughts and behavior, the 
composition of these IPS is based on natural or synthetic components. Therefore, the consump-
tion of IPS is one of the problems commonly present around the world, and externalizes short-
term consequences to people who consume them, among these consequences are: intoxication, 
aggressiveness, depression, anxiety, insomnia, anorexia, decreased libido, violent behavior, 
cerebrovascular accidents, auditory and visual hallucinations, psychosis and the worst of all 
addiction to these substances, which creates dependence, thus generating a chronic disorder 
that is characterized by the need to repeatedly consume the substance and the loss of the abil-
ity to control consumption, in the worst cases affecting their health, leading the consumer to 
a street situation (street dweller) and even resulting in death [1].

table 1.
nomenclature.

Nomenclature Meaning
ML Machine Learning
IPS Illegal Psychoactive Substances
NIPS New Illegal Psychoactive Substances
RF Random Forest
LR Logistic Regression
RoC Receiver operating characteristic curve
AUC Area under the receiver operating characteristic curve
svM support vector Machine
DL Deep Learning
vAR Modelo autorregresivo vectorial
OLS Mínimos cuadrados ordinarios
KNN K-nearest neighbor
DT Decision Tree
GAIN Generative Adversarial Imputation Network
SUD Substance use disorder

Source: Authors.

Based on the above, the problem of IPS consumption has spread worldwide, affecting 
countries such as the United States, China, Bangladesh, Latin American countries, among 
others, which can be evidenced in the articles found. In addition, the United Nations report 
against drugs and crime showed that a total of 284 million people worldwide between 15 
and 64 years of age have consumed some type of drugs, a significant increase of 26% over 
the previous decade. The highest consumption occurs in young people, increasing the levels 
of consumption for each specific country. therefore, this becomes a global challenge that 
requires each country to adopt prevention measures for both young people and people at 
risk, in addition to providing treatment and education to people who are already in this 
consumption problem [2].

On the other hand, in the social sphere there are other risk factors, both personal (failure, 
low self-esteem, not knowing how to manage free time, not having social skills, etc.) and in 
the consumer’s environment (contact with people or friends who have IPS consumption habits, 
ease of obtaining substances, etc.) that influence the initiation of Ips consumption. therefore, 
it is important to find prevention or treatment strategies for this social problem, such as the 
Comprehensive Policy for the Prevention and Care of IPS Consumption [3].

As an advance in technology, Artificial Intelligence has become a key tool that can be used 
to predict and inform about the consequences both to people who are at risk of initiating IPS 
use, as well as to those who are already in this problem.
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Over the last decades, several techniques and methods have been developed in response to 
this problem, which have led to rapid progress in achieving the objectives in this field. More 
recently, the adoption of artificial intelligence techniques such as machine learning has made 
it possible to improve the results in terms of accuracy and prediction to extract common pat-
terns and behaviors in order to help make sophisticated decisions in medical applications such 
as computer-aided diagnosis [4]. In this sense, it is important to know the current and future 
status of the techniques most commonly used to address this type of problems, therefore, the 
aim of this article is to present a systemic mapping of artificial intelligence and ML methods 
applied to the consumption, abuse and addiction of Ips. For this reason, section 2 presents 
the methodology that will guide the review and selection of the articles and/or studies ana-
lyzed in the systemic mapping. Section 3 includes the most relevant publications for the topic 
that have been synthesized and subsequently analyzes important factors to consider and also 
answered the research questions that helped guide the systemic mapping. Finally, the paper 
concludes with a discussion of future challenges and possible research approaches, which can 
be found in section 4.

II. related Work

A. Predictive ML models for IPS addiction prediction

A variety of models have been proposed to predict the addiction of IPS by users who con-
sistently use different types of IPS (marijuana, cocaine, heroin and bazuco). These models 
make use of ML to develop and improve the results. In the shu in China, a classification 
of drug dependent users into three types of groups (mild, moderate and severe) is proposed 
[7]. The input data collected are used to design a test algorithm, measuring the degree of 
addiction based on ML techniques and convolutional neural networks. A study conducted 
at the NU with data related to IPS consumption and addiction of Bangladeshi university 
students [8]. With the data, ML techniques were used to discover the most correlated fea-
tures and behaviors from the dataset in order to determine the main causes of addiction 
and obtain an accurate prediction. hongdae (KR) and bsMRstu (bd) propose an approach 
to predict juvenile delinquency in Bangladesh due to IPS addiction using ML techniques 
[9]. Such an approach studies the causes of IPS addiction in adolescents by pointing out 
behavioral disorders and finally predicting their tendency to delinquency. Authors of dIu 
(BD) have performed a predictive model using ML that consists of predicting the risk of 
becoming addicted to Ips, taking into account significant factors and variables from data 
collected from both addicted and healthy individuals [10]. According to the methods in terms 
of performance, logistic regression outperformed algorithms such as Knn, svM, naïbe 
bayes, classification, Random Forest RF, regression trees, multilayer perception, adaptive 
boosting and gbM with 97.91% accuracy. In the gu (Cn) proposes a predictive ML model 
in which psychological factors of major impact on the desire and cravings for IPS consump-
tion in individuals are considered [11]. The model aims to help develop recovery plans for 
people addicted to Ips according to these factors. Finally, collaborative research proposes 
a framework based on ML techniques is proposed to identify individual vulnerability to 
IPS abuse [12]. For this purpose, socioeconomic variables are taken into account to assess 
the causes that are commonly found to be involved in patients suffering from IPS abuse 
and healthy individuals.

B. Trends in the use of ML techniques, methods          
and algorithms for predicting IPS use and abuse

It is important to review the state of the art in terms of ML techniques, methods and algo-
rithms that provide the best accuracy percentages to build a robust predictive model. For this 
reason, the following articles are presented:

In UNITEN (MY), the authors provide a summary of how each effective machine 
learning method should be applied in IPS abuse addiction studies [13]. The authors conclude 
that the most common method with the best predictive accuracy is RF, furthermore it is 
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efficient with a large corpus of data regardless of the presence of null data. two categories of 
computational models addressing drug use and IPS addiction are described by researchers 
at YU (USA) [14]. These models adopt predictive coding approaches, focusing on Bayesian 
prediction error with a focus on the effects of IPS use. In the universities of EULJI and 
DKU in Korea, prediction models for IPS intoxication mortality were developed. Each 
implemented method was trained, validated and tested through data collected from samples 
from centers for disease control and prevention in Korea to compare their performance using 
performance measures (Brier score, calibration slope and calibration-in-the-large) in order 
to identify the appropriate technique for the medical field [15]. Other Korean studies by 
KMU and HYU provide a systematic review of the state of the literature on the applications 
of ML methods in IPS addiction research [16]. For this purpose, 23 articles were evaluated 
of which 5 of them employed the following methods, multiple algorithms, six of them used 
regression techniques and two focused on classification. two studies were found that applied 
reinforcement learning using direct methods. Finally, this indicates that such techniques 
are increasingly being used in the field of Ips addiction psychiatry for medical decision 
making. In the YMCA UST and DSEU (IN) propose a systematic review on the state of 
the literature on predictive models using ML to examine psychological disorders produced 
by IPS abuse in digital health care [17]. In their results, a comparison is made and their 
performance, limitations and challenges of techniques such as Random Forest RF, decision 
trees dt, support vector Machine svM and dL-based neural networks are measured. It 
was determined that RF was the most used in terms of improving performance. Finally, 
scientists from FAu and uF (Florida, usA), provides an overview of the usage trends in 
methods, techniques and algorithms applied in ML models in the field of Ips abuse [18]. The 
selected models predict current substance use, future risk of substance use, and treatment 
success. The most common methods are Naive Bayes, K-nearest Neighbors KNN, Decision 
trees dt, support vector Machines svM.

C. Predictive ML models focused on the detection         
of patterns and behaviors in IPS consumption

These studies focus on identifying IPS users using predictive ML models in order to give 
a timely diagnosis and determine what type of IPS these users use. A study conducted by 
Indonesian and Malaysian institutions  proposes an expert system with ML that diagnoses 
and identifies drug users and the type of drugs they use [19]. the methods used (Forward 
Chaining and Certainty Factor) obtain an accuracy rate of 80% in their results. us research-
ers propose a predictive ML model is proposed that allows finding and correlating patterns 
that contribute to opioid overdose or abuse among a variety of patients [20]. The model when 
classifying patients achieved an F1 score of 94.45%. this model is intended to be an efficient 
tool to help uncover fraudulent practices in the issuance of prescriptions. Another American 
study propose a study that trains and validates a ML/DL model to identify patients with IPS 
abuse, in order to better understand the problems of consumption of such drugs [21]. It is con-
cluded that the GAIN method is best suited to predict AUDIT and DAST test scores. Other 
American scientists developed ML models to predict the risk of developing SUD using differ-
ent types of algorithms in order to compare and evaluate the accuracy of the predictions [22]. 
It is claimed that the RF algorithm optimally detects psychological, health, environmental, 
and social behavioral characteristics that predict substance use disorders compared to others. 
In Pitt (USA), the applicability of ML methodology to detect the trajectory of high and low 
severity IPS use based on the harmfulness of the substances used is demonstrated, spanning 
ages 10 to 30 years [23]. the algorithm employed identified a set of psychological and health 
characteristics that predict the trajectory with high probabilities of ending in sud. Finally, 
the Cuet (bd) and Mac (CA) propose an approach that classifies in a binary manner to pre-
dict the current vulnerability of any individual towards the use and abuse of IPS taking into 
account the socioeconomic environment [24]. This approach used ML techniques and a logis-
tic regression classifier to identify patterns and variables of key characteristics influential in 
IPS abuse.
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D. Predictive ML models of effective prevention and treatment        
in IPS consumption for the health sector

In this section, a review of the state of the art on proposals related to the treatment of psy-
choactive substance use was conducted. These proposals use ML methods, which allow health 
entities, physicians and professionals in health-related areas to use them as a tool to help in 
the treatment of psychoactive substance use and addiction.

In China, a model using a hybrid ML technique combining PCA and K-Means++ is proposed 
to cluster drug addicts according to the relationship found in data collected using virtual real-
ity in patients with IPS use [25]. In USA, a system to aid in clinical decision making based on 
ML is proposed to predict the increased risk of discontinuation in patients who have initiated 
treatment for opioid use disorder [26]. This model is of great importance in clinical settings as 
the prediction of treatment discontinuation can help develop personalized support systems to 
improve long-term retention of patients in treatment. A predictive model that estimates cocaine 
treatment success in hospitalized patients is presented in Spain [27], which could represent a 
new step in treatment management thus avoiding treatment dropout rates. The model is based 
on a heterogeneous set of high-dimensional features, which allows to generate and learn new 
associations between different features. the RF method achieved 82% accuracy compared to 
others. In Australia, ML models were developed using demographic and psychometric assess-
ment data of patients in alcohol addiction treatment [28]. Different predictions were obtained 
according to the model and the data set in order to compare and define the most accurate model, 
which in this case was the algorithm (Fuzzy unordered Rule Induction Algorithm) with 74% 
accuracy. Another North American study proposes a method for building a prediction model that 
uncovers interaction effects (length of stay, frequency of substance use) that might be ignored 
by other traditional hypothesis generation approaches affecting treatment completion [29]. The 
extreme gradient boosting method showed better predictive performance compared to others. 
At the YSM (USA), a cutting-edge study is being conducted on predictive modeling approaches 
with ML to generate individual-level predictions of complex addiction outcomes and provide neu-
robiological insight into the brain basis of such behaviors to aid as a diagnostic and treatment 
management tool [30]. As a result, limitations were found in the approaches, as many of them 
do not consider treatment-specific factors, among others. Finally, predictive models from etsIt 
and UPM (ES) are proposed and evaluated using ML for the personalization of rehabilitation 
therapies in users with drug dependence [31]. As input, data considering sociodemographic, 
pharmacological, mental, cognitive and personality information, among others, are taken into 
account. the best predictive model is the RF algorithm with 82.12% accuracy.

E. Detection and identification of new illegal psychoactive substances (NIPS)

The New Illegal Psychoactive Substances (NIPS) are drugs that contain a chemical struc-
ture and pharmacological actions similar to the illegal drugs that currently exist, these NIPS 
are not being legally controlled by the UNODC [32]-[34], highlighting that in recent years the 
NIPS have been increasing as well as their consumption [35], [34], therefore the detection and 
identification of these nIpIs is becoming necessary for their regulation and control [33], [35], 
and although these substances harm people’s health, they are also being used as alternatives 
to evade the legal control that currently exists on drugs [32], [33], and even more so taking into 
account the large number of people who are addicted to drugs, where most people do not belong 
to a population with a particular age, but people of all ages [36]. Therefore, with technological 
progress and advances in artificial intelligence, in Japan propose a quantitative structure-reten-
tion relationship model (qsRR) as a machine learning system in order to predict the retention 
time of mass gas chromatography for NIPS using AutoML [32], clarifying that the data used 
for the research were obtained in previous studies [36], where they propose a complete data-
base called AddictedChem, which contains information of controlled substances, in addition, 
they developed 29 predictive models using 5 learning algorithms and 7 molecular descriptors 
for the detection of NIPS. In Singapore also developed learning models to identify NIPSs by 
using GC-MS (gas chromatography mass spectrometry) data to train and test them [35]. On the 
other hand, Australia and Denmark conducted a study of the chemical diversity of NIPSs [33], 
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whith information on controlled substances [33], analyzing new applications of high-Resolution 
Mass spectrometry (hRMs) techniques is carried out, where the study of wastewater from a 
given population is taken into account, in order to obtain consumption trends, as well as to 
examine the effects produced inside the organism by Isp abuse. Finally, as complement, a study 
conducted jointly between several universities created an ML algorithm in order to predict the 
similarity that may exist between current drugs and NIPS, where the data used to train this 
developed model were obtained from mouse brains using monoamine neurotransmitters and 
steroid hormones [34].

F. ML applied to ISP consumption and social networks

With the current increase in technology there has also been a high growth of social networks, 
as well as an exponential increase of people using social networks such as Instagram, Twit-
ter, among others, however, these social networks are being used as a channel for marketing 
both controlled drugs and illegal drugs [36]-[38], where the publications made in these social 
networks (Twitter, Instagram) allow to know what they offer or market, in addition, with the 
legalization of marijuana in the united states, and more specifically in 29 states [39], it is 
common to see Twitter accounts associated with the marketing and information of marijuana, 
but in other cases, such as opioids, one of the drugs that has caused the most deaths in the 
United States [40] and which is also being marketed on social networks such as Twitter, this 
has become a problem that must be addressed, thanks to artificial intelligence, as well as the 
different branches that make up AI such as ML. Studies conducted in the USA make use of an 
unsupervised machine learning approach and the Biterm (BTM) Model in order to thematically 
summarize Instagram comments that are then used to detect comments for buying and selling 
drugs and illegal drugs [41], similar to another case also analyzed by American scientists, in 
which they developed a machine learning approach using web scraping and deep learning to 
detect Instagram posts focused on illegal drug trafficking [37], such approach was able to detect 
illegal drug sellers with high accuracy, in addition, it should be noted that much of the infor-
mation that exists in Instagram profiles serves as data for the prediction of people who are at 
risk of consumption. In the same way, in DC (USA) develop a deep learning method to classify 
the risk of consumption of alcohol, tobacco and other drugs in people [38], taking into account 
the content of the profiles of each of the participants, on the other hand, in Wsu and ugA, in 
usA, present an approach using Compositional Multiview embedding (MCe) for the classifi-
cation of accounts related to Marijuana [39], either for information of laws for the legalization 
of the same (Marijuana), marketing as a medicine. Finally, study from uCsd, gbs and CdC 
related to Twitter, developeds a methodology using machine learning to detect the marketing 
and sale of opioids on Twitter [40], also developed wireframe as a prototype to detect, classify 
and report illicit tweets from pharmacies that sell illegal substances.

G. ML applied in heroin and opioid detection and consumption

opioid abuse according to the sAMhsA, is defined as prohibited use of opioid analgesics 
or use of heroin which is a commonly used synthetic opioid [42] highlighting that in China 
and more specifically in yunnan, heroin has been the most commonly seized along with meth-
amphetamine, accounting for 80% of all illicit drugs seized [43], opioid can be defined as any 
natural or synthetic substance that binds to specific opioid receptors in the human body [44], 
however, opioid abuse is one of the major causes of overdose deaths in the united states. For 
example, in the year 2020 there were more than three million deaths involving opioids and yet 
overdose deaths continue to increase, tripling in the last 10 years, where a percentage of deaths 
are due to prescription opioids, which makes this problem a crisis or epidemic for public health 
[44], [42], [45], and even more so because young people and adults are at-risk populations that 
have relapsed after treatment [46]. Thus, with the different problems presented above, several 
North American entities made use of two ML approaches to evaluate different factors such as: 
demographic, psychosocial, psychological comorbidity and environmental factors to predict those 
at risk of relapse after treatment for opioid use [46]. MSU (USA) and WTU (CN) developed ML 
models with which they conducted screening and reuse assessments of drug candidates for the 
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treatment of opioid use disorder, and also used the models developed to reassess the side effects 
of drugs currently available for the treatment of opioid use [44]. However, in SPH (USA) are 
more focused on opioid misuse [42], with regard to that, developed three prediction models for 
the prediction of opioid misuse in adolescents, likewise, with the three models they managed to 
find that the prediction performance was similar in all the developed models, with the results 
obtained it can be said that ML techniques are promising for the prediction of opioid use. As a 
complement to this, in the states of Denver Aurora Atlanta (USA), as in the previous study, they 
focused on the misuse of opioids and heroin consumption (OM) [45], is so then, they developed 
a method of natural language processing using the logistic regression algorithm to improve 
the identification of oM from paramedical documentation, where they manage to conclude that 
the approach raised helps in public health as prevention to opioid use. In the same way, taking 
into account the problem presented for the seizure of heroin and methamphetamine in Yunnan 
province in China presented a method for recognition of the sources of heroin drugs quickly and 
non-destructive with the use of an infrared and ML algorithm [43], such an approach developed 
facilitates research in the criminalistic area to be easy to use and low cost.

H. ML applied in the detection and prediction of cocaine use

When talking about cocaine it is necessary to mention that it comes from the coca leaf, there-
fore there are organizations and programs that seek to reduce or eliminate coca plantations, as 
is the case of the eradication program of the special project for the Control and Reduction of 
Illegal Crops in Alto huallaga or CoRAh, located in peru. however, it is necessary to clarify 
that in Peru the coca leaf is a sacred leaf that people like peasants chew to obtain energy and 
thus continue working, without forgetting that, being an illegal product, its price is quite high 
[47], in addition, it is worth noting that cocaine is one of the most traded and consumed drugs 
in the world. Although research has been conducted to control cocaine addiction, a drug capable 
of controlling addiction and lack of dependence on this drug (cocaine) has not yet been found 
[48], [49], and one of the possible reasons for cocaine consumption may be related to depression 
[50]. It is worth mentioning that with the advance of the drug trade, it has become a challenge 
for the authorities to detect them in cases of crime [51], therefore, with all the above mentioned 
and with the problems presented. In MSU (USA), ML and DL models are presented in order 
to predict the potential drugs for cocaine addiction control, as well as to know the side effects 
they may cause when consumed [48],  similar to another study from the same university [49] 
in which they developed a ML/DL-based platform trained by a proteome dataset to discover 
lead compounds against cocaine which will help to discover drugs for cocaine addiction, and in 
UTHealth and UofI (USA) developed models to predict the possible depressive symptoms that 
may be related to cocaine consumption [50], highlighting that the data of the people taken into 
account for this study were obtained from electronic records of the Health Sciences Center of 
the University of Texas from 2006 to 2017. On the other hand, taking into account the problem 
related to coca plantation in Perú, UCCI use a technique based on ML in order to select the 
most relevant variables to analyze the determinants of coca plantations and also to evaluate 
the variables selected by the ML technique they use the oLs and vAR method [47], concluding 
that eradication policies do not have a greater effect and it is necessary to seek new alterna-
tives to reduce coca plantations. Finally, to solve or attack the problem of drug detection in a 
case or crime, netherlands studies propose to use near Infrared spectroscopy (nIR) to safely 
detect cocaine in samples of criminal cases or drug seizures, noting that the use of nIR is 
complemented by the use of ML algorithms to predict the presence of cocaine and also to know 
the concentration and composition of the sample [51].

I. ML applied in the detection and prediction of marijuana use

Marijuana is one of the most popular and most consumed IPS in the world, as people of 
different ages are involved [52], taking into account that one of the possible causes of the 
increase in marijuana consumption is due to the legalization that has been established in 15 
states of the United States for recreational and medical purposes [53], however, marijuana 
consumption is not only seen as a cigarette but it is also being consumed in vapes, which leads 
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to include mostly young people who normally use this type of objects [54]. It should be noted 
that marijuana use is not only seen in ordinary people but also in people who belong to entities 
such as the army, where studies have been conducted and have found positive results of drug 
use and especially marijuana use [55]. However, the causes of marijuana use may be induced 
by people’s past, because the consumption of IPS may have started due to the abuse that the 
person may have received in childhood [56]. In addition, studies have shown that marijuana 
consumption is closely related to depression and can cause suicide in adulthood [52]. Therefore, 
with the different problems presented regarding marijuana consumption, in GMU (USA) pro-
posed to develop and evaluate ML models in order to predict the daily consumption of people 
[53], as well as to identify factors associated with this consumption, in which RF had the best 
performance, in addition, they managed to identify the factors that are the possible cause for 
the daily consumption of marijuana, on the other hand, for the case of young people or people 
who consume marijuana through the vaper or electronic cigarette, in USC and IU (USA) pro-
pose an ML approach with the purpose of predicting the initiation of marijuana vaping [54], 
with which they managed to obtain that the approach applied using ML can be promising 
for the prediction of risk behavior, on the other hand, for the problems presented regarding 
marijuana consumption in entities such as the army. In AFIt (usA) public data on drug use, 
demographic data are modeled [55], among others, using logistic regression, decision trees and 
neural network models in order to predict the risk of marijuana use through personality traits 
where young people were more involved than adults, similar to USC model [56], where use 
ML to examine the shared and non-shared risk factors for marijuana use in child welfare and 
non-child welfare youths, finally, taking into account the relationship that can occur between 
marijuana use, depression and suicide. In UNC and UMass make use of ML algorithms such 
as the logistic regression algorithm [52], RF and Knn to build prediction models applied to the 
risks of suicide and depression, where they found that people who have consumed marijuana 
are at risk of becoming depressed or suicidal.

III. methodology

In this systemic mapping, a methodology was used that allows the collection of a significant 
amount of information in accordance with the proposed objective (Fig. 1), using the methodol-
ogy proposed in UDA studies (Chile) [5], with an adaptation of the proposed processes.

1. Selection of the subject 2. Bibliographic review
<<Product>>

1- Consistent with a 
line of research 

related to artificial 
intelligence.

2.1 Protocol for conducting the review
2.2 Define research questions
2.3 Selection of studies

3.1 Questions
3.2 Tables/Figures
3.3 Analysis

3. Systematic mapping

Definition of 
research questions

Scope of 
review

Search 
behavior

Inclusion and 
Exclusion Criteria

Selection of 
primary papers

Definition of 
analysis criteria

Classification 
scheme

Analysis of 
results

Definitions for the search
Execution of the search Discussion of results

Fig. 1. Systemic mapping processes.
Source: Authors.
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the new processes are: selection of the topic related to artificial intelligence, bibliographic 
review that in synthesis considers the three important steps as the protocol, definition and 
execution of the search, finally the systemic mapping as a product in which the answers to the 
questions posed, data analysis, and graphs are obtained.

In addition, the processes already described in in UDA studies (Chile) [5], as well as in Fig. 
1, were taken into account to perform the systemic mapping. First, the research questions and 
the scope of the study were formulated. Then, a search for articles was conducted in the data-
bases described in the bibliographic review section. Subsequently, the data needed to answer 
the questions formulated were extracted, and both the analysis and conclusions of the mapping 
were made.

A. Theme selection

For the process of selection and delimitation of the research topic (ML techniques applied to 
IPS consumption), some factors and characteristics are considered, including:
a) Previous knowledge and experience in the development of predictive models using ML.
b) The potential impact that IPS consumption can have in Colombia, as this is a critical prob-

lem that impacts different public health sectors and society, among others.
c) Availability of resources, since there is a wide variety of articles focused on applications of 

predictive models with ML in the consumption, addiction and treatments of IPS.

B. Bibliographic review

In the bibliographic review, one of the steps to take into account is to formulate the research 
questions to guide and focus the objectives of this study (Table 2), for which a review of the 
state of the art on predictive models with ML applied to IPS consumption was carried out to 
determine which works are relevant to the selected topic.

table 2.
research questIons.

question 
indicator Research question Motivation

General 
question

¿What is the current state of the art regarding ML 
techniques applied to IPS consumption?

To understand the current state of the selected 
topic, taking into account the different 
applications of ML in it (the selected topic).

PI 1
¿What is the accuracy of ML predictive models for 
predicting the use of different types of psychoactive 
substances?

Entender y comprender la eficacia del uso de 
los modelos de ML para ayudar a predecir el 
consumo de IPS en las personas.

PI 2
¿What specifically are ML techniques used for in the 
context of treatment for illicit psychoactive substance 
use?

To understand and comprehend the 
effectiveness of using ML models to help 
predict IPS consumption in individuals.

PI 3
¿What can ML models, techniques and algorithms be 
used for to identify individuals at risk of developing 
addiction to illicit psychoactive substances?

Identifying the techniques that perform best 
in identifying individual at risk of consuming 
IPS.

Source: Authors.

Fig. 2 presents the questions to answer the why, how and where in terms of the formulation 
of the research questions.

Fig. 2. Guide to formulate research questions.
Source: Authors.
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a) Why: The questions helped to focus and delimit the scope of this study and provided a guide 
for the analysis and selection of studies.

b) How: Here it was important to focus the study on the selected topic; therefore, it was neces-
sary to identify the key concepts, the topic and the different issues analyzed by the studies, 
which allowed defining the research questions in a coherent manner with the proposed topic.

c) Where: The research questions took into account all the studies found that were related to 
the selected topic.

The next step was to establish inclusion and exclusion criteria related to the subject matter 
and other factors that made it possible to determine which studies were relevant for the sys-
temic mapping (Table 3).

table 3.
InclusIon and exclusIon crIterIa.

Inclusion criteria Exclusion criteria

Articles published in scientific journals. Articles that are not published in scientific 
journals and peer-reviewed.

Articles focusing on the identification, treatment, addiction, 
and prevention of psychoactive substance consumption.

Articles focusing on substances that are not 
considered psychoactive.

Articles that use ML techniques for the analysis of 
patterns and behaviors related to psychoactive substance 
consumption.

Articles in which the use of ML techniques 
to analyze data related to psychoactive 
substance consumption is not evident.

Types of selected articles (Books, articles). Articles that are not available or accessible, 
or that do not have a complete format..

Articles published in English or Spanish languages.
Articles published between the period from 2018 to 2023.

Source: Authors.

As for the information sources that allow searching and selecting relevant studies from sci-
entific journals, articles, bibliographic databases such as scopus, sciencedirect, Ieeexplore, 
Google Schoolar, Springer Link, web of Science were included.

The main terms that allow to focus and delimit the search for articles related to ML applied 
to the detection, prevention and treatment for the consumption of Ips as well as for the specific 
search of IPS can be seen in Table 4. The search strings used [6], consider the logical opera-
tors And and oR for the construction of the search strings. Table 4 describes the terms used 
in this protocol.

table 4.
search query.

Main terms Search queries.

ML in psychoactive 
substances.

((((predictive AND models) AND (machine AND learning) AND (psychoactive 
And substances) oR (illegal And drugs)))) 
((((predictive And models) And (machine And learning) And (cocaine oR 
marihuana oR heroin oR bazuco))))

Predictive models 
techniques in 
psychoactive substances.

((((predictive And models) And (machine And learning) And (techniques oR 
methods oR algorithmics) And (psychoactive And substances) oR (illegal And 
drugs))))

Predictive models in 
psychoactive substances 
with Drugs addiction, 
treatment, use, risk 
factors.

((Predictive models) AND (Machine AND Learning) AND (psychoactive AND 
substances) And ((drugs use) oR (sud)))
((Predictive models) AND (Machine AND Learning) AND (psychoactive AND 
substances) AND (drugs AND addiction))
((Predictive models) AND (Machine AND Learning) AND (psychoactive AND 
substances) And ((treatment) oR (healthcare) oR (diagnosis)))
((Predictive models) AND (Machine AND Learning) AND (psychoactive AND 
substances) And (Risk Factors))

Source: Authors.

It is important to clarify that the steps mentioned above define the scope of the systemic 
mapping and ensure that the review is refined, rigorous and exhaustive.



107

MAChIne LeARnIng teChnIques AppLIed to the ConsuMptIon oF ILLegAL psyChoACtIve substAnCes: A systeMAtIC MAppIng

C. Study selection

Fig. 3 shows the steps carried out for the selection of studies that were taken into account in 
the systemic mapping, for example, in the identification section, first a search was performed 
in the different databases used for the study, the results obtained allowed a global visualiza-
tion of the breadth of the subject matter, as a next step, duplicate citations were eliminated, 
and the combination of terms and inclusion and exclusion criteria were applied, reducing the 
number of results (n = 121).

Fig. 3. pRIsMA diagram.
Source: Authors.

However, when searching in google scholar these results contained a very large number of 
articles due to the fact that the search engine does not allow filters to be applied, so a manual 
selection of each one of them was made, taking into account the inclusion and exclusion criteria 
and reviewing the most relevant articles (n = 37).

The next step was to read the title and summary of the studies selected for both database 
and manual selection, in which (n = 80) were excluded via database and (n = 21) via manual 
selection, some of the excluded studies used other types of techniques, or focused on addictions 
other than IPS. We also excluded studies that had incomplete information, were poorly struc-
tured, or were excluded because of their language (n = 5) via database and (n = 2) via manual 
selection. Finally, the included studies (n = 36) via database and (n = 14) via manual selection 
for a total of (n = 50), met the search strategies related to IPS consumption to be considered in 
the systemic mapping. In addition, studies focusing on the same line were grouped. Some (n = 6) 
of them focused on the prediction of IPS addiction; in other studies (n = 6) a review of the most 
applied techniques in IPS use and abuse was carried out in order to compare the best of them; 
in others (n = 7) they focused specifically on the prediction of Ips use; other articles (n = 6) are 
focused on the prevention and treatment of IPS use in the health sector; others that although 
they are focused on new substances, these substances are derived from the IPS in which they 
were found (n = 5); other studies (n = 5) focus on the relationship between social networks and 
Ips use; finally, articles that focus on a particular psychoactive substance such as marijuana 
(5), cocaine (5), heroin (5).
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IV. results

Table 5 shows the number of articles obtained in each step of the search process according to 
the main terms and their derivatives, in addition, the steps followed in Fig. 3 show the process 
for the selection of articles.

table 5.
number of results found.

Search query Number of articles found Review of title, abstract, and conclusions Selected
1 3.109 23 8
2 4.641 27 16
3 3.573 12 6
4 402 9 4
5 507 11 4
6 319 16 5
7 519 17 4
8 313 11 3

Source: Authors.

Based on the articles found, we proceeded to analyze each one of them, identifying and group-
ing them by topics of common interest in the related works section.

A. Answers to research questions

PI1 What is the accuracy of ML predictive models for predicting the use of different types of 
psychoactive substances?

Considering the articles selected for this systemic mapping, Table 6 presents the methods, 
techniques and algorithms used in each article.

table 6.
ml technIques, models, and algorIthms used for preVentIon and treatment programs for Ips consumptIon.

Reference Application 
context Study population ML techniques, methods and 

algorithms Model results

[53]
Daily 
marijuana 
use

Persons aged 18 
or over 18

• Logistic regression
• Decision tree
• Random Forest
• naïve bayes

Taking into account the area under the 
curve (AuC), RF had an AuC of 0.97, 
while DT had an AUC of 0.95, both of 
which outperform LR with an AuC of 
0.73 and naïve bayes with an AuC of 
0.67. therefore, they conclude that RF 
is the best model, surpassing the other 
models.

[24]

Consumption 
and abuse of 
psychoactive 
substances, 
unauthorized 
drugs, and 
alcohol.

Substance 
abuse patients 
and healthy 
individuals from 
the rehabilitation 
center in Dhaka 
city.

• Random forest
• KNearest Neighbors
• Decision Tree
• Linear svC
• Gaussian Naive Bayes
• Logistic Regression 

According to the study, the most effective 
model for accurately distinguishing 
between healthy and addicted classes is 
the LR classifier with a precision score of 
96.72% and an AuC of 0.98.

[19] Drug 
consumption

30 people selected 
from a survey 
conducted 
in Maratan, 
Indonesia.

• Expert system based on 
KNN

The expert system demonstrates up to an 
80% accuracy rate based on various tests 
conducted with the data as input.

[20]
Consumption 
and abuse of 
IPS derived 
from opioids.

46 520 patients 
from the Beth 
Israel Deaconess 
Medical Center 
in Boston, 
Massachusetts..

• Logistic Regression with 
L2 regularization

• Extreme Gradient 
Boosting

• K-Means

the improved model, which uses LR and 
Extreme Gradient Boosting, to classify 
patients susceptible to opioid abuse, has 
an F1 score of 94.45% (precision 94.35%). 
The unsupervised algorithm K-Means 
was used to explore pharmacological 
interactions that could be of concern. 
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Reference Application 
context Study population ML techniques, methods and 

algorithms Model results

[21]
Alcohol 
use and 
substance 
use disorder

6 978 adults, these 
data are obtained 
from three public 
medical facilities.

• KNN
• Multiple Imputations 

by Chained Equations 
(MICE)

• Multiple Imputation with 
Denoising Autoencoders 
(MIDAS)

• DataWig
• Generative Adversarial 

Imputation Networks 
(GAIN)

The GAIN method for data imputation 
along with mixed-effects prediction 
models are the most suitable for 
predicting AUDIT scores, with a 
prediction accuracy index of 0.94 and 
an F1 score of 0.99. For dAst, the 
prediction accuracy index is 0.93 and the 
F1 score is 0.99.

[22] Substance 
use disorder

People between 
12 and 14 years of 
age.
People of 16, 19 
and 22 years of 
age.

• Random Forest
• Logistic Regression
• Adaptive Boosting
• naïve bayes
• support vector Machine
• KNN
• Deep Neural Network

According to the proposed algorithms, 
RF identified thirty psychological, 
health, environmental, and social 
behavioral features that predict SUD in 
each of the five assessments conducted 
across a variable age range..

[23]
Substance 
use and its 
severity

Individuals from 
childhood (12-14) 
to adulthood (30) 
years of age.

• Random Forest
• support vector Machine
• naïve bayes
• Adaptive Boost
• Nearest Neighbor
• Artificial Neural 

Network

The ML model for predicting both 
low and high trajectories leading to 
sud demonstrates an accuracy of 71% 
between ages 10 and 12, increasing its 
precision to 93% by age 22. these results 
could inform primary and secondary 
prevention efforts. It is worth mentioning 
that among the proposed algorithms, RF 
and naïve bayes stood out as having the 
best results.

Source: Authors.

PI2 What specifically are ML techniques used for in the context of treatment for illicit 
psychoactive substance use?

According to the articles selected for this systemic mapping, it became evident that certain 
studies deal with the problem related to the treatment of IPS consumption, where different 
techniques, models or algorithms are applied in order to create models to present a solution; 
Table 7 shows the articles related to this problem.

table 7.
ml technIques, models, and algorIthms used for preVentIon and treatment programs for Ips consumptIon.

Reference Techniques, methods and algorithm Application of the technique, model or algorithm

[26]

• Logistic regression
• Decision tree
• Random Forest
• Extreme gradient boosting
• Support vector machine
• Artificial neural network

In this study, the mentioned algorithms were used to predict 
treatment discontinuation due to IPS consumption and 
also to create interpretable and actionable rules to assist in 
clinical decision-making.

[27]
• Random Forest
• Logistic regression
• Multilayer perceptron network
• Support vector machine

For this study, the mentioned algorithms are used to predict 
treatment outcomes for drug consumption and also to predict 
psychiatric outcomes.

[29]
• Artificial neural network
• Random Forest
• XGB

For this case, the algorithms are used to uncover interaction 
effects for treatment completion.

[25] • K-Means++ Clustering Algorithm
• PCA

For this case, the virtual reality model is first used to 
capture data from individuals watching videos of IPS 
treatment. Then, the data is analyzed to group drug addicts 
accordingly.

[28]

• Furia
• ADTree
• SMO
• Reptree
• SPegasos

• Decision Table
• RbFn
• BayesNet
• DTNB
• bFtree

This article compares the accuracy of predicting treatment 
outcomes for individuals with alcohol dependence between the 
predictions made by clinical personnel and the predictions 
generated by the ML model developed in this study.

Source: Authors.
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PI3 What can ML models, techniques and algorithms be used for to identify individuals at 
risk of developing addiction to illicit psychoactive substances?

Regarding the articles found, some take into account the problem related to people who 
are at risk of consuming or becoming addicted to IPS, however, each study takes into account 
different possible causes for those people who are at risk of consuming or becoming addicted 
to IPS and also each study proposes different ML techniques with their respective applica-
tion to address this problem, Table 8 shows the techniques, algorithms and models used by 
each study.

table 8.
ml technIques, models and algorIthms applIed In the predIctIon of people at rIsk of consumIng spI.

Reference Techniques, methods and algorithm Application of the technique, model or algorithm

[38] • Resnet18
• Word2vec

Resnet18 is used for image processing, while Word2vec 
is used for natural language processing in this study. 
They are applied to predict the risk of tobacco, alcohol, 
and IPS consumption among Instagram users.

[56]
• Logistic regression
• Least absolute shrinkage and 

selection operator (Lasso)
• support vector machine (svM)

In this case, these three techniques are employed to 
predict individuals at risk of marijuana consumption, 
taking into account those who have had involvement 
with Child Welfare Services and those who have not.

[54]
• Least absolute shrinkage and 

selection operator(Lasso)
• Classification and Regression 

tree(CARt)

LASSO is used in this study to predict variables for 
marijuana consumption prediction through e-cigarettes, 
while CARt is utilized to predict individuals at risk of 
marijuana consumption through e-cigarettes or vapes.

[55]
• Logistic regression
• Decision tree
• Red neuronal

In this study, the various techniques or models presented 
are used to predict individuals at risk of marijuana 
consumption, taking into account their personality 
traits.

[46] • Random Forest
• Regularized Cox regression

In this case, the techniques, models, or algorithms are 
used to predict the relapse risk of individuals after 
undergoing opioid consumption treatment.

[12]

• Random Forest
• Decision Tree
• Logistic Regression
• Linear support vector Machine
• KNearest Neighbors
• Gaussian Naive Bayes

The mentioned algorithms in this study are used 
to create an approach for identifying individual 
vulnerability to IPS consumption. This approach aids in 
preventing individuals who are consuming IPS but are 
not yet addicted to these substances.

Source: Authors.

B. Analysis

To evaluate the quality of the selected articles, the quality evaluation criteria proposed by 
Unicauca and Univalle (CO) [57] was established as a basis, which consists of different scores 
that are given in a range from –1 to 1 being applied to each of the selected articles (Table 9).

table 9.
qualIty eValuatIon crIterIa for the selected artIcles.

Criterion Description
Score

–1 0 1

C1 The study provides a detailed description of the algorithms and 
methods used. No Partially Yes

C2 The study presents the results in a clear and detailed manner. No Partially Yes
C3 The study presents the results in a clear and detailed manner. No 1 to 10 +10
C4 The study presents the results in a clear and detailed manner. No q4, q3 q2, q1

Source: Authors.

Using the criteria established above, Table 10 presents the results obtained for each of the 
articles selected in this systemic mapping.
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table 10.
qualIty results of the artIcles takIng Into account the qualIty crIterIa.

Reference C13 C2 C3 C4 Total
[7] 1 1 0 1 3
[8] 0 1 0 –1 0
[9] 1 1 0 1 3
[10] 1 1 0 0 2
[11] 1 0 0 1 2
[12] 1 1 0 1 3
[13] 1 1 0 –1 1
[14] 1 1 1 1 4
[15] 1 1 1 1 4
[16] 1 1 1 1 4
[17] 1 1 0 1 3
[18] 1 0 1 1 3
[19] 1 1 0 0 2
[20] 1 1 0 1 3
[21] 1 1 0 –1 1
[22] 1 0 1 1 3
[23] 1 1 1 1 4
[24] 1 1 0 –1 1
[25] 1 0 1 –1 1
[26] 1 1 0 1 3
[27] 1 1 0 1 3
[28] 1 1 1 1 4
[29] 0 1 0 1 2
[30] 0 1 1 1 3
[31] 1 1 0 –1 1
[32] 1 1 –1 –1 0
[33] 1 0 0 1 2
[34] 1 1 1 1 4
[35] 1 1 0 1 3
[36] 1 1 0 1 3
[37] 1 1 1 1 4
[38] 1 1 1 1 4
[39] 1 1 1 –1 2
[40] 1 1 1 1 4
[41] 0 0 0 1 1
[42] 1 1 1 1 4
[43] 1 1 –1 –1 0
[44] 1 1 –1 1 2
[45] 1 1 1 1 4
[46] 1 1 0 1 3
[47] 1 1 –1 0 1
[48] 1 1 0 1 3
[49] 1 0 0 –1 0
[50] 1 1 0 1 3
[51] 1 1 1 1 4
[52] 1 1 0 1 3
[53] 0 1 0 1 2
[54] 0 1 0 1 2
[55] 1 1 0 1 3
[56] 1 1 0 1 3

Source: Authors.
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With the results obtained by applying the quality criteria for each of the selected articles, 
it can be seen in Fig. 4 that 88% of the articles present in detail the algorithms and methods 
used according to criterion 1 (C1); 86% of the articles present clearly and in detail the results, 
obtained from criterion 2 (C2); 34% of the articles have been cited more than 10 times by 
authors, however a higher percentage of 58% of articles have been cited between 1 to 10 times 
considering criterion 3 (C3); finally 74% of articles have been published in relevant journals 
and conferences with a quartile of q1 and q2 considering criterion 4.

Fig. 4. Evaluation result according to the quality criteria applied to the articles.
Source: Authors.

In Fig. 5 it is necessary to clarify that the larger the bubble, the greater the number of articles 
that exist between the subject and the year of publication, where the number inside the bubble 
is equivalent to the number of studies found, therefore, if there is no bubble at an intersection, 
it will mean that no articles were found and/or selected.

Fig. 5. Bubble chart of the articles found depicting the number of publications by topics and year of publication.
Source: Authors.
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On the other hand, when analyzing Fig. 5, it can be observed that for articles with a publi-
cation year between 2018 to 2022 most of the studies were found, which helps us to infer that 
ML applied to IPS consumption is relevant as a study for the last years, however, it is expected 
that by 2023 the studies related to this subject will increase.

In addition, it should be taken into account that the topics were established according to the 
issues addressed by each of the selected studies and, when analyzing Fig. 5, it can be observed 
that there is a similarity between the number of articles in each topic, which suggests that ML 
in IPS has diverse applications for different problems presented.

Fig. 6 shows a cloud diagram of keywords that were most frequently repeated in the articles 
collected. Each letter size indicates the number of repetitions, the small size being a minimum 
number of repetitions and the large size the opposite case. The main ones (highest repetitions) 
are “Machine Learning”, “Predictive models”, “Substance abuse”, “Substance Use Disorder”, 
“Addiction”, among others. 

This diagram allows emphasizing the keywords that are common in the articles collected 
and that are widely used in the subject of consumption of illicit psychoactive substances. Cer-
tain topics of interest can also be found within this domain such as “addiction”, “treatment out-
come”, drug and substance abuse in general, specifically “Marijuana”, “Cocaine”, “opioid use 
disorder”. Another topic of interest is the algorithms highlighted in the keywords, one of them 
being “Random Forest” (Fig. 6).

 
Fig. 6. Keyword word cloud.

Source: Authors.

C. Limitations and Challenges

Table 11 presents the different limitations and challenges encountered in the studies selected 
for this systemic mapping, keeping in mind that each of the challenges and limitations presented 
are general for the different ML applications.

table 11.
lImItatIons and challenges In ml applIed to the treatment and consumptIon of psychoactIVe substances.

Reference Limitations and challenges

[47] It is necessary to create and industrialize different types of plantations other than coffee plantations, 
which can serve as alternatives for farmers and reduce illegal plantations.

[50] Research using machine learning algorithms may be limited by overfitting and generalization.

[41] Tools could be developed to increase the speed of analysis, considering ML approaches such as text 
classification, image analysis, and other metadata.

[38] Class imbalance is one of the most common problems in ML, and further research is needed on this topic 
as it affects the effectiveness of ML models.

[42] Adding applicability to ML models can improve results and adoption possibilities.

[23]
When focusing on a specific substance in a study, the change in preference for other substances is not taken 
into account. For example, switching from marijuana to a more harmful substance is common. therefore, a 
study covering a wide range of substances with the quantification of associated harm for each is proposed.

[22] In addiction studies, previous research works could be divided based on the type of addiction, 
differentiating between cigarette smoking, alcohol, cocaine, opioids, and multiple substance use.

Source: Authors.
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V. conclusIons

In this systemic mapping, approximately 50 articles related to the use of ML in the con-
sumption of psychoactive substances were analyzed, in each of the studies different solutions 
were presented to problems such as prediction of SP consumption, prediction for treatment 
for SP consumption, prediction of people who are at risk of consuming IPS, prediction of 
NIPS, among others, where different models, techniques, algorithms and neural networks 
are used to develop predictive models based on ML; It should be noted that each of the solu-
tions presented help to understand the current state of the art, in order to identify the best 
techniques.

In addition, many of the studies analyzed demonstrate the effectiveness and success of 
the ML models, techniques and algorithms used by each(articles), helping to understand 
the boom that AI is currently having, since AI as such is being used or applied in various 
problems, in order to support and help professionals such as doctors, engineers, among 
others.

It is noteworthy that although there are limitations and challenges to the application of 
ML models, techniques and algorithms, the advancement of technology will help to eliminate 
each of the limitations that currently exist, however, for now it is necessary to understand 
and find the best techniques, models and algorithms by understanding their respective appli-
cation in order to find where the techniques, models and algorithms perform best.

With the above-mentioned and taking into account the results obtained in this systemic 
mapping, it should be clarified that the different applications of ML in the consumption of 
IPS may vary according to the place, where factors such as culture, the habits of the country 
where the problem (consumption of IPS) occurs and different environmental factors cause 
the results to change.

Finally, it became evident that there are various applications of ML in the consump-
tion of IPS, such as to predict whether people need treatment for consumption, to evalu-
ate and identify those people who may be at risk of consuming IPS, among others, where 
demographic data, socioeconomic data, data on consumption, cultural data, among other 
data are taken into account, among other data, which help and contribute to the training 
and improvement of the models that have been and will be developed, thus providing a 
useful tool for both health and government entities, in order to provide support to create 
prevention and treatment programs for people who already consume or who are at risk of 
consuming IPS.
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