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Abstract. Illicit substance use (ISU) is a major public health problem and a
significant cause of morbidity and mortality globally. Early assessment of risk
behaviour, predicting, identifying risk factors, and detecting illicit substance use
become imperative to reduce the burden. Unfortunately, current digital tools for
early detection and modelling ISU are largely ineffective and sometimes inacces-
sible. Data-driven artificial intelligence (AI) models can assist in alleviating the
burden and tackling illicit substance use but their adoption and use remain nascent.
This study applied the PRISMA model to conduct a systematic literature review on
the application of artificial intelligence models to tackle illicit substance use. The
study revealed that elastic net, artificial neural networks support vector machines,
random forest, logistic regression, KNN, decision trees and deep learning mod-
els have been used to predict illicit substance use. These models were applied
to tackle different substance classes, including alcohol, cannabis, hallucinogens,
tobacco, opioids, sedatives, and hypnotics among others. The models were trained
and tested using various substance use data from social media platforms and risk
factors such as socioeconomic and demographic data, behavioural, phenotypic
characteristics, and psychopathology data. Understanding the impact of these
risk factors can assist policymakers and health workers in effective screening,
assessing risk behaviours and, most importantly, predicting illicit substance use.
Using Al models and risk factors to develop data-driven intelligent applications for
monitoring, modelling, and predicting illicit substance use can expedite the early
implementation of interventions to reduce the associated adverse consequences.
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1 Introduction

Illicit substance use remains a major global public health problem, and the outbreak of
coronavirus disease 2019 (COVID-19) exacerbated the burden [1]. Drug use disorders
caused 85,984 deaths worldwide in 2019 (55,616 deaths in males and 30,367 deaths in
women), accounting for 47% of all global deaths caused by drug-related disorders [1].
In addition, the outbreak of COVID-19 and imposed movement restrictions increased
the burden which consequently has psychological effects such as stress, anxiety, depres-
sion, and other mental health issues exacerbated by socioeconomic challenges. These
psychological effects played a significant role in the growth of illicit substance use (ISU)
incidences [2]. For instance, people aged between 15 and 64 years, were among 284 mil-
lion illicit drug users globally in 2020, a 26% increase from the previous decade [1].
Most patients in Africa and South America receiving treatment for ISU problems are
under 35 years of age [1]. The use of illicit substances has increased substantially among
adolescents, and they tend to develop addiction because of the propensity for experi-
menting, curiosity, low self-esteem and lack of guidance and counselling services. This
is also attributed to early mental and behavioural health issues, peer pressure, a bad
family structure, inadequate parental supervision and interactions, lack of opportunities,
loneliness, and easy access to drugs [3].

Moreso, protective measures such as peer groups that stimulate high self-esteem,
religiosity, peer influence, self-control, parental supervision, academic proficiency, reha-
bilitation, anti-drug use legislation, and a strong sense of community connectedness have
been utilized to tackle and reduce the catastrophic impact of ISU [4]. Preventing ISU
can reduce its catastrophic impact on health, as it affects youths to properly transition
into adulthood by impeding the development of critical thinking and learning skills
[5]. In addition, the use of illicit substances also affects sexual and reproductive health
(SRH) [6] and poor reproductive outcomes, such as unintended pregnancies, preterm
deliveries, and maternal and neonatal morbidity and mortality [7]. ISU can also result
in chronic illnesses [8], and socioeconomic problems such as violence, dropping out of
school, family breakup, unemployment, and living in squalor and poverty [9]. Due to the
severity of the consequences associated with ISU, it is imperative to develop Al models
that can predict, detect, monitor, and model risk factors associated with ISU to assist
healthcare professionals in designing effective interventions to reduce the burden.

1.1 Significance of the Study

ISU can be predicted using interviewer-administered questions or self-administered
methods, but they need extra personnel and time. As aresult, few health systems routinely
screen for ISU [10]. Patients can be screened for ISU using an automated technique that
uses information gathered during routine health treatment. Therefore, artificial intelli-
gence (Al) models can be used to monitor and predict ISU among different populations.
Al models can learn to carry out specific tasks by identifying patterns in data [11]. By
concentrating on linking input features like psychological, physical, and environmental
factors with ISU, it stands as a potent alternative to data-driven models for identifying
ISU vulnerability and predicting illicit substance use [12]. Several studies focused on the
social, psychological, and mental consequences of illicit substance use [3, 13—15], while
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some applied statistical tools to survey data to determine risk factors associated with ISU
[7] and recommend protective measures [16]. In addition to survey data on ISU, there is
positive progress, though at a slower pace, in utilizing smart wearable technologies such
as smartwatches and wristbands to collect data on substance use [17, 18]. Such massive
data can be utilized to develop data-driven intelligent models to tackle illicit substance
use. Despite this, there is a dearth of literature on the application of AI models for mon-
itoring, modelling and predicting illicit substance use. Such data-driven Al models can
tremendously assist healthcare professionals in predicting the possibility of substance
abuse, remote monitoring patients in rehabilitation and most importantly, modelling
risk factors associated with ISU. This can also assist policymakers in developing and
implementing evidence-based frameworks and guidelines for integrating Al into health
systems to tackle ISU. Such applications are rare, but they can guide the future develop-
ment of digital health interventions and tools for reducing ISU [19]. Therefore, this study
presents a systematic literature review of Al models, risk factors associated with ISU
and barriers and challenges hindering the development and integration of data-driven
Al models into health information systems. The study also presents recommendations
to address the identified barriers and challenges.

The remainder of this paper is structured as follows. Section 2 presents the method-
ology used in conducting the systematic review. The results analysis and discussion of
Al models and applications are presented in Sect. 3. The barriers, challenges and rec-
ommendations for integrating data-driven artificial intelligence models for tackling ISU
are presented in Sect. 4, while Sect. 5 presents the conclusion.

2 Materials and Method

2.1 Study Design

The Preferred Reporting Items for Systematic Reviews and Meta-Analysis (PRISMA)
model guided this systematic review in which primary and scientific articles that were
published between January 2015 and June 2023 on substance abuse were retrieved
and analysed. The study was conducted between 16 February and 14 June 2023. This
study sought to identify Al models used in substance abuse research, their purposes,
performance and limitations and the risk factors used. Figure 1 summarises the search
results, study selection and inclusion process followed in this study.

2.2 Search Strategy

The major databases searched were Web of Science, Google Scholar, Scopus and Sci-

EE I3

ence Direct, using the keywords “artificial intelligence”, “deep learning”, “machine
learning”, “illicit substance abuse”, and “substance use disorders”. The publication
year was restricted to between 1 January 2015 and 14 June 2023. Additional articles

were identified through citation chaining.
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Fig. 1. PRISMA model

2.3 Study Selection and Eligibility Criteria

Articles returned from database searches were initially screened based on the abstracts,
and where a conclusive decision could not be made on eligibility, the full articles were
retrieved and screened. Articles that were deemed eligible based on screening were
assessed for eligibility by methodology assessment and article type. Eligible articles
were those that were published between 1 January 2015 and 14 June 2023 when the study
was concluded. The eligibility criteria were thus: articles that had low perceived risk-of-
bias, were written in English, or had English translations, peer-reviewed, empirical and
applied any type of Al algorithm to predict, detect, assess or examine substance abuse,
including determining the risk factors. Any articles that did not meet the specified criteria,
were deemed to have a high risk of bias, or had poor methodologies were excluded.

2.4 Data Extraction

Two researchers independently screened all articles based on titles, abstracts, and quality
of methodology. The researchers resolved any differing views on papers by conducting a
meeting in which each explained their reasoning in line with the prescribed criteria until
a consensus was reached. The two authors involved in article retrieval, screening and
assessment continuously engaged each other throughout the data extraction process.
Data were extracted into a standard table, and both researchers checked the data for
accuracy.
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2.5 Risk-of-Bias and Quality Assessment of Included Sources

365

The included articles were assessed for quality and risk of bias using the Critical
Appraisal Skills Programme checklist [20]. The assessment criteria were methodol-
ogy appropriateness and validity of findings, facilitated by the Critical Appraisal Skills
Programme questionnaire, helping eliminate systematic biases [21]. Conducting and
visualizing the results of this process was enabled by using the Review Manager software
called RevMan5.4.1 (Table 1).

Table 1. Application of Al models to tackle illicit substance use

Reference

Model(s)

Purpose

Risk Factors

Performance

Limitations

[12]

Naive Bayes,
SVM and
Random Forest

Evaluation of
Substance use
disorder

Phenotypic

characteristics and

environmental
factors

74% and 86%
accuracy for
different age
groups

ML algorithms
delineate the
psychological,
health, and
environmental
characteristics
associated with
the risk for SUD

(22]

Random Forest

Predicting the
severity of
substance use

Behavioural
characteristics

71% and 91%
accuracy for
different age
groups

The harmfulness
score does not
fully account for
cumulative
exposure to each
substance

A longitudinal
study is required
to measure
substance use
severity

[23]

Logistic
regression

Predicting ISU

Environmental
factors, family
substance use,

Limited sample
size and survey
data are subject
to biases

(24]

XGBoost

Predicting
Susceptibility to
substance abuse

Behavioural
characteristics

ROC:99%
PRC:98%

Drug
interactions
involving
opioids are
solely
determined by
how frequently
they are
prescribed and
when side
effects occur

(continued)
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Table 1. (continued)

Reference | Model(s) Purpose Risk Factors Performance Limitations
[25] Negation Detection of Frequency, Type, | Fl-score -99% The dataset used
detection Substance-Use | Amount of was small. A
algorithm, Status smoking, alcohol, larger dataset
NegEx., NLP or drugs consumed may enhance the
by the patient and capacity to
quit time and produce
period additional rules
[26] SVM Predict Clinical data such | Accuracy: The negative
substance abuse | as cocaine, 80.58% predictive value
treatment methamphetamine, | Sensitivity: is lower than
outcomes or 81.31% desired and
heroin-dependent | Specificity: misidentifies
at the time of 78.13% someone with a
incarceration, no higher risk for
history of head discontinuation
injury and no
history of
psychosis
[27] Elastic net Assess ISU characteristics and | AUC: 83% Instead of
predictors psychopathology conducting a
data formal clinical
interview, the
screening test
(ASSIST) was
utilised to
determine
whether a
person used
illicit drugs
[28] Decision trees, | Detecting ISU | Peer-to-peer F1-scores The model did
SVM and Recovery discussion forums | DT:88% not label
Boosted Problems and ISU SVM:89% subtypes of
decision trees self-management | Boosted DT:94% | recovery
pages on the forum problems.
Participants who
did not post on
the forum were
excluded
[29] SVM, Random | Substance Social media data | F1 scores High data
forest, Naive Abuse Risk SVM:82.6% RF: | imbalance
Bayes and Assessment 85.9%, Naive affects
Logistic Bayes: 85.3% biomarker
regression LR: 88.2% prediction. Data

were collected
from limited
social media
platforms

(continued)
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Table 1. (continued)
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Reference | Model(s) Purpose Risk Factors Performance Limitations
[30] RF, KNN, DT, | Predicting Demographic and | Accuracy Data were

Linear SVC, Individual Behavioural RF: 95.08%, collected from

Gaussian Substance characteristics KNN: 88.52%, the same

Naive Bayes Abuse DT: 85.24%, location and

and Logistic Vulnerability Linear SVC: same age group

Regression 95.90%, Gaussian | which might

Naive Bayes: affect the
92.62% and LR: | performance of
94.26% the models
when exposed to
new data from
other locations
[31] Random forest, | Predict the Patient AUC for the There are
Super-learning | efficacy of characteristics, models ranged relatively few
and Artificial treatment for treatment between 79.3% details about the
neural substance use characteristics and | and 82% kind of
networks disorders type of problematic treatment and
substance how it was
delivered
[32] Random forest | Determine the | Demographic and | AUC of 89% Not specified
socioeconomic | Behavioural
causes of characteristics
patients
abandoning
substance abuse
treatment
[33] Artificial Predict volatile | Agreeableness, Accuracy of The study used

Neural substance abuse | conscientiousness | 81.1% an open-source

networks for drug risk extraversion, dataset;

(ANN) analysis neuroticism, therefore, the
openness to model needs to
experience, be validated
impulsiveness, with real data
sensation seeking
and demographic
details

[34] Natural Identification of | Status, type, F1-score between | Not mentioned

language Substance method, amount, 80%-91%

processing Abuse frequency,
exposure history
and quit history

(continued)
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Table 1. (continued)

Reference | Model(s) Purpose Risk Factors Performance Limitations
[35] Machine Prediction of Neural features The model They used
learning severity of using imaging data | correctly multimodal
regression alcohol use and self-reporting | explained 33% of | features hoping
algorithm disorders the variance their model
(actual would perform
algorithm not better than those
specified in the that used
paper) unimodal
features, but this
hypothesis was
not supported by
their results
[36] Logistic Prediction of Not clear from the | Accuracy of Not mentioned
regression, alcohol use paper 97.55%
Naive Bayes
and gradient
boost
[37] Random forest | Predicting Sociodemographic | F1-score:66% Clinical
comorbid and clinical data Accuracy:65.3% | variables
substance use Sensitivity:69.6% | collected
disorders Specificity:61.2% | retrospectively
among people from electronic
with bipolar clinical records
disorder may have
affected the

accuracy and
reliability of the
data

Reporting bias

Selection bias

Performance bias

Recall bias
Observer bias
0% 26% 50% 75% 100%
B ves dowrisk) [Junclear [l Mo (high risk)

Fig. 2. Summary of RoB assessment for all included studies
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3 Results Analysis and Discussion
3.1 Analysis of Risk-of-Bias
The researchers analysed the risk-of-bias of the included papers, focusing on reporting,

selection, performance, recall and observer biases. Figure 2 presents the summarized
analysis for all the included articles.
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Fig. 3. Analysis of RoB for individual studies.

Key: .low risk ‘=¥ unclear
Figure 3 shows the analysis of bias for each included paper. The researchers’ percep-
tions on the risk-of-bias of the included papers were that there was low bias across all

the five bias types. The following sections present an analysis of the findings regarding
Al models and risk factors.

3.2 Artificial Intelligence Models for Predicting Illicit Substance Abuse

Artificial intelligence focuses on developing intelligent models (algorithms) and smart
machines that can perform tasks that typically require human intelligence [38]. It has var-
ious subsets, including deep learning, natural language processing and machine learning.
Machine learning (ML) is a subset of Al that has been significantly used in healthcare to
perform various tasks, including diagnosis [39], detection [40], prediction [41, 42] and
classification. ML models learn from samples to solve classification, association and
clustering problems in healthcare [43]. This study has revealed that several Al models
have been used in predicting, modelling and monitoring substance use, all of which fall
under machine and deep learning. Deep learning is a subset of ML that has more layers
than a neural network and automates feature extraction, removing the hand-tuning that
is predominant in traditional ML. There has been significant progress in detecting sub-
stance use disorder [44], assessing future risk and predicting treatment success through
the use of machine learning models. For instance, a study conducted by [45] applied
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machine learning models such as decision tree (DT), random forest (RF), logistic regres-
sion (LR), K-Nearest Neighbours (KNN), Gaussian Naive Bayes and Support Vector
Machine (SVM) to predict individual substance abuse. Figure 4 is a word cloud for the
identified AI models and algorithms used in identifying and predicting substance abuse.

processing
paper gradient machine
gaussian decision detection

transfer net NAIVE _learning jipear

sve s random __ann super

artificia
knn

S
logistic forest bayes nezex
trees regression neural

elastic - nlp
networks algorithm boost

natural boosted language
xghoost negation specified

Fig. 4. Word cloud for a few identified models for tackling ISU

SVM is a widely used technique that defines an optimal hyperplane to distinguish
between items falling in classes of interest [41]. It is an ML algorithm used to solve
classification and regression problems using labelled data [41]. A Cartesian plane is
normally used to illustrate SVM, where a hyperplane is drawn to separate observations
in different classes or categories [41]. Observations are represented as coordinates on
the Cartesian plane, and these coordinates are called support vectors. Islam et al. [45]
used the SVM algorithm to identify vulnerabilities to substance abuse.

Random forest is an ML algorithm that uses labelled data to solve classification
or regression problems [32, 42]. The algorithm combines multiple decision trees to
determine the output, thus, it is ensemble-based [39, 42, 46]. Each tree in the forest
produces the output that it uses to vote for the output, and the output that gets the
majority vote becomes the forest’s (model’s) overall output [42]. The advantages of this
algorithm include high accuracy and efficiency, as well as the ability to ingest datasets
that contain both numerical and categorical predictors [42]. Islam et al. [45] created a
random forest model to identify vulnerabilities to substance abuse, while [47] used it to
predict substance use disorder treatment outcomes.

Transfer learning entails “repurposing a trained model on a related task” [47] and is
mainly used in deep learning to leverage related pre-trained models where datasets are
small. Bailey and DeFulio [47] used transfer learning (and compared it with a random
forest model) to predict substance use disorder treatment outcomes.

Logistic regression is a machine learning algorithm that uses labelled data to solve
classification problems [41, 42, 48]. It uses the sigmoid activation function to return a
value (0 or 1) that signifies whether a given observation belongs to a given class or not,
using the formula below [41].

f@=0+e! (1)

where z is “the weighted sum of each neuron” [41].
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Since the sigmoid function’s output must either be 0 or 1, any continuous value
obtained is set to 0 or 1 based on which value it is closer to. Thus, a threshold value,
normally 0.5, is used. Logistic regression was used in creating a predictive classifier for
identifying vulnerabilities to substance abuse [45], alcohol use [36] and substance use
disorders [31].

Naive Bayes is a supervised classification machine learning algorithm based on the
Bayes theorem [49]; thus, it is probabilistic. The Gaussian Naive Bayes, like the Naive
Bayes, is a probabilistic classification algorithm based on the Gaussian distribution [50].
The algorithm assumes that each feature is independently capable of predicting the target
variable [50]. Naive Bayes has been used to predict alcohol use [36], while Islam et al.
[45] used Gaussian Naive Bayes to identify vulnerabilities to alcohol use.

Super learning is an ensemble-based ML algorithm that was derived from the stacking
algorithm, whose output is the weighted mean of all the included predicted algorithms
[31]. Also, a study conducted by [31] used superlearning to predict SUD treatment, with
regression, RF, and deep neural networks as the constituent algorithms. They used the
area under the curve as an evaluation metric and it ranged between 79.3% and 82.0% as
reported in their study.

Though a decision tree is a simple ML algorithm, it is widely used to solve classifi-
cation problems [41]. The algorithm uses a rooted-tree data structure with a root, leaves
and internal nodes, where internal nodes lie between the root and terminal (leaf) nodes
[51]. Classes or labels in a decision tree are represented by terminal nodes (leaves), while
test conditions (attributes/ characteristics) are represented as inner and root nodes [42].
A decision tree segments the feature space into several simple regions. Boosted decision
trees are a type of decision tree that utilises the ensemble approach, in which each tree
learns from the residual of the trees, enhancing the overall performance.

Islam et al.[45] used a decision tree to identify vulnerabilities to substance abuse.
Gradient boost was used by Kumari & Swetapadma [36] to predict alcohol use and
produced close to 98 per cent accuracy. Moreover, a study conducted by Kornfield et al.
[28] applied SVM, decision trees and boosted decision trees to detect illicit substance use
using a natural language processing program called Linguistic Inquiry and Word Count
and data from online substance abuse forums. Their study revealed that boosted decision
trees outperformed other models with an F1 score of 94%. However, participants who did
not post on the forum were excluded, and the model could not label subtypes of recovery
problems. A study by Rakovski et al. [27] applied an elastic net to assess the performance
of the selected illicit substance abuse predictors. The model achieved the highest area
under the receiver operating characteristics curve (AUC) of 83%. The lasso and ridge
regression regularisations are combined linearly by the elastic net approach to creating
models that can remove unnecessary variables while maintaining small coefficients,
improving generalisation.

Natural language processing algorithms have been used to detect substance abuse
from clinical textual data. For instance, a study conducted by Alzubi et al. [25] applied
a negation detection algorithm called NegEx to detect substance use status and the algo-
rithm achieved an F1-score of 99%. Also, Yetisgen & Vanderwende [34] applied natural
language processing to the Identification of substance abuse from social history in clinical
text automatically and achieved FI-score ranging between 80% and 91%. Interestingly,
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social media platforms together with natural language processing algorithms have been
used to detect, identify and assess substance abuse risk behaviour. For instance, a study
by Ovalle et al. [29] utilised social media data and machine learning models such as LR,
linear SVM, Naive Bayes, and RF to assess substance abuse risk behaviour among men
who have sex with men(MSM). Such modes tremendously assist in implementing adap-
tive interventions to target substance use risk behaviour among hard-to-reach groups
such as MSM. These algorithms were used for different purposes in substance abuse
research. Figure 5 shows the different purposes for which the explained Al algorithms
were used, and these are presented in the form of a word cloud.
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Fig. 5. Application of Al models to tackle ISU.

3.3 Risk Factors for Modelling Substance Abuse Using Artificial Intelligence
Models

Illicit substance use is associated with various factors, including psychological, and
socioeconomic data, sociodemographic data, phenotypic characteristics and environ-
mental factors, family setup, and religion. A study conducted by [12] applied random
forest, SVM, MLP, and logistic regression to analyse substance use and its outcomes
using psychological self-regulation spanning behaviour control data and daily routine
data. Additionally, Rakovski et al. [27] utilised socioeconomic and sociodemographic
data as predictors for predicting ISU among young adults. Predictors such as age, gender,
religion, alcohol dependence, tobacco abuse, and family history of alcohol dependence
were significantly associated with illicit substance use. Also, a study by Ruberu et al.
[23] utilised sociodemographic data (culture, gender, age), family substance use and
general environmental factors such as early life stress, peer friends, level of parental
monitoring and involvement of parents in daily activities. These factors were used to
predictillicit substance use among adolescents using multivariate covariance generalised
linear models. Age, early life stress, lifetime substance use, age of first use, maternal
education, parental attachment, family cigarette use, and family history of substance use
are some risk factors that have been used to predict the use of illicit substance use [27].
Conversely, a systematic review conducted by Nawi et al.[3] classified ISU risk factors
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into three main groups; community, individual and family factors. Community factors
include having friends and peers who abuse substances and the community’s culture
and beliefs. Individual factors include low religion, peer pressure, negative upbringing,
psychiatric disorders, rebelliousness, exposure to hazardous substances and behavioural
addiction, and easy and high accessibility to illicit substances. Family risk factors con-
sist of a family history of substance use, maternal smoking, the family’s abusive and
addictive behaviour, poor level of monitoring, and negligence [3]. These factors are
paramount in predicting illicit substance use.

4 Barriers, Challenges and Recommendations for Integrating
Data-Driven Artificial Intelligence Models for Tackling Illicit
Substance Use

Applying artificial intelligence techniques such as deep learning and machine learning
models for modelling risks and predicting illicit substance use requires massive data
for training, testing, and sometimes validating the performance of the model. However,
applying such models encounters impediments as illicit substance use data generally
becomes not readily available [52]. Several studies applied artificial intelligence models
on survey data to predict the severity of substance use [22] and the evaluation of substance
use disorder [12]. A study by Walsh et al.[52] highlighted that the shortage of data
is caused by numerous factors, including stigma, patients not seeking treatment, self-
discriminating and stereotyping behaviour, reduced independence for patients abusing
substances and criminalisation of ISU.

Artificial intelligence algorithm bias has been reported by Walsh et al. [52] as one
of the major barriers to integrating data-driven artificial intelligence-based applications
for tackling illicit substance use. Having a biased artificial intelligence algorithm means
that key connections between the input features and the output variable are being missed
which consequently affects the performance of the application. Reducing bias tends
to increase the performance of the model; however, trade-offs between performance,
underfitting and overfitting should be carefully considered and evaluated. Bias can hap-
pen in data, in model specification [52], in training, testing, validating and deployment
of artificial intelligence algorithms, especially in machine learning. Therefore, a robust
discussion should address the necessity of data reuse and sharing to increase algorithm
transparency and improve algorithm correctness and reliability.

Al-based applications require consistently measured timely data to make long-term
predictions. However, constraints due to structural barriers exist that limit access to qual-
ity data. Constraints such as enabling policies, poor reporting of substance abuse [53]
or lack of electronic health records. Electronic health records (EHR) have been demon-
strated to be a crucial tool for enhancing patient information access and the standard of
care. EHR hasn’t, however, been widely used or adopted in SSA [54, 55]. Several coun-
tries in SSA lack a clear policy on the implementation of EHRs as well as any financial
incentives to steer the adoption of EHRs. In SSA countries, there are competing needs
for already challenged health systems such that substance abuse is not a priority. This
impacts the ability of available data for modelling, monitoring and predicting substance
abuse due to missing data points. Developing Al modelling with missing data may lead
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to bias and loss of precision (‘inefficiency’) [56]. Secondary data from drug market
surveillance, drug testing services and wastewater is also useful in providing the often
missing part of the equation. Limiting factors for most of these secondary data sources
are restricted access to public health [53].To improve access to timely data on sub-
stance abuse, there is a need to implement epidemiological surveillance infrastructure,
which requires the removal of structural barriers. Countries must be urged to invest in
or improve health systems that promote the collection and sharing of data on substance
abuse.

Once the data constraint hurdle is overcome, the next challenge is identifying the
most appropriate indicators of illicit substance use severity. There is no clear consensus
on a definition of severity and is usually inferred from the frequency of consumption or
symptoms because of ISU. These metrics of severity are subject to and lead to different
interpretations making it difficult to standardise the indicators of ISU severity [22].
The combination of missing data points and choice of indicators introduces biases in
algorithms. The biases include “patients not identified by algorithms, sample size and
underestimation, and misclassification and measurement error.” These biases result from
socioeconomic disparities in health care [57].

Several studies reported the lack of rehabilitation facilities in many SSA countries.
The shortages of rehabilitation facilities could be alleviated by adopting and implement-
ing digital rehabilitation services. Though this is infancy and more research is needed,
digital rehabilitation services are delivered through digital tools such as smart appli-
cations focused on improving patient outcomes and relapse prevention [58]. A digital
rehab start-up Workit Health offers group therapy, coaching, and medication-assisted
treatment through a mobile application.

Insufficient health workers, especially psychiatrists have been reported in many stud-
ies of SSA. Addressing the shortages in the mental health workforce requires more than
scaling up the training of psychiatrists, psychologists and psychiatric nurses, to task
shifting-delegating healthcare tasks from specialists to various non-specialist health
professionals and other health workers [59]. Additionally, integration of mental health
services at primary health care is delivered through community-based and task-sharing
approaches.

The competing needs of health systems plus the stigma of ISU make it challenging
to provide adequate health care to the user of drug abuse. Drawing from the emerging
digital phenotyping approaches which leverage ubiquitous sensing technology [60], Al
data-driven smart applications can be developed for remote monitoring, tracking and
reporting those with substance abuse tendencies. However, implementation and adoption
of these emerging technologies require appropriate funding of digital infrastructure and
m-Health policies. Most countries especially in LMICs lack political will and digital
health governance policies and this requires urgent redress through crafting policies and
frameworks that support the use of Al in the fight against SUB [61].
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5 Conclusion

Illicit substance use has increased substantially globally, and early detection, prediction
and identification of risk groups is imperative to reduce its impact. Due to the dearth of
literature in this emerging research area, we conducted a systematic review on the appli-
cation of Al models for monitoring, modelling and predicting illicit substance use. The
study revealed that there is positive progress towards the application of artificial intelli-
gence algorithms to tackle illicit substance abuse. AI models have been used to perform
various tasks, including predicting, identifying high-risk groups, detecting ISUs, and
assessing ISU predictors to develop and expedite the early implementation of interven-
tions that reduce the associated adverse consequences. Age, gender, early life stress,
lifetime substance use, maternal education, parental attachment, having friends who
abuse drugs, culture and religion, family cigarette use, and family history of substance
use are some risk factors that have been used to predict the use of illicit substance use
using artificial intelligence algorithms. Support vector machine, random forest, logistic
regression, KNN, decision trees and natural language processing algorithms are among
Al algorithms that have been predominantly used to analyse and predict illicit sub-
stance use. Such models can tremendously assist in the identification of ISU risk factors
among youths, adolescents, and adults. These models can be used further to develop
data-driven artificial intelligence-based ISU tools to identify individuals at risk and alert
health workers to provide appropriate interventions and prevention measures.
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