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ABSTRACT
Background  Opioids are strong pain medications 

that can be essential for acute pain. However, 

opioids are also commonly used for chronic 

conditions and illicitly where there are well-

recognised concerns about the balance of their 

benefits and harms. Technologies using artificial 

intelligence (AI) are being developed to examine 

and optimise the use of opioids. Yet, this 

research has not been synthesised to determine 

the types of AI models being developed and the 

application of these models.

Methods  We aimed to synthesise studies 

exploring the use of AI in people taking opioids. 

We searched three databases: the Cochrane 

Database of Systematic Reviews, Embase and 

Medline on 4 January 2021. Studies were 

included if they were published after 2010, 

conducted in a real-life community setting 

involving humans and used AI to understand 

opioid use. Data on the types and applications 

of AI models were extracted and descriptively 

analysed.

Results  Eighty-one articles were included in our 

review, representing over 5.3 million participants 

and 14.6 million social media posts. Most 

(93%) studies were conducted in the USA. 

The types of AI technologies included natural 

language processing (46%) and a range of 

machine learning algorithms, the most common 

being random forest algorithms (36%). AI was 

predominately applied for the surveillance and 

monitoring of opioids (46%), followed by risk 

prediction (42%), pain management (10%) and 

patient support (2%). Few of the AI models were 

ready for adoption, with most (62%) being in 

preliminary stages.

Conclusions  Many AI models are being 

developed and applied to understand opioid 

use. However, there is a need for these AI 

technologies to be externally validated and 

robustly evaluated to determine whether they 

can improve the use and safety of opioids.

INTRODUCTION
Opioids are pain medicines related to 
opium that are deemed essential by the 
WHO.1 There are over 200 different 
types of opioids that can be prescribed, 
purchased over the counter (eg, at pharma-
cies), purchased online or obtained illic-
itly.2–4 There are also various conditions 
that opioids can be used for, including, 
but not limited to, cancer pain, postop-
erative pain, chronic non-cancer pain, 
opioid dependence and withdrawal.5–9 
Despite being essential, opioids can cause 
a number of adverse events from minor 
(eg, constipation, nausea) to severe (eg, 
addiction, depression and sleep prob-
lems),10 as well as death.

In the USA, 128 lives were lost every 
day to opioid overdoses in 2018.11 Such 
opioid-related deaths, widely described 
as the US opioid epidemic, were linked 
to the increased prescribing of opioids, 
opioid misuse and the transition to illicit 
substances. In the UK, six deaths per day 
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(46%), risk prediction (42%), pain 
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preliminary stages, 11% required external 
validation and few models were openly 
available to access (6%).
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due to a drug overdose involved an opioid in 2018.12 
The prescribing of opioids in primary care more than 
doubled in England between 1998 and 2016.13 Thus, 
interventions are being developed to examine and 
improve the use of opioids.

Several approaches have been trialled to improve 
the use of opioids with partial success. These 
have included: educational resources14; non-
pharmacological therapies, for example, cognitive 
behavioural therapy, hypnosis, relaxation techniques, 
mindfulness, acupuncture, and exercise15; the moni-
toring of prescribing data16; and toolkits to support 
the review and safe reduction of opioids.17 However, 
technological advances could help streamline such 
approaches to improve the use of opioids.

The use of artificial intelligence (AI) technologies 
in preventative health and medicines optimisation is 
gaining traction. For example, AI is being used to predict 
sudden death in heart failure patients and support the 
selection of appropriate treatments.18 A review on 
the use of AI interventions to aid in opioid use disor-
ders found 29 unique interventions.19 However, this 
review only examined the grey literature, which is not 
quality checked by publishers and peer review.20 Grey 
literature can include documents such as reports and 
online content that can provide insight into emerging 
research. However, the types of AI reported in peer-
reviewed literature and across other aspects of opioid 
research has not been synthesised.

The UK published a National AI strategy in 
September 202121 and is encouraging the use of AI to 
drive digital transformation across the National Health 
Service (NHS).22 NHS organisations (eg, NHSX) are 
supporting the acceleration of AI technologies through 
financial awards,23 and the UK’s overprescribing 
review has recommended the commission of digital 
tools to tackle and reduce overprescribing.24 However, 
there are few reviews that examine the use of AI to 
inform such policies. Therefore, the aim of this review 
was to explore the use of AI technologies across the 
landscape of opioid research.

METHODS
We designed a narrative review to understand how AI 
technologies have been used, applied and implemented 
in research on opioid use.

Search strategy
An information specialist designed and ran the search 
strategy in three databases: the Cochrane Database 
of Systematic Reviews, Embase and Medline. Search 
terms relating to ‘opioids’ and ‘artificial intelligence’ 
were included (see online supplemental table S1 in 
appendix 1 for the complete list of terms). The search 
was initially performed on 27 January 2020 and 
updated on 4 January 2021. We also searched Google 
Scholar on 18 November 2020.

Eligibility criteria
Studies were included if they were published after 
2010, had been conducted in a real-life setting in 
human beings and tested a form of AI to optimise or 
understand opioid use. AI was defined as ‘computer 
systems that can perform tasks normally requiring 
human intelligence’,25 which could include any form of 
machine learning, deep learning, neural networks and 
natural language processing. Studies were not restricted 
by outcomes or settings, and conference abstracts were 
included to capture all emerging research. Studies 
were excluded if they were not published in English, 
did not specifically relate to both opioids and AI, were 
conducted outside of a real-life setting, for example, 
in research settings exploring genes, receptor subtypes 
and modulators, and were not original research. Edito-
rials and commentary were excluded.

Study selection
Titles and abstracts were screened independently 
using the prespecified eligibility criteria by one review 
author (SG), followed by the full-text articles. Where 
the conference abstract and full article were both avail-
able, the full article was included.

Data extraction
One review author (SG) extracted data from included 
studies into a predeveloped spreadsheet. This included: 
year of study and author names; country; study design; 
study population and data source; sample size; tech-
nology investigated; area of application; outcomes; 
and stage of development.

Data analysis
The findings were descriptively synthesised by iden-
tifying areas of commonality in terms of the AI tech-
nology used and the area of application. The types of 
AI technology were classified based on the method 
described by Brownlee in the Tour of Machine Learning 
Algorithms.26 The stages of development were defined 
based on reported findings in the studies and catego-
rised into seven groups: preliminary research; model 
development required; model development planned; 
external validation required; prototype for scale-up 
developed; local implementation; and openly available.

RESULTS
We screened 389 titles and abstracts and 118 full texts 
for eligibility (figure  1). There were 81 studies that 
met our eligibility criteria and were included in the 
review (table  1). Of the 81 studies, 18 were confer-
ence abstracts, which are summarised in online supple-
mental table S2 appendix 2.

The included studies represented over 5.3 million 
participants and 14.6 million social media posts. The 
majority (93%, n=75) of studies were conducted in the 
USA with the remainder being performed in Bangla-
desh (n=1), Bulgaria (n=1), Germany (n=1), India 
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(n=1), Israel (n=1) and Italy (n=1). Of the published 
articles (n=63), most studies used observational 
designs, including cohort (54%), retrospective obser-
vational (22%), case–control (8%), prognostic (6%) 
and cross-sectional (5%). One study was a case series, 
one was a pilot study using mixed methods, and there 
was one retrospective infovelliance study (table  1). 
The main sources of data for testing AI models were 
medical records and claims databases (54%) and social 
media (20%) (figure 2).

The areas where AI technology was being applied and 
tested broadly fell into four distinct categories: surveil-
lance and monitoring of activity or consequences such 
as misuse, respiratory depression and HIV outbreaks 
(46%, n=37); risk prediction of outcomes such as 
opioid use disorder, dependence or overdose (42%, 
n=34); pain management (10%, n=8); and patient 
support technology (2%, n=2) (online supplemental 
appendix 3). For studies that focused on risk predic-
tion (n=34), 18% specifically investigated prolonged 
opioid use following surgery (table 2).

Ensemble algorithms (59%, n=48), particularly 
random forest algorithms (36%, n=29) and natural 
language processing models (46%, n=37) were the 
most common types of AI technology researched 

(table  3). In terms of efficacy measures, several 
studies (43%, n=35) used the area under the receiver-
operating characteristic (AUROC) curve. Other effi-
cacy measures used included the macro averaged F1 
score, Brier score, positive predictive value and nega-
tive predictive value.

The AI models included in the review were at 
various stages of development, validation and deploy-
ment. The majority (62%, n=50) were at the prelim-
inary stage, 11% (n=9) required external validation, 
few models were openly available to access (6%, n=5) 
(figure 3).

DISCUSSION
We identified 81 studies that tested AI in people 
using opioids. Most research was from the USA, 
with no studies reported in the UK. While the 
opioids themselves presented similar risks, the 
populations studied were very different. There 
were various types of AI models being used, 
including a range of machine learning algorithms 
and models using natural language processing. The 
majority of included studies examined the use of AI 
in risk prediction and surveillance and monitoring, 
two areas that could have significant patient safety 

Figure 1  Flow diagram of the study selection.
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Digital health

benefits to prevent long-term opioid use and opioid 
dependence.

Most of the studies reviewed focused on devel-
oping AI technology to support the identification 
of factors that could predict the increased risk of 
developing an adverse opioid-related outcome. 
The need for preoperative identification of people 
at risk of sustained opioid use following surgery 
has been recommended by experts.27 Thus, this is a 
potential gap that AI technology could fill if studies 
were robustly designed.

A commonly reported predictive factor across 
nearly all studies on risk prediction was the concom-
itant use of sedative and anxiolytic medication such 
as benzodiazepines. An evidence review by Public 
Health England identified an increased risk of 
long-term opioid use in people who had previously 
used or were currently using benzodiazepines.28 A 
systematic review into factors associated with high-
dose opioids reported that people co-prescribed 
benzodiazepines is a high priority area for targeted 
interventions and coordinated strategies.29

Progress of AI development in detecting illegal 
use also has the potential to significantly reduce 
the number of opioid-related deaths related to 
misuse. However, to enable effective interventions 
to be developed in this area also requires localised 
real-time intelligence. AI technology focused on 
detecting illegal use combined with real-time intel-
ligence could support agencies that are currently 
working in this area to target activity at the time it 
is detected.

Guidelines and educational resources have 
been developed that support clinicians with pain 
management and highlight the problems asso-
ciated with long-term opioid treatment.14 30 To 
date, these have had limited impact on improving 
opioid prescribing, with prescribing of high doses 
of opioids in some areas showing an increasing 
trend.16 However, AI technology to improve pain 
management used in combination with educational 
resources and guidelines could be a way to prevent 
unnecessary escalation and long-term use of opioid 
treatment.

Beaulieu and colleagues19 have reviewed the 
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Figure 2  Data sources of all included studies (n=81) for AI 
opioid research. AI, artificial intelligence.
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interventions, identifying 29 unique interventions. 
Our narrative review expanded on this research to 
assess the AI technology across all areas of opioid 
research and includes a wider scope of literature. 
Similar to our review, Beaulieu and colleagues19 
found a lack of scientific evaluation, which was 
also highlighted by Hossain and colleagues31 in 
their conference abstract on AI in opioid research 
and practice. The literature on AI models for diag-
nosing ischaemic stroke has also illustrated the 
variation in measuring efficacy and the need for 
standardisation.32 33

Strengths and limitations
Conference abstracts were included in our review 
to capture emerging research. However, we did not 
follow-up on further development and validation of 
models beyond the reported findings in the publi-
cation. Postpublication, several of the models may 
have undergone further development and external 
validation and may now be available publicly. Thus, 
we were limited by the reporting of information in 
included studies and the infancy of AI research. In 
particular, it was difficult to evaluate the perfor-
mance of AI models as various efficacy measures 
were used.

It was challenging to find a comprehensive way to 
classify the various types of AI technologies being 
researched. Various systems have been described 
that include classification by complexity,34 learning 
style and algorithm similarity.26 The method 
described by Brownlee that classified AI technology 
according to similarity was chosen for the review 
as it clearly described which algorithms fell into 
each category.26 Using this system, it was found 
that natural language processing models and the 

random forest algorithm were the most commonly 
researched AI technology used by the studies.

Our review only included studies published in 
English, which could exclude published research 
conducted in non-English speaking countries. 
Finally, we conducted a narrative review that did 
not involve a quality assessment of the included 
studies. However, nearly all the studies included 
in this review were observational. Thus, high-
quality research is required to test the efficacy and 
effectiveness of AI technologies in people using or 
receiving opioids.

Implications
Public health initiatives have focused on identifying 
and addressing people that are taking opioids long-
term or becoming dependent on opioids,28 35 yet 
this process has not been systematically embedded 
in clinical practice. Preventative interventions 
involving AI early in the care pathway could 
improve the systematic nature of such initiatives 
and reduce the number of people taking long-term 
opioids and potential dependence. AI technology 
could also support intelligence to reduce illegal 
and illicitly available opioids to identify the prev-
alence and local hot spots to target interventions. 
However, before the adoption of AI models in clin-
ical practice, future research should be conducted 
to standardise methods and determine whether AI 
models are superior to current initiatives in clinical 
practice.

To conduct AI research, large datasets are 
required. Hence, we found that electronic health 
records and social media posts were most often used. 
The NHS holds relevant records and data, on tens 
of millions of patients, from a huge and ethnically 

Table 2  Predictors of risk for a defined adverse outcome following opioid use in AI research, reported in 34 included studies

Adverse outcome
Number of 
studies (%) Variable predictive of risk

Prolonged opioid use after 
surgery

7 (21) Age; marital status; preoperative opioid use and duration; preoperative medications (antidepressants, 
benzodiazepines, nonsteroidal anti-inflammatory drugs, gabapentin and beta-2-agonists); medications 
commonly used to treat anxiety and insomnia; preoperative haemoglobin; tobacco use; comorbidity of 
depression or diabetes; instrumentation; Medicaid insurance; and particular pharmacy ordering sites.

Opioid use disorder 4 (12) Mean annual amount of opioid use days; number of overlaps in opioid prescriptions per year; mean annual 
opioid prescriptions; annual benzodiazepine and muscle relaxant prescriptions; initiation of marijuana before 
18 years; pain; mental health issues; traumatic brain injury; and male gender. Dynamics through time-in-
treatment of decision-making parameters and symptom intensity (craving, anxiety and withdrawal symptoms).

Opioid dependence 3 (9) Psychopathy; higher WBC and respiratory disturbances; malnutrition, and reduced sensitivity to loss.
Opioid poisoning and 
overdose

3 (9) Sedative, hypnotic or anxiolytic dependence; arrest history; the number of overdoses in a person’s 
social network; early refills; total days’ supply; concomitant use of antidepressants; concomitant use of 
antipsychotics; total opioid claims; and high-dose opioid-benzodiazepine use.

Opioid abuse and misuse 2 (6) Violation of opioid agreements; release from prison; and an indicator for an arrest.
Chronic opioid therapy 1 (3) More than 10 mg of morphine equivalent/per day during hospitalisation; two or more opioid prescriptions 

filled in the year preceding the index hospitalisation; past year receipt of non-analgesic pain medications; and 
past year receipt of benzodiazepines.

Emergency department 
opioid prescription

1 (3) CT scan ordered, abdominal pain and back pain.

AI, artificial intelligence.
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diverse population.36 Limitations around curation, 
management and secure access to these data could 
be barrier to adoption of these AI advances in the 
UK unless developments are made.37 Access to 
good quality data is also recognised as a current 
barrier and vital enabler in the UK National AI 
strategy.21 The strategy makes recommendations to 

review datasets and their availability to support the 
development of AI models. However, this access to 
data needs to be expediated to enable AI advances 
to have any practical use in the UK soon.

The increased use of AI technology is a key 
recommendation in the NHS Long-Term Plan,22 
thus funding should be allocated to conduct 
randomised control trials and prospective studies 
in UK healthcare settings. To enable validation and 
implementation of AI technology into care path-
ways, collaboration between many stakeholders is 
required, including developers, healthcare organi-
sations, clinicians and patients. National guidance 
on the development, testing and implementation of 
AI technologies would standardise such processes 
and help organisations to ensure that patients are 
protected.

Conclusions
Various AI technologies have been applied to 
several areas of opioid use, yet this research is still 
in its infancy. The effectiveness of AI technolo-
gies in reducing opioid use and harms cannot be 
determined until robust randomised and prospec-
tive studies are conducted. Therefore, there is a 
clear need for these AI models to be validated and 
robustly evaluated. To facilitate the spread and 
adoption of innovation in this area, collaboration 
of organisations, developers, funders, researchers, 
prescribers and patients is required.
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Table 3  AI technologies used in opioid research by all included 
studies (n=81), based on Brownlee’s Tour of Machine Learning 
Algorithms26

AI technology

Number 
of 
studies*

Ensemble algorithms 48
 � Random forest 29
 � Gradient boosting machine 7
 � Stochastic gradient boosting 5
 � eXtreme Gradient Boosting 4
 � Boosted tree 1
 � Adaboost 1
 � Ensemble (unspecified) 1
Natural language processing 37
 � Natural language processing 29
 � Natural language processing and the Biterm Topic Model 5
 � Natural language processing and machine learning 2
 � Natural language processing and topic modelling (Latent 

Dirichlet Allocation)
1

Deep learning algorithms 23
 � Neural network 10
 � Deep neural network 5
 � Convolution neural network 4
 � Recurrent neural network 4
Instance-based algorithms 22
 � Support vector machine 18
 � K-nearest neighbour 4
Regularisation algorithms 16
 � Elastic Net 10
 � Least Absolute Shrinkage and Selection Operator 6
Regression algorithms 13
 � Logistic regression 10
 � Regularised regression 1
 � Multinomial regression 1
 � Boosted regression 1
Bayesian algorithms 5
 � Naïve Bayes 4
 � Bayesian belief network 1
Decision tree algorithms 4
 � Decision tree 4
Clustering algorithms 1
 � Bi-k-means clustering modelling 1
Other 1
 � Hybrid combining multiobjective optimisation and support 

vector regression
1

*Some studies reported the use of multiple types of AI technologies in a 
single study; thus, the total number is greater than 81.
AI, artificial intelligence.

Figure 3  Stage of development of the AI models in opioid 
research from all included studies (n=81). AI, artificial 
intelligence.
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