
For the past two decades, the United States has suffered dramatic increases in a fatal 
drug overdose.1 Overdoses represent one major health concern facing people who 

use drugs, in a milieu including injection drug use-related infections.2 Accordingly, 
the use of real-world data to study drug-related harms, such as overdoses and injec-
tion drug-related infections, has become more common in the medical literature.3–5 
Real-world data sources include electronic health records and administrative claims 
that can be leveraged to understand health needs and longitudinal health utilization 
patterns in specific groups of patients, including people who use drugs. Researchers 
developed various algorithms that use combinations of drug-related diagnosis codes 
for substance use disorders and overdoses. However, limited attention to date has been 
paid to the methodologic and ethical implications arising from the limitations of these 
algorithms.

People who are perceived to use drugs in an illicit manner are frequently treated 
poorly within the health care system, perpetuating marginalization. More consideration 
should be given to the ethical implications of using healthcare data to identify and study 
marginalized groups of people. Additionally, the choice of some algorithms over others 
may deliver results that are misleading. Poor validity of these algorithms can bias study 
results, potentially leading to erroneous changes in policy or practice. Further examination 
of the methodology, applications, and validity of drug use-related algorithms is needed.

We sought to provide a brief review of the definitions of drug use-related algorithms, 
to appraise existing validation studies, and to discuss the limitations of these methods. 
The reviewed drug use-related classifications focus on people using substances such as 
opioids, stimulants, and other psychotropic drugs. Although some of these drugs may be 
prescribed, the large majority of drug overdoses are due to illicitly manufactured fentanyl.1 
We excluded algorithms focused on tobacco or alcohol.

TERMINOLOGY
Throughout this article, we use the terms “people who use drugs” and “drug use.” We 

acknowledge the ambiguity implicit in these terms. They are used purposefully to avoid 

From the aDepartment of Epidemiology, University of North Carolina Gillings School of Global Public Health, Chapel Hill, NC; bInjury Prevention Research 
Center, University of North Carolina at Chapel Hill, Chapel Hill, NC; cDivision of Infectious Diseases, University of North Carolina School of Medicine, 
Chapel Hill, NC; dCollege of Allied Health Professions, University of Nebraska Medical Center, Omaha, NE; and eUniversity of North Carolina Gillings 
School of Global Public Health, Chapel Hill, NC.

This work was supported by the National Institute On Drug Abuse of the National Institutes of Health under Award Numbers F31DA055345 (Figgatt) and 
K23DA049946 (Schranz). The content is solely the responsibility of the authors and does not necessarily represent the official views of the National Institutes 
of Health.

The authors report no conflicts of interest.
Correspondence: Mary C. Figgatt, 135 Dauer Drive, Chapel Hill, NC 27599. E-mail: mfiggatt@unc.edu.

ISSN: 1044-3983/23/342-259-264
DOI: 10.1097/EDE.0000000000001564

Complications in Using Real-World Data to Study the 
Health of People Who Use Drugs

Mary C. Figgatt,a,b Asher J. Schranz,c  
Juan M. Hincapie-Castillo,a Yvonne M. Golightly,a,c,d 

Stephen W. Marshall,a,b Nabarun Dasguptab,e    

mailto:mfiggatt@unc.edu
https://orcid.org/0000-0002-3312-2413
https://orcid.org/0000-0002-7497-7717
https://orcid.org/0000-0002-6945-2713
https://orcid.org/0000-0003-1205-2759
https://orcid.org/0000-0002-4098-605X


historically stigmatizing and harmful labels while acknowl-
edging the considerable heterogeneity in drug use behaviors 
and outcomes.

Among people who use drugs, individual drug use char-
acteristics and outcomes vary widely. For many, no adverse 
health events will occur nor will they seek healthcare for drug 
use-related concerns. For some, adverse drug-related health 
events, such as an infection or overdose, may result in the 
healthcare system interaction (Figure). This subgroup is both 
the population with a greater public health need and the popu-
lation that is observable within real-world data via algorithms.

We use the term “algorithms” to refer to the use of 
clinical codes, or other systematically collected health data, 
in healthcare records. Individuals meet an algorithm’s inclu-
sion criteria when they have one or a combination of drug 
use-related diagnosis (e.g., opioid use disorder and drug 
poisoning), procedure (e.g., medication initiation such as 
buprenorphine), and prescription drug codes noted on their 
healthcare records.

ASCERTAINMENT OF DRUG USE IN 
HEALTHCARE DATA

Drug use is often highly stigmatized. Therefore, it is 
often a concealed behavior, hindering systematic documenta-
tion in administrative healthcare data sources. Healthcare data 
result in a classic high-specificity and low-sensitivity situa-
tion whereby codes are most accurately recorded in extreme 
cases when seeking medical care is precipitated by drug use 
itself (e.g., inpatient treatment for overdose or treatment of 
injection-related infections).6 Importantly, national surveys 
show that only a small fraction of people who use drugs will 
have a medical encounter that results in observable codes in 

secondary data analysis.7 Uninsured individuals using drugs 
may instead seek care outside of mainstream medical settings, 
and some patients may be reluctant to disclose their underly-
ing substance use due to stigma. Ultimately, the challenges in 
ascertaining drug use create a fractured and hidden patchwork 
record of care for drug-related harms.

Coding schema, such as the International Classification 
of Disease (ICD), has codes for drug use disorders, depen-
dence, or related complications. However, there is no single 
indicator of drug use. This distinction is important for research 
on harms related to drug use in general as not all people who 
use drugs meet the criteria for a disorder. Using administrative 
data to operationalize drug use as a single variable is therefore 
exceedingly difficult. Combinations of proxy diagnosis codes 
are often used to construct cohorts in research studies. Similar 
approaches have been applied in more general community set-
tings, outside of the healthcare space.8,9

UTILITY AND VALIDITY OF DRUG USE-RELATED 
ALGORITHMS

Drug use-related algorithms can be used to characterize 
trends in clinical events, provide insight into treatment experi-
ences and needs, and systematically evaluate prevention strat-
egies (e.g., policies, medications, and treatment programs). 
These tools also can be used to develop predictive models to 
identify patients at greatest risk who would benefit most from 
targeted clinical interventions.2,10–12

Although several validation studies have been pub-
lished recently,4,13,14 many drug use-related algorithms remain 
unvalidated. A systematic review highlighted that the lack of 
validation studies for illicit drug use algorithms leads to issues 
of interpretability.3 We expand upon this review to describe 
challenges in validation studies and how applications of these 
algorithms relate to the overall public health impact.

We conducted a narrative review of validation studies 
of drug use-related algorithms in healthcare data by begin-
ning with four pre-identified validation studies in which the 
algorithm was compared to an external reference standard 
(i.e., gold standard comparator).4,13–15 Next, we supplemented 
our search using the MEDLINE database for a combination of 
the following: a term for “validation study,” drug use-related 
terms (“people who use drugs,” “illicit drug use,” “psycho-
active drug use,” and “overdose”) and data-related terms 
(“claims,” “health records,” and “electronic medical records”). 
We included validation studies occurring in any country or 
year with a focus on drug use-related events. This resulted in 
one additional study for inclusion.16

The list of algorithms summarized in the Table is not 
comprehensive; rather, it shows examples of topic-specific 
validation studies, including operational definitions and 
performance metrics. Overall, algorithm definitions, study 
populations, and validation metrics varied widely. Validity 
measures were also highly variable (sensitivity range 47%–
97%, specificity 61–99%). Though not necessarily a measure 

Figure. Possible populations of interest in drug use-related 
studies.



of validity, due to its inherent reliance on prevalence,17 the 
heterogeneity in positive predictive value (PPV) across studies 
is likely tied to the wide range of source populations. Some 
studies had very low specificity values. In these algorithms, 
the comparison group drew from populations who inherently 
have a much higher prevalence of drug use than the general 
patient population, such as those with endocarditis5,14 or 
people screened for viral hepatitis.4 Thus, a major barrier to 
understanding the validity of these algorithms is the lack of a 

gold standard comparison group.13 Gold standard comparison 
groups (i.e., the population who truly has a characteristic) are 
difficult to obtain, particularly for marginalized populations. 
Self-reported drug use, if captured in a safe and confidential 
manner, would likely be a more reliable gold standard than 
medical chart review.

When applying validated algorithms to other popula-
tions, transportability issues may arise due to temporal and 
geographic differences in drug use prevalence18 and coding 

Table.  Published Algorithms Definitions and Validation Metrics

Target Measure Study Population Reference Group Algorithm Definitionsa Validation Metrics 

Patients with 

diagnosis 

of “drug 

abuse”15,37

Random selection of 

patients admitted to four 

hospitals in Alberta, 

Canada during 2003

Medical chart 

mention of drug 

use

Drug abuse (ICD-9): drug dependence or abuse, 

drug withdrawal, drug-induced mental disorders
Drug abuse (ICD-9): 55% 

sensitivity, 99% specific-

ity, and 74% PPV

Drug abuse (ICD-10): drug use disorders for opi-

oids, stimulants, cannabis, sedatives, hallucino-

gens, inhalants, and other psychoactive drugs; 

counseling for drug use

Drug abuse (ICD-10): 47% 

sensitivity, 99% specific-

ity, and 81% PPV

People who inject 

drugs4

People with hepatitis C 

virus testing, HIV testing, 

hepatitis B or C virus 

infections, HIV, or active 

tuberculosis that was 

reported during 1990-

2015 in British Columbia, 

Canada

Public health 

interviews with 

mention of 

injection drug 

use

Drug misuse: claims for a medical visit or hos-

pitalization that contained a drug-related code 

for drug use disorders or poisonings related to 

opioids, stimulants, sedatives, and other drugs

Drug misuse (≥1 claim in 

any setting): 90% sen-

sitivity, 73% specificity, 

and 65% PPV

Injection drug use: drug misuse classification for 

drugs that are known injectables, excluded can-

nabis and solvents.

Injection drug use (≥1 claim 

in any setting): 80% sen-

sitivity, 81% specificity, 

and 71% PPV

Injection-related infections: injection drug use clas-

sification with endocarditis, bacteremia or sepsis, 

osteomyelitis, or a skin or soft tissue infection

Injection-related infection: 

60% sensitivity, 90% 

specificity, and 78% PPV

People with opi-

oid overdose 

events16

People enrolled in a health 

plan in Oregon and 

Washington state during 

2008–2014

Medical chart 

mention of 

opioid use

Opioid-related overdose: claims with code for 

opioid poisoning using ICD-9 for nonfatal events 

and ICD-10 for fatal events

Opioid-related overdose: 

97% sensitivity, 85% 

specificity, and 87% PPV

Patients with 

injection drug 

use-associated 

infective endo-

carditis14

Randomly selected popula-

tion of adults who were 

admitted to US Veterans 

Administration hospitals 

during 2010–2018 with a 

drug use-related diagnosis

Medical chart 

mention of drug 

use

Drug use during endocarditis admissions: code 

recorded for drug use/dependence/disorders and 

poisonings involving opioid, stimulants, and 

sedatives.

Drug use during the endo-

carditis admissions: 87% 

PPV

Drug use within 6 months of the endocarditis 

admission: where a code was recorded for 

drug use/dependence/disorders and poisonings 

involving opioid, stimulants, and sedatives was 

recorded in the 6 months before or after endocar-

ditis admission.

Drug use within 6 months 

of the endocarditis admis-

sion: 83% PPV

Drug use within the endocarditis admission or 

hepatitis C virus during endocarditis admission: 

hepatitis C virus infection code during endocar-

ditis admission or drug use/dependence/disorders 

and poisonings involving opioid, stimulants, and 

sedatives in the 6 months before or after endocar-

ditis admission

Drug use within 6 months 

of the endocarditis 

admission or hepatitis C 

virus during endocarditis 

admission: 77% PPV

aSeveral studies evaluated more algorithm definitions than what is presented. For brevity, the algorithms presented here are not exhaustive of what was evaluated in each study.
ICD indicates international classification of disease; PPV, positive predictive value.



practices.19 For example, several validation studies have been 
conducted in Canada,4,15 which use country-specific ICD-9 
and ICD-10 dictionaries and have national health insurance 
coverage, potentially limiting algorithm portability to other 
countries. Notably, one US-based validation study examined 
the transportability of a drug overdose algorithm and found 
consistent performance measures across states and insurance 
providers.16

Many other drug use-related algorithms in use that 
are not validated have varying operational definitions, lead-
ing to potential issues with comparability across studies. For 
example, the Centers for Medicare and Medicaid Services 
developed an algorithm for drug use disorders that contains 
a wide range of diagnosis and procedure codes, including 
infants receiving care for prenatal substance exposure and 
family members receiving psychotherapy for another person’s 
substance use.20 To our knowledge, no validation studies have 
assessed the performance of this algorithm in real-world data.

Overall, the variability in algorithm sensitivity, speci-
ficity, and PPV underscores the need to consider the impact 
of information bias on the study results and looking one step 
beyond, public health policy. For example, consider a study of 
the incidence of all-cause mortality among a cohort of people 
with drug-use-associated endocarditis. The study results will 
be used to guide governmental resource allocation to address 
this issue. The algorithm, applied to cohort inclusion criteria, 
has high PPV but low sensitivity. Given that PPV is an impor-
tant measure for cohort classification,21 the study estimates of 
mortality might be accurate for the intended target population. 
However, low sensitivity would suggest an underestimation of 
the true burden of disease among the population. Depending 
on how these results are used, it could potentially impact pub-
lic health resource allocation.

PUBLIC HEALTH IMPACT ON THE STUDY 
POPULATION

In the human subject protections paradigm,22 research-
ers primarily focus on protecting study participants during the 
study. There is an often overlooked, yet critical detail: How 
might research impact the target population after the study? 
This detail is particularly important among historically mar-
ginalized populations. How algorithms are applied to clini-
cal or public health practice is a fundamental consideration 
if a study intends to inform practice. Below, we discuss algo-
rithms applications and their potential public health impact.

Inappropriate Reliance on Prescription Opioids 
in Predictive Scores

The number of studies aiming to predict overdose in 
administrative data have grown in tandem with increasing pop-
ulation-level overdose death rates.23 These clinical algorithms 
overestimate overdose risk among low-risk patients, potentially 
depriving them of adequate pain care.24 Specialized versions 
of these algorithms focus on overdose risk among patients 
receiving opioid analgesics, for example.25 Conditioning on 

prescription opioid exposure may be invalid in recent years 
where prescription opioid deaths were replaced by illicit fen-
tanyl overdose deaths.26 Therefore, prescription opioid data 
should not be used as a proxy for drug or opioid use in gen-
eral, particularly when applied in risk prediction studies. Yet, 
these data may be useful when explicitly examining prescrip-
tion opioids as a treatment, particularly if nonprescription opi-
oid use is rare in the target population. Inappropriate use of 
prescription opioid data may lead to a skewed narrative of the 
relationship between pain treatment, prescription drugs, and 
overdose that negatively impacts patients and mischaracter-
izes the true toxicologic harms facing people who use drugs.

Impact of Predictive Scores on Patient Care
A concerning trend in the use of algorithms is their 

application tied to access to care.27–29 With prescription opi-
oid analgesics, in particular, predictive scores or “risk scores” 
derived from large datasets have proliferated with the intended 
goal of reducing harms such as overdose.24,30 A key limita-
tion of these scores derived from administrative data is the 
lack of important clinical information such as measures of 
pain and function that preclude a correct contextualization of 
risk. Automated algorithms to identify “problematic” opioid 
prescription patterns in patients or “patients needing cau-
tion” have become prevalent in the clinical setting in recent 
years.30 Despite the wide adoption of some of these risk algo-
rithms, little evidence exists on the real-world performance 
and validation of these measures to correctly identify patients 
at high risk for opioid overdose. NarxCare31 is a software that 
uses a widely used opioid risk score algorithm. However, it is 
unknown how often people are falsely flagged with high-risk 
scores. Additionally, the impact of its implementation has not 
been thoroughly evaluated in prospective studies. Algorithm 
audits and formal validation studies are urgently needed if 
these systems continue to be used in clinical and policy deci-
sion-making. Without a comprehensive algorithmic audit for 
these measures, these risk scores can harm people who use 
drugs and other patients in need of care.

Strategies to Improve the Public Health Impact
When using drug use-related algorithms, the impact of 

the study on the population of interest should be carefully con-
sidered before initiating a study. If the goal of a study is to 
improve the health of the population (as opposed to methodo-
logic studies), the relevance to and implications of the research 
on the study population should be considered. Community 
involvement in epidemiology studies has existed for some 
time.32–34 A promising approach gaining more attention is 
community-engaged and community-driven research.35,36 
Future research will have a greater public health reach when 
people with lived experience are directly involved in devel-
oping research questions, study procedures, and meaning-
ful inclusion practices.37,38 In real-world data studies, mixed 
methods studies can provide a much richer picture of the 
question at hand. Not only can qualitative interviews provide 



a better understanding of real-world data limitations but they 
can also improve the translation of research into practice by 
understanding the greater public health context.

CONCLUSIONS
Drug use-related algorithms applied to healthcare data 

are a potential tool to understand the urgent health needs fac-
ing people who use drugs. The variability in algorithm defini-
tions and a lack of validation studies generate concern in study 
validity, comparability, and research implications. However, 
healthcare data are one of our main ways to understand the 
burden of disease among large populations. Without these 
data, we would be more reliant on cohort studies involving 
primary data collection, which would be neither feasible nor 
timely enough for the urgency of the health of people who use 
drugs. While drug use-related algorithms are imperfect, a bal-
ance must be struck between maximizing the study’s validity 
and addressing the public health need.
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