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Accurate, routine measurement of recent illicit substance use is challenging. The Johns Hopkins Human Immu-
nodeficiency Virus Clinical Cohort (Baltimore, Maryland) collects 2 imperfect but routine measurements of recent
substance use: medical record review and self-interview.We used Bayesian latent class modeling to estimate sen-
sitivity and specificity of each measurement as well as prevalence of substance use among 2,064 patients
engaged in care during 2007–2015. Sensitivity of medical record review was higher than sensitivity of self-
interview for cocaine and heroin use; posterior estimates ranged from 44% to 76% for cocaine use and from 39% to
67% for heroin use, depending on model assumptions and priors. In contrast, sensitivity of self-interview was high-
er than sensitivity of medical record review for any alcohol use, hazardous alcohol use, and cigarette smoking. Pos-
terior estimates of sensitivity of self-interview were generally above 80%, 85%, and 87% for each substance,
respectively. Specificity was high for all measurements. From one model, we estimated prevalence of substance
use in the cohort to be 12.5% for cocaine, 9.3% for heroin, 48.5% for alcohol, 21.4% for hazardous alcohol, and
55.4% for cigarettes. Prevalence estimates from other models were generally comparable. Measurement error of
substance use is nontrivial and should be accounted for in subsequent analyses.

measurement error; patient-reported outcomemeasures; prevalence; sensitivity; specificity; substance use

Abbreviations: CI, confidence interval; CrI, credible interval; DIC, deviance information criterion; HIV, human immunodeficiency
virus; JHHCC, Johns Hopkins HIV Clinical Cohort; MRR, medical record review; SI, self-interview.

Illicit drug use, alcohol misuse, and cigarette smoking are asso-
ciated with poor health outcomes among persons with human
immunodeficiency virus (HIV) (1–12). Yet time-updated sub-
stance use data are not widely collected or reported in clinical
care settings. Most studies of current drug use in persons with
HIV are characterized by small convenience samples. As a result,
associations between substance use and HIV outcomes and esti-
mated substance-use prevalence may be biased (13, 14). The
JohnsHopkins HIVClinical Cohort (JHHCC) is one of few clini-
cal cohorts to regularly assess substance use; assessmentmeasures
includemedical record review (MRR) and self-interview (SI) (15,
16). As such, the JHHCC is uniquely positioned to describe sub-
stance use among patients receiving routine HIV care. However,
underreporting of substance use by the physician in the medical
record, or by the patient on a self-administered survey, may bias

estimates of prevalence and of the effects of substance use if
measurement error is not addressed (17–19).

Our objective was to characterize the performance of routinely
implemented MRR and SI for assessing recent use of cocaine,
heroin, any alcohol, hazardous alcohol, and cigarettes. We used
Bayesian latent class analysis to estimate the sensitivity and speci-
ficity of these 2 assessments aswell as the prevalence of substance
use in the subsample of patients included in this analysis.

METHODS

Study sample

The JHHCC enrolls all HIV-infected adults (≥18 years of
age) receiving continuity care at Johns Hopkins HIV clinic who
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consent to share their data (20). Patient characteristics, including
sex, race, age, and HIV acquisition risk factors are abstracted from
medical record documentation. Collection of data on patients in
the cohort and their analysis were approved by the Johns Hopkins
Hospital institutional review board.

The study sample included 2,064 persons engaged in care
between January 1, 2007, and August 31, 2015, who had both a
completed MRR and SI. We randomly selected 1 person-month
per person during this follow-up period for analysis. Models fit-
ted on all person-months available for each patient did not yield
meaningfully different results (data not shown).

Ascertainment of current substance use

Medical record review. Cocaine, heroin, alcohol (hazardous/
social/none), and cigarette use in the past 6 months are abstracted
frompatients’medical records every 6months. Themajority of in-
dications of substance use in the medical record are physician
progress notes; however, drug and alcohol screening test re-
sults and diagnoses of addiction or alcohol use disorder are
also abstracted.

Self-interview. A subset of patients completes a computer-
assisted SI approximately every 6months, coincidingwith a clinic
visit. During the study period, SI was not offered to everyone due
to limited resources, and no particular type of patient was targeted
for participation. Because clinic visits do not occur exactly every 6
months, in contrast to the MRR, SI does not cover the entire
person-time in care for patients who have completed at least 1 SI.
Approximately two-thirds of patients have completed at least 1 SI.
On the SI, patients reported cocaine, heroin, and cigarette use (yes/
no) in the past 6months and the quantity and frequency of alcohol
use (21). We defined hazardous alcohol use on the SI as: 1) ≥7
drinks per week for women or≥14 drinks per week for men; or 2)
any report of binge drinking (defined as≥6 drinks on 1 occasion
from 2007 to September 2013 (22), subsequently reduced to
≥4 drinks on 1 occasion for women or ≥5 drinks on 1 occasion
for men) (23). SI results are not shared with patients’ providers
and are not part of themedical record.

Because the 6-month periods covered by the MRR and SI do
not overlap by design, we split patients’ follow-up time into
1-month periods for analysis to capture partial overlap. We as-
signed values for substance use to the 6 person-months prior to
and including the date of theMRR or SI.

Statistical analysis

In the absence of a gold-standard assessment of substance use,
there is not enough information to estimate sensitivity or specific-
ity of MRR or SI or prevalence of substance use without making
further assumptions (24). In order to evaluate the robustness
of our results to different assumptions, we provide results under
various assumptions regarding the accuracy of measurement or
prevalence of substance use.

With these issues in mind, we combined 2 approaches to esti-
mating all parameters of interest (sensitivity and specificity of
MRRandSI and prevalence of substance use): 1) Split the popula-
tion into groups that vary according to prevalence of substance use
but across which sensitivity and specificity of MRR and SI can
reasonably be assumed to be identical (25); and 2) apply a Bayes-
ian framework using knowledge about sensitivity or specificity

derived from external information or expert opinion (26). Both ap-
proaches allow for estimation of sensitivity and specificity ofmea-
surements and prevalence of substance use in the absence of a
gold standard. Assuming SI and MRR sensitivities and specifici-
ties are conditionally independent given true substance use, all
parameters of interest are identifiable under the first approach.
Combining the first approach with the Bayesian framework al-
lowed us to characterize uncertainty about parameter estimates
(24). Furthermore, incorporating a Bayesian framework allowed
us to relax some of the assumptions of the first approach: that sen-
sitivities of the 2 measurements were identical across groups
(model 2 below) and that sensitivities of the 2measurements were
independent conditional on the presence of substance use (model
3 below) (27, 28).

We stratified the sample into 16 subgroups defined by the
cross-classification of sex (male vs. female), race (black vs. non-
black), age (<45 years vs. ≥45 years; 45 years was close to
median age at enrollment into the cohort), and HIV acquisition
risk factor (injection drug use vs. anything else) assumed to have
different prevalence of substance use. Analytically, our approach
involves assuming there is a latent indicator of true substance use,
so the method has previously been referred to as Bayesian latent
class analysis (29–32).

For each model described below, for each substance, we esti-
mated the sensitivity and specificity of MRR, the sensitivity and
specificity of SI, and the prevalence of substance use. We fitted
the models described below using the statistical software JAGS
and the R (R Foundation for Statistical Computing, Vienna, Aus-
tria) package “rjags” (33, 34) and the statistical software Stan and
the R package “rstan” (35, 36). Code is available in Web Appen-
dix 1 (available at https://academic.oup.com/aje). For JAGSmod-
els, we generated 4 parallel, independent Markov chain Monte
Carlo samples from different starting values, each with 50,000
iterations after a 10,000 iteration burn-in. Stan models converged
more quickly, so we generated 3 parallel, independent Markov
chain Monte Carlo samples from different starting values, each
with 5,000 iterations after a 5,000 iteration burn-in. We assessed
convergence using visual inspection of trace plots and Rhat statis-
tics.We report medians of the last 50,000 (5,000 for Stanmodels)
samples and use the 2.5th and 97.5th percentiles from the distribu-
tion of samples for reporting the 95%posterior credible interval.

Models. To provide an anchor for estimates from subsequent
models that increasingly relax assumptions about the specificity of
the 2 measures of substance use and about the conditional inde-
pendence of their sensitivities, we first estimated sensitivities of
MRR and SI and prevalence of substance use under the implausi-
bly strong assumption that specificity of both measures was per-
fect (i.e., assuming no false positives with 100% certainty). We
call this model 0. This can be thought of as a special case of the
Bayesian latent class analysis with a point-mass prior for specific-
ity on 100%. Next, we assumed that sensitivities and specificities
for both MRR and SI were identical across subgroups (model 1)
and later relaxed the assumption of equal sensitivities ofMRR and
SI and allowed for different sensitivities for MRR and SI within
each of the 16 subgroups defined by sex, race, age, and HIV
acquisition risk factor (model 2). Because one could reasonably
expect specificities of MRR and SI to be high (and this expecta-
tionwas confirmed inmodel 1), we decided a priori that variations
in specificity across subgroups would not be substantively mean-
ingful, andwe assumed constant specificity of bothmeasures.We
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compared the fit of model 2 with that of model 1 for each sub-
stance using the deviance information criterion (DIC) (33, 37) to
determine whether allowing separate sensitivity parameters fit the
data better than estimating a single sensitivity for the entire sam-
ple. If model 2 had had a lower DIC thanmodel 1, we intended to
collapse some of the 16 groupswith similar sensitivity ofMRRor
SI and compare the DIC of the simplified model with that of the
fullmodel 2 iteratively, untilwe identified themodelwith the opti-
mal number of unique sensitivity parameters. In practice, model 2
did not fit better than model 1 for any substance (sensitivity was
notmeaningfully different across subgroup).

To relax the assumption of conditionally independent sensitivi-
ties, we introduced a covariance term between the 2 measure-
ments’ sensitivities that was constrained to be positive (model 3).
Allowing the covariance term to span the entire plausible range,
given the sensitivities, did not meaningfully alter the results (data
not shown). Frequentist approaches to this model would require at
least 4 differentmeasurements to estimate all parameters of interest
uniquely (27, 28). In the absence of additional measurements, we
needed to constrain onemore parameter (in addition to constraints
on specificities); we felt that the most prior knowledge was avail-
able on the plausible range of the prevalence of each substance use
and incorporated weak priors on prevalence to ensure model 3
converged.Because, inmost cases, results frommodel 3were sub-
stantively different from model 1 (in contrast to model 2 versus
model 1), and because different priors were required to estimate
model 3 versusmodel 1,wedid not comparemodels 3 and 1using
DIC. Rather, we report results from bothmodels.

Priors. Prior distributions were elicited from physicians
working in the HIV clinic by asking them to give their opinion
about the plausible range (95% credible interval (CrI)) and most
likely values for sensitivity and specificity ofMRR and SI. Gener-
ally, physicians were unsure about the sensitivity, but they thought
specificity for both measures would be very high—and higher for
SI than for MRR. Thus, for most models, we assumed a beta(10,
90) prior on the specificity of MRR (median, 90.3% specificity,
95%CrI: 83.5, 95.0) and a beta(5, 95) prior on the specificity of SI
(median, 95.3%, 95%CrI: 90.0, 98.3). Becausewe could not elicit
informative priors for sensitivity, for most models we assumed
uniform(0,1) priors on sensitivity of either measure. As described
above, we needed to constrain one additional parameter in model
3, which included a term for covariance between the sensitivity of
the MRR and SI for person-periods in which there was substance
use; we chose to put a weak prior on prevalence of substance use.
We explored the influence of the choice of priors on the posterior
probability density functions by refitting nearly all models with
different priors; a full list of models/priors fit is available in
Table 1.

RESULTS

The majority of patients in our analytic sample were male
(64%) and black (81%). Median age at start of analysis was
48 years (interquartile range, 41–54). A third (34%) reported
history of injection drug use as their most probable route of
HIV acquisition (Table 2).

Data on substance use fromSI andMRR are shown in Table 3.
We describe the data and results from models 1 and 3 for each
substance below. Results frommodel 1 are illustrated in Figure 1.

In general, neither assessment was exceptionally sensitive for de-
tecting illicit drug use. SI was most sensitive for detecting any
alcohol, hazardous alcohol, and cigarette use. While our priors on
specificity of MRR and SI were moderately informative, poste-
riors on specificity were not constrained by the priors; posterior
estimates of specificity of MRR and SI for identifying recent
cocaine and heroin use were higher than, and nonoverlapping
with, the prior. Model 2 (which allowed for sensitivities of the 2
measures to vary by group) did not fit the data appreciably better
for any substance (DIC ofmodel 2 was higher thanDIC ofmodel
1); therefore, we do not discuss model 2 results, but abridged re-
sults appear in Table 4 for comparison, and full results appear in
Web Table 1. Results from model 3 (which allowed for condi-
tional dependence in sensitivities ofMRRandSI)were dependent
upon the prior for the prevalence of substance use; more details
are available below and in Table 3.

Cocaine

Using a randomly selected person-month for members of the
study sample, prevalence of recent cocaine use in the cohort as
indicated on the MRR was 10.2%, while prevalence using the SI
alone was 6.9%. MRR and SI both indicated use of cocaine use
4.0% of the time. If we assumed both MRR and SI had perfect
specificity (model 0), estimated sensitivities of MRR and SI were
78.4% (95% confidence interval (CI): 73.5, 83.4) and 52.4%
(46.4, 58.4), respectively. Based onmodel 1, estimated sensitivity
was 68.8% (95%CrI: 55.7, 83.6) forMRR and 44.5% (95%CrI:
36.2, 53.6) for SI.Whenwe relaxed the assumption of conditional
independence of sensitivities, estimated sensitivity for each mea-
sure and estimated posterior prevalence of cocaine use varied
based on the assumed prior probability of cocaine use. In general,
posterior estimates of sensitivity of each measure were inversely
related to the prior put on prevalence of cocaine use.

Heroin

Using a randomly selected person-month for members of the
study sample, prevalence of heroin indicated on the MRR was
7.1%, while prevalence using the SI alone was 3.8%. MRR and
SI both indicated heroin use 2.6% of the time. Under model 0,
assuming perfect specificity, estimated sensitivities of MRR and
SI were 84.9% (95% CI: 79.5, 90.2) and 45.9% (95% CI: 38.5,
53.4), respectively. Based on model 1, estimated sensitivities of
MRR and SI were 66.8% (95%CrI: 53.7, 79.3) and 38.6% (95%
CrI: 29.6, 48.5), respectively.Whenwe relaxed the assumption of
conditional independence of sensitivities, as was the case with
recent cocaine use, estimated sensitivities for both measures were
generally lower than in model 1 and inversely related to the prior
put on prevalence of recent heroin use. Estimated specificities for
heroin use were higher than estimated specificities for cocaine use
for bothmeasures and across all models.

Any alcohol

Prevalence of alcohol use for the cohort was 27.2% based on
theMRR and 41.9% based on the SI. Both the MRR and SI indi-
cated alcohol use for 17.4%of patients during a randomly selected
person-month. Under model 0, estimated sensitivity of MRR and
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SI was 52.6% (95% CI: 49.6, 55.6) and 81.0% (95% CI: 78.6,
83.3). Under model 1, estimated sensitivity of MRR was lower,
41.7% (95%CrI: 38.3, 45.3), while estimated sensitivity of SI was
slightly higher, 84.7% (95% CrI: 74.5, 96.6). Specificity of MRR
was lower for detecting alcohol use than for all other substances.
When we relaxed the assumption of conditional independence
of sensitivities, posterior sensitivity of MRR was generally sta-
ble around 40%, regardless of the priors put on prevalence of
alcohol use. Posterior sensitivity of SI was more dependent on
the prior prevalence of alcohol use with estimates ranging from
75% to 97%.

Hazardous alcohol

Prevalence of hazardous alcohol use for the cohort was 11.5%
based solely on theMRR and 17.5% based solely on the SI. Both
the MRR and SI indicated hazardous alcohol use for 5.1% of pa-
tients during a randomly selected person-month. Under model 0,
estimated sensitivities ofMRR and SI were 48.2% (95%CI: 43.8,
52.6) and 73.3% (95%CI: 69.4, 77.2), respectively. Under model
1, estimated sensitivity ofMRRwas 29.2% (95%CrI: 24.3, 34.7).
Posterior sensitivity of SI was 78.4% (95%CrI: 57.1, 98.0). Simi-
lar to any alcohol use, specificity of the MRRwas suboptimal for

Table 1. List of Prior Distributions andModels Explored in Investigation of the Performance of Medical Record
Review and Self-Interview for Detecting Recent Substance Use Among PersonsWith Human Immunodeficiency
Virus in RoutineMedical Care, Johns Hopkins Human Immunodeficiency Virus Clinical Cohort, 2007–2015

Model
Sensitivity Specificity

Prevalence
MRR SI MRR SI

Model 1aa uniform(0,1) uniform(0,1) beta(10, 90)b beta(5, 95)c uniform(0,1)

Model 1ba beta(2, 5)d beta(2, 5)d beta(10,0.5)e beta(10,0.5)e uniform(0,1)

Model 2f uniform(0,1) uniform(0,1) beta(10, 90)b beta(5, 95)c uniform(0,1)

Model 3a (C,H,HA)g uniform(0,1) uniform(0,1) beta(10, 90)b beta(5, 95)c beta(1, 5)h

Model 3bg (C,H,HA) uniform(0,1) uniform(0,1) beta(10, 90)b beta(5, 95)c beta(1, 7)i

Model 3cg (C,H) uniform(0,1) uniform(0,1) beta(10, 90)b beta(5, 95)c beta(1, 3)j

Model 3cg (HA) uniform(0,1) uniform(0,1) beta(10, 90)b beta(5, 95)c beta(3, 9)k

Model 3dg (HA) uniform(0,1) beta(5, 95)c beta(10, 90)b beta(5, 95)c beta(1, 3)l

Model 3ag (A) uniform(0,1) uniform(0,1) beta(10, 90)b beta(5, 95)c beta(2, 4)m

Model 3bg (A) uniform(0,1) uniform(0,1) beta(10, 90)b beta(5, 95)c beta(2, 6)n

Model 3cg (A) uniform(0,1) uniform(0,1) beta(10, 90)b beta(5, 95)c beta(2)o

Model 3dg (A) beta(10, 90)b uniform(0,1) beta(10, 90)b beta(5, 95)c beta(2)o

Model 3eg (A) beta(5, 95)c uniform(0,1) beta(10, 90)b beta(5, 95)c beta(2)o

Model 3ag (T) uniform(0,1) uniform(0,1) beta(10, 90)b beta(5, 95)c beta(3)p

Model 3bg (T) uniform(0,1) uniform(0,1) beta(10, 90)b beta(5, 95)c beta(2, 3)q

Model 3cg (T) uniform(0,1) uniform(0,1) beta(10, 90)b beta(5, 95)c beta(2, 3)r

Abbreviations: A, any alcohol use; C, cocaine use; CrI, credible interval; H, heroin use; HA, hazardous alcohol use;
MRR, medical record review; SI, self-interview; T, tobacco cigarette use.

a Model 1 assumes conditional independence of sensitivities and specificities; assumes sensitivity and specificity
of MRR and SI are constant across subgroups defined by patient demographics.

b Median, 90.3% (95%CrI: 83.5, 95.0).
c Median, 95.3% (95%CrI: 90.0, 98.2).
d Median, 73.5% (95%CrI: 35.8, 95.7).
e Median, 97.7% (95%CrI: 77.2, 100).
f Model 2 assumes conditional independence of sensitivities and specificities; assumes specificities ofMRR andSI are

constant across subgroups defined by patient demographics but allows for subgroup-specific sensitivities ofMRRandSI.
g Model 3 assumes conditional independence of specificities but allows for conditional dependence of sensitivities;

assumes sensitivities and specificities are constant across subgroups.
h Median, 13.0% (95%CrI: 0.5, 52.2).
i Median, 9.4% (95%CrI: 0.4, 40.9).
j Median, 20.6% (95%CrI: 0.8, 70.8).
k Median, 23.6% (95%CrI: 6.0, 51.8).
l Median, 20.6% (95%CrI: 0.8, 70.7).
m Median, 31.4% (95%CrI: 5.3, 71.7).
n Median, 22.8% (95%CrI: 3.7, 58.0).
o Median, 50.0% (95%CrI: 9.4, 93.3).
p Median, 50.0% (95%CrI: 14.7, 85.4).
q Median, 38.6% (95%CrI: 6.8, 80.6).
r Median, 61.5% (95%CrI: 19.4, 93.3).
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hazardous alcohol use (93.1%, 95% CrI: 91.4, 95.2). Allowing
the sensitivities of the 2measurements to covary did not meaning-
fully increase the posterior sensitivity or specificity of the MRR.
Estimates of the posterior sensitivity of SI for detecting recent haz-
ardous alcohol use ranged from 65% to 93% depending on the
prior put on prevalence of hazardous alcohol use.

Cigarettes

Prevalence of cigarette use indicated on the MRR was 46.3%,
while prevalence using the SI alonewas 49.6%.MRR and SI both
indicated cigarette use 36.4% of the time. Under model 0, esti-
mated sensitivities of MRR and SI were 77.8% (95% CI: 75.5,
80.1) and 83.3% (95% CI: 81.2, 85.4). Under model 1, estimated
sensitivities of MRR and SI were 75.1% (95% CrI: 71.8, 78.9)
and 87.2% (95% CrI: 82.9, 91.7), respectively. Relaxing the
assumption of conditional independence of the sensitivities of
MRR and SI did not meaningfully change posterior estimates

for sensitivity or specificity of eitherMRRor SI, nor did it mean-
ingfully change estimates of prevalence of cigarette smoking.

DISCUSSION

In general, MRR or SI alone had poor sensitivity for detecting
recent substance use in this cohort of persons with HIV engaged
in continuity medical care. Assuming both measures were 100%
specific (model 0; no false positives) tended tomeaningfully over-
estimate sensitivity of the measurements as well as certainty of
those estimates. All other models (with more diffuse priors on
parameters) yielded arguablymore realistic estimates of the perfor-
mance of each measure for the detection of different substances;
estimated sensitivity of the 2measures were generally quite differ-
ent from model 0 estimates (usually lower), and their precision is
not overstated.Whenwe allowed the sensitivity ofMRRand SI to
covary among patients assumed to have recently used heroin or
cocaine, posterior estimates were susceptible to prior assumptions
about the prevalence of recent use. This is unavoidable in the
absence of more assessment measures (27, 28). If prevalence was
assumed to be lower, estimated posterior sensitivities were higher,
and vice versa. Ultimately, information from both measurements
should be used to identify recent substance use as neither has suffi-
ciently high sensitivity to be used alone.

Overall, although posterior sensitivity estimates varied, some-
times widely, we can conclude that: 1) MRR was more sensitive
than SI for detecting recent cocaine and recent heroin use; 2)
median posterior sensitivity of MRR for detecting recent cocaine
use ranged from 44% to 76%, with the most likely estimate
around 70%; 3)median posterior sensitivity ofMRR for detecting
recent heroin use ranged from 39% to 67%, with the most likely
estimate around 60%; 4) SI was more sensitive thanMRR for de-
tecting recent alcohol use, recent hazardous alcohol use, or recent
cigarette use; 5) sensitivities of SI for detecting recent alcohol,
hazardous alcohol, and cigarette use are likely upwards of 80%,
85%, and 87%, respectively.

This is one of relatively few studies that have compared collec-
tion of sensitive information via self-report with data collection in
the electronic health record. McGinnis et al. (38) found higher
prevalence of alcohol use, and Kozak et al. (39) found higher
prevalence of illicit substance use among persons in care for HIV

Table 3. Prevalence (Person-Months and RowPercent) of Current Substance Use as Reported on Self-Interview and Abstracted FromMedical
Record Review in 1 Randomly Selected Person-Month per 2,064 Persons in the Johns Hopkins Human Immunodeficiency Virus Clinical Cohort,
2007–2015

Substance

SI No SI

MRR NoMRR MRR NoMRR

Person-Months % Person-Months % Person-Months % Person-Months %

Cocaine 83 4 58 3 128 6 1,795 87

Heroin 53 3 26 1 93 5 1,892 92a

Alcohol 359 17 506 25 203 10 996 48

Hazardous alcohol 106 5 256 12 132 6 1,570 76a

Cigarettes 751 36 273 13 205 10 835 40a

Abbreviations: MRR,medical record review; SI, self-interview.
a Row percentages do not sum to 100 due to rounding.

Table 2. Characteristics of 2,064 HIV-Persons InfectedWith
Human Immunodeficiency Virus,With at Least 1Medical Record
Review and at Least 1 Self-Interview at the Time of the Randomly
Selected Person-Month, Johns Hopkins Human Immunodeficiency
Virus Clinical Cohort, 2007–2015

Patient Characteristic No. %

Male sex 1,318 64

Agea 48 (41–54)

Black race 1,678 81

History of injection drug use 702 34

MSM 483 23

ART-exposed 1,903 92

Detectable viral load 481 23

CD4 cell count (cells/μL)a 441 (258–635)

Abbreviations: ART, antiretroviral therapy (≥3 drugs initiated on the
same day); HIV, human immunodeficiency virus; MSM, men who have
sex with men.

a Values are expressed asmedian (interquartile range).
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based on self-report rather than on medical record, which implies
higher sensitivity of self-report, assuming specificity of bothmea-
sures was very high (investigators did not directly compare the 2
measures). In contrast, we estimated higher sensitivity of MRR
than SI for detecting heroin and cocaine use. Although third-party

assessments of illicit drug use are typically thought of as less sen-
sitive than self-report (40), physician assessment of substance use
for persons in regular HIV care may be unique because the
physician-patient relationship is ongoing and regularly addresses
sensitive topics (41). Indeed, in another setting characterized by
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Figure 1. Prior and posterior densities for analysis of sensitivity and specificity of instruments, Johns Hopkins Human Immunodeficiency Virus
Clinical Cohort, 2007–2015. A) Sensitivity of medical record review (MRR); B) specificity of MRR; C) sensitivity of self-interview (SI); D) specificity
of SI; and E) prevalence of cocaine, heroin, alcohol, hazardous alcohol, and cigarette use from model 1. Prior in panels A, C, and E is distributed
uniform(0,1); prior in panel B is distributed beta(10, 90); prior in panel D is distributed beta(5, 95).
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Table 4. Estimated Sensitivity and Specificity of Medical Record Review and Self-Interview for Detecting Recent Substance Use and Prevalence
of Recent Substance Use in 2,064 Persons, Based on Different Assumptionsa, Johns Hopkins Human Immunodeficiency Virus Clinical Cohort,
2007–2015

Substance andModel

Sensitivity Specificity
Prevalence

MRR SI MRR SI

Median 95%CrI Median 95%CrI Median 95%CrI Median 95%CrI Median 95%CrI

Cocaine

Model 0b 78.4 73.5, 83.4 52.4 46.4, 58.4 100.0 100.0 13.0 11.6, 14.5

Model 1ac 68.8 55.7, 83.6 44.5 36.2, 53.6 97.8 96.6, 98.8 98.6 97.5, 99.5 12.5 10.0, 15.6

Model 1b 66.8 53.7, 82.4 39.9 33.0, 47.6 99.8 98.6, 100 98.9 97.6, 100 15.0 11.9, 18.6

Model 2d 97.0 95.9, 98.1 98.3 97.3, 99.2 12.4 10.0, 16.4

Model 3e

3a) beta(1, 5) on pre 64.9 41.8, 91.1 36.5 22.8, 50.7 97.5 96.2, 98.5 97.4 96.3, 98.5 13.0 9.1, 20.0

3b) beta(1, 7) on pr 76.0 52.6, 96.4 41.7 28.4, 53.2 97.4 96.2, 98.5 97.3 96.2, 98.4 10.9 8.2, 15.8

3c) beta(1, 3) on pr 44.0 29.2, 72.5 25.3 16.4, 41.9 97.5 96.2, 98.5 97.5 96.3, 98.6 19.5 11.8, 29.2

Heroin

Model 0b 84.9 79.5, 90.2 45.9 38.5, 53.4 100.0 100.0 8.3 7.1, 9.5

Model 1ac 66.8 53.7, 79.3 38.6 29.6, 48.5 98.6 97.7, 99.3 99.7 99.2, 99.9 9.3 7.7, 11.4

Model 1b 66.3 54.6, 77.7 36.1 28.4, 44.4 99.9 99.4, 100 99.9 99.4, 100 10.6 9.1, 12.5

Model 2d 98.4 97.5, 99.1 99.4 98.8, 99.7 9.7 7.8, 14.5

Model 3e

3a) beta(1, 5) on pre 55.7 35.6, 78.0 30.4 18.9, 44.6 98.5 97.5, 99.2 99.2 98.6, 99.7 11.1 7.8, 17.0

3b) beta(1, 7) on pr 65.6 43.7, 83.3 35.5 23.1, 47.6 98.5 97.5, 99.2 99.2 98.6, 99.7 8.4 1.7, 13.7

3c) beta(1, 3) on pr 38.9 25.8, 64.2 21.3 13.5, 36.3 98.5 97.6, 99.2 99.3 98.7, 99.7 16.1 9.9, 24.1

Alcohol

Model 0b 52.6 49.6, 55.6 81.0 78.6, 83.3 100.0 100.0 51.7 49.6, 53.9

Model 1ac 41.7 38.3, 45.3 84.7 74.5, 96.6 86.7 83.4, 90.4 98.6 95.7, 99.8 48.5 42.3, 55.1

Model 1b 41.8 38.4, 45.5 85.2 74.8, 95.8 86.4 83.0, 90.4 99.3 93.9, 100 48.4 42.4, 55.3

Model 2d 90.9 86.9, 94.6 92.3 86.2, 97.0 51.3 44.0, 58.2

Model 3e

3a) beta(2, 4) on pre 41.8 37.3, 46.2 93.6 80.6, 99.7 84.0 81.5, 86.9 95.7 91.5, 98.3 41.9 37.5, 49.0

3b) beta(2, 6) on pr 42.9 38.8, 47.3 97.2 88.5, 99.9 83.7 81.4, 86.0 94.6 89.6, 97.9 39.1 35.2, 43.5

3c) beta(2) on pr 37.5 32.4, 43.4 75.1 63.8, 91.7 85.0 81.1, 88.7 96.3 92.4, 98.7 53.3 43.4, 63.0

3d) beta(10, 90) on
seMRR; beta(2) on pr

40.7 36.2, 44.9 88.5 81.5, 94.1 84.4 81.3, 87.4 96.5 92.8, 98.7 45.5 41.3, 50.4

3e) beta(5, 95) on
seMRR; beta(2) on pr

41.6 37.7, 45.6 94.2 88.0, 98.0 83.9 81.5, 86.4 96.6 92.9, 98.8 42.8 39.2, 46.7

Hazardous alcohol

Model 0b 48.2 43.8, 52.6 73.3 69.4, 77.2 100.0 100.0 23.9 22.1, 25.8

Model 1ac 29.2 24.3, 34.7 78.4 57.1, 98.0 93.1 91.4, 95.2 99.1 97.2, 99.9 21.4 16.8, 29.4

Model 1b 29.5 24.7, 34.9 74.4 52.5, 94.1 93.8 91.9, 96.7 99.7 97.3, 100 23.1 17.9, 32.8

Model 2d 95.4 93.5, 97.1 94.1 91.3, 97.3 23.0 17.1, 31.6

Model 3e

3a) beta(1, 5) on pre 28.5 18.7, 37.1 84.2 56.4, 99.3 92.0 90.4, 93.3 96.7 93.8, 98.7 17.6 13.6, 26.0

3b) beta(1, 7) on pr 31.3 23.6, 39.3 92.5 70.6, 99.7 92.1 90.7, 93.3 96.3 93.2, 98.5 15.5 12.2, 20.2

3c) beta(3, 9) on pr 22.2 15.7, 31.4 65.2 48.9, 89.7 91.7 89.8, 93.3 97.3 94.6, 99.0 21.4 17.6, 30.7

3d) beta(5, 95) on
seMRR; beta(1, 3) on pr

31.0 25.6, 37.5 95.0 89.5, 98.3 92.1 90.8, 93.3 97.4 94.8, 99.0 16.5 13.7, 18.9

Table continues
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frequent physician-patient interaction (women receiving prenatal
care), higher prevalence of cocaine and heroin use was estimated
based on medical charts than on face-to-face interview (42). We
did not directly explore characteristics of the patient-provider rela-
tionship that facilitated physician awareness of substance use;
other studies have suggested that patient disclosure of substance
use is more likely when physicians use broad or normalizing
questions (43), when assessing illicit substance use versus alcohol
abuse (41), and in the context ofmore-frequent provider visits (44).

Our estimates of sensitivity and specificity of MRR and SI for
detecting recent substance use may be transportable to other HIV
clinics, given lack of evidence that sensitivity varied by patient de-
mographics, but are not likely transportable to general practice
settings. Although patients were not targeted for participation in
the SI, it is possible that patients who completed the SI weremore
or less likely to tell the truth than patients who did not. If that was
the case, our estimates of the sensitivity and specificity of the 2
measureswould not be transportable.

Prevalence estimates from this study were generally compara-
ble to those found in other studies. We estimated that 12.5% of
patients in our sample had recently used cocaine. This was similar
to the prevalence of illicit substance abuse or dependence esti-
mated among persons engaged in care from 2000 to 2002 in the
University of North Carolina HIV clinic, after adjusting for mea-
surement error using a different, more resource-intensive method
(45). Prevalence of self-reported alcohol use and heavy drinking
was 53% and 8% in a nationally representative sample of PLWH
in care in 1996 (46); we found similar prevalence of alcohol use
(48.5%) but higher prevalence of hazardous alcohol use (21.4%).

Our estimate of 55.4% prevalence of current smoking is slightly
higher than other estimates (typically around or greater than 40%)
(47, 48). The higher prevalence of hazardous alcohol use and cig-
arette smoking in our sample comparedwith other studies may be
attributable to some of the patient characteristics of our sample
(largely urban, poor, and black).

Our study is not without limitations. First, models 1 and 2
assumed conditional independence of sensitivity and specificity
of SI and MRR given true substance use, which may or may not
be justified. SI results are not part of the medical record and not
shared with the patients’ providers. However, if patients who are
using substances and willing to self-report substance use are also
more likely to discuss their substance use with their physician,
the sensitivity of SI andMRRwould be correlated, and estimates
frommodels 1 and 2might be biased (27, 31, 49).Model 3 relaxed
this assumption of conditional independence, but in the absence
of additional measurements, parameters from model 3 are not
uniquely identifiable and depend upon the priors placed on other
parameters. Additionally, we assumed that recent substance use
was the same across the 6-month reportingwindow for eachmea-
surement. It is possible that disagreements between theMRR and
SI could have arisen from imperfectly overlapping observation
windows and short-term changes in substance use. Finally, dis-
agreements between theMRRandSIwere especially pronounced
for detecting hazardous alcohol use, which is likely related to the
fact that documentation of substance use in the medical record is
not standardized, while documentation in the SI (particularly for
hazardous alcohol use) is based on standardized and validated
questions.

Table 4. Continued

Substance andModel

Sensitivity Specificity
Prevalence

MRR SI MRR SI

Median 95%CrI Median 95%CrI Median 95%CrI Median 95%CrI Median 95%CrI

Cigarettes

Model 0b 77.8 75.5, 80.1 83.3 81.2, 85.4 100.0 100.0 59.5 57.4, 61.7

Model 1ac 75.1 71.8, 78.9 87.2 82.9, 91.7 89.5 85.6, 93.1 97.4 92.9, 99.6 55.4 51.8, 58.4

Model 1b 76.9 72.2, 82.4 87.0 81.8, 91.9 89.6 85.1, 94.8 94.3 87.9, 99.9 54.0 48.9, 58.8

Model 2d 90.4 86.4, 94.4 93.9 88.9, 97.7 54.7 50.5, 58.5

Model 3e

3a) beta(3) on pre 76.3 71.9, 80.8 87.4 82.0, 92.5 88.3 84.4, 92.2 93.9 89.4, 97.4 52.9 48.7, 57.2

3b) beta(2, 3) on pr 77.1 72.7, 81.6 88.4 83.2, 93.5 87.8 83.8, 91.7 93.2 88.6, 97.1 51.6 47.2, 56.0

3c) beta(2, 3) on pr 75.2 70.2, 79.7 85.8 79.6, 90.8 89.3 85.4, 93.1 94.6 90.3, 97.9 54.9 50.7, 59.9

Abbreviations: MRR,medical record review; pr, prevalence; se, sensitivity; SI, self-interview.
a All priors are listed in Table 1.
b Assumes conditional independence of sensitivities and 100% specificity of both MRR and SI.
c Assumes conditional independence of sensitivities and specificities; assumes sensitivity and specificity of MRR and SI are constant across

subgroups defined by patient demographics; relaxes the assumption of perfect specificity.
d Assumes conditional independence of sensitivities and specificities; assumes specificities of MRR and SI are constant across subgroups

defined by patient demographics but allows for subgroup-specific sensitivities of MRR and SI. Because sensitivity of MRR and SI were allowed to
vary by subgroup, there is not one summary measure; sensitivity according to subgroup is available in Web Table 1. By deviance information crite-
rion, model 2 did not fit the data appreciably better thanmodel 1.

e Assumes conditional independence of specificities but allows for conditional dependence of sensitivities; assumes sensitivities and specifici-
ties are constant across subgroups.

Am J Epidemiol. 2018;187(9):1970–1979

Current Substance-UseMeasurement 1977



Our study adds to the limited literature on validity of self-report
of illicit drug use (40) among persons living with HIV by includ-
ing a sample of patients in routine clinical care for HIV both with
and without prior history of injection drug use and with and with-
out prior history of seeking substance-abuse treatment. Further-
more, our estimates of sensitivity of SI in this population are
likely more accurate than if we had used a biomarker as a gold
standard. Relying on a biomarker as the gold standard may
result in underestimation of the sensitivity of the SI or MRR
because the biomarker will underestimate the true prevalence
of substance use (50).

Assessments of time-updated substance use that rely on self-
report or physician assessment alone may underestimate the true
prevalence of substance use; assuming perfect specificity of both
assessments generally overestimates their sensitivity. We have
capitalized on the availability of 2 different measures of recent
substance use to estimate their sensitivity and specificity in the
absence of a gold-standard measure. Future analyses examining
the effect of current substance use on HIV outcomes need to
account for measurement error of substance use using a wide
range of sensitivities in a sensitivity analysis.
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