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ABSTRACT

Objective Substance use disorder (SUD) is clinically
under-detected and under-documented. We built and
validated machine learning (ML) models to estimate SUD
prevalence from electronic health record (EHR) data and
to assess variation in facility-level SUD identification
using clinically documented diagnoses vs model-based
estimated prevalence.

Methods Predictors included demographics, SUD-
related diagnoses and healthcare utilisation. The criterion
outcome for model development was prevalent SUD
assessed via a patient survey across 30 geographically
representative Veterans Health Administration (VA) sites
(n=5989 patients). We split the data into training and
testing datasets and built a series of ML models using
cross-validation to minimise over-fitting. We selected the
final model based on its performance in predicting SUD in
the testing dataset. Using the final model, we estimated
SUD prevalence at all 30 sites. We then compared facilities
based on SUD identification using two alternative SUD
identification measures: the facility-level SUD diagnosis
rate and model-based estimated SUD prevalence.
Results The best-performing LASSO model with n=61
predictors doubled the sensitivity for classifying SUD
relative to a model with only documented SUD diagnoses
(0.682 vs 0.331). Across the 30 sites, SUD diagnosis
rates ranged from 6.4%—13.9% and predicted SUD
prevalence ranged from 9.7-16.0%. The difference

in facility-level SUD identification (observed diagnosis
rate minus predicted prevalence) ranged from —7.2 to
+1.3 percentage points. Comparing facilities’ rank ordering
on documented SUD diagnosis rates vs estimated SUD
prevalence, 16 out of 30 sites had a ranking that changed
by at least a quintile (ie, 6 places or more).

Conclusions This analysis shows that use of model-
based performance measures may help address
measurement blind spots that arise due to differences in
diagnostic accuracy across sites. Although model-based
estimates better estimate SUD prevalence relative to
diagnoses alone for facility quality assessment, further
improvements and individual SUD detection both require
enhanced direct screening for non-alcohol drug use.

Substance use disorder (SUD) is a major
contributor to morbidity and early mortality,
globally and within the USA.'™ Effective,
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WHAT IS ALREADY KNOWN ON THIS TOPIC

= Measured healthcare system performance can be
distorted when care process measures use counts
of documented diagnoses as the denominator.
Alternative measures have been proposed, but none
to date have leveraged the extensive health record
data that could be used to identify the population in
need of care.

WHAT THIS STUDY ADDS

= As an alternative, we built and validated a machine
learning model to estimate an alternative denomina-
tor of ‘predicted substance use disorder (SUD) prev-
alence’ from health record data. We demonstrated
that apparent facility performance on a SUD iden-
tification measure varied widely based on whether
documented diagnoses or predicted prevalence was
used as the denominator.

HOW THIS STUDY MIGHT AFFECT RESEARCH,
PRACTICE OR POLICY

= The gap between true SUD prevalence and coded
SUD diagnoses is substantial. The use of alternative,
model-based measures of prevalent SUD can help
address measurement blind spots. However, further
improvements to SUD prevalence estimation and in-
dividual SUD detection may need direct screening
for non-alcohol drug use.

evidence-based SUD treatments are avail-
able,” and ensuring access to high-quality
care is a healthcare system priority.” To this
end, healthcare systems make extensive use of
process quality measures that track delivery of
SUD care to patients eligible for that care.*™’
The facility’s performance on process
measures can be compared and rank ordered,
with low outliers identified for potential
quality improvement.'" Process measures for
SUD care are typically defined as the number
of patients receiving a specific type of care
divided by the number of patients for whom
that care is indicated."" The denominator
(identified SUD patients eligible for care)

BM) Group

Hoggatt KJ, et al. BMJ Open Quality 2025;14:¢003017. doi:10.1136/bmjoq-2024-003017 1


https://bmjopenquality.bmj.com/
http://orcid.org/0000-0002-9431-5438
https://doi.org/10.1136/bmjoq-2024-003017
https://doi.org/10.1136/bmjoq-2024-003017
http://crossmark.crossref.org/dialog/?doi=10.1136/bmjoq-2024-003017&domain=pdf&date_stamp=2025-03-19

can be identified from ICD-10 codes documented in the
electronic health record (EHR) or administrative claims
data, supporting real-time performance monitoring at
scale.'” Process measures with diagnosis-based denom-
inators (‘diagnosis-based measures’) have advantages:
EHR data are available at frequent intervals and at rela-
tively low cost, and because these measures use standard
diagnosis codes, they can facilitate cross-system compari-
sons (eg, HEDIS measures)."” However, diagnosis-based
measures can be misleading if the targeted condition is
under- or overdiagnosed to varying degrees across facil-
ities."!' '* When this occurs, differences in diagnosing
and coding practices can lead to high-performing facili-
ties scoring poorly, low-performing facilities scoring well
and facilities with the same real performance scoring at
opposite ends of ranked facility performance.'’ The use
of diagnosis-based measures can therefore undermine
one of the primary purposes of quality measurement: the
comparison of facilities and systems to identify high and
low outliers.

An alternative measurement strategy is to compare
‘observed’ performance on a diagnosis-based measure
against ‘predicted’ performance computed using a
more valid estimate of SUD identification (disease prev-
alence) in the denominator. If facilities that rank high
on observed performance also have outlying large differ-
ences between observed and expected performance,
this could signal problems with under-diagnosis, such
that the high observed performance reflects a spuri-
ously small diagnosis-based denominator. The potential
under-diagnosis would be impossible to assess based on
the observed performance alone—in this example, it is
the high observed performance together with the large
difference between observed and expected performance
that signals a potential problem. Conversely, facilities that
rank low on observed performance with large differences
between observed and expected performance may be
facilities with more robust screening or diagnosing prac-
tices. Efforts to improve care in these facilities would first
need to determine whether low observed performance
reflected shortfalls in care delivery or a positive impact
of more comprehensive case-finding. Again, observed
performance alone would give no indication that a facility
might be a high diagnostic outlier rather than a low care-
delivery outlier.

In order for measures of ‘predicted’ performance to
serve as a check on observed performance, the alterna-
tive measures should have denominators that address the
limitations of diagnosis-based measures. Direct assessment
of alcohol and drug use would be an obvious alternative,
but the decision to implement system-wide screening is
primarily driven by clinical considerations, not measure-
ment issues. Prior studies have considered alternatives
to diagnosis-based measures of SUD identification, such
as a total patient count, which avoids issues of identifi-
cation entirely."”” Other studies have used a denominator
of predicted prevalence estimated from patient demo-
graphics and population SUD surveillance data (eg, a

model-based estimate that accounts for patient case-mix
incorporating epidemiologically valid estimates of popu-
lation prevalence)."’ The choice of denominator matters
because facility rankings can vary widely depending on
the choice of measure. For example, in a study of alter-
native alcohol pharmacotherapy process measure, facility
percentile ranking changed by 30-45 percentage points
depending on the denominator used.'' In the absence of
system-wide alcohol and drug screening, it is important
to understand the extent to which we can improve the
estimation of SUD prevalence without requiring ongoing
primary data collection. In particular, it is an open ques-
tion whether existing EHR data can be leveraged as a
‘next best’ option for predicting prevalent, but undocu-
mented, SUD.

Machine learning (ML) has emerged as a method-
ology for leveraging high-dimensional data, including
structured EHR data, to predict SUD and related condi-
tions or behaviours.'>?’ Previous studies have developed
models with excellent predictive performance using
structured EHR or claims data.?®™° However, a limitation
to these previous efforts is that they focused on predicting
outcomes, such as documented OUD or AUD diagnoses,
which were obtained from the same EHR or claims data
that was the source of the model inputs and may thus
be subject to the same underreporting. It is therefore
unknown whether the same type of EHR data can be used
to predict prevalent SUD, which could include patients
who meet criteria but do not receive a diagnosis of SUD.
In this analysis, we aimed to address this gap by building
and validating a suite of ML models to predict preva-
lent SUD from EHR data using a direct measure of SUD
(following DSM-5 criteria) as the target outcome. Our
first goal was to determine whether a predictive model
could achieve good performance (eg, high accuracy and
discrimination) for predicting prevalent SUD (with a
survey-based measure of the target outcome) using EHR-
derived features as model inputs. Our second goal was
to use the best-performing model to produce estimates
of SUD prevalence and to assess how site-level SUD iden-
tification varies depending on whether identification is
defined by observed SUD diagnoses documented in the
EHR or model-based predicted SUD prevalence.

METHODS

Survey-based target outcome measure

The target outcome for model building and validation
was a survey-based measure of DSM-5 SUD. As previously
described,” ** we recruited patients from 30 geographi-
cally representative Veterans Health Administration (VA)
healthcare sites from January 2018 to April 2019 (selected
at random from among ~140 healthcare sites nation-
wide; online supplemental appendix B). VA is the largest
integrated healthcare system in the USA, serving more
than 6 million unique outpatients each year. VA provides
preventive and primary care, in addition to specialty
mental health and SUD care, and has a comprehensive

2

Hoggatt KJ, et al. BMJ Open Quality 2025;14:¢003017. doi:10.1136/bmjog-2024-003017


https://dx.doi.org/10.1136/bmjoq-2024-003017

EHR that includes data on patient demographics, diag-
noses and healthcare utilisation. Notably, while VA
has measures of alcohol use from system-wide annual
screening, there is no comparable programme to screen
for non-alcohol drug use. To measure SUD prevalence, we
conducted telephone surveys with n=6000 VA outpatients
(n=200 per site) using sections from the MINI 7.0°"
that assess DSM-5 criteria for substance-related disorders
(by substance). Patients met criteria for past-year alcohol
or specific drug use disorder (AUD or DUD) if they had a
score of two or more on the relevant section of the MINI.
Patients met criteria for SUD if they met criteria for AUD,
DUD or both. We excluded 11 patients with missing data
on the outcome, resulting in 5989 patients in the final
analytic sample. Survey data collection and EHR data
extraction were approved as human subjects research by
the Institution Review Board at VA Greater Los Angeles
and the University of California, San Francisco.

Predictors obtained from the HER

We selected predictors for our model that have been
previously associated with SUD and can be measured
using VA EHR data (online supplemental appendix C).
Model features included demographics (eg, age, sex),
diagnoses (eg, substance-specific disorders, other phys-
ical and mental health conditions, smoking), alcohol
screening and brief intervention, healthcare utilisation
(eg, use of SUD specialty care, emergency department
visits), pharmacy data (eg, history of opioid prescrip-
tions or pharmacotherapy), laboratory tests (eg, urine
drug screen results), social determinants of health (eg,
housing insecurity) and site-level SUD diagnosis rates as a
measure of the availability of SUD care. We also extracted
one non-EHR variable for state-level SUD prevalence in
2018 to account for geographic variation.

Model building and validation

We examined five candidate ML algorithms, including
penalised regression (LASSO, ridge regression and
Elastic Net) and tree-based methods (random forest
and gradient boosted machine; online supplemental
appendix D). To build the models, we first randomly split
our sample into training (80%) and ‘hold-out’ testing
(20%) datasets (stratified by the outcome). We trained
and tested our models with different sets of features (eg,
substance-specific diagnoses only, diagnoses plus demo-
graphics, etc) to examine how the choice of model input
impacts predictive performance. To train the models, we
used repeated 10-fold cross-validation with a grid search
to select hyperparameter values for each model, opti-
mising the C-statistic (ie, the area under the ROC curve
(AUROC)). After training the models, we evaluated model
performance in the testing dataset and selected a final
model based on accuracy and discrimination (C-statistic,
accuracy, sensitivity, specificity, positive predictive value,
negative predictive value, Brier score) and complexity
(the number of features included in the model). Although
our emphasis was not on individual-level classification, we

computed classification statistics for descriptive purposes
(eg, sensitivity and specificity) using a threshold selected
via the Youden index.”® We assessed the contribution of
each feature to the model fit using a measure of variable
importance. All analyses were conducted using R version
4.2.2, the package ‘glmnet’ for the penalised regres-
sion models, ‘ranger’ for the random forest models and
‘xgboost’ for the GBM models.

Analysis of site-level SUD identification

We selected a measure of SUD identification defined two
ways: (1) the site-level ‘observed’” SUD diagnosis rate,
which was the count of patients with documented SUD
diagnoses in the VA EHR (ICD10 codes of F10.X-F16.X,
F18.X-F19.X) from 4/1/2018 to 3/31/2019 (overlapping
with the period of survey data collection) at a given site
divided by the total number of patients with a VA health-
care encounter in that time period at the same given site,
and (2) the model-based ‘predicted” SUD prevalence.
To obtain the model-based predicted prevalence, we
first used the final ML model to predict the probability
of SUD for surveyed patients at each of the 30 VA sites
(ie, the complete survey sample). We then computed
site-level predicted SUD prevalence by taking the average
of the predicted SUD probabilities for patients at each
site. We summarised site-level observed vs predicted SUD
identification in terms of a difference in SUD identifi-
cation (observed diagnosis rate—predicted prevalence,
expressed in percentage points) and the difference in
site ranking on observed vs predicted SUD identification.

Patient and public involvement
Patients and the public were not involved in the design,
conduct, reporting or dissemination plans of our research.

RESULTS

Among patients surveyed across the 30 sites (n=5989),
8.6% had a diagnosis of SUD in the year prior to the
survey and 12.8% met DSM-5 criteria for past-year preva-
lent SUD. Taking EHR-based SUD diagnoses as a measure
of SUD, a past-year diagnosis had 35% sensitivity and 95%
specificity for ‘detecting’ survey-based past-year preva-
lent SUD. After splitting the survey sample, the training
and testing datasets had comparable distributions for the
outcome (by design), past-year diagnoses of substance-
specific disorders, age and sex (table 1 shows select
SUD and demographic characteristics of patients in the
training and testing datasets).

SUD predictive model performance

We identified the strongest performing model based on a
combination of C-statistic (AUROC; a measure of model
discrimination), Brier Score (accuracy and calibration)
and the number of covariates (a measure of complexity).
Across feature sets, models with documented substance-
specific diagnoses had only fair performance (maximum
C-statistic=0.647) with 33.1% sensitivity for classification
of SUD (table 2). Adding alcohol screening and brief
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Table 1

Characteristics of Veterans Health Administration patients with survey data on the criterion outcome (past-year ICD-

10 substance-use disorder, divided into training and testing datasets for model building and validation (n=5989)

Total Training data Testing data
(N=5989) (N=4790) (N=1199)
N (%) N (%) N (%) P value
OUTCOME
Past-year SUD prevalence* 768 (12.8) 154 (12.8) 614 (12.8) 1.00
PREDICTORS/FEATURES
Past-year SUD diagnosis ratet
Alcohol-use disorder 359 (6.0) 295 (6.2) 64 (5.3) 0.316
Cannabis-use disorder 131 (2.2) 110 (2.3) 21 (1.8) 0.297
Opioid-use disorder 83 (1.4) 72 (1.5) 11 (0.9) 0.158
Stimulant-use disorder 109 (1.8) 90 (1.9) 19 (1.6) 0.575
Sedative-use disorder 11 (0.2) 10 (0.2) 1(0.1) 0.596
Miscellaneous drug-use disorder 65 (1.1) 51 (1.1) 14 (1.2) 0.879
Demographics
Age (Mean, SD) 61.54 (15.35) 61.54 (15.28) 61.56 (15.65) 0.971
Sex (% Female) 565 (9.4) 456 (9.5) 109 (9.1) 0.69

*Survey-based measure of past-year prevalent substance-use disorder (SUD).

TPast-year SUD diagnoses documented in the VA EHR, by substance.
SUD, substance-use disorder.

intervention to the model improved performance (C-sta-
tistic=0.672-0.678), but not as much as adding age and
sex (C-statistic=0.767-0.775) or all VA demographics
(C-statistic=0.770-0.782). The models with features avail-
able across healthcare systems (ie, excluding VA-spe-
cific measures; C-statistic=0.749-0.779) performed no
better than the model with substance-specific diagnoses
and VA demographics. We selected the LASSO model
with 61 features (C-statistic=0.802; online supplemental
appendix E) as the final model based on a combination
of performance and complexity. For the final model, the
most important variables for the model fit included docu-
mented diagnoses for AUD, a positive urine drug screen
for cannabinoids, demographic factors (sex, age, marital
status) and diagnoses for pain and related care (figure 1).

Comparison of site-level SUD identification

Across the 30 VAssites, diagnosis rates for SUD ranged from
6.4% to 13.9% and predicted SUD prevalence ranged
from 9.7% to 16.0%. Predicted SUD prevalence exceeded
the SUD diagnosis rate for 28 of 30 sites (figure 2), and
the difference ranged from -7.2 percentage points (pp)
to 1.3 pp (positive values indicate the observed SUD diag-
nosis rate was greater than predicted SUD prevalence).
Comparing sites’ rank ordering using observed diagnoses
vs predicted prevalence, 16 out of 30 sites had a ranking
that changed by at least a quintile (ie, a change in rank of
6 places or more), nine sites had a ranking that decreased
by at least a quintile (decreasing 7 to 22 places) and seven
sites increased by at least a quintile (increasing from 11 to
20 places; figure 3).

DISCUSSION

Predicted SUD prevalence, estimated using a validated
model with EHR data as inputs, exceeded the rate of EHR-
documented diagnoses for SUD for 28 out of 30 VA health-
care systems, and 16 out of 30 sites had a ranking that
changed by at least a quintile (ie, a change in rank of 6 places
or more). The variation in SUD identification we observed,
depending on whether identification was based on observed
SUD diagnoses or predicted SUD prevalence, signals a
potential weakness in the quality measurement system that
could undermine attempts to improve care based on these
measures. Half the sites had the ranking on SUD identifica-
tion measure change by a quintile or more, depending on
whether rank was based on observed diagnoses or predicted
prevalence. While there may be little stakeholder appetite for
additional quality measures, the use of ‘shadow measures’
with alternative denominators (eg, predicted SUD preva-
lence) may still provide important context for understanding
when variation in performance is driven by differences in
identification rather than care quality.

Our findings also highlight that while model-based esti-
mates of SUD prevalence may be a better prediction option
than relying on documented SUD diagnoses, structured
EHR alone may be insufficient to close the SUD measure-
ment gap and ensure adequate SUD identification. Concerns
around SUD identification are likely to become more salient
as patterns of drug-use changes. Cannabis use is increasing
rapidly among US adults of all ages,” ™ and this trend is
expected to continue as cannabis use is decriminalised
across the USA and as access to legal, recreational cannabis
increases. Improving SUD identification may require
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Table 2 Performance of the validated machine learning model to predict past-year prevalent substance-use disorder, by
model type and sets of model inputs

Positive Negative
predictive predictive  Brier Number of
Model (variables included)  C-statistic Accuracy Sensitivity Specificity value value score features
Diagnoses only*
LASSO 0.647 0.880 0.331 0.961 0.554 0.907 0.120 6
Ridge regression 0.646 0.880 0.331 0.961 0.554 0.907 0.120 6
Elastic net 0.647 0.880 0.331 0.961 0.554 0.907 0.120 6
Random forest 0.647 0.880 0.331 0.961 0.554 0.907 0.120 6
Gradient boosted machine  0.648 0.880 0.331 0.961 0.554 0.907 0.120 6
Diagnoses and age+sex
LASSO 0.775 0.880 0.636 0.773 0.293 0.935 0.120 8
Ridge regression 0.773 0.880 0.643 0.761 0.284 0.935 0.120 8
Elastic net 0.774 0.880 0.643 0.769 0.291 0.936 0.120 8
Random forest 0.767 0.880 0.643 0.762 0.284 0.935 0.120 8
Gradient boosted machine  0.768 0.880 0.630 0.767 0.285 0.934 0.120 8
Diagnoses and all demographicst
LASSO 0.782 0.880 0.695 0.753 0.293 0.944 0.120 16
Ridge regression 0.781 0.880 0.675 0.780 0.311 0.942 0.120 23
Elastic net 0.782 0.883 0.682 0.775 0.307 0.943 0.117 17
Random forest 0.778 0.882 0.656 0.792 0.318 0.940 0.118 23
Gradient boosted machine 0.770 0.882 0.688 0.754 0.292 0.943 0.118 23
Diagnoses and alcohol screening and brief interventiont
LASSO 0.672 0.880 0.396 0.939 0.488 0.913 0.120 6
Ridge regression 0.678 0.880 0.422 0.920 0.436 0.915 0.120 8
Elastic net 0.677 0.880 0.422 0.920 0.436 0.915 0.120 7
Random forest 0.677 0.881 0.422 0.920 0.436 0.915 0.119 8
Gradient boosted machine  0.678 0.872 0.422 0.920 0.436 0.915 0.128 8
All variables, excluding VA-specific measures§
LASSO 0.779 0.882 0.786 0.626 0.236 0.952 0.118 45
Ridge regression 0.767 0.879 0.630 0.778 0.295 0.934 0.121 103
Elastic net 0.776 0.884 0.831 0.576 0.224 0.959 0.116 62
Random forest 0.765 0.883 0.558 0.838 0.337 0.928 0.117 103
Gradient boosted machine  0.752 0.881 0.610 0.788 0.297 0.932 0.119 103
All variables, including VA-specific measuresf|
LASSO** 0.802 0.888 0.682 0.776 0.310 0.943 0.112 61
Ridge regression 0.792 0.888 0.610 0.833 0.349 0.935 0.112 171
Elastic net 0.800 0.888 0.727 0.731 0.285 0.948 0.112 80
Random forest 0.781 0.888 0.630 0.811 0.330 0.987 0.112 171
Gradient boosted machine  0.785 0.888 0.740 0.703 0.269 0.948 0.112 171

*Documented ICD-10 diagnoses for substance-specific disorders, obtained from VA electronic health record data.

TVA demographics included age, sex, marital status, VA enrollment priority group, rurality, history of military sexual trauma and VA service
connection.

FDocumentation of a positive screen for alcohol misuse and receipt of a brief intervention.

§Includes variables for age, sex, substance-specific diagnoses, SUD-related comorbidities and procedures and prescriptions for opioids,
sedatives or SUD pharmacotherapy (see online supplemental appendix D for details).

flincludes variables for VA demographics, substance-specific diagnoses, SUD-related comorbidities and procedures and prescriptions for
opioids, sedatives, or SUD pharmacotherapy, in addition to variables that may only be available in VA (alcohol screening and brief intervention,
urine drug screens, social determinants of health, facility-level rate of diagnosed SUD in prior year) or publicly available data (state-level SUD
prevalence; see online supplemental appendix D for details).

**Selected as the final model.
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Figure 1 Variable importance for the top 20 predictors, final LASSO model. Variable importance corresponds to the absolute

value of the estimated coefficient from the LASSO model.

fundamental changes to how the healthcare system assesses
substance use, including the potential use of non-alcohol
drug screening. The decision to adopt a programme of brief
drug screening is a complicated one, with trade-offs between
the utility of early identification and increased patient and
provider burden.” Although improvements to performance
measurement would be an ancillary gain and not the main
rationale forimplementing drug use screening, any screening
measure would function as more than just a tool for clinical
decision-making: it would serve as a direct measure of patient
identification, which is the foundation for performance
measurement and a key health services research variable. Itis,

therefore, crucial to understand the measurement properties
of candidate screening instruments, not only through the vali-
dation work used to develop the instrument but also by exam-
ining validity in specific healthcare systems and across patient
subgroups (eg, women Veterans; older adults). In addition,
tailoring quality measures for key subgroups,” ™ validating
alternative denominators** and optimising measures for
specific healthcare systems® may provide for more robust
quality metrics even as SUD identification improves.

Our final predictive model (a LASSO model with all
features) had the highest Gstatistic (0.802; n=61 features),
and relative to the LASSO model with only substance-specific

Difference between observed diagnosis rate and predicted SUD prevalence
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Figure 2 Comparison of observed substance-use disorder (SUD) diagnoses and predicted SUD prevalence across 30 sites.
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Difference in site-level SUD ranking (observed diagnoses versus predicted prevalence denominator)
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Figure 3 Comparison of site-level ranking for observed substance-use disorder (SUD) diagnoses and predicted SUD

prevalence across 30 sites.

diagnoses as features, the final model doubled the sensitivity
for classifying SUD (0.331 vs 0.682). Our final model had
better performance than a random forest model derived in a
recent study™ to predict lifetime AUD and SUD (measured
through a diagnostic interview) among patients with bipolar
disorder, which achieved an accuracy of 54-75% using a
combination of clinical and survey data. However, a Danish
study that predicted AUD (assessed with the AUDIT) using
EHR data achieved remarkably better performance (Cstatis-
tics up to 0.99).** Our model also generally did not perform
as well as prior models that used EHR inputs to predict SUD
diagnoses from the same EHR. Ellis and colleagues® used
random forest to predict diagnosed opioid dependence
using different sets of features (eg, lab tests, vital signs,
diagnoses, prescriptions and procedures). The reported
Cstatistics were 0.79-0.87 for lab tests and vitals (up to 0.93
for patients with a higher density of measurements) and
0.80-0.89 using diagnoses, prescriptions and procedures.
Lo-Ciganic and colleagues® used Medicare data to predict
documented opioid use disorder (OUD) using inputs avail-
able in Medicare claims data, with reported C-statistics of
0.87-0.88 with as few as 48 predictors. Hasan and colleagues*’
used Massachusetts claims data from 2011 to 2013 to predict
OUD and were able to build models with excellent predic-
tive performance when variables for a documented history
of opioid dependence or abuse were included in the models
(Csstatistic 0.92 or higher). However, it is notable that when
variables capturing a history of opioid dependence or abuse
were not included in the models, model performance (eg,
AUC=0.833) was close to the bestperforming models in the
current analysis.

Further improvements to models for SUD prevalence are
certainly possible, although it is not clear whether additional
structured data would improve performance. The addition
of unstructured EHR data offers promise, but methods for
analysing these data may not be optimal for quality measure-
ment. For example, SUD prediction could potentially be
improved by adding unstructured EHR data to the model
(eg, text mining clinical progress notes), but this strategy
would not scale for system-wide performance measurement

of >6million patients (as in the VA system). However, clin-
ical progress notes may still lack the necessary information
to detect undiagnosed and undocumented SUD. Providers
may be reluctant to ask patients about substance use,” and
if patients do not disclose this information,**™ there may
be a ceiling on how well we can predict SUD, regardless of
the quantity of data and complexity of the model. Moreover,
if the goal is to predict prevalent SUD, ongoing model vali-
dation would likely be needed to account for changes to
clinical practice (eg, implementing gender-tailored alcohol
screening),” documentation (eg, a switch from ICD9 to
ICD-10)>** or wholesale replacement of the EHR system.”
Validating a model for prevalent SUD, as opposed to docu-
mented SUD, would require further primary data collec-
tion on the target outcome or would be limited to indirect
validation against other EHR data that are, like SUD diag-
noses, prone to error. Finally, ML algorithms built with EHR
inputs are vulnerable to biases due to inherent limitations of
EHR data, including missing data and measurement error
for select groups of patients.”™ The differences in model
performance depending on whether the target outcome is
internal to the EHR (as in several prior studies) or external
(as in this analysis) raise questions about the extent to which
algorithms can uncover true measurement blind spots.

Our findings are subject to certain limitations. First,
this analysis used data for VA patients and survey respon-
dents, so generalisability to other patients and healthcare
systems should be done with caution. Second, the criterion
outcome was itself measured with an instrument subject
to error. Third, VA EHR data do not include potentially
important predictors that may be present in other systems
(eg, screening data for non-alcohol substance use).
Fourth, our inferences may be sensitive to some of the
data cleaning and modelling choices, although previous
work using VA data has suggested predictions can be
robust even with minimal variable cleaning.” Focusing
on VA patients allowed us to leverage an extensive body
of knowledge on how to quantify SUD and related factors
using VA data specifically, with trade-offs in generalis-
ability to other healthcare systems. Although it is possible
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to build high-performing predictive models for some
documented disorders (eg, OUD) using EHR data and
minimal domain knowledge, with or without using deep
learning methods,” the success of these approaches for
predicting SUD using an independently measured target
outcome has yet to be established. Finally, our process
of model building and validation required primary data
collection on the target outcome. In the absence of a
criterion outcome measure available from EHR or other
secondary data, it is challenging to update or refine the
predictive model, which may be a barrier to ongoing use
of an ML-based performance measure in practice.

CONCLUSIONS

The gap between true SUD prevalence and coded SUD diag-
noses is substantial. Site-level achievement on diagnosis-based
quality measures for SUD care may be distorted due to the
use of diagnoses, rather than prevalence, in the denominator.
The use of alternative measures with more accurate estimates
of prevalent SUD can help address measurement blind spots
and lead to improved SUD identification, and our findings
demonstrate it is possible to improve the prediction of SUD
using structured EHR data leveraged through a validated ML
model. However, there may be a limit on how well we can
predict SUD from structured EHR data, particularly in the
absence of a direct measure of non-alcohol drug use.
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