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BACKGROUND: Patterns of opioid use vary, including
prescribed use without aberrancy, limited aberrant use,
and potential opioid use disorder (OUD). In clinical prac-
tice, similar opioid-related International Classification of
Disease (ICD) codes are applied across this spectrum,
limiting understanding of how groups vary by socio-
demographic factors, comorbidities, and long-term risks.
OBJECTIVE: (1) Examine how Veterans assigned opioid
abuse/dependence ICD codes vary at diagnosis and with
respect to long-term risks. (2) Determine whether those
with limited aberrant use share more similarities to likely
OUD vs those using opioids as prescribed.
DESIGN: Longitudinal observational cohort study.
PARTICIPANTS: National sample of Veterans categorized
ashaving (1) likelyOUD, (2) limited aberrant opioiduse, or
(3) prescribed, non-aberrant use based upon enhanced
medical chart review.
MAINMEASURES:Comparison of sociodemographic and
clinical factors at diagnosis and rates of age-adjusted
mortality, non-fatal opioid overdose, and hospitalization
after diagnosis. An exploratorymachine learning analysis
investigated how closely those with limited aberrant use
resembled those with likely OUD.
KEY RESULTS: Veterans (n = 483) were categorized as
likely OUD (62.1%), limited aberrant use (17.8%), and
prescribed, non-aberrant use (20.1%). Age, proportion
experiencing homelessness, chronic pain, anxiety disor-
ders, and non-opioid substance use disorders differed by
group. All-cause mortality was high (44.2 per 1000
person-years (95% CI 33.9, 56.7)). Hospitalization rates
per 1000 person-years were highest in the likely OUD
group (831.5 (95% CI 771.0, 895.5)), compared to limited
aberrant use (739.8 (95% CI 637.1, 854.4)) and pre-
scribed, non-aberrant use (411.9 (95% CI 342.6, 490.4).
The exploratory analysis reclassified 29.1% of those with

limited aberrant use as having likely OUD with high
confidence.
CONCLUSIONS: Veterans assigned opioid abuse/
dependence ICD codes are heterogeneous and face vari-
able long-term risks. Limited aberrant use confers in-
creased risk compared to no aberrant use, and some
may already have OUD. Findings warrant future investi-
gation of this understudied population.
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INTRODUCTION

Over 10 million Americans misused opioids in 2019.1 How-
ever, only 1.6 million met criteria for opioid use disorder
(OUD),1 defined by the Diagnostic and Statistical Manual of
Mental Disorders, Fifth Edition (DSM-5) as the presence of ≥
2/11 pre-defined symptoms.2,3 Notably, it does not include
withdrawal and tolerance developing with long-term use of
prescribed opioids for pain.2,3 Misuse of opioids without
OUD can include a range of potentially harmful behaviors
(e.g., taking more than prescribed) without meeting OUD
criteria.4,5 Those with limited aberrant use comprise a size-
able proportion of those misusing opioids1,4,5 and may be
erroneously categorized.6,7 These individuals vary in moti-
vation, specific behaviors, and type of opioid(s) used, mak-
ing estimating prevalence challenging.4,5,8,9 Existing risk-
assessment tools have modest positive predictive value.10,11

Information regarding OUD epidemiology and treatment
patterns is often sourced from administrative data including
International Classification of Disease (ICD) codes.12–16 This
approach presents several challenges. First, ICD codes for
OUD include terminology such as opioid abuse, dependence,
and withdrawal, which is inconsistent with DSM-5 criteria
and may be incorrectly applied in clinical practice.17,18 In
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recent studies, approximately two-thirds of individuals with
an OUD diagnosis code had clinical documentation
supporting a high likelihood of DSM-5 diagnosis of OUD
on chart review.6,7,19 The remainder either had documenta-
tion of limited aberrant opioid use or had prescribed, non-
aberrant opioid use for chronic pain. Relying on ICD codes
alone also misses many with OUD.20 Furthermore, in a
cohort of patients with chronic pain prescribed opioids,
different proportions met criteria for ICD opioid dependence,
DSM-5 opioid use disorder, and a consensus definition of
“addiction.”18

In clinical practice, patients with limited aberrant pre-
scription opioid use are commonly encountered yet poorly
understood.4,5 They may not meet DSM-5 OUD criteria,
but may have complex dependence interacting with chron-
ic pain.18,21–24 Limited aberrant prescription opioid use
could represent emerging OUD in some patients; if so,
application of OUD treatment pathways may be appropri-
ate. Conversely, these behaviors might rarely progress to
OUD, but instead indicate uncontrolled chronic pain, oth-
er distress, or poor coping, and may resolve if these
factors were adequately addressed. Individuals could have
a relatively unique disorder reflecting a complex interac-
tion of opioid dependence, pain, and distress that becomes
most evident when attempting to taper.24 Thus, better
characterization is crucial for developing and testing po-
tential treatments.
Because limited aberrant use is poorly understood, it is

unclear whether it confers similar long-term outcomes as
OUD, including risk of opioid overdose, hospitalization,
and death.25–28 Some portion of those with limited aber-
rant use may have elevated risks. Others’ opioid usage
patterns may not meaningfully increase risk of harm. A
better understanding of how the risk of outcomes (i.e.,
non-fatal opioid overdose, hospitalization, and mortality)
varies according to opioid misuse behavior is a crucial
step needed to inform future research.
Therefore, in this study, we used a previously described

dataset of randomly selected Veterans Health Administra-
tion (VHA) patients with an incident OUD diagnosis in
their medical records.6 Veterans were grouped as having
(1) likely OUD, (2) limited aberrant opioid use, and (3)
prescribed, non-aberrant opioid use. We investigated dif-
ferences in sociodemographic, clinical, and medication
factors at the time of diagnosis. We also examined rates
of non-fatal opioid overdose, hospitalization, and mortal-
ity 3 years after diagnosis. Lastly, we conducted a two-
phase machine learning analysis exploring whether those
with limited aberrant use more closely resembled those
with likely OUD or those with non-aberrant opioid use.
The primary motivation was to examine similarities be-
tween individuals with limited aberrant opioid use and
those with likely OUD (a better-characterized population)
to inform future studies in this clinically important but
understudied population.

METHODS

Setting, Study Population, and Data Source

We conducted a retrospective cohort study combining admin-
istrative data with chart review, described in detail previously.6

We obtained data from 2012 to 2017 regarding Veterans’
incident OUD diagnoses via ICD-9/10 codes (Appendix A).
A new diagnosis was defined as receiving ≥ 2 identical OUD
codes on different days with no other OUD codes in the
preceding 2 years. Chart notes from 1 month before and 3
months following diagnosis were reviewed for signs/
symptoms of opioid use, misuse, and additional substance
use. Subjects were categorized based on the presence of specific
criteria in the month before diagnosis. Individuals noted to have
the following signs/symptoms were classified as having “likely
OUD”: provider noting that individual met DSM-5 OUD
criteria; seeking care for and/or requesting specific treatment
for OUD; IV/nasal opioid use; infection secondary to opioid use
(e.g., abscess); or ≥ 3 aberrant behaviors (e.g., requesting early
refills, taking more than prescribed). Patients with ≤ 2 aberrant
behaviors, and not otherwise meeting OUD criteria, were clas-
sified as having “limited aberrant opioid use.” “Prescribed, non-
aberrant opioid use” included medical (analgesic) use of pre-
scribed opioids only. Individuals with insufficient information
to classify were not examined further. Appendix B contains
details of category determination, including aberrant use
criteria. This study was approved by the Ann Arbor Veterans
Affairs Healthcare System Institutional Review Board.

Sociodemographic Factors and Comorbidities

Demographics and clinical information (age, sex, race, ethnic-
ity, homelessness status, rurality of patient address, medical
and mental health comorbidities in the year prior to diagnosis)
were obtained from the Corporate Data Warehouse (CDW), a
VHA administrative data source. Comorbidities were catego-
rized as the presence/absence of cancer, depression, serious
mental illness, post-traumatic stress disorder, anxiety disor-
der(s), and additional, non-opioid substance use disorder(s)
(SUDs). Homelessness status was obtained from VHA clinic
stop codes in the year prior to diagnosis (Appendix A). Infor-
mation regarding chronic pain presence was abstracted from
medical documentation at diagnosis. ICD data were used to
calculate the Elixhauser comorbidity index at diagnosis.29

Opioid and Additional Medication Data

Opioid prescriptions were obtained via VHA pharmacy data
and/or documentation in the medical record (as some used
non-VHA providers to obtain opioids). Use of other pre-
scribed analgesics (gabapentinoids, non-topical non-steroidal
anti-inflammatory drugs (NSAIDs), muscle relaxants) and
benzodiazepines was captured using VHA pharmacy data at
time of diagnosis (Appendix C). Use of non-prescribed opi-
oids, including heroin, was determined via chart documenta-
tion and included historical/remote use and current use.
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Outcomes

Data regarding non-fatal opioid overdose and hospitalization
were obtained using ICD codes from the CDW (Appendix A).
All-cause mortality was obtained from the Vital Status File,
which contains both VA and non-VA vital records.30 Out-
comes were ascertained for 3 years following each Veteran’s
incident diagnosis and described as age-adjusted rates per
1000 person-years.

Analysis

We categorized patients into three groups: (1) likely OUD, (2)
limited aberrant opioid use, and (3) prescribed, non-aberrant
opioid use. We examined group differences with respect to
sociodemographic factors, comorbidities, and medication use
at diagnosis using omnibus tests. Continuous variables were
non-normally distributed and compared across the three
groups using Kruskal-Wallis H tests. Chi-squared and Fisher
exact tests were used to compare categorical variables. Holm’s
method corrected for multiple comparisons.
Hypothetically, a proportion of patients with limited aber-

rant opioid use could have undiagnosed OUD. Likewise, some
may be more similar to those with prescribed, non-aberrant
use, and some may have a distinct condition. We conducted a
two-stage exploratory analysis to better understand how indi-
viduals in the limited aberrant use group compared to those in
the other two groups (likely OUD and prescribed, non-
aberrant use). First, we trained a binomial logistic regression
model using elastic net regularization (ENR) with the socio-
demographic, clinical, and medication use data only from
those with likely OUD and prescribed, non-aberrant use. We
chose ENR because this technique addresses several chal-
lenges inherent to standard regression techniques. ENR
models are at core similar to traditional regression but have
strengths at addressing overfitting and collinearity. Overfitting
occurs when a regression line fits training data well but poorly
fits novel data, causing falsely strong findings. ENR mitigates
this by omitting or reducing the effective strength of variables
empirically at high risk of causing overfitting.31 Collinearity in
standard regression techniques can make results for either
variable difficult to interpret and can lead to inaccurate re-
sults.32 By omitting select concerning variables, ENR also
reduces collinearity, leaving only variables with the highest
discriminatory ability in the model.31 The model training
resulted in the ability to assign a probability of individuals in
the limited aberrant use group of belonging to either of the
other groups. We weighted both likely OUD and prescribed,
non-aberrant use groups equally during model training.33 We
performed tenfold cross validation on 100 iterations and se-
lected model parameters with the highest average accuracy.
We utilized the R “SuperLearner” package34 to compare the
performance of multiple machine learning models, finding
that multiple model types produced similar accuracy statistics
and predicted similar class proportions as our initially chosen
model.

In the second phase, we applied the model to individuals in
the limited aberrant use group to reclassify them into one of
the other two groups. This resulted in a probability for each
individual being reclassified as having likely OUD or no
opioid use problems. Class reassignment was determined
using a cutoff of equal probability, allowing estimation of
whether each individual was more similar to those in the other
two groups. Model confidence, measured by the distance from
equal probability, estimated the degree of association. Thus,
probabilities closer to 0 or 1 (and further from 0.5) indicated
higher model confidence in class reassignment. Microsoft
Access 2016 and R version 3.6.0 were used for data manage-
ment; the R “glmnet” package was used for data analysis.35

RESULTS

Baseline Differences

Of 483 Veterans, n = 300 (62.1%) were classified as having
likely OUD; n = 97 (20.1%)were classified as having prescribed,
non-aberrant opioid use. The remainder (n = 86, 17.8%) were
categorized as having limited aberrant use. There were significant
differences across categories, detailed in Table 1. Most (63.4%)
were prescribed opioids at the time of OUD diagnosis. How-
ever, this varied from 47.7% in those with likely OUD to
76.7% in those with limited aberrant use (p < 0.001). All in
the prescribed, non-aberrant use category were prescribed
opioids by class definition. Non-prescribed opioid use (includ-
ing heroin) was much more common in the likely OUD
(67.7%) and limited aberrant opioid use (20.9%) groups than
in the prescribed, non-aberrant opioid use group (2.1%, p <
0.001). Non-opioid analgesics were also commonly pre-
scribed with no significant categorical differences.
Age, health, and social factors varied at time of diagnosis.

Chronic pain was less common in the likely OUD category
(68.2% vs approximately 90% in other categories). Mental
health comorbidities were common overall; anxiety disorders
and additional SUDs were much more common in those with
likely OUD. Nearly one-third of this group experienced home-
lessness in the year prior to diagnosis compared to < 10% in
other categories. There were no significant differences with
respect to sex, race, ethnicity, rurality, and other
comorbidities.

Longitudinal Outcomes

In the 3 years following incident OUD diagnosis, rates of all-
cause mortality and hospitalizations were overall high (Fig. 1).
Of the 483 individuals, n = 62 (12.8%) died, n = 11 (2.3%)
experienced a non-fatal opioid overdose, and n = 282 (58.4%)
were hospitalized at least once (mean hospitalizations 3.70
(SD 4.21)). The age-adjusted rate of all-cause mortality was
44.2 (95% CI 33.9–56.7) per 1000 person-years overall. De-
spite the mean age of those with likely OUD nearly 12 years
younger than those with prescribed, non-aberrant opioid use,
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those with likely OUD trended towards higher all-cause mor-
tality (46.8 (95% CI 33.0–64.5) vs 31.9 (95% CI 16.5–55.0)
per 1000 person-years). Those with likely OUD also had the
highest age-adjusted hospitalization rates per 1000 person-
years (831.5 (95% CI 771.0–895.5)), followed by those with
limited aberrant use (739.8 (95% CI 637.1–854.4)). Those
with prescribed, non-aberrant use had the significantly lowest
rate (411.9 (95%CI 342.6–490.4) per 1000 person-years). The
overall age-adjusted non-fatal opioid overdose rate was 7.85
(95% CI 3.92–14.0) per 1000 person-years with no significant
group differences.

Exploratory Classification Scheme

The elastic net regularization model identified seven variables
as meaningful for prediction of reclassification (Table 2). Fac-
tors increasing odds of being reclassified into the likely OUD
group included the use of non-prescribed opioids, presence of
an anxiety disorder, additional (non-opioid) SUD, and
experiencing homelessness. Factors increasing the odds of
being classified into the prescribed, non-aberrant use group
were older age and being prescribed opioids and muscle
relaxants. Upon applying the model to reclassify those in the
limited aberrant opioid use category, 29.1% were reclassified
into the likely OUD category with a high degree of model
confidence. The remaining 70.9% were reclassified into the
prescribed, non-aberrant opioid use category with a moderate

degree of model confidence (Fig. 2). The model had an inter-
nal accuracy of 0.80 (95% CI 0.76–0.84) and a c-statistic of
0.92. Appendix D reports details of model performance
metrics.

DISCUSSION

This study found that Veterans assigned OUD-related ICD
codes are significantly different with respect to age, chronic
pain, experiencing homelessness, psychiatric comorbidity,
and patterns of opioid use (e.g., prescribed or not). Rates of
all-cause hospitalization and mortality were high overall, with
likely OUD conferring the highest risk. Using an exploratory
machine learning model, we found that nearly one-third of
individuals with limited aberrant opioid use shared multiple
features with patients with a high likelihood of OUD.
Individuals in all categories had higher age-adjusted all-

cause mortality than expected at 44.2 deaths per 1000 per-
son-years.36 Our findings support prior work showing that
both OUD and use of prescribed opioids are associated with
increased mortality.17,28,37,38 To our knowledge, we provide
the first estimate of how all-cause mortality differs when
individuals are grouped by OUD likelihood. Specifically, we
found that the limited aberrant use group (nearly 20% of this
sample) experienced all-cause mortality risk intermediate of
the other groups. Those with prescribed, non-aberrant use had

Table 1 Sample Characteristics

Total
(n = 483)

Likely OUD
(n = 300)

Limited aberrant
opioid use
(n = 86)

Prescribed,
non-aberrant
opioid use
(n = 97)

p value*

Demographics
Age, mean (SD) 51.51 (14.60) 48.79 (14.06) 50.97 (15.19) 60.39 (12.14) < 0.001
Male sex, n (%) 439 (90.89%) 275 (91.67%) 78 (90.70%) 86 (88.66%) > 0.999
Race, n (%) 0.853
White 377 (78.05%) 231 (77.00%) 67 (77.91%) 79 (81.44%)
Black/African-American 76 (15.73%) 55 (18.33%) 11 (12.79%) 10 (10.31%)
Other/unknown 30 (6.21%) 14 (4.67%) 8 (9.30%) 8 (8.25%)

Hispanic ethnicity, n (%) 19 (3.93%) 12 (4.00%) 5 (5.81%) 2 (2.06%) > 0.999
Experienced homelessness in the year prior
to OUD diagnosis, n (%)

102 (21.12%) 87 (29.00%) 7 (8.14%) 8 (8.25%) < 0.001

Patient address rurality (n, % rural location) 164 (33.95%) 92 (30.67%) 29 (33.72%) 43 (44.33%) 0.425
Additional diagnoses in the 12 months prior to OUD diagnosis
Depression, n (%) 249 (51.55%) 166 (55.33%) 41 (47.67%) 42 (43.30%) 0.610
Serious mental illness, n (%) 81 (16.77%) 57 (19.00%) 17 (19.77%) 7 (7.22%) 0.237
Post-traumatic stress disorder, n (%) 171 (35.40%) 118 (39.33%) 24 (27.91%) 29 (29.90%) 0.531
Anxiety disorder, n (%) 153 (31.68%) 111 (37.00%) 26 (30.23%) 16 (16.49%) 0.011
Non-opioid substance use disorder, n (%) 258 (53.42%) 193 (64.33%) 36 (41.86%) 29 (29.90%) < 0.001
Cancer, n (%) 72 (14.91%) 35 (11.67%) 20 (23.26%) 17 (17.53%) 0.237
Chronic pain, n (%) 372 (77.02%) 205 (68.33%) 78 (90.70%) 89 (91.75%) < 0.001
Elixhauser comorbidity index, mean (SD) − 4.49 (6.59) − 4.64 (6.80) − 4.48 (5.78) − 4.02 (6.63) > 0.999

Prescribed medications at time of OUD diagnosis
Gabapentinoids, n (%) 80 (16.56%) 42 (14.00%) 17 (19.77%) 21 (21.65%) 0.853
Non-topical NSAIDs, n (%) 64 (13.25%) 44 (14.67%) 10 (11.63%) 10 (10.31%) > 0.999
Muscle relaxants, n (%) 52 (10.77%) 23 (7.67%) 13 (15.12%) 16 (16.49%) 0.237
Benzodiazepines, n (%) 49 (10.14%) 25 (8.33%) 7 (8.14%) 17 (17.53%) 0.266

Opioid use
Prescribed opioids at time of OUD diagnosis, n (%) 306 (63.35%) 143 (47.67%) 66 (76.74%) 97 (100.00%) < 0.001
Remote and/or current use of non-prescribed
opioids, n (%)

223 (46.17%) 203 (67.67%) 18 (20.93%) 2 (2.06%) < 0.001

*p values reflect results of omnibus tests for group differences. Continuous variables were non-normally distributed and compared across the three
groups using Kruskal-Wallis H tests. Chi-squared and Fisher exact tests were used to compare categorical variables
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the lowest risk, and thosewith likely OUD had the highest.We
also observed markedly high hospitalization rates, more than
twice the contemporaneous rate of Medicare beneficiaries.39

Those with likely OUD bore the highest risk, with rates similar
to previous reports.40,41 The limited aberrant use group expe-
rienced hospitalization rates intermediate of the other groups.
The overall number of non-fatal opioid overdoses captured
was relatively low; it was similar to rates in other studies of
patients prescribed long-term opioids.42 Our longitudinal ana-
lysis extends results of cross-sectional studies finding that
prescription OUD associates with worse health compared to

limited aberrant use, which in turn is riskier than using opioids
only as prescribed.43,44 Groups were highly variable both at
diagnosis and longitudinally despite identical ICD codes,
highlighting the limitations of administrative data alone in
identifying OUD.
Limited aberrant use is likely common,4,5 but poorly un-

derstood. This category could (a) indicate emerging OUD, (b)
primarily reflect patients’ attempts to better control chronic
pain (or other distress), or (c) represent a distinct disorder.
There is emerging consensus that this group has complex,
multidirectional interactions with chronic pain, psychological
distress, and physical opioid dependence.4,5,23,24 In some
cases, opioid taper attempts precipitate aberrant use.24,45 This
group experienced mortality and hospitalization rates interme-
diate of the others, suggesting that those with limited aberrant
use have a meaningfully increased risk of negative outcomes
compared to using opioids only as prescribed. Our exploratory
machine learning analysis further examined what factors relate
to this risk, and how they vary from those with the highest risk
(likely OUD) and lowest risk (prescribed, non-aberrant opioid
use). Future prospective work should examine whether factors
predictive of reclassification into the likely OUD category
(e.g., younger age, psychiatric comorbidity, non-prescribed
opioid use, and experiencing homelessness) increase risk of
developing OUD in the setting of limited aberrant use.
These findings may have implications for treatment. Pa-

tients who demonstrate some aberrant opioid use, such as
using more than prescribed or repeatedly requesting dose
increases, might benefit from specific pathways combining
aspects of treatment for OUD and chronic pain.5,46 For

Figure 1 Age-adjusted rates of outcomes per 1000 person-years. Individuals categorized as having likely OUD had the highest risk of all-cause
mortality and hospitalization, followed by those with limited aberrant opioid use. Those categorized as having prescribed, non-aberrant opioid

use had the lowest risk. Error bars represent 95% confidence intervals.

Table 2 Factors Significantly Influencing Reclassification of
Individuals in the Limited Aberrant Opioid Use Category to the

Likely OUD Category

Terms* OR†

Age in years 0.67
Experienced homelessness‡ 1.39
Anxiety disorder‡ 1.40
Non-opioid substance use disorder‡ 1.06
Prescribed muscle relaxants§ 0.97
Prescribed opioid(s)§ 0.21
Using non-prescribed opioid(s)§ 8.72

*Covariates not significantly affecting odds of reassignment (e.g., OR =
1.00) were removed by elastic net feature selection. These included sex,
race, ethnicity, patient address rurality, the presence of depression,
serious mental illness, post-traumatic stress disorder, chronic pain,
cancer, the Elixhauser comorbidity index, and prescription of
gabapentinoids, non-topical NSAIDs, and benzodiazepines
†Odds of being in the likely OUD group (prescribed, non-aberrant
opioid use group used as reference category)
‡In the year prior to OUD diagnosis
§At time of OUD diagnosis
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example, a combination of transitioning to buprenorphine,
which can provide analgesic benefit and potentially reduce
harm,22,47,48 along with multi-modal pain treatment5,46 is ripe
for further study. Additionally, while a well-validated longi-
tudinal risk prediction model exists for overdose and suicide-
related events in Veterans prescribed opioids (Stratification
Tool for Opioid Risk Mitigation (STORM49)), there is a need
for such risk prediction models of those with limited aberrant
use. Our study has important limitations. Our sample consisted
only of Veterans, who are mostly men, and who have higher
rates of OUD, overdose, homelessness, and mortality than the
general population.50–54 Additionally, Veterans frequently use
both VHA and non-VHA sources of care.55 While mortality
data was obtained from both VHA and non-VHA sources,
hospitalization and overdose data were only sourced from the
VHA and may be underrepresented. In the case of an over-
dose, a Veteran would likely be brought to the closest non-
VHA emergency department. Moreover, inclusion criteria
required incident OUD diagnoses made by clinicians,
reflecting real-world practice but subject to diagnostic reason-
ing errors.7,18 We attempted to validate diagnoses with exten-
sive chart review (described in detail previously6), which has
inherent limitations compared to real-time clinical assessment.
Clinicians are highly variable in decision-making and how
completely documentation describes OUD signs/symptoms.
However, chart documentation has advantages. It facilitates
understanding clinician reasoning and can be conducted at a
scale otherwise unfeasible with real-time evaluations. The
reclassification model was an exploratory analysis with a

relatively small sample size; larger samples are needed to
increase confidence. The model only intended to explore
similarities and differences of the limited aberrant use group
with the other, better understood groups. It cannot diagnose or
exclude OUD, nor can it predict longitudinal trajectory.

Conclusion

Veterans assigned anOUD diagnosis code inmedical records are
highly heterogeneous. Overall, they face higher risks of all-cause
mortality and hospitalization than general population samples of
similar age. To our knowledge, this study provides the first
estimate of how these outcomes differ when individuals with
OUD-related ICD codes are grouped according to OUD likeli-
hood. Those categorized as likely OUD were at the highest risk,
followed by those with limited aberrant use; those with pre-
scribed, non-aberrant use had the lowest risk. Preliminary analy-
ses focusing on individuals with limited aberrant opioid use
suggested approximately one-third share many features of
OUD. These findings suggest that a simple binary classification
of patients prescribed opioids for chronic pain and those with
OUD is an over-simplification of the opioid use spectrum.While
somewith limited aberrant behaviorsmay have emerging ormild
OUD, others may be experiencing a complex, dynamic relation-
ship between chronic pain and opioid dependence, warranting
further investigation into different treatment approaches.

Corresponding Author: Victoria D. Powell, MD; Palliative Care
Program, Division of Geriatric and Palliative Medicine, University of
Michigan, Ann Arbor, MI, USA (e-mail: powellvd@med.umich.edu).

Figure 2 Estimated probability of individuals in the limited aberrant opioid use group (n = 86) belonging to the other two groups after model
reassignment. The cutoff (probability = 0.5) indicates equal probability of reassignment to either group. Individuals assigned probabilities < 0.5

indicate model reassignment to the prescribed, non-aberrant opioid use group. Individuals assigned probabilities > 0.5 indicate model
reassignment to the likely OUD group. Increasing distance from the cutoff indicates higher model confidence of class reassignment.
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