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BACKGROUND: Opioids are commonly prescribed in the
hospital; yet, little is known about which patients will
progress to chronic opioid therapy (COT) following dis-
charge. We defined COT as receipt of ≥ 90-day supply of
opioids with < 30-day gap in supply over a 180-day period
or receipt of ≥ 10 opioid prescriptions over 1 year. Predic-
tive tools to identify hospitalized patients at risk for future
chronic opioid use could have clinical utility to improve
pain management strategies and patient education dur-
ing hospitalization and discharge.
OBJECTIVE: The objective of this study was to identify a
parsimonious statistical model for predicting future COT
among hospitalized patients not on COT before
hospitalization.
DESIGN: Retrospective analysis electronic health record
(EHR) data from 2008 to 2014 using logistic regression.
PATIENTS: Hospitalized patients at an urban, safety net
hospital.
MAIN MEASUREMENTS: Independent variables includ-
ed medical and mental health diagnoses, substance and
tobacco use disorder, chronic or acute pain, surgical in-
tervention during hospitalization, past year receipt of opi-
oid or non-opioid analgesics or benzodiazepines, opioid
receipt at hospital discharge, milligrams of morphine
equivalents prescribed per hospital day, and others.
KEY RESULTS: Model prediction performance was esti-
mated using area under the receiver operator curve, ac-
curacy, sensitivity, and specificity. A model with 13 covar-
iates was chosen using stepwise logistic regression on a
randomly down-sampled subset of the data. Sensitivity
and specificity were optimized using the Youden’s index.
This model predicted correctly COT in 79% of the patients
and no COT correctly in 78% of the patients.
CONCLUSIONS:Ourmodel accessed EHR data to predict
79% of the future COT among hospitalized patients. Ap-
plication of such a predictive model within the EHR could
identify patients at high risk for future chronic opioid use
to allow clinicians to provide early patient education

about pain management strategies and, when able, to
wean opioids prior to discharge while incorporating alter-
native therapies for pain into discharge planning.
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BACKGROUND

The USA is facing an unprecedented opioid epidemic. Accord-
ing to data from the 2015 National Survey of Drug Use and
Health, over two million people had a prescription opioid use
disorder.1 People who were uninsured, unemployed, or had
lower family incomes reported higher rates of opioid use,misuse,
or opioid use disorder.2 Opioid prescribing for chronic pain can
be challenging to clinicians who have little training in addiction
or managing patients whomisuse their opioidmedications.3 Risk
factors for opioid misuse among people on chronic opioid ther-
apy (COT) include a history of substance use disorder, younger
age, increased healthcare utilization, and depression or anxiety.4,
5 Predictive tools identify patients at risk of aberrant drug-related
behaviors6–8 and assist with diagnosing addiction in patients on
COT.9 Tools to identify patients at risk of becoming chronic
opioid users for both acute and chronic pain are lacking. This
is particularly important in the hospital where opioids are com-
monly prescribed for pain.10 Opioid receipt at hospital discharge
has been shown to be associatedwith an increased risk of chronic
opioid use.11 Predictive tools to identify hospitalized patients at
risk for future COTmay have clinical utility to improve hospital-
based pain management with a focus on limiting opioid prescrib-
ing when non-opioid analgesics, or other non-pharmaceutical
options, may be effective for pain control.
There are several approaches to develop a predictive tool.

Traditional models, such as logistic regression, have been used
to identify risk factors for COT.5, 12–14 Modern methods for
prediction include non-parametric and tree-based methods that
can handle large amounts of data available in the electronic
health record (EHR).15, 16 These methods are comparable to
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Table 1 Patient Demographic Characteristics and Distribution of Potential Predictors of Chronic Opioid Use

Chronic opioid use ρ value

Total
(N = 27,705)

Yes
(N = 1457)

No
(N = 26,248)

Gender, n (%)
Female 12,933 (46.7) 652 (44.7) 12,281 (46.8) 0.13
Race, n (%)
Hispanic 10,798 (39.0) 580 (39.8) 10,218 (38.9) 0.01
Non-Hispanic White 10,645 (38.4) 555 (38.1) 10,090 (38.4)
African American 4842 (17.5) 273 (18.7) 4569 (17.4)
Other or unknown 1420 (5.1) 49 (3.4) 1371 (5.2)
Age at index admission (years), n (%)
15– < 35 6017 (21.7) 150 (10.3) 5867 (22.4) < 0.0001
35– < 45 4734 (17.1) 267 (18.3) 4467 (17.0)
45– < 55 6919 (25.0) 506 (34.7) 6413 (24.4)
55– < 65 5880 (21.2) 400 (27.5) 5480 (20.9)
65– < 75 2745 (9.9) 110 (7.5) 2635 (10)
75– ≥ 85 1410 (5.1) 24 (1.6) 1386 (5.3)
Mean (SD) 48.1 (16.0) 50.2 (11.6) 48.0 (16.2)
Median (25th, 75th) 49 (37, 59) 51 (43, 58) 49 (36, 59)
Insurance status, n (%)
Discount payment plan* 8499 (30.7) 576 (39.5) 7923 (30.2) < 0.0001
Medicaid 8575 (31.0) 531 (36.4) 8044 (30.6)
Medicare 6260 (22.6) 259 (17.8) 6001 (22.9)
Commercial 2402 (8.7) 50 (3.4) 2352 (9.0)
Other/unknown/self-pay 1969 (7.1) 41 (2.8) 1928 (7.3)
Three-year history of, n (%)
Tobacco use disorder 9682 (34.9) 716 (49.1) 8966 (34.2) < 0.0001
Alcohol use disorder 7167 (25.9) 408 (28.0) 6759 (25.8) 0.06
Stimulant use disorder 1719 (6.2) 118 (8.1) 1601 (6.1) 0.003
Opioid use disorder 672 (2.4) 44 (3.0) 628 (2.4) 0.13
Chronic pain 14,914 (53.8) 1105 (75.8) 13,809 (52.6) < 0.0001
Acute pain 10,073 (36.4) 611 (41.9) 9462 (36.0) < 0.0001
Top three mental health disorders, n (%)
Depression 6318 (22.8) 491 (33.7) 5827 (22.2) < 0.0001
Anxiety disorder 3677 (13.3) 265 (18.2) 3412 (13.0) < 0.0001
Bipolar disorder 2362 (8.5) 135 (9.3) 2227 (8.5) 0.30
Any mental health disorder, n (%) 9805 (35.4) 634 (43.5) 9171 (34.9) < 0.0001
Top three chronic medical conditions, n (%)
Hypertension 11,799 (42.6) 773 (53.1) 11,026 (42.0) < 0.0001
Respiratory disease 7060 (25.5) 444 (30.5) 6616 (25.2) < 0.0001
Diabetes mellitus 5701 (20.6) 376 (25.8) 5325 (20.3) < 0.0001
Any chronic medical condition, n (%) 17,535 (63.3) 1102 (75.6) 16,433 (62.6) < 0.0001
Charlson Comorbidity Index from the 3-year diagnosis history
Mean (SD) 1.9 (2.2) 2.4 (2.5) 1.9 (2.2) < 0.0001
Median (25th, 75th) 1 (0, 3) 2.0 (1, 3) 1.0 (0, 3)
Discharge diagnoses, n (%)
Chronic pain 8346 (30.1) 729 (50.0) 7617 (29.0) < 0.0001
Acute pain‡ 4586 (16.6) 255 (17.5) 4331 (16.5) 0.32
Neoplasm§ 1447 (5.2) 170 (11.7) 1277 (4.9) < 0.0001
Top three surgical procedures during initial hospitalization, n (%)
Digestive system 3437 (12.4) 225 (15.4) 3212 (12.2) < 0.001
Musculoskeletal system 3037 (11.0) 258 (17.7) 2779 (10.6) < 0.0001
Cardiovascular system 2312 (8.3) 157 (10.8) 2155 (8.2) < 0.001
Patients who had surgical procedure during index hospitalization, n (%) 10,956 (39.5) 700 (48.0) 10,256 (39.1) < 0.0001
Number of healthcare encounters in the 1-year preceding the index admission, n (%)
0 23,280 (84.0) 1196 (82.1) 22,084 (84.1) 0.03
1 3413 (12.3) 197 (13.5) 3216 (12.3)
2+ 1012 (3.7) 64 (4.4) 948 (3.6)
Mean (SD) 0.2 (0.6) 0.2 (0.7) 0.2 (0.6)
Median (25th, 75th) 0.0 (0, 0) 0.0 (0, 0) 0.0 (0, 0)
Past year benzodiazepine receipt, n (%) 1606 (5.8) 227 (15.6) 1379 (5.3) < 0.0001
Past year receipt of non-opioid analgesics (NSAIDs, neuropathic agents,
topical capsaicin, and lidocaine), n (%)

4875 (17.6) 620 (42.6) 4255 (16.2) < 0.0001

Past year number of opioid prescriptions filled, n (%)
0 21,543 (77.8) 549 (37.7) 20,994 (80.0) < 0.0001
1 3167 (11.7) 249 (17.1) 2918 (11.1)
2 1331 (4.8) 197 (13.5) 1134 (4.3)
3 646 (2.3) 132 (9.1) 514 (2.0)
4–9 1018 (3.7) 330 (22.6) 688 (2.6)
Receipt of opioid at discharge, n (%) 8028 (29.0) 817 (56.1) 7211 (27.5) < 0.0001
Milligrams of morphine per hospital day, n (%)
0 9655 (34.8) 189 (13.0) 9466 (36.1) < 0.0001
0.01 < 10 3320 (12.0) 108 (7.4) 3212 (12.2)

(continued on next page)
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parametric approaches with respect to their prediction perfor-
mance.16–18 This study aimed to identify a parsimonious pre-
dictive model of future COT among hospitalized patients not
on COT in the 1 year preceding their hospitalization. We used
EHR data from an urban, safety net hospital to develop and
compare various algorithms with respect to their accuracy,
sensitivity, and specificity to predict progression to COT
one year following hospital discharge.

METHODS

Study Design and Setting

This was a retrospective cohort study of all hospital discharges
from Denver Health Medical Center, an integrated safety net
health system in Denver, Colorado, between 2008 and 2014.
Patients accessed care at a 477-bed hospital, an emergency
department, an urgent care center, community health centers,
subspecialty clinics, and a public health department.19 The ma-
jority of patients had incomes < 185% of the Federal Poverty
Level and 70% were ethnic minorities.20 This study was ap-
proved by the Colorado Multiple Institutional Review Board
and adhered to the Transparent Reporting of a multivariable
prediction model for Individual Prognosis or Diagnosis
(TRIPOD) statement on reporting predictive models.21

Data Source and Participants

All data were queried from the Denver Health data warehouse
which pools demographic, pharmacy, laboratory data, and Inter-
national Classification of Diseases Diagnosis and Procedural
Codes, Ninth Revision (ICD-9 CM) obtained during patient care.
Pharmacy data included inpatient opioid prescribing (dosing and

type) and outpatient pharmacy data (Table 1). The first hospital
discharge for each patient over the study periodwas categorized as
the Bindex discharge.^ From these patients, we excluded patients
on COT (defined below) or opioid agonist therapy (methadone or
buprenorphine/naloxone) in the 1 year preceding their index
discharge. We excluded patients < 15 or > 85 years old, in prison,
jail, or police custody, who died following their index discharge,
had < 2 healthcare visits to Denver Health three years preceding
their index discharge, were undocumented persons receiving
emergent hemodialysis, or were obstetric patients. We excluded
patients with < 2 healthcare visits to Denver Health, because they
were less likely to receive follow-up health care in this system.We
excluded incarcerated patients, because ongoing health care and
medication dispensing occurs within the correctional system. We
excluded obstetric patients, because they tended to be younger and
healthier than themedical and surgical patients in the study sample
and were not reflective of the overall patient population. Lastly,
we excluded subsequent hospital discharges to ensure our dataset
only included each patient’s first hospitalization during the study
period. We did not exclude patients with malignancy diagnoses,
because, increasingly, individuals with cancer are surviving to
remission. These patients may develop chronic pain due to cancer
burden, exposure to cancer treatment, or other medical comorbid-
ities. While opioid therapy is widely accepted to manage malig-
nancy-related pain, the use of opioids to manage chronic pain in
patients who are cancer free following treatment is not grounded
in broad consensus.22, 23

Outcome

The study outcome was COT one year following the index
discharge. We defined COT as Ba 90-day or greater supply of

Table 1. (continued)

Chronic opioid use ρ value

Total
(N = 27,705)

Yes
(N = 1457)

No
(N = 26,248)

10 < 51 7337 (26.5) 490 (33.6) 6847 (26.1)
51 < 100 4413 (15.) 371 (25.5) 4042 (15.4)
100+ 2980

(10.8%)
299 (20.5) 2681 (10.2)

Mean (SD) 37.7 (65.4) 64.4 (76.7) 36.2 (64.4)
Median (25th, 75th) 12.5 (0, 54.7) 45.5 (14.3, 90.2) 10.8 (0, 52.2)
Length of hospital stay (days)
1 8449 (30.0) 383 (26.3) 8066 (30.7) 0.0003
2 5655 (20.4) 282 (19.4) 5373 (20.5)
3–5 7801 (28.2) 450 (30.9) 7351 (28.0)
6+ 5800 (20.9) 342 (23.5) 5458 (20.8)
Mean (SD) 4.7 (9.0) 4.9 (7.7) 4.6 (9.1)
Median (25th, 75th) 2 (1, 5) 3 (1, 5) 2 (1, 5)
Number of subsequent hospitalizations within 12 months post hospital discharge
Mean (SD) NA 1.48 (2.20) 0.54 (1.21) < 0.001
Median (25th, 75th) NA 1 (0,2) 0 (0,1)

*Discount payment plans includes Child Health Plan Plus (CHP+), Colorado Indigent Care Program (CICP), or the Denver Health Financial
Assistance Program (DFAP). Eligibility includes Colorado residency or migrant farm worker, citizenship, or legal immigrant; income/combined
resources at or below 250% of the federal poverty level; and not eligible for Medicaid
Includes arthritis/joint, back/neck, joint, sprains, nerve-related, psychogenic, and headache pain
‡Excludes benign neoplasm, carcinoma in situ, neoplasm of uncertain behavior, and neoplasm of unspecified nature
§Fractures, dislocations, sprains, injury, contusion, burns, surgical and medical complications, osteomyelitis, periostitis, and petrositis
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oral opioids with less than a 30-day gap in supply within a
180-day period or receipt of ≥10 opioid prescriptions over one
year following the index discharge.^24, 25

Predictor Selection

Predictors were selected based on clinical experience and were
informed by the literature.6–9, 11, 14, 26 We were interested in
identifying modifiable factors associated with future COT
related to the index discharge that were available in the
EHR. Data were identified from previous encounters prior to
the index discharge. We identified gender, race/ethnicity, age,
and insurance status from registration data collected at the
index hospitalization. Insurance status was classified as dis-
count payment plan (Child Health Plan Plus; Colorado Indi-
gent Care Program; Denver Health Financial Assistance

Program), Medicare, Medicaid, commercial, or unknown/oth-
er/self-pay.
We obtained medical and mental health diagnoses and sub-

stance use disorders (alcohol, stimulant, and tobacco) by que-
rying patient encounters in the three years preceding the index
discharge using ICD-9 CM codes (Table 1, Online Appendix
1).27 From these diagnoses, we calculated a Charlson Comor-
bidity Index.28 Discharge diagnoses of acute pain, chronic pain,
and neoplasmwere reported (Table 1). Surgery during the index
hospitalization was determined by ICD-9 CM procedural codes
(Online Appendix 1). Cannabis use was not examined, because
medical marijuana was legalized in Colorado in 2010, and was
inconsistently documented in the EHR.29

We identified opioid analgesics, neuropathic agents, non-
steroidal anti-inflammatory drugs (NSAIDs), other analgesics
(topical capsaicin, lidocaine), tricyclic antidepressants, and
benzodiazepines filled at Denver Health pharmacies in the
one year preceding the index discharge (Online Appendix 2).
Other data captured included opioid receipt within three days
of hospital discharge, milligrams of morphine equivalents
(MMEs) administered daily during the hospitalization, length
of hospital stay, the number of healthcare encounters one year
preceding the index discharge, and the number of healthcare
encounters in the one year post index discharge.

Statistical Analysis and Model Development

Patients with and without chronic opioid use were compared
with respect to their demographic characteristics using t tests
for continuous variables, chi-squared or Fisher’s exact tests for
categorical variables, and Cochran-Mantel-Haenszel tests for
ordinal variables (Table 1). We examined the relationship
between continuous predictors and the probability of COT

Table 2 Logistic Regression Parameter Estimates from the Model Selected Using Stepwise Regression on the Down-Sampled Training Set

Variable Odds ratio (95% confidence interval) ρ value

Age 1.19 (1.14–1.25) < 0.01
Insurance, (ref = Medicaid)
Discount payment plan 1.04 (0.79–1.36) 0.78
Medicare 0.73 (0.52–1.03) 0.07
Commercial 0.43 (0.25–0.73) < 0.01
Other/unknown/self-pay 0.54 (0.31–0.92) 0.02
Milligrams of morphine per hospital day, (ref = 0)
0.01 < 10 1.65 (1.09–2.52) 0.02
10 < 51 2.08 (1.47–2.93) < 0.01
51 < 100 2.23 (1.49–3.35) < 0.01
100+ 3.37 (2.1–5.41) < 0.01
Number of healthcare encounters in the 1 year preceding the index admission (0, ≥ 1), (ref = 0) 0.63 (0.47–0.84) < 0.01
Receipt of opioid at discharge, (ref = no) 2.33 (1.78–3.04) < 0.01
Past year number of opioid prescriptions filled, (ref = 0)
1 1.99 (1.46–2.71) < 0.01
2 3.31 (2.26–4.83) < 0.01
3 4.19 (2.47–7.12) < 0.01
4–9 9.87 (6.33–15.37) < 0.01
Past year receipt of non-opioid analgesics, (ref = no) 1.92 (1.49–2.48) < 0.01
Past year benzodiazepine receipt, (ref = no) 1.89 (1.26–2.82) < 0.01
Three-year history of any substance use disorder, (ref = no) 1.24 (0.98–1.56) 0.07
Three-year history of a chronic pain diagnosis, (ref = no) 1.79 (1.41–2.26) < 0.01
Surgery during index hospitalization, (ref = no) 0.57 (0.44–0.74) < 0.01
Charlson Comorbidity Index 1.11 (1.05–1.17) < 0.01
Number of subsequent hospitalizations within 12 months post hospital discharge (0, ≥ 1), (ref = 0) 1.51 (1.39–1.64) < 0.01

Fig. 1 Flow diagram for study participants. See TIFF file attached.
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using locally weighted scatterplot smoother (lowess).30 Vari-
ables examined included age, MMEs, Charlson Comorbidity
Index, hospital length of stay (LOS), past year opioid and/or
non-opioid analgesic receipt (NSAIDs, neuropathic agents,
topical capsaicin, lidocaine), the number of healthcare encoun-
ters one year preceding the index discharge, and the number of
healthcare encounters in the one year post index discharge.
Age, MMEs, LOS, and healthcare encounters were non-
linearly related to the probability of COT. The relationship
between age and COT was quadratic. Hospital length of stay
was loglinearly related to COT. Daily MMEs in the hospital
and the numbers of past year opioid prescriptions filled pre-
ceding the index hospitalization were categorized into clini-
cally significant groups to meaningfully interpret their rela-
tionship to COT.31, 32 The Charlson Comorbidity Index was
linearly related to COT.
We compared the prediction performance of various

binary classification algorithms to determine which meth-
od best predicted COT in this population. These algo-
rithms included random forests, least absolute shrinkage
and selection operator (lasso), and stepwise logistic re-
gression. We used a temporal split of the data, where the
models were trained on years 2008–2011 (65%) and tested
on years 2012–2014 (35%). This method aligns with the
Tripod prediction model Type 2B.16, 21 Due to the ex-
treme imbalance in the outcome variable, COT (only 5%
prevalence), we down-sampled the majority class (no
COT) in the training data to create an equal number of
COT versus no COT. To down-sample, we took a random
sample of the majority class which was equal in size to the
minority class. This resulted in 1,061 with COT and 1,061
with no COT. This method has been shown to improve
prediction performance in imbalanced data.33 We com-
pared the three algorithms (random forests, lasso, and
stepwise logistic regression) with respect to accuracy,
sensitivity, specificity, positive predictive value, negative
predictive value, and area under the receiver operating
curve (AUC) by fitting them to the down-sampled training
data and testing them on the hold-out set. All three per-
formed similarly, with slightly higher prediction perfor-
mance achieved by logistic regression (data not shown).
We proceeded with logistic regression, because it per-
formed well, it can be easily implemented in the EHR,
and it provides interpretable associations between the ex-
planatory variables and COT.
The multiple logistic regression model was used to estimate

associations between the explanatory factors (Table 2) and COT
and to predict COT in the test set. The best subset of factors was
determined using stepwise selection, with a cutoff of ρ < 0.05.
Although p < 0.05 would ordinarily be high for a sample size
this large, because we first down-sampled the majority class, we
felt that ρ < 0.05 was appropriate. An optimal cutoff for classi-
fying the fitted probabilities from the logistic regression model
was estimated using the Youden’s index.34 All analyses were
performed in the R programming language.35

RESULTS

From January 1, 2008 to December 31, 2014, there were
159,574 hospital admissions. After applying our exclusion
criteria, 27,705 (17.4%) patients remained (Fig. 1). Of these
patients, 1457 (5.3%) were on COT one year following their
index discharge. Table 1 lists patient demographic and clinical
characteristics at the index hospitalization and compares de-
mographic and clinical characteristics of patients with and
without chronic opioid use one year following discharge.
Patients who progressed to COT were most frequently be-
tween the ages 45–54 years old (ρ < 0.0001). Future COT
was associated with a history of tobacco use (ρ < 0.0001), a
history of acute or chronic pain (ρ < 0.0001), a three-year
history of a mental health diagnosis (ρ < 0.0001), and a dis-
charge diagnosis of chronic pain (ρ < 0.0001). Patients who
progressed to COT one year post discharge had a higher
Charlson Comorbidity Index on hospital admission compared
to patients who did not progress to COT (mean 2.4, [standard
deviation (SD) 2.5] versus 1.9, [SD 2.2]); ρ < 0.0001). Receipt
of opioids, benzodiazepines, NSAIDs, or neuropathic pre-
scriptions one year preceding hospitalization was more com-
mon among patients with future COT (p < 0.0001) as was
receipt of an opioid at discharge (ρ < 0.0001). Mean MMEs
per hospital day was greater among patients who progressed to
COT (64.4 mg [SD 76.7 mg)]) versus those who did not
(36.2 mg [SD 64.4]) (ρ < 0.0001). Increasing length of hospi-
tal stay was also associated with future COT (p = 0.0003).

In the logistic regression model, 13 variables were select-
ed using stepwise selection (Table 2). Patients prescribed
opioids at discharge had more than twice the odds of devel-
oping COT than those who were not prescribed opioids at
discharge (adjusted odds ratio (AOR) 2.33, 95% confidence
interval (CI) [1.78, 3.04], Table 2). Increasing MMEs pre-
scribed per day during the index hospitalization was asso-
ciated with increased odds of developing COTone year post
hospital discharge (Table 2). Past year receipt of non-opioid
analgesics (AOR 1.92, 95% CI [1.49, 2.48]) and past year
receipt of a benzodiazepine (AOR 1.89, 95% CI [1.26,
2.82]) was associated with COT one year post discharge.
Prior history of chronic pain (AOR 1.79, 95% CI [1.41,
2.26]) and number of subsequent hospitalizations post in-
dex discharge (AOR 1.51, 95% CI [1.39, 1.64) was also
associated with future COT.

The multiple logistic regression model correctly predicted
79% of the COT patients and 78% of the no COT patients. The
ideal cut point for the fitted probability when optimizing the
AUC was 0.45. The accuracy of this model was 78%, and the
AUC was 0.86. For comparison, we also fit a stepwise multi-
ple logistic regression model to the full training dataset (before
down-sampling the majority class) and used the Youden’s
index to determine the ideal cut point, which was estimated
to be 0.07. This produced slightly higher specificity (83%),
slightly lower sensitivity (74%), and slightly higher accuracy
(83%) than the model fit to the down-sampled data; however,
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the final model contained 20 variables (as compared to 13 in
the down-sampled data). Therefore, we chose the model fit to
the down-sampled data because it achieved higher sensitivity
with fewer variables.

DISCUSSION

In this study we developed a statistical model for prediction of
COT among hospitalized patients at an urban, safety net
hospital. This model is unique from other opioid risk assess-
ment tools,6, 8, 36 because it accessed data available in the EHR
and did not require additional data gathering and documenta-
tion from clinicians or other healthcare providers. A predictive
model created from EHR data, when incorporated into a
clinical workflow, has the potential to rapidly identify high-
risk patients and provide real-time alerts to clinicians for
decision-making when prescribing opioids during hospitaliza-
tion and discharge.
In the logistic regression model, noteworthy risk factors for

COT included more than 10 mg of morphine equivalents pre-
scribed per day during hospitalization, two or more opioid
prescriptions filled in the year preceding the index hospitaliza-
tion, past year receipt of non-analgesic pain medications, and
past year receipt of benzodiazepines in the one year preceding
the index hospitalization (Table 2). The association between
past year opioid and non-opioid analgesic receipt with future
COT has also been shown in patients undergoing bariatric
surgery37 and total hip arthroplasty.38 Past year benzodiazepine
receipt was also associated with an increased odds of COT. This
is concerning, because coadministration of these medications
produces a defined increase in rates of adverse events, overdose,
and death.39 In our findings, Charlson Comorbidity Index was
associated with COT. Patients with functional limitations and
greater disease burden often have diagnoses known to be asso-
ciated with chronic pain, including osteoarthritis,40 fibromyal-
gia,41 and low back pain.42 Surgery at the index hospitalization
was not associated with COT. This is likely because acute
surgical pain often resolves and opioids are not needed long
term. Finally, opioid receipt at discharge was predictive of COT,
an association which has been previously reported.11 This var-
iable is modifiable, and clinicians should consider this relation-
ship when prescribing opioids to high-risk patients at discharge.
This study demonstrates the benefit of using a common

generalized linear model technique combined with sampling
to access data available in the EHR to create a clinically
relevant prediction model. When compared to other prediction
models developed using large datasets and machine learning
techniques to predict the development of diabetes,43 pancrea-
titis severity,44 heart failure readmissions,44, 45 and sepsis18

(sensitivities 0.74, 0.87, and 0.92, respectively, and AUCs
0.78, 0.82, and 0.86, respectively), results of our model are
encouraging and could benefit clinical practice. While no
prediction model has been published to identify hospitalized
patients at high-risk of future COT, prediction tools to assess

the patient’s risk of opioid misuse have been developed and
validated. Such tools include the Screener and Opioid Assess-
ment for Patients with Pain (SOAPP-R; sensitivity 0.81; AUC
0.81),36 the Current Opioid Misuse Measure (COMM; sensi-
tivity 0.77; AUC 0.81),6 and the Opioid Risk Tool (ORT; c =
0.82).8 These tools have not been validated in the hospital
setting and administration and scoring of these tools can be
time consuming; thus, their feasibility of use in a busy
hospital-based practice is limited.
This model addresses an area of medicine which is critically

important—the long-term effect of opioid prescribing among
hospitalized patients. Accessing electronically available data to
develop and integrate prediction models into an EHR offers a
promising, time-saving method to address the risk of future
chronic opioid use in a fast-paced hospital practice. A predictive
tool integrated into an EHR allows for a real-time screening to
identify high-risk patients. Other EHR-based tools have reduced
morbidity and mortality from thromboembolic disease, sepsis,
and infections46–51 and illustrate the benefit of implementing
predictive tools linked to the EHR to inform clinical practice.

LIMITATIONS

We were limited in creating our model based upon the data
available in our EHR. There were inherent limitations to using
administrative data which include variability in data collection,
i.e., where, when, how, and by whom, as well as any policy
changes in the hospital which may affect data collection. These
limitations would contribute to under ascertainment bias. How-
ever, given the intent of creating a real-time predictive model,
we believe using data available in the EHR was appropriate. In
our model development, we included variables we felt were
most likely to be associated with COT and we may have
inadvertently left out other predictive variables.Wewere unable
to capture patients who filled prescriptions at non-affiliated
pharmacies or patients who used opioids without a prescription,
which may cause selection bias for cohort categorization and
under ascertainment bias for COT after one year. Our dataset
comes from an urban, safety net healthcare system where the
majority of patients are ethnic minorities and are insured by
Medicaid; thus, these study results may not be generalizable to
the general population. Finally, healthcare systems across the
USA use a variety of EHRs which have a range of capabilities
with varied practices in generating problems lists, accessing
prescription data, and/or accessing health records from other
healthcare institutions. This study accessed EHR data from one
healthcare institution and may not be generalizable to an insti-
tution that utilizes different EHRs.

CONCLUSION

We demonstrated that a generalized linear model that corrects
for imbalanced data can be used to predict future COT among
hospitalized patients. Our model identified 79% of the future
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COT patients, which is much better than chance. The model
could be easily integrated into the clinical workflow to alert
physicians when a patient is at high-risk for COT. Early
identification allows for targeted patient education and clini-
cian prompts to modify pain management strategies and opi-
oid prescribing when appropriate.
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