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a b s t r a c t

Background: Postoperative recovery after total hip arthroplasty (THA) can lead to the development of
prolonged opioid use but there are few tools for predicting this adverse outcome. The purpose of this
study is to develop machine learning algorithms for preoperative prediction of prolonged opioid pre-
scriptions after THA.
Methods: A retrospective review of electronic health records was conducted at 2 academic medical
centers and 3 community hospitals to identify adult patients who underwent THA for osteoarthritis
between January 1, 2000 and August 1, 2018. Prolonged postoperative opioid prescriptions were defined
as continuous opioid prescriptions after surgery to at least 90 days after surgery. Five machine learning
algorithms were developed to predict this outcome and were assessed by discrimination, calibration, and
decision curve analysis.
Results: Overall, 5507 patients underwent THA, of which 345 (6.3%) had prolonged postoperative opioid
prescriptions. The factors determined for prediction of prolonged postoperative opioid prescriptions
were age, duration of opioid exposure, preoperative hemoglobin, and preoperative medications (anti-
depressants, benzodiazepines, nonsteroidal anti-inflammatory drugs, and beta-2-agonists). The elastic-
net penalized logistic regression model achieved the best performance across discrimination
(c-statistic ¼ 0.77), calibration, and decision curve analysis. This model was incorporated into a digital
application able to provide both predictions and explanations (available at https://sorg-apps.shinyapps.
io/thaopioid/).
Conclusion: If externally validated in independent populations, the algorithms developed in this study
could improve preoperative screening and support for THA patients at high risk for prolonged post-
operative opioid prescriptions. Early identification and intervention in high-risk cases may mitigate the
long-term adverse consequence of opioid dependence.
Level of Evidence: III.
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Americans make up 5% of the global population but consume
80% of the world’s opioid supply [1]. From 1999 to 2017, annual
deaths related to prescription opioids increased 5-fold with a total
of 218,000 deaths over this time period [2]. Opioids are commonly
prescribed for the acute recovery from procedures such as total hip
arthroplasty (THA) but the postoperative period has been identified
as a high-risk setting for the development of long-term opioid
dependence [3e6].

Previous studies have identified risk factors for prolonged opioid
use after THA, but there are currently no preoperative algorithms to
predict this adverse outcome after THA [3,7,8]. Machine learning is
a subfield of statistics and computer science with increasing
popularity for predictive analytics in orthopedics [9e12]. Previous
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Table 1
Baseline Characteristics of Study Population, n ¼ 5507.

Variable n (%) j Median (IQR)

Age 66.0 (57.0-74.0)
Female gender 2725 (49.5)
Race
Non-White 294 (5.5)
White 5050 (94.5)

Ethnicity
Hispanic 40 (0.7)
Non-Hispanic 5304 (99.3)

Marital status
Married 3289 (62.2)
Not married 2002 (37.8)

Veteran 808 (15.0)
Disposition
Inpatient 5409 (98.2)
Outpatient 98 (1.8)

Laboratory characteristics
Hemoglobin 13.6 (12.6-14.6)
White blood cell 7.00 (5.89-8.30)
Platelet 257.0 (216.0-303.0)
Creatinine 0.90 (0.80-1.10)

Insurance status
Medicaid 202 (3.7)
Medicare 2662 (48.3)
Free Care 104 (1.9)
Self-pay 73 (1.3)

Zip code characteristics
Median household income ($) 83,003 (62,997-102539)
Median age (y) 42.3 (38.0-45.1)
High school graduation rate (%) 0.23 (0.14-0.30)
Unemployment rate (%) 0.055 (0.045-0.070)
Population density 1924 (766-5766)

Medications
Angiotensin converting enzyme inhibitor 566 (10.3)
Angiotensin receptor blocker 249 (4.5)
Antidepressant 488 (8.9)
Beta-2-agonist 272 (4.9)
Beta-blocker 689 (12.5)
Benzodiazepines 422 (7.7)
Gabapentin 223 (4.0)
Immunosuppressant 745 (13.5)
Nonsteroidal anti-inflammatory drug 969 (17.6)
Opioid 1213 (22.0)
Antipsychotic 119 (2.2)

Comorbidities
Tobacco use 246 (4.5)
Alcohol abuse 62 (1.1)
Drug abuse 60 (1.1)
Diabetes 385 (7.0)
Renal failure 136 (2.5)
Depression 511 (9.3)
Psychosis 28 (0.5)
Myocardial infarction 210 (3.8)
Congestive heart failure 216 (3.9)
Peripheral vascular disease 209 (3.8)
Cerebrovascular accident 158 (2.9)
Chronic obstructive pulmonary disease 529 (9.6)
Arrhythmias 739 (13.4)
Valvular disease 303 (5.5)
Liver disease 114 (2.1)
Solid tumor 153 (2.8)

Preoperative opioid duration
None 4451 (80.8)
<180 d 556 (10.1)
>180 d 500 (9.1)

Sustained opioid prescription 345 (6.3)

IQR, interquartile range.
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studies have used this methodology to predict postoperative opioid
use in orthopedic spine surgery but there are no studies that have
applied this methodology for opioid prediction in arthroplasty [13].

As such, the purpose of this study is to develop and evaluate
machine learning algorithms for preoperative prediction of pro-
longed opioid prescriptions after THA. An additional aim of this
study is to overcome the 2 main limitations of machine learning
models: (1) lack of accessibility and (2) lack of interpretability, by
deploying the final machine learning algorithm as a digital appli-
cation and by providing both predictions and explanations.

Materials and Methods

Guidelines

The Transparent Reporting of a multivariable prediction model
for Individual Prognosis or Diagnosis guidelines and the Journal of
Medical Internet Research Guidelines for Developing and Reporting
Machine Learning Predictive Models in Biomedical Research were
followed [14,15].

Data Source

Our institutional review board approved retrospective review of
electronic health records for patients undergoing THA at 2 aca-
demic medical centers and 3 community hospitals. Inclusion
criteria for the study were (1) adult patients, 18 years of age or
older; (2) procedure for THA between January 1, 2000 and August 1,
2018; and (3) operative diagnosis of osteoarthritis. Exclusion
criteria for the study were revision THA or primary THA for man-
agement of fractures, avascular necrosis, rheumatoid arthritis, tu-
mor, infection, or any reason other than osteoarthritis.

Outcome

The primary outcome of interest was prolonged opioid pre-
scription defined based on prior studies as continuous opioid pre-
scriptions after surgery to at least 90 days after surgery [5,16].
Surveillance was conducted through electronic health records and
pharmacy records and the list of candidate medications is available
for review in Supplementary Table 1.

Variables

Variables included in the analysis were age, gender, race,
ethnicity, marital status, veteran status, disposition (inpatient,
outpatient), laboratory characteristics [hemoglobin (g/dL) white
blood cell count (�103/mL), platelet count (�103/mL), creatinine
level (mg/dL)], insurance status, neighborhood characteristics
based on the United States Censuses Bureau American Community
Survey zip code data [median household income ($), median age
(years), high school graduation and General Equivalency Diploma
rate (%), unemployment rate (%), population density (per square
mile)], preoperative medications, and comorbidities. Medications
were assessed in the year preceding THA and the full list of
medications is available for review in Supplementary Table 1.
Preoperative duration of opioid use was included as a variable on
the basis of prior studies and categorized as continuous opioid use
exceeding 180 days, opioid use for less than 180 days, and no
opioid use [17,18].

Missing Data

Rates of missing data were race (163, 3.0%), marital status
(216, 3.9%), veteran status (126, 2.3%), median household income
(87, 1.6%), high school attainment (67, 1.2%), unemployment rate
(68, 1.2%), population density (113, 2.1%), white blood cell count
(799, 14.5%), hemoglobin (802, 14.6%), platelet (808, 14.7%), and
creatinine (954, 17.3%). The missForest multiple imputation
method was used to impute variables with less than 30%
missing data [19].



Fig. 1. (A) c-statistic (area under the receiver operating curve) for elastic-net penalized logistic regression. (B) Global variable importance for prediction of opioid dependence. AUC,
area under receiver operating curve.
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Model Development

Trainingand testing setswerecreatedwithan80:20stratifiedsplit
of the available patient population. The training set was used to
develop the algorithms. The subset of variables determined for final
modelingwas selected by recursive feature eliminationwith random
forest algorithms [20]. Stochastic gradient boosting (SGB), random
forest, supportvectormachine (SVM), neuralnetwork, andelastic-net
penalized logistic regression (ENPLR) were chosen as candidate
models on the basis of prior studies [13,21]. The Supplementary
Methods include a list of other algorithms considered. Technical
description of the development process has been described exten-
sively previously [13,22]; in brief, 10-fold cross-validation repeated 3
times was used to develop and assess the models in the training set
and the models were assessed by discrimination, calibration, and
overall performance (Brier score) [23].

Discrimination was ascertained with the receiver operating
curve and the area under the receiver operating curve (AUC), also
known as c-statistic for binary classification, was calculated. Perfect
models have AUC ¼ 1, whereas models no better than chance have
AUC¼ 0.5. Calibrationwas ascertainedwith the calibration plot and
the calibration intercept and slope. Calibration refers to the
concurrence of the predicted probabilities with the observed fre-
quencies of events in a given population. Perfect models have
calibration intercept¼ 0 and calibration slope¼ 1. The Brier score is
defined as the mean squared difference between the predicted
probabilities and the observed outcomes [24]. The incremental
benefit of the algorithmswas assessed by comparing the Brier score
of the algorithms to the null model Brier score, which is defined as
the Brier score for the model that assigns a predicted probability
equal to the prevalence of the outcome in the study population for
Table 2
Discrimination and Calibration of Algorithms on Cross-Validation of Training Set, n ¼ 44

Metric Stochastic Gradient Boosting Random Forest Support Vecto

AUC 0.81 (0.79-0.83) 0.79 (0.75-0.79) 0.61 (0.58-0.
Intercept 0.07 (�0.10 to 0.23) 0.04 (�0.24 to 0.31) 0.67 (�0.05 t
Slope 1.03 (0.96-1.10) 0.58 (0.49-0.67) 1.24 (0.98-1.
Brier 0.051 (0.049-0.052) 0.055 (0.054-0.057) 0.058 (0.057-0

Data are expressed as mean (95% confidence interval). Null model Brier score ¼ 0.059.
AUC, area under the receiver operating curve.
every patient in the population. Decision curve analysis was un-
dertaken to measure the expected utility if management changes
based on these models in practice [25]. The decision curve plots net
benefit on the y-axis and predicted probabilities on the x-axis. Net
benefit is defined as the weighted average of true positives and
false positives generated by themodel at a given threshold. Because
individual clinicians and individual patients have different
thresholds for decision making, the decision curve analysis allows
users to gauge the expected net benefit of these models at a specific
individualized threshold without prescribing a specific manage-
ment change. Furthermore, the utility of the models is compared to
the default strategies of changing management for all patients or
for no patients. Final models from the training set were assessed
along these dimensions again on the independent testing set not
used for model development. Model interpretability and explana-
tion was provided at the global and local levels [26]. Global ex-
planations were provided with variable importance plots. Variable
importance plots show the relative importance of variables used for
predicted indexed against the most important variable. Finally,
local explanations were provided for individual patients to
demonstrate which factors for the specific patient in question
contributed to the prediction generated by the model [27].

Digital Application

The best performing algorithm was incorporated into a digital
application capable of providing both predictions and explanations.
Data analysis was conducted with the Anaconda Distribution
(Anaconda, Inc, Austin, TX), R version 3.5.1 (The R Foundation,
Vienna, Austria), RStudio version 1.1.453 (RStudio, Boston, MA), and
Python version 3.6 (Python Software Foundation, Wilmington, DE).
06.

r Machine Neural Network Elastic-Net Penalized Logistic Regression

63) 0.81 (0.79-0.83) 0.81 (0.79-0.83)
o 1.39) 0.11 (�0.07 to 0.28) 0.18 (�0.01 to 0.36)
51) 1.09 (1.01-1.17) 1.09 (1.00-1.17)
.059) 0.051 (0.050-0.053) 0.051 (0.049-0.053)



Table 3
Discrimination and Calibration of Algorithms in Holdout Set, n ¼ 1101.

Metric Stochastic
Gradient
Boosting

Random
Forest

Support
Vector
Machine

Neural
Network

Elastic-Net
Penalized
Logistic Regression

AUC 0.77 0.75 0.59 0.77 0.77
Intercept �0.20 0.09 1.14 �0.15 0.01
Slope 0.87 0.61 1.42 1.09 0.97
Brier 0.053 0.056 0.055 0.053 0.052

Null model Brier score ¼ 0.059.
AUC, area under the receiver operating curve.
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Results

Overall, 5507 patients underwent THA for osteoarthritis with
345 (6.3%) demonstrating prolonged postoperative opioid pre-
scriptions. The median age was 66 years (interquartile range 57-74)
and 2725 (49.5%) patients were female (Table 1). Before surgery,
556 (10.1%) patients had opioid prescriptions for less than 180 days
and 500 (9.1%) had opioid prescriptions for 180 days or more.

Variables determined for prediction of prolonged opioid pre-
scriptions were age, duration of opioid exposure, preoperative he-
moglobin, and preoperative medications (antidepressants,
benzodiazepines, nonsteroidal anti-inflammatory drugs, and beta-
2-agonists) (Fig. 1B).

On cross-validation of the training set, n¼ 4406, the AUC ranged
from 0.61 for the SVM to 0.81 for SGB, neural network, and ENPLR
(Table 2). The calibration intercept ranged from 0.07 to 0.67 and the
calibration slope ranged from 0.58 to 1.24. The null model Brier
score in the study population was 0.059 and the algorithms’ Brier
scores ranged from 0.051 to 0.058. In the testing set, n ¼ 1101, the
AUC ranged from 0.59 (SVM) to 0.77 (SGB and ENPLR) (Table 3). The
calibration intercept ranged from �0.20 to 1.14 and the calibration
slope ranged from 0.61 to 1.42. The Brier score ranged from 0.052 to
0.056. Overall, the ENPLR performed the best on both cross-
validation of the training and assessment in the testing set with
AUC ¼ 0.77, calibration intercept ¼ 0.01, calibration slope ¼ 0.97,
and Brier score ¼ 0.052 (Figs. 1A and 2A). On decision curve
Fig. 2. (A) Calibration plot for elastic-net penalized logistic regression. (B) Decision curve
relative to default strategies of changing management for all patients or for no patients. The
patients (net benefit is zero at all thresholds). The “All” line represents the net benefit from
because at a threshold of zero, false positives are given no weight relative to true positives; a
and the strategy of changing management for all patients results in decreasing net benefit
analysis, the model exhibited higher net benefit than the default
strategies of changing management for all patients or no patients
(Fig. 2B).

An example of a local, individual patient-level explanation for
the model predictions is shown in Figure 3. For a 62-year-old pa-
tient with preoperative opioid prescriptions for greater than 180
days, antidepressant use, and anemia, the predicted probability of
prolonged postoperative opioid prescriptions was 0.32. In this case,
duration of opioid use, antidepressant use, and anemia increased
the probability of postoperative opioid prescriptions, whereas the
lack of other preoperative medication use (benzodiazepines, beta-
2-agonist, nonsteroidal anti-inflammatory) and age decreased the
probability.

The final model presented as a digital application accessible on
desktops, tablets, and smartphones is available at https://sorg-
apps.shinyapps.io/thaopioid/. Default values in the application are
placeholders and themodel requires complete information in order
to generate predictions and explanations.
Discussion

The national opioid epidemic has increased pressure on ortho-
pedic surgeons to modify opioid prescribing habits. Opioids are
very effective for acute pain management after procedures such as
THA, but previous studies have highlighted the risk of short-term
exposures in the postoperative period leading to prolonged
opioid use and dependence. In line with the national data on
increasing rates of prescription opioid use, previous studies have
shown that opioid use after THA has also increased from 2007 to
2015 [8]. In this context of rising rates of deaths related to pre-
scription opioids and expected increases in THA utilization in the
next decade, orthopedic surgeons need tools to effectively manage
postoperative pain in THA while reducing the potential for long-
term adverse consequences. The ENPLR model developed in this
study may be one potential solution for this need with good per-
formance on discrimination, calibration, and decision curve anal-
ysis for preoperative prediction of prolonged postoperative opioid
prescriptions after THA.
analysis for elastic-net penalized logistic regression showing net benefit of the model
horizontal line “None” represents the default strategy of changing management for no
the default strategy of changing management for all patients. The line slopes down

s the threshold increases, false positives gain increased weight relative to true positives
.

https://sorg-apps.shinyapps.io/thaopioid/
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Fig. 3. Example of individual patient-specific explanation generated by the elastic-net
penalized logistic regression.
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Variables identified in this study for prediction of prolonged
postoperative opioid prescriptions concurred with previous studies
of opioids. Goesling et al [3] studied 6-month opioid use in 331 THA
patients and found that 34.7% of patients with preoperative opioid
use continued on opioids at 6 months vs 4.3% of opioid naïve pa-
tients. This effect of preoperative opioid exposure on postoperative
opioid use has been confirmed by multiple studies [7,8,28]. Bedard
et al [8] studied 1-year postoperative opioid use in 37,393 THA
patients from the Humana claims database and also identified age
and comorbidities such as anxiety/depression. Medications (ben-
zodiazepines, antidepressants) identified in this study for predic-
tion of prolonged postoperative opioid use similarly concurredwith
prior studies of cardiac, thoracic, abdominal, and pelvic surgery [5].
The mechanistic link of preoperative hemoglobin (anemia) to
prolonged postoperative opioid prescription may be due to the
summative effects of multiple comorbidities (renal disease, he-
matologic diseases, malignancy, rheumatologic/immunologic dis-
eases) in creating derangements in normal physiology in the
preoperative period and increasing requirements for pain relief in
the postoperative period.

To our knowledge, this is the first study to develop a preoper-
ative algorithm for prediction of postoperative opioid use after THA
and the first study to use machine learning for this purpose. The
performance of the ENPLR on internal validation was verified
through a rigorous assessment consistent with the Transparent
Reporting of a multivariable prediction model for Individual Prog-
nosis or Diagnosis statement. Other studies in arthroplasty have
developed machine learning models for prediction of outcomes
ranging from costs to complications, mortality, and length of stay
[11,29,30]. However, the majority of prior studies have relied on
discrimination (AUC or c-statistic) as the sole measure of model
performance, whereas this study achieved good discrimination
while verifying performance on calibration and decision curve
analysis. In line with the recommendations for development of
clinical prediction models, assessments of calibration must be part
and parcel of the development process [31].

Despite the advances noted above, this study has several limi-
tations. First, surveillance of postoperative opioid prescriptions was
based on electronic health records and pharmacy records at one
healthcare entity and this does not capture patients who obtained
opioids from providers outside this entity or through illicit means.
Dwyer et al [32] previously followed 186 THA patients in the
postoperative period by using a state-wide online prescription
registration program; this study was not able to achieve opioid
surveillance to this level of detail. Similarly, in the preoperative
period, opioid dose in oral morphine equivalents could not be
reliably extracted over the full time course of the THA procedures
included in this study and the relationship between preoperative
opioid exposures was limited to duration of opioid exposure as
opposed to both duration and intensity. Furthermore, because the
patients included in this study originated from 5 hospitals affiliated
with 1 healthcare entity, there is potential for clustering and shared
institutional practices that increase the importance of external
validation in independent multi-institutional samples to verify the
performance of the algorithms developed in this study. Finally, this
study is retrospective, observational, and does not account for
variations in individual provider prescribing habits which may in-
fluence the quantity and duration of postoperative opioid pre-
scriptions after THA.

Acknowledging the limitations noted above, there is a need for
future studies to externally validate or refute the findings presented
here. With appropriate caution, clinicians may access the digital
application provided here and use expertise and judgment to
supplement the interpretation of predictions and explanations
offered by the final machine learning algorithms. The ultimate
purpose of this endeavor is to develop reliable and interpretable
algorithms that clinicians can use preoperatively to identify the
THA patients at high risk for prolonged postoperative opioid use.
Early identification may allow for the pooling of multidisciplinary
and institutional resources (mental health, case management, pain
service) to reduce the potential for long-term opioid dependence in
these patients.

Conclusion

If externally validated in independent populations, the algo-
rithms developed in this study could improve preoperative
screening and support for THA patients at high risk for prolonged
postoperative opioid prescriptions. Early identification and inter-
vention in high-risk cases may mitigate the long-term adverse
consequence of opioid dependence.
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Supplementary Methods
Stochastic gradient boosting, random forest, support vector
machine, neural network, and elastic-net penalized logistic
regression were chosen as candidate models on the basis of
prior studies [1,2]. Other models considered for inclusion in the
study were: (1) logistic regression, (2) radial basis function, (3)
Supplementary Table 1
List of Medications by Category.

Group Medications

ACE inhibitor Captopril, lisinopril, enalapril, ramipril, benazepril, fosinopril, mo
ARB Losartan, valsartan, azilsartan, candesartan, eprosartan, irbesarta
Antidepressant Citalopram, escitalopram, paroxetine, fluoxetine, fluvoxamine, se

venlafaxine, vilazodone, vortioxetine, etoperidone, trazodone, ne
desipramine, dosulepin, imipramine, iprindole, lofepramine, mel
amoxapine, maprotiline, mianserin, mirtazapine, setiptiline, isoca
pirlindole, toloxatone

Beta-2-agonist Bitolterol, fenoterol, isoproterenol, levalbuterol, pirbuterol, proca
abediterol, carmoterol, indacaterol, olodaterol, vilanterol

Beta-blocker Acebutolol, atenolol, betaxolol, bisoprolol, carteolol, carvedilol, es
sotalol, timolol

Benzodiazepines Alprazolam, chlordiazepoxide, clonazepam, clorazepate, diazepam
temazepam, triazolam

Immunosuppressant Mycophenolate, etanercept, adalimumab, azathioprine, cyclospor
prednisone, dexamethasone, cortisone, hydrocortisone, predniso
abatacept, basiliximab, daclizumab, muromonab, vedolizumab, u
anakinra

NSAID Celecoxib, diclofenac, diflunisal, etodolac, flurbiprofen, ibuprofen
indomethacin, ketorolac

Opioid Hydromorphone, oxycodone, hydrocodone, fentanyl, methadone
Typical

antipsychotic
Chlorpromazine, thioridazine, mesoridazine, levomepromazine, l
fluphenazine, droperidol, zuclopenthixol, prochlorperazine

Atypical
antipsychotic

Amisulpride, aripiprazole, asenapine, blonanserine, clotiapine, clo
perospirone, quetiapine, remoxipride, risperidone, sertindole, su

ACE, angiotensin converting enzyme; ARB, angiotensin receptor blocker; NSAID, non-ste
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