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Abstract

Background: Expansion of clinical guidancetoolsiscrucial toidentify patientsat risk of requiring an opioid refill after outpatient
surgery.

Objective: The objective of this study was to develop machine learning algorithms incorporating pain and opioid features to
predict the need for outpatient opioid refills following ambulatory surgery.

Methods: Neural networks, regression, random forest, and a support vector machine were used to evaluate the data set. For
each model, oversampling and undersampling techniques wereimplemented to balance the data set. Hyperparameter tuning based
on k-fold cross-validation was performed, and feature importance was ranked based on a Shapley Additive Explanations (SHAP)
explainer model. To assess performance, we cal cul ated the average area under the receiver operating characteristics curve (AUC),
F1-score, sensitivity, and specificity for each model.

Results. There were 1333 patients, of whom 144 (10.8%) refilled their opioid prescription within 2 weeks after outpatient
surgery. The average AUC calculated from k-fold cross-validation was 0.71 for the neural network model. When the model was
validated on thetest set, the AUC was 0.75. The features with the highest impact on model output were performance of aregional
nerve block, postanesthesia care unit maximum pain score, postanesthesia care unit median pain score, active smoking history,
and total perioperative opioid consumption.

Conclusions: Applying machine learning algorithms allows providers to better predict outcomes that require specialized health
care resources such as transitional pain clinics. Thismodel can aid asaclinical decision support for early identification of at-risk
patients who may benefit from transitional pain clinic care perioperatively in ambulatory surgery.

(JMIR Perioper Med 2023;6:40455) doi: 10.2196/40455
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; opioids contributing to an epidemic across the United States.
Introduction The United States has had increased opioid prescriptionsfilled
Opioids play an essential role in acute perioperative pain in the immediate postoperative period; astudy reported that the
management. Increased attention to pain management as a Mmean dose of opioids prescribed for most surgical procedures
quality metric has brought to light an overuse of prescription I the United States was higher than that prescribed in other

https://periop.jmir.org/2023/1/e40455 JMIR Perioper Med 2023 | vol. 6 | e40455 | p. 1
(page number not for citation purposes)


mailto:ragabriel@health.ucsd.edu
http://dx.doi.org/10.2196/40455
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PERIOPERATIVE MEDICINE

countries [1]. Opioid-related deaths made up one of the largest
causes of preventable deathsin the United States, which costed
an estimated US $78.5 hillion to US $1.02 trillion to the US
health care system [2,3].

Persistent opioid prescribing is often postsurgical [4], in which
as many as 3% of opioid-naive patients required opioids for
more than 90 days after a major elective surgery [5]. One
potential service that may help curb outpatient opioid use after
surgery is the transitional pain clinic, which consists of ateam
of providers who implement multidisciplinary opioid-sparing
approaches such as pharmacol ogical, nonpharmacological, and
psychological interventions with the goal of weaning patients
from opioids postoperatively as outpatients [6,7]. Transitional
pain clinics have been shown to reduce opioid use
postoperatively, symptoms of anxiety and depression, pain
catastrophizing, and postsurgical pain [8,9]. Giventheincreased
resources required to provide thistype of service, not all surgical
patients may realistically receive postoperative care from
transitional clinics. Currently, the criteria for recommendation
to transitional pain services for surgical patients are not
uniformly defined; thus, accurate predictive methodsfor patients
who may benefit from transitional pain clinics are needed. Less
work has been done on patients undergoing ambul atory surgery
and on the identification of patients who may likely require
more opioids as an outpatient. In such populations, machine
learning may be used to identify postoperative opioid usein the
recovery room [10]. In addition, some studies have described
the risk factors for using outpatient opioids after ambulatory
surgery [11-13].

The objective of this study was to develop machine
learning—based predictive models that may ad in the
identification of patients likely to require opioid refills after
their initial discharge prescription. Specificaly, pain score
patterns were incorporated (ie, trendsin reported pain scoresin
the recovery room) into the models. We focused on patients
who underwent ambulatory surgery, which included orthopedic
surgery (eg, joint arthroscopy, forearm/hand surgery),
nonmastectomy breast surgery, urology (eg, cystoscopy),
minimally invasive surgery (eg, cholecystectomy, herniarepair),
colorectal surgery (eg, hemorrhoidectomy), and gynecology
(dilation and curettage/evacuation, hysteroscopy). We
hypothesized that the use of neural networks that incorporate
variousfeatures, including recovery room pain phenotypes, may
identify patients at higher risk. The pain phenotypes included
patterns in patient-reported pain scores in the recovery room,
including trajectory of pain and median and maximum pain
SCOres.

Methods

Study Population

Datawereretrospectively collected from the electronic medical
records of patients who underwent outpatient surgery from
January to July 2020 at asingle ambulatory surgery center. The
outpatient surgeriesincluded in the analysisincluded orthopedic
surgery (eg, joint arthroscopy, forearm/hand surgery),
nonmastectomy breast surgery, urology (eg, cystoscopy),
minimally invasive surgery (eg, cholecystectomy, herniarepair),
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colorectal surgery (eg, hemorrhoidectomy), and gynecology
(dilation and curettage/evacuation, hysteroscopy).

Ethics Approval

Our institutional review board (Human Research Protections
Program) waived the consent requirement and approved this
retrospective study (protocol 210099).

Primary Outcome and Features

The primary outcome of interest wasabinary variable (response
range, 0 or 1), in which O was defined as “no opioid refill” and
1 was defined as the patient “needed to refill their outpatient
opioid prescriptions’ within 2 weeks after surgery (no opioid
refill vs opioid refill). This was captured retrospectively from
the electronic medical record by review of the following: (1)
any telephone note describing patient calling in for opioid
renewal; (2) any progress/office visit note from primary care
provider, pain medicine specialist, or surgical provider
describing the need for opioid refill; or (3) any renewal order
in the medication list for opioids within this time frame. On
postanesthesia care unit (PACU) discharge, all patients were
prescribed up to 5 days of opioids. For perioperative multimodal
analgesia, al patients received preoperative acetaminophen
unless contraindicated. For a subset of surgical procedures,
regional nerve blockswereroutinely offered preoperatively (ie,
shoulder, hand/forearm, and knee surgeries). Intraoperatively,
patients may have received fentanyl, hydromorphone, ketamine,
ketorolac, and dexmedetomidine at the discretion of the
anesthesiologist. In the PACU, patients were given oxycodone,
fentanyl, and hydromorphone, as needed.

Features that were integrated into the model were collected
retrospectively from the electronic medical record system. The
data included age (years), sex (male vs female), body mass
index (kg/m?), English-speaking, comorbidities, regional nerve
block performance, genera anesthesia, intraoperative ketamine,
intraoperativetotal intravenous anesthesia, opioid consumption,
and pain scores (11-point numeric rating scale [NRS] from O
to 10). These features were included, as they were determined
to be relevant to postoperative opioid use based on clinical
judgement and previousresearch [14,15]. Opioid consumption,
defined as total opioids consumed intraoperatively and in the
PACU, was measured in intravenous morphine equivaents
(MEQ). Pain scores were captured as preoperative pain score,
median pain score in the PACU, maximum pain score in the
PACU, and dslope of pain score trgjectory in the PACU.
Preoperative pain scores were collected by nurses upon arrival
for preoperative check-in. PACU pain scores were captured
every 5-15 minutes and recorded in the electronic medical
record. A negative value for the pain score dope was defined
asan overall decreasein pain scoresthroughout the PACU stay.
A positive value for the pain score slope was defined as an
overal increase in the pain scores throughout the PACU stay.
A zero value of the pain score slope was defined as no change
in the overall trend of pain scores throughout the PACU stay.

Statistical Analysis

Python (v3.10.1) was used for all statistical analyses. Patient
and surgical characteristics were compared with chi-sguared
test (categorical) and Wilcoxon rank sum test (continuous). A
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generalized linear mixed model fit by maximum likelihood was
implemented to model the features to the primary outcome of
opioid refill. The random effect in this model was the surgical
procedure. All features were included in the model, and their
association with the outcome was reported by their respective
odds ratios (ORs), 95% ClI, and P values. A neura network
model to predict the need for opioid refills following surgery
was constructed. L ogistic regression, random forest, and support
vector machine classifiers were implemented for comparison.
For all models, patient data were divided into training and test
data sets with a 70:30 split by using a stratified randomized
splitter—the train_test_split method from the sci-kit learn
library. K-fold cross-validation on the training set was used to
tune the hyperparameters and to optimize oversampling
techniques as well as to calculate the average sensitivity,
specificity, F1-score, and area under the curve (AUC) for the
receiver operating characteristic curve. Thefinal version of each
model was then validated on the test set and the AUC was
reported. Feature importance from the neural network was
ranked based on Shapley Additive Explanations (SHAP).

Data Balancing

Synthetic Minority Oversampling Technique (SMOTE) for
Nominal and Continuous algorithm and random undersampling
were both implemented using the imblearn library [16]. These
tools were used to achieve a balanced class distribution with
minimal difference between positive and negative outcomes.
A data set with alarge difference between positive and negative
outcomes was considered unbalanced and may makeit difficult
for predictive machine learning models to draw useful
conclusions, given the uneven classification of data.

Random undersampling of the mgjority outcome is frequently
used to reduce the impact of imbalanced data sets; however,
SMOTE oversamples were used to create synthetic minority
class examples to balance the minority class with the majority
class. SMOTE uses samples from the minority class and a set
number of nearest neighbors—in this case, 5—to generate
synthetic cases from the sample class. Combining the 2
techniques as outlined yielded positive outcomes. Both
techniques were only applied on the training set. Different
combinationsfor proportions of minority to majority classwere
analyzed, ranging from 0.25 to 1.00. After performing k-fold
cross-validation, the parameter “sampling_strategy” for the
SMOTE class from imblearn was optimal when set to 0.24 and
the parameter “sampling_strategy” for the
RandomUnderSampler class from imblearn was optimal when
set to 0.94. Optima results were based on which
hyperparameters produced the highest performance metricsfor
the model (eg, AUC, F1-score, sensitivity, specificity).

Machine L earning M odels

Four different machine learning classification models were
evaluated: neural network, logistic regression, random forest
classifier, and support vector classifier. For each model, the
following sampling methods were compared: oversampling the
training set via SMOTE, undersampling the magjority class in
the training set, a combination of SMOTE and undersampling
of the majority classes, and no oversampling or undersampling
technique. The results from the sampling method that provided
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the optimal results were reported. For each model, all features
were included as inputs. One-hot encoding was used for
categorical features.

Multilayer Perceptron Neural Network

Using the Keras interface for the TensorFlow library, a shallow
feedforward neural network was constructed. Therectified linear
unit function was used as the activation function. The fina
output layer used the sigmoid activation function, and the overall
model used the Adam optimizer. Repeated k-fold
cross-validation was used to tune the hyperparameters to find
the optimal parameter values for the number of hidden layers
(1), number of neurons per hidden layer (100), maximum
number of iterations (300), batch size (16), and learning rate
(0.0001).

Logistic Regression

The logistic regression classifier predicts the probabilities of
the different outcome possibilities based on the input. A
newton-cg solver regression model was implemented without
specifying individual class weights. This model provided a
baseline score and helped make the case for improvement over
the evaluation metrics. Repeated k-fold cross-validation was
used to tune the hyperparameters to find the optimal parameter
value for C (the strength of the regularization is inversely
proportional to C), which was 0.3.

Random Forest Classifier

The random forest is an ensemble approach, which has been
proven effective for a variety of classification problems. To
tune the hyperparameters, we performed repeated k-fold
cross-validation to find the optima parameter values for
maximum depth (75), minimal samples required to be at the
leaf node (4), minimal samplesrequired to split aninternal node
(4), and number of estimators (100) (ie, number of trees).

Support Vector Classifier

A support vector classifier mapsthe dataonto an n-dimensional
space (n being the number of features) and then identifies the
hyperplane decision boundary that best separates the data into
2 classes by maximizing the distance between the hyperplane
and the nearest data point in either class. K-fold cross-validation
was used to tune the hyperparameters to identify the optimal
parameter value for C, which was 130.

Performance Metrics

The primary performance metric of interest was the AUC for
the receiver operating characteristic curve. In addition, we
reported F1-scores, sensitivity, and specificity.

K-Fold Cross-Validation

To effectively tune the hyperparameters of the models, stratified
k-fold cross-validation was implemented on the training set to
observe the sensitivity, specificity, F1-score, and AUC scores,
for 10 splits. For each iteration, the data set was split into 10
groups (folds). One fold served as the test set with the other 9
serving as the training set. When assessing the effectiveness of
SMOTE and random undersampling, only the training folds
were changed. This processwas repeated until each fold served
as the test set once. Every model exhibited improved
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performance metricswhen SMOTE and random undersampling
were applied.

Results

Study Cohort Characteristics

There were 1333 patients and 28 unique surgical procedures
included in the final analysis, and 144 (10.8%) patientsrefilled
their opioid prescription within 2 weeks after outpatient surgery.
Univariate analysis revealed that patients who required opioid
refills were more likely to be smokers (32/144, 22.2% vs
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156/1189, 13.1%, respectively; P=.005) and had a regional
nerve block performed (87/144, 60.4% vs 440/1189, 37%,
respectively; P<.001). Those who required opioid refills had
higher total perioperative opioid consumption (intraoperative
and PACU opioid use; P<.001), preoperative pain scores
(P<.001), maximum PACU pain scores (P<.001), and median
PACU pain scores (P<.001). Table 1 lists the differences
between the opioid refill and non-opioid refill cohorts
represented in the study population in order to provide
information regarding the baseline characteristics. All surgical
procedures included in our analysis are listed in Table 1.
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Table 1. Baseline characteristics of the study cohorts.?

Feature No opioid refill (n=1189) Required opioid refill (n=144) P value

Surgical procedure, n (%) <.001
Arthrodesis (finger) 10(0.8) 3(2.1)
Arthroscopy (hip) 36 (3) 5(3.5)
Arthroscopy (knee) 99 (8.3) 12(8.3)
Arthroscopy (shoulder) 61 (5.1) 19(13.2)
Arthroscopy (shoulder, with rotator cuff repair) 45 (3.8) 13(9)
Arthroscopy (wrist) 9(0.8) 4(2.8)
Breast lumpectomy 56 (4.7) 7(4.9)
Transperineal prostate biopsy 17 (1.9 0(0)
L aparoscopic cholecystectomy 29 (2.4) 1(0.7)
Cystoscopy 43 (3.6) 0(0)
Dilation and curettage of the uterus 76 (6.4) 0(0)
Dilation and evacuation of the uterus 36 (3) 0(0)
Anorectal examination under anesthesia 29 (2.4) 0(0)
Condyloma excision 13(11) 3(21)
Lesion excision of the head and neck 31(2.6) 1(0.7)
Lesion excision of the upper extremity 78 (6.6) 4(2.8)
Extracorporeal shockwave lithotripsy 20(1.7) 1(0.7)
Anal fistulectomy 73(6.1) 1(0.7)
Hemorrhoidectomy 29 (2.4) 8(5.6)
Inguina herniorrhaphy 16 (1.3) 2(1.4)
Hysteroscopy 47 (4) 0(0)
Incision and drainage of the upper extremity 12 (1) 0(0)
ORIF®, distal radius fracture 71(6) 15(10.4)
ORIF, scaphoid fracture 11(0.9) 0(0)
ORIF, hand 70 (5.9) 10 (6.9)
Ligament rec_onstructi onwithtendoninterposition, 30 (2.5) 9(6.3)
upper extremity
Open carpa tunnel release 50 (4.2) 2(14
Arthroscopic anterior crucia ligament repair 92 (7.7) 24 (16.7)

Patient characteristics

Age (years), median (quartiles) 43 (32, 60) 46.5 (33.0, 58.25) .67
Male sex, n (%) 551 (46.3) 70 (48.6) .59
Body mass index (kg/m?), median (quartiles) 26.1(23.0,30.2) 26.3(23.9, 31.6) 14
English speaker, n (%) 1106 (93) 129 (89.6) 19
Comorbidities, n (%)
Preoperative opioid use 55 (4.6) 8(5.6) 77
Diabetes mellitus 87 (7.3) 13 (9) 57
Alcohol use 53(4.5) 7(4.9) .99
Active smoker 156 (13.1) 32(22.2) <.001
Substance abuse 43 (3.6) 10(6.9) .09
Hypertension 255 (21.4) 34(23.6) 63
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Feature No opioid refill (n=1189) Required opioid refill (n=144) P value
Depression/anxiety 246 (20.7) 37 (25.7) 21
Coronary artery disease 35(2.9) 3(21) .78
Dementia 10(0.8) 1(0.7) .99
Renal insufficiency 40 (3.4) 4(2.8) 91
Chronic obstructive pulmonary disease 18 (1.5) 214 .99
Asthma 116 (9.8) 16 (11.1) 71
Obstructive sleep apnea 84(7.1) 9(6.3) .95
Chronic pain 114 (9.6) 18 (12.5) .34
Congestive heart failure 9(0.8) 0(0) .61

Anesthesia/perioper ative medications
Regional block performed, n (%) 440 (37) 87 (60.4) <.001
General anesthesia, n (%) 783 (65.9) 107 (74.3) 05
Intraoperative ketamine used, n (%) 55 (4.6) 9(6.3) 51
Total intravenous anesthetic, n (%) 43 (3.6) 6(4.2) .92
Total (intraoperative and PACUC) opioid consump- 10 (0, 17) 12.8(6.9, 26) <.001
tion (MEQY), median (quartiles)

Pain score (numeric rating scale 0-10), median (quartiles)

Preoperative pain score 0(0,3) 0(0, 6) <.001
Maximum PACU score 2(0, 6) 6 (0, 8) <.001
Median PACU pain score 0(0, 4 3(0, 6) <.001
Slope of PACU pain 0(-0.14,0) 0(-0.46, 0) <.001

3p values were calculated by chi-squared and Wilcoxon rank sum tests for categorical and continuous variables, respectively.

PORIF: open reduction and internal fixation.
®PACU: postanesthesia care unit.
dm EQ: morphine equivalents.

Mixed Effects L ogistic Regression M odel

The need for opioid refill within 2 weeks after ambulatory
surgery was model ed utilizing amixed effectslogistic regression
analysisfit by maximum likelihood, in which the random effect
was the surgical procedure (Table 2). Features that were
statistically significantly associated with higher odds of need
for opioid refill were active smokers (OR 1.99, 95% CI
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1.19-3.31; P=.009), substance abuse history (OR 2.34, 95% ClI
1.02-5.37; P=.04), regional block performed (OR 2.81, 95% ClI
1.62-4.88; P<.001), total opioid consumption (MEQ mg)
intraoperatively and in PACU (OR 1.03, 95% CI 1.01-1.06;
P=.008), and median PACU pain score (NRS) (OR 1.19, 95%
Cl 1.04-1.36; P=.01). A feature that was significantly associated
with decreased odds of opioid refill was English-speaking
patients (OR 0.47, 95% Cl 0.24-0.93; P=.03).
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Feature QOdds ratio (95% Cl) P value
Age (years) 0.99 (0.98-1.01) .85
Male sex 0.96 (0.63-1.46) .84
Body mass index (kg/m?) 1.01 (0.98-1.01) 48
English speaker 0.47 (0.24-0.93) .03
Comorbidities
Preoperative opioid use 0.70 (0.25-1.98) 51
Diabetes mellitus 1.44 (0.67-3.09) .36
Alcohol use 0.82 (0.33-2.03) 66
Active smoker 1.99(1.19-3.31) .009
Substance abuse 2.34 (1.02-5.37) .04
Hypertension 1.26 (0.73-2.18) 41
Depression/anxiety 1.07 (0.66-1.73) .79
Coronary artery disease 1.23 (0.30-5.00) .78
Dementia 1.33(0.09-18.80) 84
Renal insufficiency 0.79 (0.24-2.58) .99
Chronic obstructive pulmonary disease 0.99 (0.19-5.17) .99
Asthma 0.99 (0.53-1.86) .99
Obstructive sleep apnea 0.62 (0.26-1.44) 27
Chronic pain 1.31 (0.62-2.79) 48
Congestive heart failure 0 .99
Anesthesia/perioper ative medications
Regional block performed 2.81 (1.62-4.88) <.001
General anesthesia 1.05 (0.56-1.94) .88
I ntraoperative ketamine used 1.17 (0.51-2.65) 71
Total intravenous anesthetic 1.21 (0.46-3.18) 71
Total (intraoperative and PACUP) opioid consumption (MEQ®) 1.03(1.01-1.06) 008
Pain (numeric rating scale 0-10)
Preoperative pain score 0.95 (0.86-1.05) .35
Maximum PACU score 1.02 (0.92-1.13) .67
Median PACU pain score 1.19 (1.04-1.36) .01
Slope of PACU pain 0.78 (0.56-1.09) .16

8Results of mixed effects logistic regression modeling need for opioid refill after ambulatory surgery. The random effect in this model was the surgical

procedure.
bpacu: postanesthesia care unit.
°MEQ: morphine equivalents.

Neural Networ k Approach to Predicting Opioid Refills

Hyperparameter tuning via grid search cross-validation was
implemented to identify the best architecture of the multilayer
perceptron neural network, which consisted of 1 hidden layer,
100 neurons within the hidden layer, 300 maximum iterations
for learning, a batch size of 16, and a learning rate of 0.0001.
Based on this architecture, the average AUC calculated from
k-fold cross-validation was 0.71 (95% Cl 0.68-0.74). The final
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model wasthen validated on thetest set, which yielded an AUC
of 0.75 (Figure 1). The features with the highest impact on
model output for the neural network based on the absolute
SHAP values were performance of a regional nerve block,
maximum pain score in the PACU, median pain score in the
PACU, active smoking history, and total opioid consumption
(intraoperative and PACU) (Figure 2).
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Next, various other machine learning—based models were
implemented to predict the need for opioid refills after
ambulatory surgery. Based on k-fold cross-validation, the
average AUCs from models with optimized hyperparameters
were identified for support vector machine (0.64, 95% ClI
0.57-0.71), random forest (0.66, 95% CI 0.60-0.71), and logistic
regression (0.69, 95% CI 0.66-0.74) (Table 3). Thefinal models

Gabriel et a

for each machine learning approach were then validated on a
separate test set when SMOTE was not applied versus when
SMOTE was applied—the calculated AUCswere identified for
support vector machine (0.65), random forest (0.68), and logistic
regression (0.73). SMOTE improved the performance of each
model.

Figure 1. The calculated area under the curve of each machine learning model when trained on 70% of the data and validated on the remaining 30%.
The models predict the need for opioid refill within 2 weeks following ambulatory surgery. AUC: area under the curve.
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Figure 2. Shapley Additive Explanations (SHAP) values (impact on model output) of the top features used in the neural network predicting the need
for opioid refill within 2 weeks following ambulatory surgery. MEQ: morphine equivalents; NRS: numeric rating scale; ORIF: open reduction and

internal fixation; PACU: postanesthesia care unit.
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Table 3. Model performance for each machine learning model calculated by k-fold cross-validation.

Classification model Areaunder the curve F1-score Sensitivity Specificity

NoSMOTE2 SMOTE NoSMOTE SMOTE NoSMOTE SMOTE NoSMOTE  SMOTE
Logistic regression 0.516 0.698 0.033 0.335 0.040 0.673 0.992 0.722
Neural network 0.509 07110 0067 0347° 0039 0693°  0.979 0.726
Support vector classifier 0.500 0.643 0.001 0.291 0.002 0.602 0.999° 0.684
Random forest 0.500 0655  0.002 0317 0001 0524  (gggP 0.786

8SMOTE: Synthetic Minority Oversampling Technique.
bReprasents the best performance for the given metric.

Discussion

Principal Findings

We demonstrated that a shallow feedforward neural network
and other machine learning approaches that integrated pain
score patterns had adequate performance to predict the need for
opioid refills within 2 weeks following ambulatory surgery.
The features with the highest impact on model output were
active smoking history, intraoperative opioid consumption,
PACU opioid consumption, regional nerve block utilization, as
well as maximum and median pain scores in the PACU. The
importance of pain score patterns (ie, median and maximum
pain scores) in predicting opioid refills is interesting and
highlights the association of PACU analgesia and opioid
consumption with the requirement for more opioids following
the initial prescription. This neural network may be useful in
identifying patients at risk who require a longer duration of
opioid use so that the limited hospital resources can be better
utilized in a precise manner.

Comparison to Prior Work

Previous studies have reported the utilization of machine
learning for predicting postoperative opioid use in ambulatory
surgery [10,17]. Nair et a [10] reported the accuracies of
regression, naive Bayes, neural networks, random forest, and
extreme gradient boosting in predicting postoperative opioid
use in the recovery room and showed that random forest
performed best when using only preoperative features. Anderson
et al [17] utilized models to predict prolonged opioid use
specifically in patientswho underwent anterior cruciate ligament
repair by using regression, Bayesian belief network, gradient
boosting, and random forest. They found that gradient boosting
was ableto achieve an AUC of 0.77. In our study, we reviewed
multipletypes of ambulatory surgeries and focused on predicting
the need for additional outpatient opioid refills weeks after
surgery. Four computational approacheswere used to determine
the best model for our dataset, and &l had similar performances.
Random forest, logistic regression, and support vector machine
tools did not perform as well as the neural network, though the
random forest model had increased specificity compared to the
neural network. Both the support vector classifier and neural
network can increase the dimensionality of the data to find a
solution, but given thetime and training, neural networks usually
outperform support vector classifiers. Random forest and neural
networks approach data inversely, as random forest decision

https://periop.jmir.org/2023/1/e40455

trees areindependent and neural network neurons are dependent
on other neurons. Logistic regression is the standard approach
but often does not perform well in multidimensional data sets.
By surveying multiple models, the benefits of each can be
identified and evaluated to improve the validity of the predicted
features [18].

Opioids remain the cornerstone for acute postoperative pain
management, and the perioperative period is often the patients
first introduction to prescription opioids. Our study’s patient
cohort was primarily opioid-naive; only 4.6% (55/1189) of the
patientsin the non—refill group and 5.6% (8/144) of the patients
intherefill group reported preoperative opioid use. Studies have
shown surgical procedure as an independent risk factor for
prolonged opioid use [4,19,20]. Other risk factors include
preoperative opioids, tobacco use, gender, and mood disorders
[21-26]. Although efforts are in place to standardize
postoperative opioid prescriptions per surgical procedure [27],
there continues to be awide variety in the amount and duration
of opioids prescribed and often in excess [1,28-31].

An estimated 67%-92% of the prescribed opioids for
postoperative pain remain unused [1,32], leaving great potential
for diversion and misuse. Anincreasing number of heroin users
reported first being introduced to opioids via prescription and
then resorting to heroin for cost and availability factors [33].
Likewise, Bartels et al [34] report that 80% of the opioid
prescriptions remain unused with limited and challenging
disposal options. Similarly, a 2017 systematic review reports
that patients took only 29%-58% of the prescribed opioid pills
[32]. Over the decades, we have learned that excess opioids do
not necessarily reduce persistent postsurgical pain or any other
pain-related outcomes [35]. As Porter and colleagues [36]
demonstrated, sometimes|essis more—patient-centered opioid
discharge prescription guidelines satisfied 93% of the patients,
with 99% in the O morphine milligram equivalents group [36].
Although there may be some procedures that do not require
postoperative opioids, we must also find abalance and prescribe
opioids as necessary to meet individual patients pain needs
[37]. For these reasons, risk stratification can be a helpful tool
for guiding the process of postoperative opioid prescribing.

The use of regional anesthesia was associated with opioid
refilling. It is important to note that there is no causality that
may be drawn from these results but rather an association. It
may be that the use of regional anesthesia was associated with
surgeries that were more painful in nature, and despite pain
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scores being likely lower in the PACU, this group would more
likely require additional opioids as outpatients when compared
to other surgical procedures that are less likely to receive
regional anesthesia for pain management. Other potential
limitations include the variability in surgery type, which may
range in pain level, both during surgery and during recovery,
as well as the subjective nature of pain scores. Despite these
limitations, the features that have been identified are actionable
and trackable in future studies.

Limitations

There are several limitations in this study—mainly due to the
inherent limitations of aretrospective analysis. First, the primary
outcome (opioid refills) may potentially be underestimated, as
we captured this data based on clinical notes and ordersin the
electronic medical record system. It is possible that the need
for opioid refills was missed in some patients who sought care
outside of our health care system (and thus not recorded in our
records). However, we extracted the dataviaamanual clinician
review to optimize accuracy asmuch aspossible. A prospective
study would be needed to assess the incidence of postsurgical
opioid refills more accurately. Second, an issue of
generalizability is also of concern, as this is single-ingtitution
data. Model performance (eg, AUC) could decreasein asurgical
population outside of this institution. To avoid the issue of
overfitting and, thus, limited generalizability, we calculated the
metrics from k-fold cross-validation and furthermore used a
holdout data set for validation. What is needed isahigh-quality
prospective study that can more accurately capture the features
and outcomes from each patient and, subsequently, be validated
at external ingtitutions.

Future Directions

Early identification of at-risk patients prior to their elective
surgical procedureisthe key. These patients can then bereferred
to establish care with adedicated and comprehensivetransitional
pain program. Built on solid evidence-based medicine, this
multidisciplinary ~ transitional  pain  service includes
anesthesiology, pharmacy, psychiatry, and physical therapy.
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Patients are often evaluated preoperatively to help manage
expectations regarding anticipated postoperative pain and offer
preoperative  weaning when appropriate. This
anesthesiologist-led team makes recommendations about
intraoperative and immediate postoperative pain management
[38], including predischarge and postdischarge tapering plans,
if applicable. After the discharge, the transitional pain service
can continue to manage these patients by using a multimodal
approach with nonopioid medication, interventional procedures
such as regional peripheral nerve blocks [39] or cryoanalgesia
[40], as well as provide necessary psychological support [41].
Transitional pain clinics have been shown to reduce opioid use
postoperatively, symptoms of anxiety and depression, pain
catastrophizing, and pain [7,8]. Early identification of these
clinical predictors, in conjunction with knowing thetypical pain
trajectories and patterns of common surgical procedures [42],
can serve asthe foundation for the basis of prescribing the right
regimen and duration for the opioid prescription. Anesthesiology
as aspecialty, and especially in the setting of a dedicated acute
pain service, is well positioned to take the lead in defining
personalized pain medicinethrough all 3 phases of perioperative
care[43].

Conclusions

Applying machine learning algorithmsto electronic health data
allows providers to develop models to predict more accurately
and therefore appropriately allocate the limited health care
resources (ie, transitional pain clinics). Inthis study, we showed
that the need for regional anesthesia, high intraoperative opioid
consumption, increased PACU pain scores, and opioid
consumption were important features in models predicting
outpatient opioid refills. Although providers are aware of the
potential risk factors of opioid misuse, it remains challenging
to accurately predict patients that will benefit from services as
an outpatient. This prediction model serves as an example of a
model that could be formalized into clinical decision support
tools to help us better understand which patients will benefit
from transitional pain clinics following ambulatory surgery.

SSisthe Chief Executive Officer and founder of BrilliantBiome. RAG's ingtitution has received funding and products for other
research projects from Epimed International, Infutronics, and SPR Therapeutics for the following authors: RAG and ETS. The
University of California San Diego is a consultant for Avanos, which is represented by RAG. This work was funded by the
Division of Perioperative Informatics at the University of California San Diego.

References

1. LadhaKS, Neuman MD, Broms G, Bethell J, Bateman BT, Wijeysundera DN, et a. Opioid Prescribing After Surgery in
the United States, Canada, and Sweden. JAMA Netw Open 2019 Sep 04;2(9):€1910734 [FREE Full text] [doi:
10.1001/jamanetworkopen.2019.10734] [Medline: 31483475]

2. ForenceC, Luo F, Rice K. The economic burden of opioid use disorder and fatal opioid overdose in the United States,
2017. Drug Alcohol Depend 2021 Jan 01;218:108350 [FREE Full text] [doi: 10.1016/j.drugal cdep.2020.108350] [Medline:

33121867

3. FlorenceCS, Zhou C, Luo F, Xu L. The Economic Burden of Prescription Opioid Overdose, Abuse, and Dependence in
the United States, 2013. Med Care 2016 Oct;54(10):901-906 [FREE Full text] [doi: 10.1097/M L R.0000000000000625]

[Medline: 27623005]

https://periop.jmir.org/2023/1/e40455

JIMIR Perioper Med 2023 | vol. 6 | e40455 | p. 10
(page number not for citation purposes)


https://europepmc.org/abstract/MED/31483475
http://dx.doi.org/10.1001/jamanetworkopen.2019.10734
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31483475&dopt=Abstract
https://europepmc.org/abstract/MED/33121867
http://dx.doi.org/10.1016/j.drugalcdep.2020.108350
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33121867&dopt=Abstract
https://europepmc.org/abstract/MED/27623005
http://dx.doi.org/10.1097/MLR.0000000000000625
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27623005&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PERIOPERATIVE MEDICINE Gabriel et d

4,

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

Brummett CM, Waljee JF, Goesling J, Moser S, Lin P, Englesbe MJ, et a. New Persistent Opioid Use After Minor and
Major Surgical Proceduresin US Adults. AMA Surg 2017 Jun 21;152(6):€170504 [EREE Full text] [doi:
10.100V/jamasurg.2017.0504] [Medline: 28403427)

Clarke H, Songji N, Ko DT, Yun L, Wijeysundera DN. Rates and risk factors for prolonged opioid use after major surgery:
popul ation based cohort study. BMJ2014 Feb 11;348:91251 [ FREE Full text] [doi: 10.1136/bmj.g1251] [Medline: 24519537]
Sun EC, Mariano ER, Narouze S, Gabriel RA, Elsharkawy H, Gulur P, et al. Making abusiness plan for starting atransitional
pain service within the US healthcare system. Reg Anesth Pain Med 2021 Aug;46(8):727-731. [doi:
10.1136/rapm-2021-102669] [Medline: 33879540]

Katz J, Weinrib A, Fashler SR, Katznelzon R, Shah BR, Ladak SS, et a. The Toronto General Hospital Transitional Pain
Service: development and implementation of a multidisciplinary program to prevent chronic postsurgical pain. JPain Res
2015;8:695-702 [FREE Full text] [doi: 10.2147/JPR.S91924] [Medline: 26508886]

Katz J, Weinrib AZ, Clarke H. Chronic postsurgical pain: From risk factor identification to multidisciplinary management
at the Toronto General Hospital Transitional Pain Service. Can JPain 2019;3(2):49-58 [FREE Full text] [doi:
10.1080/24740527.2019.1574537] [Medline: 35005419]

Featherall J, Anderson JT, Anderson LA, Bayless K, Anderson Z, Brooke BS, et al. A Multidisciplinary Transitional Pain
Management Program | s Associated With Reduced Opioid Dependence After Primary Total Joint Arthroplasty. JArthroplasty
2022 Jun;37(6):1048-1053. [doi: 10.1016/j.arth.2022.02.032] [Medline: 35181448]

Nair AA, Velagapudi MA, Lang JA, Behara L, Venigandla R, Velagapudi N, et al. Machine learning approach to predict
postoperative opioid requirementsin ambulatory surgery patients. PLoS One 2020;15(7):e0236833 [FREE Full text] [doi:
10.1371/journal .pone.0236833] [Medline: 32735604]

Lee S, Reid A, Tong S, SilveiraL, Thomas JJ, MasaracchiaMM. A Retrospective Review of Opioid Prescribing Practices
for At-Risk Pediatric Populations Undergoing Ambulatory Surgery. J Pediatr Pharmacol Ther 2022;27(1):51-56 [FREE
Full text] [doi: 10.5863/1551-6776-27.1.51] [Medline: 35002559]

Shanahan CW, Reding O, Holmdahl |, Keosaian J, Xuan Z, McAneny D, et al. Opioid analgesic use after ambulatory
surgery: a descriptive prospective cohort study of factors associated with quantities prescribed and consumed. BMJ Open
2021 Aug 12;11(8):€047928 [FREE Full text] [doi: 10.1136/bmjopen-2020-047928] [Medline: 34385249]

Sridharan M, Samade R, J Kopechek K, Roebke AJ, Goyal KS, L Jones G, et a. The Effect of Patient and Surgical Factors
on Opioid Prescription Requests Following Arthroscopic Rotator Cuff Repair. Arthrosc Sports Med Rehabil 2021
Jun;3(3):e707-e713 [FREE Full text] [doi: 10.1016/j.asmr.2021.01.008] [Medline: 34195635]

Gabriel RA, Harjai B, Prasad RS, Simpson S, Chu |, Fisch KM, et a. Machine learning approach to predicting persistent
opioid use following lower extremity joint arthroplasty. Reg Anesth Pain Med 2022 May;47(5):313-319 [FREE Full text]
[doi: 10.1136/rapm-2021-103299] [Medline: 35115414]

Clarke C, McClure A, Allen L, Hartford L, Van Koughnett JA, Gray D, et a. Opioid use after outpatient elective general
surgery: quantifying the burden of persistent use. Br J Pain 2022 Aug;16(4):361-369. [doi: 10.1177/20494637211032907]
[Medline: 36032343]

ChawlaNV, Bowyer KW, Hall LO, Kegelmeyer WP. SMOTE: Synthetic Minority Over-sampling Technique. jair 2002
Jun 01;16:321-357. [doi: 10.1613/jair.953]

Anderson AB, Grazal CF, Balazs GC, Potter BK, Dickens JF, Forsberg JA. Can Predictive Modeling Tools Identify Patients
at High Risk of Prolonged Opioid Use After ACL Reconstruction? Clin Orthop Relat Res 2020 Jul;478(7):-1618 [FREE
Full text] [doi: 10.1097/CORR.0000000000001251] [Medline: 32282466]

Connor CW. Artificial Intelligence and Machine Learning in Anesthesiology. Anesthesiology 2019 Dec;131(6):1346-1359
[FREE Full text] [doi: 10.1097/AL N.0000000000002694] [Medline: 30973516]

Sun EC, Darnall BD, Baker LC, Mackey S. Incidence of and Risk Factors for Chronic Opioid Use Among Opioid-Naive
Patients in the Postoperative Period. JAMA Intern Med 2016 Sep 01;176(9):1286-1293 [EREE Full text] [doi:
10.1001/jamainternmed.2016.3298] [Medline: 27400458]

Hooten WM, St Sauver JL, McGree ME, Jacobson DJ, Warner DO. Incidence and Risk Factors for Progression From
Short-term to Episodic or Long-term Opioid Prescribing: A Population-Based Study. Mayo Clin Proc 2015 Jul;90(7):850-856
[FREE Full text] [doi: 10.1016/j.mayocp.2015.04.012] [Medline; 26141327)

Gabriel RA, Harjai B, Prasad RS, Simpson S, Chu |, Fisch KM, et a. Machine learning approach to predicting persistent
opioid use following lower extremity joint arthroplasty. Reg Anesth Pain Med 2022 May;47(5):313-319 [FREE Full text]
[doi: 10.1136/rapm-2021-103299] [Medline: 35115414]

Kim SC, Choudhry N, Franklin JM, Bykov K, Eikermann M, Lii J, et al. Patterns and predictors of persistent opioid use
following hip or knee arthroplasty. Osteoarthritis Cartilage 2017 Sep;25(9):1399-1406 [FREE Full text] [doi:
10.1016/j.joca.2017.04.002] [Medline: 28433815]

Westermann RW, Mather RC, Bedard NA, Anthony CA, Glass NA, Lynch TS, et a. Prescription Opioid Use Before and
After Hip Arthroscopy: A Caution to Prescribers. Arthroscopy 2019 Feb;35(2):453-460. [doi: 10.1016/j.arthro.2018.08.056]
[Medline: 30612773]

https://periop.jmir.org/2023/1/e40455 JMIR Perioper Med 2023 | vol. 6 | e40455 | p. 11

(page number not for citation purposes)


https://europepmc.org/abstract/MED/28403427
http://dx.doi.org/10.1001/jamasurg.2017.0504
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28403427&dopt=Abstract
http://www.bmj.com/lookup/pmidlookup?view=long&pmid=24519537
http://dx.doi.org/10.1136/bmj.g1251
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24519537&dopt=Abstract
http://dx.doi.org/10.1136/rapm-2021-102669
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33879540&dopt=Abstract
https://europepmc.org/abstract/MED/26508886
http://dx.doi.org/10.2147/JPR.S91924
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26508886&dopt=Abstract
https://europepmc.org/abstract/MED/35005419
http://dx.doi.org/10.1080/24740527.2019.1574537
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35005419&dopt=Abstract
http://dx.doi.org/10.1016/j.arth.2022.02.032
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35181448&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0236833
http://dx.doi.org/10.1371/journal.pone.0236833
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32735604&dopt=Abstract
https://europepmc.org/abstract/MED/35002559
https://europepmc.org/abstract/MED/35002559
http://dx.doi.org/10.5863/1551-6776-27.1.51
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35002559&dopt=Abstract
https://bmjopen.bmj.com/lookup/pmidlookup?view=long&pmid=34385249
http://dx.doi.org/10.1136/bmjopen-2020-047928
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34385249&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2666-061X(21)00014-6
http://dx.doi.org/10.1016/j.asmr.2021.01.008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34195635&dopt=Abstract
https://europepmc.org/abstract/MED/35115414
http://dx.doi.org/10.1136/rapm-2021-103299
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35115414&dopt=Abstract
http://dx.doi.org/10.1177/20494637211032907
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36032343&dopt=Abstract
http://dx.doi.org/10.1613/jair.953
https://europepmc.org/abstract/MED/32282466
https://europepmc.org/abstract/MED/32282466
http://dx.doi.org/10.1097/CORR.0000000000001251
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32282466&dopt=Abstract
https://europepmc.org/abstract/MED/30973516
http://dx.doi.org/10.1097/ALN.0000000000002694
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30973516&dopt=Abstract
https://europepmc.org/abstract/MED/27400458
http://dx.doi.org/10.1001/jamainternmed.2016.3298
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27400458&dopt=Abstract
https://europepmc.org/abstract/MED/26141327
http://dx.doi.org/10.1016/j.mayocp.2015.04.012
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26141327&dopt=Abstract
https://europepmc.org/abstract/MED/35115414
http://dx.doi.org/10.1136/rapm-2021-103299
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35115414&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1063-4584(17)30959-7
http://dx.doi.org/10.1016/j.joca.2017.04.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28433815&dopt=Abstract
http://dx.doi.org/10.1016/j.arthro.2018.08.056
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30612773&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PERIOPERATIVE MEDICINE Gabriel et d

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

35.

36.

37.

38.

39.

40.

41.

42.

43.

Rao AG, Chan PH, Prentice HA, Paxton EW, Navarro RA, Dillon MT, et a. Risk factors for postoperative opioid use after
elective shoulder arthroplasty. J Shoulder Elbow Surg 2018 Nov;27(11):1960-1968. [doi: 10.1016/j.jse.2018.04.018]
[Medline: 29891412]

Inacio MCS, Hansen C, Pratt NL, Graves SE, Roughead EE. Risk factors for persistent and new chronic opioid usein
patients undergoing total hip arthroplasty: aretrospective cohort study. BMJ Open 2016 Apr 29;6(4):€010664 [FREE Full
text] [doi: 10.1136/bmjopen-2015-010664] [Medline: 27130165]

Lawal OD, Gold J, Murthy A, Ruchi R, Bavry E, Hume AL, et al. Rate and Risk Factors Associated With Prolonged Opioid
Use After Surgery: A Systematic Review and Meta-analysis. JAMA Netw Open 2020 Jun 01;3(6):€207367 [FREE Full
text] [doi: 10.1001/jamanetworkopen.2020.7367] [Medline: 32584407)

Clarke HA, Manoo V, Pearsall EA, Goel A, Feinberg A, Weinrib A, et al. Consensus Statement for the Prescription of Pain
Medication at Discharge after Elective Adult Surgery. Can J Pain 2020 Mar 08;4(1):67-85 [FREE Full text] [doi:
10.1080/24740527.2020.1724775] [Medline: 33987487]

Hill MV, McMahon ML, Stucke RS, Barth RJ. Wide Variation and Excessive Dosage of Opioid Prescriptions for Common
General Surgical Procedures. Ann Surg 2017 Apr;265(4):709-714. [doi: 10.1097/SL A.0000000000001993] [Medline:
27631771]

Eid Al, DePesa C, Nordestgaard AT, Kongkaewpaisan N, Lee JM, Kongwibulwut M, et al. Variation of Opioid Prescribing
Patterns among Patients undergoing Similar Surgery on the Same Acute Care Surgery Service of the Same Institution:
Time for Standardization? Surgery 2018 Nov;164(5):926-930. [doi: 10.1016/j.surg.2018.05.047] [Medline: 30049481]
Wunsch H, Wijeysundera DN, PassarellaMA, Neuman MD. Opioids Prescribed After Low-Risk Surgical Proceduresin
the United States, 2004-2012. JAMA 2016 Apr 19;315(15):1654-1657 [FREE Full text] [doi: 10.1001/jama.2016.0130]
[Medline: 26978756]

Goedling J, Moser SE, Zaidi B, Hassett AL, Hilliard P, Hallstrom B, et al. Trends and predictors of opioid use after total
kneeand total hip arthroplasty. Pain 2016 Jun;157(6):1259-1265 [FREE Full text] [doi: 10.1097/].pain.0000000000000516]
[Medline: 26871536]

Bicket MC, Long JJ, Pronovost PJ, Alexander GC, Wu CL. Prescription Opioid Analgesics Commonly Unused After
Surgery: A Systematic Review. JAMA Surg 2017 Nov 01;152(11):1066-1071 [FREE Full text] [doi:
10.100V/jamasurg.2017.0831] [Medline: 28768328]

Compton WM, Jones CM, Baldwin GT. Relationship between Nonmedical Prescription-Opioid Use and Heroin Use. N
Engl JMed 2016 Jan 14;374(2):154-163. [doi: 10.1056/NEJMral508490] [Medline: 26760086]

BartelsK, Mayes LM, Dingmann C, Bullard KJ, Hopfer CJ, Binswanger 1A. Opioid Use and Storage Patterns by Patients
after Hospital Discharge following Surgery. PLoS One 2016;11(1):e0147972 [EREE Full text] [doi:

10.1371/journal .pone.0147972] [Medline: 26824844

Howard R, Brown CS, Lai Y, Gunaseelan V, Chua K, Brummett C, et al. The Association of Postoperative Opioid
Prescriptionswith Patient Outcomes. Ann Surg 2022 Dec 01;276(6):€1076-e1082. [doi: 10.1097/SL A.0000000000004965]
[Medline: 34091508]

Porter ED, Bessen SY, Molloy 1B, Kelly JL, Ramkumar N, Phillips JD, et a. Guidelines for Patient-CenteredOpioid
Prescribing and Optimal FDA-Compliant Disposal of Excess Pills after Inpatient Operation: Prospective Clinical Trial. J
Am Coll Surg 2021 Jun;232(6):823-835.€2. [doi: 10.1016/j.jamcollsurg.2020.12.057] [Medline: 33640521]

Gupta S, Mohta A, Gottumukkala V. Opioid-free anesthesia-caution for a one-size-fits-all approach. Perioper Med (Lond)
2020;9:16 [FREE Full text] [doi: 10.1186/s13741-020-00147-3] [Medline: 32566148]

Huang A, Azam A, Segal S, Pivovarov K, Katznelson G, Ladak SS, et al. Chronic postsurgical pain and persistent opioid
use following surgery: the need for atransitional pain service. Pain Manag 2016 Oct;6(5):435-443 [FREE Full text] [doi:
10.2217/pmt-2016-0004] [Medline: 27381204]

Chitnis SS, Tang R, Mariano ER. Therole of regional analgesiain personalized postoperative pain management. Korean
JAnesthesiol 2020 Oct;73(5):363-371 [FREE Full text] [doi: 10.4097/kja.20323] [Medline: 32752602]

IIfeld BM, Finneran JJ. Cryoneurolysisand Percutaneous Peripheral Nerve Stimulation to Treat Acute Pain. Anesthesiology
2020 Nov 01;133(5):1127-1149 [FREE Full text] [doi: 10.1097/AL N.0000000000003532] [Medline: 32898231]

Doan LV, Blitz J. Preoperative Assessment and M anagement of Patients with Pain and Anxiety Disorders. Curr Anesthesiol
Rep 2020;10(1):28-34 [FREE Full text] [doi: 10.1007/s40140-020-00367-9] [Medline: 32435161]

Mariano ER, El-Boghdadly K, IIfeld BM. Using postoperative pain trajectories to define the role of regional analgesiain
personalised pain medicine. Anaesthesia 2021 Feb;76(2):165-169 [FREE Full text] [doi: 10.1111/anae.15067] [Medline:
32368794]

Larach DB, Hah JM, Brummett CM. Perioperative Opioids, the Opioid Crisis, and the Anesthesiologist. Anesthesiology
2022 Apr 01;136(4):594-608 [FREE Full text] [doi: 10.1097/ALN.0000000000004109] [Medline: 35108351]

Abbreviations

AUC: areaunder the curve
MEQ: morphine equivalents

https://periop.jmir.org/2023/1/e40455 JMIR Perioper Med 2023 | vol. 6 | e40455 | p. 12

(page number not for citation purposes)


http://dx.doi.org/10.1016/j.jse.2018.04.018
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29891412&dopt=Abstract
https://bmjopen.bmj.com/lookup/pmidlookup?view=long&pmid=27130165
https://bmjopen.bmj.com/lookup/pmidlookup?view=long&pmid=27130165
http://dx.doi.org/10.1136/bmjopen-2015-010664
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27130165&dopt=Abstract
https://europepmc.org/abstract/MED/32584407
https://europepmc.org/abstract/MED/32584407
http://dx.doi.org/10.1001/jamanetworkopen.2020.7367
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32584407&dopt=Abstract
https://europepmc.org/abstract/MED/33987487
http://dx.doi.org/10.1080/24740527.2020.1724775
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33987487&dopt=Abstract
http://dx.doi.org/10.1097/SLA.0000000000001993
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27631771&dopt=Abstract
http://dx.doi.org/10.1016/j.surg.2018.05.047
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30049481&dopt=Abstract
https://europepmc.org/abstract/MED/26978756
http://dx.doi.org/10.1001/jama.2016.0130
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26978756&dopt=Abstract
https://europepmc.org/abstract/MED/26871536
http://dx.doi.org/10.1097/j.pain.0000000000000516
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26871536&dopt=Abstract
https://europepmc.org/abstract/MED/28768328
http://dx.doi.org/10.1001/jamasurg.2017.0831
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28768328&dopt=Abstract
http://dx.doi.org/10.1056/NEJMra1508490
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26760086&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0147972
http://dx.doi.org/10.1371/journal.pone.0147972
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26824844&dopt=Abstract
http://dx.doi.org/10.1097/SLA.0000000000004965
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34091508&dopt=Abstract
http://dx.doi.org/10.1016/j.jamcollsurg.2020.12.057
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33640521&dopt=Abstract
https://perioperativemedicinejournal.biomedcentral.com/articles/10.1186/s13741-020-00147-3
http://dx.doi.org/10.1186/s13741-020-00147-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32566148&dopt=Abstract
https://www.futuremedicine.com/doi/abs/10.2217/pmt-2016-0004?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.2217/pmt-2016-0004
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27381204&dopt=Abstract
https://europepmc.org/abstract/MED/32752602
http://dx.doi.org/10.4097/kja.20323
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32752602&dopt=Abstract
https://pubs.asahq.org/anesthesiology/article-lookup/doi/10.1097/ALN.0000000000003532
http://dx.doi.org/10.1097/ALN.0000000000003532
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32898231&dopt=Abstract
https://europepmc.org/abstract/MED/32435161
http://dx.doi.org/10.1007/s40140-020-00367-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32435161&dopt=Abstract
https://onlinelibrary.wiley.com/doi/10.1111/anae.15067
http://dx.doi.org/10.1111/anae.15067
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32368794&dopt=Abstract
https://pubs.asahq.org/anesthesiology/article-lookup/doi/10.1097/ALN.0000000000004109
http://dx.doi.org/10.1097/ALN.0000000000004109
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35108351&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PERIOPERATIVE MEDICINE Gabriel et d

OR: oddsratio

PACU: postanesthesia care unit

SHAP: Shapley Additive Explanations

SMOTE: Synthetic Minority Oversampling Technique

Edited by T Leung; submitted 21.06.22; peer-reviewed by H Lee, K McKelvey, SLiu; comments to author 23.11.22; revised version
received 06.12.22; accepted 24.01.23; published 08.02.23

Please cite as:

Gabriel RA, Smpson S, Zhong W, Burton BN, Mehdipour S, Said ET

A Neural Network Model Using Pain Score Patternsto Predict the Need for Outpatient Opioid Refills Following Ambulatory Surgery:
Algorithm Devel opment and Validation

JMIR Perioper Med 2023;6:e40455

URL: https://periop.jmir.org/2023/1/e40455

doi: 10.2196/40455

PMID:

©Rodney Allanigue Gabriel, Sierra Simpson, William Zhong, Brittany Nicole Burton, Soraya Mehdipour, Engy Tadros Said.
Originally published in IMIR Perioperative Medicine (http://periop.jmir.org), 08.02.2023. Thisis an open-access article distributed
under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits
unrestricted use, distribution, and reproduction in any medium, provided the original work, first published in IMIR Perioperative
Medicine, is properly cited. The complete bibliographic information, alink to the original publication on http://periop.jmir.org,
aswell asthis copyright and license information must be included.

https://periop.jmir.org/2023/1/e40455 JMIR Perioper Med 2023 | vol. 6 | e40455 | p. 13
(page number not for citation purposes)

RenderX


https://periop.jmir.org/2023/1/e40455
http://dx.doi.org/10.2196/40455
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

