
450 www.PRSJournal.com 

Opioid dependency has been declared 
an epidemic in the United States,1,2 and 
prescriber behavior is an important con-

sideration. Patients who are prescribed opioids 
have an increased risk of opioid use disorder and 
overdose death, with higher, longer acting doses 
conferring higher risk.3–6 In addition, opioids 

prescribed in excess pose a risk of opioid diver-
sion, or medication consumption by someone 
other than the intended recipient.1,7 In a 2019 
national survey, over half of individuals who used 
opioids illicitly obtained the opioids from friends 
or family members with legitimate prescriptions.1 
Among surgical patients, opioid prescribing poses 
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a well-documented risk for new persistent use in 
previously opioid-naive patients.8–17 In plastic 
surgery, specifically, 6% to 13% of postoperative 
patients develop new persistent use.18–21 The risks 
associated with opioid prescribing, therefore, 
warrant more reliable and objective methods to 
appropriately prescribe opioids after surgery.

Current literature has focused on character-
izing overprescribing,22–29 identifying risk factors 
for persistent opioid use,8–11,15,16 and reducing 
opioid consumption after surgery.30–32 For exam-
ple, enhanced recovery after surgery protocols 
have been extensively investigated and are now 
widely implemented, and effectively reduce opi-
oid consumption.33–38 However, few attempts have 
been made to synthesize these data into a clearly 
defined global strategy for downstream postoper-
ative opioid prescribing at discharge. Existing pre-
scribing models lack precision because they make 
use of aggregate inpatient opioid-use patterns or 
patient risk factors to provide general rules for 
prescription ranges, rather than tools that are tai-
lored to the individual patient.39–42

We propose a new personalized opioid pre-
scription (POP) model that incorporates patient-
specific health data to estimate postoperative 
opioid need after discharge. The POP model 
makes use of a logarithmic regression curve that 
uses a patient’s inpatient opioid use to extrapo-
late an appropriate opioid prescription amount. 
We compared the POP model to actual prescrip-
tion and postdischarge consumption to evaluate 
its accuracy. We then compared the POP model 
accuracy to other opioid prescribing models and 
demonstrated greater accuracy. Lastly, the POP 
model has the additional capability of quantifying 
the risk of prolonged postoperative opioid use at 
the time of discharge.

PATIENTS AND METHODS

Population Selection and Study Design
A retrospective review was performed for 

plastic surgery patients at an academic medi-
cal center between March of 2018 and June of 
2020. Demographic information, procedure 
type, length of stay (LOS), daily inpatient opi-
oid consumption, and postdischarge opioid pre-
scription quantities were collected through chart 
review. All inpatient opioids were administered 
by a physician or nurse, and each dose must have 
been recorded in the medical record along with 
its time of administration. Information regard-
ing prescription opioid use, refills, and previous 
opioid use was gathered using patient surveys 

administered at 4 weeks (range, 3 to 5 weeks) 
postoperatively as part of a previous quality-
improvement initiative.

Patients included were required to have 
complete 4-week postoperative data and have 
LOS of 2 to 8 days. Patients with LOS beyond 8 
days (>75th percentile) were excluded a priori, 
given nonstandard hospital courses. Those who 
did not consume any opioids while an inpatient 
or consumed an indeterminate amount of opi-
oids (eg, received patient-controlled analge-
sia or fentanyl-containing epidural) were also 
excluded because model generation requires 
quantifiable opioid consumption.

POP Model
For each patient, inpatient opioid consump-

tion in 24-hour intervals following surgery was 
used as the independent variable for a logarith-
mic regression formula of the form Y = β * e(M*X), 
where Y is the amount of opioid [oral morphine 
equivalents (OME)] consumed on day X, and β 
and M are patient-specific, regression-calculated 
constants. We prevented exponential overgrowth 
by limiting M to be less than zero. Since logarith-
mic regression cannot account for zero values [ie, 
ln(0) is undefined], opioid consumption inputs 
of zero were converted to 0.1. We used this model 
to estimate daily opioid need for the 7 days after 
discharge and summed the daily amounts to find 
the total estimated opioid need for each patient. 
Seven days was chosen for prescription quantity 
summation because Ohio law limits opioid pre-
scribing for acute pain to 30 OME/day for 7 days 
in adults unless there is documented exception. 
To evaluate the impact of patient characteristics 
on model estimates, we performed covariate 
analyses for age, gender identity, LOS, proce-
dure type, and patient-reported prior opioid use 
(opioid-naive versus opioid-nonnaive).

Prescribing Models Used for Comparison
We compared the utility of the POP model 

to two other preexisting prescribing models: (1) 
the procedure-based model and (2) the 24-hour 
model. This was done by first identifying the 
patients who, by chance, were prescribed the 
amount of opioids that would have been pre-
scribed if each of these models was applied. Then, 
we evaluated how closely to the prescribed amount 
patients reported consuming following discharge. 
A range for prescribing accuracy was defined as 
plus or minus five 5-mg oxycodone tablets (37.5 
OME).
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The procedure-based model was created as 
part of a previous quality-improvement initiative. 
We tracked average opioid consumption across 
different procedure types and recommended 
procedure-specific prescription quantities at dis-
charge based on the average consumption for 
each procedure type.43

The 24-hour model described by Hill et al. 
was based on a retrospective analysis of 234 gen-
eral surgery cases at a single center. This model 
assays the number of pills taken in the 24-hour 
period before discharge. No pills were pre-
scribed if no pills were taken; 15 pills were pre-
scribed if one to three pills were taken; and 30 
pills were prescribed if four or more pills were 
taken.41

Statistical Analysis
Statistical regression analyses were per-

formed using STATA16.0 (StataCorp, LLC) 
and GraphPad Prism version 6.00 (GraphPad 
Software, Inc.). Linear regression analysis was 
performed to evaluate the following data sets: (1) 
comparing prescription, inpatient, and postdis-
charge opioid amounts; (2) comparing the POP 
model–estimated opioid need amount and actual 
prescribed and postdischarge consumed amount; 
(3) comparing postdischarge consumption to 
POP-estimated opioid need in patients under-
prescribed, appropriately prescribed, or overpre-
scribed per model; and (4) comparing accuracy 
of the POP model to those of two other prescrip-
tion models. Underprescribing, appropriate pre-
scribing, and overprescribing was determined 
by comparing actual prescribed amount to POP 
model–estimated opioid need.

To evaluate potential confounding factors, a 
multiple linear regression analysis was performed 
using remaining OME as the dependent variable 
and POP model–estimated opioids remaining, 
gender identity, age, LOS, and previous opioid use 
as the independent variables. Procedure type was 
examined separately as a potential confounder, 
with procedure type as a categorical variable. 
Models containing varying subsets of covariates 
were compared using likelihood ratio tests. A 
value of P < 0.05 was used to determine statistical 
significance throughout. Finally, we evaluated the 
utility of the POP model for quantifying risk of 
persistent opioid use through logistic regression 
analysis with patient-reported persistent use at 4 
weeks as the dependent variable and POP model–
estimated opioid need and previous opioid use as 
independent variables.

RESULTS

Study Population
Of 642 patients with available postdischarge 

opioid consumption data, 149 patients had an 
inpatient stay between 2 and 8 days. From this, 19 
patients who did not consume opioids while inpa-
tients and 14 patients who consumed an indeter-
minate amount of opioids during their inpatient 
stay were excluded (Fig. 1). The final cohort con-
sisted of 116 patients with a mean age of 53 ± 12.8 
years (range, 20 to 91 years) (Table 1). Patients 
identifying as women represented 70.7% of the 
cohort (n = 82) (Table  1). Twenty-one patients 
(18.1%) reported opioid use before their opera-
tion (Table 1).

Associations between Opioid Prescribing and 
Consumption

We first examined current opioid prescrib-
ing practices and their relationships to inpatient 
and postdischarge opioid consumption patterns 
within our patient cohort. In our current practice, 
postdischarge opioid prescription amount was not 
associated with inpatient opioid consumption (R2 
= 0.006; P = 0.394) or LOS (R2 = 0.002; P = 0.608) 
(Fig.  2, above). These findings indicate that pre-
existing prescribing behaviors were not guided by 
these factors. However, there was a positive asso-
ciation (R2 = 0.214; β = 0.411 ± 0.074; P < 0.001) 
between postdischarge opioid prescription and 
postdischarge opioid consumption, indicating 
the possibility that increased prescription quanti-
ties resulted in increased postdischarge consump-
tion (Fig.  2, below, left). In addition, there was a 
positive association between inpatient opioid con-
sumption and postdischarge opioid consumption 
(R2 = 0.106; β = 0.374 ± 0.102; P < 0.001), indicat-
ing that inpatient opioid consumption can poten-
tially be used to estimate postdischarge opioid 
need (Fig. 2, below, right).

Analysis of the POP Model
The POP model is a patient-specific logarith-

mic regression model that uses each patient’s 
daily inpatient opioid consumption amount to 
extrapolate an appropriate prescription amount 
for that patient (Fig.  3, above). After calculating 
an estimated opioid need with the POP model, we 
tested the accuracy of the estimated opioid need 
by comparing it to actual opioid prescribing and 
consumption patterns. First, we used the POP 
model to categorize patients into “overprescribed 
per model” or “underprescribed per model” based 
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on their actual postdischarge opioid prescription 
quantity. Based on the model, most patients were 
substantially overprescribed [78 of 116 (67.2%)] 
or underprescribed [23 of 116 (19.8%)], and 
there was no association between the POP model 
estimates and the actual opioid prescription 
amount in current practice (R2 = 0.009; P = 0.307) 
(Fig. 3, center, left).

We then compared the predicted amount that 
was overprescribed or underprescribed based 
on the model with the actual amount of patient-
reported excess opioid medication at 4 weeks post-
operatively, revealing a strong positive trend (R2 = 
0.308; P < 0.001) (Fig. 3, center, right). The amount 
overprescribed or underprescribed per model was 
calculated by subtracting predicted opioid need 

from amount prescribed, while amount of excess 
opioids was calculated by subtracting patient-
reported opioid consumption from amount pre-
scribed. Patients who were overprescribed by the 
POP model had more excess opioid tablets, and 
patients who were underprescribed by the POP 
model had fewer excess opioid tablets.

A linear formula was also analyzed, but this 
version of the POP model had a weaker asso-
ciation (R2 = 0.271; P < 0.001) than the logarith-
mic formula. [See Figure, Supplemental Digital 
Content 1, which shows linear opioid prediction 
model. (Above) Visual description of linear regres-
sion model, using patient inpatient opioid use 
(blue) to create a patient-specific trendline (dashed 
line) and estimate outpatient opioid need (red). 

Fig. 1. Of patients with complete 4-week postdischarge opioid consumption data (n = 642), 149 patients had an 
inpatient stay lasting between 2 and 8 days (23.2%). Patients were subsequently evaluated for inpatient opioid con-
sumption; those who did not consume opioids on an inpatient basis [n = 19 (12.8%)] or consumed an unquantifi-
able amount through the use of patient-controlled analgesic devices and/or epidural fentanyl [n = 14 (10.8%)] were 
excluded from this study.
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(Below) Comparison of linear POP model–esti-
mated overprescription versus actual unused opi-
oids remaining for data set of analyzed patients. 
Total model R2 value of 0.271 was less than that 
for the logarithmic model R2 of 0.308, http://links.
lww.com/PRS/F597.]

Effect of Opioid Prescribing Behavior on 
Postdischarge Opioid Consumption Behavior

For underprescribed per model patients, no asso-
ciation was found between amount prescribed and 
amount of opioid in excess, (R 2 = 0.027; P = 0.456) 

(Fig.  3, below, left). For overprescribed per model 
patients, the slope was 0.701 ± 0.089 (R2 = 0.45; P < 
0.001), indicating that for every 10 OME prescribed 
above the predicted opioid need, three were con-
sumed and seven were left over and/or discarded 
(Fig. 3, below, right). Thus, opioid overprescribing by 
providers is associated with increased consumption 
by patients at a ratio of 10:3.

Accuracy of POP Model Estimates
In our retrospective cohort, we identified 

patients who, by chance, were actually pre-
scribed within the POP model–specified range 
(±37.5 OME or five 5-mg oxycodone tablets) 
for their estimated prescription need (Fig.  4, 
left). For these 15 patients, the POP estimated 
opioid need was strongly associated with actual 
postdischarge opioid consumption (R2 = 0.899;  
P < 0.001) (Fig. 4, left).

We then examined the accuracy of two other 
prescribing models—the procedure-based model 
and the 24-hour model—in estimating postdis-
charge opioid need. We identified patients in our 
cohort who were prescribed, by chance, within 
37.5 OME of their estimated opioid need based on 
these two models. In total, 23 patients were accu-
rately prescribed by the procedure-based model 
and 46 by the 24-hour model. Unlike the POP 
model, the procedure-based model (R2 = 0.226; 
P = 0.025) and 24-hour (R2 = 0.152; P = 0.007) 
model–estimated opioid need was less associated 
with postdischarge opioid consumption (Fig.  4, 
center and right). Although there was no associa-
tion between estimated prescription size between 
the procedure-based model and the POP model 
(R2 = 0.0289; P = 0.098), there was association 
between the 24-hour model and the POP model 
(R2 = 0.473; P < 0.001). [See Figure, Supplemental 
Digital Content 2, which shows a comparison of 
prescribing models. (Left) POP model– and pro-
cedure-based model–estimated prescription sizes 
for the same patients showed no association (R2 
= 0.029). (Right) POP model– and final 24-hour 
model–estimated prescription sizes for the same 
patients showed a positive association (R2 = 0.473); 
however, there was much more variation in the 
POP model–estimated prescription sizes, http://
links.lww.com/PRS/F598.]

POP Model Estimates Correlate with Persistent 
Use Risk

We evaluated patient-reported persistent use 
at 4 weeks and compared it to the model esti-
mates and patient demographics (age, gender 

Table 1. Demographics of Study Cohorta

Characteristic  Value (%) 

Sex
  Male 34 (29.3)
  Female 82 (70.7)
Age
  Mean ± SD 53.0 ± 12.8
  Median 54
  Range 20–91
Mean age by sex ± SD, yr
  Male 54.9 ± 13.0
  Female 52.2 ± 12.7
Prior opioid use
  No 95 (81.9)
  Yes 21 (18.1)
Procedural category
  Delayed breast reconstruction, free flap, with or 

without oncoplastic reduction/mastopexy 23 (19.8)
  Immediate breast reconstruction, free flap, 

with or without oncoplastic reduction/ 
mastopexy 19 (16.4)

  Débridements for chronic wounds,  
hematomas, necrosis, seromas 13 (11.2)

  Lower or upper extremity reconstruction, 
local/regional flap 12 (10.3)

  Panniculectomy or abdominoplasty 10 (8.6)
  Immediate breast reconstruction, implants/

tissue expanders, with or without oncoplas-
tic reduction/mastopexy 5 (4.3)

  Amputation with targeted muscle  
reinnervation 5 (4.3)

  Abdominal wall reconstruction only 4 (3.5)
  Trunk/pelvic local flaps 4 (3.5)
  Skin graft only 3 (2.6)
  Craniofacial reconstruction 3 (2.6)
  Targeted muscle reinnervation only 3 (2.6)
  Breast reconstruction revision procedures 

(NAR, liposuction, fat grafting, dog-ear 
revision, scar revision, mastopexy, capsulec-
tomy, capsulotomy, implant exchange) 2 (1.7)

  Spine closure/reconstruction 2 (1.7)
  Excision skin/soft-tissue lesions/masses with 

reconstruction 2 (1.7)
  Delayed breast reconstruction, implants/ 

tissue expanders, with or without oncoplas-
tic reduction/mastopexy 1 (0.9)

  Breast reduction or mastopexy only,  
nononcoplastic 1 (0.9)

  Lower or upper extremity reconstruction, 
free flap 1 (0.9)

  Sternal wound reconstruction 1 (0.9)
  Vascularized lymph node transfers 1 (0.9)
  Osteocutaneous free fibula 1 (0.9)
NAR, nipple-areola reconstruction.
an = 116.

http://links.lww.com/PRS/F597
http://links.lww.com/PRS/F597
http://links.lww.com/PRS/F598
http://links.lww.com/PRS/F598
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identity, LOS, procedure type, and opioid-naive 
status) using logistic regression. The only fac-
tors that correlated with persistent use at 4 weeks 
were nonnaive status and POP model–estimated 
opioid need (Fig. 5). Both factors were positively 
associated with odds of reporting persistent use 
at 4 weeks. Nonnaive status conferred an odds 
ratio of 7.70 (P < 0.001; 95% CI, 2.57 to 23.04) 
(Fig. 5) compared to opioid-naive patients. POP 
model–estimated opioid need conferred an odds 
ratio of 1.004 per oral morphine equivalent, or 
approximately 1.16 (P = 0.010; 95% CI, 1.04 
to 1.30) per 37.5 OME. This represents a 16% 
increased risk of persistent opioid use at 4 weeks 
for every five 5-mg oxycodone tablet increase 

in the estimated opioid need. Nonparametric 
receiver operating characteristic testing was 
found to be statistically significant, demonstrat-
ing an area under the curve of 0.662 with a stan-
dard error of 0.084, correlating with a value of P 
= 0.027.44

Covariate Analyses
Procedure type, patient age, LOS, gender 

identity, and previous opioid use were evaluated as 
potential variables that could influence model esti-
mates. [See Figure, Supplemental Digital Content 
3, which shows the effects of incorporating mul-
tivariate predictors into the POP model. (Above) 

Fig. 2. Comparison of inpatient and postdischarge opioid consumption with LOS and postdischarge opioid prescrip-
tion quantity. No associations were found between (above, left) inpatient opioid consumption and postdischarge opi-
oid prescription or (above, right) length of inpatient stay and postdischarge opioid prescription. However, a positive 
association was found between (below, left) postdischarge opioid prescription and postdischarge opioid consump-
tion and (below, right) inpatient opioid consumption and postdischarge opioid consumption.
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Fig. 3. Use of the POP regression model to measure current postdischarge overprescribing and underpre-
scribing. (Above) An example schematic of the POP regression model. The POP regression model assumes 
that postdischarge opioid consumption decreases exponentially. Each patient’s daily inpatient opioid con-
sumption is used to generate a personalized logarithmic regression formula. This formula is then used to 
estimate the amount of opioids this patient will need after discharge. (Center, left) There was no association 
between estimated postdischarge opioid need and actual prescription amount that patients historically 
received. (Center, right) The estimated amount that was overprescibed or underprescribed based on the 
model was compared with the actual amount of patient-reported excess opioid medication at 4 weeks 
postoperatively, revealing a strong positive trend (R2 = 0.308; P < 0.001). (Below, left) For underprescribed 
per model patients, no association was found between amount prescribed and amount of opioid in excess. 
(Below, right) For overprescribed per model patients, the slope increased to 0.701 ± 0.089, indicating that for 
every 10 OME prescribed above the estimated opioid need, three were consumed and seven were in excess.
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Regression of remaining OME versus POP model–
estimated overprescription and procedure type, 
documented as a categorical variable. Likelihood 
ratio test of the model with and without the inclu-
sion of procedure type found that procedure type 
was not a significant variable in the model (P = 
0.061). (Below) Regressions of remaining OME ver-
sus POP model–estimated overprescription with 
sequential removal of confounding factors: age, 
LOS, gender identify, and previous use, with like-
lihood ratio tests of the model with and without 
the factor inclusion are shown on right. Patient-
identified gender (P = 0.024) and previous opi-
oid use (P = 0.005) were found to have significant 

effects on total remaining opioids, explored further. 
N/A, not applicable, http://links.lww.com/PRS/F599. 
See Figure, Supplemental Digital Content 4, which 
shows variations in prescribing and consumption 
patterns. (Above) Male patients were prescribed 
more opioids than female patients, with similar 
amounts of opioids consumed after discharge. 
However, gender did not affect the accuracy of 
POP model estimates. (Below) Patients with previ-
ous opioid use were found to be prescribed similar 
amounts of opioids and consumed larger amounts 
of opioids on average. Previous opioid use did not 
affect the accuracy of POP model estimates (*P < 
0.05; ***P < 0.001), http://links.lww.com/PRS/F600.]

Fig. 4. Use of POP model to examine postdischarge behavior of accurately prescribed patients. (Left) The POP model shows a stron-
ger association between postdischarge opioid prescription and postdischarge opioid consumption than the (center) procedure-
based or (right) 24-hour model. OME, OME.

Fig. 5. Odds of reporting persistent opioid use at 4 weeks postoperatively. Opioid-nonnaive 
patients (blue) were more likely to report persistent use than opioid-naive patients (red). Both 
cohorts had increased odds of reporting persistent use, with higher POP model–estimated pre-
scription need. On the y axis, patients with a value of 1.0 reported persistent opioid use at 4 weeks. 
Patients with a value of 0 did not report persistent opioid use at 4 weeks. POP model–estimated 
opioid need conferred an odds ratio of 1.004 per oral morphine equivalent, or approximately 1.16 
(P = 0.010; 95% CI, 1.04 to 1.30) per 37.5 OME, representing a 16% increased risk of persistent opi-
oid use at 4 weeks for every five 5-mg oxycodone tablets of estimated need.

http://links.lww.com/PRS/F599
http://links.lww.com/PRS/F600
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The effects of procedure type (multiple lin-
ear regression with categorical variable, P = 
0.210 to 1.000, depending on procedure type), 
patient age (P = 0.266; likelihood ratio test, P = 
0.252), and LOS (P = 0.164; likelihood ratio test, 
P = 0.154) were determined to be insignificant. 
Gender identity was found to have a significant 
effect on the amount of opioids remaining (P = 
0.027; likelihood ratio test, P = 0.024). Compared 
to women, men received larger opioid prescrip-
tions on average (P = 0.026) but consumed 
a similar amount of opioids (P = 0.944), and 
this discrepancy resulted in a difference in the 
amount of pills remaining. However, gender 
identity did not affect POP model–predicted 
need or how patients’ predicted needs compared 
to actual use (interaction term, P = 0.136) (see 
Figure, Supplemental Digital Content 4, above, 
http://links.lww.com/PRS/F600). Opioid-nonnaive 
patients were found to consume more opioids 
on average (P < 0.001) while receiving similar 
prescription sizes as opioid-naive patients (P = 
0.066); this also did not affect POP-model predic-
tive ability of patient use (interaction term, P = 
0.091) (see Figure, Supplemental Digital Content 
4, below, http://links.lww.com/PRS/F600).

DISCUSSION
Physician prescribing practices after surgery 

are an important consideration in the midst of a 
national opioid epidemic.1,2 Despite robust strat-
egies to reduce reliance on opioid-predominant 
pain management regimens, there has been little 
progress in translating these successes into a uni-
versal strategy for more appropriate and patient-
specific opioid prescribing after discharge. The 
downstream effect of this is substantial overpre-
scribing and highly variable prescribing patterns 
that are largely based on provider behavior. At our 
own institution, we have previously demonstrated 
that 52% of opioid tablets prescribed at discharge 
go unused for plastic and reconstructive surgery 
patients, culminating in over 30,000 excess pills 
per year from a single surgical service.43 In the 
present study, we demonstrate that historically 
prescribed opioid quantities were disconnected 
from potentially relevant clinical characteristics, 
such as inpatient opioid consumption and LOS. 
Simultaneously, we found that inpatient opioid 
consumption was positively associated with post-
discharge opioid consumption and could be 
objectively measured to better estimate prescrip-
tion quantities. To this end, we hypothesized that 
a personalized opioid prescribing model that uses 

daily inpatient opioid consumption can accurately 
estimate postdischarge opioid requirements. The 
use of this model in clinical practice may reduce 
opioid overprescribing by tailoring prescription 
amounts to anticipated need, with the added ben-
efit of identifying patients at risk of new persistent 
use.

Previously proposed opioid prescribing pro-
tocols have relied on aggregate patient data or 
arbitrary cutoffs to categorize patient opioid 
requirements. We demonstrate that these models 
have significantly lower accuracy, posing a greater 
likelihood of underprescribing or overprescrib-
ing for the individual patient, who may have 
unique and perhaps unmeasurable characteris-
tics or circumstances that influence opioid need. 
We propose that the best way to anticipate what 
a patient will need at discharge is to examine 
the trend of data they have already provided. We 
determined that the accuracy of the POP model 
was not influenced by age, gender identity, proce-
dure type, LOS, or preoperative opioid use, sup-
porting the potential for generalizing this model 
to many surgical patient types. Because the accu-
racy of the POP model was not impacted by these 
additional variables, the model stands as a single 
variable input, significantly improving ease of use 
for the prescriber.

In subsequent analyses, we identified two addi-
tional important findings. First, we found that 
patient opioid consumption behavior was directly 
related to provider overprescribing behavior. In 
our study, patients consumed three of 10 OME 
which was overprescribed above their estimated 
need. This finding supports other studies that 
have also found postdischarge opioid consump-
tion to be a function of prescription amount.17,18 
In particular, Howard et al. reported a similar rela-
tionship of five pills consumed for every 10 addi-
tionally prescribed for various surgical patients.45 
These findings demonstrate the importance of 
evidence-based opioid stewardship.

Second, we uncovered the utility of the POP 
model for evaluating risk of persistent opioid use 4 
weeks after surgery. Despite the clear link that has 
been described across numerous surgical special-
ties between acute postoperative opioid prescrip-
tions and new persistent opioid use in previously 
opioid-naive patients,8–17 there remains no effec-
tive method to preemptively identify patients at 
risk beyond recognizing a subset of limited pre-
disposing characteristics.12,19,20 Using the POP 
model, we determined that the odds of persistent 
use increased by 16% for every 37.5 OME of pre-
dicted postdischarge need. Therefore, a potential 

http://links.lww.com/PRS/F600
http://links.lww.com/PRS/F600
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strength of the POP model is its ability to calcu-
late this risk before the patient leaves the hospi-
tal. Future prospective work will be conducted 
to evaluate its predictive value and determine 
thresholds for identifying high-risk patients for 
early intervention.

Our goal is to integrate the POP model into 
the electronic health record, and this work is pres-
ently underway at our institution. This automated, 
provider-facing tool will generate inpatient opioid 
consumption trends for clinical interpretation, 
predicted postdischarge opioid need, and risk 
scores for new persistent use.

We recognize limitations within this study. To 
create a personalized logarithmic regression for-
mula for a patient, we needed the patient to have 
at least two data points. This means that we were 
unable to generate a formula for patients who 
did not consume opioids while an inpatient, who 
had outpatient procedures, or had hospital stays 
less than 2 days. In addition, patients with shorter 
LOS, and therefore fewer data points, may have 
less accurate formulas. Although we did not see a 
difference in logarithmic regression accuracy for 
patients with a 2-day inpatient stay versus a longer 
stay, the limited number of patients available for 
this analysis limits the power of that investigation. 
This exclusion criterion also means that a large 
portion of plastic surgery patients were excluded 
in our study; however, other surgical specialties 
with fewer outpatient or observational proce-
dures may not be as significantly affected. Work is 
underway to investigate the utility of an adapted 
model with single-data-point input or shorter 
interval opioid consumption reporting (it is pres-
ently modeled in 24-hour intervals). In addition, 
the sample size of 116 limits the conclusions that 
can be drawn from the data; a number of poten-
tial confounders could not be assessed, such as 
the impact of adjunct analgesics. Lastly, we used 
data that had been previously collected and retro-
fitted into the model to determine their efficacy. 
Future work will include prospective validation of 
the model across a broader range of disciplines.

CONCLUSIONS
Opioid dependency and opioid diversion 

are serious public health concerns, and sur-
geons have an opportunity for improved opi-
oid stewardship. Presently, there is no universal 
strategy for accurately prescribing postopera-
tive opioids for surgical patients at discharge. 
This study presents a solution to this problem 
through development of the POP model, which 

uses patient-specific health data to estimate 
opioid prescription quantities more accurately. 
The potential benefits of this solution include 
decreased overprescribing, opioid waste, and 
risk of opioid diversion; decreased risk of under-
prescribing and poorly controlled patient pain; 
and an improved ability to detect patients at 
risk of new persistent use at an early time point. 
Further prospective analysis of these benefits 
can be performed with clinical integration of the 
POP model using electronic health record tech-
nology, which may ultimately improve patient 
outcomes and save lives through more precise 
prescribing recommendations that are personal-
ized to each patient’s needs.
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