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ABSTRACT

Background: Long-term opioid therapy (LTOT) after hip fracture surgery is a common postoperative complication associated
with adverse outcomes, yet tools to identify at-risk patients among opioid-naive older adults are lacking. This study aimed to
develop and internally validate a parsimonious model to predict LTOT following hip fracture surgery.

Methods: Using Danish nationwide registries, we identified 26,057 opioid-naive patients (> 65years) undergoing hip fracture
surgery (2010-2020) and analysed 29 predictors, covering demographics, comorbidities, medication, lifestyle, socioeconomics
and surgical factors. LTOT was defined as redeeming >2 prescriptions between 31 and 365days of surgery. Models were devel-
oped using four machine learning methods: logistic regression, backwards elimination, elastic net penalised logistic regression
and random forest. Model performance was assessed using area under the receiver operating characteristic curve (AUC), calibra-
tion slope, intercept, Brier score and decision curve analysis.

Results: LTOT was identified in 8095 (31.1%) patients. The backward elimination algorithm identified the best performing
model, selecting 8 of 29 predictors and achieving an AUC of 0.68, calibration slope of 0.99, intercept of 0.02 and Brier score of
0.20. Predictors included age, marital status, preoperative non-opioid pain medication, preoperative novel oral anticoagulants,
fracture type, surgery delay, length of hospital stay and postoperative cumulated ambulation score at discharge.

Conclusions: A prediction model was developed and validated for use at discharge to identify patients at risk of LTOT 1year
after hip fracture. The model may support risk stratification at discharge, but requires external validation and evaluation of clin-
ical implementation before routine use.

Significance Statement: This study presents the first internally validated prediction model for long-term opioid use in opioid-
naive older adults after hip fracture surgery. The model functions as a simple and interpretable risk stratification tool at discharge
and has been incorporated in a freely available risk calculator. It addresses the lack of clinically applicable risk stratification tools
in this frail population and highlights opportunities for more targeted postoperative pain management, although feasibility test-
ing is required before clinical implementation.

This is an open access article under the terms of the Creative Commons Attribution-NonCommercial-NoDerivs License, which permits use and distribution in any
medium, provided the original work is properly cited, the use is non-commercial and no modifications or adaptations are made.
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1 | Introduction

The global burden of hip fractures is expected to increase due to
the aging population (Kristensen et al. 2020; Sing et al. 2023).
Management of a hip fracture usually involves a combination
of urgent surgery (Bhandari and Swiontkowski 2017), rehabili-
tation and medication, in which opioids play an important role
in addressing short-term postoperative pain (Simoni et al. 2019).
Despite advancements in peri- and post-operative care includ-
ing pain management (Chou et al. 2016; Kehlet 2020; Mazarello
Paes et al. 2025; Tudorache et al. 2025), many hip fracture pa-
tients rely on opioid prescriptions for pain relief during their
recovery (Chou et al. 2016; Simoni et al. 2019). 17% to 27% of
opioid-naive hip fracture patients continue opioid use 1year
after surgery (Risbo et al. 2025; Simoni et al. 2019).

Opioid usage increases the risk of falls, which can lead to
subsequent fractures (Yue et al. 2020) and elevated mortal-
ity (Lindestrand et al. 2015). Moreover, complications such as
respiratory depression, dizziness and postoperative delirium
(Benyamin et al. 2008) as well as adverse drug interactions
(Matos et al. 2020) can impede recovery and increase healthcare
costs (Johnson et al. 2022).

Preoperative opioid use is a consistent predictor of long-term
opioid therapy (LTOT) after hip fracture surgery (Chaudhary
et al. 2019; Edwards et al. 2021; Hereford et al. 2022; Stone
et al. 2023), but its strong effect may overshadow other im-
portant predictors, particularly those relevant to identifying
risk among opioid-naive patients. The complex interplay of
risk factors makes individualised risk assessment difficult.
Predictive models for LTOT after elective hip arthroplasty
exist (Karhade et al. 2019; Quaye et al. 2025), but lack univer-
sal clinical uptake. Furthermore, their applicability to acute
hip fracture patients remains uncertain, as these cases present
a different clinical entity than elective patients. Therefore, to
address this knowledge gap, this study aimed to develop and
validate a tool to identify opioid-naive hip fracture patients at
high risk of LTOT.

2 | Materials and Methods
2.1 | Guidelines

This study is reported in accordance with the Transparent
Reporting of a Multivariable Prediction Model for Individual
Prognosis Or Diagnosis + Artificial Intelligence guidelines
(Collins et al. 2024) and follows best practice guidance for model
development and validation by Steyerberg and Vergouwe (2014).

2.2 | Data Sources

This study utilised data from five Danish population-based
nationwide medical databases. Healthcare in Denmark is uni-
versally accessible and funded through taxation. Databases
were linked using the unique 10-digit civil registration number
assigned through the Civil Registration System, which tracks
civil, vital and migration status (Schmidt et al. 2014). This sys-
tem allowed for the identification and inclusion of all eligible

patients who had undergone hip fracture surgery. Additional
description of the five databases is found in the Supporting
Information S1.

2.3 | Study Population

Opioid-naive patients with a femoral neck or per/subtrochanteric
fracture recorded in the Danish Multidisciplinary Hip Fracture
Registry database between 01.01.2010 and 31.12.2020 were
included. Those with a record of opioid use in the 12-months
pre-fracture and/or who had an inactive civil registration num-
ber before the postoperative follow-up period between 31 and
365days of surgery began were excluded, see Figure 1 and
Figure S1 for graphical depictions.

2.4 | Outcome

LTOT was defined as a patient redeeming >2 opioid prescrip-
tions from a community pharmacy between 31 and 365days of
surgery. The included opioids and corresponding ATC codes are
listed in Table S1.

Opioids dispensed within the first 30days postoperatively were
excluded, as these were assumed to reflect acute postoperative
pain and not long-term use.

Data from patients who died or emigrated (inactive civil reg-
istration number) before the end of the 12-month period were
retained in the outcome assessment to reduce the risk of immor-
tal time bias in model development (Reps et al. 2021). Patients

All hip fracture patients
operated between
Jan. 1, 2010 - Dec. 31, 2020

66,909

Exclusions:

Opioid use 1 year prior to hip
operation (20,342)

A 4

Dieath, emigration, or otherwise
inactive CPR status before follow-
up (4,562)

Missing data on any predictor
variable (15,448)

h 4

Final cohort

26,057

| !

Development cohort - Validation cohort -
T0% 30%

18,239 7,818

FIGURE1 | Study population flowchart.
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who died/emigrated before redeeming two prescriptions were
classified as non-LTOT users, while those who redeemed two
prescriptions were classified as LTOT users.

2.5 | Predictors

The criteria for selecting candidate predictors included a doc-
umented or plausible association with LTOT following hip
fracture (Edwards et al. 2021; Gadgaard et al. 2024; Karhade
et al. 2019), as well as the ability to be easily obtained at the
time of admission or at discharge. We identified 29 candidate
predictors through our databases: age and gender; preoper-
ative sociodemographic factors including education level,
living situation and marital status; preoperative clinical
predictors, including surgical delay >24h, body mass index
(BMI), cumulated ambulation score (CAS), hip fracture type,
prior prescriptions across nine different medication groups
(Edwards et al. 2021) and the presence of major comorbidi-
ties commonly found in a hip fracture population (Gadgaard
et al. 2024). Medication use was assessed during the 6 months
preceding the hip fracture operation date, while comorbidity
status was assessed Syears prior to the operation. Lastly, we
included postoperative factors, such as postoperative CAS,
pre-to-postoperative CAS change and hospital stay >8days
(corresponding to the median length of hospitalisation in
the cohort). The individual predictor levels are presented in
Table 1. Codes for the included predictors are in Tables S2-S4.
All predictors were coded as categorical variables for ease of
implementation in the machine learning models and clinical
practice.

2.6 | Missing Data

Patients with missing data on any predictor variable were ex-
cluded from model development and validation. A complete-
case approach was chosen due to the moderate proportion of
missingness, the large sample size and prior studies using this
dataset demonstrating negligible differences between multiple
imputation and complete-case analyses for similar predictors
(Hjelholt et al. 2022; Pedersen et al. 2017).

2.7 | Analytical Methods

The selection of modelling approaches was guided by prior
prediction studies (Heinze et al. 2018; Karhade et al. 2020,
2019; Katakam et al. 2020) and by the structure of our dataset,
which included a moderate number of clinically defined pre-
dictors from structured electronic health records. Because the
events-per-variable ratio was high and complex machine learn-
ing models have not consistently outperformed traditional ap-
proaches (Christodoulou et al. 2019; Lynam et al. 2020; Sun
et al. 2022), we focused on regression and tree-based methods
that balance predictive performance, interpretability and clin-
ical applicability.

Patients were followed from postoperative Day 31 until death,
emigration, or 365days after surgery, whichever occurred first.

Patient characteristics were summarised using descriptive
statistics.

2.8 | Model Development

The cohort was randomly divided into a development set (70%) and
a validation set (30%), with a fixed seed applied to ensure reproduc-
ibility. The development set was used to train the machine learning
models, while the validation set—containing data not seen during
model training—was used to evaluate their performance.

Logistic regression, backwards elimination, elastic-net pe-
nalised logistic regression and random forest were chosen as
candidate machine learning models based on results from
previously published literature (Heinze et al. 2018; Karhade
et al. 2019; Steyerberg 2019). The logistic regression model was
implemented as a standard multivariable logistic regression. For
backwards elimination, variable selection was performed across
500 bootstrap samples and predictors retained in at least 50%
of the samples were included in the final model, which was a
multivariable logistic regression model (Heinze et al. 2018;
Steyerberg 2019). Both the elastic-net penalised logistic regres-
sion and the random forest models were tuned using 10-fold
cross-validation repeated three times, with the area under the
receiver operating characteristic curve (AUC) value used as the
optimisation metric (Karhade et al. 2019). Additional technical
details are provided in the Table S5.

2.9 | Model Performance

To assess the discrimination and calibration of our models, we
evaluated their performance based on the AUC, calibration in-
tercept and slope, Brier score and null model Brier score on the
validation set (Steyerberg and Vergouwe 2014). Perfect mod-
els have an AUC of 1, whereas uninformative random models
have an AUC of 0.5 (Steyerberg 2019). Calibration assesses how
closely predicted probabilities agree with observed outcomes
(Steyerberg 2019; Steyerberg and Vergouwe 2014). Calibration
intercept of 0 and slope of 1 characterise a hypothetical model
with perfect predictions (Steyerberg and Vergouwe 2014). The
Brier score is defined as the squared difference between the ob-
served outcomes and predicted probabilities (Steyerberg 2019),
with lower scores indicating better predictions. The improve-
ment in predictions provided by the algorithms was evaluated
by comparing their Brier scores to that of a null model, which
assigns every patient a predicted probability equal to the out-
come's prevalence in the study population (Karhade et al. 2019).
The best performing model based on performance metrics was
further validated using decision curve analysis.

2.10 | Decision Curve Analysis

The expected clinical utility of the best-performing prediction
model was evaluated using decision curve analysis, a method
that quantifies the net benefit of using a model to guide inter-
ventions compared to treating all or no patients, across a range
of risk thresholds (Kerr et al. 2016; Vickers and Elkin 2006).
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TABLE1 | Baseline patient characteristics.

All patients

No LTOT

LTOT

Variable
Sex
Female
Male
Age category
65-74
75-84
85+
BMI category
BMI <18.5
BMI 18.5-24.9
BMI 25-29.9
BMI >30
Fracture type
Femoral neck
Per/subtrochanteric
Preoperative CAS
0-5
6
Postoperative CAS
0-5
6
Change in CAS
Any increase
No change (0)
Decreased 1-2 points
Decreased 3-4 points
Decreased 5-6 points
Surgical delay >24h
Hospital stay > 8 days
Education level
Low
Medium
High

Living situation

26,057 (100.00%)

17,743 (68.1%)
8314 (31.9%)

6405 (24.6%)
10,509 (40.3%)
9143 (35.1%)

2154 (8.3%)
14,112 (54.2%)
7521 (28.9%)
2270 (8.7%)

15,185 (58.3%)
10,872 (41.7%)

2763 (10.6%)
23,294 (89.4%)

15,611 (59.9%)
10,446 (40.1%)

656 (2.5%)
10,880 (41.8%)
6070 (23.3%)
7750 (29.7%)
701 (2.7%)
8063 (30.9%)
7719 (29.6%)

14,165 (54.4%)
8619 (33.1%)
3273 (12.6%)

17,962 (100.00%)

12,192 (67.9%)
5770 (32.1%)

4283 (23.8%)
7307 (40.7%)
6372 (35.5%)

1535 (8.6%)
9760 (54.3%)
5141 (28.6%)
1526 (8.5%)

10,850 (60.4%)
7112 (39.6%)

1847 (10.3%)
16,115 (89.7%)

10,143 (56.5%)
7819 (43.5%)

465 (2.6%)
8096 (45.1%)
4086 (22.8%)
4851 (27.0%)

464 (2.6%)
5854 (32.6%)
6555 (36.5%)

9885 (55.0%)
5871 (32.7%)
2206 (12.3%)

8095 (100.00%)

5551 (68.6%)
2544 (31.4%)

2122 (26.2%)
3202 (39.6%)
2771 (34.2%)

619 (7.7%)
4352 (53.8%)
2380 (29.4%)

744 (9.2%)

4335 (53.6%)
3760 (46.5%)

916 (11.3%)
7179 (88.7%)

5468 (67.6%)
2627 (32.5%)

191 (2.4%)
2784 (34.4%)
1984 (24.5%)
2899 (35.8%)

237 (2.9%)
2209 (27.3%)
1164 (14.4%)

4280 (52.9%)
2748 (34.0%)
1067 (13.2%)

Alone in own home 11,163 (42.8%) 7909 (44.0%) 3254 (40.2%)
Cohabiting in own home 8985 (34.5%) 6365 (35.4%) 2620 (32.4%)
Nursing home 4441 (17.0%) 2644 (14.7%) 1797 (22.2%)
Missing, homeless or other 1468 (5.6%) 1044 (5.8%) 424 (5.2%)
(Continues)
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TABLE1 | (Continued)

All patients No LTOT LTOT
Marital status
Married 9406 (36.1%) 6600 (36.7%) 2806 (34.7%)
Never married 1730 (6.6%) 1107 (6.2%) 623 (7.7%)
Divorced 3178 (12.2%) 2076 (11.6%) 1102 (13.6%)
Widowed 11,743 (45.1%) 8179 (45.5%) 3564 (44.0%)

Preoperative comorbidities
Cardiovascular disease
Pulmonary disease
Renal or haematological disease
Hepatic or gastric disease
Metabolic disease
Musculoskeletal disease
Malignant disease
Neurological or psychiatric disease

Preoperative medications
Non-opioid pain medication
Psychiatric medication
NOAC medication
Antiplatelets medication
Vitamin K antagonists
Antibiotics
Antiosteoporosis medication
Statins
Corticosteroids

Death during follow up

10,797 (41.4%)
2504 (9.6%)
4006 (15.4%)
748 (2.9%)
3930 (15.1%)
867 (3.3%)
3164 (12.1%)
5745 (22.1%)

9271 (35.6%)
8571 (32.9%)
1528 (5.9%)
7613 (29.2%)
1757 (6.7%)
7175 (27.5%)
2151 (8.3%)
7214 (27.7%)
1393 (5.4%)
3931 (15.1%)

7476 (41.6%)

3321 (41.0%)

1764 (9.8%) 740 (9.1%)
2837 (15.8%) 1169 (14.4%)
524 (2.9%) 224 (2.8%)
2712 (15.1%) 1218 (15.1%)
581 (3.2%) 286 (3.5%)
2199 (12.2%) 965 (11.9%)

3744 (20.8%)

2001 (24.7%)

6097 (33.9%) 3174 (39.2%)
5836 (32.5%) 2735 (33.8%)
906 (5.0%) 622 (7.7%)
5423 (30.2%) 2190 (27.1%)
1294 (7.2%) 463 (5.7%)
4921 (27.4%) 2254 (27.8%)
1429 (8.0%) 722 (8.9%)
4963 (27.6%) 2251 (27.8%)
966 (5.4%) 427 (5.3%)
2781 (15.5%) 1150 (14.2%)

Note: Numbers are shown as counts and percentages.

Abbreviations: BMI, body mass index; CAS, cumulated ambulation score; h, hours; LTOT, long-term opioid therapy; NOAC, novel oral anticoagulants.

2,11 | Model Access

The final model is accessible as a freely available Excel spread-
sheet (Supporting Information S1—Opioid Prediction Model).

2.12 | Statistics Software

All analyses were done using R version 4.4.1 and RStudio ver-
sion 2023.12.1.0 on the remote servers of Statistics Denmark
(Table S5).

2.13 | Ethical Approval

This study is reported to the Danish Protection Agency through
registration at Aarhus University (record number: AU-2016-
051-000001, sequential number 880). Since studies are based on
existing Danish registry data and no patient interventions will
take place, ethical approval was not required.

3 | Results
3.1 | Population Description

Of 26,057 opioid-naive adults with complete predictor data who
underwent hip fracture surgery during 2010-2020, 8095 (31.1%)
met the definition for LTOT. Further population descriptive sta-
tistics can be seen in Table 1.

3.2 | Model Performance

The backwards elimination model identified eight predictors:
age, fracture type, postoperative CAS, marital status, preop-
erative non-opioid pain medication use, preoperative novel
oral anticoagulant (NOAC) use, surgical delay > 24 h and hos-
pital stay >8days (Table 2). Graphical depictions of the dis-
tribution of these predictors by LTOT outcome are shown in
Figure S2. These variables were included in a multivariable
logistic regression model, which served as the final prediction
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TABLE 2 | Odds ratios and predictive model coefficients for the
backwards elimination model.

TABLE 3 | Discrimination and calibration of the models in the
validation set, n=7818.

Model beta Logistic Backwards Random
Variable Odds ratio (95% CI) coefficient Metric  regression elimination ENPLR forest
Intercept -0.929 AUC 0.68 0.68 0.68 0.64
Fracture type Intercept 0.02 0.02 0.02 0.35
Femoral neck Ref. Slope 0.99 0.99 1.06 0.42
Per/subtrochanteric 1.33(1.24, 1.42) 0.283 Brier 0.20 0.20 0.20 0.21
Postoperative CAS Note: Null model Brier score =0.22.
Abbreviations: AUC, area under the receiver operating curve; ENPLR, elastic-
6 Ref. net penalised logistic regression.
0-5 1.77 (1.65,1.91) 0.573 baseline, indicating added predictive value (Table 3). The full
Marital status logistic regression model demonstrated similar performance but
Married Ref required all 29 predictors (Table 3, Figure S3).
Divorced 1.32(1.18,1.47) 0.276
3.3 | Decision Curve Analysis
Widowed 1.08 (1, 1.17) 0.081
Never married 1.34(1.17, 1.53) 0.291 The backwards elimination model showed net benefit across
. . . L risk thresholds for LTOT ranging from 15% to 50% (Figure 3).
Preoperative non-opioid pain medication
No Ref. To facilitate clinical interpretation, model performance was fur-
Y 122 (1.14,131) 0.200 ther evaluated at selected decision thresholds within this range
es ’ U ’ (20%, 30% and 40%), as well as at the optimal threshold based
Preoperative NOAC medication on Youden's J index (32.3%). Sensitivity ranged from 0.45 to 0.89
No Ref and specificity from 0.30 to 0.77 across these thresholds. Positive
' predictive values ranged from 0.37 to 0.47, while negative pre-
Yes 1.55(1.35,1.77) 0.437 dictive values ranged from 0.75 to 0.86 (Table 4). For example,
Surgical delay >24h if we decide that patients with a risk of 40% or more would be
classified as LTOT users, then among 100 patients classified as
No Ref. high risk by the model, 47 would actually develop LTOT (posi-
Yes 0.8 (0.75, 0.86) —0.219 tive predictive value) and among 100 patients classified as low
risk, 75 would not become long-term users (negative predictive
Hospital stay > 8days value). The relatively high negative predictive value indicates
No Ref. that the model is more effective at identifying patients who are
unlikely to become long-term users when classified as low risk,
Yes 0.27(0.25,0.29) —-1.312 which could help clinicians focus follow-up efforts on those at
Age category higher risk.
65-74 Ref.
75-84 0.84(0.77,0.92) -0.174 3.4 | Missing Data
85+ 0.78 (0.71, 0.86) —0.249

Abbreviations: 95 CI, 95% confidence intervals; CAS, cumulated ambulation
score; CI, confidence intervals; NOAC, novel oral anticoagulants.

model based on the backwards elimination algorithm. This
model demonstrated the best performance in both discrimi-
nation (AUC 0.68; 95% CI: 0.66-0.69) and calibration (inter-
cept 0.02; slope 0.99) among the four models assessed (Table 3,
Figure S3).

Visual inspection of the calibration curve suggested overall ac-
ceptable calibration, with some overestimation of predicted risk
probabilities beyond the 0.55 threshold (Figure 2). The Brier
score for the backwards elimination model was 0.20. For refer-
ence, the Brier score of the null model in this population was
0.22, and all tested models yielded Brier scores lower than this

Among the 15,448 patients with missing data on any predictor,
7648 (49.5%) were missing BMI, 7518 (48.7%) preoperative CAS,
6504 (42.1%) postoperative CAS and 3308 (21.4%) education level
(Table S6). This was primarily due to the fact that registration of
these variables was not consistently mandatory in the Danish
Multidisciplinary Hip Fracture Registry throughout the entire
study inclusion period.

Compared with complete cases, patients with missing data
were more often aged >85years and more frequently classified
as ‘missing, homeless, or other’ in the living situation variable.
Mortality during follow-up was higher in the missing data group
(20.7%) than among complete cases (15.1%). The proportion
meeting the definition of LTOT was 24.9% among patients with
missing predictor data compared with 31.1% in the complete-
case cohort.
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0 (no benefit) and 1 (maximal achievable benefit). The blue line represents the hypothetical ‘treat all’ patients’ policy, the green line represents the

hypothetical ‘treat none’ patients policy, the red line represents treating patients based on the backwards elimination model risk profile. The back-

wards elimination model shows clinical benefit as long as the red line is above both the blue and green lines, which in this case means along risk

thresholds between 15% and 50%.

TABLE 4 | Diagnostic performance of the prediction model at
selected risk thresholds for LTOT.

Risk

threshold Sensitivity Specificity ¥ PPV NPV
20% 0.892 0.296 0.369  0.855
30% 0.716 0.537 0.417  0.803
40% 0.450 0.767 0.473 0.751
32.2%* 0.666 0.593 0.432  0.794

Abbreviations: LTOT, long-term opioid therapy; NPV, negative predictive value;
PPV, positive predictive value.
2Based on Youden's J index.

Despite these differences, opioid prescription patterns
were similar between groups, with morphine, oxycodone
and tramadol accounting for 96.2% and 97.3% of redeemed

prescriptions in the missing data and complete-case groups,
respectively.

4 | Discussion
4.1 | Key Findings

In a cohort of 26,057 opioid-naive adults undergoing hip frac-
ture surgery, 8095 (31.1%) were classified as LTOT users. To
predict postoperative LTOT in this patient population, we
developed and internally validated four supervised machine
learning models. Among these, the backwards elimination
model, which retained only 8 of the 29 candidate predictors,
demonstrated the best balance between simplicity and predic-
tive performance. Decision curve analysis indicated clinical
utility across risk thresholds of 15%-50%. Since the prevalence
of LTOT in the study population (31.1%) falls within this range,
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the model may offer clinically useful guidance for identifying
high-risk patients in real-world settings. This model may sup-
port risk stratification for LTOT at discharge, informing indi-
vidualised postoperative pain management interventions and
opioid tapering strategies.

4.2 | Comparison With Other Studies

Few studies have developed prediction models for LTOT in
opioid-naive patients (Karhade et al. 2020; Quaye et al. 2025) and
none have specifically targeted hip fracture patients. Comparing
our results is further complicated by the lack of consensus on
the definition of LTOT (Karmali et al. 2020), which leads to vari-
ability in reported prevalence.

Candidate predictors were selected based on previously reported
or plausible associations with LTOT after hip fracture surgery
(Edwards et al. 2021; Gadgaard et al. 2024; Karhade et al. 2019),
as well as their availability in the registries and feasibility for
clinical use at discharge. Variables identified in prior studies
were therefore considered among the candidate predictors. The
final set of predictors was subsequently determined using a data-
driven variable selection procedure. Predictors not retained in
the final model were excluded based on model-building criteria,
including their contribution to optimising model discrimination
(AUC) and maintaining a parsimonious and clinically interpre-
table model. Thus, predictors identified in previous research
but not included in our final model were not excluded a priori;
rather, they were not retained because they did not contribute
sufficiently under the prespecified model-building criteria. This
may indicate limited additional predictive value in this dataset
(or setting), overlap with other included predictors, or exclusion
as part of balancing model discrimination with parsimony and
clinical interpretability.

This study identifies a distinct set of predictors for LTOT com-
pared to elective total hip or joint arthroplasty studies. While
Karhade et al. (2020, 2019) and Quaye et al. (2025) linked preop-
erative benzodiazepines, antidepressants and antipsychotic use
to LTOT in both opioid-naive and prior users, our backwards
elimination algorithm did not retain these medications, which
were grouped under the preoperative psychiatric medication
category. However, preoperative gabapentin and non-steroidal
anti-inflammatory (NSAID) use, previously identified as predic-
tors (Karhade et al. 2020, 2019; Quaye et al. 2025), were also cap-
tured in our model under the broader category of preoperative
non-opioid pain relief medications. Edwards et al. (2021) further
supports our findings, demonstrating that, among various pre-
operative medications, NSAID use had the strongest association
with LTOT in opioid-naive patients.

In contrast to previous studies by Quaye et al. (2025) and
Chaudhary et al. (2019), which identified increased hospitalisa-
tion length as a risk factor for LTOT in elective joint arthroplasty
and broader surgical populations, our study found that hospital
stays >8days and surgical delays >24h were associated with a
decreased risk. This discrepancy may stem from methodolog-
ical differences, as the prior studies (Chaudhary et al. 2019;
Quaye et al. 2025) excluded patients who died during follow-up,
whereas we included them to enhance clinical applicability and

generalisability. This approach ensures the model remains rel-
evant for guiding postoperative pain management in the entire
hip fracture population, not just those who live through the fol-
low-up period.

While predictor estimates in a prediction study cannot estab-
lish causation (van Diepen et al. 2017), we recognise that this
inverse association is unexpected. One possible explanation is
that longer hospital stays and surgical delays may reflect more
complicated clinical cases, where patients die soon after dis-
charge and therefore never become LTOT users. Alternatively,
surgical delays might signal preoperative optimisation aimed
at better recovery outcomes, while extended hospitalisation
could allow closer monitoring and gradual opioid taper-
ing. This idea is supported by Cupp et al. (2023), who found
lower LTOT rates among hip fracture patients discharged to
skilled nursing facilities, where monitoring is typically more
structured, compared to those sent to inpatient rehabilitation
facilities.

Though these theories provide insight into potential mecha-
nisms, we chose not to investigate them further, as causal inter-
pretations fall outside the scope of prediction studies.

Interestingly, our model identified marital status as a predictor
of LTOT, with widowed, divorced, or never-married patients at
higher risk than married patients. This suggests that lack of so-
cial support networks may contribute to opioid dependence (Che
et al. 2018; Risbo et al. 2025).

4.3 | Strengths and Limitations

The nationwide cohort, complete follow-up, and broad range
of tested potential predictors, including socioeconomic factors,
strengthen the model's generalisability. Additionally, the use of
simple modelling strategies ensures that the prediction model
remains easily interpretable for clinicians. However, several
limitations must be acknowledged.

Patients with missing predictor data (BMI, pre- and postoper-
ative CAS, education) were excluded (Table S6), representing
37.2% (15,448/41,505) of the opioid-naive population reachable
at follow-up start. Although complete-case analysis may intro-
duce selection bias, prior research using this dataset found that
results from complete-case and multiple imputation analyses
were similar, indicating minimal impact on estimates (Hjelholt
et al. 2022; Pedersen et al. 2017). The study also had a high
events-per-variable ratio (~365), exceeding the recommended
minimum of 25, thus reducing the risk of model overfitting and
enhancing estimate reliability (Heinze et al. 2018).

In line with previously published orthopaedic prediction models
(Karhade et al. 2020, 2019; Katakam et al. 2020), we focused
on developing a parsimonious and clinically relevant model that
could be applied in routine practice. An important aim was to
achieve reasonable predictive performance using as few readily
available clinical variables as possible. Although several studies
have shown that more complex machine learning methods do
not consistently outperform regression models (Christodoulou
et al. 2019; Lynam et al. 2020; Sun et al. 2022), we acknowledge
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that alternative algorithms could potentially yield different
results.

Opioid prescription redemption may not accurately reflect ac-
tual consumption, as patient adherence and specific clinical in-
dications remain unknown. This could overestimate the actual
opioid usage. Nevertheless, prescription opioid dispensing data
is a more reliable measure of medication use than most alterna-
tives (Schneeweiss and Avorn 2005). Lastly, unmeasured factors,
such as clinician prescribing habits, may influence opioid use.

Regarding additional predictors, pain scores would have been
relevant to include; however, our databases lack routinely col-
lected pre- and postoperative pain scores.

4.4 | Clinical Relevance and Future Directions

Implementing the model in an online Excel risk calculator
(Supporting Information S1—Opioid Prediction Model) could
facilitate exploratory use by healthcare professionals to estimate
the risk of LTOT at discharge. This could support tailored post-
operative tapering plans and optimise resource allocation by di-
recting preventive interventions toward patients at highest risk,
rather than applying them universally. Feasible interventions
may include scheduled follow-up with a general practitioner or
home nurse visits to provide guidance on opioid tapering, par-
ticularly for patients who may require additional support due to
limited health literacy or social isolation, such as patients living
alone (Appleby and Al Musaimi 2025; Che et al. 2018; Risbo
et al. 2025). Structured physiotherapy after discharge could aid
recovery by ensuring safe rehabilitation and reducing reliance
on opioids (Binder et al. 2004), especially for patients with higher
pre-fracture functional status who might be more likely to over-
exert themselves (Tudorache et al. 2025). Engaging in early mo-
bilisation during admission may improve recovery and lower the
risk of LTOT (Agarwal et al. 2024; Tudorache et al. 2025). Lastly,
involving the patient's support network in pain management
planning, especially for those at elevated risk, may enhance ad-
herence to tapering strategies and address psychosocial factors
influencing opioid use (Che et al. 2018; Risbo et al. 2025).

Although the model is not perfect, it represents a first step
toward developing a screening tool for LTOT risk in a frail,
high-risk hip fracture population, where prolonged opioid use
is a common and clinically relevant problem. Importantly, the
model's development followed recommended prediction mod-
elling guidelines, including variable selection, internal valida-
tion and reporting of discrimination, calibration and decision
curve analysis metrics (Heinze et al. 2018; Kerr et al. 2016;
Steyerberg and Vergouwe 2014), providing a robust foundation
to justify external validation and feasibility testing in future
studies prior to clinical implementation. These steps are es-
sential to establish the model's practical utility and effective-
ness in clinical decision-making.

5 | Conclusion

This study presents a novel prediction model for postopera-
tive LTOT specifically in opioid-naive hip fracture patients. By

identifying key risk factors and demonstrating potential clini-
cal utility, the model provides a first step toward a tool for risk
stratification at discharge. While promising, the model is not yet
ready for routine clinical use, and external validation and fea-
sibility studies are needed to assess the model's generalisability
and impact on reducing patient rates of LTOT.
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