One-year Mortality Following Hip Fracture Surgery: Development and External Validation of a Clinical Prediction
Tool
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INTRODUCTION: Hip fractures are common injuries among the elderly and one-year mortality rates following a hip fracture have been reported to be 25-
30%'. The ability to accurately estimate post-operative risk of mortality would support informed decision making and help patients and their families to have
realistic expectations. Machine learning analysis of existing large institutional electronic health record (EHR) databases has the potential to improve our
predictive capability. Although several machine learning models have been developed to predict hip fracture outcome, there remains a paucity of externally
validated models for the North American population'. The purpose of this study was to 1) develop a one-year mortality prediction model for patients
undergoing hip fracture surgery through analysis of an institutional EHR (Institution A) and 2) externally validate the model using the EHR of Institution B.

METHODS: Ethics approval was obtained from both institutions. Patients were identified in the two EHR databases that met the inclusion criteria: Age > 50
and both hip fracture diagnostic (ICD-CM) and surgical management (CPT or ICD-PCS) codes in the same 30-day encounter from 2011 to 2023. Hip
fracture was defined as a fracture to the neck, intertrochanteric, or subtrochanteric regions of the proximal femur. Exclusion criteria included peri-prosthetic
or pathological hip fracture, prophylactic nailing, and fractures to the pelvis or other regions of the femur. Approximately 250 readily available variables
were extracted from the EHR of Institutions A and B for each patient and the data from Institution A was split into training (80%) and test (20%) sets. Six
different machine learning models were tested: Gradient Boosting, Random Forest, Support Vector Machine, Neural Network, Logistic Regression (LR),
and XGBoost. The primary outcome for the models was probability of mortality within one year. Model calibration was assessed using a version of the
Hosmer-Lemeshow statistic with decile calibration curves and discrimination was computed as the area under the receiver operator characteristic curve
(AUC). The best performing model was evaluated using the same performance metrics when applied to the external validation dataset from Institution B.

RESULTS: The dataset from Institution A included 8,224 records (29.7% male) with an average age of 81.3 + 10.6 years. The one-year mortality rate was
18.1%. All six models were generally well-calibrated, with concordance in the moderate range (0.73-0.78). The LR model performed best and required only
16 variables for risk estimation (Table 1). These variables included: age, sex, weight, alcohol use, smoking status, ASA score, comorbidities (type I diabetes,
hypertension, lymphoma, chronic kidney disease, and hypothyroidism), hemoglobin, platelet count, previous hospital admission (within 7 days and 30 days),
and glucocorticoid prescription prior to admission. There were 1,974 records from Institution B (35.3% male) with an average age of 75.7 + 11.7 years and a
one-year mortality rate of 16.9%. The LR model was well-calibrated and demonstrated an AUC of 0.73 (95% CI: 0.70-0.76) when evaluated on the patients
from Institution B. Performance of the LR model including AUC and calibration is presented in Figures 1 and 2, respectively.

DISCUSSION: Machine learning analysis of institutional EHR data can predict the risk of one-year mortality with moderate accuracy. Importantly, this
model has undergone the crucial yet rarely performed step of external validation using data from an outside institution. This algorithm supports the creation
of a clinical calculator for point-of-care risk stratification based on the input of 16 variables.

SIGNIFICANCE/CLINICAL RELEVANCE: This represents the first machine learning driven model for predicting mortality risk following hip fracture
surgery that has undergone external validation using a population from the United States of America. An accurate predictive model for clinical outcome
following hip fracture surgery is beneficial as it allows patient and surgical information to guide clinical decision-making regarding patient-specific
management. However, the true clinical utility of this model remains unclear until it has been compared with clinician risk stratification’.
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