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Introduction

Trauma is the leading cause of death for individuals under 45 years of age in the United States.
Timely and accurate evaluation of polytrauma patients is critical to prioritizing treatment and
optimizing outcomes. Traditional scoring systems, such as the Trauma and Injury Severity Score,
have supported clinical decision-making but are limited by low specificity, static nature, and
reliance on data not routinely captured in Electronic Health Records (EHRs) /8,9/. Advances in
artificial intelligence (Al) and EHR integration and data-interoperability standards present an
opportunity to create predictive tools tailored to local patient data, including demographics,
injury patterns, and dynamic physiological changes. Such tools can deliver real-time, actionable
insights to enhance trauma patient management /2,3,6/.

Approach

We utilized retrospective data from two Level 1 trauma centers to develop machine learning
models predicting 48-hour mortality in polytrauma patients. Variables were selected based on
real-time availability in trauma workflows and feedback from clinical experts (trauma surgeons,
ortho-trauma surgeons, and critical care nurses) regarding their clinical utility /7/. To align with
workflow requirements, a proof-of-concept application was developed to enhance model



interpretability and actionability (Figure 2). Additionally, to test generalizability, we trained and
tested the machine learning model using variables previously utilized in published studies at
Parkland Health /7,3].

Machine Learning Methods and Performance

Our models aimed to predict 48-hour mortality using real-time, routinely collected data. The
target statistical threshold, set in consultation with clinicians, was maximum precision at 80%
recall, with predictions initiated within the first hour post-admission.

Patient data were processed into hourly snapshots, with an 80/20 temporal train/test split. Feature
engineering addressed clinical data variability, applied PCA for feature correlation, and
generated summary statistics (e.g., min/max/mean) for frequent measurements. XGBoost was
chosen for its scalability, robustness with missing data, and interpretability. A bivariate model
was developed to approximate clinicians’ gestalt, estimating that clinicians achieve 10%
precision at the target recall threshold. This benchmark contextualized the performance
improvements offered by the machine learning model.

The models achieved precision rates of 35% and 48% at 80% recall for the two trauma centers,
significantly surpassing the clinician-estimated baseline /Figure 1]. Notable top predictors
included GCS, blood pressure, and lactate at one center, and GCS, BUN, and potassium at the
other. Performance variability was influenced by differences in data quality, availability, and
patient demographics.

Conclusion & Future Work

We successfully developed machine learning models for predicting mortality in polytrauma
patients and demonstrated the generalizability of model variables across institutions.
Collaboration with clinical experts enhanced the interpretability and actionable nature of the
model outputs /1].

Future work focuses on integrating the proof-of-concept application with major EHR platforms
using interoperability standards such as FHIR APIs and SMART on FHIR. Once deployed, we
plan to conduct prospective evaluations to measure the model’s impact on clinical outcomes and
process improvement metrics.



Tables and Figures

Table 1: Dataset Overview

Trauma Center #1 Trauma Center #2
Number of Encounters 4,800 7,000
Mortality Rate 4.5% 7.0%
Model Precision at ~80% 35.6% 48.1%
Recall

Figure 1: Precision Recall Curves
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Trauma Center #2: Precision-Recall Curve
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Note: The PR curve is smoother for Trauma Center #2 due to more data points (more
encounters).
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Figure 2: User interface to convey model output (© 2025 TraumaCare.Al, INC).
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