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Abstract  
Sepsis remains a leading cause of morbidity and mortality among combat casualty 

survivors who have survived their initial battlefield injuries. The combination of 
massive tissue damage, hemorrhagic shock, and surgical contamination triggers an 
explosive, dysregulated inflammatory response that often masks the standard clinical 
signs of infection. Traditional scoring systems frequently fail to account for the 
complex, time-dependent pathophysiology unique to combat-related surgical sepsis. 
This study explores the integration of machine learning (ML) algorithms into the 
clinical management of combat-related surgical sepsis, focusing on the identification 
of clinical subphenotypes via cluster analysis to advance precision medicine on the 
battlefield and in Role 3–4 military hospitals. 
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Introduction 
Machine Learning Models in Early Prediction and Risk Stratification  
Recent studies indexed in Web of Science and Scopus demonstrate that supervised 

machine learning models—specifically Extreme Gradient Boosting (XGBoost) and 
Random Forest (RF)—significantly outperform traditional scoring systems in 
predicting sepsis onset among critical trauma populations. 

• Real-Time Monitoring: Advanced ML frameworks utilize continuous high-
frequency physiological data (heart rate variability, invasive blood pressure trends, 
arterial blood gases, and serial lactate) to forecast sepsis windows up to 24 hours prior 
to clinical manifestation.  

• Feature Engineering: By handling multidimensional nonlinear interactions, 
algorithms like XGBoost achieve high areas under the receiver operating characteristic 
curves (AUROC 0.83–0.88), minimizing false-alarm rates in high-stress combat ICU 
environments.  
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Subphenotypes of Sepsis and Unsupervised Cluster Analysis 
Sepsis is not a homogenous disease entity, but rather a syndrome comprising 

multiple biological and clinical subphenotypes. Unsupervised machine learning, 
particularly K-means cluster analysis, has revolutionized how researchers dissect this 
heterogeneity using routinely available clinical variables obtained within the first 24 
hours of intensive care admission.  

1. Identification of Distinct Clusters: Recent multi-database studies successfully 
separated sepsis cohorts into distinct clinical subphenotypes (e.g., Subphenotype A and 
Subphenotype B).  

2. Clinical and Laboratory Divergence: Patients categorized under higher-risk 
subphenotypes (such as Subphenotype B) characteristically exhibit significantly 
elevated levels of lactate, glucose, creatinine, and white blood cell counts, alongside 
lower systemic vascular resistance markers, lower platelet counts, and impaired 
PaO2/FiO2 ratios.  

3. Prognostic Value: Cluster-derived subphenotypes demonstrate vastly different 
in-hospital mortality rates (e.g., nearly threefold higher risk in metabolically stressed 
clusters) even after adjusting for injury severity scores. In the context of combat 
trauma, recognizing these subphenotypes via automated clustering allows surgeons and 
intensivists to tailor aggressive immunomodulatory and fluid-resuscitation strategies 
before irreversible organ failure sets in.  

Clinical Implications and Future Directions 
Integrating machine learning pipelines into combat casualty care pathways offers 

a paradigm shift: 
• Tailored Resuscitation: Moving away from protocolized "one-size-fits-all" 

resuscitation toward subphenotype-specific management (e.g., restricting fluids in 
hyper-inflammatory phenotypes versus aggressive support in hypodynamic profiles). 

• Decision Support Systems: Deploying lightweight ML algorithms on tactical 
edge devices and electronic health records (e.g., Theater Medical Data System) to assist 
deployed medical personnel in recognizing occult surgical sepsis early. 
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