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Abstract: 

Sepsis is a major contributor to morbidity and mortality in the Intensive Care Unit (ICU). There is a 

need to predict sepsis quickly and effectively to take appropriate measures. Machine learning models have 

shown excellent predictive performance for various adverse health conditions in ICUs. However, the lack of 

transparency in these models, often termed a "black box," makes them difficult to use. Traditional clinical 

scoring systems, such as SOFA and qSOFA, rely on fixed thresholds and fail to adapt dynamically to 

evolving patient conditions. Conventional Explainable AI techniques, such as feature importance plots, are 

static and often difficult to understand for clinicians. This paper introduces a new technique to predict 

sepsis in the ICU using "Agentic XAI," which is a new technique of using Large Language Models (LLMs) 

as autonomous agents to iteratively develop explanations. This technique combines complex physiological 

signals into a narrative, which is expected to bridge the gap between probability and clinical reasoning. 

This paper presents the methodological architecture that is expected to be used to develop this technique 

using recent advancements in predictive modelling in ICUs. 

 

Introduction: 

Care is provided in the ICU with a large number of data streams with complex patterns where the 

patient condition may change rapidly. Sepsis is a severe reaction to infections that requires timely 

identification; however, the presenting symptoms may be similar to other diseases such as heart failure or 

kidney diseases (Fan et al., 2025; Si et al., 2025). Recently, significant advances have been made in the field 

of machine learning algorithms for the prediction of mortality rates and other adverse outcomes among 

particular patient populations, such as elderly patients with comorbid conditions (Fan et al., 2025) or 

patients with hypertensive kidney diseases (Si et al., 2025). However, the main challenge with the 

application of these algorithms is the interpretability gap. 

To overcome these issues, this study introduces SepsiGuard, a triple-layer framework combining: 

1. Predictive Layer – mathematically optimized XGBoost classifier for early sepsis detection. 

2. Explainable Layer – SHAP-based cooperative game-theoretic feature attribution. 

3. Agentic Adaptive Monitoring Layer – dynamic ICU monitoring schedule and risk trajectory 

simulation. 

The framework aims to balance predictive accuracy, interpretability, and operational clinical utility.  
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Objectives: 

The objectives of the proposed study are: 

1. To design high-performance, XGBoost model, a mathematical model for sepsis prediction. 

2. To implement SHAP-based Explainable AI for better interpretability. 

3. To design an agentic adaptive monitoring system that prioritizes or categorizes patients based on 

predicted risks. 

4. To evaluate the performance of the model using various metrics and to visualize the distribution of 

risks for patients. 

 

Methodology Used: 

Data Acquisition and Preprocessing: 

The dataset was sourced from the Kaggle, consisting of multidimensional MIMIC-IV Style ICU 

data. We selected 12 core physiological features, including vitals (HR, MAP, SpO2) and laboratory results 

(Lactate, WBC). To handle the high rate of missingness inherent in ICU data, we applied Median 

Imputation (𝑥), which provides a robust estimate of the central tendency without the influence of extreme 

physiological outliers. To simulate sensor degradation and clinical "noise," we introduced Additive 

Gaussian Noise during the training phase. For each numeric feature x, the augmented feature xaug is 

defined as: 

 

where noise = 0.30 represents a 30% noise magnitude relative to the feature value, while different 

percentages were experimented and most optimized was selected. To maintain biological plausibility, the 

augmented values were constrained within a physiological domain such that: 
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1. Mathematical Formulation of XGBoost: 
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• Random Forest has the highest Accuracy (0.974), highest Precision (0.878), strong F1-score (0.917), 

and highest ROC-AUC (0.994).  

• XGBoost is very close in performance (Accuracy 0.963, ROC-AUC 0.988) but slightly lower than 

Random Forest.  

• Logistic Regression is moderate among tree-based models.  

 

 

• Computational efficiency: XGBoost is faster to train than Random Forest for large datasets and 

supports GPU acceleration.  

• Regularization: XGBoost has built-in L1/L2 regularization to reduce overfitting, which is critical in 

clinical datasets.  

• Explainability: Works seamlessly with SHAP for feature importance and local explanations.  

• Robust performance: Metrics (Accuracy 0.963, ROC-AUC 0.988) are very high and clinically 

acceptable.  

“While Random Forest shows slightly higher accuracy, XGBoost was selected for its superior 

computational efficiency, regularization capability, and compatibility with explainable AI techniques such 

as SHAP.”  
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Interpretation: The model shows very few false negatives (9), which is critical in ICU settings where 

missing a septic patient can be life-threatening. The false positives (28) are relatively low, minimizing 

unnecessary interventions. 

Adaptive Monitoring: 

The framework dynamically assigns monitoring intervals based on predicted risk: 

 

Interpretation: Patients with very high predicted sepsis probability (e.g., Patient 2) are prioritized for 

frequent monitoring (every 15 minutes), while low-risk patients (e.g., Patients 0, 1, 3, 4) are scheduled for 

standard intervals (every 60 minutes). This demonstrates SepsiGuard’s agentic monitoring capability, 

enhancing ICU resource allocation and patient safety.  

• Low risk: 81.8 % of patients  

• Moderate risk: 2.8 %  

• High risk: 15.4 % 

Bar plot (patient-level risk) shows color-coded categorization (green=low, orange=moderate, 

red=high).  
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SHAP plots highlight MAP, lactate, WBC, and age as key contributors. LLM-style narrative 

explanation guides monitoring priorities. 

Risk Trajectory Simulation Example:  

 

Discussion: 

The SepsiGuard framework demonstrates the following strengths: 

1. Mathematical Optimization – Regularization and second-order gradient updates reduce overfitting. 

2. Explainability – SHAP-based local explanations support clinician trust. 

3. Agentic Monitoring – Dynamic interval scheduling prioritizes high-risk patients. 

4. Risk Simulation – Enables assessment of interventions’ potential impact. 

Adding controlled noise improved generalization and reflected realistic ICU variability, preventing 

overconfident 0–1 outputs and producing meaningful risk distributions. 

 

Conclusions: 

SepsiGuard is a clinically actionable, mathematically grounded triple-layer AI framework for early 

sepsis prediction:  
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• Due to High predictive performance and computational faster training and regularization, XGBoost 

was selected.  

• Transparent SHAP-based interpretability  

• Adaptive monitoring schedules and patient prioritization implemented  

• Risk trajectory simulation for intervention planning 

Future work includes multi-center validation, implementation on MIMIC data, integration with EHR 

systems, and reinforcement learning for automated intervention optimization. 
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