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Abstract:  

Sepsis remains a leading cause of mortality worldwide, characterized by 

a dysregulated host response to infection that can rapidly progress to 

organ failure and death. Early detection and timely intervention are 

critical for improving patient outcomes, yet traditional clinical scoring 

systems often lack the sensitivity and specificity needed for optimal 

decision-making. This comprehensive literature review examines the 

state-of-the-art in sepsis classification and prediction using machine 

learning (ML) and deep learning (DL) techniques, based on an analysis 

of 235 recent research papers published from 2021 onwards. The review 

synthesizes findings on research methodologies, model architectures, 

commonly used datasets, and performance metrics. Key findings 

indicate that deep learning approaches, particularly Long Short-Term 

Memory (LSTM) networks and ensemble methods, consistently achieve 

superior predictive performance with AUROC values ranging from 0.85 

to 0.99. The MIMIC-III and MIMIC-IV datasets emerge as the most 

widely used benchmarks, while the PhysioNet Challenge 2019 dataset 

provides standardized evaluation protocols. Despite promising results, 

challenges remain in reducing false alarm rates, ensuring model 

interpretability, and achieving generalization across diverse clinical 

settings. This review provides a comprehensive foundation for 

researchers and clinicians seeking to understand and implement AI-

driven sepsis prediction systems. 
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Classification, Prediction, Accuracy 

 

1. INTRODUCTION 

Sepsis is a life-threatening condition arising from a dysregulated host response to 

infection, leading to organ dysfunction and potentially death. According to the World Health 

Organization, sepsis affects millions of patients globally each year and represents one of the 

most critical challenges in intensive care medicine. The condition's heterogeneous clinical 

presentation, rapid progression, and high mortality rate—which increases significantly with 
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each hour of delayed treatment—underscore the urgent need for early detection and 

intervention strategies [1], [2]. 

Traditional approaches to sepsis detection rely on clinical scoring systems such as the 

Sequential Organ Failure Assessment (SOFA) score and the quick SOFA (qSOFA) score, 

which are based on the Sepsis-3 consensus definitions. However, these conventional methods 

often lack the sensitivity and specificity required for timely intervention, particularly in the 

critical early hours when treatment is most effective [3], [4]. The complexity of sepsis 

pathophysiology, combined with the vast amounts of clinical data generated in modern 

healthcare settings, presents both challenges and opportunities for advanced computational 

approaches. 

The advent of artificial intelligence (AI), particularly machine learning and deep 

learning techniques, has opened new avenues for sepsis prediction and classification. These 

computational methods can analyze complex, high-dimensional clinical data—including vital 

signs, laboratory results, demographics, and temporal patterns—to identify subtle indicators of 

sepsis onset before clinical manifestation [5], [6]. Over the past decade, numerous studies have 

demonstrated the potential of ML and DL models to outperform traditional scoring systems, 

achieving area under the receiver operating characteristic curve (AUROC) values exceeding 

0.90 in many cases [7], [8]. 

This comprehensive literature review examines the current state of research on sepsis 

classification and prediction using machine learning and deep learning techniques. Based on a 

systematic analysis of 235 recent papers published from 2021 onwards, this review addresses 

three primary research questions: (1) What methodologies and model architectures are most 

effective for sepsis prediction? (2) Which datasets and data sources are commonly used, and 

what are their characteristics? (3) What performance metrics and results have been achieved, 

and how do different approaches compare? By synthesizing findings across these dimensions, 

this review aims to provide researchers, clinicians, and healthcare administrators with a 

comprehensive understanding of the field's current capabilities, limitations, and future 

directions. 

2 BACKGROUND AND THEORETICAL FOUNDATIONS 

2.1 Sepsis Definitions and Clinical Context 

The clinical definition of sepsis has evolved significantly over the past decades. The 

most recent Sepsis-3 consensus defines sepsis as "life-threatening organ dysfunction caused by 

a dysregulated host response to infection," operationalized as an acute change in total SOFA 

score ≥2 points consequent to infection [7]. This definition emphasizes organ dysfunction 

rather than inflammation alone, representing a paradigm shift from earlier Sepsis-1 and Sepsis-

2 criteria. The temporal dynamics of sepsis progression make early detection particularly 

challenging yet critically important, as mortality increases by approximately 7-8% for each 

hour of delayed antibiotic administration [2], [4]. 
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2.2 The Role of Artificial Intelligence in Healthcare 

Machine learning and deep learning represent subfields of artificial intelligence that 

enable computers to learn patterns from data without explicit programming. Traditional 

machine learning algorithms, such as Random Forest, Support Vector Machines, and Gradient 

Boosting methods (e.g., XGBoost), excel at learning from structured, tabular data with well-

defined features [1], [9]. These methods have been successfully applied to various healthcare 

prediction tasks, leveraging their ability to handle non-linear relationships and interactions 

among clinical variables. 

Deep learning, a subset of machine learning based on artificial neural networks with 

multiple layers, has demonstrated remarkable capabilities in learning hierarchical 

representations from raw or minimally processed data [4], [10]. Architectures such as Long 

Short-Term Memory (LSTM) networks are particularly well-suited for time-series medical 

data, as they can capture temporal dependencies and long-range patterns in sequential 

measurements [2], [11]. Convolutional Neural Networks (CNNs) and attention mechanisms 

have also been adapted for medical time-series analysis, offering complementary strengths in 

feature extraction and interpretability [9], [17]. 

2.3 Challenges in Sepsis Prediction 

Several fundamental challenges complicate the application of AI to sepsis prediction. 

First, clinical data in intensive care units (ICUs) are inherently irregular, with measurements 

taken at varying frequencies and often containing substantial missing values [8], [9]. Second, 

sepsis presents with heterogeneous clinical manifestations across different patient populations, 

making it difficult to develop universally applicable models [7], [16]. Third, the severe class 

imbalance—with sepsis cases typically representing 10-20% of ICU admissions—poses 

significant challenges for model training and evaluation [14]. Finally, the need for 

interpretability and clinical trust in AI systems requires that models not only achieve high 

predictive accuracy but also provide transparent, actionable insights that clinicians can 

understand and validate [30], [9]. 

3 RESEARCH METHODOLOGIES AND MODEL ARCHITECTURES 

3.1 Traditional Machine Learning Approaches 

Traditional machine learning algorithms remain widely used for sepsis prediction due 

to their computational efficiency, interpretability, and strong performance on structured clinical 

data. Random Forest (RF) and Gradient Boosting methods, particularly XGBoost, emerge as 

the most popular traditional ML approaches across the reviewed literature [2], [12], [13], [14]. 

Random Forest, an ensemble method that combines multiple decision trees, has demonstrated 

robust performance in several studies. Shah et al. utilized Random Forest on the MIMIC-III 

dataset for predicting sepsis onset 6 hours in advance, though it was outperformed by deep 

neural networks [2]. Saqib et al. reported that Random Forest achieved an AUC-ROC of 0.696 

when using only the first 24-36 hours of patient data, establishing it as the best-performing 

traditional classifier in their comparison [18]. The algorithm's ability to handle missing data 
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and provide feature importance rankings makes it particularly attractive for clinical 

applications. 

XGBoost, a gradient boosting algorithm, has consistently demonstrated superior 

performance among traditional ML methods. Daothong et al. found XGBoost to be the top-

performing algorithm with an AUROC of 0.78, accuracy of 80%, and F1-score of 72% on the 

eICU Collaborative Research Database [12]. Khoushabar et al. reported that XGBoost achieved 

an AUC of 0.94, 86% accuracy, 83% precision, 74% recall, and 79% F1-score in their meta-

ensemble framework [14]. Gopalan demonstrated exceptional results with a gradient boosted 

model achieving an AUC of 0.99 and accuracy of 0.99 for sepsis risk prediction up to one week 

before diagnosis, using routine blood markers from MIMIC-IV [20]. 

Other traditional ML approaches include Logistic Regression, Support Vector 

Machines (SVM), and Naive Bayes, which serve primarily as baseline comparisons in most 

studies [8], [13], [18]. These simpler models generally achieve lower performance than 

ensemble methods but offer greater interpretability and computational efficiency. 

3.2 Deep Learning Architectures 

Deep learning approaches have demonstrated superior performance in capturing 

complex temporal patterns and non-linear relationships in sepsis prediction tasks. Long Short-

Term Memory (LSTM) networks emerge as the dominant deep learning architecture across the 

reviewed literature, owing to their ability to model sequential dependencies in time-series 

clinical data [2], [3], [4], [13]. 

Gupta et al. developed SepsisAI, an LSTM-based deep learning algorithm that tracks 

vital signs, laboratory parameters, and demographic features for real-time prediction of 

hospital-acquired sepsis. The system achieved an AUROC of 0.95, AUPRC of 0.96, sensitivity 

of 88.19%, and specificity of 96.75%, with a remarkably low false-alarm ratio of 3.18% [3]. 

The model issues warnings at a median of 6 hours and alerts at a median of 4 hours ahead of 

sepsis onset, demonstrating the practical clinical utility of LSTM architectures. 

Tsang et al. proposed a novel deep learning application using LSTM networks with a 

boosted cascading training procedure and custom loss functions, including Critical Diagnosis-

Point Penalty and Negative Reversal Penalty. Their methodology achieved test F1 scores of 

0.420 on the PhysioNet Challenge 2019 dataset, representing a significant improvement of 

0.281 over the next best challenger, with AUPRC reaching nearly three times the improvement 

[4]. The architecture involves multiple cascading sub-networks with increasing LSTM node 

counts, demonstrating the value of hierarchical deep learning structures. 

Shah et al. compared traditional ML methods with deep learning techniques, finding 

that a Deep Neural Network achieved the best performance with an AUC-ROC score of 0.888 

for predicting sepsis 6 hours in advance on MIMIC-III data [2]. Their study also explored 

Autoencoders combined with XGBoost, highlighting the potential of unsupervised feature 

learning for sepsis prediction. 

Convolutional Neural Networks (CNNs) have also been adapted for sepsis detection. 

Almasoud et al. presented a deep learning model utilizing residual convolutional networks with 
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an enhanced convolutional learning framework (ECLF), spatio-channel attention network 

(SCAN), hierarchical dilated convolutional block (HDCB), and residual path convolutional 

chain (RPCC). This sophisticated architecture achieved exceptional performance with 99.4% 

accuracy, 98% precision, 99.2% recall, 99.0% F1-score, and an AUC of 0.998 [17]. Anand et 

al. compared Neural Networks, LSTM, and CNN methods on the PhysioNet Challenge 2019 

dataset, highlighting CNN's effectiveness for feature extraction and LSTM's strength in time-

series analysis [19]. 

Moor et al. developed a deep learning system for sepsis prediction across international 

sites, achieving an AUC of 0.846 internally and 0.761 externally across sites from the US, 

Netherlands, and Switzerland. With fine-tuning, external AUC improved to 0.807, 

demonstrating the potential for cross-site generalization. The model detected 80% of septic 

patients 3.7 hours prior to sepsis onset while raising 1.4 false alerts per true alert [7]. 

3.3 Ensemble and Hybrid Methods 

Ensemble and hybrid approaches that combine multiple models or integrate different 

learning paradigms have shown promise in improving prediction accuracy and robustness. 

Khoushabar et al. developed an advanced meta-ensemble framework combining Random 

Forest, XGBoost, and Decision Tree models. The meta-ensemble achieved an AUC-ROC of 

0.96, outperforming individual models, with Random Forest achieving 0.95 AUC, XGBoost 

0.94 AUC, and Decision Tree 0.90 AUC [14]. This approach leverages the complementary 

strengths of different algorithms through stacking or blending techniques. 

Cai et al. introduced an end-to-end deep learning framework integrating an 

unsupervised autoencoder for automatic feature extraction with a multilayer perceptron (MLP) 

classifier. The framework achieved high accuracies of 74.6% on PhysioNet A, 80.6% on 

PhysioNet B, and 93.5% on the FHC dataset, with 92.86% PPV, 83.87% sensitivity, and 

97.40% specificity on FHC [8]. The use of customized down-sampling and dynamic sliding 

windows for preprocessing irregular time-series data represents a novel methodological 

contribution. 

Shah et al. explored the combination of Autoencoders with XGBoost, demonstrating 

how unsupervised feature learning can enhance traditional gradient boosting methods [2]. This 

hybrid approach bridges the gap between deep learning's representation learning capabilities 

and traditional ML's efficiency and interpretability. 

3.4 Interpretable and Explainable AI Models 

The need for clinical interpretability has driven the development of explainable AI 

models that provide transparent decision-making processes. Rosnati et al. proposed MGP-

AttTCN, an interpretable deep learning model combining Multitask Gaussian Processes 

(MGPs) to handle irregularly sampled data and capture uncertainty, with an Attention Time 

Convolutional Network (AttTCN) for temporal pattern recognition. The attention mechanism 

provides insights into feature and time point importance, achieving AUROC of 76.8% at 1 hour 

to onset and 73.9% at 2 hours to onset on MIMIC-III data [9]. 
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Agard et al. explored Bayesian Networks (BNs) and Dynamic Bayesian Networks 

(DBNs) for sepsis prediction, emphasizing their ability to explicitly represent clinical reasoning 

under uncertainty, handle missing data natively, and offer interpretable, transparent decision 

paths. Recent applications demonstrated DBNs achieving an AUROC of 0.94 in early 

detection, with the potential for human-in-the-loop collaboration and integration into clinical 

information systems [30]. The probabilistic framework of Bayesian models provides epistemic 

humility needed to support clinicians facing uncertain, high-stakes decisions. 

4 DATASETS AND DATA SOURCES 

4.1 MIMIC Database Family 

The Medical Information Mart for Intensive Care (MIMIC) database family represents 

the most widely used resource for sepsis prediction research. MIMIC-III, containing de-

identified health data from over 40,000 ICU patients admitted to Beth Israel Deaconess 

Medical Center between 2001 and 2012, serves as a benchmark dataset across numerous 

studies [2], [9], [18]. The database includes comprehensive clinical variables such as vital 

signs, laboratory results, medications, demographics, and clinical notes. 

Rosnati et al. utilized MIMIC-III with a cohort of 14,071 control and 7,936 case patients 

using Sepsis-3 labels, incorporating dynamic features like vital signs and lab results alongside 

static features including age, gender, and first admission unit [9]. Shah et al. leveraged MIMIC-

III's extensive range of parameters associated with laboratory values, vitals, and demographics 

to classify sepsis and non-sepsis patients, implementing a comprehensive data pipeline for 

cleaning, imputation, and feature engineering [2]. 

MIMIC-IV, the updated version released in 2020, has gained increasing adoption in 

recent research. Dalal et al. utilized MIMIC-IV data involving 83,813 non-ICU hospitalized 

patients for training their deep learning model, with external validation performed using the 

eICU-CRD dataset [15]. Gopalan employed MIMIC-IV version 2.2 with over 25,000 patient 

records for sepsis risk prediction using routine blood markers [20]. The MIMIC-IV dataset 

offers improved data quality, expanded temporal coverage, and enhanced documentation 

compared to its predecessor. 

4.2 PhysioNet Challenge Datasets 

The PhysioNet Computing in Cardiology Challenge 2019 dataset provides a 

standardized benchmark specifically designed for early sepsis prediction research. The dataset 

comprises 40,336 patient data files from Beth Israel Deaconess Medical Center and Emory 

University Hospital, containing 40 unique features categorized into vital signs, laboratory test 

results, and demographics [3], [4], [8], [14], [19]. 

Tsang et al. utilized the PhysioNet 2019 dataset (Datasets A and B) with 40,336 ICU 

patients (22,566 males, 17,770 females) with an average age of 61.6 years, containing hourly 

snapshots with missing values linearly interpolated and normalized [4]. Gupta et al. trained and 

validated SepsisAI using data from the PhysioNet Challenge, leveraging frequently measured 

vital signs, sparsely available lab parameters, demographic features, and derived features [3]. 

Khoushabar et al. employed the time-series dataset from 40,336 ICU patients across three 
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geographically distinct U.S. hospital systems, including 8 vital signs, 26 laboratory variables, 

and 6 demographics [14]. 

The standardized nature of the PhysioNet Challenge dataset, with its defined evaluation 

metrics and prediction windows, facilitates direct comparison across different methodological 

approaches. Cai et al. extracted samples from PhysioNet 2019 (Hospitals A and B) totaling 

8,337 training and 889 test patient records, demonstrating the dataset's utility for both 

development and independent validation [8]. 

4.3 eICU Collaborative Research Database 

The eICU Collaborative Research Database (eICU-CRD) provides multi-center ICU 

data from over 200,000 admissions across multiple hospitals, offering greater diversity in 

patient populations and clinical practices compared to single-center datasets [12], [15]. 

Daothong et al. utilized the eICU database for developing machine learning predictive 

analytics, preprocessing and balancing vital signs data for early sepsis diagnosis in critical care 

settings [12]. Dalal et al. employed eICU-CRD for external validation of their deep learning 

model trained on MIMIC-IV, demonstrating the dataset's value for assessing model 

generalization across different hospital systems [15]. 

4.4 Data Preprocessing and Feature Engineering 

Data preprocessing and feature engineering emerge as critical components of successful 

sepsis prediction systems, given the inherent challenges of clinical data including irregular 

sampling, missing values, and class imbalance. Multiple imputation strategies are employed 

across studies, including forward-filling, mean/median/mode imputation, and more 

sophisticated approaches [2], [4], [8], [19]. 

Shah et al. created a comprehensive data pipeline to clean data, impute missing values, 

and perform various feature engineering techniques on MIMIC-III data [2]. Tsang et al. applied 

linear interpolation for missing data and normalized features to 0-1 range [4]. Cai et al. 

implemented forward-filling for missing values along with customized down-sampling and 

non-overlapping dynamic sliding windows to ensure high-information-density inputs [8]. 

Anand et al. utilized imputation of mean, median, and mode for missing values [19]. 

Class imbalance, with sepsis cases typically representing 10-20% of ICU admissions, 

necessitates specialized handling techniques. Khoushabar et al. employed undersampling to 

address severe class imbalance in their dataset [14]. Anand et al. incorporated SMOTE 

(Synthetic Minority Oversampling Technique) to manage imbalanced data by replicating 

minority class entries [19]. 

Feature engineering approaches vary from simple aggregation to sophisticated temporal 

windowing. Rosnati et al. extracted means and differences over six-hour windows, along with 

variable pair and triplet correlations [9]. Khoushabar et al. created hourly windows from vital 

signs and lab results, combining clinical parameters to generate 18 predictive features [14]. 

Gopalan utilized routine blood markers including complete blood counts, differential counts, 

comprehensive metabolic panels, and lipid panels recorded up to one week before sepsis 

diagnosis [20]. 
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5 PERFORMANCE METRICS AND COMPARATIVE ANALYSIS 

5.1 Evaluation Metrics 

Sepsis prediction models are evaluated using a comprehensive set of performance 

metrics that capture different aspects of predictive capability. The Area Under the Receiver 

Operating Characteristic Curve (AUROC or AUC) serves as the primary metric across most 

studies, measuring the model's ability to discriminate between sepsis and non-sepsis cases 

across all classification thresholds [1], [2], [3], [4], [7], [8], [9], [12], [14], [15], [17], [20]. 

AUROC values range from 0.5 (random chance) to 1.0 (perfect discrimination), with values 

above 0.80 generally considered good and above 0.90 excellent. 

The Area Under the Precision-Recall Curve (AUPRC) provides complementary 

information, particularly important for imbalanced datasets where sepsis cases are minority 

class [3], [4]. Gupta et al. reported AUPRC of 0.96 for SepsisAI [3], while Tsang et al. achieved 

AUPRC of 0.258±0.051 on the PhysioNet dataset [4]. 

Sensitivity (recall or true positive rate) and specificity (true negative rate) measure the 

model's ability to correctly identify sepsis cases and non-sepsis cases, respectively. High 

sensitivity is crucial for ensuring that sepsis cases are not missed, while high specificity is 

important for minimizing false alarms that can lead to alert fatigue [3], [8], [15], [17], [20]. 

Gupta et al. achieved sensitivity of 88.19% and specificity of 96.75% [3], while Cai et al. 

reported sensitivity of 83.87% and specificity of 97.40% on the FHC dataset [8]. 

Precision (positive predictive value), recall, and F1-score provide balanced measures 

of model performance. The F1-score, the harmonic mean of precision and recall, is particularly 

useful for imbalanced datasets [4], [8], [12], [14], [17]. Tsang et al. achieved F1 scores of 0.420, 

representing significant improvement over competitors [4], while Almasoud et al. reported F1-

score of 99.0% [17]. 

Accuracy, while commonly reported, can be misleading for imbalanced datasets and 

should be interpreted alongside other metrics [8], [12], [14], [17], [20]. False alarm rates and 

alert ratios are increasingly recognized as critical metrics for clinical deployment, as excessive 

false alarms can lead to clinician alert fatigue and reduced trust in AI systems [3], [7]. 

5.2 Comparative Performance Analysis 

Performance varies considerably across studies depending on datasets, methodologies, 

prediction windows, and evaluation protocols. Table 1 summarizes the performance of 

representative models from the reviewed literature. 

Table 1: Comparative Performance of Sepsis Prediction Models 

Study Model Type Dataset AURO

C 

Accurac

y 

Sensitivit

y 

Specificit

y 

F1-

Score 

Predictio

n 

Window 

Gupta et al. 

[3] 

LSTM 

(SepsisAI) 

PhysioNet 

2019 

0.95 - 88.19% 96.75% - 4-6h 

ahead 
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Almasoud 

et al. [17] 

Residual 

CNN 

Clinical 

dataset 

0.998 99.4% 99.2% - 99.0

% 

- 

Gopalan 

[20] 

Gradient 

Boosting 

MIMIC-IV 0.99 99% 100% 99% 99% Up to 1 

week 

Dalal et al. 

[15] 

Deep 

Learning 

MIMIC-IV 0.96-

0.99 

- - - - 6-24h 

ahead 

Khoushaba

r et al. [14] 

Meta-

Ensemble 

PhysioNet 

2019 

0.96 - - - - - 

Cai et al. 

[8] 

Autoencode

r-MLP 

PhysioNet/FH

C 

- 93.5% 83.87% 97.40% - - 

Shah et al. 

[2] 

Deep Neural 

Network 

MIMIC-III 0.888 - - - - 6h ahead 

Moor et al. 

[7] 

Deep 

Learning 

Multi-site ICU 0.846 - 80% - - 3.7h 

ahead 

Tsang et al. 

[4] 

LSTM PhysioNet 

2019 

0.855 - - - 0.420 Up to 6h 

Daothong 

et al. [12] 

XGBoost eICU-CRD 0.78 80% - - 72% - 

 

The highest reported AUROC values exceed 0.95, with several studies achieving near-

perfect discrimination. Almasoud et al. reported an exceptional AUC of 0.998 using residual 

convolutional networks [17], while Gopalan achieved 0.99 AUC using gradient boosting on 

routine blood markers [20]. Gupta et al.'s SepsisAI achieved 0.95 AUROC with the critical 

advantage of a low false-alarm ratio of 3.18% [3]. Dalal et al. reported AUROC values of 0.96, 

0.98, and 0.99 for prediction windows of 24, 12, and 6 hours before onset, respectively [15]. 

 

Figure 1: AUROC Comparison of the Sepsis Prediction Model Performance 
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Deep learning approaches generally outperform traditional machine learning methods, 

though the margin varies. Shah et al. found that a Deep Neural Network (AUROC 0.888) 

outperformed Random Forest and XGBoost on MIMIC-III data [2]. However, Gopalan 

demonstrated that a well-tuned gradient boosting model can achieve exceptional performance 

(AUROC 0.99) comparable to or exceeding many deep learning approaches [20]. 

 

Figure 2: Accuracy, Sensitivity, Specificity Comparison of the Sepsis Prediction Model 

Performance 

Ensemble and hybrid methods show consistent advantages. Khoushabar et al.'s meta-

ensemble achieved AUROC 0.96, outperforming individual models including Random Forest 

(0.95), XGBoost (0.94), and Decision Tree (0.90) [14]. Cai et al.'s autoencoder-MLP 

framework demonstrated superior robustness and generalizability across multiple datasets [8]. 

External validation and cross-site generalization remain challenging. Moor et al. observed a 

drop in AUROC from 0.846 internally to 0.761 externally across international sites, though 

fine-tuning improved external performance to 0.807 [7]. This highlights the importance of 

multi-center validation and domain adaptation techniques for clinical deployment. 

5.3 Prediction Windows and Lead Times 

The prediction window—the time interval between model prediction and clinical sepsis 

onset—represents a critical dimension of clinical utility. Longer prediction windows provide 
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more time for intervention but typically come at the cost of reduced accuracy and increased 

false alarms. 

 

Figure 3: Heatmap for Model Architecture Performance with their performance score 

Several studies target 6-hour prediction windows, aligning with clinical guidelines 

emphasizing the importance of early intervention. Shah et al. aimed to predict sepsis inception 

6 hours in advance, achieving AUROC 0.888 [2]. Tsang et al. developed models for sepsis 

prediction up to six hours prior to clinical indication [4]. Gupta et al.'s SepsisAI issues warnings 

at a median of 6 hours and alerts at a median of 4 hours ahead of sepsis onset [3]. 

Moor et al. achieved detection of 80% of septic patients 3.7 hours (95% CI, 3.0-4.3) 

prior to sepsis onset across international sites [7]. This represents a practical balance between 

lead time and detection rate for clinical implementation. 

Dalal et al. demonstrated that prediction accuracy increases as the prediction window 

narrows, achieving AUROC of 0.96 at 24 hours, 0.98 at 12 hours, and 0.99 at 6 hours before 

onset [15]. This gradient reflects the increasing availability of informative clinical signals as 

sepsis onset approaches. 

Gopalan's study stands out for achieving high prediction accuracy (AUROC 0.99) up 

to one week before emergency admission, using routine blood markers [20]. This extended 

prediction window could enable preventive interventions in outpatient or general ward settings 

before ICU admission becomes necessary. 
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Figure 4: Comparison of Multiple Metrics on Traditional ML and Deep Learning for 

the Prediction of Sepsis 

6 DISCUSSION 

6.1 Key Findings and Trends 

This comprehensive literature review reveals several key findings and emerging trends 

in sepsis classification and prediction using machine learning and deep learning techniques. 

First, deep learning approaches, particularly LSTM networks, consistently demonstrate 

superior performance compared to traditional machine learning methods for time-series sepsis 

prediction tasks [2], [3], [4], [7]. The ability of LSTMs to capture temporal dependencies and 

long-range patterns in sequential clinical measurements provides a fundamental advantage for 

modeling the dynamic progression of sepsis. 

Second, ensemble and hybrid methods that combine multiple models or integrate 

different learning paradigms show promise for improving both accuracy and robustness [8], 

[14]. Meta-ensemble approaches leverage the complementary strengths of different algorithms, 

while hybrid frameworks that integrate unsupervised feature learning with supervised 

classification can enhance generalization across diverse datasets. 

 

Figure 5: Distribution of Model Categories in Sepsis Prediction Literature 
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Third, the field is moving beyond pure predictive accuracy toward clinically relevant 

metrics such as false alarm rates, prediction lead times, and interpretability [3], [9], [30]. Gupta 

et al.'s achievement of a 3.18% false-alarm ratio represents a significant advance in addressing 

clinician alert fatigue [3]. The development of interpretable models using attention 

mechanisms, Gaussian processes, and Bayesian networks reflects growing recognition that 

clinical adoption requires transparent, explainable decision-making processes [9], [30]. 

Fourth, the MIMIC database family and PhysioNet Challenge datasets have emerged 

as de facto standards for sepsis prediction research, facilitating reproducibility and comparison 

across studies [2], [3], [4], [8], [9], [14], [15], [18], [20]. However, the dominance of these 

datasets also raises questions about generalization to other clinical settings and patient 

populations. 

Fifth, data preprocessing and feature engineering remain critical determinants of model 

performance, with sophisticated approaches to handling missing data, irregular sampling, and 

class imbalance showing clear benefits [2], [4], [8], [9], [14], [19]. The development of domain-

guided data refinement pipelines that combine prior clinical knowledge with machine learning 

represents a promising direction. 

6.2 Challenges and Limitations 

Despite impressive advances, several fundamental challenges and limitations persist. 

First, the problem of external validation and cross-site generalization remains largely unsolved. 

Moor et al.'s observation of substantial performance degradation when models trained on one 

site are applied to others (AUROC dropping from 0.846 to 0.761) highlights the difficulty of 

developing universally applicable models [7]. Differences in patient populations, clinical 

practices, data collection protocols, and local definitions of sepsis contribute to this challenge. 

Second, the severe class imbalance inherent in sepsis prediction—with sepsis cases 

typically representing 10-20% of ICU admissions—complicates model training and evaluation 

[14], [19]. While techniques such as SMOTE, undersampling, and custom loss functions can 

partially address this issue, they introduce their own biases and limitations. The tension 

between sensitivity and specificity, and between early detection and false alarm rates, requires 

careful calibration based on clinical priorities. 

Third, the irregular and incomplete nature of clinical data poses ongoing challenges [8], 

[9]. Missing values are ubiquitous in ICU datasets, arising from varying measurement 

frequencies, clinical decisions about which tests to order, and technical failures. While various 

imputation strategies exist, each introduces assumptions that may not hold uniformly across 

patients and time points. The development of models that can natively handle missing data, 

such as Gaussian processes and certain deep learning architectures, represents progress but 

does not fully solve the problem. 

Fourth, most studies focus on ICU populations, with limited research on sepsis 

prediction in general ward or emergency department settings [15]. Dalal et al.'s work on non-

ICU hospitalized patients represents an important exception, but more research is needed to 
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extend AI-driven sepsis prediction beyond intensive care environments where monitoring is 

less intensive and data are sparser. 

Fifth, the interpretability-performance tradeoff remains a central tension. While deep 

learning models often achieve the highest predictive accuracy, their "black box" nature limits 

clinical trust and adoption [30]. Interpretable models such as Bayesian networks and attention-

based architectures offer transparency but may sacrifice some predictive power [9], [30]. The 

development of post-hoc explanation methods and inherently interpretable deep learning 

architectures represents an active area of research. 

Sixth, temporal validation—evaluating models on data from time periods after their 

training data—is rarely performed, yet is critical for assessing whether models remain accurate 

as clinical practices, patient populations, and data collection methods evolve over time. Most 

studies rely on random train-test splits or cross-validation, which may overestimate real-world 

performance. 

6.3 Clinical Implementation Considerations 

The translation of research findings into clinical practice requires addressing several 

practical considerations beyond predictive accuracy. First, real-time deployment necessitates 

computational efficiency and low latency, as predictions must be generated continuously as 

new data arrive [3]. Gupta et al.'s SepsisAI demonstrates that LSTM-based systems can operate 

in real-time, but computational requirements may limit deployment on resource-constrained 

hospital IT infrastructure. 

Second, integration with existing clinical workflows and electronic health record 

(EHR) systems is essential for adoption [30]. AI-driven sepsis prediction systems must 

seamlessly ingest data from multiple sources, present predictions in clinically meaningful 

formats, and support rather than disrupt established care processes. The development of clinical 

decision support systems that provide actionable recommendations, not just risk scores, 

represents an important direction. 

Third, the management of false alarms is critical for maintaining clinician trust and 

preventing alert fatigue [3], [7]. Gupta et al.'s focus on minimizing false alarms through a two-

tier warning and alert system demonstrates one approach, but more research is needed on 

optimal alert thresholds, presentation formats, and escalation protocols. 

Fourth, model updating and maintenance are necessary to ensure continued accuracy as 

clinical practices and patient populations evolve. The development of online learning 

approaches that can adapt to new data without full retraining, and monitoring systems that 

detect performance degradation, will be important for long-term deployment. 

Fifth, regulatory approval and validation according to medical device standards (e.g., 

FDA clearance) require rigorous prospective clinical trials demonstrating safety and efficacy 

[1]. Most published studies report retrospective validation on historical data, which provides 

important evidence but does not substitute for prospective evaluation in real clinical settings. 
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7 FUTURE DIRECTIONS AND RECOMMENDATIONS 

Based on the findings of this comprehensive review, several promising directions for 

future research emerge. First, multi-center prospective validation studies are urgently needed 

to assess the real-world performance, clinical impact, and cost-effectiveness of AI-driven 

sepsis prediction systems [7], [16]. Such studies should evaluate not only predictive accuracy 

but also clinical outcomes including mortality, length of stay, antibiotic stewardship, and 

healthcare costs. 

Second, the development of domain adaptation and transfer learning techniques to 

improve cross-site generalization represents a critical research priority [7]. Methods that can 

leverage data from multiple institutions while accounting for site-specific differences in patient 

populations, clinical practices, and data collection protocols could substantially improve model 

robustness and applicability. 

Third, research on sepsis prediction in non-ICU settings, including general wards, 

emergency departments, and potentially outpatient settings, could extend the benefits of early 

detection to broader patient populations [15], [20]. Gopalan's demonstration of prediction up 

to one week before admission using routine blood markers suggests the feasibility of this 

approach. 

Fourth, the integration of multimodal data sources beyond traditional vital signs and 

laboratory results—including clinical notes, medical imaging, genomic data, and continuous 

waveform monitoring—could enhance predictive accuracy and provide more comprehensive 

risk assessment [10]. Natural language processing of clinical notes and computer vision 

analysis of medical images represent underexplored opportunities. 

Fifth, the development of personalized sepsis prediction models that account for 

individual patient characteristics, comorbidities, and treatment responses could improve 

accuracy and clinical utility [1]. Current models typically treat all patients as exchangeable, but 

sepsis heterogeneity suggests that personalized approaches may be beneficial. 

Sixth, research on optimal intervention strategies guided by AI predictions represents 

an important frontier [4]. Predictive models identify high-risk patients, but determining the 

most effective interventions for different risk profiles and clinical contexts requires additional 

investigation. Reinforcement learning and causal inference methods could help identify 

optimal treatment policies. 

Seventh, the development of standardized evaluation protocols, benchmark datasets, 

and reporting guidelines would facilitate comparison across studies and accelerate progress [4], 

[16]. The PhysioNet Challenge provides a model, but broader consensus on evaluation metrics, 

prediction windows, and validation approaches is needed. 

Eighth, research on human-AI collaboration and clinical decision support system 

design could improve adoption and effectiveness [30]. Understanding how clinicians interact 

with AI predictions, what information they need to trust and act on recommendations, and how 

to design interfaces that support rather than hinder clinical reasoning represents an important 

sociotechnical research agenda. 
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8 CONCLUSION 

This comprehensive literature review has examined the state-of-the-art in sepsis 

classification and prediction using machine learning and deep learning techniques, 

synthesizing findings from 235 recent research papers. The review demonstrates that AI-driven 

approaches have achieved impressive predictive performance, with AUROC values frequently 

exceeding 0.90 and in some cases approaching 0.99. Deep learning architectures, particularly 

LSTM networks, consistently outperform traditional machine learning methods for time-series 

sepsis prediction, while ensemble and hybrid approaches show promise for improving 

robustness and generalization. 

The MIMIC database family and PhysioNet Challenge datasets have emerged as 

standard benchmarks, facilitating reproducibility and comparison across studies. However, 

challenges remain in external validation, cross-site generalization, false alarm reduction, 

interpretability, and clinical implementation. The field is evolving beyond pure predictive 

accuracy toward clinically relevant metrics including false alarm rates, prediction lead times, 

and transparent decision-making processes. 

Future research priorities include multi-center prospective validation studies, 

development of domain adaptation techniques for cross-site generalization, extension to non-

ICU settings, integration of multimodal data sources, personalized prediction models, and 

research on optimal intervention strategies. The translation of research findings into clinical 

practice requires addressing practical considerations including real-time deployment, EHR 

integration, alert management, model maintenance, and regulatory approval. 

Despite remaining challenges, the reviewed literature demonstrates that machine 

learning and deep learning techniques hold substantial promise for improving early sepsis 

detection and patient outcomes. As the field matures and addresses current limitations, AI-

driven sepsis prediction systems have the potential to become standard components of critical 

care medicine, enabling earlier intervention, more efficient resource allocation, and ultimately 

saving lives. The continued collaboration between machine learning researchers, clinicians, 

and healthcare administrators will be essential for realizing this potential and ensuring that AI 

systems are developed and deployed in ways that truly benefit patients and support clinical 

decision-making. 
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