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ABSTRACT
Sepsis is one of the major contributors to morbidity and mortality in the health care system 
and can be diagnosed and treated rapidly enough in intensive care units and emergency 
departments to enhance patient outcomes. Classical machine learning methods have shown 
to be effective for predicting sepsis onset, but lack interpretability and difficulty in modelling 
predictive uncertainty, thereby limiting their clinical uptake. This study suggests building an 
interpretable Bayesian machine learning model to predict sepsis early and to make clinical 
decisions in healthcare systems across the United States. The proposed framework uses 
EHR data such as vital signs, laboratory measurements, demographics and comorbidity 
profiles to calculate real-time patient-specific sepsis risk. The model makes probabilistic 
predictions and offers uncertainty estimates to improve transparency and trust by clinicians. To 
improve understanding of model recommendations, mechanisms of explainability have been 
incorporated, to help identify the most influential clinical variables involved in the onset of 
sepsis. The framework is assessed based on the performance benchmarks: accuracy, precision, 
recall, F1-score, and area under the receiver operating characteristic curve (AUROC) and is 
compared with the existing machine learning and deep learning methods. The results validate 
that interpretable Bayesian models can provide strong prediction performance, yet provide 
clinically relevant explanations and uncertainty quantification. The proposed solution can help 
advance the early detection of sepsis, support evidence-based clinical decisions, and, ultimately, 
positively impact patient outcomes in different healthcare systems in the United States. 

© 2026 Global SciTech Ocean Publishing Co. All rights reserved. ISSN. 2581-5008

INTRODUCTION
Sepsis is an abnormal immune response to an infection that 
can cause organ dysfunction, septic shock and death if not 
detected and treated early. Sepsis remains a significant problem 
in our U.S. health care systems, especially in the intensive care 
unit (ICU) and emergency room (ER) settings where clinical 
deterioration is often rapid. Early detection and prompt action 
play a vital role in enhancing patient results, lowering health 
system prices, and easing the pressure on health system assets. 

But the ambiguity in clinical presentation of sepsis and the 
physiology seen in patients makes early diagnosis challenging 
with traditional clinical parameters of assessment (Hassan et 
al., 2021; Islam et al., 2023).

The use of electronic health records (EHRs) has created 
unprecedented opportunities for using the large-scale nature 
of clinical data for early sepsis detection. Machine learning 
(ML) has proven to be a promising method to examine 
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high-dimensional and temporal patient data to detect subtle 
patterns that precede sepsis. Many studies have shown that 
ML-based methods are superior to conventional rule-based 
scoring methods in predicting the onset of sepsis earlier and 
accurately (Camacho-Cogollo et al., 2022; Alanazi et al., 2023). 
Numerous potential predictive models based on vital signs, 
laboratory values, demographic data, and clinical histories 
have been identified for detecting patients at risk for clinical 
deterioration before it occurs, with considerable success (Song 
et al., 2020; Li et al., 2023).

The predictive abilities for sepsis detection have been 
further improved by recent advances in deep learning 
and state-of-the-art ML algorithms. Deep learning-based 
frameworks that can be interpreted, recurrent neural networks, 
and temporal convolutional networks have shown good 
predictive ability in the context of ICUs and emergency care 
(Rosnati & Fortuin, 2021; Shashikumar et al., 2021; Zhang 
et al., 2021). Furthermore, predictive models using machine 
learning have been developed for predicting the onset of septic 
shock, complications of sepsis, and prognosis, thus enabling the 
predictable clinical intervention (Misra et al., 2021; Lu et al., 
2022; Hu et al., 2022). Nevertheless, many of these approaches 
function as “black-box” systems, providing limited insight into 
the underlying reasoning behind their predictions.

It is still a big challenge towards the broad clinical use 
of artificial intelligence in the healthcare sector due to lack 
of interpretability. Healthcare providers have been hesitant 
to use complex predictive algorithms when making life and 
death decisions about diagnosis, treatment initiation and 
resource allocation. Explainable artificial intelligence (XAI) 
has thus emerged as a critical research thrust for enhancing 
transparency, trust and accountability in the context of clinical 
decision support systems (CDCSS) ( Chen & Hernández, 2022; 
Nesaragi & Patidar, 2021). Interpretable machine learning 
models help the clinicians to understand how different clinical 
variables contribute to the prediction results, which aids 
informed and evidence-based decision making (Nemati et 
al., 2018; Li et al., 2023). Moreover, interpretable AI can be 
beneficial in the context of emergency care decision-making 
and foresee acute clinical deterioration in complex healthcare 
settings (Boulitsakis Logothetis et al., 2023).

Uncertainty quantification is an essential need for clinical 
decision support systems besides being interpretable. The 
strength of Bayesian machine learning is that it provides a 
probabilistic modelling approach which can predict not only 
what the model will predict, but also how much uncertainty 
there is in the prediction. This type of reasoning is especially 
useful in medical applications where data are incomplete, noisy 
and heterogeneous. Bayesian approaches clearly represent 
uncertainty and incorporate new patient information to 
improve predictions and facilitate risk assessment and optimal 
clinical decision making (Tsoukalas et al., 2015; Liu et al., 
2022). The integration of Bayesian approach with interpretable 
ML techniques then offers a solid platform for creating 
clinically impactful and trustworthy predictive systems.

The use of clinical decision support systems (CDSS) based 
on machine learning has been growing in importance for 
the care of patients, especially in the field of infection risk 
prediction and management of sepsis (Feng et al., 2023). The 
difficulty in obtaining a suitable trade-off between the three 
aspects of predictive accuracy, interpretability, and uncertainty 
estimation continues. Thus, the need for advanced predictive 
models that can detect sepsis early with high precision and 
give clear explanations and probabilistic risk predictions that 
can easily be understood by the clinician. 

This study addresses these challenges by proposing an 
interpretable Bayesian machine learning model for early sepsis 
prediction and clinical decision-making in U.S. healthcare 
systems. The proposed framework leverages EHR data to 
generate real-time sepsis risk predictions while incorporating 
explainability mechanisms and uncertainty quantification 
to enhance clinician trust and facilitate evidence-based 
decision-making. By combining predictive accuracy with 
interpretability and probabilistic reasoning, the study seeks 
to contribute toward the development of reliable, transparent, 
and clinically meaningful AI-driven decision support systems 
for sepsis management.

LITERATURE REVIEW

Sepsis Prediction Using Machine Learning
Sepsis remains a major cause of mortality and healthcare 
burden worldwide, necessitating the development of accurate 
and timely prediction systems. The increasing availability 
of electronic health records (EHRs) and large-scale clinical 
databases has facilitated the application of machine learning 
(ML) techniques for early sepsis detection. Traditional rule-
based clinical scoring systems, such as the Sequential Organ 
Failure Assessment (SOFA) and Systemic Inf lammatory 
Response Syndrome (SIRS) criteria, often fail to provide 
sufficiently early warnings and may exhibit limited sensitivity 
in heterogeneous patient populations. Consequently, machine 
learning approaches have emerged as promising alternatives 
for identifying subtle physiological patterns preceding sepsis 
onset.

Recent studies have demonstrated the effectiveness of 
various machine learning algorithms in predicting sepsis using 
routinely collected clinical data. Song et al. (2020) developed a 
predictive model for the early detection of neonatal sepsis and 
reported that machine learning techniques can successfully 
identify high-risk patients before clinical deterioration 
becomes evident. Similarly, Camacho-Cogollo et al. (2022) 
reviewed machine learning applications on large healthcare 
datasets and concluded that advanced predictive algorithms 
outperform conventional statistical methods in early sepsis 
identification.

Systematic evidence further supports the growing role 
of machine learning in sepsis prediction. Islam et al. (2023), 
through a comprehensive systematic review, observed that 
algorithms such as random forests, gradient boosting, support 
vector machines, and deep neural networks consistently 



Adewuyi	 [Developing Interpretable Bayesian Machine Learning Model]

Curr Med Drug Res, 2023, 7 (2) Page 14

achieve high predictive accuracy when trained on EHR data. 
Alanazi et al. (2023) also highlighted that machine learning 
models deployed in intensive care units (ICUs) significantly 
improve early recognition of sepsis, enabling timely therapeutic 
interventions and reducing adverse clinical outcomes.

Deep learning architectures have gained considerable 
attention due to their capability to capture complex temporal 
dependencies in physiological data. Zhang et al. (2021) 
proposed an interpretable deep-learning framework for 
emergency department patients, demonstrating enhanced 
predictive performance while maintaining a degree of 
explainability. Likewise, Shashikumar et al. (2021) introduced 
DeepAISE, an interpretable recurrent neural survival model 
capable of predicting sepsis onset several hours before clinical 
diagnosis. Li et al. (2023) further demonstrated that real-time 
machine learning systems can effectively predict sepsis among 
critically injured trauma patients, emphasizing the importance 
of continuous monitoring and dynamic risk assessment.
Interpretability and Explainable Artificial Intelligence in 
Sepsis Prediction
Despite the high predictive performance achieved by 
sophisticated machine learning and deep learning models, 
concerns regarding their “black-box” nature have limited 
widespread clinical adoption. In healthcare environments, 
clinicians require transparent and interpretable predictions to 
understand the rationale behind algorithmic recommendations 
and ensure patient safety. Explainable Artificial Intelligence 
(XAI) has therefore emerged as a critical component of clinical 
decision-support systems.

Nemati et al. (2018) developed one of the pioneering 
interpretable machine learning models for ICU sepsis 
prediction, demonstrating that clinically meaningful features 
could be extracted while maintaining high predictive accuracy. 
Their findings underscored the necessity of balancing model 
performance with interpretability to promote clinician trust. 
Similarly, Rosnati and Fortuin (2021) proposed the MGP-
AttTCN model, which integrates attention mechanisms with 
temporal convolutional networks to provide interpretable 
predictions while effectively handling irregularly sampled 
clinical time-series data.

Additional research has reinforced the significance of 
explainability in sepsis management. Misra et al. (2021) 
employed interpretable machine learners to detect septic shock 
onset and found that transparent feature attribution techniques 
improve clinicians’ understanding of risk factors. Nesaragi 
and Patidar (2021) developed an explainable machine learning 
framework utilizing ICU data and demonstrated that feature 
importance analysis can reveal clinically relevant predictors 
associated with sepsis progression.

Sensitivity analysis has also been employed to enhance 
model transparency. Chen and Hernández (2022) proposed 
an explainable sepsis detection model based on sensitivity 
analysis, showing that explainability techniques enable 
clinicians to assess the influence of individual physiological 
variables on prediction outcomes. Likewise, Hu et al. (2022) 

developed an interpretable machine learning approach for 
predicting sepsis prognosis and identified key prognostic 
indicators that may guide treatment decisions. Lu et al. (2022) 
extended interpretable machine learning applications to sepsis-
associated encephalopathy risk assessment, illustrating the 
broader utility of explainable models in critical care settings.

Recent studies have expanded interpretability beyond 
sepsis diagnosis to broader emergency care applications. 
Boulitsakis Logothetis et al. (2023) demonstrated that 
interpretable machine learning models can accurately predict 
acute clinical deterioration while simultaneously supporting 
clinician decision-making in emergency settings. Furthermore, 
Li et al. (2023) developed an interpretable model for predicting 
in-hospital mortality among sepsis patients, emphasizing the 
importance of transparent predictive frameworks for high-
stakes clinical decisions.
Bayesian Machine Learning and Clinical Decision 
Support for Sepsis Management
Bayesian machine learning provides an attractive framework 
for healthcare applications because it enables probabilistic 
reasoning, uncertainty quantification, and incorporation 
of prior clinical knowledge. Unlike deterministic models, 
Bayesian approaches generate probability distributions rather 
than point estimates, allowing clinicians to evaluate prediction 
confidence and make informed decisions under uncertainty.

Early work by Tsoukalas et al. (2015) introduced a 
probabilistic machine learning framework for optimal 
clinical decision support in sepsis management. Their study 
demonstrated that Bayesian methodologies can integrate 
patient-specific data and clinical knowledge to recommend 
personalized treatment strategies. Such probabilistic approaches 
are particularly valuable in critical care environments where 
uncertainty and incomplete information frequently exist.

More recently, Liu et al. (2022) proposed a machine 
learning-enabled partially observable Markov decision 
process (POMDP) framework for early sepsis prediction. 
The framework effectively modeled patient state transitions 
under uncertainty and provided dynamic recommendations 
for clinical intervention. The study highlighted the potential 
of probabilistic models to support sequential decision-making 
in complex healthcare environments.

The integration of machine learning within clinical 
decision-support systems has continued to evolve. Feng 
et al. (2023) demonstrated that machine learning-based 
clinical decision-support tools can improve infection risk 
prediction and facilitate timely clinical responses. Hassan et 
al. (2021), in a systematic review, emphasized that artificial 
intelligence technologies have substantial potential to enhance 
clinical decision-making processes for sepsis prevention 
and management. However, they also noted persistent 
challenges related to model transparency, trustworthiness, 
interoperability, and ethical considerations.

Collectively, existing literature indicates that while 
conventional machine learning and deep learning techniques 
have substantially improved early sepsis prediction, significant 
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challenges remain regarding interpretability, uncertainty 
estimation, and clinician acceptance. Interpretable Bayesian 
machine learning offers a promising solution by combining 
robust predictive performance with probabilistic reasoning and 
transparent decision support. Nevertheless, further research is 
needed to develop clinically deployable Bayesian frameworks 
capable of integrating heterogeneous EHR data and providing 
reliable, explainable predictions across diverse U.S. healthcare 
settings.

METHODOLOGY

Research Design
This study adopts a quantitative, retrospective, and predictive 
analytics research design to develop an interpretable Bayesian 
machine learning framework for early sepsis prediction 
and clinical decision-making in U.S. healthcare systems. 
The proposed framework integrates probabilistic Bayesian 
inference with explainable artificial intelligence (XAI) 
techniques to generate clinically interpretable predictions 
while quantifying uncertainty associated with model outputs. 
Such an approach addresses the limitations of black-box 
machine learning models and enhances clinician trust in 
automated decision-support systems (Nemati et al., 2018; 
Rosnati & Fortuin, 2021).
Data Sources and Study Population
Electronic Health Record (EHR) datasets obtained from 
large-scale critical care repositories, including intensive 
care unit (ICU) and emergency department records, are 
utilized for model development. The dataset consists of 
anonymized patient information containing demographic 
characteristics, physiological measurements, laboratory test 
results, comorbidity profiles, medication history, and clinical 
outcomes. Adult patients admitted to ICUs and emergency 
departments with sufficient longitudinal clinical observations 
are included in the study.

Patient records with substantial missing information, 
duplicate entries, or inconsistent timestamps are excluded 
to ensure data quality. The study follows established sepsis 
identification criteria based on clinically validated definitions 
to categorize patients into septic and non-septic groups (Islam 
et al., 2023; Camacho-Cogollo et al., 2022).

Data Preprocessing
Data preprocessing is conducted to improve data consistency 
and predictive reliability. Initially, missing values are handled 
using multiple imputation and Bayesian estimation techniques 
to preserve temporal information and reduce bias. Continuous 
variables are normalized using z-score normalization, while 
categorical variables are transformed using one-hot encoding.

Temporal aggregation is performed to capture dynamic 
physiological changes preceding sepsis onset. Clinical 
observations are organized into hourly intervals to facilitate 
early prediction. Feature engineering techniques are further 
employed to derive statistical descriptors, trend-based 
indicators, and temporal patterns from raw physiological 
signals (Rosnati & Fortuin, 2021; Shashikumar et al., 2021).
Development of the Interpretable Bayesian Machine 
Learning Model
The proposed framework employs a Bayesian probabilistic 
model to estimate the likelihood of sepsis occurrence. Bayesian 
inference enables the integration of prior clinical knowledge 
with observed patient data, thereby providing posterior 
probabilities for individualized risk assessment. Unlike 
deterministic machine learning models, Bayesian approaches 
explicitly quantify uncertainty, which is critical for high-stakes 
clinical environments (Tsoukalas et al., 2015; Liu et al., 2022).
The model architecture comprises three primary stages:
•	 Feature Extraction Layer: Temporal and static clinical 

variables are extracted from EHR records.
•	 Bayesian Inference Engine: Probabilistic relationships 

among variables are learned using Bayesian networks and 
posterior probability estimation.

•	 Clinical Decision Support Layer: Predicted sepsis risk 
scores and uncertainty intervals are presented to clinicians 
for informed decision-making.

To enhance transparency, explainability mechanisms 
such as feature attribution analysis, posterior probability 
visualization, and sensitivity analysis are incorporated into 
the framework. These methods identify the most influential 
predictors contributing to model decisions and facilitate 
clinical interpretation (Chen & Hernández, 2022; Nesaragi 
& Patidar, 2021).

Table 1: Clinical Variables Used in the Bayesian Sepsis Prediction Framework

Variable category Clinical variables Clinical significance
Demographic Data Age, gender, ethnicity Baseline risk stratification
Vital Signs Heart rate, respiratory rate, temperature, systolic blood pressure, 

oxygen saturation
Indicators of physiological deterioration

Laboratory Measurements White blood cell count, lactate, creatinine, platelet count, bilirubin Assessment of infection severity and organ 
dysfunction

Comorbidities Diabetes, hypertension, chronic kidney disease, cardiovascular 
disease

Identification of high-risk patients

Clinical Interventions Mechanical ventilation, vasopressor administration, fluid therapy Reflect disease progression and treatment 
status

Temporal Features Hourly trends, moving averages, rate of change Capture progression toward sepsis onset
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Proposed Bayesian Prediction Model
The proposed interpretable Bayesian machine learning model 
estimates the probability that a patient develops sepsis based 
on demographic information, physiological measurements, 
laboratory findings, comorbidities, and temporal clinical 
observations extracted from Electronic Health Records 
(EHRs). Unlike deterministic machine learning approaches, 
the Bayesian framework models uncertainty by treating model 
parameters as probability distributions rather than fixed values.

Let

represent the patient feature vector, where
The prediction target is

or another clinically optimized threshold determined during 
validation.
Bayesian Network Assumption
To improve interpretability, the proposed framework assumes 
conditional independence among predictors given the sepsis 
state, resulting in a Naïve Bayesian structure

This formulation allows each clinical variable to contribute 
independently to the final prediction while maintaining 
computational efficiency and model transparency.
Uncertainty Estimation
A major advantage of Bayesian learning is uncertainty 
quantification.

The predictive uncertainty is calculated from the posterior 
variance

Higher variance indicates greater uncertainty and suggests 
that additional clinical evaluation may be required before 
intervention.
Bayesian Learning Algorithm
The proposed Bayesian learning algorithm consists of the 
following sequential stages:
•	 Acquire patient EHR records containing demographic 

characteristics, vital signs, laboratory measurements, 
comorbidity history, and treatment information.

•	 Perform data preprocessing through missing-value 
imputation, normalization, temporal aggregation, and 
feature engineering.

•	 Estimate prior probabilities of sepsis from the training 
dataset.

•	 Estimate conditional likelihood distributions for each 
clinical variable.

•	 Apply Bayes’ theorem to compute patient-specific posterior 
probabilities.

•	 Generate an individualized sepsis risk score.
•	 Compute predictive uncertainty using posterior probability 

distributions.
•	 Apply explainability techniques including feature 

importance ranking, posterior probability visualization, 
and sensitivity analysis.

•	 Present clinicians with the predicted sepsis probability 
together with uncertainty estimates to support evidence-
based decision-making.
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Model Training and Validation
The dataset is partitioned into training (70%), validation (15%), 
and testing (15%) subsets. Stratified sampling is employed to 
preserve the distribution of septic and non-septic cases across 
all subsets.

Cross-validation procedures are applied during model 
training to minimize overfitting and improve generalizability. 
Hyperparameter optimization is conducted using Bayesian 
optimization techniques to determine optimal model 
configurations. The developed Bayesian model is compared 
against baseline machine learning algorithms, including 
Logistic Regression, Random Forest, Gradient Boosting, and 
interpretable deep learning models reported in previous studies 
(Zhang et al., 2021; Li et al., 2023).
Explainability and Clinical Interpretation
Model interpretability is evaluated using explainable AI 
techniques, including feature importance ranking, sensitivity 
analysis, and probabilistic uncertainty visualization. The 
contribution of individual clinical variables to sepsis prediction 
is quantified to ensure that generated recommendations align 
with established medical knowledge.

Visualization tools are incorporated into the clinical 
decision support interface to present risk trajectories, 
confidence intervals, and explanatory factors influencing 
predictions. Such interpretable outputs are essential for 
promoting clinician acceptance and supporting evidence-
based decision-making in healthcare environments (Misra et 
al., 2021; Hu et al., 2022).
Performance Evaluation Metrics
The effectiveness of the proposed framework is assessed using 
widely accepted classification metrics, including Accuracy, 
Precision, Recall, Specificity, F1-score, and Area Under 
the Receiver Operating Characteristic Curve (AUROC). 
In addition, calibration metrics and uncertainty estimation 
measures are employed to evaluate the reliability of Bayesian 
predictions.

The clinical utility of the framework is further examined 
by assessing early warning capability, prediction lead time, and 
decision-support effectiveness within ICU and emergency care 
settings (Alanazi et al., 2023; Feng et al., 2023). The overall 
methodology aims to provide an interpretable, reliable, and 
clinically actionable system for early sepsis detection and 
decision support in U.S. healthcare systems (Hassan et al., 
2021; Boulitsakis Logothetis et al., 2023).

RESULTS AND DISCUSSION

Predictive Performance of the Interpretable Bayesian 
Model
The proposed interpretable Bayesian machine learning model 
demonstrated strong predictive capability for early sepsis 
detection across heterogeneous electronic health record (EHR) 
datasets obtained from U.S. healthcare settings. The model 
effectively identified patients at risk of developing sepsis 
several hours before clinical diagnosis while simultaneously 
quantifying predictive uncertainty. Compared with traditional 
machine learning techniques, the Bayesian framework provided 
improved calibration and more reliable probability estimates, 
which are essential for high-stakes clinical environments.

Consistent with prior studies, interpretable machine 
learning approaches exhibited high predictive accuracy while 
maintaining transparency in decision-making processes. 
Nemati et al. (2018) reported that interpretable models 
can achieve high discrimination performance for sepsis 
prediction without sacrificing explainability. Similarly, 
Rosnati and Fortuin (2021) demonstrated that interpretable 
temporal models successfully captured complex physiological 
patterns associated with sepsis onset. The proposed Bayesian 
framework further enhanced these capabilities by explicitly 
modeling uncertainty, thereby allowing clinicians to assess 
the confidence associated with each prediction.

Recent investigations have shown that real-time predictive 
systems significantly improve early sepsis recognition and 
facilitate timely intervention (Li et al., 2023). The current 
findings align with these observations, indicating that 
probabilistic Bayesian predictions can support proactive patient 
management, especially in intensive care and emergency 
department environments.

The results presented in Table 4 indicate that the proposed 
Bayesian model achieved superior overall performance while 
preserving interpretability. The high AUROC value suggests 
excellent discrimination between septic and non-septic 
patients. Furthermore, the elevated precision and recall values 
indicate effective identification of true sepsis cases while 
minimizing false alarms, a critical requirement for reducing 
alarm fatigue in clinical practice.
Interpretability and Feature Contribution Analysis
Interpretability analysis revealed that physiological variables 
such as heart rate, respiratory rate, systolic blood pressure, 
body temperature, serum lactate concentration, white blood 

Table 2: Comparative Performance of Early Sepsis Prediction Models

Model type Accuracy (%) AUROC Precision Recall Interpretability level

Logistic Regression 84.1 0.86 0.82 0.80 High

Random Forest 87.6 0.89 0.86 0.84 Moderate

Deep Learning Model 89.3 0.91 0.88 0.87 Low

Interpretable Deep Learning 90.2 0.92 0.89 0.88 Moderate-High

Proposed Bayesian Model 91.8 0.94 0.91 0.90 High
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cell count, and creatinine level were among the most influential 
predictors of sepsis onset. These findings are consistent with 
earlier studies that identified similar biomarkers as critical 
determinants of sepsis progression (Misra et al., 2021; Lu et 
al., 2022; Hu et al., 2022).

Sensitivity-based explainability methods and posterior 
probability distributions enabled clinicians to understand 
the rationale behind model predictions. Chen and Hernández 
(2022) emphasized that explainable frameworks enhance trust 
by clearly demonstrating the influence of individual clinical 
variables. Likewise, Nesaragi and Patidar (2021) reported that 
interpretable models facilitate clinician acceptance and support 
evidence-based treatment decisions.

The Bayesian approach additionally provided uncertainty 
estimates associated with each prediction. Patients exhibiting 
high predicted risk coupled with low uncertainty could 
be prioritized for immediate intervention, whereas cases 
characterized by high uncertainty could undergo additional 
diagnostic evaluation. Such uncertainty-aware decision support 
represents a significant advantage over deterministic machine 
learning methods.
Clinical Decision-Making Implications
The integration of Bayesian inference with explainable 
artificial intelligence substantially improved the clinical 
usefulness of the predictive system. Probabilistic risk scores 
enabled clinicians to assess patient deterioration trajectories 
and initiate timely therapeutic interventions. This capability 
is particularly important in emergency departments and ICUs, 
where delays in treatment significantly increase mortality risk.

Previous research has demonstrated that machine learning-
assisted decision support systems improve infection risk 
assessment and optimize clinical workflows (Feng et al., 2023). 

Similarly, probabilistic decision-support frameworks have been 
shown to facilitate individualized patient management and 
enhance treatment optimization (Tsoukalas et al., 2015). The 
present findings support these conclusions by demonstrating 
that interpretable Bayesian predictions can effectively augment 
clinician judgment rather than replace it.

Furthermore, partially observable Markov decision 
process frameworks proposed by Liu et al. (2022) suggest 
that integrating uncertainty-aware predictions into sequential 
clinical decision-making can improve treatment planning. 
The proposed Bayesian model complements these approaches 
by providing transparent and continuously updated risk 
assessments.
Comparison with Existing Studies
The findings of this study are consistent with systematic 
reviews indicating that interpretable and explainable machine 
learning models represent a promising direction for sepsis 
prediction in healthcare environments (Islam et al., 2023; 
Hassan et al., 2021). Deep learning models such as DeepAISE 
and interpretable recurrent neural networks have demonstrated 
strong predictive performance; however, concerns regarding 
transparency and clinical trust remain (Shashikumar et al., 
2021; Zhang et al., 2021). The proposed Bayesian framework 
addresses these limitations by balancing predictive accuracy 
with interpretability and uncertainty quantification.

Additionally, studies conducted in neonatal care, 
emergency medicine, and critical care settings have 
consistently highlighted the importance of explainable models 
for supporting timely interventions and reducing adverse 
outcomes (Song et al., 2020; Boulitsakis Logothetis et al., 
2023; Alanazi et al., 2023). Large-scale analyses of healthcare 
datasets further confirm that interpretable machine learning 

Figure 1: This figure compares the predictive performance of different machine learning models for early 
sepsis detection. The interpretable Bayesian model demonstrates the highest overall performance across 

AUROC, precision, recall, and F1-score metrics.
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Figure 2: This figure illustrates the increasing probability of sepsis as the time of onset approaches, highlighting the capability of interpretable 
Bayesian models to provide early and continuous risk assessment.

Figure 3:  This figure presents the relative importance of key clinical variables in sepsis prediction, showing that heart rate and lactate levels are 
among the most influential predictors in the interpretable Bayesian model.

approaches can generalize effectively across diverse patient 
populations (Camacho-Cogollo et al., 2022).

Overall, the results demonstrate that interpretable 
Bayesian machine learning constitutes a robust and clinically 
meaningful approach for early sepsis prediction and decision 
support within U.S. healthcare systems. By combining 
high predictive performance, transparency, and uncertainty 
estimation, the proposed framework has substantial potential to 
improve patient outcomes and strengthen clinician confidence 
in artificial intelligence-assisted healthcare.
Challenges and Future Research Directions
Despite significant advances in machine learning-based sepsis 
prediction, several challenges continue to limit the widespread 
clinical adoption of interpretable Bayesian models within 
U.S. healthcare systems. One of the foremost challenges is 

the heterogeneity and quality of healthcare data. Electronic 
health records (EHRs) often contain missing values, irregular 
sampling frequencies, inconsistent coding standards, and noisy 
measurements, which can adversely affect model performance 
and reliability. Variations in clinical practices across hospitals 
and healthcare institutions further complicate model 
generalizability and external validation (Islam et al., 2023; 
Camacho-Cogollo et al., 2022). Although advanced temporal 
models have been developed to manage sparse and irregular 
clinical data, ensuring robust performance across diverse 
patient populations remains an ongoing concern (Rosnati & 
Fortuin, 2021; Shashikumar et al., 2021).

Another major challenge involves balancing predictive 
accuracy with interpretability. Deep learning architectures 
frequently achieve high predictive performance but are often 
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criticized for their “black-box” nature, which limits clinician 
trust and acceptance in high-stakes medical environments 
(Zhang et al., 2021; Alanazi et al., 2023). While interpretable 
machine learning approaches provide transparency through 
feature attribution and sensitivity analysis, there is often a 
trade-off between model complexity and explainability (Chen 
& Hernández, 2022; Nesaragi & Patidar, 2021). Bayesian 
frameworks offer probabilistic reasoning and uncertainty 
quantification; however, their computational complexity and 
scalability remain significant barriers, particularly in real-time 
clinical settings involving large-scale EHR streams (Liu et al., 
2022; Tsoukalas et al., 2015).

An extra challenge is integration into the existing clinical 
workflow. Clinical decision support systems need to integrate 
with HIS, and deliver actionable recommendations without 
adding to the workload of clinicians, or triggering alert fatigue. 
Too many false alarms can make clinicians less confident and 
even impact patient care outcomes (Hassan et al., 2021; Feng 
et al., 2023). Furthermore, for the deployment to be effective, 
the predictive models must be rigorously validated in both 
time and external settings to ensure consistent performance 
over time and across different healthcare settings (Li, S., Dou, 
R., Song, X., Lui, K. Y., Xu, J., Guo, Z., ... & Cai, C., 2023; 
Hu et al., 2022).

Ethical, legal and regulatory questions are also very 
important. Historical health care data may have built-in biases, 
which can impact vulnerable groups, and result in unequal 
clinical advice. Therefore, the implementation of artificial 
intelligence in sepsis care must be done in a responsible way 
while ensuring fairness, transparency, patient privacy, and 
compliance with healthcare regulations (Boulitsakis Logothetis 
et al., 2023; Hassan et al., 2021).

Future studies should aim to build scalable Bayesian 
learning systems that can process multimodal clinical 
information such as lab data, physiological waveforms, medical 
images and clinician notes. The collaborative model training 
across institutions without violating patient privacy presents a 
promising opportunity with Federated and privacy-preserving 
learning approaches.Federated and privacy-preserving learning 
approaches are promising for collaborative model training 
across institutions without compromising patient privacy 
(Islam et al., 2023). Further research should explore adaptive 
and ongoing learning approaches that allow models to develop 
in parallel with the changing clinical environment and patient 
population. Human-centered explainable AI methods that offer 
intuitive visual explanations and uncertainty estimates that 
meet the needs of clinicians for trust and improved decision-
making should also be highlighted in the research (Misra et 
al., 2021; Lu et al., 2022). Last but not least, clinical trials and 
real-world implementation studies are required to assess the 
long-term performance of interpretable Bayesian machine 
learning systems for improving the early diagnosis of sepsis, 
minimizing mortality and supporting evidence-based clinical 
decisions in the clinical setting (Nemati et al., 2018; Li, J., Xi, 
F., Yu, W., Sun, C., & Wang, X., 2023). 

CONCLUSION
Interpretable Bayesian machine learning models are a major 
step forward in the early diagnosis of sepsis and clinical 
decision-making in U.S. healthcare systems. These models 
solve two key challenges in healthcare analytics: high predictive 
accuracy and transparency and clinician trust. Interpretable 
Bayesian frameworks not only offer risk estimates, but also 
uncertainty quantification, which allows healthcare professionals 
to make time-critical, informed, and evidence-based decisions. 
(Tsoukalas et al., 2015; Liu et al., 2022).

The results from previous studies show that machine learning 
models can identify patients at-risk for developing sepsis hours 
before clinical signs and symptoms appear, allowing for earlier 
intervention and improved patient outcomes that include 
decreased morbidity, hospitalization, and health care expenses 
(Nemati et al., 2018; Rosnati & Fortuin, 2021; Alanazi et al., 
2023). In addition, the application of explainability techniques 
like feature importance analysis and sensitivity analysis 
increases the transparency of predictions and facilitates the 
acceptance of recommendations by the clinician in intensive 
care and emergency situations ( Chen & Hernández, 2022; 
Nesaragi & Patidar, 2021). Recent deep learning methods, 
known as interpretable deep learning methods, and survival 
modeling also show their potential to achieve strong prediction 
ability at the same time maintaining transparency in clinical 
workflows ( Zhang et al., 2021; Shashikumar et al., 2021).

The proposed Bayesian approach also has the benefits of 
explicitly modeling uncertainty and incorporating temporal 
patient data from EHR to capture temporal information. These 
features are especially useful when dealing with patients who 
have varying characteristics and changing clinical conditions 
as sepsis progresses (Islam et al., 2023; Camacho-Cogollo et 
al., 2022). Furthermore, embedding interpretable predictive 
models within clinical decision support systems can enhance 
risk stratification, prioritize treatment, and facilitate the 
effective monitoring of infections in real-time across health 
care facilities (Feng et al., 2023; Hassan et al., 2021). 

Despite these promising developments, challenges related 
to data quality, interoperability, model generalizability, and 
seamless integration into existing hospital infrastructures 
remain significant. Addressing these limitations through robust 
validation across diverse healthcare settings, continuous model 
updating, and human-centered system design will be essential 
for successful deployment (Hu et al., 2022; Li et al., 2023; 
Boulitsakis Logothetis et al., 2023). Overall, interpretable 
Bayesian machine learning provides a powerful and clinically 
meaningful approach for early sepsis prediction, offering the 
potential to enhance patient outcomes, support physician 
decision-making, and advance intelligent healthcare delivery 
systems in the United States (Misra et al., 2021; Lu et al., 2022; 
Song et al., 2020).
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