
CHAPTER 8

ARTIFICIAL INTELLIGENCE AND MACHINE LEARNING IN SEPSIS 
DETECTION AND RISK PREDICTION: 

BIG DATA, REAL-TIME SURVEILLANCE, AND PREDICTIVE 
ANALYTICS IN SEPSIS CARE

Özlem Türkmen Recen1

8.1. Introduction

Sepsis remains a major global health problem, accounting for an estimated 
48.9 million cases and 11 million deaths annually worldwide.1 Early detection 
and timely treatment are critical; each hour of delay in administering antibiotics 
is associated with increased mortality.2–4 Early diagnosis remains challenging due 
to the complex clinical presentation and patient heterogeneity.5,6 Conventional 
scoring systems such as SOFA and qSOFA offer some guidance, yet they often 
lack sensitivity and specificity, particularly in early disease stages.7 Artificial 
intelligence (AI) and machine learning (ML) have emerged as promising tools to 
enhance sepsis care, enabling real-time surveillance, individualized risk prediction, 
and data-driven clinical decision-making .7–11

8.1.1 Big Data in Sepsis Care

Healthcare systems generate large volumes of data each day, ranging from 
structured sources such as electronic health records (EHRs), laboratory test 
results, and pharmacy databases to unstructured data including physician notes, 
radiology reports, and biomedical images. In critical care, continuous monitoring 
of physiological parameters such as heart rate, respiratory rate, oxygen saturation, 
and blood pressure contributes significantly to high-frequency time series. 
Advances in high-throughput technologies have enabled the integration of multi-
omic data, including genomics, transcriptomics, proteomics, metabolomics, and 
microbiome profiles, offering a multidimensional view of the host response to 
infection.12 These resources collectively define “big data” in sepsis care and are 
often characterized using the “4Vs”: 

•	 Volume: Sheer size of data 
•	 Velocity: Speed of generation and transmission 
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•	 Variety: Heterogeneity across modalities 
•	 Veracity: Data quality, consistency, and trustworthiness13

One of the most significant enablers of AI research in sepsis has been the 
availability of large, publicly accessible critical care datasets. The Medical 
Information Mart for Intensive Care (MIMIC-III/IV) databases, curated at the 
Massachusetts Institute of Technology, include de-identified clinical data from 
thousands of ICU admissions, covering demographics, vital signs, laboratory values, 
procedures, medications, and outcomes.14–16 Similarly, the eICU Collaborative 
Research Database, comprising over 200,000 ICU encounters from multiple 
U.S. hospitals, offers a multicenter perspective and has accelerated external 
validation efforts.17 These databases provide fertile ground for the development 
of machine learning models, supporting reproducibility, benchmarking, and 
methodological innovation. Other resources, such as the AmsterdamUMCdb 
and HiRID datasets, extend this ecosystem by providing European ICU data, 
enhancing diversity in patient populations and care practices.18–20

Despite these advances, several challenges persist in harnessing big data for 
sepsis prediction and management. Data heterogeneity, defined as the variability 
in type, format, structure, and collection practices of clinical data, is a central issue 
in sepsis research. For example, vital signs may be captured at different frequencies, 
laboratory assays may follow different reference standards, and diagnostic coding 
practices vary widely. Such heterogeneity complicates efforts to train models that 
are generalizable across health systems. Moreover, missingness in clinical datasets, 
whether due to irregular monitoring, technical errors, or variable documentation 
practices, poses an additional barrier, as machine learning models often assume 
complete and consistent input data. Imputation strategies, probabilistic modeling, 
and advanced deep learning architectures capable of handling sparse time series 
are increasingly being explored to mitigate these challenges.21

Interoperability, which refers to the ability of different health information 
systems, devices, and applications to exchange, interpret, and use data seamlessly, is 
another critical barrier. Health information systems frequently rely on proprietary 
formats, limiting the exchange of patient data across institutions. Efforts to 
standardize data exchange through frameworks such as Health Level 7 (HL7) and 
Fast Healthcare Interoperability Resources (FHIR) have gained momentum, 
enabling more efficient data integration and facilitating large-scale, multi-
institutional collaborations.22–24 Such interoperability is essential for federated 
learning models, in which institutions collaboratively train AI systems without 
sharing sensitive patient-level data, thereby overcoming privacy and governance 
constraints.25
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In addition to technical issues, data governance and ethical considerations 
are central to the use of big data in sepsis care. Ensuring patient privacy, compliance 
with regulatory frameworks such as the General Data Protection Regulation 
(GDPR) and the Health Insurance Portability and Accountability Act (HIPAA), 
and maintaining public trust are essential for sustained progress. Transparent 
governance models, informed consent processes, and clear communication with 
stakeholders can help balance innovation with responsibility.26

Although the availability of big data has catalyzed the development of sepsis 
prediction models, translation into clinical practice remains limited.27 This gap 
highlights the need for rigorous external validation, prospective clinical trials, and 
continuous performance monitoring. Moreover, AI systems must be designed 
to integrate seamlessly into existing workflows, minimizing alert fatigue and 
enhancing clinician usability.   

Finally, the integration of big data into sepsis care represents both a tremendous 
opportunity and a formidable challenge. If effectively harnessed, these resources 
can enable more accurate, personalized, and timely sepsis prediction, ultimately 
improving patient outcomes. The continued development of interoperable 
standards, robust governance frameworks, and clinically embedded evaluation 
strategies will be key to realizing the full potential of big data-driven sepsis care.

8.1.2 ﻿Machine Learning Approaches for Sepsis Prediction

Machine learning (ML), a subset of artificial intelligence (AI), has emerged as 
a transformative approach to sepsis research and care. Unlike traditional statistical 
methods or rule-based scoring systems, ML can exploit large, heterogeneous datasets 
and identify complex, nonlinear associations that may not be apparent to human 
clinicians. In sepsis, these methods have been applied to anticipate onset, stratify 
patient risk, discover hidden phenotypes, and propose treatment strategies. 

Supervised ML has been most extensively used in sepsis prediction. In these 
models, algorithms are trained on labeled datasets to classify patients as septic 
or non-septic or to forecast outcomes such as septic shock or mortality. Logistic 
regression has served as a longstanding baseline, but ensemble methods such as 
random forests and gradient boosting machines have outperformed traditional 
tools. A notable example is the InSight algorithm, which employs gradient 
boosting to predict sepsis four to six hours before clinical onset, achieving an 
AUROC above 0.90.28 Similarly, the TREWScore developed by Henry et al. 
(2015) used routinely collected ICU data to provide real-time septic shock risk 
predictions, showing greater accuracy than conventional early warning scores.29 

Deep learning techniques have further expanded predictive capabilities by 
modeling the sequential and temporal nature of critical care data. Recurrent 
neural networks (RNNs) and long short-term memory (LSTM) models are 
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particularly suited to irregular time-stamped EHR data. Shashikumar et al. 
(2017) demonstrated that LSTM-based models could detect sepsis hours before 
clinical suspicion, outperforming static models and human recognition.11 More 
recently, transformer-based architectures have been adapted from natural language 
processing to process multimodal clinical data streams, allowing integration 
of laboratory, physiological, and narrative features for early sepsis detection.30 
These methods, while powerful, require substantial data and computational 
infrastructure, which may limit their applicability in resource-constrained settings.

Unsupervised ML encompasses algorithms that analyze data without 
predefined labels or outcomes, aiming to uncover hidden structures, patterns, 
or patient subgroups. Unlike supervised models trained on “right” or “wrong” 
answers, unsupervised approaches such as clustering (e.g., k-means, hierarchical 
clustering, latent class analysis) group patients based on shared characteristics, 
while dimensionality reduction techniques (e.g., principal component analysis, 
autoencoders) simplify high-dimensional datasets into lower-dimensional 
representations that preserve essential information. In sepsis research, these 
methods have been particularly valuable in addressing the syndrome’s biological 
and clinical heterogeneity. For example, Seymour et al. (2019) identified four 
reproducible sepsis phenotypes, α, β, γ, and δ,  distinguished by differential 
inflammatory responses and mortality risks.31 Such findings highlight the potential 
of unsupervised ML to support precision medicine, enabling stratification 
of patients for targeted therapeutic strategies rather than applying uniform 
protocols. Beyond phenotyping, dimensionality reduction has facilitated the 
integration of complex EHR and omics data, reducing noise while maintaining 
clinically meaningful signals and thus providing a foundation for more accurate 
and interpretable predictive modeling.

A growing area of interest involves natural language processing (NLP), 
a branch of AI that enables computers to understand, interpret, and analyze 
human language to extract clinically relevant information from unstructured text. 
Physician notes, microbiology summaries, and radiology reports often contain 
critical insights about infection sources or evolving organ dysfunction. Integrating 
NLP features from clinical notes with structured EHR data has improved early 
septic-shock prediction; in an ICU cohort, Liu et al. achieved an AUROC of 
0.92 with a median 7.0-hour lead time using a gradient-boosting model.32 Unlike 
large language models (LLMs), which extend NLP with transformer-based deep 
learning architectures trained on massive text corpora to generate and reason 
over human-like language, traditional NLP primarily focuses on extracting 
and structuring meaning from text.33 By integrating NLP-derived features with 
clinical and laboratory data, prediction models can achieve more comprehensive 
and holistic risk assessment.
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Beyond risk prediction, Reinforcement Learning (RL) has been explored to 
optimize sepsis treatment strategies. In this paradigm, algorithms learn policies for 
interventions by maximizing rewards tied to improved outcomes. Komorowski et 
al. (2018) demonstrated that an RL agent trained on ICU data could recommend 
fluid resuscitation and vasopressor strategies associated with better simulated 
survival, suggesting a future role for AI in dynamic clinical decision support.34 
Although RL remains in the proof-of-concept stage and untested in prospective 
clinical trials, its integration with predictive models could transform sepsis care 
from passive detection to active therapeutic guidance.

8.1.3 Real-Time Surveillance and Clinical Decision Support

The integration of AI and ML into real-time surveillance and clinical decision 
support systems represents one of the most impactful applications of these 
technologies in sepsis care. Sepsis is a dynamic syndrome characterized by rapid 
physiological deterioration, and delays in recognition are strongly associated with 
worse outcomes.2,3 By embedding predictive algorithms into electronic health 
records (EHRs) and bedside monitoring systems, AI-driven tools can provide 
clinicians with continuous risk assessment, enabling earlier detection of sepsis 
onset and more timely initiation of treatment.

EHRs serve as the central repository of patient information in modern 
healthcare and provide an ideal substrate for embedding AI models. Structured 
variables such as vital signs, laboratory test results, and medication orders can 
be continuously fed into ML algorithms. In contrast, unstructured sources such 
as clinician notes and radiology reports may be incorporated through natural 
language processing (NLP) techniques.32 When integrated seamlessly into the 
EHR interface, predictive models can generate real-time alerts for at-risk patients, 
assisting clinicians in triaging, diagnostic evaluation, and escalation of care.

At the bedside, continuous monitoring of heart rate, respiratory rate, oxygen 
saturation, and blood pressure generates high-frequency data streams that ML 
models can analyze to identify early physiologic signatures of sepsis. Advanced 
architectures, such as recurrent neural networks and long short-term memory 
(LSTM) models, have demonstrated the ability to detect subtle, nonlinear 
temporal patterns in physiologic data that precede overt clinical deterioration 
.11 Embedding these models within monitoring systems allows for continuous 
surveillance of patients in intensive care units (ICUs) and, increasingly, in general 
wards.

While the technical performance of sepsis prediction models has improved 
considerably, their clinical utility depends critically on usability and workflow 
integration. Decision support systems must provide information in a format that 
is accessible, interpretable, and actionable to clinicians working in time-pressured 
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environments. Poorly integrated or opaque systems risk contributing to alert 
fatigue, in which clinicians become desensitized to frequent, non-specific alerts, 
undermining both trust in the system and patient safety.27.

To overcome these challenges, successful systems prioritize transparency 
and interpretability. Visual displays of contributing features, confidence 
scores, and trend data can help clinicians understand the basis for an alert 
and contextualize it within the clinical picture. Integration into existing EHR 
dashboards and workflows is essential to ensure that predictive insights augment, 
rather than disrupt, routine practice. Moreover, involving clinicians in the design, 
implementation, and evaluation of AI-driven decision support tools has been 
shown to enhance adoption and trust.10

Several AI systems have been deployed in real-world clinical settings, providing 
instructive examples of both promise and limitations. The InSight algorithm, 
developed using gradient boosting techniques, analyzes routinely collected EHR 
data to predict sepsis four to six hours before onset.28 In retrospective validation, 
InSight demonstrated area under the receiver operating characteristic curve 
(AUROC) values above 0.90, outperforming conventional scoring systems such as 
SOFA and qSOFA. Importantly, InSight was designed for real-time deployment, 
updating risk scores as new data became available, thereby aligning with the 
dynamic nature of sepsis. Clinical evaluations of InSight have highlighted its 
ability to reduce sepsis-related mortality and length of stay when used as part of a 
structured early warning program.29

In contrast, the Epic Sepsis Model (ESM), a proprietary tool integrated into 
one of the most widely used EHR platforms, has attracted both enthusiasm and 
criticism. ESM was designed to continuously analyze patient data within the Epic 
EHR system and generate sepsis risk alerts. While its widespread implementation 
demonstrated the feasibility of embedding predictive models into routine clinical 
workflows, independent evaluations revealed substantial limitations, including 
poor calibration, limited transparency, and low predictive performance in some 
populations.27 These findings underscore the importance of rigorous external 
validation, transparency in algorithm design, and ongoing monitoring of real-
world performance to ensure safety and effectiveness.

The promise of real-time surveillance and clinical decision support lies not only 
in predictive accuracy but in the ability to change clinical practice meaningfully. 
When implemented thoughtfully, these tools can enable proactive care, support 
timely interventions, and ultimately reduce sepsis-related morbidity and mortality. 
However, achieving this potential requires moving beyond algorithm development 
to embrace system-level integration, human factors engineering, and continuous 
evaluation in real-world settings.
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8.1.4. Challenges and Limitations of AI in Sepsis

Despite significant progress, the application of AI and ML in sepsis care still 
faces important obstacles that limit its widespread clinical adoption. One of the 
most persistent barriers is data heterogeneity, since clinical information originates 
from diverse sources such as electronic health records, monitoring devices, and 
laboratory systems. Each of these sources has its own structure, frequency of 
measurement, and level of completeness, leading to inconsistent datasets. For 
example, vital signs may be recorded continuously in intensive care units but only 
intermittently on general wards, and laboratory values may be generated using 
assays with different reference standards across institutions. These inconsistencies 
complicate the process of training robust models capable of generalizing across 
health systems. Closely related is the issue of missingness, which occurs due to 
irregular monitoring, technical failures, or incomplete documentation. While 
many ML algorithms assume complete datasets, real-world clinical data rarely 
meet this standard. Naive imputation techniques may introduce systematic bias, 
whereas advanced approaches such as recurrent neural networks designed to 
handle sparse and irregular time series require significant technical expertise and 
computational resources.21,35

Another critical limitation concerns bias and generalizability. AI systems 
inevitably inherit the characteristics of the datasets on which they are trained. 
When those datasets come from a single hospital or health system, they may reflect 
the specific demographics, clinical practices, and resource availability of that 
setting. As a result, models that perform well in one population may underperform 
or even mislead clinicians in another. For example, a sepsis prediction model 
trained primarily on data from high-resource tertiary hospitals in North America 
may not generalize to hospitals in low- and middle-income countries, where the 
epidemiology of infection, availability of diagnostics, and treatment practices differ 
substantially. Even within the same country, performance may vary across patient 
groups defined by sex, age, ethnicity, or socioeconomic status. Such disparities 
can lead to algorithmic bias, whereby certain populations receive systematically 
less accurate predictions, further entrenching existing healthcare inequities.36,37 
Rigorous external validation, diverse training datasets, and ongoing monitoring 
after deployment are essential to mitigate these risks.

In addition to technical concerns, interpretability and clinician trust remain 
major barriers to adoption. Many of the most accurate models, particularly those 
based on deep learning, function as “black boxes,” producing predictions without 
transparent explanations of how they were derived. In high-stakes scenarios like 
critical care, clinicians are understandably hesitant to act on recommendations 
they cannot interpret or justify to colleagues, patients, or regulatory bodies. The 
opacity of these systems can undermine confidence, slow adoption, and increase 
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the risk of over-reliance or misuse. Research in explainable AI (XAI) has sought 
to address this issue by developing tools that highlight the key variables driving 
a prediction, display risk trajectories, or visualize decision pathways. However, 
providing explanations that are both technically accurate and clinically meaningful 
remains challenging, and striking the balance between model complexity and 
interpretability continues to be an area of active investigation.38

Beyond technical and human factors, regulatory and ethical concerns pose 
additional hurdles. The use of patient-level clinical data for training AI models 
must comply with stringent privacy regulations, including the General Data 
Protection Regulation (GDPR) in Europe and the Health Insurance Portability 
and Accountability Act (HIPAA) in the United States. Protecting patient 
confidentiality while enabling meaningful data sharing is a delicate balance that 
requires robust governance frameworks. Furthermore, questions of accountability 
remain unresolved: if an AI system recommends a course of action that results in 
harm, it is unclear whether liability should fall on the clinician, the hospital, or 
the developers. This ambiguity is further compounded when commercial entities 
provide proprietary algorithms, as in the case of the Epic Sepsis Model, which has 
been widely implemented yet shown to perform inconsistently in independent 
evaluations27. The lack of transparency around such proprietary systems raises 
legitimate concerns about accountability, safety, and public trust.

Taken together, these challenges highlight that the path to integrating AI 
into sepsis care is complex and multifaceted. Technical issues of data quality, 
heterogeneity, and bias must be addressed in parallel with social and institutional 
issues of trust, interpretability, and ethics. The ultimate goal is not simply 
to build accurate models but to create systems that are safe, equitable, and 
clinically useful in diverse real-world contexts. Achieving this will require close 
collaboration between clinicians, data scientists, policymakers, and patients, as 
well as rigorous prospective trials and continuous monitoring in practice. Only 
by confronting these limitations directly can the field realize the full potential 
of AI in transforming sepsis care.

8.1.5. Future Directions and Opportunities

As AI and ML continue to advance, their role in sepsis care is poised to expand 
far beyond current applications in prediction and risk stratification. Several 
emerging directions hold promise for improving accuracy, equity, and clinical 
usability while addressing the limitations identified in earlier sections.

One of the most transformative areas is federated learning, a paradigm that 
allows multiple institutions to collaboratively train AI models without sharing 
patient-level data. In federated learning, algorithms are distributed to local sites, 
trained on each hospital’s dataset, and then aggregated into a global model without 
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requiring direct data transfer. This approach helps overcome privacy concerns 
while expanding the diversity of training data, thereby improving generalizability 
across healthcare settings.39 In the context of sepsis, federated learning could 
link datasets from diverse hospitals and regions, ensuring that prediction models 
reflect heterogeneous patient populations and care practices. The development of 
frameworks for secure aggregation and harmonized standards for data exchange 
will be essential for realizing this potential.

Another promising frontier lies in the integration of multimodal data. 
Current sepsis prediction systems primarily rely on structured clinical 
data, such as vital signs and laboratory results. However, advances in high-
throughput technologies have opened the door to incorporating genomics, 
transcriptomics, proteomics, metabolomics, and microbiome data, providing a 
more comprehensive picture of host-pathogen interactions.12 Combining these 
with continuous physiologic monitoring and unstructured sources, such as 
physician notes analyzed via natural language processing (NLP), could enable 
prediction models that capture both the biological underpinnings and clinical 
manifestations of sepsis. Such multimodal models may improve precision 
by identifying subgroups of patients likely to respond to targeted therapies, 
supporting the development of precision medicine in sepsis.

Beyond data integration, there is growing interest in explainable AI (XAI) as 
a pathway to enhance clinician trust and adoption. While deep learning models 
achieve high predictive accuracy, their opaque decision-making processes limit 
their clinical impact. Tools that provide intuitive explanations of why a patient 
has been flagged at high risk, such as highlighting abnormal laboratory results or 
showing temporal trends in vital signs, could bridge the gap between accuracy 
and usability.38 In addition, embedding explanation mechanisms directly into 
clinical interfaces may reduce alert fatigue by contextualizing alerts and making 
them actionable.

The field is also moving toward prospective clinical evaluation and regulatory 
validation. AI models in sepsis may demonstrate high performance in retrospective 
studies but fail to replicate these results in real-world settings.27 Future directions 
must therefore prioritize prospective trials that assess not only predictive accuracy 
but also patient outcomes, clinician behavior, and cost-effectiveness. Regulatory 
agencies such as the U.S. Food and Drug Administration (FDA) and European 
Medicines Agency (EMA) are increasingly developing pathways for evaluating AI 
in healthcare, including adaptive models that continue to learn post-deployment. 
Establishing clear frameworks for approval, monitoring, and accountability will 
be essential for safe and equitable adoption.

Finally, opportunities exist in global health applications of AI for sepsis. While 
most AI development has been concentrated in high-income countries, the global 
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burden of sepsis is disproportionately borne by low- and middle-income regions.40 
Deploying lightweight, interpretable models that can function in resource-limited 
settings, potentially using mobile health platforms, could have a substantial 
impact. Ensuring equitable access to AI technologies and avoiding digital divides 
will require international collaborations, public–private partnerships, and policies 
that prioritize global inclusivity.

Taken together, the future of AI in sepsis will be defined not only by 
technological innovation but also by system-level integration, regulatory clarity, 
and global collaboration. Advances in federated learning, multimodal integration, 
explainability, prospective validation, and equitable deployment offer a roadmap 
for moving from proof-of-concept to transformative clinical practice. If realized, 
these opportunities could enable earlier detection, personalized treatment, and 
ultimately a reduction in the global burden of sepsis.

Patient-Centered Outcomes

Beyond predictive accuracy, AI/ML models must demonstrate tangible 
benefits in mortality reduction, antibiotic stewardship, ICU length of stay, and 
resource utilization. Some studies suggest AI alerts reduce time-to-antibiotic 
administration, but overdiagnosis and overtreatment remain risks if model 
specificity is insufficient.41 Future evaluation should prioritize patient-centered 
endpoints rather than model metrics alone.

8.2. Conclusion

Artificial intelligence and machine learning are rapidly transforming sepsis 
detection and risk prediction, offering real-time surveillance and predictive 
analytics that exceed traditional scoring systems. By leveraging big data from 
electronic health records, imaging, laboratory values, and physiologic monitoring, 
these approaches can identify high-risk patients earlier and guide personalized 
therapeutic strategies. However, significant challenges remain: variability in patient 
populations, lack of prospective validation, limited interpretability of models, 
and regulatory and ethical considerations. To maximize clinical impact, future 
AI systems must be transparent, interoperable, and seamlessly integrated into 
existing workflows while ensuring patient safety and clinician trust. Ultimately, 
the integration of AI-driven tools into sepsis care holds the potential to improve 
outcomes, reduce mortality, and bring precision medicine to the bedside for one 
of the most pressing conditions in critical care.
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