
Journal of Intensive Medicine 5 (2025) 134–136 

Contents lists available at ScienceDirect 

Journal of Intensive Medicine 

journal homepage: www.elsevier.com/locate/jointm 

Perspective 

Redefining sepsis management: The comprehensive impact of artificial 

intelligence 

Jamie Ghossein 

1 , Brett N. Hryciw 

2 , Kwadwo Kyeremanteng 

2 , 3 , 4 , ∗ 

1 Department of Medicine, University of Ottawa, Ottawa, ON, Canada 
2 Division of Critical Care, Department of Medicine, University of Ottawa, Ottawa, ON, Canada 
3 Clinical Epidemiology, Ottawa Hospital Research Institute, University of Ottawa, Ottawa, ON, Canada 
4 Institute du Savoir Montfort, Ottawa, ON, Canada 

I

 

c  

t  

m  

s  

l  

i

 

t  

c  

m  

p  

d  

f  

c

 

c  

s

A

 

n  

t  

i  

f  

b  

R  

s  

i

 

n  

p  

t  

p  

r  

A  

s  

f

 

g  

d  

a  

a  

w  

i  

d

A

 

i  

d  

s  

t  

K  

s  

i  

h

R

A

C

(

ntroduction 

Sepsis, a syndrome of life-threatening organ dysfunction

aused by dysregulated host response to infection, continues

o burden healthcare systems worldwide with high morbidity,

ortality, and costs. [1] The early detection and diagnosis of sep-

is are challenging due to the absence of definitive tests, over-

apping symptoms with other conditions, and the need for rapid

nitiation of therapy to improve outcomes. [2] 

With recent advances in computational power, artificial in-

elligence (AI) has shown promising results in healthcare appli-

ations and holds significant potential for revolutionizing sepsis

anagement. Machine learning (ML), a subset of AI, encom-

asses techniques that learn and make predictions based on

ata. It operates on structured data, such as numerical values

or vital signs and lab results, as well as unstructured data, in-

luding free-text clinical notes and patient histories. [3] 

By integrating these AI tools into sepsis management, health-

are providers can leverage predictive analytics and decision

upport systems to improve sepsis management. 

I in Early Detection and Diagnosis of Sepsis 

Already, advanced ML techniques such as deep learning and

eural networks have been used to detect sepsis within narrow

imeframes, as brief as a few hours, facilitating prompt med-

cal interventions. [4] Early prediction models, such as the one

ormulated by Shashikumar et al., [4] harness readily accessi-

le structured data to detect sepsis with remarkable precision.

apid detection can ensure timely administration of treatments
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uch as fluids and antibiotics, of which delay is associated with

ncreased mortality. [1] 

AI systems can also rely on unstructured data, such as clinical

otes, to improve early detection of sepsis. [5] A natural language

rocessing-enabled algorithm developed by Goh et al. [5] can ex-

ract, analyze, and summarize physician clinical notes to help

redict sepsis, ultimately increasing early detection of sepsis and

educing false positives. This highlights the potential of modern

I-powered systems to integrate both structured data and un-

tructured data, further enhancing the predictive acumen of AI

or the early detection of sepsis. 

Risk stratification plays a pivotal role in sepsis management,

uiding clinicians in discerning patients more susceptible to

etrimental outcomes; thereby informing treatment approaches

nd resource distribution. [6] Leveraging vast datasets, AI has

lready demonstrated enhanced risk stratification capabilities,

ith various models outperforming the Modified Early Warn-

ng Score in predicting intensive care unit (ICU) transfer or

eath. [7] 

I in Treatment Optimization for Sepsis 

Deciding the optimal treatment for sepsis can be challeng-

ng due to the heterogeneous nature of the condition and the

iverse responses of patients to treatments. [2 , 8] AI systems can

upport clinicians in this decision-making process. For instance,

he AI clinician, a reinforcement learning model developed by

omorowski et al., [8] learned optimal treatment strategies for

epsis in the ICU setting. By analyzing thousands of patient data,

t recommended treatment plans that were shown to correlate
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ith lower mortality rates in sepsis. [8] Such tools can be used as

ecision supports for clinicians in managing patients with sep-

is. 

Continuous monitoring is essential for tracking disease pro-

ression and response to treatment. AI systems can analyze real-

ime data from various sources, such as vital signs and labo-

atory results, to provide timely updates on patient status. [9] 

arkers that are difficult for bedside clinicians to interpret, such

s heart rate variability, can be analyzed using computer algo-

ithms and integrated with other clinical and laboratory mea-

ures to better predict deterioration in patients with sepsis. [10] 

mplementation and Limitations 

Although AI models may perform well within a dataset, ex-

ernal validation and real-world implementation may yield de-

erring results. For example, the Epic Sepsis Model, a proprietary

odel integrated within the electronic health record developed

y Epis Systems (Verona, WI, USA), exhibited poor performance

n predicting sepsis when externally validated in a US cohort

tudy. [11] AI systems may also integrate biases, such as the un-

errepresentation of racialized demographic groups in training

atasets, which can perpetuate healthcare inequities when im-

lemented. [12] Addressing biases in AI models requires system-

tic inclusive data collection and consideration of intersectional-

ty during model development and evaluation. Techniques such

s disparate impact analysis, counterfactual fairness, and fair-

ess through awareness are essential for identifying and mitigat-

ng biases, complemented by continuous evaluation, transparent

ommunication, and adherence to regulations and policies to en-

ure equity and fairness in AI-generated outputs. [13] Diligent ex-

ernal validation and simulation in real-world environments are

teps in ensuring models perform well when implemented. Ul-

imately, these efforts are crucial to ensure AI systems enhance

ather than hinder clinical care when implemented. 

he Future of Critical Care and Sepsis Management 

As we envision the future of critical care and sepsis man-

gement, more emphasis will be placed on targeted therapies

hat can be tailored to the patient. [14] Recent advances have

dentified subgroups of patients with specific sepsis phenotypes

hat may benefit from tailored treatment beyond conventional

reatments. [15] Advancements in precision medicine will require

eep learning techniques to realize the potential of these data.

n a world of increasingly personalized medicine, sepsis may

e understood at a level of complexity that is beyond human

nterpretation. Treatments may be selected based on unique ge-

etic markers, inflammatory signals, and microbial data. This

pproach, powered by an AI-centric infrastructure, has the po-

ential to transform critical care and sepsis management, leading

o more precise, effective, and personalized treatment strategies.

onclusion 

The application of AI in sepsis management has the potential

o revolutionize care for this complex condition. From early de-

ection and diagnosis to risk stratification, treatment optimiza-

ion, and outcome prediction, AI can offer considerable advan-

ages over traditional methods. However, it is crucial to address
135
imitations in validation and potential biases to ensure equitable

nd effective implementation. With ongoing research and tech-

ological advancements, AI is poised to significantly impact sep-

is management. 

eclaration of Generative AI and AI-Assisted Technologies 

n the Writing Process [16] 

In the development of this article, we used AI tools for article

rafting. 

The AI-produced content from structured and increasingly

ailored input data underwent significant revisions by the au-

hor (Jamie Ghossein, Brett N. Hryciw) to ensure accuracy and

eliability. We maintained constant human oversight through-

ut the process, including editing, revising, and validating the

I-generated content (Jamie Ghossein). 

Generative Pre-Training Transformer (GPT)-4, a Large Lan-

uage Model developed by OpenAI, was used through ChatGPT.

his software has the primary function of generating human-like

ext based on input prompts, demonstrating an ability to under-

tand and produce contextually relevant content. 

We acknowledge potential ethical concerns using AI-

enerated content to generate recommendations regarding AI

nvolvement in medical writing and therefore took care to re-

valuate and edit the output created. 

We acknowledge potential inaccuracies or misinterpretations

hat may arise from AI-generated content and therefore took

are to verify the output. 

No conflicts of interest were present in the use of the AI model

or this article. 
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