L))

Check for
u

ipdates
Review Article | Data Sciences Page 1 of 19

The role of artificial intelligence in sepsis in the Emergency
Department: a narrative review

Mui Teng Chua"**, Yuru Boon"**, Zi Yao Lee'?#, Jian Hao Jaryl Kok'?#, Clement Kee Woon Lim'?,
Nicole Mun Teng Cheung'’?, Lorraine Pei Xian Yong"’*, Win Sen Kuan'#

'Emergency Medicine Department, National University Hospital, National University Health System, Singapore, Singapore; “Department of
Surgery, Yong Loo Lin School of Medicine, National University of Singapore, Singapore, Singapore

Contributions: (I) Conception and design: MT Chua, WS Kuan; (II) Administrative support: MT Chua, WS Kuan; (IIT) Provision of study materials
or patients: All authors; (IV) Collection and assembly of data: All authors; (V) Data analysis and interpretation: All authors; (VI) Manuscript writing:
All authors; (VII) Final approval of manuscript: All authors.

Correspondence to: Mui Teng Chua, MBBS (Singapore), MMed (EM) (Singapore), MPH. Emergency Medicine Department, National University
Hospital, National University Health System, 9 Lower Kent Ridge Road, Level 4, Singapore 119085, Singapore; Department of Surgery, Yong Loo

Lin School of Medicine, National University of Singapore, Singapore, Singapore. Email: mui_teng_chua@nubhs.edu.sg.

Background and Objective: Early recognition and treatment of sepsis in the emergency department (ED)
is important. Traditional predictive analytics and clinical decision rules lack accuracy in identifying patients
with sepsis. Artificial intelligence (Al) is increasingly prevalent in healthcare and offers application potential
in the care of patients with sepsis. This review examines the evidence of Al in diagnosing, managing and
prognosticating sepsis in the ED.

Methods: We performed literature search in PubMed, Embase, Google Scholar and Scopus databases for
studies published between 1 January 2010 and 30 June 2024 that evaluated the use of Al in adult patients with
sepsis in ED, using the following search terms: (“artificial intelligence” OR “machine learning” OR “neural
networks, computer” OR “deep learning” OR “natural language processing”), AND (“sepsis” OR “septic
shock”, AND “emergency services” OR “emergency department”). Independent searches were conducted in
duplicate with discrepancies adjudicated by a third member.

Key Content and Findings: Incorporating multiple variables such as vital signs, free text input,
laboratory tests and electrocardiogram was possible with Al compared to traditional models leading to
improvement in diagnostic performance. Machine learning (ML) models outperformed traditional scoring
tools in both diagnosis and prognosis of sepsis. ML models were able to analyze trends over time and showed
utility in predicting mortality, severe sepsis and septic shock. Additionally, real-time ML-assisted alert
systems are effective in improving time-to-antibiotic administration and ML algorithms can differentiate
sepsis patients into distinct phenotypes to tailor management (especially fluid therapy and critical care
interventions), potentially improving outcomes. Existing Al tools for sepsis currently lack generalizability
and user acceptance. This is risk of automation bias with loss of clinicians’ skills if over-reliance develops.
Conclusions: Overall, AT holds great promise in revolutionizing management of patients with sepsis in the
ED as a clinical support tool. However, its application is currently still constrained by inherent limitations.
Balanced integration of Al technology with clinician input is essential to harness its full potential and ensure

optimal patient outcomes.
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Introduction

Sepsis is a life-threatening condition caused by dysregulated
host response to infection leading to acute organ dysfunction
(1,2). In 2017, this condition led to 11 million deaths,
which is almost 20% of all global mortality annually (3).
In the emergency department (ED), about one-fifth of
adult visits occur due to serious infections with risk of
progression to sepsis with organ failure (4), representing a
significant burden of care. Given its high prevalence, the
early recognition and prompt treatment of sepsis in the ED
is important to improve patient outcomes (5,6). However,
the diagnosis, prognostication and management of patients
with sepsis remains a challenge in the ED due to the
heterogeneity of clinical symptoms and limited definitive
and rapid diagnostic tests available (7).

Traditionally, predictive analytics in emergency care
has relied on clinical decision rules, such as heuristics and
scoring systems, to guide the decision-making process.
These models typically utilize a limited set of clinically
relevant variables and straightforward calculations (8).
Studies have reported that early warning scores do not
possess high performance in predicting sepsis mortality
in the ED (9) and poorly predicts in-hospital mortality in
high-risk patients with infections (10,11). As the population

Table 1 Summary of machine learning models

ages and comorbidities increase, EDs are likely to
experience an increasing number of patients presenting with
early symptoms and signs of sepsis. More reliable, rapid and
affordable methods are needed to identify, risk-stratify and
manage septic patients in the ED.

Artificial intelligence (AI) in bealthcare

AT has become increasingly prevalent in healthcare, offering
valuable decision-making support across various domains,
including outcome prediction and disease diagnosis. Al
enables machines to imitate human cognitive functions such
as problem-solving and learning. Machine learning (ML) is a
branch of Al focused on leveraging data to develop computer
systems that are able to learn and improve from experience
without being explicitly programmed (12). Statistical
methods and algorithms play a role in recognizing patterns
and discerning relationships from data to construct models
capable of making informed predictions or decisions (13).
Various types of ML have been proposed (14), including
random forest (RF), gradient tree boosting (such as Extreme
Gradient Boosting) and deep learning or deep neural
networks (DNNs) (13,15-19) (Table 1). Al models offer

advantages because they can be designed to harness ever-

Machine learning (ML) models Description

Decision trees

A supervised learning algorithm structured like a flowchart that can be used for both classification

and regression tasks to predict the target variable of future instances based on a set of decision

rules (13)

Deep learning or deep neural
network (DNN)

A subfield of ML that employs Artificial Neural Networks with multiple processing layers. Several
input neurons, which are information from the initial dataset, feed into hidden layers before passing

to an output final layer (15,16). It has gained popularity in healthcare due to its success on a variety
of complex classification tasks (17)

Random forest

An ensemble learning method used for classification, regression and feature selection. It builds and

aggregates predictions from multiple decision trees to improve accuracy and is useful when large
number of variables must be considered (18)

Gradient tree boosting

An ensemble ML technique that combines a set of weak models, to increase reliability by minimizing

the biases and variances produced by the model itself (19). Extreme Gradient Boosting (XGBoost)
is a powerful ML algorithm that has high speed, able to train on large datasets and improves model

generalization

© AME Publishing Company.
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growing amounts of data found in the electronic health
records (EHRs) (20), improve from experience to develop
more accurate predictions, has the ability to consider large
number of variables and can combine weak models to
increase reliability by reducing biases and variances (18,19).
Despite the exciting potential of Al in clinical applications,
there are significant barriers to safe implementation
including potential bias in datasets, the proprietorship of
systems and regulation (13). This review aims to examine
the latest applications of Al in diagnosing, managing,
and prognosticating sepsis in the ED, spanning from the
development of novel ML models for early sepsis diagnosis
to real-time ML-assisted sepsis alerts (MLASAs) to
expedite triage-to-antibiotic time, and the use of predictive
ML models for sepsis prognostication. We present this
article in accordance with the Narrative Review reporting
checklist (available at https://atm.amegroups.com/article/
view/10.21037/atm-24-150/rc).

Methods

We performed a literature search of published studies on
the use of Al in the diagnosis, management and prognosis
of sepsis in the ED in PubMed, Embase, Google Scholar
and Scopus databases using the following search terms:
(“artificial intelligence” OR “machine learning” OR “neural
networks, computer” OR “deep learning” OR “natural
language processing”), AND (“sepsis” OR “septic shock”,
AND “emergency services” OR “emergency department”).
Study team members conducted independent searches
of articles and any discrepancy between two members
was resolved by a third independent co-investigator. Our
inclusion criteria were studies that evaluated the use of
Al in the diagnosis, management, and prognosis of sepsis
among adult patients aged 18 years and above, in the EDs
of hospitals. All English language and peer-reviewed articles
that were published from 1 January 2010 to 30 June 2024
were eligible for inclusion. The inclusion period from
January 2010 was selected due to increased availability and
advancement in ML in 2010s (21). In addition, references
of narrative reviews, scoping reviews, systematic reviews
and meta-analyses were searched to include the original
articles. Articles that were not published in English, studies
with statistical modelling involving only logistic regression,
studies that included animals, pediatric patients or
conducted in pre-hospital settings, conference proceedings,
editorials, letters to editors and abstracts were excluded.
The search strategy is summarized in Table 2.

© AME Publishing Company.
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Discussion
Early detection of sepsis

Early and accurate sepsis detection is challenging due to
the complex pathophysiology and heterogeneity of the
host response to infection (22). Clinicians differ in their
knowledge and application of sepsis definitions (23), with
under-recognition among patients with vague symptoms
and delays in initiating the sepsis care plans (24,25).
One of the main difficulties is that there is no universal
gold standard for the diagnosis of sepsis, with changing
definitions over time (Table 3) (1,26,27).

The use of quick Sequential Organ Failure Assessment
(qSOFA) score as a quick bedside assessment tool outside of
the intensive care unit (ICU) to predict mortality in sepsis
has poor sensitivity (28,29). Other available tools such as
the Modified Early Warning Score (MEWS) and Acute
Physiology and Chronic Health Evaluation (APACHE)
II score are more appropriate for prognostic rather than
diagnostic purposes in the ED (30). Hence, there is a
dearth in sepsis diagnostic scores in the current state. Al-
based tools for sepsis have shown to be promising in the
ICU setting due to the availability of frequent physiologic
monitoring as well as plentiful laboratory and imaging data
sets but there are not as many studies on Al-based tools
involving ED patients (31).

The timing of sepsis diagnosis is crucial as early
identification and treatment lead to improvement in
outcomes (32). ML models can be trained to identify
patients with sepsis within one hour of ED arrival, using
data available such as mean arterial blood pressure,
temperature, age, heart rate and white blood cell count.
These models have a clinically acceptable sensitivity of close
to 70% and above, allowing clinicians to identify septic
patients early, with aim of translation to early treatment
within one hour of ED attendance (29,33).

Recently, ML models were shown to consistently
outperform traditional rule-based screening tools in detecting
risk of developing sepsis. A study by Kijpaisalratana ez al.
demonstrated that ML models for the diagnosis of sepsis
in the ED outperformed traditional tools like gSOFA [area
under the receiver operating characteristic curve (AUROC),
0.635], systemic inflammatory response syndrome (SIRS)
(AUROC, 0.814) and MEWS (AUROC, 0.688), with a high
discriminatory power for RF (AUROC, 0.931) (34), which
demonstrated reproducible results in the same center in a
cluster randomized control trial (AUROC, 0.93) (35). Other
studies similarly showed that ML models outperformed
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Table 2 The search strategy summary

Chua et al. Al in sepsis

ltems Specification

Date of search 1 July 2024
Databases and other sources searched

Search terms used

PubMed, Embase, Google Scholar, Scopus

(“Artificial intelligence” OR “machine learning” OR “neural networks, computer” OR

“deep learning” OR “natural language processing”), AND (“Sepsis” OR “septic shock”),
AND (“Emergency services” OR “emergency department”)

Timeframe

Inclusion and exclusion criteria Inclusion criteria

1 January 2010 to 30 June 2024

¢ Original peer-reviewed research—retrospective, prospective, cross-sectional,
case-control and randomized controlled trials

e Study setting in emergency departments

e English language papers

e Focused on use of artificial intelligence on diagnosis, management and prognosis of sepsis

Exclusion criteria

e Studies involving animals, pediatric population less than 18 years of age, conducted in
pre-hospital settings, only logistic regression used for statistical modelling

e Editorials, letters to editors, abstracts, conference proceedings

¢ Non-English language papers

Selection process

Two independent study team members searched the databases, and any discrepancy was

resolved by a third team member

Additional considerations

Narrative reviews, scoping reviews, systematic reviews and meta-analyses searched for

their primary references, and primary studies included if fulfil inclusion criteria

Table 3 Definitions of sepsis

Sepsis severity Sepsis-3 definition [2016] (1)

Traditional definition [1992] (2)

Sepsis
baseline

Severe sepsis Not a category

Septic shock

Suspicious/known infection and rise in SOFA score =2 from

Sepsis and vasopressors required to maintain MAP >65 mmHg
and lactate >2 mmol/L despite adequate fluid resuscitation

Suspicious/known infection and =2 of 4 SIRS
criteria

Sepsis and organ dysfunction, hypoperfusion or
hypotension

Sepsis and hypotension despite adequate fluid
resuscitation

MAP, mean arterial pressure; SIRS, systemic inflammatory response syndrome; SOFA, sequential organ failure assessment.

various risk-stratifying scores such as SIRS, gSOFA, SOFA,
MEWS and National Early Warning Score (NEWS) (Tible 4)
(22,26,29,34,35,37-39). McCoy er al. utilized ML to assist
in sepsis prediction in a single center quality improvement
initiative. Prior to implementation, the center was utilizing
SIRS criteria as an indication for initiation of a sepsis bundle.
Post-implementation, there was a reduction in sepsis-related
in-hospital mortality by 60.24%, with reduction in length

© AME Publishing Company.

of stay by 9.55% and sepsis-related 30-day readmission rate
reduction by 50.14% (38).

Different combinations of variables have been
incorporated into ML models to diagnose sepsis. The most
common variables include vital signs (e.g., temperature,
blood pressure, respiratory rate, heart rate), demographic
data (e.g., age and gender), and laboratory markers (e.g.,
full blood count, C-reactive protein, procalcitonin, lactate).
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Vital signs are easily available physiological clinical data
that can be collected early during the patient’s initial
presentation at triage. These studies generated modest to
excellent discriminatory power (AUROCs from 0.67 to
0.92) and their findings are summarized in Table 4 (22,36,45).
Apart from vital signs, the patients’ chief complaints and
nursing assessment can be useful in the diagnosis of sepsis.
Horng et al. showed an improvement in the AUROC for
diagnosis of sepsis from suboptimal (0.67) to excellent
when chief complaint (0.83) or nursing free text (0.86) was
supplemented into the variables (45). Brann ez 4/. used a
natural language processing-based ML model to interpret
the triage nursing notes and combined this with clinical
variables such as patient’s demographics and vital signs
available at triage. Sepsis was detected in 76% of cases
where sepsis was not considered and in 97.6% of suspected
cases at triage (31). This may be helpful for patients with
vague symptoms where diagnostic suspicion is low, and
clinicians may fail to initiate timely testing (36).

Non-invasive bedside investigations such as electrocardiogram
(ECG) have been explored in Al studies for the diagnosis
of sepsis. Previous studies have shown that 50% of patients
with sepsis demonstrated signs of myocardial dysfunction
and their ECGs may show prolonged QRS duration with
decreased amplitude (46,47). On this basis, Kwon er al.
trained a convolutional neural network to detect sepsis
using single-, 6- and 12-lead ECGs, with all achieving
excellent discriminatory power (AUROC of 0.8 to 0.9) (44).

No single biomarker is considered diagnostic for
sepsis (48). Clinicians often use white blood cell count
and its differentials to indicate presence or absence of
infection. Incorporating blood counts into ML algorithms
with vital signs, discriminatory power of these algorithms
could further enhance accurate identification of sepsis
(40,49). However, some markers are still not readily
available in the clinical setting and may only be obtainable
under experimental conditions. For instance, Velly ez a/.
used a gradient tree boosting approach and found the
best combination in human leukocyte antigen DR isotype
(HLA-DR) on monocytes, myeloid-epithelial-reproductive
tyrosine kinase (MerTk) on neutrophils and plasma matrix
metaloproteinase-8 (MMP8) for the diagnosis of bacterial
infection (43). This would require further validation in
larger clinical cohorts.

Clinical decision support (CDS) in sepsis management

Sepsis poses a significant burden and challenge on the

© AME Publishing Company.
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healthcare system (23,50). Timely empirical antibiotic
administration, early adequate fluid resuscitation and
appropriate vasopressor use can lead to better clinical
outcomes (51). Protocolized sepsis bundles ensure
standardized and timely treatment, improving patient
outcomes (6,52,53); every one-hour delay in bundle
completion increases in-hospital mortality by 4% (53).
Although the benefit of expeditious appropriate treatment
is evident (54), a large proportion of clinicians still fail to
meet these time targets (55,56), resulting in suboptimal
sepsis care. The use of Al and its integration into the
EHR CDS tools have the potential to effect significant
benefit in the timely management of sepsis (57-59), but
widespread adoption would ultimately depend on effective
implementation and user acceptance (60).

A cluster-randomized trial by Kijpaisalratana et al
implemented a real-time MLASA system integrated into
the EHR that resulted in more patients receiving antibiotics
in a timely fashion (8.3% and 5.5% increase in those
receiving antibiotics in 1 and 3 hours, respectively) (35).
The ML algorithm in this study utilized triage vital signs,
age, gender, Emergency Severity Index (ESI) (61), mode
of arrival and chief complaints through an RF model to
generate a prediction probability of sepsis within minutes
of triage. Patients with a sepsis probability above the
diagnostic threshold were marked with a red banner.
Treatment decisions thereafter were left to the judgment
of the clinical teams. The earlier sepsis detection by ML
appears to prompt clinicians to consider antibiotics sooner.
Similar results in improvement of antibiotic timings were
replicated elsewhere (41), showing potential in eventually
modifying practice.

Previous research has recognized distinct subclasses and
clinical phenotypes of patients in sepsis, linking them to
different clinical outcomes and treatment effects (62,63).
Specifically, 4 clinical phenotypes were not distinguished
by severity of illness or site of infection alone (63). Briefly,
the phenotypes were designated o, B, v, and 3—a phenotype
had patients with the lowest administration of a vasopressor
due to fewer abnormal laboratory values and less organ
dysfunction; B phenotype patients were older and had more
chronic illness and renal dysfunction; y phenotype patients
had more inflammation and pulmonary dysfunction; and &
phenotype patients had more liver dysfunction and septic
shock (63). Classification of each patient could enable
precision medicine, tailoring individualized treatment
strategies in fluid, vasopressor, corticosteroid and antibiotic
use to improve patient care. ML algorithms can assist in
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this. Boussina ez /. input commonly used clinical variables
from the EHR into a program trained for sepsis prediction.
Using spectral clustering on the representations from
this network (64), they were able to identify 4 consistent
phenotypes of patients in sepsis. They found that the
administration of fluids over 30 mL/kg was associated with
poorer outcomes in particular patient phenotypes (64). This
is particularly valuable in guiding fluid replacement therapy
among heterogenous septic ED patients.

Apart from fluid therapy, the pillars of sepsis management
commonly include many other interventions. Chang ez al.
created an extreme gradient boosting prediction model
utilizing information immediately available on patient
arrival in the ED (age, gender, triage vital signs, triage acuity
score, mode of arrival, and mental status) to predict the
need for six early critical care interventions, namely arterial
line insertion, oxygen therapy, high flow nasal cannula use,
intubation, massive transfusion and inotropes or vasopressor
administration, all with excellent discriminatory power (65).
They integrated the prediction model into the EHR system,
with pop-up alerts to clinical teams to recommend critical
interventions, guiding physician treatment decisions in the
early stages of management.

Diagnosing severity of sepsis

Prognostic tools in sepsis, such as SIRS, Sequential Organ
Failure Assessment (SOFA) and NEWS may help determine
the mortality risk of a septic patient in the ED, assist in
decisions regarding ICU admission and predict the length
of hospital stay (66-69). However, each comes with their
own set of advantages and limitations. The qSOFA score
simplifies the assessment by relying on just three bedside
clinical criteria-altered mental status, systolic blood pressure
no more than 100 mmHg, and a respiratory rate more than
21 breaths per minute. A qSOFA score of 2 or more was
associated with a higher probability of mortality (1). While
most studies reveal a better performance of qSOFA over
SIRS in terms of specificity (70,71), its sensitivity has been
shown to be relatively lower (72).

The NEWS is widely used by the National Health
Service in the UK. It assigns a score to patients based on
physiological parameters such as respiratory rate, oxygen
saturations, temperature, systolic blood pressure, pulse rate
and level of consciousness (73). The improved NEWS2
aims to provide a better prediction of deterioration in
patients with hypercapnic respiratory failure and has been
praised in some studies for its accuracy in predicting early
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mortality (74,75). However, unlike the other prognostic
tools, its utility in all patient subgroups is often debatable
(76-78).

While these traditional tools rely on static snapshots
of patient data, Al models can analyze trends over time,
identifying subtle patterns that may indicate the onset or
progression of sepsis. A review by Islam et 4/. evaluated ML
models for early sepsis prediction using EHRs, showing
that the use of continuous patient data like vital signs and
trending of laboratory data improved the accuracy of sepsis
predictions as compared to traditional static models (79).
By harnessing the strengths of ML and deep learning in
processing large datasets including serial longitudinal data
inputs to learn and predict complex patterns, more precise
prognostic tools can be developed. Studies evaluating the
use of Al in sepsis prognostication are summarized in Table 5.

Predicting outcomes of sepsis

Approximately 12% to 22% of patients with sepsis progress
to septic shock within 72 hours of hospital admission,
which is associated with worse outcomes including higher
mortality rates (99,100). ML models have shown a high
prediction rate for latent shock using vital signs trend in the
ED (80) and even at the point of triage using a combination
of chief complaint and physiological parameters, outperform
qSOFA and early warning scores in predicting septic shock
(81,82).

In an observational cohort study done by Wardi ez al. (83),
the Artificial Intelligence Sepsis Expert algorithm was
developed using an ML algorithm trained on 40 most
measured input variables from EHRs. This algorithm was
able to predict the development of delayed septic shock
during its derivation phase and its validation study at a
different site showed an improvement in the AUROC from
0.778 to 0.85 after applying transfer learning techniques.
This highlights the benefits of using ML algorithms as
transfer learning can be used to improve portability and
accuracy in various population groups. Al tools like deep
learning models have also shown ability in predicting septic
shock by capturing subtle changes on ECG (44), again
highlighting its ability to extract and develop a predictive
algorithm based on various types of data.

Despite advances in medical care, mortality rates
from sepsis range between 25% and 30% (101). Many
studies have shown the ability of ML models in predicting
mortality among septic patients in clinical settings. For
example, Karlsson er 2/. found that ML utilizing the
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Balanced Random Forest classifier was able to predict
7-day and 30-day mortality with an AUROC of 0.83 and
0.80, respectively using clinical variables available on
presentation to the ED (84). Another study by Rodriguez
et.al. utilized multiple supervised ML techniques such as
RE, ANN and SVM models to predict in-hospital mortality
found both SVM and ANN provided the best results, with
an AUROC of 0.69 (85). Similarly, Cheng et 4l., with the
use of vital signs data, utilized and compared three different
ML methods, all of which were able to predict in-hospital
mortality in septic patients, with an accuracy ranging from
0.817 to 0.905 at a lead time of 6 hours, and an accuracy of
0.759 to 0.828 at a lead time of 48 hours (86).

Traditional scoring tools such as qSOFA and SOFA
have been found to poorly predict in-hospital mortality in
the setting of sepsis (11,102) and were outperformed by
Al tools and ML models (7able 5). Al tools showed good
predictive performance for mortality in ED septic patients,
achieving an AUROC of 0.863 compared to previously
published SOFA, qSOFA and APACHE II scores (AUROCs
0.712, 0.706 and 0.664, respectively) (87). Other studies
were able to successfully predict mortality in both the short
term (e.g., 3 days) and longer term (28 to 31 days), and
have outperformed physicians’ clinical judgment (88) as
well as clinical risk scores [e.g., SOFA, SIRS, Mortality in
Emergency Department Sepsis (MEDS)] (Table 5) (89-95).

ML-based prediction models for mortality were explored
in subgroups with specific medical conditions. Models
utilizing prospectively collected data inclusive of patient
demographics, vital signs, clinical findings, laboratory
investigations and medications were able to predict
mortality better than traditional SOFA scores among
patients with necrotizing soft-tissue infections and patients
with stage 4 cancer (96,97). Apart from clinical data, Al
models utilizing heart rate variability based ML have shown
superiority in comparison to NEWS and MEWS in the
prediction of 30-day in-hospital mortality (98). In addition,
learning algorithms have shown utility in predicting other
sepsis related outcomes like hospital length of stay, ICU
admission and re-admission rates (42,103).

ML techniques have also been used on existing statistical
models to improve their accuracy. A study by Zhao et al.
demonstrated that utilizing a gradient boosting machine
model together with their constructed nomogram to predict
28-day mortality in septic patients admitted to the ED
helped to improve the AUROC from 0.826 to 0.867 (104).
When compared to logistic regression, neural networks
outperformed logistic regression in predicting 28-day

© AME Publishing Company.
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mortality among ED patients with sepsis, with AUROCs
of 0.878 and 0.752, respectively (105). This highlights the
potential of Al methods both as a standalone tool and as a
valuable complement to traditional models to refine risk
stratification which can lead to more targeted interventions.

Current limitations and future directions

Although AI has made significant strides in advancing
healthcare in recent years and offers great promise, several
limitations need to be considered as we embrace and
integrate Al as a support tool. Much has been published
about the general limitations of Al in healthcare (106,107)
and many of these issues are also pertinent to the ED
population.

From a technical perspective, the use of Al in diagnosis
of sepsis has several challenges about its test characteristics
and derivation. With a focus on high sensitivity for
detecting sepsis, there is a risk for a high false positive rate
resulting in alarm fatigue in the end users coupled with
unnecessary testing (41,108). Additionally, because of the
specificity of the model to the training dataset, there is lack
of generalizability and external validity when applied to
other patient populations or EDs with differing operating
characteristics. Performance of ML models tend to decrease
when used in an external validation cohort that is different
from the derivation set, hence the need for recalibration
and re-validation (26). This limits the usefulness of the Al
tool outside of its original derivation and validation cohorts.
Even within the same operating environment that the
original Al tool was derived, disease patterns and prevalence
may have sudden shifts such as in pandemic viral illnesses
(108-110).

Not all studies have shown superiority of Al learning
models over other prediction models for sepsis. Wang
et al. utilized logistic regression to create a nomogram which
showed comparative predictive power to Al models utilizing
RF and stacking methods in predicting 30-day mortality in
patients with sepsis (111). This would suggest that traditional
analytic methods may still be advantageous in settings
where advanced computational resources are less readily
available (111). Additionally, in a single-center study by
Knack ez al., physician gestalt was found to outperform ML
learning models in identifying ED patients with sepsis (39).

Likewise, a study done by Kijpaisalratana ez /. showed
that despite the real-time MLASA system’s success in
expediting antibiotic administration, it did not significantly
affect the length of stay or 30-day mortality rates in sepsis
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patients (35). This highlights the complexity of sepsis
management and implies that while Al tools may be able to
successfully alert clinicians to sepsis and lead to faster initial
responses, whether their integration into clinical workflows
or decision-making processes have overall improvement in
patient outcomes is still unknown.

With widespread use of Al tools in diagnosis and
prompting management strategies, there is also a potential
for automation bias (112), loss of clinician skill and gestalt
in future generations if clinicians become over-reliant on
Al and default to Al suggestions without rigorous clinical
assessment and judgment (113). Conversely, there is also
uncertainty from significant sections of practicing clinicians
with regard to Al and lack of user acceptance (113,114).
Many clinicians are wary of the “black-box” nature of Al
prediction as the end-user does not understand how the
algorithm makes predictions (115). This may eventually lead
to poor uptake and utilization by unconvinced clinicians or
those who are less savvy with information technology (60).
A qualitative study was done by Sandhu et 4/. to investigate
the factors affecting the adoption of an ML sepsis early
warning system by frontline clinicians into regular clinical
practice (116). They found that a barrier to the integration
of ML models into clinical workflows was the clinicians’
unfamiliarity with such systems. This negatively influenced
their perceived accuracy of ML-based CDS tools, resulting
in a lack of trust in the system and hence, hesitancy in
adoption. Addressing such gaps in their knowledge and
creating follow-up feedback loops on patient encounters
to demonstrate the utility of the ML models could address
this barrier. Facilitators of adoption included ease-of-
use of the application and having a human intermediary
(dedicated nurses) to review and discuss the ML model
recommendations with the physicians.

Lee et al. described the implementation of a sepsis
monitoring platform that alerted ED physicians to
incomplete components of the sepsis bundle (117). They
sought to minimize alert fatigue while still maintaining
the clinical relevance of the alerts. More than one-third of
patients had at least one alert sent, supporting the clinical
need for such a system. However, of the missing sepsis
bundle components for which an alert was sent, only 38.2%
were successfully completed on time. Further studies
would need to be done on the integration of such systems
into clinical practice, and their impact on actual patient
outcomes. Moreover, the practice of medicine is as much an
art as a science with empathetic human physicians caring for
patients and recommending investigations and treatments

© AME Publishing Company.
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in their best interest. One of the pillars of evidence-based
healthcare in considering patients’ values and preferences
are usually not considered building Al models. It may be
challenging for patients to accept treatment suggestions by
ML algorithms without clinicians to ensure their safety and
to preserve their autonomy (118).

Additionally, since ML algorithms require learning
from large datasets, it may also potentiate underlying
misrepresentation bias from datasets that might have
precluded certain patient groups and ethnic minorities (119).
Algorithmic bias can also be present in ML, when higher
disease severity is attributed to lower socioeconomic classes
who may, in fact, be receiving less treatment due to costs
and healthcare accessibility issues (119). The datasets for
ML learning may also have unequal representation from
all countries, leading to under-representation of certain
nationalities and healthcare systems (120). On the other
hand, if ML algorithms can be trained purposefully, it has
the ability to help identify social disparities and patients at-
risk of under-treatment, allowing resources allocation and
social support (121,122).

From our review of the literature, many of the studies
looking at Al in sepsis are observational studies, of which
many are retrospective in nature. The use of retrospective
datasets for ML learning and testing would mean that
training sets have inherent information bias due to
erroneous diagnosis coding and may therefore affect
ML models’ performance. Most were focused on test
performance characteristics though there were some that
explored prognostication and investigated patient-centered
outcomes such as mortality or length of hospitalization.
Additionally, all but one of the studies evaluated AUROC,
which can remain high even when the model performs
poorly on the minority class, as in septic cases; the
calculation of precision-recall area-under-curve could have
better reflected the performance of ML models in such
imbalanced datasets (123). There is also a lack of high
quality prospective randomized controlled trials with only
two such studies (Kijpaisalratana and Tarabichi) (35,124)
in our review of the literature. As such, while the data is
promising and has shown improvements in areas such as
time to antibiotic administration or completion of sepsis
care bundles, there is still inconclusive evidence that this
translates to improved patient outcomes (35). A systematic
review or meta-analysis in this field may also add further
scientific information to the current body of knowledge but
the heterogeneity of studies at the current stage may limit
pooling of results.
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Finally, there are several other factors to consider before
any real-world implementation of Al technologies, especially
in medicine. Practical, ethical and regulatory issues such
as data sharing, privacy, transparency of algorithms, data
standardization, interoperability across multiple platforms,
and patient safety need to be addressed (125). Regional
variability and current lack of consensus may hinder the
adoption of any new Al technologies in the medical field (126).
Therefore, establishing validated frameworks and guidelines
that cover transparency, reproducibility, ethics, effectiveness,
and engagement will be required before application in the
clinical realm (127).

Conclusions

Al holds considerable potential in revolutionizing
management of septic patients in the ED. It offers great
promise as a clinical support tool and has shown significant
improvements in measured performance markers. However,
its application is currently still constrained by inherent
limitations. The complexity of sepsis diagnosis, risk of over-
reliance on Al, dynamic nature of sepsis, and ethical and legal
considerations underscore the indispensable role of human
expertise and clinical judgment in complementing Al-driven
approaches. Moving forward, a balanced integration of Al
technologies with clinician input and oversight is essential
to harness the full potential of Al while ensuring optimal
patient outcomes in sepsis management.
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