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Abstract

Background: Sepsis is a life-threatening condition where the body's reaction to infection leads to organ dysfunction. It is a
significant patient safety concern, requiring prompt diagnosis and treatment to prevent complications or death. For such
prevention, an AI-driven Decision Support System (DSS) may play a vital role in managing sepsis through early detection,
alerting clinicians to potential cases, and facilitating prompt interventions.

Objective: This paper reviews the existing AI-driven DSS applications in sepsis diagnosis and provides initial intervention and
suitable treatment recommendations. All original literature (qualitative and quantitative) was reviewed to understand the current
scope of DSS for sepsis management and to analyze existing methods used to evaluate and report the systems.

Methods: A literature review, guided by PRISMA 2020 and supported by bibliometric analysis, was conducted in June 2024.
The search utilized two electronic databases, SCOPUS and PubMed, and included articles focused on using DSS for diagnosing
and managing sepsis.

Results: The search strategy identified 3,470 articles, with 37 meeting the inclusion criteria. The publications spanned from 2010
to 2024, with 57% conducted in the United States. The studies primarily explored the use of AI-driven DSS for diagnosing sepsis
in adults and managing its progression. Various data types, such as electronic health records, expert-derived knowledge, and
clinical notes, were utilized to determine risk factors linked to sepsis.

Conclusions: Current research needs more evidence on the tangible impact of DSS in aiding healthcare providers with sepsis-
related decision-making. Additional studies are required to refine the design and implementation of clinical DSS, assess their
effects on clinical practices, identify barriers to adoption, and explore innovative strategies for advancing sepsis management.
Improving these systems' accuracy, reliability, and usability could enhance sepsis detection, optimize treatment decisions, and
ultimately save more lives in combating this deadly condition.
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Enhance Patient Safety through AI-driven Decision Support Systems for Sepsis Management:

A review and future research agenda

Abstract

Background:  Sepsis is a life-threatening condition where the body's reaction to infection leads to

organ dysfunction. It is a significant patient safety concern, requiring prompt diagnosis and treatment

to  prevent  complications  or  death.  For  such  prevention,  an  AI-driven  Decision  Support  System

(DSS)  may  play  a  vital  role  in  managing  sepsis  through  early  detection,  alerting  clinicians  to

potential cases, and facilitating prompt interventions. 

Objective:  This  paper  reviews  the  existing  AI-driven DSS applications  in  sepsis  diagnosis  and

provides  initial  intervention  and  suitable  treatment  recommendations.  All  original  literature

(qualitative  and  quantitative)  was  reviewed  to  understand  the  current  scope  of  DSS  for  sepsis

management and to analyze existing methods used to evaluate and report the systems.

Methods: A literature review, guided by PRISMA 2020 and supported by bibliometric analysis, was

conducted in June 2024. The search utilized two electronic databases, SCOPUS and PubMed, and

included articles focused on using DSS for diagnosing and managing sepsis.

Results:  The search strategy identified 3,470 articles, with 37 meeting the inclusion criteria. The

publications spanned from 2010 to 2024, with 57% conducted in the United States.  The studies

primarily  explored  the  use  of  AI-driven  DSS for  diagnosing  sepsis  in  adults  and  managing  its

progression. Various data types, such as electronic health records, expert-derived knowledge, and

clinical notes, were utilized to determine risk factors linked to sepsis.

Conclusions:  Current  research  needs  more  evidence  on  the  tangible  impact  of  DSS  in  aiding

healthcare providers with sepsis-related decision-making. Additional studies are required to refine

the design and implementation of clinical DSS, assess their  effects on clinical practices, identify

barriers to adoption, and explore innovative strategies for advancing sepsis management. Improving

these systems' accuracy, reliability, and usability could enhance sepsis detection, optimize treatment

decisions, and ultimately save more lives in combating this deadly condition.

Keywords: sepsis,  patient  safety,  artificial  intelligence,  machine  learning,  decision  support  tool,

decision support system
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1. Introduction

Sepsis is a critical patient condition where organ malfunction occurs due to an uncontrolled immune

response triggered by infection  [1,2]. The high number of deaths and illnesses caused by sepsis,

along with its significant impact on the economy, makes it a central issue of global public health [3].

Sepsis leads to major risks to patient safety and global health, prompting a heightened focus on

prevention, early diagnosis, and clinical management [4]. Approximately 48.9 million cases of sepsis

and  11.0  million  fatalities  associated  with  sepsis  were  documented  across  the  globe  in  2017,

accounting  for  roughly  20%  of  the  total  worldwide  deaths  [5].  Sepsis  also  holds  substantial

importance within the intensive care unit (ICU), impacting around 30% of patients  [6]. Sepsis can

arise  as  a  result  of  infections  acquired  from Healthcare-Associated  Infection  (HAI),  which  can

largely be avoided by implementing suitable measures for Infection Prevention and Control (IPC)

[7]. Significant findings indicate that implementing comprehensive IPC measures can remarkably

decrease hospital-acquired (HA) sepsis incidents, potentially preventing as much as 55% of all HAI

[8].

Sepsis management continues to be a significant challenge for healthcare systems worldwide.

Research conducted on hospital admissions in the United States revealed a yearly rise of 8.7% in the

occurrence of sepsis among patients receiving hospital care [9]. Moreover, sepsis is responsible for

over 50% of fatalities that occur within hospitals, and the likelihood of death rises significantly as the

severity of the condition worsens [10]. Specifically, the mortality rates are estimated at 10-20% for

sepsis,  20-40% for  severe  sepsis,  and  40-80% for  septic  shock  [11].  Moreover,  the  unintended

adverse effects  on patients resulting from state  interventions  have been recorded,  which include

unnecessary  antibiotics  administration  to  uninfected  patients  [12],  the  emergence  of  antibiotic

resistance [13], diversion of attention from other medical conditions and essential bedside tasks [14],

and exhaustion from following protocols and metrics [15].

Developing and implementing decision support systems (DSS) for sepsis management have

shown promise in improving early detection and treatment outcomes  [16]. These systems leverage

advanced algorithms and data  integration to  provide healthcare  providers  with timely alerts  and

actionable insights [17]. Integrating machine learning (ML) and artificial intelligence (AI) into these

systems is crucial, aiming to enhance accuracy and reduce false alarms. Earlier research showcased

the application of a  sepsis  bundle that  effectively identified sepsis  and provided instructions  for

initial treatment, reducing sepsis mortality  [18]. The sepsis bundle's components with specific care

delivery goals within the first hour of sepsis detection are associated with improved outcomes [19].

The widespread integration of digital healthcare support systems has become possible due to
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the  extensive  adoption  of  data-rich  electronic  health  records  in  healthcare  institutions  [20].

Specifically, integrating DSS within hospital systems holds the promise of aiding in the prompt and

precise identification of sepsis at an early stage. These systems can include built-in tools that warn

healthcare professionals about patients at risk of developing sepsis  [21][22], reducing the physical

and mental workload associated with manual patient monitoring [20].

However, challenges in real-world deployment persist, with issues such as user acceptance and

the complexity of human-AI collaboration. Studies also underscore the importance of user-centered

design in AI-based DSS, identifying barriers to implementation and emphasizing the need for tools

that align with the workflow of healthcare professionals [23]. 

2. Methodology

2.1. Systematic review

The methodology framework for this review followed the Preferred Reporting Items for a Systematic

Review and Meta-analysis  of Diagnostic Test Accuracy Studies (PRISMA-DTA) guidelines  [24],

shown in Figure 1.

2.1.1.Search strategy

Primary literature studies were reviewed through online article databases, emphasizing research in

medicine, computer science, and systems engineering. For this study, two bibliographic databases

were utilized:

• Scopus

• PubMed

The online search was conducted on June 17, 2024. Additionally, a manual review of reference lists

from all potentially eligible studies was performed to supplement the findings.

2.1.2.Keywords identification

The subsequent search terms were formulated by employing synonymous expressions and relevant

phrases related to the implementation of  AI-driven Decision Support Systems (DSS) in the early

detection of sepsis and its initial treatment, as seen in Table 1.

Table 1. Search terms for AI-driven DSS

Source Search terms
Scopus sepsis AND (decision support system OR DSS OR decision support tool OR DST OR decision support

framework OR DSF) AND artificial intelligence OR machine learning AND timely treatment AND
personalized medicine AND golden hour AND biomarker  AND (LIMIT-TO (DOCTYPE , "ar") OR
LIMIT-TO  (DOCTYPE  , "re")  OR  LIMIT-TO  (DOCTYPE  , "cp"))  AND  (LIMIT-TO
(LANGUAGE , "English"))
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PubMe
d

sepsis  AND  bundle  OR  golden  hour  AND  decision*  OR  dss  OR  cds  OR  cdss  AND  artificial
intelligence OR machine learning OR deep learning AND (LIMIT-TO (DOCTYPE , "ar") OR LIMIT-
TO  (DOCTYPE  , "re")  OR  LIMIT-TO  (DOCTYPE  , "cp"))  AND  (LIMIT-TO
(LANGUAGE , "English"))

2.1.3.Eligibility criteria

This  review includes  publications  meeting  the  following  criteria:  (1)  studies  involving  decision

support systems (DSS) for sepsis prediction and management; and (2) articles published in English.

Studies were excluded if they met any of the following conditions: (1) they were reviews, opinion

pieces,  editorials,  debate  papers,  dissertations,  or  abstracts;  (2)  they  used  pediatric,  neonatal,  or

maternal data; (3) they lacked explicit algorithms; (4) they were conference abstracts or did not have

full-text availability; or (5) they lacked clearly defined outcomes.

The exclusion criteria were designed to eliminate studies outside the review's scope, such as

those not focused on DSS for sepsis prediction and management. This review specifically targeted

sepsis in adult patients, leading to the exclusion of studies addressing pediatric, neonatal, or maternal

sepsis.

Figure 1. The flowchart in the literature review
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2.1.4.Selection method

The selection method is a critical step in systematic reviews, ensuring that only studies relevant to

the research objectives are included in the analysis. In the context provided, the selection method

was implemented as follows:

• Initial  Screening:  titles  and  abstracts  of  all  retrieved  publications  were  analyzed  using

predefined eligibility criteria. This step aimed to quickly identify studies likely to meet the

review’s focus, excluding those that did not, such as irrelevant topics, ineligible populations, or

non-research articles (e.g., reviews and opinion pieces).

• Full-Text Retrieval: for publications deemed potentially eligible after the initial screening, the

full text of each study was obtained. This ensured a more detailed evaluation of their content

against the eligibility criteria.

• Independent Review: the reviewer independently assessed each full text to minimize bias and

ensure consistency.

• Conflict Resolution: if  disagreements arose over the inclusion of a study, a discussion was

held, focusing on the full text to resolve differences. This collaborative step ensured that all

decisions were well-informed and justified.

Importance of the selection method to minimize bias by using predefined criteria and independent

reviewers, the selection process ensures objectivity and reduces personal or procedural biases. A

structured method ensures that all relevant studies are considered and irrelevant ones are excluded

systematically. The process can be documented step-by-step, clarifying how studies were chosen or

excluded, critical for reproducibility and accountability in systematic reviews.

2.1.5 Data extraction

A systematic process of gathering specific and relevant information from the selected articles to

ensure consistency and enable comprehensive analysis. In the context of the above passage, data

extraction involved identifying and recording the following details from each publication:

• Title: The article's name provides insight into the primary focus of the study.

• Authors: The researchers who conducted the study, allowing an evaluation of their expertise

and contribution to the field.

• Publication  Date:  The  year  the  study was  published is  vital  for  assessing  its  recency and

relevance.

• Country: The geographical context or origin of the study, which can help analyze regional

trends and perspectives in research.

• Objectives: The main goals or research questions the study aimed to address, clarifying its
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purpose.

• Datasets:  The data  sources  or  repositories  used in  the study,  crucial  for  understanding the

validity and generalizability of the results.

• Sample Size: The number of participants, records, or data points included in the study, which

affects its statistical power and reliability.

• DSS Approach: The specific methods, frameworks, or algorithms used for decision support

systems are central to evaluating the study’s innovation and applicability.

• Outcomes Reported: The key findings or results relevant to sepsis prediction and management

are essential for assessing the study's impact on the field.

This  structured  approach  to  data  extraction  ensures  that  all  necessary  information  is  captured

systematically, allowing for accurate comparisons and synthesis across studies. It also helps maintain

transparency and replicability in the review process.

2.2 Bibliometric review

Bibliometric review analysis is a study that evaluates research work published in scientific journals

by assessing specific measures. It assists in identifying the most popular and referenced authors or

institutions, the top relevant articles, and the frequently cited keywords within a specific study area.

Additionally, it enables the analysis of a publication’s influence and resonance among specialists and

proves the author’s popularity. When combined with other methodologies, bibliometrics could be a

prescient tool as it aids in identifying trends [25]. 

VOSviewer software was used to draw graphical bibliometric maps. This software focuses on

the visual display of bibliometric mapping, and its feature is notably beneficial for presenting large

bibliometric maps in an easy-to-understand format [26].

 

3. Results

The database search totaled 3,470 studies, from which 37 were selected for inclusion in this review

after thorough screening and evaluation. These studies were assessed according to criteria outlined

for DSS, aligned with sepsis guidelines and expert knowledge frameworks. The selected studies span

the publication period from 2010 to 2024. Figure 2 illustrates the study selection process using a

PRISMA diagram,  detailing  the  progression  from the  initial  search  to  the  final  set  of  analyzed

studies.
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Figure 2. PRISMA flow diagram

4. Analysis and findings

Upon removing 3,470 academic papers before the initial screening phase of our research process, we

identified 46 papers that appeared relevant to our investigation. However, 9 of these papers were

excluded from our analysis as they needed to adhere to the inclusion criteria that we had set. The

rationale behind the exclusion was their insufficient emphasis on the application of DSS, as they

failed to provide any valuable insights that could facilitate appropriate intervention and treatment

strategies.  Furthermore,  any studies  concerning DSS,  specifically  within  pediatric,  neonatal,  and

maternal  populations,  were  excluded  from  our  review,  as  the  central  focus  of  this  paper  was

explicitly directed toward adult cases and their unique circumstances. In conclusion, we were left

with 37 papers that met all the necessary criteria and were thus included in the final study. The

comprehensive analysis of these selected papers will contribute significantly to understanding DSS

applications in adult populations, particularly in healthcare intervention and treatment options.

4.1. Decision Support Systems

https://preprints.jmir.org/preprint/74093 [unpublished, non-peer-reviewed preprint]
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4.1.1. Publication output and growth trend

The number of published articles is an essential indicator of a scientific study discipline’ or subject’s

development trend. The studies covered in the study spanned the years 2010 to 2023, as shown in

Figure 3, with 2 from 2010, 1 from 2014, 2 from 2015, 3 from 2016, 3 from 2017, 5 from 2019, 5

from 2020, 6 from 2021, 3 from 2022, 4 from 2023, and 3 from 2024. Those studies came from

various countries around the globe, with 21 from the United States, 3 from Canada, 3 from China, 1

from Germany, 2 from Italy, 1 from the Netherlands, 1 from South Korea, 1 from Sweden, 1 from

Switzerland, and 1 from Thailand, as shown in Figure 4.

Figure 3. Count of scholarly articles and the cumulative total of articles published annually
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Figure 4. Number of publications per country

4.1.2. Keywords and Citation Analysis

An in-depth examination of the specific keywords employed within the scholarly articles discussing

DSS  to  predict  sepsis  will  likely  uncover  significant  themes  and  evolving  research  trajectories

currently shaping this  particular  domain of study. The analytical  process of these keywords was

meticulously  conducted  and  subsequently  visualized  utilizing  VOSviewer,  which  is  explicitly

illustrated in Figure 5. This figure effectively portrays how the keywords associated with the articles

on sepsis prediction tend to cluster cohesively while concurrently providing a visual representation

of the diverse Decision Support Systems that are being utilized to ascertain the presence of sepsis, to

implement  initial  interventions  and  management  strategies,  as  well  as  to  adhere  to  established

clinical practice guidelines.

Moreover,  Table 1 presents a comprehensive citation analysis that elucidates the frequency

with which the sepsis Decision Support System framework has been referenced in various other

scholarly publications  while identifying the most  prominent  publisher  and author who has made

significant contributions to this field of research.
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Figure 5. Keywords analysis of publications
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Table 2. The list of most cited publications in the study

Article Year  of
publication

Country Affiliation Publisher Number  of
Citations

[27] 2017 USA -University of California San Francisco
-University of California Berkeley
-Dascena

BMJ Open Respiratory Research 330

[28] 2017 USA -Harvard Medical School
-Massachusetts Institute of Technology
-Google
-New York University

PLoS ONE 294

[29] 2016 USA -Dascena
-University of California San Francisco

Computers in Biology and Medicine 262

[30] 2014 USA University of California Journal  of  the  American  Medical  Informatics
Association

218

[31] 2022 USA -Johns Hopkins University
-Johns Hopkins Hospital
-University of California
-Howard County General Hospital

Nature 145

11
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4.1.3. Sepsis diagnosis criteria and risk factors

The criteria for diagnosing sepsis have evolved over time, and several scoring systems have been

developed to aid clinicians in assessment and early intervention. Key criteria include the SIRS

(Systemic Inflammatory Response Syndrome)  [32],  MEWS (Modified Early Warning Score)

[33],  SOFA (Sequential  Organ  Failure  Assessment)  [34],  and  qSOFA (quick  SOFA)  [35].

Although widely used, the SIRS criteria have limitations in specificity and can occur in various

hospitalized patients beyond those with sepsis  [36]. Therefore, a comprehensive approach that

considers a combination of clinical indicators, inflammatory markers, and organ dysfunction is

crucial  for  an  accurate  diagnosis  of  sepsis.  The  Sepsis-3  criteria,  introduced  by  the  Sepsis

Definition Task Force in 2016, emphasize the importance of assessing the severity of illness

through  criteria  like  an  acute  change  in  the  total  SOFA score  of  ≥  2  points  consequent  to

infection [1]. This change in the SOFA score is indicative of organ dysfunction, a key feature in

sepsis  diagnosis  [37].  Additionally,  the  qSOFA score,  which  includes  altered  mental  status,

respiratory rate, and systolic blood pressure, has been introduced to help diagnose sepsis  [38].

The study showed that MEWS had the highest overall accuracy, outperforming qSOFA and SIRS

[39].

Several  risk  factors  contribute  to  developing  sepsis,  including  demographic  factors,

underlying health conditions, and organ dysfunction, as summarized in Table 3. Figure 6 plots

diagnosing criteria and risk factors that affect sepsis development to better analyze the existing

studies included in this paper.  Understanding these interrelated factors is  vital  for healthcare

providers to recognize potential sepsis cases and initiate prompt treatment for at-risk individuals.

Table 3. Identified risk factors for sepsis according to studies included in the review

Risk factor Description Studies in the review
Demographic Certain  demographic  characteristics  help  identify

populations  that  may  be  more  vulnerable  to
developing this serious illness, such as older age [40]
and male gender [41].

[27][28][29][31][33][42][43][44][45]
[46][47][48][49][50][51][52][53]

Comorbidity Comorbidity  refers  to the presence of  one or more
additional diseases or disorders that occur alongside a
primary disease or condition in the same individual
[54].

[43][44][43][44][45][58][59][60][61]

Organ
dysfunction

Organ dysfunction is a significant risk factor for the
development of sepsis, as it impairs the body’s ability
to respond effectively to infections [62].

[59][63][64][65][66][67][68]

12
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Figure 6. Criteria and risk factors for sepsis diagnosis for studies included in the review

Sepsis remains a critical health issue with profound implications for patient outcomes, including

mortality rates, length of hospital stays, and the potential for readmission. Despite significant

advancements in medical management and the implementation of sepsis  protocols,  achieving

timely intervention remains a key challenge, and mortality continues to be a pressing concern.

The length of hospital stay for patients diagnosed with sepsis is another critical outcome that has

significant  healthcare implications.  This  prolonged hospitalization not  only strains healthcare

resources  but  also increases the risk of  hospital-acquired infections  and other  complications,

which can further complicate recovery. The burden of prolonged hospitalization highlights the

importance of effective sepsis interventions to reduce the duration of care and improve overall

patient outcomes. Moreover, readmission rates following a sepsis episode indicate a need for

enhanced  post-discharge  strategies  and  follow-up care.  These  high  readmission  rates  impact

patient quality of life and increase healthcare costs and resource utilization. 

13
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4.1.4. Data extraction

The  subsequent  Tables  5  through  9  meticulously  described  and  analyzed  data  from various

studies about DSS, which specifically focus on the implications, efficacy, and contributions of

such systems in the context of sepsis research. Encompassing the diverse algorithms employed

within  these  DSS frameworks,  the  specific  types  of  input  data  that  have  been  utilized,  the

particular settings and criteria, as well  as the outcomes achieved and the initial  management

strategies employed in sepsis studies. Collectively, these tables serve as a thorough overview that

includes empirical results, methodological approaches, data input specifications, environmental

contexts, and strategic management interventions that are essential for understanding the full

impact of DSS on sepsis studies. In doing so, they provide invaluable insights that are crucial for

researchers,  clinicians,  and stakeholders  who are  engaged in the  ongoing efforts  to  enhance

patient outcomes in the face of this challenging medical condition.

14
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Table 4. Characteristics of sepsis studies based on literature

Study Year Publication Country Study type Main objectives

[45] 2023 Journal Australia Retrospective Compare  clinician  documentation  against  a  formal  sepsis  pathway  and  assess
appropriateness of initial antibiotic prescription in the ED.

[17] 2022 Journal United
States

Retrospective Compare sepsis care protocols before and after the introduction of a sepsis monitoring
system integrated with DSS.

[68] 2021 Journal South
Korea

Prospective Develop a qSOFA-based clinical DSS to facilitate quicker sepsis detection and treatment.

[33] 2020 Journal United
States

Prospective Assess the clinical and financial impact of mEWS-based clinical DSS.

[69] 2020 Journal United
States

Retrospective Develop clinical DSS to predict sepsis using tree augmented naïve Bayesian network.

[47] 2019 Journal United
States

Prospective Determine whether EHR-based clinical DSS improves the treatment and patient outcomes
with severe sepsis.

[65] 2019 Journal Australia Retrospective Evaluate sepsis alert rule to assess the performance of DSS in detecting sepsis and patient
deterioration.

[28] 2017 Journal United
States

Retrospective Demonstrate the benefit of using free text data in addition to vital sign and demographic
data to identify patients with suspected sepsis.

[46] 2017 Journal United
States

Prospective Create a system using a triad of change management, electronic surveillance, decision
support to the point of care using a mobile application.

[70] 2016 Journal United
States

Retrospective Accelerate diagnostic and therapeutic interventions to avert  serious complications like
organ failure.

[71] 2016 Journal United
States

Prospective Evaluate DSS impact  and identify indicators  that  may influence outcomes for  quality
improvement.

[63] 2015 Journal United
States

Retrospective Develop  data-driven-based  DSS  framework  to  suggest  favorable  actions,  predict
mortality, and LOS.

[64] 2015 Journal United
States

Prospective Examine the diagnostic accuracy of a two-stage clinical decision support system for early
recognition and stratification of patients with sepsis.

[30] 2014 Journal United
States

Prospective Develop a DSS to identify patients at high risk for hyperlactatemia based upon routinely
measured vital signs and laboratory studies.

[51] 2010 Journal Germany Prospective Investigate the influence of DSS on infection management of severe sepsis and septic
shock.

[53] 2010 Journal United
States

Prospective DSS to support management of surgical sepsis to improve abdominal sepsis mortality.

The following Tables 5, 6, 7, 8, and 9 present the extracted data from DSS-related studies, including the result and contribution of DSS
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on sepsis studies, algorithms used in the DSS of sepsis studies, input data used in the DSS of sepsis studies, setting and criteria used in

the  DSS of sepsis studies,  outcomes and initial management used in the  DSS of sepsis studies.  Together,  these tables provide a

comprehensive overview of  the multifaceted landscape of  DSS within sepsis  studies,  encompassing results,  methodologies,  data

inputs, contextual settings, and management strategies.

Table 5. Result and contribution of DSS on sepsis studies

Study Time span
Sample
characteristics

Results Contribution

[45]
23  Feb  –  9
May 2018

219 patients
The  use  of  a  formal  sepsis  pathway  improves  the
screening  and  early  diagnosis  of  sepsis  for  antibiotic
prescribing guidance in the ED.

Antibiotic  prescription  decision  support  tools  to
minimize delays in a busy clinical environment.

[17]
9  April
2011  –  5
Jan 2018

1.950 patients
The performance of sepsis alert:
Sensitivity  79.9%,  specificity  80%,  PPV 27.9%,  NPV
97.2%.

Higher  rates  of  bundle  completion,  fluid  bolus,
antibiotic  administration  in  the  post-intervention
period.

[68]
1 July – 31
Dec 2016

306 patients
-Prediction accuracy is 86.6%.
-Bundle compliance rate in ED was higher (57.4%) after
implementation of DSS.

Age and body temperature were associated with bundle
compliance.

[33]

1 Nov 2014
–  31  Oct
2015  &  1
March 2016
–  28  Feb
2017

3.664 patients
The  intervention  was  associated  with  a  decrease  in
direct cost by 23% and hospital LOS by 0.63 days. No
significant change in mortality.

-Display real-time MEWS scores  in the EHR patient
dashboard.
-Send  alerts  to  taskforce  when  a  patient’s  MEWS
reached a threshold of 5.

[69] - 16.909 patients
AUROC is  0.84,  outperformed the existing diagnostic
criteria like SIRS (0.59), qSOFA (0.65), MEWS (0.75),
SOFA (0.80). 

Capture  the  interaction  among  clinical  variables  and
identify the optimal set of biomarkers affecting sepsis
prediction.

[47]
Nov 2014 –
March 2015

1.123 patients

Comparison between intervention and control groups:
-Percentage of patient with new antibiotic orders (35%
vs 37%).
-No  difference  in-hospital  mortality  at  30  days,  LOS
greater than 72 hours, rate of transfer to ICU within 48
hours of alert, or proportion of patients receiving at least
30 mL/kg of intravenous fluids.

There  was  no  significant  difference  between  the
intervention and control groups

[65]
Dec 2014 –
June 2016

28.957 patients
Four revised versions of an electronic sepsis alert had
higher  sensitivity  but  lower  specificity  than  original
rule.

Develop  algorithms  to  evaluate  the  performance  of
sepsis alert to improve patient outcomes.
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[28]
17  Dec
2008  –  17
Feb 2013

230.936
patients

The best performance in predicting sepsis made use of
all of the free text as input data.

Demonstrate the significant improvement in prediction
result using unstructured data such as clinical notes.

[46]
1  Jan  2011
–  30  Sep
2013

3.562 patients
Combination  of  change  management,  computerized
surveillance,  and  mobile  based  point  of  care  alerting
decreased sepsis mortality by 53%.

The  DSS  delivered  to  the  point  of  care  resulted  in
significant reduction in mortality of sepsis.

[70] 2012-2013 6.200 patients
Median  time  from arrival  to  DSS  activation  was  3.5
hours and system activation to diagnostic collect was 8.6
hours.

Determine the performance of a DSS, understand the
epidemiology of sepsis, and identify opportunities for
quality improvement.

[71] 2014-2015 16.527 patients

-Risk  of  adverse  outcome improved  30% after  sepsis
program go-live.
-97% patients detected by the cloud-based sepsis DSS
were screened and stratified by providers.

A multidisciplinary  sepsis  program  enabled  by  a  2-
stage  sepsis  DSS  expedites  accurate  detection,
stratification of patients with sepsis and intervention.

[63]
1  Jan  2010
–  31  Dec
2010

1.492 patients

-Data-derived  antibiotic  administration  led  to  a
favorable patient outcome in 49% of the cases.
-25.9% of the patients had 90% of their transitions to
better states.
Mortality was predicted with an AUC (0.7) and accuracy
(0.82).

Model was able to suggest  favorable actions,  predict
mortality and LOS with high accuracy.

[64] 2014 2.620 patients

-A sepsis alert activated on 16% of adult patients.
-The  patient  population  characteristics  showed  72%
sensitivity and 73% PPV.
-Post-alert screening achieved 81% sensitivity and 94%
PPV.

DSS  binary  alarm  system  with  cross  checking
functionality improves early recognition and facilitates
stratification of patients with sepsis.

[30]
1  Jan  2010
–  31  Dec
2010

741 patients

-Prediction of lactate level with accuracy 99%.
-Mortality prediction with accuracy 73% and AUC 73%
using 3 features: median of lactate levels, mean arterial
pressure,  and  median  absolute  deviation  of  the
respiratory rate.

Introduced  a  prediction  model  of  lactate  levels  and
mortality  risk  from  patient  vital  signs  and  WBC  to
drive the appropriate response by clinical staff.

[51] 2006-2007 1.158 patients

-Adherence  of  SOP  was  significantly  increased  to
87.2%.
-Daily antibiotic usage was reduced to 1.3 agents/day.
-The mean ± SD time from onset of severe sepsis and
septic shock until antibiotic administration was 1.9 ± 2.5
hours.
-Mortality rate did not reach statistical significance.

DSS  improved  the  mean  conformity  to
recommendations,  antibiotic  adherence,  therapy
patterns, and diagnostic procedures.

[53]
1 Sept 2007
–  30  Sept
2009

87 patients
-Increased compliance of sepsis bundles to 79%.
-Sepsis mortality has declined to 27%.

DSS  results  in  significantly  improved  survival  in
patients with intra-abdominal surgical sepsis.
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Table 6. Algorithms or methods used in the DSS for sepsis

Study
Logistic
Regression

Linear
Regression

TAN
Bayesian

Markov
Model

Naïve
bayes

Support
Vector
Machines

Gaussian
Mixture
Models

Random
Forest

Partially  Observable
Markov  Decision
Process

Randomized  control
trial

[45] ✓

[17] ✓

[68] ✓

[33] ✓

[69] ✓

[47] ✓

[65] ✓

[28] ✓ ✓ ✓ ✓

[46] ✓

[70] ✓

[71] ✓

[63] ✓ ✓ ✓

[64] ✓

[30] ✓ ✓ ✓ ✓

[51] ✓

[53] ✓
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Table 7. Input data included in the sepsis studies

Stud
y

Patient
Demograp
hics

Sympto
ms  and
risk  of
infectio
ns

Clinical
documentat
ion

Major
Comorbidi
ties

Laborat
ory
results

Proced
ure  /
surgery

Medicati
on Data

Biomark
ers

Clinic
al
notes

[45] ✓ ✓ ✓ X X ✓ X X X

[17] ✓ ✓ ✓ ✓ X X X X X

[68] ✓ ✓ ✓ ✓ X X ✓ X X

[33] ✓ ✓ ✓ ✓ X X X X X

[69] ✓ ✓ ✓ X ✓ ✓ ✓ ✓ X

[47] ✓ ✓ ✓ X ✓ ✓ X X X

[65] ✓ ✓ ✓ ✓ ✓ X X ✓ X

[28] ✓ ✓ ✓ X X X X X ✓

[46] ✓ ✓ ✓ ✓ ✓ X ✓ X X

[70] ✓ ✓ ✓ X ✓ X ✓ X X

[71] ✓ ✓ ✓ X ✓ X ✓ ✓ X

[63] ✓ ✓ ✓ X ✓ X ✓ ✓ X

[64] ✓ ✓ ✓ X ✓ X ✓ X X

[30] ✓ ✓ ✓ X ✓ X ✓ ✓ X

[51] ✓ ✓ ✓ ✓ X ✓ ✓ X X

[53] ✓ ✓ ✓ X ✓ ✓ X ✓ X

Table 8. Setting and criteria used in the DSS of sepsis studies

Study Setting Data source
Task
force
use

DSS criteria
Sepsis  bundle
compliance
(of all cases)

Time to first
antibiotic

[45] ED Collected data
X

SIRS and sepsis-3
definitions

63.7% -Sepsis = 117 min
-Septic  shock  =
95 min

[17] ICU and ED Collected data
X

SIRS and sepsis-2
definitions

96% Within 3 hours

[68] ED Collected data
✓

Sepsis,  septic
shock, qSOFA

57.4% -Sepsis = 151 min
-Septic  shock  =
108 min

[33] ICU Collected data ✓ SIRS, mEWS 56% Within 24 hours

[69] - Cerner
Corporations
HIPAA-compliant
Health  Facts
database

X

Biomarkers, SIRS,
qSOFA,  MEWS,
SOFA

- Within  72  hours
after blood culture

[47] Inpatient
wards  (ICU
excluded)

Collected data
✓

SIRS, SOFA 37% 3 hours

[65] ICU Collected data ✓ SIRS - -

[28] ED Collected data
X

Vital  signs  and
demographics

- -

[46] Respiratory Collected data ✓ Sepsis  3h  and  6h - 3 hours
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and  General
Medicine
Units

bundles

[70] ED, ICU Collected data X SIRS - -

[71] ED,
Medicine,
Critical  Care,
Surgery  (ICU
excluded)

Collected data

X

SIRS - -

[63] ICU Collected data X SOFA - -

[64] ICU Collected data ✓ SIRS 91% -

[30] ICU Collected data X SIRS - -

[51] ICU Collected data ✓ SOFA - 3 hours

[53] ICU Collected data X SIRS 79% 6 hours

Table 9. Outcomes and initial management used in the DSS of sepsis studies

Study Data
Source  of
infection

Outcomes
Reference  for
interventions

Alert delivery

[45] Paper-
based
scanned  to
a  digital
medical
record

HA sepsis Sepsis identification Clinical expert Patient dashboard

[17] EHR CA  and
HA sepsis

Sepsis  identification,  LOS,
mortality

Manual  chart
review

EHR  dashboard,
email feedback

[68] EHR HA sepsis Sepsis identification Clinical
protocol

Patient  dashboard,
bundle  checklists,
SOFA calculator

[33] EHR HA sepsis Sepsis  identification,  LOS,
mortality,  ward  to  ICU  transfer,
readmission, total cost

Clinical
protocol

mEWS  dashboard,
patient dashboard

[69] EHR HA sepsis Sepsis identification Clinical expert EHR dashboard

[47] EHR HA sepsis Sepsis  identification,  LOS,
mortality,  rate  of  patient  transfer
to ICU

Clinical expert EHR  dashboard,
pager

[65] EHR HA sepsis Sepsis identification, total number
of alerts, mortality

Clinical expert EHR dashboard

[28] EHR HA sepsis Sepsis identification - EHR dashboard

[46] EHR HA sepsis Sepsis identification, mortality Sepsis  order
set and clinical
protocol

Mobile alert

[70] EHR CA  and
HA sepsis

Sepsis identification, LOS EHR dashboard

[71] EHR HA sepsis Sepsis identification Cloud-based
clinical
protocol

EHR dashboard

[63] EHR HA sepsis LOS, ICU stay, mortality Clinical
protocol

EHR dashboard

[64] EHR HA sepsis Sepsis identification, LOS Clinical
protocol

Binary alarm

[30] EHR HA sepsis Sepsis  identification,  mortality, - -
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lactate levels

[51] Paper-
based
medical
notes

HA sepsis Sepsis  identification,  LOS,
mortality

Clinical
protocol

Web-based
interface

[53] EHR HA sepsis Sepsis  identification,  mortality,
bundle compliance

Clinical
protocol

-

[72] PROWESS HA sepsis Serious  bleeding,  intracranial
hemorrhage  (ICH),  acute
myocardial  infarction  (AMI),
acute renal failure, mortality

- -

5. Discussion

In  this  review,  we  identified  37  scholarly  articles  that  focused  on  deploying  DSS-related

algorithms  for  the  early  detection  and  preliminary  management  of  sepsis.  Most  of  the

contributions  originated  from  the  United  States,  Canada,  China,  and  Italy,  highlighting  a

significant lack of representation from other geographical regions. Many articles utilized data

extracted  from hospital  electronic  health  records  (EHR)  to  substantiate  the  assertion  that  a

proactive approach does not impose an additional burden on healthcare practitioners.

Many healthcare institutions have implemented automated alert  systems to improve the

timely diagnosis and treatment of sepsis. It is designed to predict and detect patient deterioration

by monitoring real-time vital signs and risk indicators, ideally triggering timely interventions that

improve  patient  outcomes.  However,  integrating  these  systems  into  existing  workflows  is

complex, often requiring advanced infrastructure, consistent training, and substantial buy-in from

healthcare staff. One major issue is the need for interoperability between Early Warning Score

(EWS) technologies and current EHR systems, which restrict the seamless sharing of critical

patient information across departments. Inadequate integration can result in more complete data,

thereby reducing the effectiveness of EWS in providing accurate alerts. 

Risk  assessment  [73] for  disease  enhances  patient  safety  by  identifying  individuals  at

higher  risk,  enabling early interventions,  tailored preventive measures,  and personalized care

plans to reduce the likelihood of complications and improve health outcomes. The DSS serves as

an  instrumental  resource  for  healthcare  practitioners  in  the  documentation,  surveillance,  and

management of sepsis by furnishing a framework for identifying sepsis and standardizing the

intervention  protocols  grounded  in  evidence-based  adaptive  knowledge.  The  DSS  evaluates

patient  data,  encompassing vital  signs,  laboratory findings,  and medical  histories,  to  identify
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early indicators of sepsis, frequently before its clinical onset. It utilizes data analytics, machine

learning methodologies, and predictive modeling techniques to augment clinical decision-making

processes  and enhance patient  outcomes.  This  capacity  for  early detection facilitates  prompt

intervention, which may lead to a reduction in mortality rates and an enhancement of patient

prognosis. 

The adherence of the sepsis bundle was evaluated based on documented suspected sites of

infection  during  sepsis  management  and  was  compared  to  established  therapeutic  or  local

guideline recommendations. A failure to accurately assess sepsis or septic shock is anticipated to

result in antibiotic administration delays, which increase the mortality rate among septic patients.

5.2 Gaps and opportunities for DSS in sepsis studies

After reviewing all publications in this study,  DSS has proven invaluable in healthcare, aiding

clinicians in making well-informed decisions for their patients. A critical advantage of AI-based

DSS in sepsis management is the ability to adaptively learn from diverse datasets across different

healthcare environments,  making predictions  more accurate  and personalized. These  systems

often employ ML techniques to process large volumes of multidimensional data to generate real-

time,  patient-specific  recommendations  [74].  Some  DSS  can  suggest  optimal  treatment

pathways,  including  antibiotic  selection  and  fluid  resuscitation  plans,  tailored  to  individual

patients' risk factors and physiological markers. However, notable gaps and limitations still need

to be addressed despite their benefits. One key challenge is seamlessly integrating DSS systems

into  existing  healthcare  workflows.  By  integrating  with  EHR,  DSS provides  clinicians  with

information  at  the  point  of  care,  streamlining  workflow and reducing  cognitive  load  during

critical  decision-making.  Lack  of  interoperability  and  standardization  across  different  EHR

systems hinders the widespread adoption and effectiveness of DSS. 

Another  barrier  is  the  resistance  from  healthcare  professionals  who  may  be  wary  of

increased automation bias in clinical decision-making [75]. Many clinicians are hesitant to rely

on  automated  alerts  for  decisions  traditionally  based  on  their  expertise.  Without  proper

customization and training, DSS may generate false positives or unnecessary alerts, overwhelm

staff, and reduce confidence in the system. Financial constraints further limit DSS adoption, as

the  cost  of  implementing,  maintaining,  and  upgrading  these  systems  can  be  prohibitive  for

hospitals operating on tight budgets, especially those in rural or underserved areas. Effective
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DSS implementation requires ongoing investment in staff education and technical support. Yet,

many hospitals lack the financial resources for these needs, leading to inconsistent utilization and

a preference for manual monitoring.

Cultural factors within hospitals also play a role in the limited adoption of DSS. Hospitals

with hierarchical structures may struggle to encourage the collaborative culture needed for DSS

to  be  effectively  used  across  multidisciplinary  teams.  To  function  optimally,  there  must  be

coordinated communication between doctors, nurses, and support staff who interpret alerts and

respond promptly. In environments where collaboration is not emphasized or team members are

not encouraged to report patient concerns, alerts may be ignored or insufficiently acted upon,

limiting  their  potential  to  improve  patient  outcomes.  Additionally,  the  lack  of  standardized

protocols for interpreting and responding to alerts often causes discrepancies in how different

departments and practitioners handle early warnings, leading to inconsistencies in patient care.

Without  uniform adoption and clear  guidelines,  DSS cannot  fulfill  their  intended purpose of

early intervention, thus remaining an underutilized tool in hospital settings.

Additionally, DSS systems often rely on retrospective data, limiting their ability to adapt to

dynamic patient needs and real-time changes. Another crucial aspect is the need for accurate and

up-to-date  clinical  knowledge  as  outdated  guidelines  and  incomplete  evidence  can  lead  to

suboptimal recommendations and potential harm. Finally, the issue of alert fatigue arises when

DSS systems generate excessive alerts, overwhelming clinicians and reducing their trust in the

system.  To maximize  the  utility  of  DSS,  addressing  these  gaps  and  limitations  is  essential,

necessitating advancements  in interoperability,  data  quality,  knowledge management,  and the

development of personalized DSS algorithms, as shown in Table 10.
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Table 10. Gaps and opportunities for AI-driven DSS models in sepsis applications
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6. Conclusion

The  study  presents  a  PRISMA-based  review  that  employed  an  innovative  methodology  to

highlight  the  implementation  of  DSS across  diverse  data  categories,  including  EHR,  expert

knowledge, and clinical documentation.  DSS provides empirical evidence substantiating their

efficacy and capacity to enhance healthcare delivery. This methodology elevates the standards of

healthcare and hospital experiences for patients suffering from sepsis, concurrently contributing

to the mitigation of occupational burnout among healthcare professionals.

After  thoroughly  analyzing  numerous  studies,  it  has  become  evident  that  DSS

implementation  can  significantly  enhance  clinical  decision-making  and  improve  patient

outcomes.  By  integrating  clinical  knowledge,  patient-specific  data,  and  evidence-based

guidelines,  DSS systems  provide  timely  and relevant  information  at  the  point  of  care.  DSS

systems enhance healthcare delivery quality, safety, and efficiency through alerts, reminders, and

suggestions.  They  offer  valuable  insights  like  drug  interaction  alerts,  diagnostic  support,

treatment  recommendations,  and  risk  assessments.  These  systems  empower  clinicians  with

evidence-based guidelines and protocols,  enabling them to deliver personalized and effective

care.  By  aggregating  and  analyzing  patient  data,  DSS systems  generate  actionable  insights,

supporting clinicians in providing accurate diagnoses and tailored treatment plans. Ultimately,

DSS is crucial in improving patient outcomes and driving advancements in healthcare practice.
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