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Abstract

Objectives: According to the World Health Organization (WHO), neonatal sepsis is the third most common cause of
infant mortality. Clinical decision-support approaches have been investigated as potential tools for improving neonatal
sepsis recognition and management. The purpose of this systematic review was to identify and synthesize clinical
decision-support approaches for the detection, prediction, diagnosis, and management of neonatal sepsis.

Methods: A systematic search was conducted on PubMed, Web of Science, and Scopus between 1 January 2000 and
19 April 2025. Studies were included if they were original research, written in English, conducted in neonatal
populations, and focused on diagnostic, predictive, computational monitoring, or clinically implemented decision-
support approaches for neonatal sepsis. Quality and risk of bias were appraised with tools matched to each study
design: PROBAST+AIL, QUADAS-2, EPHPP, QuADS, and MMAT.

Results: Of the 10,617 records identified, 13 studies met the eligibility criteria. The findings suggest that clinical
decision-support approaches have potential applications in neonatal sepsis recognition and management. However,
most included studies focused on model development, diagnostic performance, or technical feasibility, and evidence
of improvements in clinical outcomes remains limited. The included studies involved heterogeneous neonatal
populations, including preterm infants of different gestational ages and broader neonatal intensive-care populations.
The included approaches comprised various computerized methods, including artificial intelligence and machine-
learning techniques, applied to the early detection and management of neonatal sepsis.

Conclusion: This systematic review identified substantial heterogeneity in study design, outcomes, validation
approaches, and system characteristics across studies of neonatal sepsis decision support. Although several decision-
support approaches showed promising diagnostic or predictive performance, evidence regarding independent external
validation, prospective clinical evaluation, and clinical effectiveness remains limited.
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Introduction

Neonatal sepsis remains a major cause of morbidity and mortality in newborns. Preterm infants are particularly
vulnerable because of physiological immaturity, frequent exposure to invasive procedures, and prolonged
hospitalization in neonatal intensive care units (NICUs)(1). Early recognition of neonatal sepsis remains challenging
because its clinical signs are often nonspecific and overlap with other neonatal conditions (2). Recent estimates from
the Global Burden of Disease (GBD) Study put the global incidence of newborn sepsis at 1.3 million cases per year, ,
with approximately 203,000 associated deaths annually(3). Neonatal sepsis is a major contributor to neonatal
mortality(4). The term “neonatal sepsis” refers to a clinical condition characterized by generalized signs and symptoms
induced by pathogen invasion that occurs during this period of life (5).

Neonatal sepsis has long been divided into two categories based on timing: early-onset sepsis (EOS), which
appears within the first 72 hours after birth, and late-onset sepsis (LOS), which develops later. This division originally
reflected an assumption about how the infection was acquired—vertically from the mother in EOS, and postnatally in
LOS (6). That assumption, however, has become difficult to maintain. A review of 80 randomized clinical trials found
no fewer than 128 distinct definitions of neonatal sepsis, which means that studies often describe and classify what
appears to be the same condition in quite different ways(7).

For EOS, maternal and perinatal factors carry particular weight. A multicenter cohort in Hong Kong, for example,
showed that universal screening for group B Streptococcus (GBS) together with intrapartum antibiotic prophylaxis
was followed by a fall in EOS incidence, from 3.25 to 2.26 cases per 1,000 live births (8). In contrast, LOS in
hospitalized preterm infants is associated with postnatal exposures, including central venous catheters, mechanical
ventilation, prolonged parenteral nutrition, and extended hospitalization. The organisms responsible also vary by
region. A systematic review and meta-analysis reported that Klebsiella species caused 31.7% of EOS cases in low-
and lower-middle-income countries, a pattern that does not fit the traditional picture of GBS as the dominant early
pathogen (9). In very preterm infants with LOS in a large US cohort, the two most frequent isolates were coagulase-
negative staphylococci (29.3%) and Staphylococcus aureus (23.0%) (10). Taken together, these findings suggest that
prevention and treatment strategies developed in high-income settings cannot simply be transferred to other
populations. Diagnosing neonatal sepsis at the bedside remains difficult. The clinical signs are often subtle or
nonspecific, and conventional laboratory tests do not always provide a clear answer (11). Respiratory manifestations,
including tachypnea and respiratory distress, are among the clinical signs evaluated in newborns with suspected EOS,
although these manifestations are not specific to neonatal infection (12). In the multicountry NeoOBS study, clinical
variables were used to develop severity and recovery scores for predicting mortality among infants with sepsis.
Importantly, these scores were designed for prognostic assessment after sepsis diagnosis rather than for the initial
diagnosis of neonatal sepsis. The variables chosen for prediction models reflect these differences in population and
setting (13). The updated EOS risk calculator incorporates gestational age, maternal temperature, maternal GBS
colonization status, duration of membrane rupture, intrapartum antibiotic exposure, and the newborn's clinical
condition to estimate sepsis risk among infants born at >35 weeks of gestation (14). A separate multicenter study of
extremely preterm infants produced a LOS prediction model based on postmenstrual age, ventilator status, apnea,
periodic breathing, intermittent hypoxemia, and bradycardia; that model reached an AUROC of 0.783(15). A 2024
systematic review of machine-learning models for neonatal sepsis which excluded studies relying on automated vital-
sign data found substantial methodological weaknesses and no external validation across its 19 included studies (16).
The gap between reported model performance and demonstrated clinical usefulness is therefore not a minor issue; it
is the central problem this review sets out to examine.

Despite improvements in neonatal medicine, neonatal sepsis remains a significant source of morbidity and
mortality (17). WHO announced in a report that 75% of neonatal fatalities occur within the first seven days of life,
and sepsis is the second most prevalent cause (18). In high-income countries, the incidence of sepsis ranges from 1 to
4 cases per 1000 live births, whereas it ranges from 49 to 170 cases in low- and middle-income countries, with a
fatality rate of up to 24% (2). In the United States, the prevalence of early sepsis is around 0.77 cases per 1000 live
births, and when only infants over 34 weeks of gestational age are considered, it is around 0.5 cases per 1000 live
births. Furthermore, the implementation of intrapartum antibiotic therapy for pregnant women colonized with
Streptococcus agalactiae has led to a significant decrease in the incidence of early neonatal sepsis in the United States



of America (USA) (19). These diagnostic challenges have increased interest in computerized methods capable of
supporting earlier recognition and more timely clinical decision-making. Recent reviews have also emphasized the
need for improved prediction and diagnostic approaches for neonatal sepsis, particularly in high-risk neonatal
populations (20).

With the increasing use of electronic health records (EHRs), patient data management systems (PDMS),
physiologic monitoring systems, and other forms of digitalization in health care, computerized systems capable of
supporting automated sepsis detection have increasingly been developed (21). Clinical decision support systems
(CDSSs) can support clinical and diagnostic decision-making, treatment and test ordering, and patient monitoring and
triage. . A CDSS is a computerized system or functionality that integrates patient-specific clinical information with
clinical knowledge, predefined rules, or data-driven algorithms to generate assessments, predictions, alerts, or
recommendations intended to support clinical decision-making. CDSSs may be knowledge-based, such as rule-based
expert systems, or non-knowledge-based, including systems incorporating machine-learning approaches (22). In
hospital settings, CDSSs can support various clinical activities, including medication safety, antimicrobial
stewardship, laboratory testing, and other aspects of clinical management. However, their evaluation should consider
not only clinical consequences but also implementation-related and economic outcomes (23). Furthermore, CDSSs
may support screening and early disease detection, although their clinical value depends on appropriate evaluation
and integration into clinical practice (24).

Importantly, the development or validation of a statistical or artificial intelligence/machine-learning model alone
does not necessarily constitute a clinically implemented CDSS. Such models may instead serve as potential
components of future decision-support systems (22). CDSS can aid clinicians in making timely and accurate choices
despite complex circumstances, thereby reducing the burden on medical staff. EHR-based CDSS may facilitate earlier
sepsis recognition and more timely clinical intervention. CDSS use automated sepsis-risk warning tools to notify
clinicians of the possibility of sepsis (25). More recent reviews have also identified a growing number of computerized
and machine-learning approaches for pediatric and neonatal sepsis, although substantial heterogeneity remains in
system design, predictors, validation strategies, and clinical implementation (26, 27).

In recent years, an increasing number of studies have investigated computerized approaches, including CDSS
and machine-learning methods, for neonatal sepsis. . Honor¢ et al. (2023) examined whether a machine-learning model
built on high-frequency physiological data and demographic variables could predict late-onset sepsis (LOS) in
neonates. Their study was carried out at a single center and included 325 neonates, of whom 20 developed sepsis. The
model used a Naive Bayes classifier trained on heart rate, respiratory rate, and oxygen saturation. It reached an
AUROC of 0.82 for predicting sepsis up to 24 hours before clinicians first suspected the infection. It is worth noting,
however, that the algorithm was developed and tested on observational data only. It was never integrated into routine
care as a decision-support tool, so its performance in real clinical settings remains unknown (28). Li et al. (2020)
outlined a protocol for a scoping review that would examine how knowledge-based computerized clinical decision
support systems are used and evaluated for early sepsis detection in hospitals. Their proposed scope did include
neonatal populations, but the protocol itself does not present the results of a completed synthesis. It therefore cannot
serve as evidence of clinical effectiveness, and any reference to it should be treated as a description of planned work
rather than a finished finding (27).

The evidence available today spans a heterogeneous set of approaches: diagnostic biomarkers, statistical and
machine-learning prediction models, computerized monitoring systems, and CDSS that have been implemented in
clinical practice. These approaches differ from one another in their intended clinical use, how they were validated,
and how far they have been implemented. Evidence of diagnostic or predictive performance should therefore be
distinguished from evidence of successful clinical implementation and improved patient outcomes. A systematic
synthesis that accounts for these differences is needed to clarify the current evidence and to identify methodological
and implementation gaps in decision support for neonatal sepsis.

Accordingly, this systematic review aimed to identify, classify, and critically synthesize decision-support
approaches for neonatal sepsis according to their computational approach, validation stage, clinical implementation,
and reported clinical or process outcomes. The review addressed the following questions:



1. What types of diagnostic, predictive, monitoring, and clinical decision-support approaches have been evaluated
for neonatal sepsis?

2. What neonatal populations, sepsis phenotypes, data sources, predictors, algorithms, and validation approaches
have been studied?

3. To what extent have these approaches progressed from model development and validation to clinical integration,
implementation, and evaluation of clinical or process outcomes?

4. What methodological, validation, and implementation limitations remain in the current evidence base?

Methods

This systematic review was written and reported according to the Preferred Reporting Items for Systematic Review
and Meta-Analysis (PRISMA) statement (29).

Information sources

We conducted a systematic search in the PubMed, Web of Science (WOS), and Scopus databases between 1 January
2000 and 19 April 2025.A combination of Medical Subject Headings (MeSH) and terms related to clinical decision
support system, premature infant, and sepsis were applied in the search strategy. The search strategy was intentionally
broad to identify not only clinically implemented CDSS but also potentially relevant diagnostic, predictive, and
computational approaches involving neonatal sepsis. The full search strategy is provided in supplementary file [Table
S1].

Operational definition and classification of CDSS-related approaches

In this review, a clinical decision support system (CDSS) was defined as a computerized system that processes patient-
specific information using clinical knowledge, predefined rules, or data-driven algorithms to generate assessments,
alerts, predictions, or recommendations intended to support clinical decision-making. Because clinical decision
support may involve several stages of technological development and evaluation, the review distinguished clinically
implemented CDSS from diagnostic or predictive methods that could potentially support future CDSS development.

Studies were classified according to their primary objective, computational or diagnostic approach, clinical
target, and stage of development or implementation. The categories included:

- Diagnostic biomarker studies and clinical decision rules;

- Statistical and artificial intelligence/machine-learning prediction models;

- Computerized monitoring systems and technical decision-support architectures;
- Clinically implemented alert-based or protocol-based CDSS;

Clinical and process-related outcomes were assessed as a separate dimension across the categories rather than as
an independent type of decision-support technology. Prognostic or composite-outcome models indirectly related to
neonatal sepsis were identified separately, subject to the review's eligibility criteria.

The relationship of each study to neonatal sepsis was assessed separately, distinguishing sepsis-specific
approaches from studies addressing broader neonatal outcomes or infection-related clinical processes.

Studies limited to biomarker evaluation, diagnostic-rule development, prediction-model development, or
technical feasibility were not considered evidence of clinically implemented CDSS. Likewise, reported diagnostic or
predictive performance was not interpreted as evidence of improved clinical outcomes.

Where studies evaluated broader or composite clinical outcomes, their original target outcomes were explicitly
identified, and the reported performance measures were not interpreted as estimates of sepsis-specific diagnostic or
predictive performance.



Selection criteria

Studies were eligible if they (1) reported original research, (2) were published in English, (3) included neonatal
populations, (4) evaluated approaches relevant to neonatal sepsis focused on evaluating diagnostic biomarkers, clinical
decision rules, statistical prediction or prognostic models, artificial intelligence/machine learning, computerized
monitoring systems, technical decision support architectures, or clinically implemented CDSS; and (5) were published
in or after 2000. Older studies were retained to reflect the developmental trajectory of the field and were interpreted
according to their technological and clinical implementation stage rather than as directly equivalent to contemporary
systems. Studies were considered relevant when neonatal sepsis was explicitly included in the assessed approach as a
target condition, a diagnostic or prognostic predictor, a predefined component of a composite clinical outcome, or a
condition addressed by a clinical decision support intervention. Technical monitoring and decision support
architectures were also considered when neonatal sepsis was explicitly identified as an intended clinical application.
Studies addressing clinical management related to neonatal infection, including antibiotic prescribing and neonatal
infection protocols, were included where their relevance to the review objectives could be demonstrated. Studies of
diagnostic biomarkers were eligible when they reported diagnostic performance relevant to neonatal sepsis-related
clinical decision-making. To account for methodological and technological heterogeneity, included studies were
further distinguished according to the role of neonatal sepsis in the assessed approach and the stage of model
development, technical implementation, or clinical evaluation. The exclusion criteria were (1) reviews, meta-analysis,
dissertation, reports, conference abstracts, letter to the editor, commentaries, systematic review protocol, (2) language
other than English, (3) unavailability of full text for data extraction, (4) studies unrelated to the aim of the study.

Study selection

1) Imported all identified studies into the reference manager software EndNote X9 and removed any duplicates; 2)
After deduplication, imported the references to the Rayyan platform (30); 3) Three independent researchers (SP, ES,
and UMK) evaluated the titles and abstracts of the remaining studies and compared them with the inclusion and
exclusion criteria through the Rayyan platform; 4) Retrieved the full-texts of the remaining relevant studies; 5) Three
researchers (SP, ES, and UMK) independently screened these full-texts and made a final selection of relevant studies
based on the inclusion and exclusion criteria; 6 )Disagreements were resolved through discussion and consensus
among the reviewers.

Data extraction

Data were extracted from the included studies using a structured form developed in Microsoft Excel. Three researchers
(SP, ES, and UMK) carried out the extraction independently, and any disagreements were resolved through discussion
until consensus was reached. For each study, we recorded bibliographic details (authors, publication year, journal, and
country), the study aims and design, clinical setting, neonatal population, gestational age, sample size, methods,
research tools, data sources, predictors, algorithms, target outcomes, and results. We also noted the strengths,
limitations, and recommendations reported by the original authors. Sepsis phenotype was classified as early-onset
sepsis (EOS), late-onset sepsis (LOS), both EOS and LOS, or neonatal sepsis without a specified onset category,
following the definitions used in each original study. We further recorded how sepsis featured in each study, whether
as a target condition, a predictor, one component of a composite outcome, or a condition addressed by an intervention.
For diagnostic and prediction-model studies, we extracted the evaluation and validation methods that were reported.
These included apparent performance, cross-validation, train—test splitting, temporal validation, external validation,
and prospective clinical evaluation, where these were applicable. Performance measures were recorded where
available, including sensitivity, specificity, accuracy, area under the receiver operating characteristic curve (AUROC),
positive predictive value (PPV), negative predictive value (NPV), calibration, decision thresholds, and false-positive
rates. For clinically implemented decision-support systems, we additionally collected information on workflow
integration, alert burden, alert fatigue, clinician response, and any reported process or clinical outcomes, such as
antibiotic exposure, morbidity, and mortality. Sample sizes and units of analysis were kept distinct where relevant.
These included the numbers of infants, monitoring episodes, patient-days, and sepsis events. Information that was not



reported in the original studies was distinguished from information that did not apply or had not been evaluated.
Limitations and strengths reported by the original authors were recorded separately from the reviewers' own
methodological appraisal. The characteristics and findings extracted from each study are presented in Table 1 and
Supplementary Tables S2 and S3. The independent risk-of-bias assessment was carried out separately, as described in
Section 2-7.

Risk of bias and quality assessment

Three independent researchers (SP, ES, and UMK) assessed the methodological quality, risk of bias, and applicability
of the included studies using appraisal tools selected according to the study design and assessment objectives. The
Prediction Model Risk of Bias Assessment Tool plus Artificial Intelligence (PROBAST+AI) is designed to evaluate
the methodological quality of prediction-model development, the risk of bias in model performance evaluation, and
applicability, irrespective of whether conventional statistical or artificial intelligence methods are used (31).
PROBASTHAI was applied to eight studies: Helguera-Repetto et al. (2020), Pokhylko et al. (2020), Stanculescu et al.
(2014), Alvi et al. (2021), Blue et al. (2022), Shaw et al. (2023), Honor¢ et al. (2023), and Singh et al. (2019). The
assessment covered four domains: participants and data sources, predictors, outcome, and analysis. Model
development quality and risk of bias in model performance evaluation were assessed separately, where evaluable,
while applicability concerns were assessed in relation to the review question. Distinct models were considered
separately, including the two prediction models developed by Blue et al. and the CNN and LSTM-RNN architectures
examined by Alvi et al. across two datasets. For Singh et al., the PROBAST+AI assessment was restricted to model
development quality because the available reporting was insufficient for a reliable assessment of model performance
evaluation. The Quality Assessment of Diagnostic Accuracy Studies-2 (QUADAS-2) is designed to assess risk of bias
and applicability in diagnostic accuracy studies across four domains: patient selection, index test, reference standard,
and flow and timing (32). QUADAS-2 was applied to Adib et al. (2006) and Ebenebe et al. (2021). For Ebenebe et
al., IL-6 alone and IL-6 combined with CRP were assessed separately because the incorporation of CRP into the
diagnostic reference definition raised additional concerns for the combination approach. The Effective Public Health
Practice Project (EPHPP) Quality Assessment Tool evaluates the methodological quality of quantitative intervention
studies across six components: selection bias, study design, confounders, blinding, data collection methods, and
withdrawals and drop-outs (33). It was applied to the implementation study by Amoakoh et al. (2020). The global
rating was classified as Strong when no component was rated Weak, Moderate when one component was rated Weak,
and Weak when two or more components were rated Weak. The Quality Assessment with Diverse Studies (QuADS)
tool assesses methodological and reporting quality across heterogeneous study designs using 13 criteria, each scored
from 0 to 3 (34). QuADS was applied to the technical and decision-support system studies by Stacey et al. (2007) and
Singh et al. (2019). The Mixed Methods Appraisal Tool (MMAT), version 2018, provides design-specific criteria for
critically appraising qualitative, quantitative, and mixed-methods studies (35). The quantitative descriptive study
criteria were applied to Sheehan et al. (2009), with individual items rated as Yes, No, or Can't tell. Singh et al. (2019)
was assessed using both PROBAST+AI and QuADS to address distinct methodological components of the study:
prediction-model development quality and the broader methodological and reporting characteristics of the technical
system.

Because the appraisal tools assess different methodological dimensions and use different rating systems, their
findings were reported separately without calculating a combined quality score. All assessments were conducted
independently, and disagreements were resolved through discussion and consensus among the reviewers. Detailed
findings are presented in Supplementary Tables S4 (PROBAST+AI), S5 (QUADAS-2), S6 (EPHPP), S7-A (QuADS),
and S7-B (MMAT).

Data synthesis and analysis

Due to considerable heterogeneity across study designs, neonatal populations, sepsis phenotypes, prediction targets,
and reported outcomes, a narrative synthesis was carried out. Studies were categorized based on their main decision-
support approach and their stage of development or clinical implementation. The synthesis of findings was organized
around clinical setting, population characteristics, data sources, algorithms, validation methods, predictive or
diagnostic performance, methodological quality, and reported clinical or process outcomes. A quantitative meta-



analysis was not performed, as the outcomes and evaluation methods lacked sufficient comparability. Study
characteristics and methodological appraisal results are presented in the main and supplementary tables.

Descriptive bibliometric analyses were also carried out to examine the geographical distribution and keyword
patterns of the included publications. Geographical distribution was illustrated on a map using Microsoft Excel.
Keyword co-occurrence analysis was conducted with VOSviewer software (version 1.6.18) to investigate relationships
among the keywords of the included publications. Risk of bias due to missing results and certainty of evidence were
not formally assessed. Given the substantial heterogeneity in study designs, prediction targets, and clinical outcomes,
a structured narrative synthesis was conducted, and study-design-specific appraisal tools were used to evaluate the
methodological quality and risk of bias of individual studies.

Results

Search Output

Overall, 10617 relevant articles were identified from the three databases (PubMed, Web of Science, and Scopus.After
removing 4,312 duplicates, the remaining 6,305 records were screened by title and abstract. Of these, 6,250 records
were excluded, and 55 full-text articles were assessed for eligibility. Following full-text assessment, 42 articles were
excluded because they did not meet the inclusion criteria. Finally, 13 articles were included in the systematic review.
Figure 1 presents the PRISMA flow diagram illustrating the study selection process.

( Identification of studies via databases and registers
—
= -
K Records identified from:
g « PubMed (n = 3,748) g botore
£ : glceob 3; ?: I:Tgég; 2.207) ¢ Duplicate records removed
= P ’ (n=4312)
i « Databases total (n =
= 10,617)
:
Records excluded
Records screened —»| (n=6250)
(n =6305) | e Unrelated to the aim of
o Reports sought for retrieval »| Reports not retrieved
£ (n=55) (n=0)
o |
g +
]
Reports assessed for eligibility Atticles excluded (n= 42)
o —>
(n =55) o Unrelated to the aim of
study (n=38)
* Conference abstract (n=
4)
2
= Studies included in review
° (n=13)
| =

Figure 1. Study selection flow diagram adapted from PRISMA 2020, showing the identification, screening,
eligibility assessment, and inclusion of studies

Characteristics of the included studies

Table 1 summarizes the 13 studies included in this review. Grouped by their primary objective, seven studies
developed or evaluated prediction models (Stanculescu et al., Pokhylko et al., Helguera-Repetto et al., Alvi et al., Blue
et al., Shaw et al., and Honoré¢ et al.), two examined diagnostic biomarkers or clinical decision rules (Adib et al. and
Ebenebe et al.), two described monitoring systems or technical prototypes (Stacey et al. and Singh et al.), and two
evaluated decision-support systems that had already been deployed in clinical practice (Sheehan et al. and Amoakoh
et al.). This grouping helped separate evidence on model development and technical feasibility from evidence on



clinical implementation. Clinical setting, neonatal population, gestational-age criteria, sepsis type, and data source
varied widely across studies. Ebenebe et al. and Pokhylko et al. enrolled preterm neonates specifically, Stanculescu et
al. analyzed monitoring data from predominantly very preterm neonates, and Singh et al. evaluated infants born before
35 weeks of gestation. Other studies included broader neonatal populations or provided only limited gestational-age
stratification. Blue et al. focused on small-for-gestational-age infants, while Alvi et al. did not report gestational-age
stratification. Early-onset sepsis (EOS) was the focus of Ebenebe et al. and Pokhylko et al., and it was the intended
prediction target in Alvi et al., although the EOS-specific applicability of its second dataset was unclear. Stanculescu
et al. and Honor¢ et al. addressed late-onset sepsis (LOS), while Helguera-Repetto et al. covered both EOS and LOS.
Adib et al. examined neonatal sepsis without distinguishing between EOS and LOS. In the remaining studies, sepsis
formed part of a composite morbidity outcome (Blue et al.) or served as a predictor of mortality (Shaw et al.). Data
sources included laboratory biomarkers, maternal and neonatal characteristics, physiological monitoring data,
electronic health records, and previously collected datasets. The two studies examining operational clinical decision-
support systems reported different types of evidence. Sheehan et al. characterized the frequency and delivery of
antibiotic-prescribing alerts within an operational NICU system, whereas Amoakoh et al. evaluated adherence to
neonatal care protocols during implementation of an mHealth decision-support intervention. Neither study established
improvements in sepsis-related patient outcomes. Neither study demonstrated improvements in sepsis-related patient
outcomes. The included studies were published between 2006 and 2023. The geographical distribution of the included
studies and the keyword co-occurrence patterns were also examined as supplementary descriptive analyses. The
corresponding country distribution map and keyword network and density visualizations are presented in
Supplementary Figures S1 and S2, respectively.



Table 1. Characteristics of the 13 studies.

Decision

Author, Year Aim of the support Research Researe Research Sepsis Algorithm Result Key limitations Strengths
study category Method h Tool Sample (n) type
Adib et al. Evaluate Combined Observational | Flow 77 neonates: | General CD64-based CD64: A: Not explicitly Objective
Iran,2006 (36) | neutrophil diagnostic diagnostic- cytometr | 8 culture- neonatal diagnostic sensitivity reported. R: Small flow-
CD64 for decision- accuracy study |y confirmed sepsis (not | classification; 100%, sample (n=77); cytometric
early rule study in a NICU. (FACS) sepsis, 57 stratified) no multivariable | specificity selected healthy measurement
diagnosis of with suspected prediction 92.3%, PPV controls; limited of CD64.
neonatal CellQues | sepsis, and model 88%, and NPV | applicability to
sepsis t analysis | 12 healthy 100% computerized CDSS.
controls.
Stacey et al. Develop a Technical/pr | Technical Java + Prototype Sepsis as Rule-based Prototype A: Not explicitly Multidimensi
Australia,2007 | multidimensi | ototype architecture Java tested on an Event Calculus | processed 1-Hz | reported. R: onal temporal
37 onal study development Expert stored NICU | intended with data with Technical prototype abstraction of
temporal- without and prototype | System data; no application | multidimension | approximately without a sepsis- NICU
abstraction clinical testing using Shell clinical ; not al temporal 1-s reasoning specific clinical monitoring
architecture effectivenes | stored NICU (JESS). validation clinically abstraction cycles; no validation cohort or data.
for NICU s evaluation | data. cohort. evaluated clinical patient-outcome
monitoring. accuracy evaluation.
evaluation.
Sheehan et al Characterize | Clinical Descriptive CPOE 6,863 NICU | Neonatal Rule-based 1,660 of 6,863 A: Clinician Evaluation of
USA,2009 antibiotic- implementat | retrospective (Eclipsys | alerts, antibiotic CPOE alerts; alerts (24%) acceptance, routinely
38) related ion and analysis of XA4.5); | including manageme | Kuperman were antibiotic- | utilization, and generated
prescribing process- operational operation | 1,660 nt; not framework for related; perceived usefulness | alerts in an
alerts in a related CPOE alert al antibiotic- sepsis- alert laboratory of alerts were not operational
neonatal evidence data antibiotic | related specific classification history 54%, established. R: Non- | NICU
CPOE -alert alerts. renal dosing sepsis-specific alerts; | system.
system. records. 37%, and prescribing changes

gestational age
8.8%.

and patient outcomes
not evaluated.



Stanculescu et

al.
UK,2014 (39)

Ebenebe et al.
Germany,2021

(40)

Singh et al.

India,2019 (41)

10

Develop a
physiological
event-based
model for
early
detection of
late-onset
neonatal
sepsis.

Assess IL-6
and perinatal
factors for
EOS
diagnosis in
preterm
neonates.

Develop and
technically
evaluate the
Neo/iNICU
bedside
monitoring
system.

Predictive/m
odel-
developmen
t study using
real-time
monitoring
data

Combined
diagnostic
decision-

rule study

Computeriz
ed
monitoring/
decision-
support
system

Retrospective
time-series
prediction-
model
development.

Retrospective
nested case-
control
diagnostic-
accuracy study

NICU device-
development
study with
real-time
physiological
evaluation.

Continuo
us
physiolo
gic
monitori
ng with
expert
event
annotatio
n

IL-6
electroch
emilumin
escence
assay
(Cobas e
411);
statistical
analysis
in SPSS
v24

Neo
bedside
device
integrate
d with
the
cloud-
based
iNICU
platform

36
monitoring
samples
from 24
neonates (18
sepsis and
18 control
samples).

182 preterm
neonates: 67
EOS cases
and 115
controls.

92 infants
from two
NICUs (GA
<35 weeks;
birth weight
<2,000 g);
reported
mean GA
314+3.6
weeks;
reported
birth weight
1,528.2 g.

LOS

EOS

Multiple
neonatal
morbidity
targets; no
sepsis-
specific
evaluation

Autoregressive
hidden Markov
model (AR-
HMM)

ROC/Youden-
based IL-6 cut-
off and IL-6—
perinatal factor
decision rules

Real-time
physiological
monitoring and
morbidity
scoring; no
validated sepsis-
specific
algorithm

Sepsis detected
in 12/18
samples within
6 h before
sampling; in
10/12, at least 3
h earlier.

IL-6 at 40 ng/L:
sensitivity
75.0%,
specificity
72.8%, and
AUROC 0.804.
Combination
with perinatal
factors
increased either
sensitivity or
specificity, but
not overall
accuracy.
Real-time data
acquisition and
visualization
demonstrated;
no sepsis-
specific
performance
estimate.

A: Uncertain sepsis-
onset timing;
dependence on
expert-annotated
events. R: Small
cohort (24 infants);
no independent
external or
prospective clinical
validation.

A: Blood culture was
not the sole
diagnostic reference;
prophylactic
antibiotic use in
infants born before
32 weeks. R:
Potential
incorporation bias in
IL-6/CRP
combination rules.

A: Device-integration
challenges,
heterogeneous
equipment, and
unstable network
connectivity. R:
Limited technical
evaluation (n=92); no
sepsis-specific
validation or patient-
outcome assessment.

Event-based
time-series
modeling
with
accommodati
on of missing
data.

Assessment
of IL-6 alone
and with
perinatal
factors.

Real-time
integration
and
visualization
of
physiological
data.



Amoakoh et al.
Netherlands,20
20

(42)

Pokhylko et al.
Ukraine,2020
“43)

Helguera-
Repetto et al.
Mexico

,2020

(44)
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Evaluate
neonatal
protocol
adherence
during
mHealth
CDSS
implementati
on.

Identify EOS
risk factors
and develop a
prognostic
model for
preterm
neonates.

Develop an
ANN model
for neonatal
sepsis
diagnosis
using
maternal and
neonatal
variables.

Clinical
implementat
ion and
process-
related
evidence

Predictive/m
odel-
developmen
t study

AI/ML
diagnostic
model-
developmen
t study

Repeated
cross-sectional
medical-
record reviews
conducted
before and
during a
cluster-
randomized
implementatio
n trial.

Retrospective
cohort study
and logistic
prediction-
model
development.

Single-center
retrospective
ANN
development
and internal
evaluation.

mCDMS
S;
structure
d
medical-
record
review
checklist.

STATA
vll

software
package

Graphpa
d Prism 5
software,
MatLab
software

Cord
sepsis

Four
sampled
clusters; 27
cord-sepsis
records(13
before and
14 during
implementati
on).

152 preterm | EOS
neonates

(121 EOS

cases and 31
comparison

infants).

238
analyzed
neonates:
106 culture-
confirmed
sepsis (22
EOS, 84
LOS) and
132 non-
septic
neonates.

LOS

EOS and

Protocol-based
mHealth
decision-support
rules

Stepwise
multivariable
logistic
regression

Artificial neural
network (ANN;
25 input
variables)

Mean cord-
sepsis protocol
adherence:
intervention
52.0% to 75.0%
(p=0.24);
control 53.8% to
60.8% (p=0.21).

Final EOS
model: AUROC
0.9377,
sensitivity
82.2%,
specificity
93.55%, PPV
97.98%, and
NPV 58%.
ANN: AUROC
0.944,
sensitivity
93.3%,
specificity
80.0%, PPV
82.35%, and
NPV 92.3%.

A: Concurrent
improvement
activities; incomplete
mortality data;
unmeasured
provider-related
factors. R: Four
purposively selected
clusters; limited cord-
sepsis sample (n=27);
potential selection
bias.

A: Not explicitly
reported. R: Small
retrospective cohort
(n=152); stepwise
predictor selection;
no independent
validation.

A: Small single-
center dataset;
dichotomized clinical
variables; potential
unnecessary
antibiotic treatment
following false-
positive predictions.
R: Selected study
population; no
independent external
validation.

Real-world
implementati
on and
assessment of
neonatal
protocol
adherence.

Development
of a clinically
interpretable
model using
perinatal
predictors.

Internal
evaluation of
an ANN
using
maternal and
neonatal
clinical
variables.



Alvi et al.
Bangladesh,20
21

(45)

Blue et al.
USA,2022
(46)

Shaw et al.
India,2023
47)

12

Evaluate
CNN and
LSTM-RNN
models for
early-onset
neonatal
sepsis
classification.

Develop
models to
predict
composite
perinatal
morbidity in
SGA
neonates.

Develop an
explainable
Al model for
infant
mortality
prediction
using sepsis-
related data.

AI/ML
predictive
model-
developmen
t study

Regression-
based
prognostic
prediction-
model
developmen
t study

Sepsis-
informed
prognostic
models

Secondary-
data
prediction-
model
development
and evaluation
study using
two previously
published
neonatal
datasets

Secondary
analysis of a
prospective
multicenter
cohort.

Retrospective
secondary-
data model
development
with internal
train—test
evaluation.

Python,
Keras,
scikit-
learn,
and
Azure
Machine

Learning.

SAS
software
Version
9.4,
GraphPa
d Prism
version
8.1.1

Software
/platform
: Not
explicitly
reported

Dataset 1:
555 records;
Dataset 2:
375 records,
as reported
by the
authors.

865 SGA
neonates;
134
composite
morbidity
events,
including
two sepsis
events.

1,946
reported
records;
training
n=1,362 and
testing
n=583.

EOS
targeted;
Dataset 2
outcome
classificati
on
uncertain

Composite
perinatal
morbidity;
sepsis was
one
component

Infant
mortality
prediction
using
sepsis-
related
predictors

CNN and
LSTM-RNN
models

Multivariable
logistic
regression with
backward
selection

Deep neural
network and
comparative ML
models;
LIME/DALEX
for explanation

Dataset 1
AUROC: CNN
0.9741, LSTM-
RNN 0.9915;
Dataset 2: 0.86
and 0.99,
respectively.
Dataset 2
outcome
classification
was uncertain.

AUROC 0.72
and 0.84 for
composite
perinatal
morbidity
(Models 1 and
2).

DNN accuracy
98.54% and log
loss 0.50 for
infant mortality
prediction.

A: Data-intensive
neural-network
architectures; need
for larger, more
complex datasets. R:
Uncertain outcome
classification in
Dataset 2; no
confirmed fixed-
model external
validation; no
gestational-age
stratification.

A: Birth-weight-
based cohort
definition;
incomplete
characterization of
selected predictors;
no internal validation
cohort. R: Only two
sepsis events;
composite rather than
sepsis-specific
prediction target.

A: Small dataset; not
specified further. R:
Retrospective
analysis of a limited
secondary dataset.
Outcome was
mortality, not sepsis-
specific. Reported
total (n = 1,946) does
not match training
plus testing samples
(1,362 + 583 =
1,945). No
independent external
validation.

Comparative
evaluation of
CNN and
LSTM-RNN
architectures
using two
datasets.

Multicenter
cohort and
predictors
available at
different
clinical
stages.

Comparison
of multiple
ML models
with
explainability
analyses.



Honoré et al.
Sweden, 2023
(28)

Notes: A = author-reported limitations; R = review-identified methodological or applicability concerns. Key strengths summarize documented study-design or methodological features and, where
available, strengths reported by the original authors; they do not necessarily indicate clinical effectiveness. Formal methodological quality, risk-of-bias, and applicability assessments are presented
separately in Table 3 and Supplementary Tables S4-S7. Sample sizes are reported according to the original units of analysis (e.g., infants, records, monitoring samples, or alerts). Adib et al. reported
inconsistent sensitivity and specificity values between the abstract and the main Results section; values in Table 1 follow the main Results and Table 3. Helguera-Repetto et al. reported 236 neonates in
the Methods section and 238 in the Results section; Table 1 follows the latter. Shaw et al. reported 1,946 records, although the stated training and test sample sizes total 1,945; Table I retains the reported
overall total. For Alvi et al., the EOS-specific applicability of Dataset 2, derived from Masino et al., remains uncertain. The performance estimates reported by Blue et al. and Shaw et al. concern composite
perinatal morbidity and infant mortality, respectively, rather than sepsis-specific diagnosis. Abbreviations: Al, artificial intelligence; ANN, artificial neural network; AR-HMM, autoregressive hidden
Markov model; AUROC, area under the receiver operating characteristic curve; CDSS, clinical decision support system; CNN, convolutional neural network; CPOE, computerized provider order entry;
DNN, deep neural network; EHR, electronic health record; EOS, early-onset sepsis; LSTM-RNN, long short-term memory recurrent neural network; LOS, late-onset sepsis; MDTA, multidimensional

Develop a
vital-sign-
based model
for early LOS
detection.

AI/ML
prediction
model (not a
clinically
implemente
d CDSS)

Single-center
observational
model
development
with patient-
level cross-
validation.

Philips
IntelliVu
e MX800
patient
monitors;
physiolo
gical
monitori
ng data
(HR, RR,
SpOz)
and EHR
data.

Gaussian Naive
Bayes classifier

325 neonates | LOS
(53%

preterm),

2,866

monitoring

days, and 20

LOS

episodes.

Median
AUROC
approximately
0.82 for LOS
prediction up to
24 h before
clinical
suspicion; PPV

A: Small cohort and
limited number of
sepsis cases,
restricting model
evaluation.

R: Low PPV; no
independent external
validation or clinical

0.009-0.022 and | deployment.

NPV 0.997-
0.999.

temporal abstraction; ML, machine learning; NICU, neonatal intensive care unit; NPV, negative predictive value; PPV, positive predictive value; SGA, small for gestational age.

13

High-
frequency
physiological
monitoring
and patient-
level cross-
validation.



Stages of Decision-Support Development and Clinical Implementation

The 13 studies show different points along the development pathway [Table 2]. Seven built or tested prediction
models. Two looked at diagnostic biomarkers or decision rules. Two dealt with computerized monitoring systems or
technical architectures. Two examined decision-support systems already running in practice. The prediction-model
studies mainly reported apparent performance, internal cross-validation, or split-sample evaluation. None confirmed
independent external validation of a fixed sepsis-prediction model. The technical studies showed that prototypes and
system integration were possible, but they did not show routine clinical use or effectiveness of a validated sepsis-
specific CDSS. Of the two operational systems, Sheehan et al. described antibiotic-prescribing alerts in a NICU, while
Amoakoh et al. assessed adherence to neonatal care protocols during an mHealth implementation. Neither showed
improvements in sepsis-related patient outcomes. On the whole, the evidence supports diagnostic, predictive, and
technical feasibility rather than demonstrated clinical effectiveness.

Table 2. Classification of included studies by stage of decision-support development, validation, implementation,
and outcome evaluation.

Study | Primary | Model | Validatio | Technic Clinical System / Intervent Key evidence
study develop n/ al/ implement process ion- limitation
categor ment technical | CDSS ation outcomes related
y evaluatio | integrat patient
n ion outcomes
Adib et | Diagnost NA Diagnosti NA NA NE NE CD64 evaluation;
al. ic c no computerized
(2006) biomark accuracy CDSS
er
Stacey Technic NA Prototype | Prototy NE NE NE No clinical
et al. al testing pe validation or
(2007) architect routine
ure deployment
Sheehan | Operatio NA NA Yes Yes Alert NE Prescribing
et al. nal alert- frequency/de behavior and
(2009) based livery only patient effects not
CDSS evaluated
Stancul LOS Yes Internal NE NE NE NE Retrospective
escu et predictio Ccv evaluation; no
al. n model clinical
(2014) deployment
Ebeneb | Diagnost NA Diagnosti NA NA NE NE IL-6 and perinatal
eet al. ic c factors; no
(2021) biomark accuracy computerized
er/rule CDSS
Singh et | Integrate | Technica | Technical | Yes— Sepsis- NE NE No validated
al. d 1 scoring | evaluatio | monitor specific sepsis-specific
(2019) monitori | compone n ing routine use clinical
system NR intervention
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Amoako
h et al.
(2020)

Pokhylk
o et al.
(2020)

Helguer
a-
Repetto
et al.
(2020)

Alvi et
al.
(2021)

Blue et
al.
(2022)

Shaw et
al.
(2023)

Honoré
et al.
(2023)

ng
system

Operatio
nal
mHealth
CDSS

EOS
predictio
n model

ANN
diagnost
ic model

CNN/LS
™
predictio
n
models

Composi
te
morbidit

y
models

Mortalit

y
predictio
n/ XAl

LOS
detectio
n model

nt

described

NA

Yes

Yes

Yes

Yes

Yes

Yes

NA

Apparent
performa
nce

Internal
CV +
hold-out

Internal
split-
sample
evaluatio
n; two
datasets

Apparent

discrimin

ation and

calibratio
n

Internal
split-
sample

Patient-
level CV

Yes

NE

NE

NE

NE

NE

NE

Yes Protocol
adherence
evaluated

NE NE

NE NE

NE NE

NE NE

NE NE

NE NE

NE

NE

NE

NE

NE

NE

NE

No statistically
significant
adherence

improvement;

causal attribution
limited

No independent
model validation

No independent
external validation

Fixed-model
external validation
not established

Sepsis was one
component of a
composite
outcome

Mortality, rather
than sepsis, was
the prediction
target

Offline model
evaluation; no
clinical
deployment

Notes: NA = not applicable; NE = not evaluated; NR = not reported or insufficiently documented; CV = cross-validation; CDSS = clinical decision
support system; EOS = early-onset sepsis; LOS = late-onset sepsis; ANN = artificial neural network; CNN = convolutional neural network; LSTM
= long short-term memory, XAI = explainable artificial intelligence. Model-performance evaluation was distinguished from clinical effectiveness.
Technical integration or prototype testing was not considered equivalent to routine implementation of a validated sepsis-specific CDSS. Alert
frequency and delivery were classified as system activity rather than evidence of changed clinical practice. Intervention-related patient outcomes
refer to observed clinical effects of decision-support interventions, not outcomes used as prediction targets. No included study established
improvements in sepsis-related patient outcomes attributable to a CDSS intervention.
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Validation and clinical utility

Validation strategies varied substantially across the included studies. Diagnostic biomarker studies generally assessed
performance within their study populations, whereas prediction-model studies relied mainly on apparent performance,
cross-validation, or internal train—test evaluation. Stanculescu et al. used leave-one-out cross-validation, with nested
cross-validation for model tuning. Helguera-Repetto et al. performed five-fold internal cross-validation and evaluated
their final model using a held-out test set from the same data source. Honor¢ et al. used patient-level cross-validation.
Alvi et al. evaluated models using two datasets; however, independent external validation of a fixed model was not
clearly established. Reported AUROCsS for neonatal sepsis prediction included 0.9377 for Pokhylko et al., 0.944 for
Helguera-Repetto et al., and approximately 0.82 for Honor¢ et al. Alvi et al. reported AUROCSs of 0.9741 and 0.9915
for CNN and LSTM-RNN models, respectively, in Dataset 1. Ebenebe et al. reported an AUROC of 0.804 for IL-6-
based EOS diagnosis. In contrast, Blue et al. reported AUROCs of 0.72 and 0.84 for composite perinatal morbidity,
whereas Shaw et al. reported 98.54% accuracy for infant mortality prediction. These estimates reflected different
prediction targets and evaluation designs and were therefore not directly comparable. Measures relevant to clinical
utility were inconsistently reported. Pokhylko et al. reported an NPV of 58%, whereas Honoré et al. reported low
prediction-frame-level PPVs (0.009-0.022), despite an AUROC of approximately 0.82. Calibration assessment was
uncommon. Blue et al. compared observed and predicted morbidity rates across risk deciles within the development
dataset, while Honor¢ et al. applied isotonic regression to the training data. Decision thresholds were frequently data-
derived or lacked independent validation, and missing-data handling was inconsistently described. No confirmed
independent temporal or external validation of a fixed prediction model, or prospective clinical validation of its
effectiveness, was identified. Further details are presented in Supplementary Table S2. Overall, evidence regarding
model transportability and prospective clinical utility remained limited.

Clinical Implementation and Process-Related Outcomes

Two studies examined decision-support systems that were already in use in clinical practice. Both focused on care
processes rather than on what happened to patients. Sheehan et al. documented 6,863 alerts in the NICU, of which
1,660 (24%) were antibiotic-related. Within that group, 54% of alerts concerned laboratory history, 37% renal-
impairment dosing, and 8.8% gestational age. The study did not examine whether clinicians accepted or overrode the
alerts, whether antibiotic prescribing changed, whether medication errors occurred, or whether patients did better or
worse. Amoakoh et al. reported that mean adherence to cord-sepsis protocols increased from 52.0% to 75.0% in the
intervention clusters and from 53.8% to 60.8% in the control clusters. Neither change was statistically significant
within its own group (p = 0.24 for the intervention clusters; p = 0.21 for the controls). Because other neonatal health-
improvement activities were taking place at the same time, and because of other methodological constraints, the
observed changes could not be reliably attributed to the mHealth CDSS on its own. Neither study established that the
decision-support systems reduced antibiotic exposure, treatment duration, or sepsis-related patient outcomes. Alert
fatigue was also not formally assessed. Evidence from clinical implementation therefore remained limited largely to
descriptions of prescribing alerts and tracking of protocol adherence; none of the systems had been shown to change
clinical outcomes.

Methodological Quality and Risk of Bias

The methodological appraisals raised concerns in several domains across the included studies [Supplementary Tables
S4-S7]. Eight studies with a prediction-model component were assessed using PROBAST=+AI one of these, Singh et
al., was also assessed using QuADS. All eight studies received a High overall concern rating for model development
quality. In most cases, this reflected limitations in the Analysis domain, including sample size, predictor selection,
overfitting, and validation procedures. High concern ratings in the Participants and Data Sources domain were
recorded for Helguera-Repetto et al., Stanculescu et al., Honoré¢ et al., and Alvi et al. (Dataset 2). In the Outcome
domain, High concern ratings were recorded for Helguera-Repetto et al., Pokhylko et al., and Alvi et al. (Dataset 2).
Shaw et al. also received a High concern rating in the Predictors domain. Seven studies had assessable model-
performance evaluations, and all seven received a High overall risk-of-bias rating. For Singh et al., performance-
evaluation risk of bias was not assessed because the reporting was insufficient. Applicability ratings also varied across
the prediction-model studies. High outcome-applicability concern ratings were recorded for Blue et al., Shaw et al.,
and Singh et al. Their prediction targets were composite perinatal morbidity, infant mortality, and general neonatal
morbidity, respectively, rather than sepsis-specific outcomes. Alvi et al. (Dataset 2) also received a High outcome-
applicability concern rating because the classification of sepsis observations was uncertain. These applicability ratings
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were kept separate from the eligibility criteria used in the broader review. Both diagnostic accuracy studies assessed
using QUADAS-2, Adib et al. and Ebenebe et al., received a High overall risk-of-bias rating. Adib et al. also received
a High patient-selection applicability concern rating. In Ebenebe et al., the combined IL-6 and CRP rules raised
additional concerns about incorporation bias, because CRP formed part of the diagnostic reference definition. The
implementation study by Amoakoh et al., assessed using EPHPP, received a Weak global rating, with Weak ratings
for selection bias, confounders, and data collection methods. QuADS assessments of Stacey et al. and Singh et al.
identified limitations in methodological reporting and sampling. Stacey et al. scored 0 for recruitment information,
whereas Singh et al. scored 1 for stakeholder involvement. In the MMAT assessment of Shechan et al., three
quantitative descriptive criteria were rated Can't tell because information on representativeness, measurement
appropriateness, and nonresponse or data completeness was insufficient. The appraisal tools addressed different
methodological dimensions, so their findings were reported separately and no combined quality score was calculated.
Summary findings are presented in Table 3, with detailed assessments in Supplementary Tables S4-S7.

Table 3. Summary of methodological appraisal and risk-of-bias assessment of included studies

Study Appraisal tool Overall finding
Adib et al.(36) QUADAS-2 High RoB
Stacey et al.(37) QuADS Criterion-level assessment
Sheehan et al.(38) MMAT 2018 Criterion-level assessment
Stanculescu et PROBAST+AI High development concerns; High performance-evaluation RoB
al.(39)
Ebenebe et al.(40) QUADAS-2 High RoB
Singh et al.(41) PROBAST+AL High development concerns; performance evaluation not
QuADS assessed; QUADS criterion-level assessment
Amoakoh et al.(42) EPHPP Weak global rating
Pokhylko et al.(43) PROBAST+AI High development concerns; High performance-evaluation RoB
Helguera-Repetto et PROBAST+AI High development concerns; High performance-evaluation RoB
al.(44)
Alvi et al.(45) PROBAST+AI High overall concerns across assessed model-dataset
combinations
Blue et al.(46) PROBAST+AI High overall concerns for both models
Shaw et al.(47) PROBAST+AI High development concerns; High performance-evaluation RoB
Honor¢ et al.(28) PROBAST+AI High development concerns; High performance-evaluation RoB

Notes: For PROBAST+AI, concerns about model development quality and risk of bias in model performance evaluation were assessed separately.
Applicability was evaluated in relation to the intended clinical use of neonatal sepsis prediction or diagnosis. For Singh et al., performance-
evaluation risk of bias was not assessed because of insufficient reporting. QuADS and MMAT results were reported at the criterion level without
assigning overall quality categories. Detailed assessments are provided in Supplementary Tables S4-S7. Abbreviations: EPHPP, Effective Public
Health Practice Project; MMAT, Mixed Methods Appraisal Tool; PROBAST+AI, Prediction Model Risk of Bias Assessment Tool plus Artificial
Intelligence; QuADS, Quality Assessment with Diverse Studies;, QUADAS-2, Quality Assessment of Diagnostic Accuracy Studies-2; RoB, risk of
bias psis-related patient outcomes attributable to a CDSS intervention.

Discussion

This review identified, classified, and critically synthesized decision-support approaches for neonatal sepsis. Thirteen
studies were reviewed, and the results showed considerable heterogeneity across clinical populations, sepsis
phenotypes, computational approaches, validation strategies, and stages of clinical implementation. Seven developed
or evaluated prediction models, two examined diagnostic biomarkers or decision rules, two investigated monitoring
systems or technical architectures, and two evaluated systems already deployed in clinical practice. Diagnostic
accuracy, predictive performance, and technical feasibility are not the same as demonstrated clinical benefit, and the
included evidence should be read with that distinction in mind.

The studies sit at different points along a decision-support pathway: model development, validation, CDSS
integration, clinical implementation, and patient-outcome evaluation. This is a framework for organizing the evidence.
Adib et al. (36) and Ebenebe et al. (40), for example, evaluated diagnostic biomarkers without testing a computerized
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CDSS. Most prediction-model studies assessed algorithm development or performance without showing how the
model would function in routine workflows. Stacey et al. (37) and Singh et al. (41) concentrated on technical
architecture, physiological monitoring, or system development rather than sepsis-specific clinical effectiveness. The
two studies that evaluated clinically implemented systems did not test sepsis-specific prediction models integrated
into routine care: Sheehan et al. (38) examined antibiotic-prescribing alerts in a general NICU, while Amoakoh et al.
(42) assessed adherence to neonatal care protocols, including cord-sepsis management. Their results speak to
implementation and process, not to the clinical effectiveness of a sepsis-specific predictive CDSS.

The reported findings diverge for reasons that are partly clinical and partly methodological. EOS and LOS differ
in timing, risk factors, clinical presentation, and relevant predictors. Pokhylko et al. (43) and Ebenebe et al. (40) used
maternal, perinatal, and laboratory variables in EOS populations. Stanculescu et al. (39) and Honor¢ et al. (28) relied
heavily on physiological monitoring data for LOS prediction. Gestational-age eligibility ranged from very preterm
populations to broader neonatal cohorts. Sepsis definitions, diagnostic reference standards, and outcome-assessment
timing also varied, and these differences can shape reported model performance. When reference standards differ,
models may be developed against clinically distinct outcome definitions, which limits comparability and
transferability.

Not all included studies targeted sepsis specifically. Blue et al. (46) developed models for composite perinatal
morbidity, in which sepsis was only one component. Shaw et al. (47) examined infant mortality using sepsis-related
clinical variables. The EOS-specific applicability of the second dataset used by Alvi et al. (45) remained unclear.
These studies provide useful information about neonatal risk prediction, but their reported performance should not be
interpreted as evidence of accurate neonatal sepsis diagnosis. Differences in populations, prediction targets, and
reference standards need to be considered when interpreting performance estimates, rather than comparing models
solely on numerical accuracy or discrimination.

Validation strategies differed across studies. Stanculescu et al. (39) used leave-one-out cross-validation.
Helguera-Repetto et al. (44) evaluated their model with internal cross-validation and a held-out test set from the same
source population. Honoré et al. (28) performed patient-level cross-validation. Alvi et al. (45) assessed performance
using two datasets, but independent external validation of a fixed model without further development or tuning was
not clearly established. Internal validation can offer preliminary evidence, but it cannot show whether performance
will hold across different NICUs, patient populations, or periods of care.

Transportability is affected by differences in gestational-age distributions, disease prevalence, monitoring
practices, laboratory testing, and clinical workflows. Using prospectively collected data is not the same as prospective
clinical validation, because model development and evaluation may still be retrospective and may not influence
clinical decisions. Even when multicenter data were available, as in Blue et al., the predicted outcome was not neonatal
sepsis specifically. Confirmed independent external validation of sepsis-prediction models is largely absent from this
literature.

Good statistical performance may suggest potential clinical usefulness, but it does not prove it. AUROC,
sensitivity, and specificity describe certain aspects of model performance, yet they do not fully capture usefulness at
specific decision thresholds. Predictive values, calibration, and the balance between false-positive and false-negative
predictions also matter. Pokhylko et al. (43) reported an NPV of 58%. Honor¢ et al. (28) reported low prediction-
frame-level PPVs (0.009-0.022) despite an AUROC of approximately 0.82. Predictive values also depend on disease
prevalence and the unit of analysis, which limits direct comparisons across studies and populations.

False-positive predictions can lead to unnecessary diagnostic investigations or antibiotic administration. False-
negative predictions can delay sepsis recognition and treatment. Helguera-Repetto et al. (44) acknowledged the
possibility of unnecessary antibiotic treatment following false-positive predictions, but the actual clinical
consequences of these errors were not prospectively evaluated in the included prediction-model studies.

Calibration and decision-threshold validation were reported inconsistently. Blue et al. assessed agreement
between predicted and observed composite morbidity rates, and Honor¢ et al. (28) applied isotonic regression during
model training, but independent calibration performance was not established for most models. Missing-data handling
was similarly inconsistent: some studies described approaches for incomplete observations, while others provided too
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little information. These limitations restrict reproducibility and make it difficult to determine how reliably the models
would perform in routine clinical datasets.

Clinical implementation raises considerations that retrospective prediction-model evaluation cannot address.
Sheehan et al. (38) examined antibiotic-related alerts generated by an operational NICU prescribing system. This
demonstrated that computerized decision support was being delivered within a clinical workflow, but the study did
not establish whether clinicians accepted or acted on the alerts, whether prescribing practices improved, or whether
patient outcomes changed. The large number of generated alerts also highlights the importance of alert burden,
although formal assessment of alert fatigue was not reported.

Amoakoh et al. (42) evaluated adherence to neonatal care protocols during implementation of a mHealth
decision-support system. Adherence to cord-sepsis protocols increased numerically in the intervention clusters, but
the changes were not statistically significant, and concurrent neonatal health-improvement activities limited causal
attribution. Neither implementation study established reductions in antibiotic exposure, treatment duration, sepsis-
related morbidity, or mortality. The absence of demonstrated clinical benefit should not be taken as proof that these
interventions were ineffective; the available studies simply did not provide sufficiently rigorous outcome evaluations.

The methodological quality assessments support a cautious reading of the findings. PROBAST=ALI identified
High overall concerns about model development quality in all eight assessed studies and High overall risk of bias in
the seven studies with assessable model-performance evaluations. Model-performance evaluation was not assessed
for Singh et al. (41) because of insufficient reporting. The main methodological concerns involved analytical methods,
sample size, predictor selection, outcome assessment, and validation procedures.

The diagnostic accuracy studies assessed with QUADAS-2 also received High overall risk-of-bias ratings,
particularly because of concerns about patient selection and diagnostic assessment. The implementation study by
Amoakoh et al. (42) received a Weak global EPHPP rating, reflecting limitations related to selection bias,
confounding, and data collection methods. Reported performance should therefore be read alongside methodological
quality rather than treated as evidence of reliable or transferable clinical benefit.

The included studies also span a broad publication period. Earlier studies investigated diagnostic biomarkers,
computerized monitoring approaches, and technical decision-support architectures. More recent investigations
increasingly incorporated statistical prediction and machine-learning methods. These approaches represent different
stages of technological development and are not equivalent in computational capabilities, clinical integration, or
evaluation methods. Including them provides historical context for the development of neonatal sepsis-related decision
support. The findings are more informative when interpreted according to the clinical purpose and developmental
stage of each approach, rather than through direct comparisons of technologies developed under different conditions.

Future research should move from retrospective model development to rigorous clinical evaluation. Clear
definitions of EOS and LOS, appropriate gestational-age stratification, and consistent outcome definitions would
improve interpretability and comparability across studies. Prediction models should undergo independent temporal
and external validation, with transparent reporting of calibration, predictive values, clinically relevant decision
thresholds, missing-data handling, and false-positive burden. Implementation studies should evaluate integration into
clinical workflows, clinician acceptance, and responses to alerts, usability, and alert fatigue.

Prospective comparative evaluations should also investigate clinically meaningful outcomes, including time to
sepsis recognition, antibiotic initiation and duration, unnecessary antibiotic exposure, morbidity, and mortality.
Reporting guidance such as TRIPOD+AI (48) and DECIDE-AI (49) may support more transparent evaluation of
clinical prediction models and early-stage Al-driven decision-support interventions, respectively. Such evidence is
needed to determine whether promising diagnostic and computational approaches actually translate into measurable
benefits in neonatal care.

Strengths and Limitations of the Review

A key strength of this review was the explicit distinction between diagnostic biomarkers, prediction models, technical
monitoring systems, and clinically implemented decision-support interventions. This classification allowed the
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evidence to be interpreted according to its stage of development, validation, integration, and clinical evaluation. The
use of design-appropriate methodological appraisal tools also supported separate evaluation of prediction-model
studies, diagnostic accuracy studies, technical systems, and clinical implementation research. Several limitations
should also be noted. Heterogeneity in study populations, sepsis definitions, computational approaches, validation
strategies, and reported outcomes precluded meaningful quantitative pooling and limited direct comparisons across
studies. The broad eligibility criteria allowed inclusion of studies in which neonatal sepsis was an indirect prediction
target, a component of a broader clinical outcome, or a condition addressed by a general neonatal decision-support
intervention, which reduced the specificity of conclusions regarding sepsis-focused CDSS. Only two studies evaluated
clinically implemented decision-support systems, limiting conclusions about clinical effectiveness. Methodological
weaknesses and incomplete reporting in several primary studies restricted the assessment of model transportability,
clinical utility, and patient outcomes. Finally, the review was restricted to English-language publications, and the
search included studies available through 19 April 2025; relevant studies outside the searched sources or published
after that date may not have been captured. These limitations should be considered when interpreting the findings and
their applicability to contemporary neonatal care.

Conclusion

The decision-support approaches reviewed in this article, encompassing diagnostic, predictive, technical, and clinical
applications, were highly heterogeneous. Some showed promising diagnostic or predictive performance, while
technical studies demonstrated the feasibility of continuous neonatal monitoring and automated data processing in
NICU settings. However, most prediction models underwent internal validation only. None of the included studies
clearly demonstrated independent external validation of a fixed sepsis-prediction model, and evidence of the
integration of such models into routine clinical workflows was limited. The two studies evaluating clinical decision-
support systems in practice did not test sepsis-specific prediction models. One examined antibiotic-prescribing alerts,
while the other assessed adherence to neonatal care protocols. Neither study established improvements in sepsis-
related patient outcomes. Methodological limitations and high risk-of-bias ratings further limited confidence in the
reported performance estimates. Future research should focus on independent temporal and external validation,
clinical integration, and prospective evaluation of clinically relevant outcomes, including sepsis recognition, antibiotic
use, and neonatal morbidity and mortality. Until such evidence is available, the clinical effectiveness of decision-
support approaches for neonatal sepsis cannot be considered established.
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