S MR

The Leading eHealth Publisher

From Prediction to Practice: A Rapid Review on the
Opportunities and Challenges of using Artificial
Intelligence in the Neonatal Intensive Care Unit

(NICU)

Samantha Tudor, Urooj Raza Khan, Risha Bhatia, Michael Liem, Tafheem Ahmad
Wani, James Boyd

Submitted to: Journal of Medical Internet Research
on: June 14, 2024

Disclaimer: © The authors. All rightsreserved. Thisis a privileged document currently under peer-review/community
review. Authors have provided JMIR Publications with an exclusive license to publish this preprint on it's website for
review purposes only. While the final peer-reviewed paper may be licensed under a CC BY license on publication, at this
stage authors and publisher expressively prohibit redistribution of this draft paper other than for review purposes.

https://preprints.jmir.org/preprint/63175 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Tudor et a

Table of Contents

L@ T N F= Y =T o TN 1S o ] o] SO ST SO RSSRPRPRRN 5

https://preprints.jmir.org/preprint/63175 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Tudor et a

From Prediction to Practice: A Rapid Review on the Opportunities and
Challenges of using Artificial Intelligence in the Neonatal Intensive Care
Unit (NICU)

Samantha Tudor! BBIS, MDH; Urooj Raza Khan' PhD; Risha Bhatia® PhD; Michael Liem® PhD; Tafheem Ahmad
Wani* PhD; James Boyd" PhD

!_aTrobe University Melbourne AU
2Monash University Melbourne AU

Corresponding Author:
Samantha Tudor BBIS, MDH
LaTrobe University

Plenty Rd Bundoora
Melbourne

AU

Abstract

Background: The use of Artificial Intelligence (Al) in healthcare has been steadily increasing for over two decades. Integrating
Al into Neonatal Intensive Care Units (NICUs) has the potential to reshape neonatal care and improve outcomes.

Objective: To analyse the current Al research landscape for predicting clinical outcomes and length of stay in the NICU, and to
explore the benefits and challenges of utilising Al in the NICU for these predictions.

Methods: A rapid review was conducted across 6 databases, PubMed, Embase, CIHANL, Cochrane Library, Informit, and La
Trobe Library, to identify Englished-language peer reviewed articles published between January 2017 and March 2023 that
focused on the use of Al for predicting length of stay and clinical outcomes for NICU patient. A thematic analysis of Al
application in NICUs from the articles identified was conducted.

Results: A total of 24 articles were included in the review, with Al applied in NICU settings to predict comorbidities (18/24),
mortality (4/24), and length of stay (2/24). Sixteen of the studies were in the exploration stage, lacking a cohesive Al strategy,
while the remaining eight were in the emerging stage, where the exploration of Al had been conducted systematically. None of
the studies reported a fully integrated Al solution in a NICU setting. This review aso identified severa critical challenges,
including data quality, clinical interpretability, model generalisation, and ethical considerations. Despite the lack of maturity and
the challenges of Al in the NICU, the thematic analysis revealed four themes of potential Al application in enhancing NICU
care: data-driven insights and predictive models, advancements in medical imaging, improved risk stratification, and
personalised neonatal care and interventions.

Conclusions: Al provides opportunities, particularly in medical imaging and data-driven insights, offering the potential for
improved diagnostic accuracy and personalised care. Data quality and ethical considerations are challenges to be addressed.
Bridging these gaps can harness the transformative potential of Al to enhance neonatal care and healthcare delivery. Future
research should prioritise practical implementation and ethical guidelines to fully realise the benefits of Al inthe NICU.
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Abstract

Background: The use of Artificial Intelligence (AI) in healthcare has been steadily increasing for
over two decades. Integrating Al into Neonatal Intensive Care Units (NICUs) has the potential to
reshape neonatal care and improve outcomes.

Objective: To analyse the current Al research landscape for predicting clinical outcomes and length
of stay in the NICU, and to explore the benefits and challenges of utilising Al in the NICU for these
predictions.

Method: A rapid review was conducted across 6 databases, PubMed, Embase, CIHANL, Cochrane
Library, Informit, and La Trobe Library, to identify Englished-language peer reviewed articles
published between January 2017 and March 2023 that focused on the use of Al for predicting length
of stay and clinical outcomes for NICU patient. A thematic analysis of Al application in NICUs from
the articles identified was conducted.

Results: A total of 24 articles were included in the review, with Al applied in NICU settings to
predict comorbidities (18/24), mortality (4/24), and length of stay (2/24). Sixteen of the studies were
in the exploration stage, lacking a cohesive Al strategy, while the remaining eight were in the
emerging stage, where the exploration of Al had been conducted systematically. None of the studies
reported a fully integrated Al solution in a NICU setting. This review also identified several critical
challenges, including data quality, clinical interpretability, model generalisation, and ethical
considerations. Despite the lack of maturity and the challenges of Al in the NICU, the thematic
analysis revealed four themes of potential Al application in enhancing NICU care: data-driven
insights and predictive models, advancements in medical imaging, improved risk stratification, and
personalised neonatal care and interventions.

Conclusion: Al provides opportunities, particularly in medical imaging and data-driven insights,
offering the potential for improved diagnostic accuracy and personalised care. Data quality and
ethical considerations are challenges to be addressed. Bridging these gaps can harness the
transformative potential of Al to enhance neonatal care and healthcare delivery. Future research
should prioritise practical implementation and ethical guidelines to fully realise the benefits of Al in
the NICU.

Keywords: Artificial Intelligence; Deep Learning; Machine Learning; Neonatal Intensive Care Unit
(NICU); Predictive Modelling; Length of Stay; Clinical Outcomes; Rapid Review.
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Introduction

Background

Neonatal Intensive Care Units (NICUs) are specialised hospital units providing intensive medical
care for critically ill newborns, particularly those born prematurely or with medical and surgical
conditions that require close monitoring and specialised interventions and treatment. One in ten
babies is born prematurely or sick, emphasising the essential role of neonatal care in promoting their
well-being and survival (1). With an estimated 15 million premature births annually and around 1
million child deaths due to preterm complications each year (2) the significance of specialised care is
evident. Surviving infants may encounter lifelong challenges, highlighting the need for effective
neonatal care to ensure healthy development and improved long-term outcomes.

Within the complex ecosystem of the NICU, healthcare providers rely on the expertise of skilled
clinicians and essential medical devices to deliver specialised care. The implementation of Electronic
Medical Records (EMR) has made vast volumes of data more accessible in recent years, contributing
to significant advances in medical research and technology, leading to improved survival rates for
NICU patients (3). However, these advancements come with increased demands on healthcare
resources, including specialised staff, equipment, and facilities. Innovative approaches are essential
to address these challenges and enhance overall healthcare efficacy.

One avenue for improvement is the prediction of length of stay in the NICU. Accurate length of stay
predictions are crucial for resource allocation, discharge planning, and optimising care pathways (4).
Prolonged stays can have significant implications on neonatal development, parent-newborn
interactions, and family well-being (5, 6). Additionally, predicting clinical outcomes is equally
important, as it allows for monitoring essential developmental milestones, potential delays or
improvements, and the lasting effects of medical interventions on NICU patients (7-12).

Healthcare providers face several challenges when predicting length of stay or clinical outcomes in
the NICU setting. The vast amounts of data, including patient vitals, laboratory results, imaging data,
and clinical notes, can be overwhelming to process manually (13). Limited availability of human
resources in high-stress NICU settings further compounds the challenge, where teams must balance
heavy workloads and rapid decision-making (14).

Furthermore, the dynamic nature of neonatal care, marked by rapid changes in health status, adds
another layer of complexity to accurate predictions. In this context, Artificial Intelligence (AI)
technology emerges as a potential solution. Al refers to the capability of computer systems to carry
out tasks that typically require human intelligence, including prediction, learning, and decision-
making (15). While traditional software and other computer systems rely on predetermined rules and
instructions to accomplish specific tasks, Al sets itself apart by its capacity to learn from data and
continually enhance performance without explicit programming (16).

In healthcare, predictive analytics powered by Al has proven effective for disease diagnosis and risk
stratification, offering insights from patient data, medical records, and imaging results (17, 18).
However, Al integration in the NICU environment is not without its challenges. Concerns related to
data privacy, algorithm bias, and the need for transparent and interpretable models raise ethical
considerations (19, 20). Understanding these challenges is essential for the responsible and
successful implementation of Al for predictive analytics in neonatal care.

https://preprints.jmir.org/preprint/63175 [unpublished, non-peer-reviewed preprint]
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Research Focus & Aims

This review aimed to address the research question, "What are the opportunities and challenges in
using Artificial Intelligence in the Neonatal Intensive Care Unit (NICU) to predict length of stay and
clinical outcomes?".

The objective was to analyse the current Al research landscape for predicting clinical outcomes and
length of stay in the NICU, exploring the benefits and challenges of utilising Al in the NICU for
these predictions. This will help identify gaps in AI applications for predicting clinical outcomes and
length of stay in the NICU and offer recommendations for future research.

Method

A rapid review was conducted to explore the opportunities and challenges associated with using Al
technology in the NICU for predicting length of stay and clinical outcomes. This methodology, a
condensed form of a systematic review, can provide valuable recommendations to inform policy and
systems decisions (21). The rapid review method suits the growing digital health context, focusing
on precise interventions and emerging technologies. It facilitates timely insights for decision-making,
guiding future research and indicating Al integration gaps in neonatal care, following the guidelines
outlined in the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses)
Statement (22).

Database Search

English language peer-reviewed studies between January 2017 and March 2023 were searched in six
databases (Embase, Medline, CINAHL, Cochrane, Informit and La Trobe Library). The search
utilised relevant search strings and Medical Subject Headings (MeSH). The keywords included
Artificial Intelligence, NICU, length of stay, and Outcome (refer to Table 1).

Eligibility Criteria

This inclusion criteria focused on NICU patients and the adoption of Al technology for predicting
outcomes and length of stay. Both retrospective and prospective studies were included for a
comprehensive view. Retrospective studies offer historical insights through EHRs (Electronic Health
Records), while prospective studies provide real-time data for dynamic observations. The
combination ensured a comprehensive evaluation, considering Al's opportunities and challenges in
the NICU. Studies within the last five years, in English, and with full-text availability were included,
aiming to understand Al's role in predicting NICU outcomes and length of stay.

Study Selection and Quality Appraisal

A total of 811 studies were obtained and imported into Covidence Systematic Review Software (23).
Among them, 85 duplicates were removed, resulting in 726 studies for screening. Out of the initial
726 studies, 169 were retained following a title and abstract review. The final selection comprised 24
articles deemed appropriate and included following full review. A PRISMA flow diagram (Figure 1)
illustrates the process of article selection and exclusion.

The included studies underwent quality assessment using modified WHO guidelines (21) and

https://preprints.jmir.org/preprint/63175 [unpublished, non-peer-reviewed preprint]
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preferred QCC (Quality Criteria Checklist) (24) due to varied study designs. Appendix Table 2
contains detailed ratings, evaluating bias and quality.

Data Extraction

Relevant data from the selected studies were systematically extracted and recorded in Microsoft
Excel (25). A customised template, designed by the research team specifically for this rapid review,
was utilised for data extraction. The template included key features, such as study characteristics
(background, methods, results, conclusions, impact), study details (type of study, keywords, country,
number of participants), technology-related information (technology type, algorithm/model details),
outcome (length of stay/outcome), evaluation measures, as well as insights on potential
opportunities, challenges, discussed gaps, further research needs, and suggested improvement areas.
The extracted data were organised and analysed for synthesising key findings and identifying and
coding emerging themes relating to the research objectives.

Assessment of Maturity Levels in Al Adoption

The maturity levels of AI Adoption in the included studies were assessed using a structured
framework defining "Exploring,"” "Emerging/Activating," or "Integrated Ecosystem" stages (26). The
evaluation considered national strategies, systematic exploration, and policy support. Articles were
categorised based on their alignment with these dimensions, ensuring consistent and reliable
assessments.

https://preprints.jmir.org/preprint/63175 [unpublished, non-peer-reviewed preprint]
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Figure 1 — PRISMA Flow Diagram
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Results
Study Characteristics

The studies, as seen in Figure 2, include various technology interventions in NICU research: seven
using Machine Learning (27-33), three combining Machine and Deep Learning (34-36), and fourteen
exclusively focusing on Deep Learning (37-50). Geographically, thirteen studies are from the USA
(27, 28, 32, 36, 37, 39, 41, 42, 44, 46-49), with others from Austria (two) (29, 40), Taiwan (two) (43,
45), and six in different countries including Argentina (31), China (35), Denmark (33), Iran (50),
Italy (34), and Tanzania (30), along with one multinational dataset (38). Study designs include fifteen
retrospective, six prospective single-centre, and three multi-centre studies. Participant cohorts vary,
with seven studies featuring small cohorts, eight with medium, and nine with large cohorts.

Of the included studies, 16 fall under the "Exploring" category, lacking a cohesive Al strategy (27,
28, 30, 31, 35, 37-39, 41, 43-46, 48-50). Eight articles were classified as "Emerging/Activating,"
showing systematic exploration but without a fully established Al ecosystem (29, 32-34, 36, 40, 42,
47). None were categorised under "Integrated Ecosystem", indicating a mature and fully established
Al ecosystem in neonatal care remains a future aspiration.

Studies primarily analyse three key outcomes: length of stay (two instances), morbidities (eighteen
studies), and mortality (four studies). These characteristics offer insights into the diverse range of
studies in Al's current NICU research.

Technology Intervention

Machine

Machine Learning & Deep
Learning Deep Learning
(n=7) Learning (n=14)
(n=3)
Location Study Design Participants Maturity Level
USA {n=13) Retrospective Small (n=7) Expic!lr;ng
Austria (n=2) (n=15) (<100) (n=16)
Taiwan (n=2) Medium (n=8) Eme§|ng
Prospective (100 - <1000) (n=8)
Other (n=7) Single Centre {n=6)

Integrated
(n=0)

(Argentina, China, Denmark, Mult Centre (n=3) Large (n=9)
Iran, Italy, Tanzania, Multi- (>=1000)
Mational)

Health Condition

Length of
Stay
(n=2)

Morbidities Mortality
(n=18) (n=4)

Figure 2 - Study Characteristics

Characteristics of Al predictions for NICU patients (n=24), including technology interventions, location, type of study design, number
of participants, the AI maturity level, and the outcome predicted. USA: United States of America.

Temporal Technological Trends. The included literature depicts temporal technology trends (Figure
3), revealing shifts in preference within neonatal care research. In 2020 and 2021, five studies
emphasised Deep Learning (38-40, 42-44, 46, 48-50), signifying its growing recognition in
predicting outcomes. This trend continues in 2022, with three studies opting for Deep Learning (37,
45, 47). Post-2021, studies integrate Machine Learning and Deep Learning (34-36) methods,
reflecting evolving research methodologies and the importance of advanced Al, particularly Deep
Learning, in neonatal care predictions.

https://preprints.jmir.org/preprint/63175 [unpublished, non-peer-reviewed preprint]
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Machine Learning
m Machine & Deep Learning

m Deep Learning

Number of studies
R

1
0 .
Pre-2020 2020 2021 2022+

Figure 3 - Temporal Technology Trends

Illustrates the temporal distribution of included studies (totalling 24) across different technologies, including Machine Learning, Deep
Learning, and a combination of both, based on their publication years.

Morbidities Studied. The studies in this review outlines Al technology's applications in predicting
specific NICU clinical outcomes (Figure 4), revealing prevalent trends. 'Growth & Development'
leads with seven studies, mostly utilising Deep Learning (29, 37, 40-42, 48, 49), emphasising Al's
role in assessing infant development. 'Ophthalmological’ outcomes are studied in three exclusively
Deep Learning-driven articles (38, 39, 43). 'Respiratory’ outcomes involve four studies, equally
leveraging Deep Learning and Machine Learning studies (31, 33-35), underscoring their relevance in
neonatal respiratory health. The 'Other' category spans a variety of outcomes, with different Al
techniques employed. '"Mortality' is studied by four articles, mostly using Deep Learning (30, 44, 47,
50). Lastly, 'Length of Stay' involves two studies, evenly split between Deep Learning and Machine
Learning (27, 45). Overall, Deep Learning emerges as the predominant approach across categories,
showcasing its diverse applicability in neonatal care. This comprehensive analysis accentuates Al's
complex role in enhancing infant health and well-being.

https://preprints.jmir.org/preprint/63175 [unpublished, non-peer-reviewed preprint]
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Machine Learning
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m Deep Learning
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Figure 4 - Outcome Type by Technology Type

Illustrates the distribution of 24 included studies across different outcome types (Growth & development, Other, Respiratory,
Mortality, Ophthalmological, LoS: Length of Stay) and technology types (Machine Learning, Both Machine Learning and Deep
Learning, Deep Learning). The chart provides insights into the focus areas of these studies and the technology used to address specific
neonatal care outcomes.

Predicting Outcomes Evaluation Measures. The studies employ diverse predictive model
evaluation measures (Table 4) to assess machine or deep learning model accuracy in predicting
outcomes or classifications in neonatal care. Figure 5 shows Al model performance across outcome
categories, labelled 'Excellent,’ 'Good,' 'Moderate," or 'Not Reported' (NR). In the 'Excellent’ category,
Deep Learning excelled in 'Other,' 'Ophthalmological,’ and 'Mortality' outcomes, while Machine
Learning performed well in 'Respiratory’ outcomes. 'Good' models, primarily Deep Learning,
demonstrated strength in 'Growth & Development' and 'Mortality," while Machine & Deep Learning
showed promise in 'Other' and 'Respiratory’ outcomes. 'Moderate' performance was observed in Deep
Learning for 'Growth & Development' and 'Length of Stay,' and in Machine Learning for '"Mortality.'
Notably, five studies did not report performance. This figure highlights Al strengths in various
outcomes, indicating research directions and areas needing improvement.

Table 4 - Evaluation Measures

Evaluation Measure Number | Study
of
Studies
AUROC 15 (27, 28, 34-38, 41, 42, 44-47, 49, 50)
Correlation (r) 1 (29)
Error Percentiles 1 (40)

https://preprints.jmir.org/preprint/63175 [unpublished, non-peer-reviewed preprint]
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Normalized average Root | 1 (43)

Mean  Squared  Error

(RMSE)

Sensitivity & Specificity 3 (30, 32, 33)
Not Reported 3 (31, 39, 48)

Table 4 demonstrates various evaluation measures for predicting neonatal outcomes. Among these,
the most common metric is AUROC, used in 15 studies. Other measures like Correlation (r), Error
Percentiles, and Normalized Average RMSE were less frequent, each found in a single study.
Sensitivity & Specificity were the focus of three studies. However, specific evaluation measures
were not reported in three instances, showcasing diverse approaches to assessing Al models in
neonatal care studies.

Performance by Outcome and Type of Al Figure 7 provides an overview of the performance of Al
models in predicting neonatal outcomes (refer Appendix 2 Table 8), categorised as 'Excellent,’
'Good," 'Moderate," or 'Not Reported' (NR), and further differentiated by the type of technology
employed. In the 'Excellent' category, Deep Learning models demonstrated exceptional predictive
abilities across various outcomes, including 'Other,’ 'Ophthalmological,’ and 'Mortality,’ while
Machine Learning models were effective in predicting 'Respiratory’ outcomes. The 'Good' category
saw Deep Learning models excelling in 'Growth & Development' and 'Mortality," with Machine &
Deep Learning models performing well in 'Other' and 'Respiratory’ outcomes. Machine Learning
models also demonstrated proficiency in predicting 'Length of Stay." 'Moderate' Al models,
predominantly Deep Learning, showed moderate performance in 'Growth & Development' and
'"Length of Stay,' while Machine Learning models displayed moderate performance in one 'Mortality’
study.

4

Machine Learning
m Machine & Deep Learning

m Deep Learning

Mortality
Other
Respiratory
Mortality
Other
Respiratory
LoS
Mortality
Respiratory

o p N
optraimorogics!

Ophthalmological _

Growth & Development
Growth & Development
Growth & Development

Excellent Good Moderate NR

Figure 5 - Performance by Outcome by Type of Al

Displays the performance assessment of Al models (Machine Learning, Deep Learning and a combination of both) across different
neonatal care outcome types (Growth & Development, Other, Respiratory, Mortality, Ophthalmological, LoS: Length of Stay).
Performance is categorised into four levels: Excellent, Good, Moderate, and NR (Not Reported). The chart provides insights into the
quality of Al models in predicting specific neonatal care outcomes across different Al types and outcome categories.
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Insights into potential opportunities for Al in NICU

Opportunities for Al applications in NICU have been themed into five (summarised in Appendix 3)
from enhancing NICU care through data-driven insights and predictive models to utilising
advancements in medical imaging, improving risk stratification, and personalising neonatal care and
interventions.

Advancements in Medical imaging. Several studies within the selection highlight
medical imaging advancements. Two studies focus on Retinopathy of Prematurity
(ROP), showcasing the role of deep learning in standardising disease assessment
and predicting visual outcomes post-treatment (38, 43). Choi et al. (2020) also
explored deep learning for ROP severity assessment, highlighting broader medical
implications. He et al. (2020) introduced a multi-task deep transfer learning model
for early neurodevelopmental outcome prediction in preterm infants, emphasising
imaging's predictive role. Saha et al. (2020) used deep learning CNNs to forecast
motor outcomes via brain diffusion MRI data. Lastly, Lure et al. (2021) employed
machine learning to distinguish neonatal conditions, enhancing clinical decision-
making. These studies highlight medical imaging's potential in early diagnosis and
monitoring of neonatal conditions.

Data-Driven Insights and Predictive Models. Data-driven insights and predictive
models in neonatal care have the potential to enhance outcomes (27-29, 32, 38, 44,
45, 47, 48). They contribute to care planning by using machine learning to predict
factors like length of stay, disease severity, and mortality risk, aiding healthcare
providers (29, 44, 45). Some explore risk assessment, detecting and mitigating
severe neonatal morbidities (27, 28, 49). Two introduce adaptive machine learning
algorithms for dynamic patient status adaptation (34, 47). Lastly, Ruixiang et al.
(2021) highlight data-driven insights' transformative role in advancing neonatal
research and medical care by improving predictions, care planning, and risk
assessment.

https://preprints.jmir.org/preprint/63175 [unpublished, non-peer-reviewed preprint]
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Improving Understanding and Risk Stratification. The theme presents a cohesive
effort toward understanding neonatal conditions and individual risk stratification
through data-driven approaches. Three articles focus on machine learning-driven
risk assessment for conditions like Bronchopulmonary Dysplasia (BPD), in-hospital
length of stay, and mortality risk (41, 44, 45). Leveraging extensive datasets, these
studies offer critical insights into associated risk factors, enabling early intervention.
Additionally, three articles delve into NICU utilisation trends (27), severe morbidity
risk (28), and chronic lung disease determinants in Very Low Birth Weight (VLBW)
infants (31). Two studies emphasise dynamic machine learning algorithms for
mortality prediction and Pulmonary Hypertension (PH) (34, 47). Together, these
studies deepen our understanding of neonatal conditions, reshaping disease
paradigms and paving the way for more effective interventions.

Personalised Neonatal Care and Intervention. Numerous studies contribute to the
theme of ‘Personalised Neonatal Care and Intervention’, extending the horizons of
individualised care for neonates. These studies explore personalised care plans and
interventions. They investigate trends in NICU utilisation (27), assess risk factors for
severe neonatal morbidity (28), predict motor outcomes (49), and differentiate
between critical neonatal conditions (46). By leveraging predictive models and
continuous monitoring, these studies seek to tailor care strategies to the specific
needs of each neonate. This data-driven approach holds the potential to
revolutionise neonatal care by optimising interventions and potentially leading to
better clinical outcomes.

Insights into potential challenges for Al in NICU

Literature indicated some concerns that span multiple facets of Al application in NICU, ranging from
data quality and quantity issues to clinical interpretability, model generalisation, clinical and
diagnostic variability, and ethical and regulatory considerations. Appendix 3, Table 5 provides a
condensed overview of the key thematic challenges encountered across the various included studies.

https://preprints.jmir.org/preprint/63175 [unpublished, non-peer-reviewed preprint]
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Data Quality and Quantity. Several studies face recurring challenges with
healthcare data in the NICU, including issues related to quality, quantity, and
availability (33, 35, 37, 39, 41, 43, 44, 48-50). Addressed by multiple articles, these
challenges span data quality's influence on predictive models, the need for larger
datasets, variability due to data quality, and concerns about both data quality and
quantity. The authors highlight these challenges' significance in developing effective
machine learning solutions for neonatal care. Overcoming these hurdles is crucial
for successful machine learning implementation, ultimately enhancing healthcare
outcomes for neonates.

Clinical Interpretability and Usability. Challenges in clinical interpretability and
usability arise as machine-generated insights need integration into clinical practice.
Studies emphasise the need for standardised measures for neurodevelopmental
assessment, ethical data sharing, complex functional connectivity estimation, user-
friendly tools in low-resource settings, and distinguishing specific illnesses (27, 29,
30, 32, 36, 38, 40, 43). Overcoming these challenges is crucial for meaningful Al
integration in the NICU and its adoption by healthcare professionals, and
improvement healthcare outcomes these patients.

Model Generalisation and Validation. The challenge of ensuring Al model reliability
across diverse populations in neonatal care is evident. He et al. (2022) advocate for
external validation of Al models for Bronchopulmonary Dysplasia (BPD) severity
prediction across various populations. Chen et al. (2021) stress the need for
adaptable and generalisable models, particularly for diverse patient demographics
and different camera systems in Retinopathy of Prematurity (ROP). Similarly, Choi et
al. (2020) focus on creating versatile deep learning scales for ROP applicable across
various centres. Saha et al. (2020) emphasise the importance of generalising
predictions for diverse neonatal populations in motor outcome prediction. Verder
et al. (2021) highlight the necessity of generalising and validating models for
accurate predictions in diverse clinical scenarios for BPD. Sheikhtaheri et al. (2021)
discuss the validation of predictive models for neonatal deaths in NICUs,
recognising the need for external validation. Ofman et al. (2019) note the challenge
of studying disease determinants across multiple centres in chronic lung disease.
Amodeo et al. (2021) explore the complexities of predicting Pulmonary
Hypertension (PH) outcomes in a diverse patient population.

https://preprints.jmir.org/preprint/63175 [unpublished, non-peer-reviewed preprint]
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Clinical and Diagnostic Variability. Handling clinical and diagnostic variability is a
critical challenge in the NICU, with particular significance in fields such as
ophthalmology and critical care, where even subtle variations can have a profound
impact on outcomes (29, 36, 39, 44, 46, 49). lyer et al. (2022) highlight the need for
standardised, objective, and scalable measures for neurodevelopmental
assessment, contrasting with current subjective and non-scalable methods.
Similarly, Lee et al. (2021) note the necessity for a larger training dataset and
consideration of site-specific differences to improve model performance. In
ophthalmology, Choi et al. (2020) highlight the diagnostic variability and subjective
quantification of severity levels, hindering the interpretation of clinical trial data.
Saha et al. (2020) raise concerns about the limited sample size and heterogeneity of
brain injuries, which may lead to overfitting and poor prediction performance.
Furthermore, Shalish et al. (2017) point out practice variability and uncertainty in
defining extubation failure, complicating clinical decision-making.

Addressing imbalanced data and the need for standardised physiological testing are highlighted by
Ofman et al. (2019) and Sheikhtaheri et al. (2021), respectively. Moreover, Amodeo et al. (2021)
underscore the challenges in measuring lung vascularisation accurately, given the techniques'
reproducibility issues and the impact of hemodynamic changes during neonatal transition. These
challenges collectively illustrate the complexity and variability inherent in neonatal care,
underscoring the importance of developing robust AI models and data-driven solutions to enhance
precision and reliability in clinical decision-making.

Ethical and Regulatory Challenges. The integration of machine learning in neonatal
care introduces ethical and regulatory complexities. Chen et al. (2021) emphasise
the ethical challenge of data sharing, weighing the practicality against privacy
concerns in multi-institutional datasets. The study highlights regulatory hurdles in
validating models across diverse populations and camera systems. Patel et al.
(2022) note the regulatory risks of overfitting single-site datasets and ethical
concerns around addressing missing data. They also note the need to evaluate
model performance with evolving clinical cohorts, which has regulatory
implications. Ofman et al. (2019) underline ethical and regulatory issues linked to
non-standardised physiologic testing in NICUs, impacting research and clinical
practices. Kovacs et al. (2021) note the ethical concern of deploying tools in
resource-limited settings, balancing computational limitations with clinicians’
interpretability. These articles emphasise the intricate ethical and regulatory
challenges in Al integration in neonatal care, requiring careful navigation for ethical
standards and regulatory compliance.

https://preprints.jmir.org/preprint/63175 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Tudor et a

Discussion

The objective of this rapid review was to analyse the current Al research landscape for predicting
clinical outcomes and length of stay in the NICU, exploring benefits and challenges of utilising Al in
the NICU for these predictions. The surge in studies between 2020-2021 reflects a growing
recognition of AI's potential to reshape neonatal care, possibly accelerated by the COVID-19
pandemic's impact on healthcare systems and driving innovative solutions to mitigate disruptions.
The sustained research momentum, including studies in 2022, signifies an enduring commitment to
exploring Al's role in the NICU.

Deep Learning emerges as a dominant technology across various clinical outcomes, highlighting its
effectiveness in automatically identifying relevant features from raw data, especially in medical
imaging and clinical analysis. However, the field's maturity in Al integration within neonatal care
remains in the early exploration stage, lacking a mature and cohesive ecosystem.

The growing presence of various national guidelines and policies highlight the progress Al
implementation within healthcare (51-53). However, there is a need to prioritize the development of
a national Al strategy tailored for neonatal care due to the unique challenges of this environment.
Specific considerations for neonatal care include the need for specialised models that account for the
unique physiology and comorbidities of premature infants, as well as the heightened need of
ensuring patient safety and data privacy in a patient population that have continuous and complete
medical records from birth.

The study reveals substantial opportunities for the use of Al in the NICU to predict length of stay and
patient outcomes. These cover diverse areas: advancements in medical imaging, data-driven insights
and predictive models, improved understanding and risk stratification, and personalised neonatal care
and intervention.

The first opportunity focuses on Al's potential to transform neonatal care in the NICU by leveraging
machine learning to perform predictive analytics to help inform the clinician during the clinical
decision-making process, aiding in earlier interventions. However, there are research gaps in
translating Al's theoretical effectiveness into real-world NICU settings (3-6, 54-58). This brings
Model Generalization and Validation, the third challenge theme, that highlights the importance of
ensuring Al models perform reliably across diverse patient populations. External validation across
different populations is necessary for reliability and adaptability. The unique patient populations and
scenarios in the NICU demand tailored approaches for model generalization and validation, vital for
trustworthy predictions.

The second opportunity highlights the use of Al into NICU medical imaging, demonstrated by six
studies. These studies primarily employ deep learning to analyse medical images, notably for
conditions like Retinopathy of Prematurity (RoP). Al-driven imaging enhances accuracy, facilitating
early intervention and personalized care plans. These findings not only affirm anticipated Al benefits
in medical imaging but also underline its relevance in the NICU, particularly focusing on neonatal
conditions. Al-powered imaging is key for precise diagnosis, standardized disease assessment, and
predicting critical outcomes, aligning closely with literature expectations (15, 59, 60). It enables
tailored, timely care plans for individual neonatal needs, a significant advantage in this setting. The
challenge here is handling clinical and diagnostic variability in these settings, where even subtle
variations can have a significant impact on outcomes. Addressing this challenge involves the
development of models and algorithms that can adapt to diverse clinical contexts, accounting for
nuances that might otherwise be overlooked. It calls for an ongoing effort to refine models and
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diagnostic tools to accommodate the inherent variability in neonatal care, ultimately improving the
precision and reliability of clinical decision-making.

The third and fourth opportunities highlight the transformative power of data-driven insights and
predictive models in the NICU. Thirteen studies within these themes leverage Al to translate
healthcare data into actionable insights, aiding decision-making. They encompass predictive
modelling, spanning length of stay, disease severity, and mortality risk, contributing to a deeper
understanding of neonatal conditions. These studies deepen the comprehension of neonatal
conditions and their determinants, aligning with the literature's focus on advancing scientific
understanding and medical care in the NICU (43, 61-66). By employing data-driven approaches, they
pave the way for redefining disease paradigms, ultimately enhancing interventions and care
strategies. The challenge here is data quality and quantity, as it involves acquiring high-quality,
sufficient data for AI model training. Data incompleteness and inconsistency, common issues in
healthcare data, align with existing literature. Overcoming these challenges requires advanced
algorithms and robust data management strategies within the NICU (65).

The final opportunity, Personalised Neonatal Care and Intervention, signals a significant shift in
NICU healthcare. Studies focusing on tailoring care plans and interventions for individual neonatal
needs explore personalised care plans, risk assessment, predicting motor outcomes, and
distinguishing critical neonatal conditions. These efforts, utilizing predictive models and continuous
monitoring, aim to optimize interventions. Personalised care plans carry substantial implications,
potentially reducing unnecessary treatments, cutting healthcare costs, and improving clinical
outcomes. These align with literature stressing the importance of individualised neonatal care (55,
67). This is closely related to challenges of Clinical Interpretability and Usability as well as
managing clinical and diagnostic variability. Clinical Interpretability and Usability, focuses on the
transparency and practicality of Al-driven models within the NICU. Healthcare providers in the
NICU demand accurate predictions and clear understanding of Al outputs.

Regardless of any application, ethical and regulatory considerations and challenges remains in all
applications. It emphasizes the complex landscape requiring careful navigation. Key ethical concerns
include data sharing dilemmas, safeguarding patient data privacy, and security. Regulatory hurdles,
especially in validating AI models across diverse populations and settings, require adaptable
frameworks. Only four studies directly mention these ethical and regulatory challenges, suggesting a
potential research gap in the NICU field of Al, requiring more exploration and consideration.
Ensuring responsible Al adoption is pivotal for equity in healthcare access and maintaining high
standards of care.

Future directions for NICU opportunities present key research areas. Firstly, integrating Al with
medical imaging, especially for conditions like ROP, demands refined technology, larger datasets,
and real-world validation. Secondly, enhancing data-driven insights and predictive models requires
broader clinical scenarios and improved data quality via collaborative NICU efforts. Understanding
neonatal conditions better, exploring diverse risk factors, and fostering multidisciplinary
collaborations are key priorities. Practical Al application in NICUs, optimizing resource allocation
and care, requires real-world implementation and thorough assessment. Lastly, refining scalable
personalised care plans and interventions, while ethically considering Al personalisation, remains
essential for expanding Al's role and improving neonatal outcomes.
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Conclusion

The rapid review has highlighted substantial opportunities for Al in the NICU. Advancements in
medical imaging, combined with Al, have the potential to improve diagnostic accuracy and enable
early intervention in this field. Furthermore, data-driven insights and predictive models offer the
opportunity to enhance clinical decision-making and deepen our understanding of neonatal
conditions. Additionally, personalised neonatal care could optimise healthcare delivery for individual
neonates.

Simultaneously, the study has revealed crucial challenges in integrating Al in the NICU. Issues
related to data quality emphasise the need for robust data management strategies. Ensuring clinical
interpretability and usability is essential to ensure Al tools align smoothly with clinical workflows,
especially in the high-stress NICU environment. Moreover, achieving model generalisation and
validation across diverse patient populations and addressing clinical and diagnostic variability are
essential considerations. Ethical and regulatory challenges, including data privacy, security, and
model validation, underscore the importance of responsible Al adoption in the NICU.

These findings align with existing literature, revealing the unique complexities of the NICU context.
The identified research gaps include the need for practical Al implementations within the NICU,
considering resource constraints and clinical requirements. Additionally, there is a need for the
development of ethical frameworks and regulatory guidelines tailored specifically to the NICU
environment. Future research should focus on practical implementation, ethical frameworks, and
regulatory guidelines to realise AI's potential in the NICU.

This research holds potential for neonatal care, benefiting a range of stakeholders. Healthcare
professionals, including neonatologists, nurses, and clinicians, can gain directly from the insights
provided in this study. Healthcare institutions that manage NICUs also stand to benefit, as the
research highlights the importance of practical Al implementation within the NICU, enabling them to
optimise resource allocation and improve patient care. This research serves as an important resource
for advancing Al technology in neonatal care, fostering a future of improved healthcare delivery and
enhanced well-being for NICU patients and their families.

Limitations

The exploration of the potential of Al in the NICU to predict clinical outcomes and length of stay
comes with a recognition of strengths and limitations that shape the scope and methodology of this
study. The search strategy in this rapid review was designed to be comprehensive, incorporating a
range of keywords and subject headings to capture relevant literature. The search terms were
carefully chosen in collaboration with experienced research librarians to ensure inclusivity; however,
the complexity of the Al field and evolving terminologies might have introduced limitations. It is
possible that studies utilising emerging Al-related terminology were not captured. Furthermore, the
inclusion criteria focused on academic research articles, which inadvertently excluded insights from
private organisations and the grey literature. This limitation could result in missing valuable
perspectives and data that could enhance understanding of Al applications in the NICU. Moreover,
the decision to restrict the study to English full-text articles introduced a language bias, primarily
focusing on studies from English-speaking countries. As a result, research conducted in other
languages may have been excluded, limiting the diversity and global representation in this review.
Additionally, this study's exclusion criteria specifically focused on interventions emphasising
predictive aspects of Al, which could have led to an incomplete portrayal of Al's multifaceted role in
the NICU. Non-predictive aspects of Al, while relevant, were not the central focus of this rapid
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review.

Despite these potential limitations, this study provides valuable insights into the challenges and
opportunities in the emerging field of Al predictions in the NICU. The decision to focus on academic
research articles ensured a rigorous examination of peer-reviewed literature, lending credibility to the
findings. While recognising these limitations, the study serves as a foundation for further exploration
and analysis in this dynamic and evolving field.

Future Directions

The rapid review process has exposed several research gaps. Firstly, there is a noticeable gap
concerning the maturity level of Al implementation in NICUs. While existing studies have laid the
foundation, further research is needed to extend AI maturity to the next stages of emerging and
integration. Additionally, the scarcity of studies addressing ethical and regulatory aspects of Al in
NICUs is evident. These areas, such as liability in cases of adverse outcomes resulting from Al
predictions, warrant comprehensive investigation. Furthermore, the absence of studies reporting
unfavourable or null results suggests potential reporting bias within the field. Finally, collaborative
partnerships and patient and family engagement are instrumental in advancing Al research in NICUs.

Overall, these future directions and improvements collectively contribute to the ongoing evolution of
Al research in NICUs, fostering a more comprehensive understanding of the opportunities and
challenges while refining the methodology for more effective and robust reviews in the future.
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Appendices
Appendix 1 - Search Method

Table 1 - Search Method and Number of Results per Database

DATABA SEARCH METHOD RESUL
SE TS
OVID (exp Artificial Intelligence/ OR AI OR Tartificial | 249
(MEDLIN | intelligence"” OR "machine learn*" OR "deep learn*" OR | (64, 185)
E, "neural network*") AND (exp Intensive Care, Neonatal/
EMBASE) | OR exp Infant, Premature/ OR exp Infant, Premature,

Diseases/ OR exp Intensive Care Units, Neonatal/) AND

(("length of stay" OR "LoS").mp. OR ("outcome" OR

"prognosis").mp.)

CINAHL ((artificial intelligence OR ai OR a.i. OR '"machine | 21
learning” OR "deep learning") AND (nicu OR "neonatal
intensive care unit" OR "special care" OR "baby unit" OR
"newborn intensive care")) AND (("length of stay"” OR los
OR "inpatient stay" OR "time in hospital” OR "time to
discharge") OR (outcomes OR prognosis)) AND (English
Language) AND (Published Date: 20170101-20230131)

COCHRA | (MH "Artificial Intelligence") AND (MH "Intensive Care | 1

NE Units, Neonatal")

INFORMI | "Artificial Intelligence” AND "Intensive Care Units, | 0

T Neonatal"

LA (CAl OR "artificial intelligence"” OR "machine learn*" OR | 541

TROBE "deep learn*" OR "neural network*") AND (NICU OR

LIBRARY | "neonatal intensive care unit*" OR "newborn intensive care
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Table 2 - Quality Criteria Checklist
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| 2021) | |

Table 1 - Included Studies

https://prepii QP o pRpran@ILmneras.

Title Publishe | Journal Study Type of | Countr | Number of | Type of | Outcome
d Year study y participant | technolog | Category
S y

Bedside tracking of functional | 2022 Pediatric Iyer Prospective Austria | 67 Machine Growth &
autonomic age in preterm infants. research 2022 study Learning | Development
Risk factors and machine learning | 2022 World He 2022 | Retrospective | China | 471 Machine Respiratory
prediction models for journal of study &  Deep
bronchopulmonary dysplasia pediatrics Learning
severity in  the Chinese WIJP
population.
A self-training deep neural | 2022 Pediatric Ali 2022 | Retrospective | USA 343 Deep Growth &
network for early prediction of radiology study Learning | Development
cognitive deficits in very preterm
infants using brain functional
connectome data.
Predicting in-hospital length of | 2022 Journal of | Lin 2022 | Retrospective | Taiwan | 2940 Deep Length of
stay for very-low-birth-weight the study Learning | Stay
preterm infants using machine Formosan
learning techniques. Medical

Association

= Taiwan yi

zhi
Predicting mortality risk for | 2021 Scientific Lee 2021 | Retrospective | USA 275 Deep Mortality
preterm infants using random reports study Learning
forest.
Deep Learning for the Diagnosis | 2021 Ophthalmol | Chen Retrospective | USA, 1252 Deep Ophthalmolo
of Stage in Retinopathy of ogy. Retina | 2021 study India, Learning | gical
Prematurity: Accuracy  and Napal
Generalizability across
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Deep learning for estimation of | 2020 Annual Gschwan | Retrospective | Austria | 43 Deep Growth &
functional brain maturation from Internationa | dtner study Learning | Development
EEG of premature neonates. | 2020

Conference

of the IEEE

Engineering

in Medicine

and Biology

Society.

IEEE

Engineering

in Medicine

and Biology

Society.

Annual

Internationa

1

Conference
A multi-task, multi-stage deep | 2020 Scientific He 2020 | Prospective USA 1226 Deep Growth &
transfer learning model for early reports study Learning | Development
prediction of neurodevelopment
in very preterm infants.
Trends in Neonatal Intensive Care | 2020 JAMA Braun Retrospective | USA 39220 Machine Length of
Unit Utilization in a Large network 2020 study Learning | Stay
Integrated Health Care System. open
Variability in Plus Disease | 2020 Ophthalmol | Choi Retrospective | USA 871 Deep Ophthalmolo
Identified Using a Deep Learning- ogy. Retina | 2020 study Learning | gical
Based Retinopathy of Prematurity
Severity Scale.
Predicting motor outcome in | 2020 Neurolmag | Saha Prospective USA 77 Deep Growth &
preterm infants from very early e 2020 study Learning | Development

brain diffusion MRI using a deep
learning  convolutional  neural
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network (CNN) model.

Prediction of visual outcomes by
an artificial neural network
following intravitreal injection
and laser therapy for retinopathy
of prematurity.

2020

The British
journal of
ophthalmol

ogy

Huang
2020

Retrospective
study

Taiwan

60

Deep
Learning

Ophthalmolo
gical

Estimating risk of severe neonatal
morbidity in preterm births under
32 weeks of gestation.

2020

The journal
of maternal-
fetal &
neonatal
medicine
the official
journal  of
the
European
Association
of Perinatal
Medicine,
the
Federation
of Asia and
Oceania
Perinatal
Societies,
the
Internationa
1 Society of
Perinatal
Obstetrician
S

Hamilton
2020

Multicenter
prospective
study

USA

1039

Machine
Learning

Other

Early prediction of cognitive
deficits in very preterm infants
using functional connectome data

2018

Neurolmag
e. Clinical

He 2018

Prospective
study

USA

912

Deep
Learning

Growth &
Development
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in an artificial neural network
framework.

Cardiorespiratory  signature of | 2023 Pediatric Kausch | Retrospective | USA 2494 Machine Other
neonatal sepsis: development and Research 2023 study & Deep
validation of prediction models in Learning
3 NICUs
Bronchopulmonary dysplasia | 2020 Acta Verder Multicenter Denma | 61 Machine Respiratory
predicted at birth by artificial paediatrica | 2020 prospective rk Learning
intelligence (Oslo, study
Norway
1992)
The criticality Index-mortality: A | 2022 Frontiers in | Patel Retrospective | USA 8399 Deep Mortality
dynamic machine learning Pediatrics 2022 study Learning
prediction algorithm for mortality
prediction in children cared for in
an ICU
Early Physical Linear Growth of | 2021 Journal of | Ruixiang | Retrospective | USA Deep Growth &
Small-for-Gestational-Age Infants Healthcare | 2021 study Learning | Development
Based on Computer Analysis Engineering
Method
Prediction of Extubation readiness | 2017 BMC Shalish | Multicenter | USA 170 Machine Other
in extremely preterm infants by Pediatrics 2017 prospective Learning
the automated analysis of study
cardiorespiratory behavior: study
protocol.
Prediction of neonatal deaths in | 2021 BMC Sheikhta | Retrospective | Iran 1762 Deep Mortality
NICUs: development and Medical heri study Learning
validation of machine learning Informatics | 2021
models. & Decision
Making
The discovery BPD (D-BPD) | 2019 BMC Ofman Prospective Argenti | 325 Machine Respiratory
program: study protocol of a Pediatrics 2019 study na Learning
prospective translational
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multicenter collaborative study to
investigate  determinants  of
chronic lung disease in very low
birth weight infants.
A maChine and deep Learning | 2021 PLoS One | Amodeo | Retrospective | Italy 56 Machine Respiratory
Approach to predict pulmoNary 2021 study & Deep
hyperteNslon in newbornS with Learning
congenital diaphragmatic Hernia
(CLANNISH): Protocol for a
retrospective study
Developing practical clinical tools | 2021 BMC Kovacs | Prospective Tanzan | 165 Machine Mortality
for predicting neonatal mortality pediatrics 2021 study ia Learning
at a neonatal intensive care unit in
Tanzania
Using machine learning analysis | 2021 J  Pediatr | Lure Retrospective | USA 40 Deep Other
to assist in differentiating between Surg 2021 study Learning
necrotizing  enterocolitis  and
spontaneous intestinal
perforation: A novel predictive
analytic tool
Appendix 2 - Clinical Outcomes
Table 2 - Clinical Outcomes Description
Category Outcome Description Study
Growth & | Cognitive The mental processes and abilities that involve the acquisition, | (37)
Development Development processing, and utilisation of information from the environment. It | (40)
includes various aspects of thinking, reasoning, memory, | (41)
attention, problem-solving, decision-making, language | (42)
comprehension, and other higher-order mental activities (68).
Growth The physiological process of physical development and | (29)
maturation in preterm infants. It involves the increase in size, | (48)
https://prepiiints,jmir.org/preprint/63176 weight, and overall development of various body structures and
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functions as the infants progress through their neonatal period
(69).

Motor Motor outcomes refer to the assessment and evaluation of an | (49)
Outcomes individual's motor skills and abilities, which encompass
movements, coordination, muscle strength, and overall physical
function (70).
Length of Stay Length of Stay | These studies focus on investigating and predicting the length of | (27)
hospital stays for NICU patients. (45)
Mortality Mortality Mortality studies focus on understanding and predicting the | (30)
likelihood of death among extremely and very preterm infants. (44)
(47)
(50)
Ophthalmologica | Retinopathy of | A potentially sight-threatening eye condition that affects two | (38)
1 Prematurity thirds of premature infants with very low birth weight (<1250 g at | (39)
(ROP) birth). It is characterised by abnormal blood vessel growth in the | (43)
retina, which can lead to scarring and retinal detachment,
potentially causing vision impairment or blindness if left untreated
(71).
Other Extubation Extubation readiness refers to the state of a patient being prepared | (32)
Readiness and deemed suitable for the removal of an endotracheal tube that
has been providing mechanical ventilation. Medical professionals
assess various physiological and clinical parameters to determine
if an infant is ready for extubation, aiming to ensure a successful
transition to spontaneous breathing and avoid potential
complications (72).
Multiple Intraventricular Haemorrhage (IVH) is a medical condition | (28)
(Mortality, characterised by bleeding that occurs within the brain's ventricular
Periventricular | system, particularly in the ventricles, which are fluid-filled
Leukomalacia | cavities in the brain. IVH is most commonly seen in premature
(PVL), infants, especially those born very prematurely, and is considered
Intraventricular | a serious medical complication in neonatal care. (73)
Haemorrhage
(IVH), BPD, | Periventricular Leukomalacia (PVL) is a neurological disorder
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with certain medical conditions, where the blood vessels in the
lungs become narrow and constricted, leading to increased
pressure in the pulmonary arteries. PH can strain the right side of
the heart as it works harder to pump blood through the lungs,
potentially compromising oxygenation, and overall cardiac

Necrotizing that primarily affects premature infants, especially those born very

Enterocolitis prematurely. It is characterised by damage to the white matter of

(NEC) the brain, particularly in the periventricular region, which is the
area surrounding the brain's fluid-filled cavities called ventricles.

(74)

Necrotizing NEC and SIP are two distinct but serious gastrointestinal | (46)

Enterocolitis conditions that primarily affect premature infants. NEC involves

(NEC) /| the inflammation and potential death of intestinal tissue (75),

Spontaneous while SIP refers to the spontaneous rupture or perforation of the

Intestinal intestinal wall (76). Both conditions pose significant health risks

Perforation to neonates and require prompt medical attention.

(SIP)

Sepsis Neonatal sepsis is a serious medical condition characterised by a | (36)
systemic infection that occurs within the first 28 days of life in
newborn infants. It is caused by the presence of bacteria, viruses,
fungi, or other pathogens in the bloodstream or other body tissues.
Neonatal sepsis can lead to a range of complications and health
issues, including organ dysfunction, shock, and even mortality if
not promptly diagnosed and treated (77).

Respiratory BPD A chronic lung disorder that primarily affects premature infants, | (35)
especially those born very preterm. It is characterised by | (31)
inflammation, injury, and abnormal growth of the developing lung | (33)
tissue, particularly the alveoli (air sacs) and bronchioles (small
airways) (78). BPD often occurs as a result of mechanical
ventilation and oxygen therapy used to support the immature
lungs of premature infants.

Pulmonary The elevated blood pressure within the arteries of the lungs in | (34)

Hypertension newborns. This condition can occur in premature infants and those
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Appendix 3 - Applications & Concerns
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