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INTRODUCTION clinical usability (e.g., time-to-decision, workflow

integration), and downstream patient-centered

eview question / Objective Using the
RPICOS framework, our umbrella review
seeks to answer:

P (Population): Women across the perinatal
continuum (preconception, pregnant, postpartum)
and neonates hospitalized or under clinical care.

| (Intervention): Artificial intelligence (Al) and
machine learning (ML)-based tools (e.g., CNN for
embryo selection, ML dosing algorithms, deep-
learning ultrasound image segmentation, Al-driven
clinical decision support, wearable sensor
analytics).

C (Comparator): Standard clinical practice without
AlI/ML assistance (e.g., clinician-only decision
making, conventional image interpretation, manual
vital-sign monitoring).

O (Outcomes): Predictive performance metrics
(e.g., accuracy, sensitivity, AUC, Dice coefficient),

outcomes (e.g., reduction in adverse events, length
of stay, neonatal morbidity/mortality).

S (Study Designs): Systematic reviews, scoping
reviews, narrative reviews, and meta-analyses

To synthesize existing review-level evidence on Al/
ML applications spanning reproductive, prenatal,
postpartum, and neonatal care—evaluating (1)
model predictive performance (e.g., accuracy,
AUC, Dice), (2) clinical usability and integration in
existing workflows, and (3) reported impacts on
patient outcomes—by categorizing findings into
four domains (reproductive/early childhood,
pregnancy, postpartum, neonatal). The ultimate
aim is to identify strengths, limitations, gaps, and
future research priorities for AlI/ML adoption in
perinatal healthcare.

Rationale Al and ML have proliferated in maternal,
fetal, and neonatal domains, promising
improvements in early diagnosis, risk stratification,

INPLASY

Adel et al. INPLASY protocol 202560009. doi:10.37766/inplasy2025.6.0009 1

/6000-9-G20g-Ase|dul/woo Ase|dul//:sdiy woly papeojumod 6000°9'G20gAse|dul/99/ /€ 0L:10p 600095202 [09030.1d ASY1dNI ‘[E 18 [9PY



and personalized care. In fertility and
preconception settings, convolutional neural
networks (CNNs) have optimized embryo selection
—yielding implantation predictions exceeding 90
percent accuracy—and Al tools for semen analysis
routinely outperform manual assessments in speed
and reproducibility. During pregnancy, deep-
learning models segment fetal ultrasound images
with Dice coefficients above 0.90 and detect
anomalies with > 93 percent sensitivity; these
innovations not only accelerate diagnostic
workflows but also hold potential to democratize
access to expert-level radiologic interpretation in
low-resource settings. Postpartum, Al-driven
clinical decision support systems (CDSS) and
chatbots have demonstrated utility in depression
screening and early mental-health interventions. In
neonatal care units, algorithms such as Heart Rate
Observation (HeRO) reduce mortality by ~ 20
percent through predictive sepsis detection, while
ML models for retinopathy of prematurity (ROP)
and necrotizing enterocolitis (NEC) achieve AUCs
exceeding0.90. Despite these promising individual
studies and pilot projects, decision-makers
(clinicians, hospital administrators, policymakers)
lack a high-level synthesis of review-level evidence
to guide safe, equitable, and efficient Al integration
across the perinatal continuum. An umbrella review
—aggregating data from existing systematic
reviews, narrative reviews, and scoping reviews—
can (1) clarify aggregate predictive performance
metrics, (2) identify common usability and
implementation barriers (e.g., workflow friction,
data interoperability, algorithmic bias), (3) assess
reported impact on clinical outcomes, and (4)
delineate equity considerations (e.g., performance
across demographic subgroups). By focusing
exclusively on review-level evidence from 2021
onward, we capture only the most current state of
AI/ML in perinatal care—reflecting rapid
technological advances (e.g., transformer-based
ultrasound interpretation) and emerging regulatory
frameworks (e.g., FDA’s Al/ML guidance updates).

Furthermore, an umbrella review is uniquely poised
to highlight redundancies and gaps across multiple
review articles, preventing duplication of effort and
identifying high-impact areas for future primary
research. For example, while multiple reviews
document the technical accuracy of fetal
ultrasound segmentation, fewer syntheses address
real-world clinical validation or cost-effectiveness.
By categorizing findings into four domains—(a)
reproductive/early childhood, (b) pregnancy, (c)
postpartum, (d) neonatal—this review will provide
actionable insights for obstetricians,
neonatologists, nursing leadership, and Al
developers alike. Ultimately, our umbrella review

aims to inform best practice guidelines, support
equitable Al deployment, and catalyze high-quality
primary research that addresses persisting gaps in
perinatal Al/ML.

Condition being studied This umbrella review
focuses on health conditions spanning the
perinatal continuum—encompassing (1)
reproductive/early childhood care, (2) pregnancy,
(3) postpartum maternal health, and (4) neonatal
health—each with distinct clinical challenges
amenable to Al/ML interventions.

Reproductive/Early Childhood Care:

Infertility and Preconception Optimization: Infertility
affects approximately 10-15 percent of couples
worldwide. Key clinical tasks include embryo
selection during in vitro fertilization (IVF) cycles and
semen analysis. Traditional embryo grading relies
on morphologic assessment under microscopy,
which is subjective and labor-intensive. Al-driven
embryo-selection platforms use CNNs to analyze
time-lapse images, predicting implantation
potential with > 90 percent accuracy. Al-based
semen analysis systems measure sperm motility,
morphology, and concentration more rapidly and
reproducibly than manual evaluation.

Digital Sexual and Reproductive Health (SRH):
Chatbots and mobile apps support adherence to
pre-exposure prophylaxis (PrEP) for HIV prevention
and promote safe sexual behaviors. These
interventions implicitly address sexually
transmitted infection (STI) prevention and
reproductive wellness in populations at risk.

Pregnancy:

Fetal Anomaly Detection: Congenital anomalies
complicate 3-5 percent of pregnancies globally.
Deep-learning models (e.g., ResNet, transformer
architectures) segment fetal ultrasound images
with Dice coefficients > 0.90 and detect structural
anomalies (e.g., neural tube defects, cardiac
malformations) with > 93 percent sensitivity.

Gestational Age and Fetal Growth Estimation:
Accurate estimation of gestational age and fetal
weight is critical for timing interventions (e.g.,
corticosteroids for preterm labor) and optimizing
delivery planning. Predictive biometric algorithms
estimate gestational age within one week and fetal
weight within + 190 grams—improvements over
conventional regression tables.

Postpartum Maternal Health:
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Perinatal Mental Health Screening: Postpartum
depression affects up to 10-20 percent of new
mothers. Al-driven CDSS and chatbots screen for
depressive symptoms using natural language
processing (NLP) on patient narratives and
electronic medical record (EMR) data, prompting
early intervention.

Remote Vital-Sign Monitoring: Wearable sensor
systems monitor heart rate, blood pressure, and
oxygen saturation in the immediate postpartum
period—critical for early detection of postpartum
hemorrhage and sepsis. ML models aggregate
continuous data to predict impending clinical
deterioration.

Neonatal Health:

Sepsis and Infection Surveillance: Neonatal sepsis
remains a leading cause of mortality in neonatal
intensive care units (NICUs). The HeRO system
(Heart Rate Observation) uses heart-rate variability
analysis to predict sepsis ~ 24 hours before clinical
signs appear, reducing mortality by ~ 20 percent.

Retinopathy of Prematurity (ROP) and Necrotizing
Enterocolitis (NEC): ROP occurs in 10-15 percent
of very low birth weight infants; ML algorithms
analyzing retinal images achieve AUCs > 0.90 in
identifying severe ROP requiring intervention. NEC
—a devastating Gl emergency—benefits from ML
models that combine physiological data (heart
rate, perfusion index) to predict onset hours earlier
than clinical diagnosis.

By describing each condition in context (e.g.,
infertility, congenital anomalies, postpartum
depression, neonatal sepsis), this section ensures
readers understand both the clinical significance
and the rationale for applying Al/ML.

METHODS

Search strategy We will construct a
comprehensive search strategy combining
keywords and controlled vocabulary (where
applicable) across multiple electronic databases.
The strategy will be peer-reviewed by a health
sciences librarian using the PRESS (Peer Review
of Electronic Search Strategies) checklist.
Electronic Databases:

MEDLINE (via PubMed)
Embase (via Elsevier)

Scopus (Elsevier)

Web of Science Core Collection (Clarivate)

Cochrane Database of Systematic Reviews (via
Wiley)

IEEE Xplore (for AI/ML technical reviews)
Grey Literature and Additional Sources:

ProQuest Dissertations & Theses (to identify any
scoping reviews in doctoral theses)

Google Scholar (first 200 results for each search
string)

WHO ICTRP and ClinicalTrials.gov (to identify
registered reviews or protocols)

Contact with subject-matter experts in perinatal Al
(to locate unpublished or in-press reviews)

Search Terms (Text Words + Subject Headings):

AlI/ML Concepts: “artificial intelligence”’[MeSH] OR
“machine learning”[MeSH] OR “deep learning” OR
“neural network®™ OR “predictive analytics” OR
“clinical decision support systems”[MeSH] OR
“computer-aided diagnosis.”

Perinatal Health: “perinatal care”’[MeSH] OR
“pregnancy complications”[MeSH] OR “fetal
development”’[MeSH] OR “postpartum period”
[MeSH] OR “infertility”[MeSH] OR “neonatal
intensive care”[MeSH] OR “newborn screening.”

Review Designators: “systematic review”
[Publication Type] OR “meta-analysis”[Publication
Type] OR “narrative review”[Title/Abstract] OR
“scoping review”[Title/Abstract] OR “umbrella
review”[Title/Abstract].

Date Limits & Language Filters:

Include: from inception to April 1, 2025 (to capture
the most recent developments).

English only
Example of Full MEDLINE (PubMed) Strategy:

1. "artificial intelligence"[MeSH Terms] OR
"machine learning"[MeSH Terms] OR ‘"deep
learning"[Title/Abstract] OR "neural network*"[Title/
Abstract] OR "clinical decision support
systems"[MeSH Terms]

2. "pregnancy'[MeSH Terms] OR "perinatal
care"[MeSH Terms] OR ‘"infertility"[MeSH Terms]
OR "fetal development"[MeSH Terms] OR
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"neonatal intensive care"[MeSH Terms] OR
"postpartum period"[MeSH Terms] OR "IVF"[Title/
Abstract]

3. "systematic review"[Publication Type] OR "meta-
analysis"[Publication Type] OR "narrative
review"[Title/Abstract] OR "scoping review"[Title/
Abstract] OR "umbrella review"[Title/Abstract]

4.1AND 2 AND 3

5. Filters: Publication Date from 2021/01/01 to
2025/04/30; Humans; English; Retrieval Mode =
Default.

Adaptation for Other Databases:

Embase: map to Emtree terms (e.g., ‘artificial
intelligence’/exp, ‘machine learning’/exp,
‘pregnancy’/exp, ‘neonate’/exp) plus free-text
synonyms.

Scopus & Web of Science: use similar free-text
combinations and limit by document type =
“Review,” date range = 2021-2025.

Cochrane Reviews: directly search for “Al in
perinatal” and screen titles/abstracts for relevance.

IEEE Xplore: focus on “machine learning” OR
“deep learning” AND “fetal ultrasound” OR
“neonatal sepsis” with document type = “Review.”

All search strategies will be saved, documented,
and included in the supplementary appendix.

12. Patient, Participant, or Population (no limit
provided):

Reproductive/Early Childhood Stage: Women
undergoing fertility evaluation or IVF (including
those receiving Al-driven embryo selection or Al-
supported semen analysis), and users of digital
SRH chatbots (e.g., PrEP adherence populations).

Pregnancy Stage: Pregnant individuals (singleton
and multiple gestations) receiving prenatal imaging
(e.g., ultrasound) or Al-powered risk prediction
(e.g., preeclampsia, gestational diabetes).

Postpartum Stage: Postpartum women (up to 12
months after delivery) interacting with Al-driven
CDSS for mental-health screening or wearable-
sensor monitoring.

Neonatal Stage: Neonates admitted to NICUs (e.g.,
very low birth weight infants at risk for sepsis, ROP,

NEC) monitored by AI/ML surveillance systems
(e.g., HeRO).

Across all stages, participants include any
demographic strata (age, socioeconomic status,
race/ethnicity), but only human studies.

Participant or population Patient, Participant, or
Population (no limit provided):

Reproductive/Early Childhood Stage: Women
undergoing fertility evaluation or IVF (including
those receiving Al-driven embryo selection or Al-
supported semen analysis), and users of digital
SRH chatbots (e.g., PrEP adherence populations).

Pregnancy Stage: Pregnant individuals (singleton
and multiple gestations) receiving prenatal imaging
(e.g., ultrasound) or Al-powered risk prediction
(e.g., preeclampsia, gestational diabetes).

Postpartum Stage: Postpartum women (up to 12
months after delivery) interacting with Al-driven
CDSS for mental-health screening or wearable-
sensor monitoring.

Neonatal Stage: Neonates admitted to NICUs (e.g.,
very low birth weight infants at risk for sepsis, ROP,
NEC) monitored by AI/ML surveillance systems
(e.g., HeRO).

Across all stages, participants include any
demographic strata (age, socioeconomic status,
race/ethnicity), but only human studies.

Intervention AlI/ML Approaches in Reproductive
Care:

CNN-based embryo-selection platforms (time-
lapse imaging).

Al-based semen analysis systems (computer-aided
sperm morphology and motility assessment).

Digital SRH chatbots using NLP to improve PrEP
adherence and safe-sex education.

Al/ML Approaches in Pregnancy:

Deep-learning models (e.g., ResNet, transformer
architectures) for fetal ultrasound segmentation
and anomaly detection.

Biometric-based gestational age and fetal weight
prediction algorithms (e.g., regression + ML

ensemble).

AlI/ML in Postpartum Care:
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Clinical decision support systems incorporating
EMR data and NLP to screen for postpartum
depression.

Wearable sensor-based remote monitoring
algorithms (e.g., continuous vital-sign trend
analysis).

Neonatal Al Surveillance:

HeRO heart-rate variability—-based sepsis
prediction.

ML algorithms combining physiological and
laboratory parameters for early ROP/NEC
detection.

Comparator Comparator (if applicable):

Standard Clinical Practice (Non-Al): Manual
embryo grading by embryologists; conventional
semen analysis under microscope.

Conventional Imaging: Radiologist/sonographer
interpretation of fetal ultrasound without Al
assistance.

Usual Postpartum Screening: Standard depression
screening questionnaires (e.g., Edinburgh
Postnatal Depression Scale) without Al-augmented
CDSS.

Standard NICU Monitoring: Manual vital-sign
checks and conventional sepsis screening
protocols (e.g., blood cultures based on clinical
suspicion) without Al/ML early-warning systems.

Where direct head-to-head comparisons exist in
individual reviews, AI/ML interventions will be
compared against these non-Al baselines.

Study designs to be included We will include
review-level study designs published from
inception to April 2025, specifically:Systematic
reviews (with or without meta-analysis)Scoping
reviewsNarrative reviewsUmbrella reviewsRapid
reviews.

Eligibility criteria Inclusion Criteria:
Review articles (systematic, scoping, narrative,
umbrella, rapid) focused on AI/ML in any stage of

perinatal care.

Published in English from inception and April 1,
2025.

Human studies only (no animal or in silico reviews).

Sufficient methodological detail to assess review
quality (e.g., explicit search strategy, inclusion/
exclusion criteria).

Exclusion Criteria:

Non-review articles (e.g., primary research,
protocols, editorials, commentaries).

Reviews focused exclusively on Al for non-clinical
tasks (e.g., administrative scheduling).

Reviews without clear perinatal relevance (e.g., Al
for general adult ICU, unless neonatal-specific).

Non-English language reviews.

Information sources Electronic Databases
(searched from inception to April 1, 2025):

MEDLINE (via PubMed): For peer-reviewed
medical literature; includes MeSH indexing.

Embase (via Elsevier): To capture European
journals and conference abstracts not in MEDLINE.

Scopus (Elsevier): Broad coverage of biomedical,
engineering, and multidisciplinary Al literature.

Web of Science Core Collection (Clarivate):
Citation index to identify high-impact reviews and
cross-disciplinary work.

Cochrane Database of Systematic Reviews (via
Wiley): To locate high-quality systematic reviews
with potential Al components.

IEEE Xplore: To identify technical and engineering
reviews of AI/ML algorithms used in obstetrics,
neonatology, and biomedical imaging.

Grey Literature & Ancillary Sources:

ProQuest Dissertations & Theses: To identify
unpublished scoping or narrative reviews
(especially doctoral dissertations) on Al in perinatal
care.

Google Scholar (first 200 results): For “gray”
academic outputs (e.g., conference white papers,
institutional reports).

WHO International Clinical Trials Registry Platform
(ICTRP) & ClinicalTrials.gov: To check for registered
review protocols or planned umbrella reviews that
may not yet be published.
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OpenGrey: For European grey literature.

Contacting Experts: Emails to known Al in perinatal
care researchers (identified via included reviews) to
request in-press or unpublished review
manuscripts.

Reference-List Checking:

Hand-search the reference lists of all included
reviews to locate additional potentially eligible
reviews not captured by database searches.

Citation Tracking:

Use “Cited by” features in Scopus and Web of
Science to identify reviews that cite a key set of
foundational Al in perinatal care studies (e.g.,
HeRO sepsis algorithm papers).

All information sources will be documented in
detail (search date, search terms, filters used) and
provided as an online supplementary appendix.

Main outcome(s) Predictive Performance Metrics:

Accuracy, Sensitivity, Specificity, AUC (Area Under
the Receiver-Operating Characteristic Curve):
Reported values for key AlI/ML applications (e.g.,
CNN embryo selection, deep-learning ultrasound
anomaly detection, sepsis prediction).

Dice Coefficient (for Image Segmentation): Average
Dice scores reported for fetal ultrasound
segmentation models.

Mean Absolute Error or Mean Squared Error (for
Regression Models): e.g., gestational age or fetal
weight estimation.

Clinical Usability Metrics:

Time to Decision: Reduction in time required for
interpretation (e.g., ultrasound reading times).

Workflow Integration: Qualitative or quantitative
assessments of how Al tools integrate into clinical
workflows (e.g., user acceptability surveys, change
in clinician workload).

Alert Fatigue or False-Alarm Rate: Especially for
neonatal sepsis early-warning systems (e.g., HeRO
false-positive rates).

Patient-Centered Outcome Measures:

Reduction in Adverse Events: e.g., decrease in
neonatal sepsis mortality, reduction in postpartum
depression readmissions.

Length of Stay (LOS): Changes in NICU LOS
associated with Al-driven surveillance.

Cost-Effectiveness: Reported incremental cost-
effectiveness ratios (ICERs) or cost per quality-
adjusted life year (QALY) when available.

Whenever possible, we will tabulate each outcome
category by clinical domain (reproductive,
pregnancy, postpartum, neonatal) and Al model

type.

Quality assessment / Risk of bias analysis We
will assess the methodological quality of each
included review using established tools
appropriate to its design.

Systematic Reviews (incl. Meta-Analyses):

AMSTAR 2 (A MeaSurement Tool to Assess
systematic Reviews 2):

A 16-item checklist evaluating protocol
registration, comprehensive search strategy,
duplicate study selection, data extraction, list of
excluded studies, risk of bias assessment in
primary studies, appropriateness of meta-analytic
methods (if applicable), discussion of
heterogeneity, publication bias assessment, and
funding sources.

Two reviewers will independently apply AMSTAR 2;
any disagreements resolved by consensus or third
reviewer.

Each review will receive an overall quality rating
(High, Moderate, Low, Critically Low) as per
AMSTAR 2 guidelines.

Scoping Reviews:

JBI Scoping Review Checklist:

Appraisal across items such as clarity of title,
explicit objectives, inclusion criteria, search
sources and strategies, selection process, data
charting processes, and explanation of results.

Each item scored as “Yes,” “No,” or “Unclear.”

Reviews failing to meet = 75 percent “Yes” across
items will be noted as lower-quality.

Narrative Reviews:
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SANRA (Scale for the Assessment of Narrative
Review Articles):

Six items scored 0-2 each: (1) justification of
article’s importance, (2) statement of aims, (3)
literature search description, (4) referencing, (5)
scientific reasoning, (6) appropriate presentation of
data.

Total SANRA score (0-12); narrative reviews with
score < 8 flagged for cautious interpretation.

Umbrella Reviews & Rapid Reviews:

Modified AMSTAR 2 Extension for Umbrella
Reviews:

If an umbrella review is identified, we will apply the
adapted AMSTAR 2 criteria (e.g., clarity of umbrella
scope, inclusion of quality assessments from
underlying reviews).

ROBIS (Risk Of Bias In Systematic reviews):

For any review where ROBIS has been applied by
authors, we will extract reported risk-of-bias
judgments (Low, High, Unclear).

If ROBIS is not available, we will consider key
domains: study eligibility criteria, identification and
selection of studies, data collection and study
appraisal, synthesis and findings.

Inter-Rater Reliability:

Cohen’s kappa will be calculated for each tool
(AMSTAR 2, JBI, SANRA) based on a 20 percent
random sample of included reviews.

Kappa = 0.75 indicates good agreement; < 0.60
triggers additional training and re-calibration.

Handling Low-Quality Reviews:

Reviews rated “Critically Low” (AMSTAR 2) or
scoring < 50 percent on JBI/SANRA will be
included for comprehensiveness but will be given
lower weight in synthesis and highlighted as
potential sources of bias.

Strategy of data synthesis Given the
heterogeneity of AI/ML models, clinical domains,
and outcome measures, a purely quantitative
meta-analysis is not feasible at the umbrella level.
Therefore, we will employ a structured narrative
synthesis complemented by tabulated summary
metrics.

Preliminary Steps:

Tabulation: Create comprehensive tables stratified
by clinical domain (reproductive, pregnancy,
postpartum, neonatal), listing for each included
review: authors, year, AI/ML model type,
population characteristics, comparator(s), primary
outcomes (accuracy, sensitivity, AUC, Dice),
clinical usability findings, and key conclusions.

Quality Indicators: Append AMSTAR 2, JBI, or
SANRA ratings alongside each review’s entry.

Thematic Grouping:
Domain-Based Themes:

Theme 1 - Al Across Reproductive & Early
Childhood Stages: Summarize model types (e.g.,
CNN for embryo selection), performance metrics,
and reported clinical impacts.

Theme 2 - Al During Pregnancy: Organize by
subthemes such as ultrasound anomaly detection,
gestational age/fetal weight estimation, maternal
risk prediction (e.g., preeclampsia).

Theme 3 — Al in Postpartum Care: Distill findings
on mental health screening, remote monitoring,
and any reported health outcome improvements
(e.g., reduced readmissions).

Theme 4 - Al in Neonatal Care: Categorize by
neonatal sepsis surveillance (e.g., HeRO), ROP
screening, NEC prediction, and associated
outcome metrics.

Narrative Synthesis:

Descriptive Summaries: For each theme, provide a
narrative summary that (a) describes study designs
and populations covered by the reviews, (b)
compares reported predictive performance
metrics, (c) highlights reported real-world usability
findings, (d) notes patient-centered outcomes, and
(e) synthesizes equity and bias observations.

Cross-Theme Comparisons: Identify overlaps (e.g.,
use of CNN architectures in both reproductive and
neonatal imaging) and divergences (e.g., greater
maturity of fetal ultrasound Al vs. nascent
postpartum mental health Al).

Subgroup analysis Although our umbrella review
is primarily narrative, we will examine prespecified
subgroups to explore variability in Al/ML
performance and reported outcomes:
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Clinical Domain:
Reproductive (e.qg., fertility/IVF)

Pregnancy (e.g., fetal imaging, maternal risk
prediction)

Postpartum (e.g., mental health screening, remote
monitoring)

Neonatal (e.g., sepsis, ROP, NEC)

Comparing these domains will reveal where Al/ML
evidence is most robust (e.g., fetal ultrasound)
versus emerging (e.g., postpartum mental health).

Al/ML Model Type:

Traditional Machine Learning: Random forest,
support vector machines, logistic regression.

Deep Learning Architectures: CNNs, recurrent
neural networks (RNNs), transformer-based
models.

We will tabulate differences in performance metrics
(e.g., AUC, Dice) across these model types within
each clinical domain.

Geographic Setting:

High-income vs. low- and middle-income countries
(LMICs) as reported by included reviews.

Subgroup analyses will contrast reported
implementation barriers and generalizability in
different settings (e.g., availability of large training
datasets in high-income vs. data scarcity in
LMICs).

Study Quality (Review-Level):

High-quality reviews (AMSTAR 2 rating = High or
Moderate) vs. lower-quality reviews (AMSTAR 2 =
Low/Critically Low or SANRA score < 8).

We will compare whether performance estimates
(e.g., average AUC) differ meaningfully between
high- and low-quality review sources.

Type of Outcome:

Diagnostic/Detection Outcomes: e.g., anomaly
detection, sepsis prediction.

Therapeutic/Management Outcomes: e.g., FSH
dosing algorithms, CDSS for postpartum
depression.

This subgrouping will highlight whether Al/ML has
stronger evidence for diagnostic use-cases vs.
therapeutic decision-support.

If any included review explicitly stratifies results by
maternal age, fetal gestational age categories (e.g.,
first vs. third trimester), or neonatal birth weight,
we will extract those stratified outcome metrics
and report them under the corresponding clinical
domain subgroup.

Sensitivity analysis To assess the robustness of
our umbrella review conclusions, we will perform
the following sensitivity analyses:

Exclusion of Low-Quality Reviews:

Remove reviews rated “Critically Low” on AMSTAR
2 or scoring < 50 percent on JBI/SANRA.

Re-tabulate key performance metrics (e.g., AUC
ranges) and compare to the full dataset. A
substantial shift (e.g., > 5 percent change in pooled
AUC range) will be flagged and discussed.

Publication Date Cutoff Variation:

Compare findings from reviews published January
2021-December 2023 vs. January 2024-April 2025
to evaluate temporal trends. This will help identify
whether more recent Al/ML models offer significant
performance improvements over earlier models.

Language Restriction Impact:

Although our protocol restricts to English, if we
identify = 5 potentially eligible non-English reviews
(e.g., Spanish, Chinese) based on title/abstract
screening, we will note the extent to which
language restriction may bias the results. A post-
hoc sensitivity note will describe whether including
non-English reviews (if feasible) changes any major
conclusions.

Subgroup by Clinical Domain:

Evaluate whether excluding one entire clinical
domain (e.g., reproductive stage) significantly
alters overall conclusions about Al readiness in
perinatal care. For instance, if neonatal evidence is
disproportionately driving high performance
metrics, excluding it may lower the overall average
AUC.

Impact of Meta-Analytic vs. Narrative Reviews:

Separate reviews that conducted meta-analyses
(providing pooled effect sizes) from purely narrative
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syntheses. Compare pooled numeric estimates
(where available) against narrative summaries to
see if meta-analytic methods yield higher or lower
performance estimates.

Funding Source Bias:

If = 10 percent of included reviews (or critical
reviews) report industry sponsorship or Al vendor
involvement, we will perform a subgroup check to
see if reported performance metrics (e.g., AUC)
differ systematically from publicly funded or
academic-only reviews.

Each sensitivity analysis will be documented in a
supplementary table. A narrative summary will
describe whether major conclusions (e.g.,
identification of strongest Al application) are
sensitive to the inclusion or exclusion criteria
above.

Country(ies) involved Saudi Arabia, UK.

Keywords Artificial Intelligence; Machine Learning;
Perinatal Care; Maternal Health; Neonatal Care;
Reproductive Health; Health Equity.
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