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Abstract

Background: Artificial intelligence (AI) is increasingly used in obstetric ultrasound, car-
diotocography, wearable fetal electrocardiography, and remote maternal-fetal monitoring.
Evidence on real-world implementation, including feasibility, acceptability, workflow, task
sharing, sustainability, equity, cost, and user experience, remains limited. This review aimed
to map global real-world implementation evidence for AI-enabled obstetric monitoring
and identify outcomes, determinants, gaps, and research priorities for scale-up. Methods:
We conducted a scoping review using the Arksey and O’Malley framework with Levac
refinements, Joanna Briggs Institute guidance, and PRISMA-ScR. PubMed/MEDLINE,
Web of Science, and Dimensions were searched from January 2010 to May 2026 and Scopus
from January 2010 to December 2025. We included studies on AI-enabled obstetric monitor-
ing in clinical or community settings and primary research on implementation readiness.
We classified findings as operational (Tier 1) or readiness (Tier 2), mapped outcomes to
RE-AIM, and interpreted determinants using NASSS. Results: Thirteen studies met the
criteria: ten on AI-enabled obstetric ultrasound, two on AI-assisted cardiotocography, and
one on wearable fetal electrocardiography. Seven were Tier 1 and six Tier 2; ten were
conducted in LMICs or mainly represented LMIC stakeholders. Included studies reported
higher ultrasound process-quality measures, shorter expert-review time, feasible image
acquisition, high acceptability, and potential for task sharing. Selection bias, confounding,
short follow-up, and reliance on proximal outcomes limited inference. No randomized
trial showed improved maternal or neonatal outcomes, and no complete cost-effectiveness
evaluation met the criteria. Conclusions: Implementation evidence remains sparse, recent,
and concentrated in AI-enabled ultrasound. Pragmatic comparative studies, long-term
implementation research, economic evaluation, safety monitoring, referral completion, and
equitable scale-up should be prioritized.
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1. Introduction
Maternal and perinatal mortality remain major global health problems despite sus-

tained gains in antenatal, intrapartum, and newborn care. The World Health Organization
(WHO) and partner agencies estimated 287,000 maternal deaths in 2020, with most deaths
occurring in low- and lower-middle-income countries [1]. Preventable stillbirths and
neonatal deaths add substantially to this burden. Timely recognition of fetal compromise,
abnormal presentation, multiple pregnancy, placental abnormalities, growth problems,
hypertensive complications, and preterm labor forms a central part of effective antenatal
and intrapartum care [2,3].

Obstetric monitoring includes technologies and clinical processes used to assess ma-
ternal physiology, fetal growth, fetal heart activity, uterine activity, placental function, and
pregnancy risk. Ultrasound scan supports gestational-age estimation, fetal viability assess-
ment, detection of multiple pregnancy, fetal presentation, placental localization, growth
assessment, and structural-anomaly screening. The WHO recommends one ultrasound
examination before 24 weeks of gestation as part of routine antenatal care [2]. Cardiotocog-
raphy (CTG) records fetal heart rate and uterine contractions during pregnancy or labor.
Non-invasive fetal electrocardiography (fECG), wearable sensors, and remote-monitoring
platforms seek to extend surveillance beyond conventional facilities.

Access and quality healthcare remain unequal. Many low-resource settings lack
trained sonographers, fetal-monitoring equipment, maintenance systems, reliable power,
digital connectivity, referral transport, and specialist interpretation of investigations [4–7].
Task sharing with nurses, midwives, community health workers, and non-specialist clin-
icians offers one response to workforce shortages, but image acquisition, signal quality,
interpretation, supervision, and referral remain important constraints [4,7,8]. The interpre-
tation of conventional CTG also suffers from interobserver and intraobserver variations,
high false-positive rates, inconsistent escalation, and limited evidence of benefit from some
computerized decision-support approaches [9,10].

Artificial intelligence (AI) offers potential approaches to some of these challenges. AI
systems process data using computational methods designed to perform tasks commonly
associated with human cognition, including pattern recognition, classification, prediction,
segmentation, quality assessment, and decision support [11–13]. In obstetric ultrasound,
AI applications include automated biometry, plane recognition, quality control, gestational-
age estimation from blind sweeps, anatomical segmentation, anomaly detection, and
real-time acquisition guidance [14–17]. In fetal monitoring, algorithms analyze fetal heart-
rate patterns, uterine contractions, fetal ECG signals, and multimodal maternal-fetal data.
Wearable systems combine sensors, mobile applications, automated signal processing, and
remote review.

Technical promise alone does not establish clinical value. Studies often emphasize
discrimination, accuracy, sensitivity, specificity, or agreement with experts [18–20]. They
rarely examine how clinicians use outputs, how patients respond, whether workflows
improve, whether errors change clinical decisions, whether services sustain use, or whether
benefits reach disadvantaged populations [21–24]. Dataset shift, limited transportability,
automation bias, hidden confounding, incomplete reporting, and weak post-deployment
surveillance create further risks [24–27].
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Clinical evaluation standards increasingly recognize this problem. CONSORT-AI and
SPIRIT-AI require trial reports and protocols to describe algorithm inputs, outputs, error
handling, human–AI interaction, and the skills required from users [28,29]. DECIDE-AI
extends this focus to early prospective clinical evaluation and asks investigators to report
workflow integration, user experience, safety, and system failures [30]. These standards
improve reporting, but obstetric monitoring also requires pregnancy-specific attention
to fetal and maternal safety, time-critical escalation, shared decision-making, and the
downstream consequences of false reassurance or unnecessary intervention.

Regulatory clearance also answers a different question from implementation. Reg-
ulators assess safety and performance for a defined intended use. Health systems still
need local evidence on staffing, infrastructure, referral pathways, procurement, training,
cybersecurity, accountability, and affordability. This need becomes more important when
software receives updates after deployment or when the same algorithm operates across
different probes, monitors, populations, and levels of care. WHO guidance, therefore,
places transparency, accountability, inclusiveness, sustainability, and continuous oversight
alongside technical performance [12,13].

Implementation research addresses this translational gap. Proctor et al. (2011) de-
scribed implementation outcomes, such as acceptability, adoption, appropriateness, feasibil-
ity, fidelity, cost, penetration, and sustainability [31]. RE-AIM examines reach, effectiveness,
adoption, implementation, and maintenance [32]. The non-adoption, abandonment, scale-
up, spread and sustainability (NASSS) framework focuses on non-adoption, abandonment,
scale-up, spread, and sustainability of health technologies across the condition, value
proposition, adopters, organization, wider system, and adaptation over time [33]. These
frameworks distinguish technical performance from implementation success.

The distinction matters profoundly in obstetrics. An accurate ultrasound algorithm
has limited clinical value if frontline workers cannot acquire adequate sweeps, if batteries
fail, if internet access interrupts analysis, or if referral hospitals lack capacity. An AI-CTG
alert might increase operative delivery or anxiety without improving neonatal outcomes. A
wearable monitor might generate reassurance during supervised testing yet prove difficult
to wear at home. Automated guidance might support task sharing while creating over-
reliance or uncertainty about responsibility. Cost savings from faster review might be
offset by licenses, cloud infrastructure, maintenance, training, repeat scans, referrals, and
confirmatory testing.

Several reviews describe AI in obstetric ultrasound and maternal-fetal medicine [14,15,34].
Others summarize medical AI performance, AI trials, tele-ultrasound, or task-shared
POCUS [8,16,23,35]. These reviews provide valuable technical and clinical context, but
they commonly include model-development studies, stored-image validation, retrospective
prediction, or secondary literature. Few have specifically distinguished primary evidence
of real-world implementation from evidence of implementation readiness across different
obstetric monitoring devices.

This review uses two review-specific categories to organize implementation evidence.
Tier 1 studies required operational exposure to an AI-enabled monitoring system in a
clinical, community, training, or service-delivery setting, with at least one implementation
or service outcome. Tier 2 studies required primary data on implementation readiness,
including stakeholder perceptions, acceptability, trust, training, workflow, governance,
task sharing, or health-system integration. Tier 2 studies did not require operational
deployment, but they had to focus explicitly on implementation of a defined AI-enabled
obstetric monitoring application. The distinction was used to keep direct operational
experience separate from anticipated or preparatory implementation evidence. Throughout
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the review, AI-enabled obstetric monitoring is used as the umbrella term, while AI-POCUS,
AI-CTG, and wearable fetal ECG refer to specific modalities.

The review addressed four objectives:

1. To identify and characterize primary studies on real-world implementation or imple-
mentation readiness for AI-enabled obstetric monitoring.

2. To classify the evidence by monitoring domain, implementation tier, study design,
population, geography, and reported outcomes.

3. To synthesize implementation outcomes and determinants using RE-AIM and NASSS.
4. To identify evidence gaps and priorities for safe, equitable, effective, and sustainable

implementation.

2. Methods
2.1. Review Design

We conducted a global scoping review and implementation evidence map. A scoping
design suited the heterogeneous technologies, populations, study designs, implemen-
tation stages, and outcome measures expected in this emerging field. We followed the
five stages proposed by Arksey and O’Malley (2005): identifying the research question,
identifying relevant studies, selecting studies, charting data, and collating, summariz-
ing, and reporting results [36]. We incorporated Levac et al.’s (2010) recommendations
for an iterative team process, clear linkage between questions and purpose, transpar-
ent selection, and interpretive synthesis [37]. We also aligned the review with updated
Joanna Briggs Institute guidance [38]. Reporting followed PRISMA-ScR guidance [39,40].
The review materials were registered retrospectively on the Open Science Framework
[10.17605/OSF.IO/EPK73]. Reporting was also cross-checked against the PRISMA 2020
checklist. The completed PRISMA-ScR and PRISMA 2020 checklists are provided in Sup-
plementary Files S2 and S3, respectively.

2.1.1. Review Questions

• The primary question was the following: what primary evidence documents real-world
implementation or implementation readiness for AI-enabled obstetric monitoring?

2.1.2. Secondary Questions Examined

• Which monitoring technologies, settings, countries, users, and populations have been
studied?

• Which implementation outcomes and determinants have been reported?
• What evidence exists for feasibility, acceptability, appropriateness, adoption, task

sharing, training, workflow, cost, effectiveness, safety, equity, and sustainability?
• Which evidence gaps limit routine use or scale-up?

2.1.3. Eligibility Framework

We structured eligibility using the Population, Concept, and Context (PCC) frame-
work:

i. Population: pregnant or postpartum individuals, fetuses, healthcare professionals,
health managers, implementers, policy-makers, family members, or communities
involved in obstetric monitoring.

ii. Concept: AI-enabled monitoring technologies incorporating machine learning, deep
learning, computer vision, neural networks, automated classification, automated
signal interpretation, automated quality assessment, automated acquisition guidance,
or algorithmic risk estimation. Standard digital health platforms, telemedicine tools, or
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routine electronic medical record systems lacking an explicit algorithmic AI function
were excluded.

iii. Context: antenatal, intrapartum, community, primary-care, hospital, home-monitoring,
training, or health-system settings globally.

2.2. Inclusion Criteria

Studies were eligible if they represented primary empirical research (quantitative,
qualitative, or mixed-methods) published between January 2010 and May 2026, evaluated
an explicit AI-enabled obstetric monitoring technology, and reported at least one Tier 1
operational outcome or Tier 2 implementation-readiness parameter.

2.3. Exclusion Criteria

We excluded secondary syntheses, editorials, pure model development or validation
studies, retrospective analyses of archived datasets without service exposure, animal
or in vitro models, non-obstetric applications, and grey literature that did not contain
analyzable primary empirical data, such as press releases and commercial product
sheets. Publication status alone was not an exclusion criterion, and eligible preprints
were retained.

2.4. Implementation Tiers

Tier 1 represented direct implementation. Participants, providers, or services used
an operational AI-enabled monitoring system. Eligible outcomes included feasibility, up-
take, image or signal acquisition, workflow, referrals, satisfaction, training performance,
service use, clinical outcomes, safety, cost, maintenance, or sustainability. Tier 2 repre-
sented implementation readiness. Studies collected primary data on anticipated or early
implementation, stakeholder perceptions, trust, acceptability, appropriateness, workforce
preparation, training, governance, liability, workflow, or system integration. Participants
did not need direct system exposure. We kept Tier 2 separate from Tier 1 throughout
the synthesis.

2.5. Information Sources and Search Period

We searched PubMed/MEDLINE, Web of Science Core Collection, and Dimensions
from 1 January 2010 through 31 May 2026 and Scopus from 1 January 2010 through 31
December 2025 (reflecting database licensing windows at data retrieval). Concept blocks
combined AI-related terms, monitoring terms, and pregnancy terms using Boolean opera-
tors. Reference lists of included studies and relevant reviews were screened for additional
citations. Full search strings for all electronic databases are provided in Supplementary
File S1.

We combined blocks with Boolean AND operators and synonyms within blocks with
OR. We applied no language restriction during database searching. We also screened
reference lists and forward citations of included studies and relevant reviews. We included
preprints because implementation evidence often appears before journal publication in a
rapidly developing field. We labeled preprints and interpreted them cautiously.

Supplementary File S1 presents the full database-specific search strategies. The sup-
plied Scopus search ended in December 2025. We identified 2026 reports through the May
2026 searches in the other databases and supplementary citation searching.

2.6. Study Selection

Screening decisions were managed using Rayyan (Rayyan Systems Inc., Cambridge,
MA, USA; https://www.rayyan.ai, accessed on 20 July 2026), a web-based systematic
review management platform. Titles and abstracts were screened against the eligibility
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criteria. When abstracts did not provide enough information to distinguish technical AI
validation from implementation evidence, records were retained for full-text assessment
to reduce the risk of false exclusion. Potentially eligible and uncertain records underwent
full-text assessment. Uncertain decisions were resolved through team discussion and re-
examination of the AI function, obstetric-monitoring purpose, implementation exposure,
and reported outcomes. Reviewer-specific screening assignments and agreement statistics
were not retained in a form that supports reliable retrospective reporting, so no agreement
coefficient is presented.

2.7. Data Collection Process

VAA performed the primary data charting using a structured extraction form devel-
oped for the review. The form captured citation and publication status, country and income
setting, study design and duration, sample characteristics, monitoring domain, AI function,
target users, implementation tier, implementation outcomes and determinants, quantitative
findings, qualitative findings, adverse effects, training, task sharing, workflow, referral,
equity, cost, and sustainability. We extracted only results supported by the full text.

QESA independently checked the charted information against the source reports,
with particular attention to study eligibility, sample denominators, numerical results,
implementation-tier classification, and interpretation of reported outcomes. Differences
identified during verification were resolved through review of the original publication and
discussion between VAA and QESA. IOA provided methodological adjudication where
uncertainties persisted. ABO, GUE, SB, and AAC contributed to validation and technical
interpretation of the synthesized findings.

Data were extracted only from information reported in the eligible publications and
associated Supplementary Materials. Where numerical information was internally in-
consistent and could not be resolved from the source report, the affected estimate was
not extracted or used in the synthesis. Study investigators were not routinely contacted
for additional information because the review relied on published or publicly available
study reports. The Rayyan software was used for study management and linkage of
screening decisions.

2.8. Evidence Synthesis

We used descriptive counts to summarize monitoring domains, tiers, geography,
designs, and populations. We did not perform meta-analysis because technologies, imple-
mentation stages, comparators, and outcomes differed substantially. VAA performed the
initial framework mapping during data charting, including mapping reported outcomes
to RE-AIM [32] and determinants relevant to NASSS [33]. QESA checked the mapped
interpretations against the source reports as part of independent verification of charted
data, and unresolved methodological uncertainty was discussed with IOA. Reach cov-
ered participation and representativeness. Effectiveness covered clinical, service, quality,
safety, and unintended outcomes. Adoption spanned provider and facility uptake. Imple-
mentation covered fidelity, training, workflow, cost, adaptations, and delivery conditions.
Maintenance covered sustained use and institutionalization. Individual findings were
allowed to inform more than one domain where conceptually appropriate. We treated all
framework mappings as review-level interpretations unless the original study explicitly
used the framework.
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2.9. Critical Appraisal

Consistent with scoping-review guidance, we did not exclude studies on the basis of
methodological quality [36–38,40]. We did not undertake a formal design-specific risk-of-
bias appraisal because the purpose was to map the range and maturity of implementation
evidence across heterogeneous study designs rather than estimate a pooled effect. Instead,
we documented design and reporting limitations relevant to interpretation, including
non-random allocation, small samples, single-center designs, hypothetical exposure, self-
selection, incomplete upload denominators, short follow-up, preprint status, commercial
conflicts, and absence of patient outcomes. Findings were, therefore, interpreted according
to study design and were not treated as having equivalent evidentiary strength.

2.10. Ethics

The review used publicly available reports and did not require research-ethics approval.

3. Results
3.1. Study Selection and Characteristics

The database searches identified 2308 records. After removal of 1009 duplicates,
1299 unique records underwent title and abstract screening. Of these, 444 records were
excluded, and 855 full-text reports were assessed against the review eligibility criteria.
The high proportion progressing to full text reflected the deliberately sensitive screen-
ing approach used when abstracts did not clearly distinguish algorithm development or
validation from real-world implementation or implementation-readiness evidence. Fol-
lowing full-text assessment, 842 reports were excluded because they did not meet one or
more prespecified population, concept, context, explicit-AI, primary-empirical-research, or
implementation-evidence requirements. The screening export did not preserve a mutually
exclusive primary exclusion reason for every excluded full-text report. We, therefore, did
not retrospectively reconstruct numerical reason categories, which would have required
re-screening and risked misclassification. The final scoping review included 13 primary
studies (Figure 1): 7 Tier 1 studies documenting operational exposure and 6 Tier 2 studies
examining implementation readiness. All 855 reports sought for retrieval were assessed,
and none was unavailable.

3.2. Characteristics of Included Studies

The 13 studies were published from 2022 to 2026. Ten were related to AI-enabled
obstetric ultrasound [41–50]. Two were related to AI-assisted CTG [51,52]. One assessed a
wearable non-invasive fetal ECG system [53]. Table 1 summarises the characteristics and
principal findings of the 13 studies (Table 1).

Seven studies documented operational exposure and were included as Tier 1 [41,42,
46,48–50,53]. Six were included as Tier 2 because they examined perceptions, readiness,
training, trust, or anticipated implementation without routine deployment of the defined
system [43–45,47,51,52].

Ten studies took place in LMICs or mainly represented LMIC stakeholders. Country-
specific studies came from Kenya [45], Egypt [52], China [42,48,50], Sierra Leone [41], and
Ethiopia [46,49]. Della Ripa et al. and Ginsburg et al. recruited multinational samples
with substantial or predominant LMIC representation [43,44]. Dlugatch et al. studied
clinicians in England, Karmakar et al. studied pregnant participants in Australia, and
Smit et al. surveyed Dutch obstetric ultrasound professionals [47,51,53]. Two studies were
preprints [46,49].
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Figure 1. PRISMA 2020 flow diagram. The diagram includes identification, deduplication, screening,
retrieval, eligibility, and inclusion stages.

Table 1. Characteristics and findings of included studies.

Study Setting, Design, and Sample Technology and AI
Function Tier Main Implementation Findings

Koech et al.
[45]

Kenya. Qualitative
pre-implementation study;
18 healthcare workers and
52 community members in

six focus groups

TraCer TraCer
(University of Oxford,

Oxford, UK), a handheld
ultrasound-based

system for automated
fetal-head measurement

and gestational-age
estimation.

2

High anticipated acceptability.
Participants preferred nurse use.
Training, accuracy, maintenance,
electricity, workflow integration,
and communication of system

limits influenced feasibility

Dlugatch
et al. [51]

England. Qualitative
interviews with eight
obstetricians and five

midwives

Proposed OxSys 3.0
AI-CTG decision

support
2

Clinicians prioritized accuracy,
transparent evidence, reliability,
human authority, accountability,

and processes for clinician-AI
disagreement
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Table 1. Cont.

Study Setting, Design, and Sample Technology and AI
Function Tier Main Implementation Findings

Shehata
Ahmed

et al. [52]

Egypt. Single-group pre-test
and post-test study with

51 maternity nurses

Instruction on AI-driven
CTG 2

Low perspective scores fell from
76.5% before training to 37.2%

after training. Positive attitudes
increased from 22.6% to 76.5%.

No operational system use
occurred

Tan et al.
[48]

China. Prospective parallel
repeated-measures study;
14 ultrasonographers and
50 pregnant volunteers for

time observations

AiriScan QC V1.0
(Airigin, Guangzhou,

China), providing
real-time ultrasound

image-quality control.

1

AI-group quality scores rose
from 83.83 to 92.36 over three
months. Median post-scan AI

review took 13.76 s versus
1239.50 s for manual post-scan

review

Ginsburg
et al. [44]

Multinational survey.
176 professionals from
34 countries, 96% from

LMICs

AI-assisted obstetric
ultrasound as a general

proposed approach
2

34.4% reported reservations.
Provider understanding,

misdiagnosis, cost, patient
understanding, malpractice, and

misuse were leading concerns

Cao et al.
[42]

China. Prospective
before-and-after evaluation;
four radiologists completed

567 first-trimester
examinations

Deep-learning
image-quality

assessment using
YOLOv7 and

multi-branch quality
regression

1

Standard images increased from
80.8% to 88.5% for junior

radiologists and from 86.7% to
91.8% for mid-level radiologists.
AI review averaged 0.05 s per

image

Della Ripa
et al. [43]

Multinational
mixed-methods study;

40 survey respondents and
41 interview or focus-group

participants

Proposed handheld
AI-POCUS with guided

blind sweeps and
automated assessment

2

Midwives and nurses were
preferred users. Participants
stressed diagnostic accuracy,

referral capacity, training,
human interaction, liability, data
governance, and health-system

readiness

Karmakar
et al. [53]

Australia. Non-randomized
feasibility study with
70 high-risk pregnant

participants from 36 weeks

Wearable non-invasive
fetal ECG with

algorithm-supported
fetal-heart-rate

extraction

1

After 30 min supervised use,
90% reported high comfort, 91%
reported comfortable removal,

3% reported high skin irritation,
and 89% reported high

satisfaction

Smit et al.
[47]

The Netherlands. Online
survey of 151 obstetric

ultrasound professionals

AI as an add-on to fetal
ultrasound 2

62% reported current AI use,
mainly automated biometry; 87%
supported add-on use and 86%
retained final clinical authority.

Abstract-level extraction

Richardson
et al. [46]

Ethiopia. Four-week
multicenter pilot with
101 pregnant women

Butterfly iQ3 AI-POCUS
with iQ Fan and iQ Slice 1

Gestational age recorded in
100 cases. Seven of ninety-nine
women with referral data were
referred. No universal expert

over-read, comparator, referral
follow-up, or delivery outcomes
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Table 1. Cont.

Study Setting, Design, and Sample Technology and AI
Function Tier Main Implementation Findings

Tian et al.
[49]

Ethiopia. Comparative
observational cohort with

108 AI-POCUS recipients and
598 controls

AI-POCUS performed
by trained midwives

and nurses
1

Adequate ANC attendance was
83.3% versus 51.2%, adjusted OR

4.923. Maternal and neonatal
complications did not differ
significantly. Non-random
exposure limited inference

Sesay et al.
[41]

Sierra Leone. Mixed-methods
implementation study;

81 providers completed 2315
scans across seven facilities

Smartphone ultrasound
with guided sweeps,

tutorials, remote review,
and later AI analysis

1

83.8% of scans had sufficient
quality. Tutorial-supported scans
achieved 85.3% sufficient quality
versus 43.2% without tutorials.
Infrastructure, staffing, referral,

financing, and maintenance
shaped use

Zhao et al.
[50]

Western China. Prospective
multicenter longitudinal

study; 61,959 examinations,
551,144 images, 186

sonographers, 34 hospitals

AI ultrasound quality
control and automated

feedback
1

Complete-standard rates
increased across four scan types.
Active hospitals fell from 34 to
25 by months 21 to 24 and to 12
at study end. Upload coverage

was incomplete

3.3. AI Ultrasound Quality Control

Three Chinese studies evaluated automated image-quality assessment in clinical
workflows [42,48,50].

Tan et al. allocated 14 experienced ultrasonographers to AI-assisted or manually
supervised quality control [48]. Baseline quality scores were similar, 83.83 in the AI group
and 84.24 in the manual group. The AI-group scores increased to 90.42 after one month,
91.02 after two months, and 92.36 after three months. The manual-group scores remained
84.84, 84.60, and 84.31. The between-group effect was significant (F = 13.113, p = 0.004, and
η2 = 0.522). Change over time was also significant in the AI group (F = 9.827, p = 0.003, and
η2 = 0.747), but not in the manual group.

The study measured professional time rather than full economic value. Real-time AI
feedback required no extra expert-review time. The median post-scan AI processing took
13.76 s, while the median manual post-scan review took 1239.50 s and real-time manual
supervision took 1541 s. The authors did not report equipment, license, cloud, maintenance,
referral, patient, or opportunity costs.

Cao et al. compared first-trimester image quality before and after four radiologists
received AI feedback [42]. Junior radiologists increased standard images from 80.8% to
88.5%, an absolute increase of 7.7 percentage points. Mid-level radiologists improved
from 86.7% to 91.8%, an increase of 5.1 percentage points. The axial fetal-abdominal plane
improved from 62.5% to 76.6% among junior radiologists. AI assessment averaged 0.05 s
per image, compared with the mean expert review of 23.7 s before feedback and 22.0 s after
feedback. The agreement between AI and experts also exceeded κ = 0.80 for all four planes.

Zhao et al. provided the largest implementation dataset. The study included
34 hospitals, 186 sonographers, 61,959 examinations, and 551,144 uploaded images. Be-
tween months 1 to 3 and months 21 to 24, examinations meeting the complete standard
increased from 39.5% to 82.1% for first-trimester scans, 46.3% to 65.5% for basic biome-
try, 29.2% to 58.8% for limited anomaly scans, and 16.1% to 53.3% for standard anomaly
scans [50]. All temporal trends had p < 0.0001.
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Maintenance dwindled over time. Actively uploading hospitals declined from 34
in months 1 to 3 to 25 in months 21 to 24, with 12 active sites at the end of the period.
Three hospitals with complete denominators uploaded only 6.0% to 37.5% of eligible
examinations. Sonographers appealed 358 of 551,144 image ratings, 0.065%. Successful
appeals, interpreted as AI errors, ranged from 11.1% to 42.1% across four representative
planes. Selective uploading, hospital attrition, changing case mix, and observational design
restricted causal interpretation in this study.

3.4. Frontline AI-POCUS Implementation

Three studies examined frontline AI-POCUS in African antenatal services [41,46,49].
Sesay et al. provided the most detailed implementation-process evaluation. Eighty-one
providers completed 2315 scans across seven facilities [41]. Providers included midwives,
community health officers, maternal and child health aides, community health assistants,
state-enrolled community health nurses, trainees, traditional birth attendants, and commu-
nity health volunteers.

Overall, 1940 scans, 83.8%, had sufficient quality for remote or AI-supported analysis.
Forty-eight providers, 59.3%, achieved at least 80% sufficient-quality scans. Quality rose
from 69.1% for each provider’s first scan to 87.2% for scans numbered 101 or higher.
Among tutorial-supported scans, 1905 of 2234, 85.3%, were sufficient. Without tutorials, 35
of 81 scans, 43.2%, were sufficient. The crude OR was 14.1, 95% CI 6.40 to 31.12, p < 0.001.
In first-time users, tutorial support remained associated with sufficient acquisition, OR 12.2,
95% CI 4.11 to 36.32.

Furthermore, quality varied by facility from 43.2% at the referral hospital to 92.3% at
one maternal and child health post. Twenty-six of twenty-nine providers at the lowest-
performing hospital used the device once. The null mixed-effects model attributed approxi-
mately 26% of quality variation to provider-level differences.

Providers and clients also valued portability, guided sweeps, tutorial videos, im-
mediate feedback, risk categorization, and faster referrals. Barriers included electricity,
connectivity, equipment availability, repair and replacement, staff transfers, workload, re-
current training, financing, unclear guidelines, and weak referral capacity. Some providers
described dependence on the device and reduced physical examination. Earlier implemen-
tation relied on remote expert review, while later implementation introduced AI analysis.
The study did not isolate AI effects from remote support.

Richardson et al. studied 101 women at four urban government health centers in Addis
Ababa over four weeks. Frontline providers used three Butterfly devices. Gestational age
was recorded in 100 cases [46]. Ninety-three examinations were classified as normal and
eight as non-normal. Seven of ninety-nine women with referral data were referred, 7.1%.
The pilot did not provide universal expert over-reading, a comparator, formal image-quality
outcomes, referral completion, delivery outcomes, or longer-term adoption data.

Tian et al. compared 108 AI-POCUS recipients with 598 controls in Ethiopia. Trained
midwives and nurses performed the scans [49]. Fourteen AI-POCUS recipients were
referred, including twelve of sixty-one women scanned in the second trimester and two of
forty-four scanned in the third trimester. Twelve referrals followed an abnormal AI finding.

Ninety AI-POCUS recipients, 83.3%, completed at least four ANC contacts, compared
with 306 controls, 51.2%. Firth regression produced an adjusted OR of 4.923, 95% CI
2.863 to 8.465, p < 0.001. Maternal complications occurred in 11 AI-POCUS recipients and
45 controls, adjusted OR 1.615, 95% CI 0.759 to 3.439. Neonatal complications occurred in
3 AI-group births and 25 control births, adjusted OR 0.971, 95% CI 0.289 to 3.261. Neither
outcome differed significantly. AI-POCUS recipients differed from controls in residence,
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employment, partner education, and age distribution. Non-random exposure and unequal
group size restricted causal inference.

3.5. Wearable Fetal Electrocardiography

Karmakar et al. evaluated a non-invasive fetal ECG wearable in 70 high-risk pregnan-
cies from 36 weeks. Participants wore the device for 30 min alongside standard CTG in a
tertiary hospital [53].

Before use, 79% expressed interest in continuous wear over days or weeks, 90%
expressed interest in home monitoring, 89% expected reassurance, and 14% anticipated
increased anxiety. After use, 90% reported high comfort during wear, 91% reported high
comfort during removal, and 3% reported high skin irritation. Seventy-five percent were
willing to wear the system for at least 24 h and eighty-nine percent reported high satisfaction.
Thirty percent preferred the wearable to CTG, while sixty percent had no preference.

Participants described reassurance, convenience, reduced anxiety, and home use as
favorable. They requested a smaller, wireless design. The study assessed brief hospital
exposure rather than extended home deployment. The authors did not examine clinical
decisions, false alerts, service workload, maternal or neonatal outcomes, or long-term adher-
ence. In addition, several authors disclosed commercial interests in the device developer.

3.6. Implementation Readiness for AI Ultrasound

Four studies assessed readiness, perceptions, or anticipated implementation of AI-
enabled obstetric ultrasound [43–45,47].

Koech et al., interviewed 18 healthcare workers and conducted six focus groups with
52 community members in Kenya [45]. Community participants included 19 pregnant
women, 15 male partners, and 18 mothers or mothers-in-law. Participants watched a five-
minute TraCer demonstration rather than using the device. They anticipated reassurance,
improved gestational dating, better scheduling, increased ANC attendance, fewer referrals
for dating scans, and lower travel expenditure. Nurses were widely accepted as users.
Accuracy, training, electricity, maintenance, storage, workflow, and clear explanation of
device limits shaped perceived feasibility. Some participants attributed broader diagnostic
capabilities to TraCer than the intended gestational-age function.

Ginsburg et al. surveyed 176 professionals from 34 countries. A total of 96% came from
LMICs, including 63.1% from Africa and 32.1% from Asia [44]. Eighty-five percent reported
ultrasound access, seventy-two percent had obstetric-ultrasound training, 60 percent con-
sidered themselves at least somewhat experienced, and seventy-seven percent reported
some confidence. Only 52.1% reported local ultrasound policies or guidelines.

Among 156 respondents, 27.6% viewed AI-assisted obstetric ultrasound as always
useful, 25.6% as frequently useful, and 37.8% as sometimes useful. Fifty-three of one hun-
dred and fifty-four respondents, 34.4%, reported reservations. Within this group, concerns
included provider misunderstanding, 71.7%, misdiagnosis, 62.3%, cost, 58.5%, patient
misunderstanding, 47.2%, malpractice, 43.4%, and misuse, 43.4%. Priority applications
were gestational age, 79%, fetal viability, 69%, ectopic pregnancy, 50%, fetal presentation,
50%, and multiple pregnancy, 44%. The survey did not define a specific AI system.

Della Ripa et al. combined 40 survey responses with six focus groups and 14 interviews
involving 41 participants [43]. Sixty-five percent of survey respondents lived in LMICs.
Seventy-eight percent were LMIC residents or citizens when qualitative demographic
information was included. Fifty-seven percent had clinical or research experience with
POCUS and 12.5% had AI-POCUS research or product-development experience.

Participants ranked fetal-heart-rate or viability assessment, multiple pregnancy, and
placental location as priority automated functions. Agreement was lower for AI-POCUS
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than standard POCUS regarding improved ANC attendance, 65.0% versus 75.0%, provider-
client trust, 60.0% versus 82.5%, provider confidence, 70.0% versus 85.0%, appropriate
referrals, 72.5% versus 85.0%, and neonatal outcomes, 72.5% versus 85.0%. Respondents
expected less intensive training for AI-POCUS, 42.5%, than standard POCUS, 67.5%, and
more streamlined documentation, 70.0% versus 62.5%.

Midwives and nurses were the preferred users, selected by 97.2% of respondents
answering this question. Other doctors were selected by 55.6%, obstetricians by 52.8%, and
community health workers by 27.8%. Concerns included inappropriate referrals, algorith-
mic error, reduced human interaction, declining clinical skills, professional displacement,
unclear liability, data ownership, fetal-sex misuse, and weak referral systems. Research
priorities included diagnostic accuracy, 77.5%, ANC quality, 65%, early ANC attendance,
50%, referral effects, 37.5%, and women’s experience, 37.5%.

Smit et al. surveyed 151 Dutch obstetric ultrasound professionals. Sixty-two percent
reported current AI use, mainly automated biometry [47]. Eighty-seven percent supported
AI as an add-on and 86% retained final clinical authority. Seventy-three percent expected
improved scan completeness, seventy percent expected improved anomaly detection, and
thirty-nine percent expected a lower workload. Ten percent reported data-security concerns,
and twelve percent reported software-manipulation concerns.

3.7. AI-CTG Readiness

Two studies addressed implementation readiness for AI-assisted CTG [51,52]. Neither
of these documented operational deployment.

Dlugatch et al. interviewed eight obstetricians and five midwives across NHS trusts
in England regarding OxSys 3.0 [51]. Participants did not use the system. Accuracy and
efficient risk assessment formed prerequisites for adoption. Clinicians requested evidence
across different populations and settings, information on training data and error rates,
clear limitations, and procedures for clinician-AI disagreement. They retained professional
judgement and opposed uncritical reliance on automated output. Trust depended more
on transparent evidence, reliability, and accountability than on whether public or private
organizations developed the system.

Shehata Ahmed et al. evaluated instruction among 51 maternity nurses in Egypt.
Before training, 76.5% had low perspective scores, and 77.4% had negative attitudes toward
AI fetal monitoring [52]. After training, 62.8% had high perspective scores, and 76.5% had
positive attitudes. Differences were significant at p < 0.001. Post-intervention perspective
and attitude scores correlated strongly, r = 0.980, p = 0.001. Thirty-nine nurses, 76.5%,
reported no previous AI fetal-monitoring training. The single-group design measured
immediate education effects rather than adoption or clinical use.

3.8. RE-AIM Evidence Map

The findings mapped to RE-AIM are summarised in Table 2.

Table 2. RE-AIM synthesis.

Dimension Evidence Main Gap

Reach

Zhao et al. included 34 hospitals and
61,959 examinations. Sesay et al.
involved diverse frontline cadres

across seven facilities. Ginsburg et al.
included 34 countries. Tian et al.

identified socioeconomic differences
in AI-POCUS exposure

Most studies did not report the
proportion of eligible patients,
providers, or facilities reached.
Selective uploads and online

recruitment reduced
representativeness

[41,44,49,50]
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Table 2. Cont.

Dimension Evidence Main Gap

Effectiveness

Tan et al., Cao et al., and Zhao et al.
reported improved ultrasound

quality. Tian et al. reported higher
ANC attendance without significant

maternal or neonatal outcome
differences. Karmakar et al. reported

high short-term satisfaction

No randomized study
demonstrated better maternal or
neonatal outcomes. Safety, false

alerts, intervention rates, and
unintended effects received

limited study

[42,48–50,53]

Adoption

Sesay et al. documented use across
numerous cadres. Zhao et al.

included 186 sonographers. Smit
et al. reported existing AI use among

62% of respondents

Several studies measured
intention rather than adoption.

Reasons for facility and
provider non-adoption were

seldom quantified

[41,42,47,48,50]

Implementation

Tutorials, feedback, repeated practice,
training, referral integration,

electricity, connectivity, maintenance,
role definition, and human oversight

influenced delivery. Tan et al. and
Cao et al. reported large reductions

in expert-review time

Studies rarely reported fidelity,
software updates, downtime,
technical failures, adaptation,

false outputs, workflow
disruption, or complete costs

[42,48]

Maintenance

Zhao et al. followed implementation
beyond two years. Sesay et al.

examined embedding and adaptation
with NASSS

Active sites declined in Zhao
et al. Most studies lasted weeks
or months. Long-term financing,
procurement, replacement, staff
turnover, and post-deployment

monitoring remain uncertain

[41,50]

3.9. Evidence by Monitoring Domain

Figure 2 displays the distribution of studies by monitoring domain and implementa-
tion tier. Table 3 summarises evidence maturity and outstanding gaps.

Figure 2. Distribution of eligible studies by monitoring domain and implementation tier under
the prespecified review criteria. Counts describe the included evidence base and not the global
distribution of AI maternal-fetal technologies.
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Table 3. Evidence maturity and gaps.

Monitoring
Category Tier 1 Tier 2 Current Implementation

Evidence Priority Gap

AI-enabled
obstetric

ultrasound
6 4

Quality improvement,
workflow time, frontline
feasibility, task sharing,

referrals, ANC use,
professional readiness

Pragmatic trials, patient
outcomes, errors, referral

completion, equity,
economic evaluation,

maintenance

AI-assisted CTG 0 2
Clinician trust

requirements and
workforce education

Real-world deployment,
alert burden, clinical
decisions, operative

delivery, safety, perinatal
outcomes

Wearable fetal
ECG 1 0

Short-term comfort,
satisfaction, and interest

in home monitoring

Extended home use,
adherence, signal failures,

alerts, clinical response,
comparative effectiveness,

cost

AI maternal
wearables 0 0 No eligible

implementation study
Clinical deployment and

implementation outcomes

AI fetal phono-
cardiography 0 0 No eligible

implementation study
First implementation

studies

Multimodal AI
monitoring 0 0 No eligible

implementation study

Interoperability, workflow,
governance, clinical

utility, and cost

4. Discussion
4.1. Principal Findings

To our knowledge, this review is among the first evidence maps to explicitly separate
direct operational exposure (Tier 1) from implementation-readiness assessments (Tier 2)
for AI-enabled obstetric monitoring. The included studies suggest that technical feasibility,
proximal quality measures, and provider acceptability have received the most attention,
particularly for AI-guided obstetric ultrasound in LMICs. Evidence on patient outcomes,
economic value, and long-term health-system integration remains limited.

The evidence supports three cautious findings. First, AI quality-control systems were
associated with better proximal ultrasound-process measures in the included observa-
tional and before-and-after studies. Studies in China reported higher adherence to standard
planes and shorter image-review times after automated feedback [42,48,50]. Second, guided
AI-POCUS was associated with feasible image acquisition by non-specialist providers when
deployment was combined with training, tutorials, practice, supervision, and referral path-
ways [41,46,49]. Third, users and stakeholders generally viewed AI-assisted monitoring
favorably, but trust depended on accuracy, transparent limits, human oversight, account-
ability, infrastructure, and service readiness [43–45,47,51].

The review found no firm evidence of improved maternal or neonatal outcomes. Tian
et al. reported higher ANC attendance among AI-POCUS recipients, but non-random
exposure and baseline differences did not allow for causal attribution [49]. There was no
eligible AI-CTG deployment study that examined operative delivery, neonatal acidemia,
encephalopathy, stillbirth, neonatal intensive-care admission, or maternal experience. The
only wearable fetal ECG study assessed 30 min hospital use rather than sustained home
monitoring. There was no full economic evaluation that met the criteria.
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4.2. Research Questions and Evidence Synthesis

Table 4 links the review questions to the main findings and their implications. The
synthesis reflects the eligible evidence and does not imply causal effects beyond the designs
of the included studies.

Table 4. Review questions, principal findings and implementation implications.

Review Question Synthesis of Findings Implication

What primary evidence
documents real-world

implementation or
implementation readiness?

Thirteen studies met the criteria: seven Tier 1
studies with operational exposure and six

Tier 2 studies focused on readiness. Evidence
was concentrated in AI-enabled obstetric

ultrasound.

The implementation literature is
small and unevenly distributed

across technologies.

Which technologies, settings,
countries, users, and

populations have been studied?

Ten studies addressed AI-enabled ultrasound,
two AI-assisted CTG, and one wearable fetal

ECG. Ten studies took place in LMICs or
mainly represented LMIC stakeholders.
Frontline users included sonographers,

nurses, midwives, and other non-specialist
cadres.

Evidence is strongest for
ultrasound and remains sparse for
other monitoring modalities and

settings.

Which implementation
outcomes and determinants

have been reported?

Reported outcomes included image or signal
acquisition, quality measures, review time,

acceptability, training, task sharing, workflow,
trust, referral, infrastructure, and short-term
satisfaction. Cost, safety, maintenance, equity,
and patient outcomes were less consistently

assessed.

Future studies need clearer
denominators, longer follow-up,
safety and referral outcomes, and

complete economic evaluation.

Which gaps limit routine use or
scale-up?

No eligible randomized trial demonstrated
improved maternal or neonatal outcomes.

Long-term sustainability, post-deployment
performance, complete cost-effectiveness,

referral completion, and equitable scale-up
were inadequately studied.

A portfolio of pragmatic
effectiveness and implementation
designs is needed, matched to the

question and health-system
context.

4.3. From Technical Accuracy to Implementation

The gap between technical performance and implementation is consistent with the
wider medical AI literature. Reviews of clinical AI studies have found frequent reliance
on retrospective data, limited external validation, weak comparisons with clinicians, and
incomplete reporting of workflow and patient outcomes [21–24]. Diagnostic accuracy
establishes whether an algorithm performs a defined task under study conditions. Imple-
mentation research establishes whether people use the system, whether services deliver
it reliably, whether outputs improve decisions, and whether benefits outweigh harms
and costs.

This distinction explains why Stringer et al.’s prospective evaluation of AI gestational-
age estimation from blind ultrasound sweeps remains important contextual evidence but
did not enter the review [17]. The study demonstrated equivalence between novice AI-
assisted sweeps and standard biometry within a defined gestational window. It did not
primarily study adoption, integration, sustainability, or service outcomes. Such validation
creates a basis for implementation, but it does not replace implementation research.

The same distinction applies to AI-CTG. Computerized fetal monitoring has a long
history. The INFANT trial found no improvement in poor neonatal outcomes from decision-
support software added to continuous electronic fetal monitoring, despite large-scale
clinical deployment [10]. INFANT was not an AI implementation study under the present
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definition, but its findings provide a caution. Better pattern recognition does not automati-
cally improve outcomes if clinicians must interpret alerts within complex labor-ward sys-
tems. AI-CTG research should, therefore, examine escalation, alarm burden, disagreement,
operative delivery, workload, liability, and neonatal outcomes rather than accuracy alone.

4.4. Task Sharing Requires a Service Package

The African AI-POCUS studies suggest potential for task sharing. Sesay et al. doc-
umented adequate scans across cadres ranging from midwives and community health
officers to maternal and child health aides and community volunteers [41]. Scan quality
was higher with repeated use, and tutorial support was strongly associated with adequate
acquisition. Richardson et al. and Tian et al. extended the evidence to Ethiopian antenatal
services [46,49].

These findings align with the wider POCUS literature showing that nurses, midwives,
and non-specialist providers perform focused examinations after structured training and
supervision [4,7,8]. Yet AI guidance did not remove the need for clinical knowledge. Della
Ripa et al. found strong preference for midwife- and nurse-led approaches, although
reported concerns about interpretation, counselling, referral, and liability [43]. Koech
et al. identified misunderstanding of device scope, while Sesay et al. reported possible
over-reliance and reduced physical examination [45].

Task sharing should, therefore, include a defined clinical package, which encompasses
competency-based training in acquisition, system limits, counselling, infection prevention,
and referral; supervised practice with minimum case requirements and periodic reassess-
ment; and clear rules for abnormal, uncertain, failed, and discordant outputs. Furthermore,
this package requires specialist confirmation and referral pathways with feedback to the
referring provider, alongside continuous monitoring of image quality, diagnostic disagree-
ment, repeat scanning, referrals, and outcomes. Finally, it must incorporate maintenance,
replacement, connectivity, charging, data storage, and cybersecurity support. AI reduces
selected skill barriers, but it does not remove the need for clinical governance.

4.5. Reach, Equity, and LMIC Relevance

The review identified a substantial LMIC evidence cluster. Kenya, Sierra Leone,
Ethiopia, Egypt, China, and multinational studies with LMIC representation contributed
most of the included evidence. This differs from the common pattern in medical AI, where
high-income-country datasets and tertiary institutions dominate development [25–27].
The LMIC representation is relevant to settings with substantial ultrasound-access and
workforce constraints, although the included studies do not establish representativeness
across LMIC health systems.

Important equity concerns remain. Online surveys underrepresent professionals
with weak internet access or limited English proficiency. Urban pilots do not represent
remote rural services. Tian et al. found greater AI-POCUS exposure among urban and
employed women, suggesting digital interventions might reproduce existing inequity and
access differences [49]. Zhao et al. reported incomplete image uploading, with progressive
decline in the number of actively uploading sites over time [50]. These findings are crucial
because implementation success among connected, better-resourced sites might conceal
exclusion elsewhere.

Future studies should report reach using clear denominators and reports should
compare participants with eligible non-participants by geography, income, education, age,
disability, language, parity, and clinical risk. Programs also need to assess who receives
scanning, whose scans fail, who completes referral, and who bears travel or confirmatory-
testing costs.
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4.6. Trust, Human Oversight, and Accountability

Trust emerged across CTG and ultrasound studies. Dlugatch et al. found that clini-
cians wanted transparent evidence, error rates, representative validation, and procedures
for disagreement [51]. Smit et al. reported strong support for add-on AI while most respon-
dents retained final professional authority [47]. Della Ripa et al. identified concerns about
liability and data ownership [43]. Ginsburg et al. found provider misunderstanding and
misdiagnosis among the leading reservations [44].

These findings support international guidance on responsible medical AI. WHO em-
phasizes autonomy, safety, transparency, accountability, equity, and sustainability [12,13].
In addition, CONSORT-AI, SPIRIT-AI, and DECIDE-AI call for clear descriptions of inputs,
outputs, human–AI interaction, errors, workflow, and clinical context [28–30]. Therefore,
implementation protocols should identify who reviews output, who acts, who documents
disagreement, who reports errors, and who holds responsibility when software, hard-
ware, connectivity, acquisition, or clinical judgement fails. Furthermore, human oversight
needs operational definition. A statement saying the clinician retains authority offers little
protection in situation where staffing, workflow, interface design, or policy encourages
automatic acceptance. Studies should measure automation bias, override rates, reasons for
override, alert fatigue, time to decision, interprofessional disagreement, and consequences
of false reassurance.

4.7. Maintenance and Post-Deployment Surveillance

Zhao et al. provided rare longitudinal evidence [50] and noted that while quality
improved, the number of active hospitals declined and upload coverage remained incom-
plete. This combination shows why short pilot success does not establish sustainability.
Maintenance includes more than continued availability of algorithms and health systems
must finance device acquisition, subscriptions, cloud services, data plans, batteries, probe
replacement, repairs, user support, refresher training, cybersecurity, and software upgrades.
Model performance might also change after deployment. New devices, software versions,
acquisition protocols, patient populations, and clinical practices create dataset shift [24,25].
Post-deployment surveillance should track input quality, missing data, failure rates, dis-
agreements, false-negative and false-positive outputs, subgroup performance, referral
patterns, interventions, and outcomes. Systems also need version control and a process for
suspending use when performance begins to decline.

4.8. Economic Evidence

The absence of complete economic evaluation is a major gap in this review. Tan et al.
demonstrated large reductions in expert-review time, which supports potential efficiency.
However, time savings do not equal cost-effectiveness [48]. A full evaluation should,
therefore, include the cost of acquisition, license, integration, cloud, connectivity, training,
supervision, maintenance, replacement, confirmatory imaging, referrals, downstream
treatment, and patient-related costs.

Economic analysis should compare AI-enabled monitoring with realistic alternatives,
including standard care, task-shared non-AI ultrasound, tele-ultrasound, expert outreach,
and referral-based imaging. Outcomes should include cost per adequate examination, cost
per clinically important condition detected, cost per completed appropriate referral, cost
per adverse outcome averted, budget impact, and affordability. Distribution of cost also
matter since a program might save specialist time while shifting costs to pregnant women
through travel or repeat testing.
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4.9. Contribution to Knowledge

This review adds a structured implementation-focused synthesis to the literature. It
separates operational implementation evidence from algorithm development and diagnos-
tic validation, keeps direct operational exposure distinct from implementation-readiness
research, maps implementation outcomes across obstetric-monitoring domains, and iden-
tifies areas in which evidence on clinical use, health-system integration, safety, equity,
cost, and sustainability remains sparse. Within the eligible literature, AI ultrasound has
progressed furthest into early implementation research. Wearable fetal ECG evidence re-
mains limited to supervised feasibility, while eligible AI-CTG studies focused on workforce
readiness and trust. No eligible implementation studies were identified for several other
monitoring domains under the review criteria.

4.10. Research Priorities

Future research should use study designs matched to the implementation question.
Pragmatic comparative or randomized trials are appropriate when the aim is to estimate
clinical effectiveness. Prospective implementation cohorts, interrupted time-series studies,
hybrid effectiveness-implementation designs, and rigorous mixed-methods studies are
also needed to examine workflow integration, organizational adoption, sustainability,
equity, and adaptation over time. Across designs, priority outcomes include maternal, fetal,
neonatal, service, safety, and patient experience; prospective error analysis and clinician
overrides; referral completion and receiving-facility readiness; long-term implementation
and staff-turnover effects; complete economic and budget-impact evaluation; equity using
clear denominators; and post-deployment surveillance across software versions, devices,
and population groups.

4.11. Implications for Health Policy and Clinical Practice

Health system leaders and policy-makers must recognize that deploying AI tools
in maternal-fetal care without robust referral pathways and supportive infrastructure
risks compounding existing health inequities. Automated point-of-care screening tools
can identify high-risk conditions, but if secondary care facilities lack emergency obstetric
capacity, blood products, or surgical services, diagnostic expansion will fail to improve
perinatal outcomes. Furthermore, training program must explicitly address automation
bias to prevent over-reliance on algorithmic outputs among novice operators.

4.12. Strengths and Limitations

One of the strengths of this review is its explicit focus on implementation and im-
plementation readiness rather than technical performance alone. The Tier 1 and Tier 2
categorization kept direct operational exposure separate from anticipated or preparatory
evidence, while RE-AIM and NASSS provided a consistent structure for organizing im-
plementation outcomes and determinants. The review also included substantial evidence
from LMIC settings and retained preprints when they met the empirical eligibility crite-
ria, which was crucial in capturing an emerging evidence base. These features support a
practical synthesis of workflow, task sharing, referral, human oversight, equity, cost, and
sustainability alongside proximal technical outcomes.

Several limitations affect interpretation. The evidence base was small and heteroge-
neous, and two included studies were preprints. Database end dates were not identical:
PubMed/MEDLINE, Web of Science, and Dimensions were searched through May 2026,
while Scopus was searched through December 2025 because of the available retrieval win-
dow. Reviewer-specific screening assignments and agreement statistics were not retained
in a form that supports reliable retrospective reporting. We did not undertake a formal
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design-specific risk-of-bias appraisal; instead, we interpreted findings in light of reported
design limitations. The Tier 1 and Tier 2 categories are review-specific operational cate-
gories rather than a validated implementation-stage taxonomy, and RE-AIM and NASSS
mappings involved review-level judgement despite independent checking. Grey sources
without analyzable empirical data were excluded, so program or commercial deployments
that have not produced extractable research evidence may be absent. Publication bias
toward successful pilots is also possible. Finally, heterogeneity precluded meta-analysis,
and studies published after the search period were not captured.

5. Conclusions
Real-world implementation evidence for AI-enabled obstetric monitoring remains

limited, recent, and concentrated in point-of-care ultrasound. The included studies support
feasibility and suggest favorable proximal quality, workflow, and supervised task-sharing
outcomes in selected settings, but they do not establish superior maternal or neonatal
outcomes, cost-effectiveness, or long-term equitable scale-up. Future research should
combine pragmatic effectiveness studies with prospective implementation cohorts, hybrid
designs, mixed-methods evaluation, economic analysis, safety monitoring, referral follow-
up, and post-deployment surveillance, with study design matched to the question and
health-system context.
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