- YORK
1841 | STJOHN
UNIVERSITY

Bashir, Sharmake Gaiye, Salad, Hiba Abdi, Abdullahi, Yakub
Burhan, Abdi, Yusuf Hared, Abdi, Mohamed Sharif, Ahmed, Naima
Ibrahim, Saidu Musa, Shuaibu, Elehamer, Nafisa M. K., Musa,
Muhammad Kabir, Bolarinwa, Obasanjo and Dada, Olusegun
(2026) Artificial intelligence for predicting and preventing adverse
pregnancy outcomes addressing bias and clinical translation.
Frontiers in Digital Health, 8. p. 1841706.

Downloaded from: https://ray.yorksj.ac.uk/id/eprint/15319/

The version presented here may differ from the published version or version of record. If
you intend to cite from the work you are advised to consult the publisher's version:
https://doi.org/10.3389/fdgth.2026.1841706

Research at York St John (RaY) is an institutional repository. It supports the principles of
open access by making the research outputs of the University available in digital form.
Copyright of the items stored in RaY reside with the authors and/or other copyright
owners. Users may access full text items free of charge, and may download a copy for

private study or non-commercial research. For further reuse terms, see licence terms

governing individual outputs. Institutional Repositories Policy Statement

RaY

Research at the University of York St John

For more information please contact RaY at
ray@yorksj.ac.uk



https://www.yorksj.ac.uk/policies-and-documents/library/statement/
mailto:ray@yorksj.ac.uk

frontiers
% | in Digital Health

") Check for updates

OPEN ACCESS

EDITED BY
Daniele Giansanti,
National Institute of Health (ISS), Italy

REVIEWED BY

Elhadi Miskeen,

University of Bisha, Saudi Arabia
O. Greer,

Imperial College London, United
Kingdom

*CORRESPONDENCE
Sharmake Gaiye Bashir
Sharmake@st.snu.edu.so
RECEIVED 28 March 2026
REVISED 17 May 2026

ACCEPTED 26 May 2026
PUBLISHED 19 June 2026

CITATION

Bashir SG, Salad HA, Abdullahi YB,

Abdi YH, Abdi MS, Ahnmed NI,

Saidu Musa S, Elehamer NMK, Musa MK,
Bolarinwa O and Dada O (2026) Artificial
intelligence for predicting and
preventing adverse pregnancy outcomes
addressing bias and clinical translation.
Front. Digit. Health 8:1841706.

doi: 10.3389/fdgth.2026.1841706

COPYRIGHT

© 2026 Bashir, Salad, Abdullahi, Abdi,
Abdi, Ahmed, Saidu Musa, Elehamer,
Musa, Bolarinwa and Dada. This is an
open-access article distributed under
the terms of the Creative Commons
Attribution License (CC BY). The use,
distribution or reproduction in other
forums is permitted, provided the
original author(s) and the copyright
owner(s) are credited and that the
original publication in this journal is
cited, in accordance with accepted
academic practice. No use, distribution
or reproduction is permitted which does
not comply with these terms.

Frontiers in Digital Health

TYPE Review
PUBLISHED 19 June 2026
Dol 10.3389/fdgth.2026.1841706
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Artificial intelligence (Al) has emerged as a promising approach for improving
the early detection and management of adverse pregnancy outcomes
through enhanced risk prediction and clinical decision support. This narrative
review synthesizes current evidence on Al applications for predicting major
obstetric complications, including preeclampsia, preterm birth, gestational
diabetes, and fetal growth restriction. Reported predictive performance across
studies demonstrates considerable heterogeneity, with area under the receiver
operating characteristic curve (AUROC) values ranging from approximately
0.73 to 0.97, reflecting differences in datasets, model architectures, and
validation strategies. Beyond predictive accuracy, this review critically
examines sources of algorithmic bias that may influence model performance
and equity in maternal healthcare. Eight key bias mechanisms are identified,
including sampling bias, measurement bias, algorithmic bias, temporal bias,
selection bias, labelling bias, deployment context bias, and access bias. These
biases may limit model generalizability and risk amplifying existing maternal
health disparities, particularly in low- and middle-income countries. Current
evidence is further constrained by limited external validation across diverse
populations, the absence of prospective clinical impact trials, insufficient cost-
effectiveness analyses, and evolving regulatory frameworks governing Al
accountability. The review discusses potential pathways for responsible clinical
translation, emphasizing inclusive dataset development, rigorous multisite
validation, careful integration into clinical workflows with human oversight,
and strengthening regulatory and workforce capacity. Achieving equitable
implementation of Al in maternal health will require deliberate efforts to
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embed transparency, accountability, and health equity throughout the Al
development and deployment lifecycle.

KEYWORDS

artificial intelligence, bias, clinical translation, global health, health equity, machine
learning, maternal health, pregnancy outcomes

1 Introduction

Maternal and perinatal mortality remain formidable global
health challenges, with an estimated 287,000 maternal deaths
occurring worldwide in 2020, 94% of which occur in low- and
middle-income countries (1). Sub-Saharan Africa bears a
disproportionate burden, accounting for nearly 70% of global
maternal deaths, with maternal mortality rates exceeding 500 per
100,000 live births in several countries (2). Despite international
commitments to reduce maternal mortality by three-quarters
under the Sustainable Development Goals, progress remains
insufficient, with many countries requiring a doubling of their
current annual rate of reduction to meet the 2030 targets (3, 4).
Postpartum hemorrhage, hypertensive disorders, sepsis, and
complications from unsafe abortion continue to be the leading
direct causes of maternal death, whereas preeclampsia, gestational
diabetes, and preterm birth impose substantial morbidity burdens
on both mothers and newborns (5).

Traditional risk assessment approaches for adverse
pregnancy outcomes rely predominantly on demographic
characteristics, medical history, and clinical parameters
evaluated during discrete antenatal visits (6, 7). However, these
conventional risk stratification tools demonstrate significant
limitations in terms of sensitivity and specificity, with estimates
ranging from 0% to 100% across different populations and
conditions (6). The static nature of traditional risk assessment
fails to capture the dynamic evolution of pregnancy
complications, whereas subjective clinical judgment introduces
inconsistencies between assessors (8, 9). Furthermore, existing
models struggle to integrate the complexity and heterogeneity
which

biomarkers and ultrasound imaging to electronic health

of multimodal data sources, range from clinical
records and social determinants of health, thereby limiting
their predictive accuracy and clinical utility (7, 10).

Artificial intelligence (AI) and machine learning technologies
have emerged as promising tools to address these limitations,
offering capabilities for pattern recognition in high-dimensional
datasets, continuous risk monitoring, and personalized
prediction (10, 11). Recent applications have demonstrated AI’s
potential across the spectrum of maternal healthcare, including
early prediction of preeclampsia, gestational diabetes, preterm
birth, and adverse neonatal outcomes, with reported predictive
accuracies exceeding 85% in some studies (12, 13). Machine
learning algorithms, such as random forest, extreme gradient
boosting, and deep neural networks, have demonstrated
promising predictive performance in several studies, although
results vary across datasets and validation settings (14, 15).
Time-lapse imaging analysis, natural language processing of
clinical notes, and integration of multi-omics data further
expand AT’s capacity to phenotype pregnancies and stratify risk

with unprecedented granularity (16).

Frontiers in Digital Health

However, enthusiasm for Al-driven maternal health solutions
must be tempered by mounting concerns about algorithmic bias,
health equity, explainability, and clinical readiness (17, 18). Most
studies have revealed that AI models trained on homogeneous
with
algorithms demonstrating suboptimal performance for racial and

datasets perpetuate existing healthcare disparities,
ethnic minorities, socioeconomically disadvantaged populations,
regions (17, 19, 20).

Additionally, the opaque nature of complex machine learning

and underrepresented geographic

models poses challenges for clinical trust and shared decision-
making, while inadequate validation, poor calibration across
diverse populations, and limited transparency hinder translation
from research settings to real-world implementation (21).

ethical data
accountability, and the risk of

Furthermore, considerations about privacy,

algorithmic automating
discriminatory practices in maternal care require rigorous
attention (22, 23).

This narrative review aims to synthesize current evidence on
artificial intelligence applications for predicting adverse
pregnancy outcomes, critically examine sources of algorithmic
bias and methodological limitations, and explore pathways for
responsible clinical translation. Therefore, we examined the
sources of algorithmic bias in maternal health Al, assessed the
adequacy of explainability approaches for obstetric decision
support, and identified actionable pathways to ensure the
equitable, trustworthy, and clinically meaningful implementation

of Al technologies in maternal healthcare systems.

2 Methodology
2.1 Review design

This study was conducted as a structured narrative review to
synthesize current evidence regarding the application of artificial
(AI) for
pregnancy outcomes, with particular emphasis on predictive

intelligence predicting and preventing adverse

performance, algorithmic bias, health equity implications, and

pathways for responsible clinical translation. A narrative
synthesis approach was selected because the literature in this
field is

observational studies, machine learning model development

methodologically heterogeneous and encompasses
studies, retrospective and prospective cohort analyses, systematic
reviews, implementation studies, and conceptual or ethical
frameworks. This methodological diversity limits the feasibility
of quantitative pooling and formal meta-analysis. Therefore, a
structured narrative approach was considered the most
appropriate method to integrate diverse forms of evidence while
enabling critical interpretation of methodological quality,
translational relevance, and emerging implementation challenges

in maternal healthcare.
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2.2 Literature search strategy

A comprehensive literature search was conducted to identify
peer-reviewed studies examining artificial intelligence applications
in maternal and perinatal healthcare. Electronic databases
including PubMed/MEDLINE, Scopus, Web of Science, and
Google Scholar were systematically searched for articles published
between January 2015 and December 2025. Additional studies were
identified through manual screening of reference lists from eligible
articles, narrative reviews, and systematic reviews relevant to Al-
assisted maternal health prediction.

The search strategy combined controlled vocabulary terms and
free-text keywords related to artificial intelligence, machine
learning, maternal health, pregnancy complications, prediction
modeling, and clinical implementation. Boolean operators
(“AND” and “OR”) were used to optimize sensitivity and
specificity of the search strategy across databases.

Representative search syntax included combinations such as:

(“artificial intelligence” OR “machine learning” OR “deep
learning” OR “neural network*” OR “predictive algorithm*” OR
support”) AND (“maternal health” OR

“pregnancy outcome*” OR

“clinical decision
“obstetric  complication*” OR
“perinatal outcome*”) AND (“preeclampsia” OR “preterm birth”
OR “gestational diabetes” OR “fetal growth restriction” OR
“stillbirth” OR “postpartum hemorrhage”) AND (“prediction”
OR “risk stratification” OR “screening” OR “early detection” OR
“clinical implementation”).

Database-specific adaptations of search syntax and indexing
terminology were applied where appropriate. The search process
was designed to achieve broad thematic coverage of predictive
ethical
algorithmic bias, implementation barriers, and translational

Al applications, validation studies, considerations,
challenges relevant to maternal healthcare systems.

Because this review was conducted as a structured narrative
synthesis rather than a formal systematic review, the search strategy
prioritized conceptual breadth, methodological diversity, and

critical thematic integration over exhaustive quantitative aggregation.

2.3 Eligibility criteria

Studies were considered eligible if they met one or more of the
following inclusion criteria:
Inclusion Criteria

o Peer-reviewed studies reporting applications of artificial

intelligence, machine learning, deep learning, or
predictive analytics in maternal or perinatal health.

« Studies evaluating prediction or early detection of adverse
pregnancy outcomes, including preeclampsia, preterm
birth, diabetes fetal

restriction, stillbirth, postpartum hemorrhage, or related

gestational mellitus, growth
obstetric complications.

« Studies reporting predictive performance metrics such as
area under the receiver operating characteristic curve
(AUROC), accuracy, sensitivity, specificity, calibration, or
validation outcomes.

methodological analyses,

« Systematic reviews,

implementation studies, or conceptual papers discussing
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algorithmic  bias, explainability, fairness, ethical
considerations, equity implications, or clinical translation
of Al in obstetric care.

o Studies examining Al-assisted clinical decision support
systems, risk stratification tools, wearable monitoring
technologies, or digital maternal health platforms.

Exclusion Criteria

« Studies unrelated to maternal, obstetric, fetal, or perinatal
health outcomes.

« Conference abstracts, opinion papers, or editorials lacking
sufficient methodological detail or analytical content.

o Non-English publications for which reliable translation
was unavailable.

« Studies focused exclusively on non-clinical computational
modeling without maternal
healthcare applications.

relevance to

o Articles lacking sufficient information regarding model
methodology, validation, or clinical interpretation.

2.4 Study selection and evidence synthesis

Retrieved records were initially screened based on titles and
relevance to artificial
applications health and

outcomes. Potentially eligible articles subsequently underwent

abstracts to determine intelligence

in maternal adverse pregnancy
full-text review to assess conceptual relevance, methodological
adequacy, and alignment with the objectives of the review. Study
selection and thematic categorization were conducted through
iterative discussion among the review authors to ensure
consistency in interpretation and synthesis.

Rather than conducting a formal quantitative meta-analysis,
findings were synthesized using a thematic narrative approach to
accommodate substantial heterogeneity across study populations,
data
definitions, validation strategies, and implementation settings.
This
predictive modeling, clinical translation, ethical analysis, and

sources, machine learning architectures, outcome

approach enabled integration of evidence spanning
health systems implementation.
The synthesis was organized into several major thematic

domains:

1. Artificial intelligence applications for predicting specific
pregnancy complications

2. Predictive performance and validation characteristics of
existing AI models

3. Sources of algorithmic bias and implications for maternal
health equity

4. Implementation barriers and health system challenges

5. Governance, regulatory, and ethical considerations

6. Pathways for safe, equitable, and clinically meaningful
Al translation

Studies summarized in Table 1 and Table 2 partially overlapped

but were synthesized according to their primary analytical focus.
Table 1 primarily summarizes studies evaluating predictive Al
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applications, model performance, and validation characteristics
for adverse pregnancy outcomes, whereas Table 2 synthesizes
evidence related to bias mechanisms, ethical risks, equity
implications, and implementation challenges associated with AI
deployment in maternal healthcare settings.

Where available, predictive performance measures such as
AUROQC, sensitivity, specificity, calibration metrics, and validation
context were extracted and interpreted alongside study design
characteristics, including distinctions between internal validation,
temporal validation, and external multicenter validation.

2.5 Consideration of evidence quality

Given the narrative nature of this review and the substantial
methodological heterogeneity across included studies, a formal
quantitative quality assessment or pooled risk-of-bias scoring
framework was not performed. However, the review critically
considered methodological characteristics relevant to the
reliability, interpretability, and translational readiness of Al
prediction models.

Key considerations included study design (retrospective vs.
prospective), sample size adequacy, dataset representativeness,
feature selection methodology, model overfitting risk, calibration
performance, external validation status, transparency of
reporting, and reproducibility of predictive findings. Particular
attention was given to the distinction between internally
validated models and studies demonstrating external or
multicenter validation, as well as to the potential influence of
sampling bias, measurement bias, and deployment-context bias
on reported performance metrics.

This qualitative appraisal informed the interpretation of
predictive accuracy claims, the discussion of algorithmic
limitations, and the evaluation of real-world clinical applicability
across diverse maternal healthcare settings, including low-

resource and fragile health systems.

3 Current Al applications for
predicting preghancy risk

3.1 Hypertensive disorders of pregnancy

Machine
predominantly

learning models for preeclampsia prediction

leverage  maternal  clinical  characteristics,
biochemical biomarkers, and biophysical measurements obtained
during routine antenatal screenings (24, 25). First-trimester
prediction models typically integrate mean arterial pressure,
maternal age, body mass index, obstetric histo ry, and placental
biomarkers, including placental growth factor, pregnancy-
associated plasma protein-A, and soluble fms-like tyrosine kinase-1
(24, 26). More recent approaches have incorporated uterine artery
Doppler pulsatility indices and electrocardiogram parameters to
capture early cardiovascular adaptations that precede clinical
(24, 27). Also,

algorithms, particularly XGBoost and Random Forest, have

manifestations ensemble machine learning
demonstrated superior performance, with area under the receiver
operating characteristic curves ranging from 0.84 to 0.973 across

diverse populations (24, 28). The PIERS-ML model, validated
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across international cohorts, achieved robust discrimination for
predicting adverse maternal outcomes in women already diagnosed
with preeclampsia, with external validation confirming its
generalizability (26). Early-onset preeclampsia prediction models
utilizing gradient boosting decision trees and support vector
machines have also reported predictive accuracies exceeding 90%
when incorporating  C-reactive protein, D-dimer, and
hypoproteinemia alongside traditional clinical risk factors, although
most findings have been derived from retrospective cohorts with
limited external validation (28). Despite these promising metrics,
clinical deployment remains limited, with most models confined to
than

implementation in routine prenatal care (24, 29).

retrospective  validation  studies, rather prospective

3.2 Preterm birth

Artificial intelligence approaches to preterm birth prediction
employ heterogeneous data sources spanning electronic health
records, maternal demographic characteristics, obstetric history,
cervical length measurements, and biochemical markers assessed
throughout gestation (30, 31). Random Forest and Long Short-
Term Memory deep learning architectures have emerged as at
best effective, with the latter achieving an area under the curve
of 0.851 by capturing
longitudinal clinical data (31).

value temporal dependencies in
Blended ensemble models
combining multiple classifiers have demonstrated accuracies of
73-75% with improved calibration compared to standalone
algorithms (32). We now know that prediction performance
varies substantially by preterm birth subtype, with iatrogenic
preterm birth models consistently outperforming spontaneous
preterm birth models across gestational age thresholds (33).
Machine learning models predicting very preterm birth before
32 weeks achieved higher discrimination than models targeting
any preterm birth before 37 weeks, reflecting stronger clinical
signatures associated with more severe prematurity (33, 34). Key
identified

intelligence techniques include abnormal amniotic fluid volume,

predictive  features using explainable artificial
adequacy of prenatal care, household income, prior preterm
birth, and gestational weight gain trajectories (32, 35). Several
studies have incorporated fetal heart rate variability patterns
from cardiotocography, although external validation across
limited (35, 36). The
integration of wearable device data and continuous glucose
although

computational models utilizing these modalities require further

different clinical settings remains

monitoring represents an emerging frontier,

refinement before their translation to clinical practice (37).

3.3 Gestational diabetes

Machine learning models for gestational diabetes prediction
and management utilize preconception and early pregnancy risk
factors, including body mass index (BMI), maternal age, family
history of diabetes, prior gestational diabetes, and glycemic
biomarkers measured before routine glucose tolerance testing
(38, 39). CatBoost, LightGBM, and Random Forest algorithms
have achieved area under the curve values of 0.75-0.84 when
trained on maternal characteristics and first-trimester laboratory
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TABLE 1 Key artificial intelligence applications for predicting adverse pregnancy outcomes.

Pregnancy

outcome

Preeclampsia (early-

onset)

Data inputs

Mean arterial pressure,
maternal BMI, obstetric
history, PIGF, PAPP-A, sFlt-1,
uterine artery Doppler, ECG
parameters (24-27).

Al modeling
approach

XGBoost, Random
Forest, Neural Networks,
Voting Classifier
ensemble (24, 25, 28).

Reported
performance
(AUROC)

0.88-0.97 (24, 25, 28).

10.3389/fdgth.2026.1841706

Validation setting

Multi-country external
validation; prospective
population cohorts
(China, Spain,
international PIERS) (24,
26).

Deployment
stage

Validation/experimental;
limited clinical

deployment (24, 26, 29).

Preeclampsia (term)

Maternal age, BMI, parity,
prior PE, blood pressure,
biochemical markers (PIGF,

PAPP-A) (24).

Logistic Regression, Extra
Trees Classifier, Stacking
Classifier, Gaussian

Process Classifier (24).

0.80-0.86 (24).

Population-based cohort
with internal cross-
validation; external
validation limited (24,

48).

Experimental; research

settings only (24, 49).

Preterm birth (<37

weeks)

Electronic health records,
obstetric history, cervical
length, biochemical markers,
maternal demographics,
prenatal care adequacy (30,

31).

Random Forest, Long
Short-Term Memory
(LSTM) deep learning,
blended ensemble models

(31, 32).

0.73-0.85 (31, 32).

Retrospective cohorts
with internal validation;
temporal validation
sparse; limited external

validation (31, 32).

Experimental; pilot
implementation in select

centers (31, 35).

Preterm birth (<32

weeks)

Maternal characteristics,
amniotic fluid volume,
gestational weight gain, prior
preterm birth, household
income (32-34).

Gradient Boosting,
Random Forest, Support
Vector Machines (33, 34).

0.85-0.92 (33, 34).

Retrospective single-
center and multi-center
cohorts; prospective
validation limited (30,
33).

Experimental; research

validation phase (32, 36).

Gestational diabetes

mellitus

Maternal age, BMI, family
history, prior GDM, fasting
glucose, HbAlc, lipid profiles,
first-trimester biomarkers (12,

38, 39).

XGBoost, CatBoost,
LightGBM, Random
Forest, AutoML (40, 41,
49).

0.75-0.95 (40, 41, 49).

Population-based cohorts
with internal validation;
limited external
validation; mostly

retrospective (39, 40).

Validation; some pilot
screening programs in
select institutions (49,

50).

Gestational diabetes
(pharmacotherapy
need)

Oral glucose tolerance test
results, gestational week at
diagnosis, early pregnancy

metabolic markers (42, 43).

Logistic Regression,
Gradient Boosting,
Random Forest (42, 43).

0.75 (42).

Retrospective cohorts;
population-based
validation studies (42,
43).

Experimental; research

phase (42, 43).

Fetal growth

Fetal biometry (ultrasound),

Support Vector

0.85-0.92 (accuracy:

Systematic review/meta-

Experimental; not

parameters (hemoglobin,
platelet count, aPTT), mode of
delivery (43, 51).

Boosting, Logistic
Regression with elastic-

net (51, 52).

multi-center
retrospective studies (43,

51).

restriction Doppler velocimetry (uterine/ | Machines, Neural 97% for FHR-based analysis pooled data; clinically deployed;
umbilical artery), fetal heart Networks, Gradient models) (45, 46). retrospective single- requires algorithm
rate variability (CTG), Boosting, Convolutional center studies; refinement (44).
maternal characteristics, Neural Networks for prospective validation
placental biomarkers (44, 45). | biometry (45, 46). rare (45).
Postpartum Maternal characteristics, Random Forest, 0.66-0.97 (51, 52). Prospective cohorts with Validation; experimental
hemorrhage obstetric history, laboratory XGBoost, Gradient external validation; clinical trials; not

routinely implemented

(51, 52).

Emergency delivery in
early-onset

preeclampsia

Maternal characteristics, blood
pressure, laboratory markers,
proteinuria, gestational age at

diagnosis (53).

Support Vector Machines
with evolutionary feature

selection (53).

0.79 (53).

Retrospective single-
center; internal validation

only (53).

Experimental; research

phase (53).

Early-onset preeclampsia was defined as preeclampsia diagnosed before 34 weeks of gestation.
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parameters, offering potential for risk stratification before the
traditional 2428 week screening window (40, 41). Explainable
artificial intelligence frameworks employing SHAP values have
identified fasting glucose, hemoglobin Alc, lipid profiles, and
gestational weight gain as dominant predictors, aligning with the
established pathophysiological mechanisms (12, 37). Beyond the
prediction of gestational diabetes onset, machine learning models
have been developed to forecast the need for pharmacological
therapy vs. diet modification alone, with logistic regression and
gradient boosting models achieving a median area under the curve
of 0.75 (42). These treatment stratification models incorporate oral
glucose tolerance test results, gestational age at diagnosis, and early
pregnancy metabolic markers to guide individualized management
approaches (42, 43). Preconception prediction models utilizing
automated machine learning demonstrate promise for identifying
high-risk individuals before conception, potentially enabling the
development of primary prevention strategies (40). However, the
majority of gestational diabetes prediction models exhibit limited
external validation, and few have been prospectively evaluated in
real-world clinical workflows to assess implementation feasibility
and impact on maternal-fetal outcomes (39, 44).

3.4 Fetal growth restriction and stillbirth

Artificial intelligence applications for fetal growth restriction
integrate ultrasound-derived fetal biometry, Doppler velocimetry
indices, maternal characteristics, and placental biomarkers to
identify high-risk pregnancies (44). Automated fetal biometry
using convolutional neural networks has enhanced measurement
precision and consistency compared to manual sonographic
assessment, whereas machine learning models analyzing uterine
and umbilical artery Doppler waveforms improve the prediction
of placental insufficiency-related complications (44). Fetal heart
rate variability extracted from cardiotocography represents the
most frequently used input for intrauterine growth restriction
prediction models, with support vector machines and neural
networks achieving accuracies approaching 97% in retrospective
cohorts (45). Recent gradient boosting and ensemble approaches
combining biochemical markers, clinical risk factors, and
ultrasound parameters have demonstrated area under the curve
values of 0.85-0.92 for predicting adverse perinatal outcomes in
(46).
Notably, artificial intelligence-based risk quantification has

pregnancies complicated by fetal growth restriction
identified previously unrecognized high-risk clinical scenarios
interaction detection that exceeds the
(46).  Stillbirth

prediction remains relatively understudied compared with other

through complex

conventional risk stratification capabilities
adverse pregnancy outcomes, with limited machine learning
applications addressing this rare but catastrophic complication
(47). The sparse literature on artificial intelligence for stillbirth
prediction primarily focuses on identifying growth-restricted
fetuses at elevated risk rather than population-wide screening
(47).
restriction prediction models

approaches The clinical translation of fetal growth

faces substantial challenges,

including algorithm bias related to training dataset composition,
insufficient standardization of diagnostic criteria across
institutions, and ethical considerations regarding the balance

between surveillance intensity and parental anxiety (44).
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Table 1 presents artificial intelligence applications for predicting
adverse pregnancy outcomes. Early-onset preeclampsia models
achieved the highest performance (AUROC 0.88-0.97) with multi-
country validation, while preterm birth models demonstrated an
AUROC of 0.73-0.92, depending on the gestational age threshold.
Gestational diabetes screening models report AUROC values
ranging from 0.75 to 0.95, with emerging pilot implementation.
Fetal growth restriction and postpartum haemorrhage models show
promising accuracies (AUROC 0.85-0.97), although they remain in
experimental phases. Despite robust performance metrics, most
applications are currently in the validation or pilot testing stages,
with limited routine clinical deployment. They require prospective
external validation and workflow integration before they can be
widely adopted.

4 Methodological quality and
interpretation of predictive
performance

Reported area under the receiver operating characteristic curve
(AUROC) values for artificial intelligence models predicting
adverse  pregnancy  outcomes  demonstrate  substantial
heterogeneity, ranging from approximately 0.66 to 0.97 across
studies. This variability likely reflects multiple methodological and
clinical factors, including differences in dataset characteristics,
study populations, feature selection strategies, outcome definitions,
sample size, validation approaches, and model architectures, rather
than indicating consistent superiority of any single algorithm
across diverse clinical settings. Included studies employ diverse
methodological approaches, ranging from traditional regression
models to complex machine learning and deep learning algorithms,
often using heterogeneous feature sets derived from clinical
variables, imaging, or biomarker data. A substantial proportion of
the evidence is derived from retrospective cohort studies using
historical electronic health record datasets, which may introduce
selection bias and limit generalizability to prospective clinical
settings. In addition, many models rely primarily on internal
validation techniques, whereas external validation in independent
populations remains comparatively limited. Internal validation
procedures such as cross-validation may overestimate predictive
performance, particularly in studies with relatively small sample
sizes, increasing the risk of overfitting and optimism bias.
Furthermore, AUROC values alone provide limited insight into
clinical usefulness unless accompanied by calibration assessment
and clearly defined clinical decision thresholds. Consequently,
reported predictive performance should be interpreted cautiously,
and prospective multicenter validation studies remain essential to
establish the real-world clinical utility and generalizability of
artificial intelligence models in maternal healthcare.

Figure 1 illustrates the conceptual workflow for integrating
artificial intelligence into maternal healthcare decision-making.
with the data stage,

heterogeneous data sources including electronic health records,

The process begins input where
maternal demographic characteristics, laboratory biomarkers,
ultrasound measurements, and obstetric history are collected.
These inputs are processed during the AI model development
stage, where machine learning algorithms analyze patterns and

generate predictive models for adverse pregnancy outcomes. The
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model then produces risk prediction outputs, typically expressed
as individualized probability scores for conditions such as
preeclampsia, preterm birth, or gestational diabetes. These
predictions are integrated into clinical decision support
systems, where clinicians interpret the results alongside clinical
judgment to guide surveillance strategies, preventive
interventions, or referral decisions. Finally, a feedback and
monitoring stage enables continuous model evaluation and
updating through real-world clinical outcomes, improving model

calibration, safety monitoring, and long-term performance.

5 Opportunities offered by Al in
maternal health

Artificial intelligence has the potential to address longstanding
challenges in maternal health through enhanced early detection,
precision surveillance, and more efficient resource allocation
across diverse healthcare settings (54, 55). The capacity for early
risk identification represents perhaps the most clinically
significant advantage, enabling intervention before complications
manifest clinically (44, 56). Traditional antenatal screening relies
on the detection of overt clinical signs that often emerge only
after pathophysiological processes are well established, whereas
emerging Al-driven prediction models may enable earlier
identification of at-risk pregnancies by recognizing subtle
pattern signatures in multimodal data (44). However, much of
the current evidence remains derived from retrospective datasets
with limited prospective clinical validation. This temporal
advantage is particularly valuable for conditions such as
preeclampsia, where initiation of low-dose aspirin prophylaxis
before 16 weeks of gestation achieves maximal efficacy; however,
current risk stratification tools frequently fail to identify high-
risk women sufficiently early in pregnancy (57, 58). Similarly,
early identification of women with elevated preterm birth risk
enables timely cervical length surveillance and preventive
interventions during the optimal therapeutic window when
progesterone supplementation or cervical cerclage demonstrates
(59).
appropriately implemented, Al-assisted risk prediction could

the greatest benefit If prospectively validated and
support a shift from reactive management of established
complications toward more proactive prevention strategies in
maternal healthcare (55, 56).

Beyond potential temporal advantages, Al-based approaches
may support more individualized antenatal surveillance
strategies based on continuously updated risk profiles rather
than population-level averages or static categorical classifications
(18, 56). Current

schedules determined primarily by gestational age and broad

guidelines apply uniform surveillance
risk categories, resulting in both over-monitoring of low-risk
pregnancies with attendant anxiety and healthcare costs and
under-monitoring of high-risk pregnancies that might benefit
Machine

stratification by

from intensified assessment (10, 60). learning

algorithms may facilitate dynamic risk
integrating evolving clinical information throughout pregnancy
to support surveillance decisions and identify women who may
benefit from intensified monitoring (44, 61). However, evidence
supporting the safety and effectiveness of Al-guided surveillance

strategies in routine clinical practice remains limited (44, 61).
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This personalized approach optimizes the balance between
detection sensitivity and resource utilization, ensuring that
clinical attention is concentrated where it will yield the greatest
benefit (18, 56). The integration of wearable devices and remote
monitoring technologies further enhances precision surveillance
by capturing continuous physiological data, including blood
pressure, heart rate variability, physical activity, and sleep
patterns, which provide richer phenotypic characterization than
intermittent clinic-based assessments and are particularly
valuable for detecting gradual deterioration that might escape
detection during discrete appointments (54).

In resource-constrained health systems, where specialist obstetric
expertise and advanced diagnostic infrastructure are scarce, Al-
augmented clinical decision support offers particular promise for
enhancing frontline healthcare capacity (62, 63). Mobile health
applications incorporating simplified risk assessment algorithms
can empower primary care providers, midwives, and community
health workers to conduct evidence-based risk stratification and
make appropriate referral decisions without requiring specialist
consultations for every case (61, 64). Field trials in sub-Saharan
Africa have demonstrated that mobile health clinical decision
support systems delivering emergency obstetric protocols via text
messaging and unstructured supplementary service data
significantly improved frontline health workers’ adherence to
evidence-based guidelines and increased timely referral of high-risk
cases to facility-based care (64, 65). These digital tools may help
extend specialist decision support to remote settings where access
to maternal-fetal medicine expertise is limited, although their
effectiveness and scalability remain dependent on infrastructure,
workforce capacity, and local implementation contexts (62, 66).
Furthermore, by automating routine data capture and generating
real-time dashboards of facility-level maternal health indicators,
Al-enabled systems reduce the documentation burden on clinical
staff, while simultaneously strengthening health information
systems that are essential for quality improvement and
resource planning.

Artificial intelligence-based risk stratification tools may support
more efficient allocation of limited healthcare resources by
identifying women who may require tertiary referral, inpatient
admission, or specialist consultation (18, 61). Prediction models
that accurately discriminate between women at low vs. high risk for
progression to severe complications enable healthcare systems to
concentrate intensive monitoring, specialist consultations, and
inpatient beds on those most likely to benefit while safely deferring
resource-intensive interventions for lower-risk individuals (28, 53).
This triage function becomes particularly valuable in low-resource
contexts, where healthcare infrastructure cannot accommodate
universal high-intensity surveillance, necessitating evidence-based
prioritization to maximize population health outcomes within
budget constraints (62, 63). Preliminary cost-effectiveness analyses
suggest that Al-guided risk stratification may improve resource
utilization and potentially reduce healthcare expenditures; however,
robust prospective economic evaluations across diverse healthcare
settings remain limited (67).

The potential of community-level screening tools represents
an emerging frontier that could democratize access to
sophisticated risk assessments (61, 68). Smartphone-based
applications that analyze self-reported symptoms, home blood
pressure measurements, and photographic images enable women
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Clinical Pathway for Al-Assisted Prediction and Prevention of Adverse Pregnancy Outcomes

Conceptual framework illustrating integration of Al-assisted risk prediction into maternal healthcare pathways
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(). Iy (1) (=)
® ® ® ® ® ®
Data Al Risk Shared Clinical Aspirin Monitorin Equitable Maternal
Capture Stratification Decision-Making Prophylaxis q and Fetal Outcomes
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Al-assisted maternal healthcare pathways may support earlier risk identification, targeted preventive interventions, and more equitable allocation of clinical resources.

Clinical pathway for Al-assisted prediction and prevention of adverse pregnancy outcomes.

Iterative reassessment
of maternal risk
during pregnancy

High-risk women receive
targeted preventive
interventions

Improved maternal and
fetal outcomes through
equitable care

to conduct preliminary risk assessments without requiring facility
visits, with automated alerts prompting healthcare-seeking when
concerning patterns emerge (61, 69). Proof-of-concept studies have
explored artificial intelligence analysis of self-collected biological
samples, including urine dipstick photographs for proteinuria
detection and capillary blood glucose from home glucometers for
gestational diabetes screening, potentially extending reach to
geographically isolated populations or during public health
emergencies that restrict facility access (61, 69). Natural language
processing chatbots providing health education and symptom
triage could further augment community-level capacity by
answering common pregnancy-related questions, reinforcing
medication adherence, and identifying red-flag symptoms that
require urgent evaluation (63, 68). However, realizing this potential
requires careful attention to digital literacy, device accessibility,
connectivity infrastructure, and integration with formal healthcare
systems to ensure that community screening tools complement,
rather than fragment, care delivery (64, 65). Despite these
promising opportunities, relatively few Al-based maternal health
tools have undergone prospective clinical implementation trials
evaluating their impact on maternal or perinatal outcomes in real-
world healthcare settings.

6 Bias, equity, and ethical challenges

The promise of artificial intelligence in maternal health
confronts formidable challenges rooted in data bias, algorithmic
inequity, and structural barriers that threaten to perpetuate or
amplify existing disparities rather than ameliorate them (17, 70).
Data representativeness is perhaps the most fundamental source
of algorithmic bias, with training datasets systematically
underrepresenting racial and ethnic minorities, low-income
populations, and women from low-income and middle-income
countries (70, 71). A systematic examination of electronic health

records revealed that inherent biases arise from multiple sources,
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including differential healthcare access patterns, implicit
clinician biases encoded in clinical documentation, measurement
artifacts from medical devices calibrated predominantly on white
populations, and the systematic exclusion of marginalized
groups from clinical research that generates labeled training data
(72). Pregnancy prediction models trained predominantly on
well-resourced tertiary centers in high-income countries capture
clinical signatures reflective of those specific populations and
settings but may fail to generalize to under-resourced facilities,
with  different
epidemiology and healthcare delivery structures (19, 70). The

cascade effect of these data limitations manifests as algorithms

rural populations, or countries disease

that demonstrate robust performance in validation cohorts
resembling training populations, but exhibit
performance degradation when deployed in demographically or

substantial

geographically distinct settings, precisely the populations that
might benefit most from Al-augmented decision support (70, 73).

Algorithmic bias translates data representativeness failures into
differential clinical performance across demographic groups, with
mounting evidence documenting that prediction models achieve
lower sensitivity, specificity, and positive predictive values for racial
and ethnic minorities than for majority populations (17, 71).
A scoping review examining racial and ethnic bias in artificial
intelligence health algorithms between 2020 and 2024 found that
models regularly outperformed humans in diagnostic precision for
majority populations, while simultaneously exhibiting suboptimal
performance for Black, Hispanic, and Asian individuals, effectively
encoding structural racism into ostensibly objective computational
tools (17, 73). In obstetric applications, this manifests as
preeclampsia prediction models with lower area under the receiver
operating characteristic curve values for black women despite their
elevated baseline risk, preterm birth algorithms that misclassify
Hispanic women at higher rates, and gestational diabetes screening
tools calibrated primarily for Asian populations that demonstrate
poor transferability to other racial groups (48, 74). The
implications extend beyond statistical measures to tangible clinical
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consequences, as women from underrepresented groups receive less
accurate risk stratification, potentially missing preventive
interventions when falsely categorized as low-risk, or experiencing
unnecessary surveillance and anxiety when incorrectly flagged as
high-risk (70, 71). These algorithmic failures occur against a
backdrop of existing maternal health disparities, wherein black
women in the United States face maternal mortality rates three to
four times higher than white women, suggesting that biased Al
systems deployed without rigorous equity evaluation could further
entrench rather than reduce longstanding inequities (17, 75).
Structural inequities in healthcare access, quality, and delivery
fundamentally limit AI generalizability across contexts that differ
substantially from those in algorithm development settings (63,
75). The dominant paradigm of developing sophisticated
machine learning models in well-resourced academic medical
centers using comprehensive electronic health records, advanced
imaging modalities, and extensive laboratory panels creates the
implicit assumption that a similar infrastructure exists wherever

algorithms will be deployed (62, 75).

6.1 Implementation challenges and
governance barriers in low-resource
settings

However, the majority of global maternal deaths occur in settings
limited specialist availability,
ultrasound access, intermittent laboratory capacity, and paper-

characterized by inconsistent
based or rudimentary electronic documentation systems that
capture only a fraction of the data inputs required by high-
performing algorithms (62, 63). This infrastructure mismatch
renders many promising AI applications essentially non-
transferable to settings where they might deliver the greatest public
health impact, perpetuating a digital divide wherein technological
advances widen rather than narrow global health disparities (70,
76). Furthermore, structural inequities manifest in differential
quality of care that becomes encoded in training data, wherein
minority patients and those from disadvantaged socioeconomic
backgrounds may receive less thorough diagnostic workups,
experience longer delays in specialist referral, and have suboptimal
management of complications patterns that algorithms learn to
replicate as “standard care” rather than recognize as disparities

requiring correction (75).
6.1.1 Clinical integration and decision thresholds

For AI prediction models to generate meaningful clinical
benefit, their outputs must be integrated into clearly defined
clinical decision pathways. In obstetric practice, predicted risk
scores should be linked to actionable thresholds that trigger
specific interventions, such as intensified antenatal monitoring,
early referral to specialist care, initiation of prophylactic
high-risk
Importantly, algorithmic predictions should complement rather

therapies, or delivery planning in facilities.
than replace clinical judgment, with clinicians interpreting Al-
generated risk estimates within the broader clinical context.
False positive predictions may increase surveillance intensity,
whereas false negatives highlight the need for continuous model

evaluation and safety monitoring. Emerging implementation

Frontiers in Digital Health

11

10.3389/fdgth.2026.1841706

studies suggest that the greatest clinical benefit occurs when AI
systems are embedded within electronic decision support tools
that provide clear recommendations alongside risk estimates,
thereby supporting clinicians in translating predictive analytics
into timely preventive action.

The “black box” nature of complex machine learning
architectures poses profound challenges for clinical trust and
adoption, particularly when algorithmic reasoning remains opaque
to clinicians responsible for patient care decisions (77, 78).
Systematic reviews examining the impact of explainable artificial
intelligence on clinicians’ trust paradoxically reveal that explanation
provision can either increase or decrease trust, depending on
explanation quality, the degree of alignment between algorithmic
and clinical reasoning, and whether explanations expose model
limitations or uncertainties that clinicians find disconcerting (78).
Obstetricians trained in pathophysiological reasoning and pattern
recognition developed through years of clinical experience may be
reluctant to accept AI recommendations when the underlying logic
remains inscrutable, particularly for high-stakes decisions such as
the timing of delivery or escalation to cesarean section (78). The
tension between algorithmic accuracy and interpretability creates a
dilemma wherein the most performant models deep neural
networks and ensemble methods offer the least transparency, while
more interpretable approaches such as logistic regression sacrifice
predictive power for comprehensibility (77). Current explainability
techniques, including SHapley Additive exPlanations and Local
Interpretable Model-agnostic Explanations, provide post-hoc
rationalizations of model predictions, but these explanations may
not align with clinical reasoning frameworks, may oversimplify
complex multivariate interactions, or may generate inconsistent
explanations across similar cases, ultimately failing to bridge the
communication gap between algorithmic and clinical logic (78, 79).

Accountability and medicolegal concerns surrounding Al-
augmented maternal care remain fundamentally unresolved,
creating uncertainty regarding liability allocation when algorithms
contribute to adverse outcomes (80, 81). The traditional medico-
legal framework assigns responsibility to identifiable human actors
the attending physician, consulting specialist, or institutional
protocol committee but artificial intelligence introduces a
distributed agency wherein multiple stakeholders participate in
algorithm development, validation, deployment, and ongoing
maintenance (75, 81). When an AI prediction model fails to
identify a woman at high risk for preeclampsia who subsequently
experiences eclamptic seizure or incorrectly stratifies a preterm
birth risk leading to inadequate surveillance, determining whether
liability rests with the algorithm developers, the healthcare
institution that deployed the system, the clinician who accepted the
recommendation, or the regulatory body that approved the device
remains legally ambiguous (80, 81). This ambiguity may
paradoxically incentivize defensive medicine wherein clinicians
override Al recommendations even when algorithmically correct,
negating the intended benefits of decision support, or conversely,
create automation bias wherein clinicians defer excessively to
algorithmic output, abdicating professional judgment in ways that
compromise patient safety (78). The absence of clear regulatory
frameworks governing AI liability, coupled with insufficient
standards for wvalidation rigor, post-market surveillance, and
algorithmic transparency, leaves both clinicians and patients
vulnerable to harm that the current legal structures struggle to
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adjudicate (75, 80). Fundamentally, the question of who bears
responsibility when AI errors remain unanswered, creating a
governance vacuum that impedes responsible clinical translation,
even as technological capabilities advance (76, 81).

Table 2 systematically maps eight sources of bias and ethical
risks across the AI development and deployment pathways for
maternal health, documenting clinical consequences, vulnerable
populations, and evidence-based mitigation strategies for each
bias type. The table demonstrates that addressing bias and
equity requires multifaceted
collection, algorithm  design,

interventions,
deployment

spanning data
strategy, and
regulatory governance.

As illustrated in Figure 2, the rapid evolution of artificial
intelligence methodologies between 2015 and 2025 has contributed
substantially to methodological heterogeneity in maternal health
models, from early logistic regression to recent ensemble and deep
learning approaches using multimodal data, complicating direct
AUROC comparisons (0.70-0.98) (88). While newer models often
show higher they
interpretability and, critically, limited external validation, with only

internal accuracy, suffer from limited
~39% tested on independent cohorts and external performance
frequently dropping (e.g., sensitivity from 0.92 to 0.68) (89, 90).
Variability in computational capacity, feature engineering, dataset
sizes, and validation strategies further obscures cross-study
comparisons, and despite emerging explainable AI and fairness
frameworks, inconsistent outcome definitions and calibration
approaches persist (91). Thus, higher reported AUROC values may
translate into real-world clinical effectiveness

not or

generalizability, warranting cautious interpretation of AIs

readiness for clinical translation.

7 Evidence gaps and implementation
barriers

The translation of artificial intelligence from research prototypes
to routine clinical deployment confronts substantial evidence gaps
that extend beyond the ethical concerns addressed previously to
encompass the fundamental questions of external validity, clinical
impact, economic value, and regulatory preparedness (92, 93).
Most critically, the systematic underrepresentation of low- and
middle-income country populations in training datasets creates a
circular evidence deficit wherein the settings bearing the greatest
maternal mortality burden remain excluded from algorithm
development, precluding validation in precisely the contexts where
Al could deliver maximum public health benefits (94, 95).
Systematic reviews examining Al applications for maternal health
revealed that fewer than 15% of prediction models undergo
external validation in populations distinct from development
cohorts, and validation in low-resource settings remains very rare
despite these regions experiencing 94% of global maternal deaths
(95, 96). This geographic bias creates algorithms optimized for
clinical workflows, diagnostic infrastructure, and disease
epidemiology characteristics of high-income tertiary centers with
uncertain or degraded performance when deployed in community
hospitals, rural clinics, or facilities with limited laboratory capacity
that define healthcare delivery for most pregnant women globally
(95, 96). Infrastructure mismatch extends beyond data inputs to

encompass fundamental assumptions about Internet connectivity,
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electronic health record interoperability, and technical support
capacity that render many Al tools essentially non-deployable in
resource-constrained settings (93).

Equally problematic is the paucity of prospective clinical impact
studies that demonstrate whether Al-augmented care actually
improves maternal and fetal outcomes compared with standard
management (92, 93). The overwhelming majority of published AI
research on maternal health reports retrospective algorithm
development and internal validation using historical datasets,
establishing statistical associations rather than demonstrating
causality or clinical benefits (92, 93). Prospective trials randomizing
women or healthcare facilities to Al-guided vs. conventional
management remain leaving fundamental questions
unanswered regarding whether improved risk prediction translates

scarce,

to reduced adverse outcomes or merely shifts resource allocation
without changing population-level mortality (93). This evidence
gap becomes particularly acute when considering potential harms,
including false reassurance from incorrect low-risk classifications,
anxiety and unnecessary interventions from false-positive high-risk
predictions, and unintended consequences of changing clinical
workflows in ways that might compromise holistic assessments
(92). The absence of implementation science research examining
how clinicians interact with AI recommendations in real-world
practice creates uncertainty about whether algorithms will be used
as intended, whether clinician override patterns introduce new
biases, and whether automation bias might erode clinical reasoning
skills over time (93, 97).

Cost-effectiveness analyses providing economic justification for
Al investment remain limited and methodologically inconsistent,
with most published economic evaluations relying on modeled
projections than empirical data
deployments (98). The substantial upfront investment required for

rather cost from actual
AT infrastructure, including algorithm licensing fees, electronic
health record integration, clinician training, ongoing technical
support, and continuous model retraining, must be weighed against
potential savings from complication prevention and resource
optimization, yet rigorous economic analyses comparing the total
cost of ownership to health outcomes achieved are largely absent
from the maternal health literature (67, 98). Particularly for low-
and middle-income countries operating under severe budget
constraints, the opportunity cost of investing in AI wvs.
strengthening fundamental healthcare infrastructure, training
additional midwives and obstetricians, and improving medication
supply chains remains unquantified (95, 96).

Regulatory frameworks governing AI medical devices
demonstrate gaps and inconsistencies that impede responsible
deployment, while failing to ensure adequate safety and efficacy
standards (92, 99). Current regulatory pathways developed for
traditional medical devices are poorly suited to continuous
learning algorithms that evolve after deployment, software
distributed as mobile applications rather than hardware, and
clinical decision support tools occupying an ambiguous zone
between medical devices and clinical information systems (92,
93). The
requirements, standardized performance metrics across diverse

populations, and post-market surveillance obligations creates a

absence of mandatory prospective validation

governance vacuum wherein algorithms can reach clinical use
without  demonstrating  equivalent  performance

demographic groups or documenting real-world safety in

acCross
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Evolution of Artificial Intelligence Methodologies in Maternal Health Prediction (2015-2025)
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Despite advances in Al complexity and predictive performance, substantial challenges remain regarding external validation. interpretability, calibration, and prospective clinical implementation.
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heterogeneous  populations (21). Furthermore, regulatory
fragmentation across jurisdictions creates barriers to international
deployment, with each country requiring separate approval
processes that prove particularly burdensome in low-resource
settings lacking dedicated regulatory agencies with AI expertise (94,
95). These evidence and governance gaps collectively impede the
responsible translation of AI from promising research tools to
routine clinical practice, requiring coordinated action across
research methodologies, health economics, regulatory science, and
implementation research to bridge the gap between algorithmic
potential and clinical reality (92, 93).

8 Pathways to safe and equitable
clinical translation

Achieving an equitable translation of artificial intelligence for
maternal health requires coordinated interventions across data
infrastructure, validation frameworks, clinical integration,
governance mechanisms, and workforce development that directly
address the systematic failures documented in the preceding
sections (76). The foundation rests on the intentional construction
of inclusive datasets that transcend convenience sampling from
well-resourced tertiary centers to actively recruit underrepresented
populations through federated learning architectures, thereby
enabling collaborative model training across geographically diverse
sites without centralizing sensitive data (76, 100). Implementation
of mandatory demographic reporting requirements specifying the

racial, ethnic, socioeconomic, and geographic composition of
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training and validation cohorts would create accountability
mechanisms that ensure that algorithm development proceeds with
explicit attention to representativeness rather than treating equity
as an afterthought (72). Community-based participatory research
approaches that engage pregnant women from marginalized
communities as active collaborators rather than passive data
sources can identify culturally relevant risk factors, acceptable
intervention modalities, and implementation barriers that are
invisible to academic researchers, simultaneously strengthening the
dataset quality and building trust essential for deployment
acceptance (101). Synthetic data augmentation techniques, which
generate statistically representative minority population samples,
are methodologically complex and require careful validation to
avoid introducing spurious associations and offer pragmatic
pathways to balance severely imbalanced datasets when prospective
recruitment is insufficient (83).

External validation constitutes an indispensable bridge from
algorithmic promise to clinical reliability; however, current practice
falls catastrophically short of the rigorous multi-site, multi-
population evaluation essential for maternal health applications
(95, 102). Establishing
coordinating prospective data collection across high-, middle-, and
low-income countries would enable the systematic assessment of

international validation consortia

algorithmic performance across the epidemiological, infrastructure,
and demographic diversity characterizing global maternal
healthcare (103, 104). Validation protocols must extend beyond
discrimination metrics to encompass calibration across
demographic subgroups, ensuring that predicted probabilities align

with observed event rates for racial and ethnic minorities, rather
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than merely achieving an acceptable area under the curve values in
aggregate populations (21, 104). Transparent reporting of
subgroup-specific performance using standardized metrics and
disaggregated demographic exposes differential
accuracy patterns currently obscured by aggregate statistics,
enabling informed deployment decisions and triggering
recalibration when equity thresholds are violated (102, 105).
Prospective randomized implementation trials comparing AI-

stratification

augmented vs. standard antenatal care represent the gold standard
for establishing clinical benefits, moving beyond surrogate
outcomes of risk classification accuracy to demonstrate actual
reductions in maternal mortality, preeclampsia incidence, preterm
birth rates, and other patient-centered endpoints (93, 102).

Clinical workflow integration requires meticulous attention to
human factors, cognitive psychology, and implementation science
to ensure that AI recommendations are enhanced rather than
disrupted clinical reasoning and maintain patient-centered care
as the organizing principle (97, 106). Decision support interfaces
must present risk estimates with appropriate uncertainty
quantification, explainable rationales highlighting which clinical
features drove predictions, and actionable recommendations
aligned with evidence-based interventions, rather than merely
flagging high-risk status without guidance (78, 107). Structured
clinician rationale when
rejecting Al feedback loops
continuous model improvement while preventing automation

override mechanisms capturing

recommendations create for
bias, wherein clinicians defer excessively to algorithmic output
(97, 102). Phased implementation begins with

deployment, wherein algorithms generate recommendations that

shadow

clinicians can view but are not obligated to follow, allowing
prospective monitoring of real-world performance before full
integration, identifying calibration drift, unexpected failure
modes, and workflow friction points requiring remediation (97,
102). Task-shifting strategies enabling midwives, community
health workers, and primary care providers to operationalize Al-
guided risk stratification extend specialist expertise to under-
resourced settings, although success requires tailored training,
technical support infrastructure, and sustainable financing
mechanisms (62, 63).

Regulatory and ethical governance frameworks must evolve
beyond device-centric paradigms developed for static medical
the posed by
learning algorithms, software-as-medical-device
platforms, and decision support systems straddling clinical and
(99).
examining algorithmic performance across demographic groups
before market authorization, coupled with ongoing post-

equipment to address unique challenges

continuous
functions audits

administrative Mandatory fairness

deployment surveillance to detect performance degradation or
emergent bias patterns, would establish accountability absent
from current regulatory structures (76). Standardized reporting
requirements modeled on TRIPOD + AI and CONSORT-AI
guidelines the of dataset
composition, validation methodology, subgroup performance

should mandate disclosure
metrics, and limitations, enabling the independent assessment of
bias risk and appropriate use constraints (105). International
regulatory harmonization through frameworks such as those
proposed by the World could reduce fragmentation barriers
while establishing minimum safety and equity standards

applicable across diverse health system contexts (95, 108).
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Ethical review processes must incorporate community
representatives, bioethicists, and health equity experts alongside
technical reviewers to evaluate not only algorithmic accuracy but
also broader implications for justice, autonomy, and equitable
healthcare access (76, 107).

Workforce capacity development has emerged as the rate-
limiting factor for sustainable AI implementation, requiring
investment in training curricula, technical infrastructure, and inter-
professional collaboration models that equip clinicians, data
scientists, and health with  complementary
competencies (108, 109). Medical and midwifery education must

administrators

integrate Al literacy, encompassing algorithm limitations, bias
recognition,  appropriate  skepticism black-box
recommendations, and effective communication of risk estimates

toward

to diverse patient populations (104, 109). Conversely, data scientists
developing maternal health algorithms require immersion in
clinical contexts, obstetric physiology, and social determinants of
health to encode appropriate causal assumptions, select clinically
meaningful  features, and recognize when algorithmic
recommendations conflict with physiological plausibilities (76,
101).
comprising obstetricians, midwives, informaticians, biostatisticians,

and community health representatives creates the collaborative

Establishing multidisciplinary =~ implementation teams

infrastructure necessary to navigate the sociotechnical complexity
of AI deployment while maintaining patient welfare as the
paramount objective (100, 107). These coordinated strategies
collectively chart actionable pathways from the current landscape
of promising but inequitable prototypes toward a future in which
Al genuinely enhances maternal health outcomes across all
populations and settings (76).

9 Patient perspectives, acceptability,
and digital equity

Patient perspectives regarding Al-assisted maternal risk
prediction remain comparatively underexplored, with emerging
evidence suggesting mixed acceptability and important concerns
regarding trust, transparency, and equity (110). While some
pregnant women may value the potential for earlier risk
identification and improved access to care, many continue to
prefer clinician-led risk communication because of concerns that
artificial intelligence could depersonalize care and weaken the
(111). Additional
concerns include algorithmic opacity, confidentiality of maternal
health data, the that
classifications increase  anxiety

therapeutic clinician-patient relationship

and possibility Al-generated risk

may or contribute to
stigmatization if communicated without appropriate counseling
and contextual interpretation (112). In low-resource settings,
digital literacy barriers, unequal access to smartphones, and
inconsistent internet connectivity may further exacerbate
existing maternal health inequities, particularly where AI
systems assume reliable digital infrastructure and technological
familiarity (110). Sociocultural and linguistic factors may also
influence acceptance of Al-assisted maternal healthcare, as
algorithmic tools often lack adaptation to diverse languages,
health beliefs, and local healthcare contexts (20). Importantly,
Al-assisted decision support should complement rather than

replace clinician-patient communication and shared decision-
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making processes (112). In addition, informed consent challenges
remain substantial, particularly regarding secondary use of
maternal health data, communication of algorithmic uncertainty,
and explanation of potential biases embedded within predictive
models (113). Overall, robust qualitative and implementation
research evaluating long-term patient trust, engagement, and
perceived fairness of Al-supported maternal healthcare remains
limited, representing an important priority for equitable
clinical translation.

10 Future opportunities and
implementation pathways in low-
resource settings

The distinctive healthcare challenges of low- and middle-income
countries demand AI deployment models that are fundamentally
different from those developed in affluent tertiary centers, creating
opportunities for pragmatic innovation that leapfrogs infrastructure
limitations rather than replicating high-resource paradigms (94,
114). Mobile-based decision support systems operating through
SMS messaging, voice interfaces, and smartphone applications
designed for offline functionality represent the most feasible near-
term pathway, enabling community health workers, midwives, and
primary care providers to access algorithmic risk stratification
without requiring advanced electronic health records or broadband
Internet connectivity (69, 115). Field implementations in Sub-
Saharan Africa and South Asia demonstrate that SMS-based clinical
alerts substantially improve adherence to evidence-based
management protocols and reduce delays in the referral of high-risk
cases to facility-based care, extending specialist expertise to
geographically remote areas where conventional access to maternal-
fetal 116).

ultrasound combined with artificial intelligence image analysis

medicine remains impossible (64, Point-of-care
represents another high-impact opportunity, as portable ultrasound
devices paired with algorithms for analyzing fetal biometry,
placental adequacy, and amniotic fluid volume can function in basic
clinics and community health posts lacking radiology expertise (115,
117). Critically, successful mobile health implementations in LMICs
have demonstrated that technology deployment alone fails without
parallel investment in training, technical support, regulatory clarity,
and integration into existing health systems lessons applicable to Al
translation that require concurrent attention to human factors and
implementation science (118).

Emerging evidence has illuminated the intersection between
climate change and maternal health, creating new opportunities
for integrated early warning and surveillance systems that
simultaneously  address environmental —monitoring and
pregnancy outcomes (118). Climate drivers, including extreme
heat exposure, air pollution, flooding, and drought, directly
increase the risk of preterm birth, low birth weight, stillbirth,
preeclampsia, gestational diabetes, and maternal death, with
pregnant women experiencing particular vulnerability during the
critical windows of gestation (119, 120). Artificial intelligence-
powered climate-health surveillance systems can integrate real-
time meteorological data, environmental sensors, and health
facility alerts when

reporting to generate facility-specific

environmental conditions reach thresholds associated with

adverse pregnancy outcomes, enabling proactive maternal health
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interventions even before women present clinical symptoms.
Community-level screening programs that leverage mobile
phones for maternal symptom reporting, home blood pressure
measurement, and urine dipstick analysis create scalable
pathways to detect warning signs of preeclampsia, gestational
diabetes, and other complications in settings where routine
antenatal visits remain infrequent or inaccessible (121). Data
from health and demographic surveillance systems, when
analyzed using artificial intelligence techniques, can identify
emerging threats to maternal and neonatal health, including
pathogen emergence, adverse environmental exposures, or
healthcare system disruptions, enabling rapid public health
responses before complications cascade into preventable deaths
(122). The pragmatic approach to AI deployment in LMICs
emphasizes high-impact problems, where evidence clearly
demonstrates that improved risk identification translates to
deliverable interventions within existing health system capacity,
data
sustainable financing mechanisms that enable long-term system

strengthening rather than perpetuating technology dependence

while building local expertise, infrastructure, and

on external resources or expertise (94, 123).

11 Future directions

The evolution of artificial intelligence for maternal health will
increasingly harness multi-omics integration, combining genomic,
transcriptomic, proteomic, metabolomic, and microbiome data to
construct comprehensive molecular signatures that capture the
biological complexity underlying adverse pregnancy outcomes
(16, 124). Proteomics-based prediction of preterm birth and
preeclampsia has demonstrated that composite biosignatures
outperform single biomarker approaches, whereas metabolomic
profiling reveals dynamic metabolic shifts throughout gestation
that precede clinical manifestations of complications by weeks
or months (125). Deep learning architectures capable of
integrating heterogeneous multi-omics datasets with clinical
variables, imaging data, and wearable biosensor streams promise
unprecedented precision in risk stratification, moving beyond
population-level averages to truly personalized predictions that
account for individual biological variation (124, 126). Wearable
biosensors that enable continuous monitoring of maternal vital
signs, fetal heart rate variability, physical activity patterns, and
biochemical markers from interstitial fluid represent the next
frontier for real-time pregnancy surveillance, shifting from
episodic clinic-based assessment to longitudinal phenotyping
that
measurements (127, 128). The PowerMom platform and similar

captures gradual deterioration invisible to discrete
digital health initiatives demonstrate the feasibility of collecting
multimodal data, including self-reported symptoms, wearable
device outputs, and electronic health records at scale, although
challenges with participant engagement, data completeness, and
fraudulent enrollment require ongoing refinement (127).

Global federated learning networks coordinating collaborative
model development across institutions and countries without
centralizing sensitive patient data offer pragmatic pathways to
address data scarcity and representativeness limitations currently
Al (100, 124). Federated

architectures enable training algorithms on datasets distributed

constraining generalizability
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across low-income, middle-income, and high-income countries,
systematically incorporating epidemiological diversity while
respecting data sovereignty concerns and regulatory constraints
that preclude international data sharing (100). The expansion of
maternal health digital platforms integrating telemedicine
consultations, mobile symptom tracking, automated risk alerts,
and connections to community health workers creates
comprehensive ecosystems that support women throughout
pregnancy and postpartum (128). Recent implementations in
Sub-Saharan Africa and South Asia demonstrate that culturally
adapted digital platforms antenatal

emergency response coordination, and patient engagement,

improve care access,
particularly when designed through community participatory
approaches that center on end-user needs (129). However,
sustainable scale-up requires addressing persistent challenges,
including digital fragility from cybersecurity vulnerabilities,
infrastructure limitations in electricity,
workforce digital literacy gaps, and financing mechanisms

connectivity and

ensuring equitable access rather than perpetuating digital divide
(128). The convergence of these technological trajectories with
implementation science, health equity frameworks, and robust
regulatory governance will ultimately determine whether
artificial intelligence fulfills its transformative potential for
maternal health or merely amplifies existing disparities under a
veneer of technological sophistication.

12 Study limitations

This review has several limitations that should be acknowledged.
First, as a structured narrative review rather than a formal systematic
review or meta-analysis, the study did not employ quantitative pooled
analyses or standardized risk-of-bias assessment tools across included
studies. The reviewed literature was also methodologically
heterogeneous, encompassing retrospective cohort studies, machine
learning model development studies, systematic reviews,
implementation analyses, and conceptual ethical frameworks,
which limited direct comparison of predictive performance across
studies. In addition, many included studies relied primarily on
internally validated datasets, with comparatively limited prospective
multicenter or external validation, potentially affecting the
generalizability of reported performance metrics. Variability in
outcome definitions, feature engineering strategies, dataset
composition, and validation methodologies may further contribute
to inconsistencies in reported AUROC values and translational
readiness. Finally, although this review discusses explainability,
fairness, and implementation considerations, evidence evaluating
the long-term real-world clinical effectiveness and equity impact of

Al-assisted maternal healthcare tools remains limited.

13 Conclusion

Artificial intelligence offers transformative potential to address
the global burden of preventable maternal mortality through
earlier risk detection, personalized antenatal surveillance, and
resource optimization in under-resourced settings. However, this
promise remains contingent on deliberately centering on health
equity throughout development, validation, and deployment, rather
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than treating equity as an afterthought. The documented risks,
including algorithmic bias perpetuating existing disparities,
explainability challenges undermining clinical trust, regulatory
vacuums creating accountability gaps, and infrastructure barriers
limiting applicability in low-resource settings, demand proactive
mitigation through inclusive dataset development, rigorous
external validation, transparent performance reporting, and
federated learning approaches that respect data sovereignty.
Realizing ADl's maternal health potential requires coordinated
action-spanning algorithm design, clinical workflow integration,
regulatory governance, and workforce capacity development, with
implementation centered on the needs and preferences of pregnant
women themselves. The window for responsible translation is now:
failure to embed equity and accountability into AI systems will
merely automate discrimination under a veneer of technological
sophistication, ultimately widening rather than narrowing the

chasm between promise and impact on maternal health globally.
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