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Abstract

High-risk obstetric care requires vigilant surveillance and timely decision-making. Artificial Intelligence (Al)-including
machine learning, deep learning, and natural-language processing-offers novel capabilities for early risk prediction, continuous
monitoring, and decision support. This article reviews current applications of Al in high-risk obstetrics, delineates benefits and

limitations, outlines implementation and ethical considerations, and proposes a pragmatic roadmap for responsible integration

into maternal—fetal medicine.
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Introduction

High-risk pregnancies-including those complicated by
hypertensive disorders, gestational diabetes, fetal growth
restriction, placenta-related dysfunction, multiple gestation,
prior adverse obstetric events, or significant comorbidity-

require individualized surveillance. Traditional risk tools and

intermittent monitoring may miss early signals of deterioration.
Al systems can learn complex, non-linear patterns from
multimodal data (electronic health records, imaging, laboratory

biomarkers, and physiologic streams) to provide individualized
predictions and timely alerts.

Figure 1. Ai Workflow from Data to QOutcomes in High-Risk Obstetrics
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Figure 1: Schematic of an Al-enabled pipeline: data acquisition

— processing — models — clinical integration — outcomes.

Applications of Al in High-Risk Obstetrics

Risk stratification and prediction

Supervised learning models predict preeclampsia, preterm
birth, and postpartum hemorrhage using demographics, history,
imaging, and biomarkers. Explainable approaches (e.g., SHAP)
help identify key predictors for targeted care.

Real-Time Monitoring and Early Warning

Deep learning applied to cardiotocography (CTG) and
multimodal maternal-fetal signals can detect evolving fetal
distress or maternal decompensation and generate actionable

alerts within labor and delivery or for remote monitoring.

Clinical Decision Support and Delivery Planning

Al-augmented clinical decision support systems (CDSS) can
synthesize maternal and fetal status with gestational age and
resource availability to assist timing of delivery, level of care,

and transfer decisions.

Imaging and Biomarker Integration

Convolutional networks and radiomics have been explored for
placental segmentation, prediction of placenta accreta spectrum,
and early detection of placental insufficiency when combined

with Doppler and serum markers.

Remote and Tele-Obstetric Management
Wearables,

smartphone-enabled inputs can feed Al services that triage

home BP/glucose monitoring, and

alerts to clinicians, improving access for women in remote or

resource-constrained settings.

Table 1. Representative Ai Applications in High-Risk Obstetrics

Clinical task Typical data Model approach Clinical utility
. .. Maternal history, BP, labs, | Gradient boosting, DL Early prophylaxis &
Preeclampsia prediction ) )
Doppler, biomarkers ensembles surveillance
EHR, cervix length, .
. .. . . . Random forests, Targeted tocolysis &
Preterm birth prediction infections, lifestyle,
XGBoost, SHAP transfers

Real-time alerts &

CNN/RNN, transformers . L.
delivery timing

surveys
FHR, uterine activit
CTG interpretation . . Y
time-series
US/MRI imaging,
Placenta accreta spectrum ..
radiomics

L Peripartum planning &
CNNgs, radiomics + ML
blood products

GDM screening/management

Glucose logs, diet, activity

Classification + Personalized targets &

forecasting follow-up

SMM prediction (NLP)

Admission notes, free-text

NLP (BERT), logistic
heads

Triage to higher-level care

Benefits and Limitations
Potential benefits include earlier risk identification, tailored

surveillance, optimized resource allocation, and decision support

Table 2. Benefits, Limitations, and Mitigation Strategies

at critical junctures. Limitations include data bias and drift,
generalizability, explainability gaps, and the need for rigorous

prospective validation.

Benefits

Limitations/Risks

Mitigation strategies

Earlier detection; individualized risk

Data bias; poor external validity

Diverse multicenter datasets; fairness
audits

Continuous monitoring & alerts

Alarm fatigue; false positives

Human-in-the-loop thresholds;

calibration

Decision support for delivery planning

Opaque models; low trust

Explainable Al; transparent reporting
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Remote care access

R ) Co-design with clinicians; EHR
Resource optimization Workflow misfit . .
Integration

Privacy-by-design;  consent  and

Privacy/security concerns

governance
Figure 2. Multimodal data integration for obstetric Al
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Figure 2: The Al engine integrates signals from maternal
history, vitals/wearables, ultrasound/Doppler, CTG, biomarkers,
therapies, social determinants, and omics to generate actionable

risk and decision support.

Implementation Framework for Responsible Adoption

e Multidisciplinary co-design with obstetricians, MFM
specialists, neonatologists, data scientists, and ethicists.

*  Robust data infrastructure, interoperable standards, and
privacy-preserving governance.

*  Transparent model development with internal + external
validation; reporting per TRIPOD-AI/CONSORT-ALI

* Clinician-centric UX integrated into EHR/CDSS;
training and change-management.

*  Prospective pilots with outcome endpoints (maternal/
neonatal outcomes, equity metrics, cost-effectiveness).

*  Post-deployment monitoring for bias, drift, and safety
with feedback loops and model updates.

Ethical and Equity Considerations

Al in obstetrics must protect autonomy, privacy, and safety;

minimize algorithmic bias; and ensure equitable access.
Transparent consent, clear liability frameworks, and continuous
auditing are essential, particularly as models begin to influence

delivery timing and triage decisions.

Future Directions

Promising trajectories include multimodal foundation models
tailored to perinatal care; edge Al for on-device fetal monitoring;
federated learning for privacy-preserving multicenter training;
and pragmatic trials establishing outcome benefits across diverse

populations.

Conclusion

Al can augment high-risk obstetric care by enabling earlier
detection, targeted surveillance, and informed delivery
planning. With rigorous validation, ethical safeguards, and
clinician-centered integration, Al systems can help improve
maternal and neonatal outcomes while optimizing scarce

resources.
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