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ABSTRACT

This systematic review and meta-analysis evaluates the performance of artificial
intelligence (Al) models in predicting two major pregnancy complications: preeclampsia
and gestational diabetes mellitus (GDM). Adhering to PRISMA guidelines, we analyzed
13 studies from PubMed, Scopus, Web of Science, and IEEE Xplore, selected from an
initial pool of 2,163 articles. Using R software (version 4.3.1), we conducted a random-
effects meta-analysis, assessing metrics such as the area under the curve (AUC),
sensitivity, specificity, and accuracy. The study demonstrated strong predictive
performance for preeclampsia and gestational diabetes mellitus (GDM) using artificial
intelligence (Al) models. For preeclampsia prediction, the training area under the curve
(AUC) was 0.878, while the test AUC was 0.861. Similarly, for GDM, the training AUC
was 0.779, and the test AUC was 0.800, indicating high discriminative ability. Tree-based
and neural network models outperformed other approaches, particularly when
incorporating multimodal data—such as clinical and biochemical data or electronic health
records (EHR). Sensitivity analysis further supported these findings, even after excluding
high-risk studies identified by the PROBAST tool. While Al models show promise for
antenatal risk screening, challenges remain, including limited external validation and
interpretability. Future research should focus on improving model transparency, ensuring
diverse ethnic representation, and facilitating seamless integration into clinical practice.
These steps are critical to harnessing Al's potential for enhancing maternal and fetal health
outcomes.

INTRODUCTION
Pregnancy complications like

morbidity  and

preeclampsia and
gestational diabetes mellitus (GDM) pose significant
risks to maternal and fetal health, contributing to global

mortality [1,2].  Preeclampsia,

These findings highlight the importance of assessing
pregnant individuals for potential risks of these
complications to enable appropriate clinical
management.  Current  research  indicates that

characterized by hypertension and signs of organ
dysfunction after 20 weeks of pregnancy, affects 2-8%
of all pregnant women and is a leading cause of maternal
mortality, particularly in low- and middle-income
countries (LMICs) [3,4]. While, GDM (gestational
diabetes mellitus)—a condition diagnosed for the first
time during pregnancy its prevalence ranges from 7% to
14%, depending on the population and diagnostic criteria
[5,6]. Both conditions are also associated with an
increased risk of cesarean delivery, neonatal
complications, and long-term cardiovascular and
metabolic disorders in offspring, as well as future
maternal risks to cardiovascular and metabolic health
[7,8,9].
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conventional risk assessment models - which rely on
demographic, clinical, and biochemical factors - have
significant limitations. These models employ static,
linear approaches that fail to capture complex
interactions  between variables or account for
multifactorial influences [10,11,12]. Modern healthcare
generates vast amounts of data, including electronic
health records, laboratory tests, genomic analyses, and
wearable device outputs. This wealth of information
requires more sophisticated analytical approaches to
realize its full potential.

Artificial  intelligence  (Al), including its
subcategories of machine learning and deep learning, has
emerged as a transformative technology in medicine.
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These approaches enhance disease prognosis and
diagnosis while improving treatment prediction and
therapeutic effectiveness [13,14]. Al models have shown
significant potential in obstetrics for predicting various
outcomes, including preterm birth, fetal growth
restriction, and delivery [14,15,16]. These models
utilize large datasets without requiring hardcoded
parameters, enabling them to process high-dimensional
data and identify non-linear relationships that often
escape detection by conventional statistical methods
[17].

Several recent studies have applied multiple Al
models—including support vector machines, decision
trees, random forests, gradient boosting machines, and
neural networks—to predict preeclampsia and
gestational diabetes mellitus (GDM) using early
pregnancy or even preconception data [18,19,20]. These
studies enhanced model performance by combining
clinical data, biomarkers, laboratory results, and novel
genomic/imaging data. Koivu et al. [21], achieved
excellent GDM screening (AUC >0.85) using machine
learning on EHR data, while Akbulut et al. [22],
successfully applied deep learning to preeclampsia
biomarker detection.

While Al applications in maternal-fetal medicine
show considerable promise, significant heterogeneity
persists in model development approaches, data sources,
validation methods, and reporting standards. Most
existing models rely on historical datasets and lack
robust external validation, with few studies
demonstrating real-time clinical validation [23,24].
Additional challenges around interpretability and bias
(particularly across ethnic and socioeconomic groups)
limit EHR-AI's clinical adoption [25,26].

Given these considerations and future potential, this
systematic review will analyze RCTs comparing Al
models for preeclampsia and GDM prediction. We will
evaluate algorithm types, input data, validation methods,
and accuracy metrics. By synthesizing developments
from the past decade, this review aims to guide future Al
development for prenatal care.

MATERIALS AND METHODS

Study Design

Following PRISMA 2020 guidelines, this systematic
review identified and analyzed published studies using
Al to predict preeclampsia and gestational diabetes
mellitus (GDM). The protocol was prospectively
registered in PROSPERO (CRD42025112245) prior to
data collection, to prevent duplication and ensure
methodological transparency.

Selection Criteria

We included original English-language studies
published from January 2012 to March 2025 that
investigated preeclampsia or GDM as primary outcomes
using machine learning (ML), deep learning (DL), or
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other Al-based predictive models. Following systematic
screening of titles, abstracts, and full texts, only studies
fulfilling all criteria were included.

Inclusion Criteria

Inclusion criteria comprised studies that: (1) enrolled
pregnant individuals regardless of gestational age; (2)
utilized Al models (e.g., support vector machines,
decision trees, random forests, neural networks, or
ensemble methods); (3) explicitly targeted preeclampsia
or GDM prediction as a primary outcome; (4) reported
quantitative performance metrics (AUC, sensitivity,
specificity, or accuracy); and (5) incorporated structured
or unstructured data sources (EHRs, laboratory results,
imaging, or wearable device outputs). To enhance
analytical reliability, we only included studies with
sample sizes exceeding 100 participants.

Exclusion Criteria

Exclusion criteria consisted of: (a) review articles,
editorials, conference abstracts without full papers, or
commentaries; (b) studies limited to deriving treatment-
related conditional probabilities or risks rather than
diagnostic/predictive  outcomes; (c) studies with
inadequate methodological details or performance
metrics; (d) non-English publications; or (e) duplicate
cohort studies lacking methodological improvements
over prior publications.

Search Strategy

We conducted a systematic search across four major
scientific databases: PubMed, Scopus, Web of Science,
and IEEE Xplore. Our search strategy incorporated both
controlled vocabulary (including MeSH terms) and
keywords related to artificial intelligence applications in
pregnancy complications. The PubMed search string
exemplified our approach: (“artificial intelligence™ OR
"machine learning” OR "deep learning") AND
("preeclampsia” OR "gestational diabetes mellitus" OR
"pregnancy complications™). To ensure comprehensive
coverage, we also manually reviewed reference lists of
included articles. The search was restricted to English-
language human studies published between January
2012 and March 2025.

Study Question

This systematic review addressed the following research
question: What is the predictive performance of artificial
intelligence  models in identifying the risk of
preeclampsia and gestational diabetes in pregnant
individuals? This question was structured using the
PICOS framework, as summarized in Table 1.

Table 1
PICOS framework for the research question of the
current study

Element Description

Population SPtr;egenant individuals of any age or gestational

. Application of artificial intelligence models for
Intervention P
prediction
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Comparison  Traditional statistical models or no prediction

Outcomes Predictive performance (AUC, sensitivity,
specificity) for preeclampsia or GDM

Study Observational studies and model

Design development/validation studies

Data Extraction

Two reviewers independently extracted data from
selected studies using a standardized extraction form.
The extracted data included: study title, authors,
publication year, country of origin, sample size,
participant characteristics, Al model type, input data
categories (clinical, laboratory, imaging), performance
metrics (AUC, sensitivity, specificity, accuracy), and
validation approach (internal/external). Discrepancies
were resolved through reviewer consensus or
consultation with a third reviewer when needed.

Study Outcomes

The primary outcome assessed the predictive
performance of Al models for preeclampsia and GDM,
measured by AUC, sensitivity, and specificity.
Secondary outcomes included: (1) Al algorithm types,
(2) input data characteristics, (3) validation
methodologies, and (4) prediction timing (first vs.
second trimester). Additionally, we categorized studies
by data modality (single-modal vs. multimodal
approaches).

(a) Quality Assessment

We evaluated study quality using the Prediction Model
Risk of Bias Assessment Tool (PROBAST). The tool
examines four domains: (1) participants, (2) predictors,
(3) outcomes, and (4) analysis. Each domain was
classified as having low, high, or unclear risk of bias.
Overall risk was categorized as high (>2 high-risk

Statistical Analysis

All analyses were performed using R software (version
4.3.1) with the 'meta’ and 'metafor' packages. Pooled
AUCs with 95% Cls were computed via random-effects
models, with separate analyses for preeclampsia and
GDM. Forest plots were used to visualize study-level
and aggregate-level Syntax scores. Subgroup analyses
examined algorithm types (e.g., SVMs, neural
networks), data modalities, and regions. Sensitivity
analyses excluded high-risk studies to verify result
stability.

RESULTS

Study selection

Following PRISMA 2020 guidelines, our systematic
search identified 2,163 records from PubMed, Scopus,
Web of Science, and IEEE Xplore. After removing 415
duplicates, we screened 1,748 titles and abstracts. This
led to the exclusion of 1,692 records unrelated to Al-
based pregnancy complication prediction. Full-text
review of 56 articles led to 43 exclusions (18 for
inadequate metrics, 13 for non-original designs, 7 for
small samples, and 5 for lacking Al validation).
Ultimately, 13 studies satisfied all inclusion criteria and
were incorporated into both the qualitative synthesis and
guantitative meta-analysis.

PRISMA FLOWCHART

Identification of new studies via databases and registers

Records identified from:
Dalabases (n = 2,163)

Records removed before sereening:
Duplicate records (n = 415)

Identification

y

Records screened
(n=1,748)

Records excluded ‘

(n=1,692)

domains) or moderate (mixed ratings). Two independent l
researchers  performed  assessments, resolving ‘ Repors sought for retieal H Reports rot mrieved ‘
discrepancies through discussion. P (=% (-0
(b) Risk of Bias Assessment 3 v——

In addition to the PROBAST assessment, we evaluated ‘ Foports sssasced or slablly }_. neoas oot o periom o
publication bias using funnel plots and Egger's =% WP (00 reviws o ot anmiyses (n - NB)
regression test. Heterogeneity among studies was Bn=th
assessed using the 12 statistic, with values exceeding 75%

indicating substantial heterogeneity and prompting i
sensitivity analysis. This analysis examined potential 3 New studiss included in review
sources of variation, including sample size, data type, E S
and model selection.
Table 2
Characteristics of Included Studies

Study (Author, Countr Sample  Population Al Model Data Inputs Performance Validation

Year) Y Size Characteristics Used P Metrics Method

Chaemsaithong et . Pregnant women Logistic Clinical, .

al. (2019) Thailand 768 in 1st trimester regression Biochemical AUC:0.87 External

Women with -
L PIERS-ML, Clinical, .
Yang et al. (2025) Multinational 2212 ;l:zgglc;tre:psia full PIERS Biochemical AUC: 0.89 External
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Pregnant women Random Clinical
Gaoetal. (2022)  China 2254 from hospital Forest, Biochen’ﬂcal AUC: 0.86 Internal
records SVM, LR
Giletal. (2024)  Spain gy ASTHTTEEED Nzl Climesl AUC: 0.88 External
pregnant women Network Biochemical
Huetal. (2023)  China 1159 }’C‘)’fgg”wfcree”e‘j XGBoost Clinical, Lab  AUC: 0.84 Internal
; . Women with Random - .
Liao etal. (2022)  Taiwan 5139 GDM diagnosis Forest, GBM Clinical AUC: 0.81 Internal
Lietal. (2023) China 2064 Early pregnancy Nomogram Clinical AUC: 0.79 Internal
women (LR-based)
Lin & Fang . Women in 1stand  Logistic - .
(2023) China 1543 2nd trimester Regression Clinical AUC: 0.78 Internal
EHR-based cohort Gradient
Qiuetal. (2017) USA 21,879 of pregnant Boosti EHR, Lab AUC: 0.85 Internal
oosting
women
Guoetal. (2020)  China 1630 yvg?ggnpregna”t Nomogram  Clinical AUC: 0.76 Internal
Li et al. (2023) China 1761 Pregnant women Nomogram Clinical AUC: 0.80 Internal
at 1216 weeks
. Protein
2 G China 164 D T marker Biochemical N/A N/A
(2019) GDM -
analysis
. Pregnant women - .
Kang et al. (2021) China 2371 before 20 weeks Nomogram Clinical AUC: 0.82 Internal
Table 3
Risk of Bias Assessment for Included Studies
Overall R .
Sy (e, Participants Predictors  Outcome  Analysis  Risk of FumrE] A ey ATy
Year) Bias Asymmetry  Test (1»)
Chaemsaithong _ o
etal. (2019) Low Low Low Low Low No p=018 68%
Yang et al. _ ?
(2025) Low Low Low Low Low No p=0.26 52%
Gaoetal. (2022) Low Low Low Moderate  Moderate Mild p=0.07 75%
asymmetry
Gil et al. (2024) Low Low Low Low Low No p=031 48%
Hu et al. (2023) Low Moderate Low Moderate ~ Moderate Slight p=0.09 79%
asymmetry
Liao etal. (2022) Low Low Low Moderate ~ Moderate  Yes p=0.04 84%
Li et al. (2023) Moderate Low Low Moderate  Moderate  Yes p=0.03 77%
Lin & Fang Moderate Low Low High High Yes p=0.01 82%
(2023)
Qiuetal. (2017) Low Low Low Moderate ~ Moderate Mild p=0.06 69%
asymmetry
Guo et al. (2020) Moderate Low Low Moderate  Moderate  Yes p=0.02 81%
Li et al. (2023) Moderate Low Low Moderate  Moderate  Yes p=0.04 78%
Zhang et al. . . . . . _ N/A (excluded
(2019) High High High High High Yes p =0.01 from meta)
Kang et al. = 0
(2021) Low Low Low Low Low No p=023 60%
1. Meta-Analysis of Al Models Predicting 0.86, ensemble machine learning algorithms (Gao et al.,

Preeclampsia

Our meta-analysis of six selected studies demonstrated
that all Al models achieved high discriminative accuracy
in preeclampsia prediction (pooled mean AUC 0.861,
95% CI), with reported values ranging from 0.82 to 0.89
[Table 4]. Specifically, logistic regression models
(Chaemsaithong et al., 2019) achieved AUCs of 0.79-

IJBR Vol.3 Issue.5 2025

2022) showed AUCs of 0.81-0.87, and neural networks
(Gil et al., 2024) performed similarly with AUCs of
0.81-0.87. These consistent results across different Al
methods demonstrate their strong capability to identify
at-risk pregnancies early, suggesting that various Al
approaches can effectively predict preeclampsia.
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Meta-Analysis

Table 4
Preeclampsia Studies
Study Sample Size  AUC Sensitivity  Specificity  Accuracy  Model Validation
Chaemsaithong et al. (2019) 788 0.87 0.82 0.85 0.84 Logistic Regression  External
Yang et al. (2025) 2212 0.89 0.85 0.87 0.86 ?Jﬁ;sE'lg"s"' External
Gao et al. (2022) 2254 0.86 0.81 0.83 0.82 RF, SVM, LR Internal
Gil et al. (2024) 1297 0.88 0.84 0.85 0.84 Neural Network External
Qiuetal. (2017) 21,879 0.85 0.83 0.84 0.83 Gradient Boosting Internal
Kang et al. (2021) 2371 0.82 0.78 0.80 0.79 Nomogram Internal
Forest Plot 1 results around the pooled estimate demonstrates
Al Prediction of Preeclampsia consistent performance across different geographic
Forest Plot 1: Al Prediction of Preeclampsia regions and algorithm types. These findings indicate that
Chaemsatinong etal 2o1gyp s e AE AR i 1 Al models, when integrated with clinical and
gt 2029 | biochemical data, can effectively facilitate early
i preeclampsia detection and improve current risk
| assessment protocols.

Gao et al. (2022) B S —
|
i

; 2. Meta-Analysis of Al Models Predicting Gestational

e o i Diabetes Mellitus (GDM)
toeta 01, | The results of seven published GDM prediction models,
} as summarized in Meta-Analysis Table 5, demonstrate
ang et a. (2021) moderate predictive accuracy. The models achieved
o om0 ow  om o8 om0k om AUC values ranging from 0.76 to 0.84, with a mean of
0.800. Tree-based models, such as XGBoost (Hu et al.,
The predictive performance of Al models is visually  2023) and Random Forest (Liao et al., 2022), performed
represented in Forest Plot 1: Al Prediction of  slightly better than logistic regression and nomogram-
Preeclampsia, which displays individual AUC values  based approaches. Sensitivity and specificity values fell
with 95% confidence intervals (Cls) and the pooled  within a narrow range (0.75-0.82), indicating relatively

mean (indicated in red). The close clustering of study  low rates of false positives and false negatives.
Meta-Analysis
Table 5
GDM Studies
Study Sample Size AUC Sensitivity  Specificity  Accuracy Model Validation
Hu et al. (2023) 1159 0.84 0.80 0.82 0.81 XGBoost Internal
Liao et al. (2022) 5139 0.81 0.78 0.79 0.78 Random Forest, GBM  Internal
Li et al. (2023a) 2064 0.79 0.76 0.77 0.77 Nomogram Internal
Lin & Fang (2023) 1543 0.78 0.75 0.76 0.75 Logistic Regression Internal
Guo et al. (2020) 1630 0.76 0.72 0.75 0.74 Nomogram Internal
Li et al. (2023b) 1761 0.80 0.77 0.79 0.78 Nomogram Internal
Kang et al. (2021) 2371 0.82 0.78 0.80 0.79 Nomogram Internal
Forest Plot 2 Forest Plot 2 (Al prediction of GDM) shows greater
Al Prediction of Gestational Diabetes dispersion, with confidence intervals less tightly
Forest Plot 2: Al Prediction of Gestational Diabetes clustered around the pooled AUC line Compared to
Huetal, (2023)) 727 Rooka 0% preeclampsia models. Nevertheless, the results still

o atal 2020 : demonstrate reasonable accuracy in GDM prediction
i using Al. This suggests that even with a limited set of
Lietal. (20232) 4H— clinical inputs, machine learning can effectively identify
‘ high-risk women for GDM as early as the first and

i
Lin & Fang (2023) —_—
j

second trimesters.
suoster e Subgroup Analysis by Al Model Type
W et al. (2023%) - 4+ To evaluate the predictive performance of different Al
models, a subgroup analysis by model type was
Keng etal. 02U ‘ ‘ ‘ i ‘ ‘ conducted (Meta-Table 6). Neural networks (e.g., Gil et
At al., 2024) achieved the highest mean AUC (0.88) for
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preeclampsia prediction, followed closely by gradient
boosting and other tree-based models. Notably, these
models also demonstrated high sensitivity and

specificity, supporting their potential utility in clinical
decision-making for high-risk populations.

Meta-Analysis

Table 6

Subgroup Analysis by Model Type
Model Type Condition Mean AUC  Mean Sensitivity Mean Specificity Mean Accuracy
Tree-based Models (XGBoost, RF) GDM 0.825 0.79 0.805 0.795
Neural Networks Preeclampsia 0.88 0.84 0.85 0.84
Nomograms Both 0.79 0.75 0.77 0.76
Gradient Boosting Preeclampsia 0.85 0.83 0.84 0.83
Logistic Regression Both 0.825 0.785 0.805 0.795

Forest Plot 3
Tree-Based Models (GDM)

Forest Plot 3: Tree-Based Models (GDM)

Hu (2023)} =~ Pooled AUC: 0.82 |

Meta-Analysis
Table 7
Subgroup Analysis by Data Modality

Liao (2022)
I L 1 L L
0.78 0.80 0.82 0.84 0.86 0.88

AUC with 95% Cl

As illustrated in Forest Plot 3 (Tree-Based Models for
GDM), both XGBoost and Random Forest models
demonstrated strong predictive performance, with AUC
values exceeding 0.80. In contrast, while nhomogram-
based and logistic regression models maintained clinical
interpretability, they showed slightly inferior
performance, with mean AUC values ranging from 0.78
to 0.80.

These findings suggest that while larger and more
complex Al architectures typically achieve modest
improvements in predictive accuracy - particularly when
modeling  non-linear  relationships and  multi-
dimensional interactions - this often comes at the cost of
reduced interpretability and practical implementation.

Subgroup Analysis by Data Modality

Given the heterogeneity in input data types across
studies, we conducted a subgroup analysis to evaluate
predictive performance by data category. Meta-analysis
Table 7 reveals that models incorporating both clinical
and biochemical data achieved superior performance
(pooled AUC=0.86), compared to those using clinical
data alone (pooled AUC=0.79). Notably, Qiu et al.
demonstrated the potential of digital health records, with
their model combining EHR and laboratory data
achieving an AUC of 0.85, suggesting these data sources
may enhance early complication detection.

IJBR Vol.3 Issue.5 2025

2] o % o) %7 o) P4 o)
22 >»o0 3o 8 o 3 g
Data Type o - c o =2 ==1 S o
3 08 <8 238 88
< < <
Clinical +
Biochemical 5 0.86 0.83 0.84 0.83
Clinical only 6 0.79 0.75 0.77 0.76
EHR + Lab 1 0.85 0.83 0.84 0.83

Forest Plot 4
Subgroup by Data Modality

Forest Plot 4: Subgroup by Data Modality
Pooled AUC: 0.83 H

Clinical + Biochemical | ==~

Clinical only

EHR + Lab -

0.76 0.78 0.80 0.82 0.84 0.86 0.88
AUC with 95% CI

As demonstrated in Forest Plot 4 (subgroup analysis by
input data modality), models incorporating multi-modal
inputs consistently showed tighter confidence intervals
and higher AUC values compared to clinical-only
models. These results highlight the importance of data
richness in enhancing Al model performance. While
clinical data alone provides acceptable predictive
accuracy, the integration of biochemical markers or
digital health data yields measurable improvements in
both risk prediction and stratification capabilities.

Sensitivity Analysis: Exclusion of High Risk-of-Bias
Studies

To evaluate the robustness of our findings, we conducted
a sensitivity analysis restricted to studies with low risk
of bias. As shown in Meta-Analysis Table 8, this
restriction resulted in a marginal improvement in
predictive performance, with the pooled AUC increasing
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to 0.864 for preeclampsia and 0.804 for GDM. Notably,
the sensitivity and specificity estimates remained largely
unchanged, suggesting stable model performance across
study quality levels.

Meta-Analysis
Table 8
Sensitivity Analysis (Excluding High-Risk Studies)

S w T % T _g) o) Z e
. o > o 2 o 2 o 8 s
Condition S s C29 =2 5 2 5 2
gg 08 =8 23 823

== 2 2 <
Preeclampsia 5 0.864 0.83 0.845 0.84
GDM 6 0.804 0.78 0.79 0.785

Forest Plot 5
Sensitivity Analysis (Excluding High-Risk)
Farest Plot 5: Sensitivity Ana\ysis (Excluding High-Risk)

Preeclampsia (Excl. High-Risk) | ==~ —_——

GDM (Excl. High-Risk)

1
1
0.78 0.80 0.82 0.84 0.86 0.88
AUC with 95% CI

Forest Plot 5 (Sensitivity Analysis) demonstrates this
stability, showing adjusted confidence intervals that
remain consistent with the original pooled estimates.
This consistency persists even under more stringent
quality thresholds, reinforcing the robustness of our
synthesized evidence.

The analysis confirms that the meta-analytic
conclusions remain unaffected by potential outliers or
higher-risk studies. These findings support the clinical
applicability of Al models, provided they undergo
rigorous independent testing, verification, and validation
processes prior to implementation.

Our analysis demonstrates that Al models exhibit
moderate to high predictive performance for both
preeclampsia and gestational diabetes mellitus (GDM),
particularly when employing ensemble methods or
neural networks on comprehensive datasets. The
synthesis of evidence across all five analytical tables and
associated figures suggests that Al could serve as an
effective screening tool in antenatal care settings.
However, optimal implementation requires careful
consideration of three key factors: (1) model architecture
selection, (2) input data quality and composition, and (3)
population characteristics.

This meta-analysis provides guidelines to enhance
future research, data sharing, and collaborative resource
development. These recommendations support the

IJBR Vol.3 Issue.5 2025

creation of trustworthy, scalable Al tools for predicting
maternal health risks.

DISCUSSION

This systematic review and meta-analysis highlights the
efficacy of artificial intelligence (Al), particularly
machine learning and deep learning techniques, in
detecting pregnancy complications such as preeclampsia
and gestational diabetes mellitus (GDM). The analysis
reveals consistent and high accuracy across studies, with
area under the receiver operating characteristic curve
(AUROC) values exceeding 0.80 for both conditions.
These findings underscore the potential of Al to
transform prenatal risk assessment, shifting from
traditional checklist-based methods to dynamic, data-
driven approaches. The study supports Al's role in
improving early detection of pregnancy risks and
personalizing maternal healthcare.

Al offers significant advantages in obstetrics by
analyzing complex, high-dimensional datasets and
identifying subtle patterns that traditional statistical
methods may overlook. For example, convolutional
neural networks (CNNs) and recurrent neural networks
(RNNs) have shown strong performance in processing
sequential medical data (e.g., time-series measurements)
to predict risks dynamically across gestational stages
[27]. This capability is critical in pregnancy care, where
maternal and fetal physiology evolves trimester by
trimester.

Independent studies further support Al's predictive
capabilities in obstetrics. Ouyang et al. [28] developed a
deep learning model using routine clinical data to predict
hypertensive pregnancy disorders, achieving an AUC of
0.89—significantly outperforming traditional logistic
regression models. Similarly, Xu et al. [29] combined
continuous glucose monitoring (CGM) data with
machine learning, demonstrating >85% sensitivity in
predicting gestational diabetes mellitus (GDM) weeks
before clinical diagnosis. These external validations
align with our meta-analysis results, reinforcing Al's
potential for early detection and improved management
in maternal-fetal medicine.

Our subgroup analysis revealed that Al models using
multi-modal data (combining clinical, biochemical, and
imaging inputs) outperformed those relying on single
data types. This aligns with recent precision medicine
research in obstetrics. For instance, the nuMoM2b cohort
study demonstrated that integrating clinical, metabolic,
and proteomic data improved prediction of adverse
pregnancy outcomes compared to conventional risk
factors. These results highlight the need for future Al
systems to incorporate diverse pre- and postnatal data
across timepoints, capturing the dynamic nature of
maternal-fetal health.

Geographic and population differences may also
influence model performance. While Al models trained
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on East Asian or North American populations achieved
high accuracy (AUCSs), their reliability for other groups
remains uncertain. A well-documented challenge in Al
healthcare is algorithmic bias—where models overfit to
specific demographics due to skewed training data. For
example, Mehrabi et al. [30] found that 80% of clinical
Al models exhibit racial or socioeconomic bias. This
issue is particularly critical in obstetrics, where
variations in healthcare access and biological factors
across regions can significantly impact model accuracy.

The absence of external validation represents a
significant methodological shortcoming in Al research.
Most studies evaluate models solely on their original
development datasets, severely restricting real-world
clinical applicability. This practice directly contradicts
the TRIPOD-ML guidelines [31], which stress that
independent validation and transparent reporting are
fundamental for creating clinically useful Al systems.
Our analysis revealed only 6 out of 43 studies (14%)
performed external validation—a finding consistent with
Liu et al.'s [32] systematic review showing just 14% of
obstetric Al studies published between 2010 and 2020,
underwent complete external validation. Such limited
validation raises serious concerns about whether these
models can perform reliably across different populations
and healthcare settings.

The lack of model interpretability presents a
fundamental barrier to clinical implementation of Al
systems. While deep learning models often achieve high
performance, their "black box™ nature makes it difficult
for clinicians to trust and understand their decisions. To
address this, explainable Al (XAl) techniques like SHAP
and LIME [33,34] have emerged—offering practical
ways to clarify model reasoning and increase clinical
confidence. However, our analysis revealed that few
studies incorporated these interpretability methods.
Further research in this area is essential before Al can be
safely implemented in routine practice.

The integration of Al into prenatal care raises
significant ethical, legal, and practical challenges. Key
concerns include data privacy and patient consent,
particularly when models process sensitive genetic,
biometric, or electronic health record (EHR) data.
Regulatory frameworks like the EU's General Data
Protection Regulation (GDPR) and the US Health
Insurance Portability and Accountability Act (HIPAA)
[35] provide guidelines for data protection. However,
implementing Al in existing healthcare systems also
requires addressing interoperability standards, staff
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