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ABSTRACT

Background: Preeclampsia remains a leading cause of maternal and perinatal
morbidity and mortality worldwide, affecting 2-8% of pregnancies globally.
Early prediction is critical for implementing prophylactic interventions, yet
traditional risk models demonstrate limited predictive accuracy. Multimodal
artificial intelligence (Al) approaches integrating clinical, biochemical, and
ultrasound data offer a promising avenue for improving early detection.
Objective: This systematic review synthesizes evidence on multimodal Al
models for early prediction of preeclampsia, evaluating model architectures,
data integration strategies, predictive performance, and barriers to clinical
translation.

Methods: Following PRISMA 2020 guidelines, a comprehensive search of
PubMed, Scopus, Embase, IEEE Xplore, and Web of Science conducted through
July 2025. Studies were eligible if they developed or validated Al models
integrating at least two data modalities (clinical, biochemical, ultrasound, or
other imaging) for preeclampsia prediction. Risk of bias assessed using
PROBAST.

Results: From 2,457 identified records, 18 studies met inclusion criteria.
Multimodal Al models demonstrated area under the curve (AUC) values
ranging from 0.78 to 0.98, consistently outperforming unimodal approaches
and traditional logistic regression. The highest-performing models integrated
maternal characteristics, mean arterial pressure, placental growth factor
(PIGF), and uterine artery Doppler indices. Deep learning architectures,
particularly convolutional neural networks for ultrasound analysis and
ensemble methods for structured clinical data, showed superior performance.
However, only 22.2% of studies performed external validation, and substantial
heterogeneity in predictor definitions, outcome ascertainment, and validation
strategies limited comparability. SHAP analysis revealed that PIGF, mean
uterine artery pulsatility index, and maternal history contributed most
strongly to predictions.

Conclusions: Multimodal Al demonstrates significant potential for early
preeclampsia prediction, with performance exceeding traditional screening.
However, limited external validation, inconsistent reporting, and
underutilization of ultrasound data constrain clinical translation. Prospective
multicenter validation and standardized reporting frameworks are essential
before routine implementation.
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Introduction

Preeclampsia constitutes one of the most significant
challenges in modern obstetrics, affecting
approximately 2-8% of pregnancies worldwide and
contributing to over 50,000 maternal deaths and
500,000 fetal deaths annually [1-3]. The condition,
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characterized by new-onset hypertension and
proteinuria or maternal organ dysfunction after 20
weeks of gestation, encompasses a spectrum of
severity ranging from mild disease to severe early-
onset presentations before 34 weeks [4-6]. Despite
decades of research, the only definitive treatment
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remains delivery of the placenta, making early
identification of at-risk pregnancies essential for
implementing  prophylactic  strategies  and
optimizing surveillance intensity [7-9].

The pathophysiology of preeclampsia involves
abnormal placental implantation, resulting in
impaired spiral artery remodeling, placental
ischemia, and subsequent release of anti-angiogenic
factors into the maternal circulation [10-13]. This
molecular understanding has translated into the
identification of numerous candidate biomarkers,
particularly placental growth factor (PIGF) and
soluble fms-like tyrosine kinase-1 (sFlt-1), whose
ratio has demonstrated clinical utility in disease
triage and prediction [14-17]. Simultaneously,
uterine artery Doppler ultrasound, which assesses
downstream impedance to flow reflecting impaired
trophoblastic invasion, has emerged as a robust
biophysical predictor of preeclampsia when
integrated into multivariable models [18-21]. The
combination of maternal risk factors, mean arterial
pressure, PIGF, and uterine artery pulsatility index
constitutes the foundation of contemporary first-
trimester screening algorithms [22-30].

Despite these advances, traditional statistical
prediction  models  demonstrate  significant
limitations. The Fetal Medicine Foundation
algorithm, widely considered the reference standard,
achieves detection rates of approximately 90% for
early-onset preeclampsia at a 10% false positive rate
when all components are available [31-35].
However, performance declines substantially for
term preeclampsia, and the model's reliance on
precise ultrasound measurements and biomarker
assays limits implementation in  resource-
constrained settings. Moreover, these models
assume linear relationships between predictors and
outcomes, potentially missing complex interactions
that characterize the heterogeneous preeclampsia
syndrome [36-38].

Artificial intelligence has emerged as a
transformative approach capable of addressing these
limitations. Machine learning algorithms, including
random forests, support vector machines, and
gradient boosting, can automatically learn nonlinear
relationships from high-dimensional data without
prespecified functional forms. Deep learning
architectures, particularly convolutional neural
networks, excel at extracting features from medical
imaging data, with demonstrated success in obstetric
ultrasound segmentation and fetal anomaly
detection [39-41]. These capabilities are particularly
relevant for preeclampsia, where integrating
heterogeneous data streams maternal clinical
characteristics,  circulating  biomarkers, and
ultrasound-derived placental and hemodynamic
parameters may  capture  complementary
pathophysiological information.

The concept of multimodal Al, which integrates and
jointly analyzes data from multiple sources,
represents a natural extension of this approach.
Early pregnancy assessment already routinely
collects clinical history, blood pressure, serum
biochemistry, and ultrasound measurements,
creating a rich multimodal dataset for each
pregnancy. Traditional prediction models combine
these modalities through predetermined formulas or
regression coefficients, whereas multimodal Al can
learn optimal integration strategies directly from
data. This approach has demonstrated success in
other medical domains, including oncology and
cardiology, but remains incompletely characterized
in obstetric care.

Current evidence on Al for preeclampsia prediction
exists as a fragmented landscape of studies varying
widely in  methodology, predictor selection,
algorithm  choice, and validation strategy.
Systematic reviews have begun to synthesize this
literature, with scoping reviews identifying 15
studies of deep learning models and broader reviews
examining Al applications across multiple
pregnancy  complications.  These  reviews
consistently note that imaging data, particularly
ultrasound, remains underutilized despite its
established importance in preeclampsia
pathophysiology and screening. The most recent
systematic reviews include studies through mid-
2025, yet the rapid pace of methodological
development in multimodal Al warrants ongoing
synthesis. This systematic review addresses the
critical need for focused evidence synthesis on
multimodal Al specifically for preeclampsia
prediction. Unlike prior reviews that have examined
deep learning for early-onset disease or Al across
multiple pregnancy complications, this review's
primary objective is to characterize how multimodal
integration combining clinical, biochemical, and
ultrasound data affects predictive performance. The
secondary aims include: (1) evaluating the
methodological quality and risk of bias in included
studies, (2) characterizing the specific data
modalities and integration strategies employed, (3)
assessing the interpretability of multimodal models
through explainability techniques, and (4)
identifying barriers to clinical translation. By
focusing specifically on multimodal approaches,
this review provides a foundation for future research
and development of clinically actionable prediction
tools.

Literature Review

The literature on preeclampsia prediction has
evolved through distinct phases, beginning with
maternal risk factor-based models, progressing to
biophysical and biochemical marker integration, and
most recently encompassing artificial intelligence
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approaches capable of learning complex patterns
from heterogeneous data sources. Understanding
this evolution provides essential context for
evaluating the current state of multimodal Al [42].

Traditional prediction models for preeclampsia have
relied on multivariable logistic regression with
prespecified predictors derived from
pathophysiological understanding. The Fetal
Medicine Foundation (FMF) algorithm represents
the culmination of this approach, combining
maternal characteristics (age, weight, parity,
ethnicity, medical history), mean arterial pressure
(MAP), uterine artery pulsatility index (UtPI), and
placental growth factor (PIGF). When applied at 11-
13 weeks' gestation, this model achieves detection
rates of approximately 90% for early-onset
preeclampsia and 75% for preterm preeclampsia at a
10% false positive rate. The Addition of soluble
fms-like tyrosine kinase-1 (sFlt-1) or the sFlt-
1/PIGF ratio has shown to enhance performance
further, particularly when screening performed in
the second trimester [43-47].

Despite these achievements, traditional models
exhibit well-characterized limitations. Detection
rates for term preeclampsia remain below 50%,
reflecting the pathophysiological heterogeneity
between early and late-onset disease. The
requirement for precise ultrasound measurements
and laboratory assays limits implementation in low-
and middle-income countries where the majority of
preeclampsia-related deaths occur. Perhaps most
fundamentally, regression-based models assume
additive or multiplicative relationships on specified
scales, which may not capture complex, nonlinear
interactions among predictors or temporal changes
in biomarker trajectories [48-50].

Machine learning approaches offer a paradigm shift
by enabling data-driven identification of optimal
prediction rules without prespecified functional
forms. A scoping review by the authors of identified
15 studies employing deep learning for early-onset
preeclampsia prediction, with 60% utilizing
machine learning and 40% employing deep learning
architectures. Deep neural networks most
commonly employed, followed by classical machine
learning algorithms. The majority of studies focused
on first-trimester prediction, with maternal
characteristics, MAP, and PIGF consistently
emerging as the most important predictors. Notably,
only one study incorporated imaging data,
highlighting a significant gap given the established
role of uterine artery Doppler in preeclampsia
screening [51-53].

A systematic review by the authors of examined 15
studies of deep learning models, finding that clinical
registries were the primary data source in 93.3% of
studies, while imaging data were utilized in only
26.7%. Area under the curve values ranged from
0.57 to 0.98, with the highest performance achieved
by a model using electrocardiogram data. Internal
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validation alone reported in 80% of studies, with
only 20% performing external validation a critical
limitation for assessing generalizability. Risk of bias
assessment using PROBAST indicated low overall
risk in 80% of studies, with the analysis domain
being the most frequent source of high risk [54-56].
The broader landscape of Al for pregnancy
complications synthesized by the authors of, who
systematically reviewed Al models for early
detection of preeclampsia and gestational diabetes
mellitus. Across nine included studies, Al models
frequently achieved AUC values exceeding 0.85,
with an externally validated neural network
achieving AUCs of 0.920 and 0.913 for early and
preterm preeclampsia, respectively. Ensemble
methods generally outperformed logistic regression.
However, the authors noted that heterogeneity and
limited external validation remain barriers to clinical
translation [57-59].

A more recent systematic review by the authors of
examined 47 primary Al prediction studies,
including multimodal and deep learning approaches.
The evolution from conventional machine learning
toward deep learning and multimodal frameworks
capable of integrating heterogeneous data clearly
documented. Multimodal Al and deep learning
models demonstrated higher median AUC values
than conventional machine learning approaches,
reflecting the advantages of integrating
complementary clinical, biochemical, imaging, and
longitudinal data. Only four of 47 studies developed
integrated prediction models for multiple pregnancy
complications, representing an emerging research
area [60-62].

The specific application of Al to ultrasound data for
preeclampsia prediction has explored in several
studies. A conference abstract by the authors of
described a multimodal framework integrating self-
supervised deep learning, hybrid graph neural
networks, and Bayesian hierarchical modeling for
analysis of placental texture and spectral Doppler
ultrasound. Preliminary findings suggested AUC-
ROC values between 0.90 and 0.97 for Al-enhanced
radiomics and spectral Doppler biomarkers, with
statistical superiority over traditional screening
approaches. The authors emphasized that
explainability frameworks (SHAP, Grad-CAM,
LIME) enhance physician trust in Al-driven
diagnostics.

Beyond prediction, Al has applied to preeclampsia-
related outcomes and biomarker discovery. A study
by the authors of evaluated peripheral blood
variables in hypertensive disorders of pregnancy,
developing a nomogram incorporating gestational
age, NT-proBNP, LDH, and PDW for predicting
adverse outcomes. While not explicitly Al-based,
this work illustrates the predictive value of
multimodal biomarker integration. Similarly, the
authors of demonstrated that combining PIGF with
uterine artery Doppler indices (resistance index,
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pulsatility ~ index,  systolic/diastolic  ratio)
significantly improved preeclampsia prediction
compared to individual indicators [63-65].

The role of explainability in Al-based obstetric
prediction has received increasing attention. The
authors of reviewed explainable Al techniques in
pregnancy care, noting that SHAP (Shapley
Additive Explanations) has emerged as the most
widely used approach for transparent interpretation
of complex models. In preeclampsia prediction,
SHAP analysis has identified specific biomarkers
(e.9., SUv39H1, GLUL, NCL) as strongest
contributors to disease risk and revealed synergistic
and antagonistic relationships among predictors.
Feature importance ranking across multiple studies
has consistently highlighted maternal age, BMI,
previous preeclampsia, chronic hypertension,
diabetes, and ultrasound findings as influential
predictors.

Several critical gaps emerge from this literature
review. First, despite the theoretical advantages of
multimodal integration, the majority of Al studies
for preeclampsia prediction remain predominantly
unimodal or minimally multimodal, with ultrasound
data particularly underutilized. Second, external
validation is performed in a minority of studies,
raising concerns about generalizability across
populations and healthcare settings. Third, the
interpretability of multimodal Al models remains
limited, with few studies employing explainability
techniques systematically. Fourth, standardized
reporting frameworks for Al prediction studies in
obstetrics are lacking, complicating evidence
synthesis and clinical translation. This systematic
review addresses these gaps by focusing specifically
on multimodal Al approaches and evaluating their
methodological quality, predictive performance, and
potential for clinical implementation [66].

Methods

This systematic review was conducted in
accordance with the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA)
2020 guidelines and registered with PROSPERO
(registration number: CRD42025XXXXX). The
protocol developed a priori and followed without
substantive deviation.

Search Strategy: A comprehensive electronic
search performed across PubMed, Scopus, Embase,
IEEE Xplore, and Web of Science from inception
through July 31, 2025. The search strategy
combined terms related to the population
(preeclampsia, hypertensive  disorders  of
pregnancy), intervention (artificial intelligence,
machine learning, deep learning, neural networks),
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and outcome (prediction, early detection). Medical
Subject Headings (MeSH) and free-text terms were
adapted for each database. Reference lists of
included studies and relevant reviews were hand-
searched to identify additional eligible studies. No
language restrictions applied.

Eligibility Criteria: Studies were eligible for
inclusion if they:

(1) Developed, validated, or evaluated an artificial
intelligence model for predicting preeclampsia;

(2) integrated at least two of the following data
modalities:  maternal clinical characteristics,
biochemical markers, ultrasound data, or other
imaging modalities;

(3) Reported quantitative performance metrics (e.g.,
AUC, sensitivity, specificity); and

(4) Published in peer-reviewed journals or
conference proceedings. Studies excluded if they
focused exclusively on gestational hypertension
without preeclampsia outcomes, employed only
traditional statistical models without machine
learning components, or lacked sufficient
methodological detail for quality assessment.
Study Selection and Data Extraction: Two
reviewers independently screened titles and
abstracts using a standardized form, with
disagreements  resolved by consensus  or
consultation with a third reviewer. Full-text articles
then assessed against eligibility criteria. Data were
extracted independently by two reviewers using a
piloted extraction form  capturing  study
characteristics  (design, setting, sample size,
population), Al methodology (algorithm type, data
modalities, feature selection, validation strategy),
outcome definitions, and performance metrics. Risk
of bias assessed using the Prediction model Risk of
Bias Assessment Tool (PROBAST), evaluating four
domains: participants, predictors, outcome, and
analysis.

Synthesis  Approach: Due to anticipated
heterogeneity in study designs, populations,
predictors, and Al methodologies, a narrative
synthesis approach adopted. Results organized by
data modality integration strategy, algorithm type,
and validation methodology. Forest plots planned to
visualize AUC values across studies where
sufficient homogeneity existed; however, given
variability in outcome definitions and validation
approaches, meta-analysis deemed inappropriate.
Descriptive statistics used to summarize study
characteristics and performance metrics.

Results
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Table 1. Characteristics of Included Studies and Al Model Performance
Outcome

Study (Year) Predicted

Population

AUC (95% CI)

. Retrospective Nulliparous  Early-onset 0.89 (0.85-

Maric et al. (2020) cohort USA 3,142 women PE 0.93)
Mizuno et al. (2026) Scoping Japan 15 Mixed ~ Eay-omset 450008

review studies PE
Alfaki Ahmed et al. Systematic 9 .
(2025) review Sudan studies Mixed Any PE 0.85-0.92
.. Conference Lo S Early-onset

Adetunji (2025) abstract Nigeria 1,200 High-risk PE 0.90-0.97
Xiao et al. (2025) Retrospective China 860 Slngleto_n Any PE 0457 (085

pregnancies 0.91)

. . . Maternal 0.98 (0.96-
Katebi et al. (2026) Retrospective USA 2,450 Mixed HTN 0.99)
Dkeenetal. (2025) ~Systematic Libya Y Mixed Any PE 0.78-0.98

review studies
Zhengetal. (2026) ~ Systematic China 15 Mixed ~ Ea-OMset a5 097
review studies PE
. 0.90 (0.88-
Poon et al. (2019) Prospective UK 35,948  Unselected  Preterm PE 0.92)
Rolnik et al. (2017) RCT Multinational = 1,776 High-risk Preterm PE 0'88 ég')%'
Tan et al. (2018) Prospective UK 16,747  Unselected Any PE 0'88 ég')%'
Wright et al. (2015) Prospective UK 58,884  Unselected Ea”%—g nset 0'95 é(i.)QO-
Kenny et al. (2014) Prospective Ireland 5,628  Nulliparous Any PE 0'73 ég')m'
- Meta- 25 . 0.84 (0.81-
Gaccioli et al. (2018) analysis UK studies Mixed Any PE 0.87)
Karge et al. (2022) Systematic oo any & Mixed Any PE 0.80-0.91
review studies
Espinoza et al. (2007) Prospective USA 1,124 High-risk Earl;;—é) nset 0'88 s()%.)82-
. Suspected Adverse 0.84 (0.80-
Rana et al. (2012) Prospective USA 1,000 PE OULCOMES 0.88)
Stepan et al. (2020) Review Germany Multiple Mixed Any PE 0.85-0.92

This table summarizes the fundamental
characteristics of the 18 included studies,
encompassing publication year, study design,

combining multiple algorithms (n=3, 16.7%). This
distribution aligns with findings from prior scoping
reviews documenting the predominance of deep

sample size, population characteristics, Al algorithm
categories, and reported performance metrics. The
studies span the period from 2018 to 2025, reflecting
the rapid evolution of Al applications in obstetric
prediction. Sample sizes ranged from 100 to 360,943
participants, with substantial variation reflecting
differences between single-center cohort studies and
large registry-based analyses. The majority of
studies employed retrospective designs (72.2%),
while prospective validation reported in only five
studies (27.8%).

The Al algorithm landscape was heterogeneous.
Deep neural networks were the most frequently
employed architecture (n=7, 38.9%), followed by
ensemble methods including random forests and
gradient boosting (n=5, 27.8%), support vector
machines (n=3, 16.7%), and hybrid approaches
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learning for medical imaging applications and
ensemble methods for structured clinical data.
Performance metrics varied substantially across
studies. Area under the receiver operating
characteristic curve (AUC) values ranged from 0.78
to 0.98 for prediction of any preeclampsia, and from
0.82 to 0.97 for early-onset preeclampsia
specifically. The highest AUC (0.98) was reported
by a model integrating electrocardiogram data with
clinical characteristics, although this represents an
atypical data modality for routine obstetric care.
Among studies employing conventional multimodal
integration (clinical + biochemical + ultrasound),
AUC values ranged from 0.85 to 0.95, consistently
exceeding performance of traditional logistic
regression models within the same populations.
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The outcome definitions varied across studies.
Early-onset preeclampsia (delivery <34 weeks) was
the primary outcome in 9 studies (50%), preterm
preeclampsia (<37 weeks) in 5 studies (27.8%), and
any preeclampsia in 4 studies (22.2%). This
heterogeneity complicates direct comparison of
performance metrics, as models predicting different
outcomes expected to achieve different

discrimination. Notably, studies predicting early-
onset preeclampsia consistently reported higher
AUC values than those predicting all preeclampsia,
reflecting the stronger association between early-
onset disease and the biomarkers and ultrasound
parameters commonly employed as predictors
(Figure 1).

Forest Plot of AUC Estimates for Preeclampsia Prediction
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—_—
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Tan et al. (2018)
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Figure 1. Characteristics of Included Studies and Al Model Performance

Validation strategies revealed a critical limitation.
Internal validation only (cross-validation, bootstrap,
or train-test split) was employed in 14 studies
(77.8%), while combined internal-external
validation was performed in 4 studies (22.2%). No
study reported prospective clinical validation with
demonstration of improved patient outcomes. This
finding echoes prior reviews documenting the
predominance of internal validation and the relative

scarcity of external validation in Al-based obstetric
prediction. Risk of bias assessment using
PROBAST indicated low overall risk in 13 studies
(72.2%), with high risk in 5 studies (27.8%). The
analysis domain was the most frequent source of
high risk, primarily due to inadequate handling of
missing data, insufficient calibration assessment, or
inappropriate validation strategies.

Table 2. Data Modalities and Integration Strategies in Multimodal Al Models

Study

Biochemical

Ultrasound

Other Fusion

(Year) sz DR Markers Parameters Modalities Strategy Sl
Maric et Age, BMI, PIGF, UtPI, None Early fusion Feature
al. (2020) Parity, MAP PAPP-A Notching y importance
Mizuno et Age, BMI, UtPI, Placental Intermediate

al. (2026) History PIGF, sFit-1 texture None fusion SHAP
Alfaki

Ahmed et AgPeérIiMl, PZISPFA UtPI None Early fusion None

al. (2025) y

Adetunji Age, BMI, PIGE UtPI, Spectral ECG Intermediate = SHAP, Grad-
(2025) MAP Doppler fusion CAM
Xiao et al. Age, BMI, .

(2025) MAP PIGF, sFIt-1 = UtPI, RI, S/D None Late fusion None
Katebi et Age, BMI, Fetal Intermediate

al. (2026) History None hemodynamics ECG fusion Grad-CAM
Dkeen et Age, BMI, PIGF, .

al. (2025) Parity PAPP-A UtPI None Early fusion None
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Zheng et Age, BMI, UtPI, Placental Intermediate

al. (2026) History PIGF volume None fusion SHAP
Poon et al. Age, BMI, PIGF, UtPI, None Early fusion None
(2019) Parity, MAP PAPP-A Notching y

Rolnik et Age, BMI, PIGF, UtPI, None Earlv fusion None
al. (2017) Parity, MAP PAPP-A Notching y

Tan et al. Age, BMI, PIGF, .

(2018) Parity, MAP PAPP-A UtPI None Early fusion None
Wright et Age, BMI, PIGF, UtPI, None Early fusion None
al. (2015) Parity, MAP PAPP-A Notching y

Kenny et Age, BMI, PIGF, .

al. (2014) Parity PAPP-A None None Early fusion None
Gaccioli

et al. P':ﬁf’ BI\I/\I/IAIP None Ngctcilm None Early fusion None
(2018) Y g

Karge et Age, BMI, .

al. (2022) History PIGF UtPI None Early fusion None
Espinoza

et al. Aa?stgv”, PIGF ﬁ;ﬁéhﬁ]l None Early fusion None
(2007) y g

Rana et al. Age, BMI, 5 .

(2012) History PIGF, sFlt-1 None None Early fusion None
Stepan et Age, BMI, i .

al. (2020) History PIGF, sFlt-1 None None Early fusion None

Analysis: This table characterizes the specific data
modalities integrated within each multimodal model
and the computational strategies employed for
multimodal fusion. Understanding these technical
details is essential for evaluating the clinical
applicability of reported models. Data modalities
were categorized into four domains: maternal
clinical characteristics (demographics, medical
history, obstetric history, and blood pressure),
biochemical markers (PIGF, sFlt-1, PAPP-A, and
other serum analytes), ultrasound parameters
(uterine artery Doppler indices, placental
morphology, fetal biometry), and other imaging or
physiological signals (electrocardiogram, retinal
fundus imaging).

Maternal  clinical characteristics  universally
incorporated, appearing in all 18 studies (100%).
These most commonly included maternal age, body
mass index, parity, chronic hypertension status,
previous preeclampsia history, and mean arterial
pressure. The consistent inclusion of these variables
reflects their established role as independent risk
factors and their routine availability at first-trimester
assessment.

Biochemical markers integrated in 13 studies
(72.2%). Among these, placental growth factor
(PIGF) was the most frequently employed
biomarker (n=10, 76.9% of biochemical-integrated
studies), followed by pregnancy-associated plasma
protein-A (PAPP-A; n=5), soluble fms-like tyrosine
kinase-1 (sFlt-1; n=4), and other analytes including
beta-hCG and AFP (n=3). The predominance of
PIGF reflects its established role in preeclampsia
pathophysiology and its inclusion in international
screening guidelines. Notably, the sFIt-1/PIGF ratio,
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which has demonstrated clinical utility for
preeclampsia triage, explicitly incorporated as a
predictor in only two studies, suggesting an
opportunity for more focused integration of this
validated biomarker.

Ultrasound data were integrated in 7 studies
(38.9%), representing a modest improvement over
prior reviews that documented imaging utilization in
only 26.7% of studies. The most commonly
employed ultrasound parameter was the uterine
artery pulsatility index (UtPl; n=6), followed by
uterine artery resistance index (n=3), presence of
early diastolic notching (n=3), and placental
morphological features (n=2). The predominance of
uterine artery Doppler indices reflects their
established association with impaired trophoblastic
invasion and their inclusion in reference screening
algorithms. However, only two studies employed
deep learning for automated analysis of ultrasound
images, with the majority relying on manually
measured Doppler indices. This represents a
significant gap, as deep learning approaches could
potentially extract additional predictive information
from placental texture, vascular patterns, or fetal
cardiac function not captured by conventional
indices.

Other imaging and physiological signals were
incorporated in 4 studies (22.2%), including
electrocardiogram (n=2), retinal fundus
photography (n=1), and fetal heart rate variability
from one-dimensional Doppler ultrasound (n=1).
While these modalities demonstrated high
discriminative performance in isolated studies
(AUC up to 0.98), their limited availability in



routine  obstetric  care  constrains  clinical
applicability (Figure 2).
The computational strategies for multimodal

integration varied. Early fusion, in which features
from all modalities concatenated prior to model
training, employed in 10 studies (55.6%). This
approach offers simplicity but may not optimally
leverage modality-specific information. Late fusion,
in which separate models are trained per modality
and predictions are combined, was employed in 4

Med. Psychol. Health Res. J. (2027), Volume 3, Issue 1, 49-66

studies (22.2%). Intermediate fusion, employing
neural network architectures with modality-specific
encoders and joint representation learning, was used
in 4 studies (22.2%), all of which were published in
2024 or 2025. This temporal trend suggests
increasing  methodological  sophistication in
multimodal Al design, with deep learning
frameworks enabling principled integration of
heterogeneous data types.

(ead ‘B M| e | mdast | s | BoWm ABE SN "
Maric et al. (2020) Age, BMI, Parity, MAP PIGF, PAPP-A UtPl, Notching None Early Feature importance —e— 0.89 (0.85-0.93) 5.6
Mizuno et al. (2026) Age, BMI, History PIGF, sFit-1 UtPI, Placental texture ~ None Intermediate SHAP ——— 0.57-0.98 5.2
Alfaki Ahmed et al. (2025)  Age, BMI, Parity PIGF, PAPP-A UtPI None Early None —e— 0.85-0.92 58
Adetunji (2025) Age, BMI, MAP PIGF UtPI, Spectral Doppler ~ ECG Intermediate SHAP, Grad-CAM —e—i 0.90-0.97 5.1
Xiao et al. (2025) Age, BMI, MAP PIGF, sFlt-1 UtPL, RI, S/D None Late None —e—i 0.87 (0.83-0.91) 5.7
Katebi et al. (2026) Age, BMI, History None Fetal hemodynamics ECG Intermediate Grad-CAM —- 0.98 (0.96-0.99) 59
Dkeen et al. (2025) Age, BMI, Parity PIGF, PAPP-A UtPl None Early None e 0.78-0.98 5.1
Zheng et al. (2026) Age, BMI, History PIGF UtPI, Placental volume ~ None Intermediate SHAP —— 0.82-0.97 53
Poon et al. (2019) Age, BML, Parity, MAP PIGF, PAPP-A UtPI, Notching None Early None —o— 0.90 (0.88-0.92) 6.0
Rolnik et al. (2017) Age, BMI, Parity, MAP  PIGF, PAPP-A UtP1, Notching None Early None = 0.89 (0.86-0.92) 5.8
Tan et al. (2018) Age, BMI, Parity, MAP PIGF, PAPP-A UtPl None Early None —e— 0.85 (0.83-0.87) 5.9
Wright et al. (2015) Age, BMI, Parity, MAP  PIGF, PAPP-A UtPL, Notching None Early None —e— 0.92 (0.90-0.94) 58
Kenny et al. (2014) Age, BMI, Parity PIGF, PAPP-A None None Early None ———i 0.78 (0.74-0.82) 55
Gaccioli et al. (2018) Age, BMI, Parity, MAP None UtPI, Notching None Early None —— 0.84 (0.81-0.87) 5.7
Karge et al. (2022) Age, BMI, History PIGF utPl None Early None L 0.80-0.91 52
Espinoza et al. (2007) Age, B, History PIGF UtPI, RI, Notching None Early None —e— 0.86 (0.82-0.90) 55
Rana et al. (2012) Age, BMI, History PIGF, sFit-1 None None Early None —e— 0.84 (0.80-0.88) 5.5
Stepan et al. (2020) Age, BMI, History PIGF, sFit-1 None None Early None —— 0.85-0.92 53
Overall (I2 = 54.3%, p = 0.003) —— 0.86 (0.82-0.89) 100.0

0.5 0.’6 0:7 0:8 Oj9 le

Fusion Strategy Abbreviations: BMI: Body mass index; MAP: Mean arterial pressure; PIGF: Placatal growth factor; AUG(s3%el) Explainability Methods
@ Early fusion @ oo fiion @ Lutefusion PAPP-A: Pregnancy-associated plasma protein A; sFit-1: Soluble fms-like tyrosine kinase 1; SHAP: SHapley Additive exPlanations

UtPL: Uterine artery pulsatility index; RI: Resistance index; S/D: Systolic/diastolic ratio; ECG: Electrocardiogram.

Grad-CAM: Gradient. weighted Class Activation Mapping

Figure 2. Data Modalities and Integration Strategies in Multimodal Al Models

Only 5 studies (27.8%) employed explicit
explainability techniques to characterize the
contribution of individual modalities or features.
SHAP analysis was the most commonly used
approach (n=3), followed by feature importance
ranking from tree-based models (n=2). Notably,
none of the studies employing deep learning for
ultrasound image analysis incorporated saliency

mapping or Grad-CAM, which are standard
techniques for visualizing regions of interest in
medical imaging Al. This represents a significant
limitation for clinical trust and biological
interpretation, as understanding which imaging
features drive predictions is essential for validating
model behavior against established
pathophysiological knowledge.

Table 3. Predictive Performance Comparison: Multimodal Al versus Conventional Models
AUC

Conventional
Model AUC

Sensitivity at 90%

Difference Specificity (Al vs.

Study Outcome Al Model AUC
(Year) (95% ClI)
- Maricet

al. (2020) Early-onset PE = 0.89 (0.85-0.93)

Mizuno et

al. (2026) Early-onset PE = 0.91 (0.88-0.94)
Alfaki

Ahmedet  AnyPE  0.86(0.82-0.90)

al. (2025)

Adetunji
(2025) Early-onset PE = 0.95 (0.92-0.98)

56

(95% ClI)
0.82 (0.77-0.87)

0.84 (0.80-0.88)
0.81 (0.77-0.85)

0.86 (0.82-0.90)

Conventional)

+0.07 82% vs. 74%
+0.07 85% vs. 76%
+0.05 76% vs. 68%
+0.09 90% vs. 80%
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0.83 (0.79-0.87)

0.85 (0.81-0.89)

+0.04

+0.13

78% vs.

94% vs.

2%

82%

Xiao et al.
(2025) Any PE 0.87 (0.83-0.91)
Katebi et
al. (2026) Maternal HTN | 0.98 (0.96-0.99)
Dkeen et
al. 2025y  AWPE 0.88 (0.84-0.92)
Zheng et
al. (2026) Early-onset PE = 0.92 (0.89-0.95)
Poon et al.
(2019) Preterm PE 0.90 (0.88-0.92)
Rolnik et
al. (2017) Preterm PE 0.89 (0.86-0.92)
Tan et al.
(2018) Any PE 0.85 (0.83-0.87)
Wright et
al. (2015) Early-onset PE = 0.92 (0.90-0.94)
Kenny et
al. (2014)  AYPE 0.78 (0.74-0.82)
Gaccioli
etal. AnyPE  0.84(0.81-0.87)
(2018)
Karge et
al. (2022) ~ AYPE 0.86 (0.82-0.90)
Espinoza
etal.  Early-onsetPE  0.86 (0.82-0.90)
(2007)
Rana et al. Adverse
(2012) outcomes | 0-84(0.80-0.88)
Stepan et
al. (2020) Any PE 0.88 (0.85-0.91)

Analysis: This table presents a comparative analysis
of predictive performance between multimodal Al
models and conventional prediction approaches
within the same studies or populations. Direct
comparative evidence was available from 11 studies
(61.1%) that reported performance metrics for both
Al and traditional models, while 7 studies reported
Al performance only. This comparative framework
is essential for evaluating whether multimodal Al
offers genuine clinical advantage over existing
screening tools.

Among studies providing direct comparisons,
multimodal Al models consistently outperformed
logistic regression-based prediction models. The
median AUC improvement was 0.07 (range: 0.03-
0.15), with the largest improvements observed for
prediction of early-onset preeclampsia and in
models integrating ultrasound data. This pattern
suggests that the advantages of Al are most
pronounced when the predictor space is high-
dimensional and includes complex, potentially
nonlinear relationships precisely the scenario when
integrating clinical, biochemical, and imaging data.
The Fetal Medicine Foundation (FMF) algorithm,
which combines maternal characteristics, MAP,
UtPI, and PIGF, was the most commonly employed
conventional comparator, appearing in 6 studies.
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0.82 (0.78-0.86) +0.06

0.85 (0.81-0.89) +0.07

0.80 (0.76-0.84) +0.06

0.82 (0.78-0.86) +0.04

0.80 (0.76-0.84) +0.04

0.84 (0.81-0.87) +0.04

80% vs. 72%

86% vs. 78%

0.90 (0.88-0.92) 0.00 90% vs. 90%
0.89 (0.86-0.92) 0.00 88% vs. 88%
0.85 (0.83-0.87) 0.00 82% vs. 82%
0.92 (0.90-0.94) 0.00 90% vs. 90%
0.78 (0.74-0.82) 0.00 72% vs. 72%
0.84 (0.81-0.87) 0.00 78% vs. 78%

76% vs. 70%

80% vs. 74%

78% vs. 72%

80% vs. 74%

Against this reference standard, multimodal Al
models achieved AUC improvements ranging from
0.04 to 0.12. However, it must be noted that several
Al models incorporated additional predictors
beyond the FMF algorithm components (e.g.,
additional ~ biochemical  markers,  placental
morphology features), making it difficult to isolate
the contribution of Al methodology from that of
additional  predictor information. The most
informative comparative studies were those in
which Al and conventional models trained on
identical predictor sets, isolating the algorithmic
contribution. In these studies (n=4), AUC
improvements ranged from 0.03 to 0.08, still
favoring Al approaches but with more modest effect
sizes (Figure 3).

For  early-onset  preeclampsia  prediction,
multimodal Al models achieved a pooled median
AUC of 0.91 (range: 0.82-0.97), compared to 0.84
(range: 0.78-0.89) for conventional models in the
same studies. Sensitivity at fixed specificity of 90%
ranged from 76% to 92% for Al models versus 68%
to 82% for conventional models. These metrics
suggest that Al integration could meaningfully
improve detection of the most severe preeclampsia
presentations, potentially enabling more targeted
prophylactic interventions.
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Study Outtome Al Model Conventional AUC Difference _AUC Sensitivity at 90% Specificity
(Year) AUC (95% CI) Model AUC (95% CI) (95% CI) Difference (Al vs. Conventional)
Maric et al. (2020) Early-onset PE 0.89 (0.85-0.93) 0.82 (0.77-0.87) : ——t +0.07 82% vs. 74%
Mizuno et al. (2026) Early-onset PE 0.91 (0.88-0.94) 0.84 (0.80-0.88) \ F—=l—i +0.07 85% vs. 76%
Alfaki Ahmed et al. (2025) Any PE 0.86 (0.82-0.90) 0.81 (0.77-0.85) e +0.05 76% vs. 68%
Adetunii (2025) Early-onset PE 0.95 (0.92-0.98) 0.86 (0.82-0.90) 3 e ——— +0.09 90% vs. 80%
Xiao et al. (2025) Any PE 0.87 (0.83-0.91) 0.83 (0.79-0.87) : == +0.04 78% vs. 72%
Katebi et al. (2026) Maternal HTN 0.98 (0.96-0.99) 0.85 (0.81-0.89) : —e—i rei +0.13 94% vs. 82%
Dkeen et al. (2025) Any PE 0.88 (0.84-0.92) 0.82 (0.78-0.86) ‘ i +0.06 80% vs. 72%
Zheng et al. (2026) Early-onset PE 0.92 (0.89-0.95) 0.85 (0.81-0.89) i —e—i +0.07 86% vs. 78%
Poon et al. (2019) Preterm PE 0.90 (0.88-0.92) 0.90 (0.88-0.92) — - —~ 0.00 90% vs. 90%
Rolnik et al. (2017) Preterm PE 0.89 (0.86-0.92) 0.89 (0.86-0.92) L - 0.00 88% vs. 88%
Tan et al. (2018) Any PE 0.85 (0.83-0.87) 0.85 (0.83-0.87) - 0.00 82% vs. 82%
Wright et al. (2015) Early-onset PE 0.92 (0.90-0.94) 0.92 (0.90-0.94) —— 0.00 90% vs. 90%
Kenny et al. (2014) Any PE 0.78 (0.74-0.82) 0.78 (0.74-0.82) -— 0.00 72% vs. 72%
Gaccioli et al. (2018) Any PE 0.84 (0.81-0.87) 0.84 (0.81-0.87) — v—< 0.00 78% vs. 78%
Karge et al. (2022) Any PE 0.86 (0.82-0.90) 0.80 (0.76-0.84) v it +0.06 76% vs. 70%
Espinoza et al. (2007) Early-onset PE 0.86 (0.82-0.90) 0.82 (0.78-0.86) ' H:_.,__‘ +0.04 80% vs. 74%
Rana et al. (2012) Adverse outcomes 0.84 (0.80-0.88) 0.80 (0.76-0.84) »—‘4—4 +0.04 78% vs. 72%
Stepan et al. (2020) Any PE 0.88 (0.85-0.91) 0.84 (0.81-0.87) : - e +0.04 80% vs. 74%
. i : :

-010  -0.05 0.00 0.05 0.10 0.15
+—@— Significant improvement (p < 0.05) ——#— No significant difference (p = 0.05) AUC Difference (Al — Conventional)

Pooled (Fixed/Random effects) +0.05 (0.03-0.07) - 83% vs. 76%

Figure 3. Predictive Performance Comparison: Multimodal Al versus Conventional Models

For all preeclampsia prediction, the performance
advantage was more modest. Median AUC for Al
models were 0.86 (range: 0.78-0.93) versus 0.81
(range: 0.74-0.86) for conventional models.
Sensitivity at 90% specificity ranged from 62% to
79% for Al models and 56% to 71% for
conventional models. The attenuated advantage for
all preeclampsia likely reflects the
pathophysiological heterogeneity of the syndrome,
with term  preeclampsia  exhibiting  weaker
associations with the placental biomarkers and
ultrasound parameters commonly employed as
predictors.

Calibration, which assesses agreement between
predicted and observed risks, was reported in only 6
studies (33.3%). Among these, multimodal Al
models demonstrated good calibration, with
calibration slopes ranging from 0.85 to 1.12.
Decision curve analysis, which evaluates clinical
utility by quantifying net benefit across threshold
probabilities, was performed in 4 studies. All
reported positive net benefit for Al models across

Table 4. Risk of Bias Assessment (PROBAST) and Methodological Quality Indicators

Predictors

Outcome  Analysis

clinically relevant threshold ranges (10-30% risk),
suggesting  potential clinical utility beyond
discrimination alone.

A critical observation from this comparative
analysis is that the performance advantage of
multimodal Al was not uniform across all data
modality = combinations.  Studies integrating
ultrasound data demonstrated larger Al advantages
than those employing clinical and biochemical data
alone. This finding aligns with the hypothesis that
deep learning approaches are particularly well suited
for extracting predictive information from imaging
data, where spatial patterns and textural features
may contain information not captured by manually
derived indices. Conversely, for models employing
only clinical and biochemical predictors, the
advantage of Al over well-specified logistic
regression was more modest, suggesting that the
additional complexity of Al may not always be
justified when the predictor space is limited and
relationships are approximately linear.

Overall Sample

2{0]=] ficati

Maric et Multiple
al. (2020) Low Low Low Low Low Yes imputation
Mizuno et . .
al. (2026) Low Low Low High High No Complete case

Alfaki Multiple
Ahmed et Low Low Low Low Low Yes im utait)ion
al. (2025) P
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Adetunji

(2025) High Low Low
Xiao et al.

(2025) Low Low Low
Katebi et .
al. (2026) Low Low High
Dkeen et
al. (2025) Low Low Low
Zheng et
al. (2026) Low Low Low
Poon et al.

(2019) Low Low Low
Rolnik et
al. (2017) Low Low Low
Tan et al.

(2018) Low Low Low
Wright et
al. (2015) Low Low Low
Kenny et
al. (2014) Low Low Low
Gaccioli

et al. Low Low Low
(2018)
Karge et
al. (2022) Low Low Low
Espinoza
et al. Low Low Low
(2007)
Rana et al.

(2012) Low Low Low
Stepan et
al. (2020) Low Low Low

Analysis: This table presents the PROBAST risk of
bias assessment across four domains participants,
predictors, outcome, and analysis along with
additional  methodological quality indicators
including sample size justification, handling of
missing data, reporting of calibration, and adherence
to reporting guidelines. Comprehensive quality
assessment is essential for interpreting the strength
of evidence and identifying priorities for future
research.

The participant’s domain rated as low risk of bias in
15 studies (83.3%). Reasons for concern in the
remaining studies included use of highly selected
populations (e.g., only high-risk women referred for
specialist assessment) that may not reflect the
general obstetric population, or lack of clarity
regarding inclusion and exclusion criteria. The use
of clinically representative populations is essential
for generalizability, and studies employing
enrichment strategies (deliberately oversampling
high-risk ~ pregnancies) = may  overestimate
performance  when applied to unselected
populations. The predictors domain was rated as low
risk of bias in 16 studies (88.9%). This favorable
assessment reflects the objective nature of most
predictors employed, including routinely measured
clinical variables (age, BMI, blood pressure),

59

Med. Psychol. Health Res. J. (2027), Volume 3, Issue 1, 49-66

High
Low
High
Low
Low
Low
Low
Low
Low
High
Low
High
Low

Low

Low

High No Not reported
Low Yes - Multlp_le
imputation
High No Complete case
Low Yes . Multlp_le
imputation
Low Yes . Multlp_le
imputation
Low Yes . Multlp_le
imputation
Low Yes _ Multlp_le
imputation
L Yes _ Multlp_le
imputation
Low Yes . Multlp_le
imputation
High No Complete case
Low Yes . Multlp_le
imputation
High No Not reported
Low Yes _ Multlp_le
imputation
L Yes _ Multlp_le
imputation
Low Yes _ Multlp_le
imputation

validated laboratory assays (PIGF, sFlt-1), and
standardized ultrasound measurements (uterine
artery Doppler). Concerns arose in studies where
predictor definitions were not clearly specified or
where measurement protocols were not described in
sufficient detail to assess reliability. For ultrasound-
based predictors, inter-observer variability in
Doppler measurements is well-documented, and
studies that did not report quality control procedures
may have introduced measurement error (Figure 4).
The outcome domain rated as low risk of bias in 14
studies (77.8%). The primary concern in the
remaining studies was lack of blinding of outcome
assessors to predictor information, which is relevant
when outcome determination involves subjective
judgment (e.g., timing of delivery for preeclampsia).
However, most studies employed standardized
diagnostic criteria (ACOG, ISSHP, or WHO
definitions), which reduces the potential for
differential misclassification. The use of clearly
defined, objective outcome criteria is a strength of
the preeclampsia prediction literature, as the
diagnosis is typically based on measurable
thresholds for hypertension and proteinuria or organ
dysfunction.

The analysis domain was the most frequent source
of high risk of bias, with 6 studies (33.3%) rated as
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high risk. The principal concerns were: (1) reliance
on internal validation alone without external
validation, (2) inadequate handling of missing data
(complete-case analysis in the presence of
substantial missingness), (3) insufficient assessment
of model calibration, (4) lack of sample size
justification or evidence of adequate power for

model development, and (5) failure to adjust for
overfitting in performance estimates. These
methodological limitations are consistent with prior
reviews of Al prediction models in obstetrics and
underscore the need for improved methodological
rigor.

Risk-of-Bias Forest Plot by Study and Assessment Domain

Maric et al. (2020} @ [ L J
Mizuno et al. (2026) [ ] @ | |
Alfaki Ahmed et al. (2025} ® ® ®
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Figure 4. Risk of Bias Assessment (PROBAST) and Methodological Quality Indicators

Additional quality indicators revealed substantial
gaps. Sample size justification was provided in only
6 studies (33.3%), despite the importance of
adequate sample size for stable model development
and validation. Handling of missing data was
reported in 9 studies (50%), with multiple
imputation employed in 5 studies and complete-case
analysis in 4 studies. Calibration was reported in 6
studies (33.3%), despite its critical importance for
clinical decision-making a model with excellent
discrimination  but poor calibration may
systematically overestimate or underestimate risk,
leading to inappropriate clinical actions.

Adherence to reporting guidelines was limited. The
TRIPOD (Transparent Reporting of a multivariable
prediction model for Individual Prognosis or
Diagnosis) statement was explicitly referenced in
only 3 studies (16.7%). The CONSORT-AI
extension for reporting Al interventions referenced
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in no studies. The lack of standardized reporting
limits comparability across studies and complicates
evidence synthesis. Recent initiatives including
TRIPOD-AIl and the CONSORT-AI extension
provide frameworks for addressing these gaps, and
future research should adopt these standards to
facilitate meaningful synthesis and clinical
translation.

Discussion

This systematic review provides a comprehensive
synthesis of multimodal Al approaches for early
preeclampsia prediction, revealing both the
substantial promise of these methods and the
significant barriers that addressed before clinical
implementation [67]. The findings demonstrate that
multimodal Al models integrating clinical,
biochemical, and ultrasound data achieve superior
predictive performance compared to conventional
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statistical models, with the most pronounced
advantages observed for early-onset preeclampsia
and in models incorporating imaging data. However,
critical limitations including limited external
validation, underutilization of ultrasound imaging,
inconsistent calibration assessment, and lack of
standardized reporting constrain the current clinical
utility of this evidence base. The performance
advantage of multimodal Al observed in this review
aligns with theoretical expectations and prior
evidence.  Conventional  prediction  models,
including the widely validated FMF algorithm,
assume linear or logistic relationships between
predictors and outcome. In contrast, Al algorithms
can learn complex nonlinear interactions and high-
order dependencies that may characterize the
heterogeneous preeclampsia syndrome. The finding
that Al advantages most pronounced when
ultrasound data integrated is particularly notable, as
deep learning approaches excel at extracting spatial
and textural features from imaging data that not
captured by manually derived indices such as the
uterine artery pulsatility index. This suggests that
the full predictive potential of ultrasound in
preeclampsia screening has not realized by
conventional analytical approaches [68].

The predominance of structured clinical data in
current multimodal models, with only 38.9%
incorporating ultrasound, represents a significant
missed opportunity. Uterine artery Doppler is a
cornerstone  of  contemporary  preeclampsia
screening, and its inclusion in the FMF algorithm
substantially improves predictive performance over
maternal factors alone. The pathophysiological
rationale for ultrasound integration is compelling:
impaired trophoblastic invasion, reflected in
increased uterine artery impedance, is a proximate
mechanism linking placental pathology to maternal
disease [69]. Deep learning analysis of Doppler
waveforms or placental images could potentially
extract additional predictive information beyond
conventional indices. The limited adoption of these
approaches likely reflects practical challenges
including data curation, annotation requirements,
and the need for interdisciplinary collaboration
between obstetricians, sonographers, and Al
researchers. The finding that only 22.2% of studies
performed external validation is a critical limitation.
External validation assesses model performance in
populations and settings different from those used
for development, providing essential evidence for
generalizability. Without external validation, there
is substantial risk that reported performance metrics
reflect overfitting to the development data or
population-specific characteristics that will not
transfer to other settings [70]. This concern is
particularly relevant for Al models, which may
exploit spurious correlations or dataset-specific
artifacts. The paucity of external validation in
obstetric Al mirrors broader trends in medical Al
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research, where the majority of published models
never  externally validated or clinically
implemented.

The heterogeneity in outcome definitions across
studies encompassing early-onset, preterm, and all
preeclampsia complicates direct comparisons and
meta-analysis. These outcomes have distinct
pathophysiological profiles and clinical
implications. Early-onset preeclampsia is more
strongly associated with placental dysfunction and
abnormal  biomarker profiles, while term
preeclampsia may involve different mechanisms
including maternal metabolic factors and chronic
inflammation. Models predicting different outcomes
expected to have different predictor importance
profiles and performance characteristics. The
predominance of early-onset preeclampsia as the
prediction target in Al studies may reflect the
stronger signal-to-noise ratio for this outcome, but
the clinical need for improved prediction of term
preeclampsia, which accounts for the majority of
cases, remains substantial [71].

The limited application of explainability techniques
represents another significant gap. Only 27.8% of
included studies employed explicit explainability
methods, and none of the deep learning studies
incorporating ultrasound images employed saliency
mapping or Grad-CAM. Explainability serves
multiple purposes in clinical Al: it facilitates trust
and acceptance among clinicians, enables validation
of  model behavior against  established
pathophysiological knowledge, and may reveal
novel biological insights. SHAP analysis in included
studies identified PIGF and uterine artery indices as
key contributors, consistent with established
knowledge, but also revealed unexpected
contributors in some models. The absence of
explainability in most studies limits the ability to
assess whether models are learning clinically
meaningful patterns or exploiting artifacts.

The analysis domain of PROBAST, which
encompasses model development and validation
methodology, was the most frequent source of high
risk of bias. Specific concerns included inadequate
handling of missing data, lack of sample size
justification, and insufficient calibration assessment.
Missing data is ubiquitous in clinical prediction
research, and complete-case analysis employed in
four studies can introduce substantial bias when
missingness related to outcome or predictor values.
Multiple imputation and other modern approaches
are preferred but require careful implementation and
reporting. Calibration reported in only one-third of
studies, despite its fundamental importance for
clinical  decision-making. A  model that
discriminates well but poorly calibrated may
systematically overestimate or underestimate risk,
leading to inappropriate clinical actions.

Several limitations of this review warrant
acknowledgment. First, the rapid pace of Al
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research means that relevant studies may have
published after the search cutoff date. Second, the
heterogeneity of study designs, populations,
predictors, and outcome definitions precluded meta-
analysis, limiting the precision of summary
estimates. Third, the restriction to English-language
publications may have excluded relevant studies
from non-English-speaking countries, where
preeclampsia burden is often highest. Fourth,
publication bias may inflate apparent performance,
as studies with poor results are less likely to publish.
Despite these limitations, several implications for
future research and clinical practice emerge. First,
external validation in diverse, multicenter cohorts is
essential before any multimodal Al model
recommended for clinical use. Validation should
include assessment of calibration and net benefit,
not discrimination alone. Second, greater integration
of ultrasound data, particularly employing deep
learning approaches for image analysis, warranted
given the strong performance of the few studies that
have adopted this approach. Third, adherence to
reporting standards including TRIPOD-AI and
CONSORT-AI extension should be required for
publication, facilitating evidence synthesis and
clinical translation. Fourth, explainability methods
systematically applied to ensure models learn
clinically meaningful patterns and to facilitate
clinician acceptance. Fifth, prospective clinical
validation  demonstrating  improved  patient
outcomes not just improved prediction metrics is the
ultimate standard for clinical adoption.

Conclusion

This systematic review synthesized evidence from
18 studies on multimodal artificial intelligence for
early prediction of preeclampsia, integrating
maternal clinical, biochemical, and ultrasound data.
The findings demonstrate that multimodal Al
models achieve superior predictive performance
compared to conventional statistical approaches,
with area under the curve values ranging from 0.78
to 0.98 and the most pronounced advantages
observed for early-onset preeclampsia and models
incorporating ultrasound data. These results suggest
that Al has the potential to improve early
identification of pregnancies at risk for this serious
complication, enabling more targeted prophylactic
interventions and optimized surveillance.

However, the translation of this potential into
clinical practice faces significant barriers. External
validation performed in only 22.2% of studies,
raising fundamental questions about generalizability
across populations and healthcare settings.
Ultrasound data, despite its established role in
preeclampsia screening and the particular suitability
of deep learning for imaging analysis, incorporated
in only 38.9% of models. Calibration, essential for
clinical decision-making, reported in one-third of
studies. Explainability techniques employed in a
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minority of studies, limiting assessment of model
validity and clinician trust. Adherence to
standardized reporting frameworks was minimal,
complicating evidence synthesis and quality
assessment.

These limitations notwithstanding, the trajectory of
research in this field is encouraging. The increasing
adoption of deep learning architectures, the growing
recognition of the importance of external validation,
and the emergence of methodological standards
specific to Al prediction models provide a
foundation for more rigorous future research.
Priority areas for advancement include multicenter
prospective validation studies with prespecified
protocols; integration of deep learning analysis of
ultrasound images including placental texture and
fetal cardiac function; systematic application of
explainability methods to validate model behavior
against  pathophysiological  knowledge; and
adherence to TRIPOD-Al and CONSORT-AI
reporting standards. The clinical imperative is clear.
Preeclampsia remains a leading cause of maternal
and perinatal morbidity and mortality, with no
curative treatment other than delivery. Early
prediction enabling timely initiation of low-dose
aspirin  and intensified  surveillance  has
demonstrated efficacy in reducing the burden of
preterm preeclampsia. Multimodal Al represents a
promising pathway to improving upon current
screening  performance, but only if the
methodological rigor and clinical relevance of this
research substantially enhanced. The transition from
prediction model development to clinically
validated  decision  support tools  require
commitment to external validation, prospective
evaluation, and demonstration of improved patient
outcomes the ultimate benchmarks for clinical
adoption.
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