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ABSTRACT

Background: Adverse maternal and perinatal outcomes are still important causes of morbidity and mortality in the world. Early accurate risk
stratification can enhance antenatal care and achieve better pregnancy outcomes. This study set out to create and externally validate an explainable
artificial intelligence (AI) based personalised risk assessment tool for predicting adverse maternal and perinatal outcomes.

Materials and methods: Between 2020-25, a multicenter retrospective cohort study of 5,248 pregnant women was carried out. Data regarding
demographic, clinical, obstetric, laboratory and fetal assessment parameters were retrieved from electronic medical records. The primary outcome
was composite outcome which amounted to preeclampsia, gestational diabetes mellitus, preterm delivery, fetal growth restriction, still birth, admission
to the neonatal intensive care unit and perinatal death. Logistic regression, random forest, neural network and XGBoost models were created and
evaluated. Both internal and external validation was carried out. SHAP analysis was used to measure the interpretability of models.

Results: There were 1,162 pregnancies with adverse outcomes (22.1%). XGBoost demonstrated the best performance with an AUROC of 0.914 (95%
CI: 0.899-0.928), sensitivity of 87.6%, specificity of 86.9%, and F1-score of 0.84. Fetal growth parameters, previous preeclampsia, fasting plasma
glucose, body mass index, maternal age and systolic blood pressure were the most influential predictors. External validation demonstrated excellent
AUROC (0.908) and slope (0.96) measures of discrimination and calibration, respectively.

Conclusion: The interpretable model built with artificial intelligence was able to successfully forecast adverse maternal and perinatal outcomes, and
had high generalizability. It could be combined into the regular antenatal manager to help tailor risk stratification and preventive measures.
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INTRODUCTION

While there have been large strides in obstetric health care
in the last few decades, serious maternal and perinatal
outcomes greatly contribute to mortality and morbidity
worldwide. The World Health Organization (WHO)
reports that in 2023, an estimated 260,000 women died
due to pregnancy-related and childbirth-related
complications, most of which (90%) occurred in low- and
middle-income countries.!""?! Apart from maternal death,
millions of pregnancies are plagued each year with
complications of preeclampsia, gestational diabetes
mellitus, preterm births, fetal growth restriction, stillbirths
and neonatal morbidity, which has been a burden on
healthcare systems and families worldwide.*!
Identification of women with higher risk for adverse
outcomes early allows for timely preventive
interventions, optimal antenatal care and better maternal
and neonatal outcomes. The traditional risk assessment
methods involve mainly demographic factors, obstetric
history and clinicians' judgments. All these techniques
have some value but the predictivity of these techniques
is often confined as pregnancy risk factors are complex
and multifactorial in nature involving interactions
amongst maternal, fetal, clinical, laboratory, and socio-
economic factors.! There is therefore a growing need for
better methods to predict the outcome of a disease or an
event, which will incorporate large amounts of disparate
clinical data, on personalised bases as described in,[®7]
the fields of Artificial Intelligence (AI) and machine
learning (ML) have recently undergone significant
developments that have given rise to new, powerful
predictive analytics capabilities in healthcare. The Al
algorithms can uncover hidden patterns and relationships
in large datasets, such as nonlinear relationships, which
traditional statistical methods might miss. The use of
machine learning models for prediction of pregnancy

outcomes, such as preeclampsia, gestational diabetes,
cesarean delivery, and preterm birth, was found to be
rising, with the models being able to assist in better risk
prediction as well as in clinical decision making,
including those for interventions such as cesarean
delivery and delivery at home.!®*! Likewise, interpretable
machine learning models have proven effective and have
demonstrated the ability to be translated and clinically
interpretable, particularly when it comes to overall
implementation in obstetrics.1%!1]

Nevertheless, more recently, predictive models have been
developed for particular forms of pregnancy
complications, including, in particular, hypertension and
preeclampsia, whose discrimination outperforms that of
the traditional regressions-based methods.['>!¥] Many
current models, however, have limited extrapolation over
external sample sets, are either machine-specific (e.g.,
certain used in e-learning), or are “black-box” (only
providing some explanation to the general nature of the
risk they predict — limited explanations for individual risk
prediction). These constraints may hinder their use in
typical clinical trials in which being transparent, reliable,
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and having time for individualized risk communication is
critical.

The present study was underpinned with the aims of
creating and validating a model for personalized risk
assessment that predicts adverse obstetric and neonatal
outcomes based on routine clinical information, and
explainable Al. This machine-learning powered model
aims to assist healthcare providers in making accurate
predictions and improve patient care by linking advanced
machine learning models with a predictive framework
that can be understood by a doctor.

MATERIALS AND METHODS

Study design and Population

The data was collected from secondary and tertiary level
healthcare centers, and pregnant women who accessed
antenatal care and delivered within the period of January
2020 to December 2025 were included in this study. The
study included all women who had completed maternal,
obstetric, laboratory and neonatal records who were >18
years of age. Pregnancy outcomes with major fetals
congenital anomaly (MCA) were excluded, as were fetals
from multifetal reduction (MFR) procedures and fetals
with incomplete outcome data. The study design was
approved by the Institutional Ethics Committee with all
the procedures carried out under the Helsinki Declaration.
Patient data were anonymized prior to analysis.

Data Collection and Outcome Measures

Our data were extracted from the electronic medical
records of routine demographic and clinical, obstetric,
laboratory and ultrasound data routinely collected as part
of the typical antenatal management of pregnancy.
Maternal age, BMI, parity, history of previous pregnancy,
comorbidities, blood pressure measurements, laboratory
indices and fetal assessment factors were candidate
predictors. Our main outcome was a composite:
preeclampsia, gestational hypertension, gestational
diabetes mellitus, preterm delivery (less than 37 weeks),
fetal growth restriction, stillbirth, admission to a NICU or
perinatal death.

Al model Development

The data was split into a training set consisting of 70%
and 10% testing set. Artificial Intelligence Model
Development: The dataset was split randomly into
training (70%) and testing (30%). To deal with missing
data, multiple imputation was used. Various machine-
learning methods were designed and tested, such as
logistic regression, a random forest, extreme gradient
boosting (XGBoost) and an artificial neural network.
Recorders feature elimination combined with variable

importance were used for feature selection. The
explainability characteristics of the models were
evaluated with Shapley Additive Explanations (SHAP)
accounting for the most significant predictors that were
aggregated to individual risk estimates.

Statistical Analysis and Model Validation

Continuous variables were presented as meantstandard
deviation or median (interquartile range) and categorical
variables were presented as numbers and percentages. The
area under the receiver operating characteristic curve
(AUROC), sensitivity, specificity, positive predictive
value, negative predictive value, calibration plots and F1-
score were used for model evaluation. Both internal (10-
fold cross-validation) and external (an independent cohort
at a different healthcare center) validations were carried
out. All statistical computations were carried out with R
(version 4.4.0) and Python (version 3.12). Two-sided p
value < 0.05 was regarded statistically significant.

RESULTS

A significant difference was noted in maternal
demographic and clinical characteristics as shown in
[Table 1], whereby maternal age, BMI, blood pressure
(BP) and the number of maternal comorbidities were
higher in adverse outcome group. As can be seen in [Table
2], XGBoost provides the highest predictive performance
as compared with the other algorithms evaluated, with
high discrimination, sensitivity, specificity, and
calibration. Systolic blood pressure, maternal age, BMI,
fasting glucose, and prevalence of preeclampsia were
found to be the most influential predictor in the AI model
according to the [Table 3].

The results in [Table 4] illustrate adequate risk
stratification, with adverse outcome rates significantly
rising across the low-, intermediate-, and high-risk
groups; and the results in [Table 5] show excellent
external validation results and model generalizability
across independent cohorts.

The AI model demonstrated higher net clinical benefit
than treat-all and treat-none strategies at clinically
relevant risk thresholds as illustrated in [Figure 1].
[Figure 2] shows excellent calibration, and reliability of
the individualized risk estimate, with good agreement
between the predicted and observed risks. As gestation
advanced the discrimination of the model progressed, as
shown in [Figure 3], with AUROC getting larger from
early to late gestation. This finding has confirmed and
highlighted the value of dynamic and longitudinal risk
prediction in antenatal care.

Table 1: Baseline Characteristics of the Study Cohort

Variable No Adverse Outcome (n=4,086) Adverse Outcome (n=1,162) p-value
Maternal age (years) 289+54 324458 <0.001
BMI (kg/m?) 25.1+43 292451 <0.001
Nulliparity, n (%) 1,568 (38.4) 578 (49.7) <0.001
Chronic hypertension, n (%) 276 (6.8) 216 (18.6) <0.001
Pre-existing diabetes, n (%) 164 (4.0) 124 (10.7) <0.001
Previous cesarean section, n (%) 982 (24.0) 362 (31.2) <0.001
Smoking during pregnancy, n (%) 341 (8.3) 158 (13.6) <0.001
Mean systolic BP (mmHg) 116.4+10.2 128.1£13.7 <0.001
Table 2: Comparative Performance of Prediction Models in the External Validation Cohort
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Model AUROC (95% CI) Sensitivity (%) Specificity (%) F1 Score Brier Score
Logistic Regression 0.811 (0.789-0.832) 74.3 77.1 0.69 0.156
Random Forest 0.867 (0.848—0.885) 80.5 81.7 0.76 0.131
Neural Network 0.881 (0.864-0.898) 82.2 83.4 0.78 0.124
XGBoost 0.914 (0.899-0.928) 87.6 86.9 0.84 0.098

Table 3: Top Predictors Contributing to Model Performance

Rank Predictor Mean Absolute SHAP Value
1 Systolic blood pressure 0.248
2 Maternal age 0.219
3 Body mass index 0.196
4 Fasting plasma glucose 0.183
5 Previous preeclampsia 0.171
6 Estimated fetal weight percentile 0.149
7 Nulliparity 0.132
8 Hemoglobin level 0.114
9 Serum creatinine 0.102
10 Gestational age at assessment 0.095

Table 4: Clinical Risk Stratification Performance

Risk Category Predicted Probability Patients (n) Adverse Outcomes n (%)
Low Risk <10% 2,104 96 (4.6)

Intermediate Risk 10-30% 1,884 347 (18.4)

High Risk >30% 1,260 719 (57.1)

Table 5: External Validation Metrics

Validation Metric Value
AUROC 0.908
Calibration slope 0.96
Calibration intercept 0.03
Brier score 0.101
Hosmer—Lemeshow »? 6.82
Hosmer—Lemeshow p-value 0.556
Net Reclassification Improvement 0.214
Integrated Discrimination Improvement 0.118
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Figure 3: Temporal Model Performance Across Gestation

DISCUSSION

The present study created and externally validated a class
of models based on explainable artificial intelligence that
can be used to predict adverse maternal and perinatal
outcomes in a personalised manner. The predictive
performance of the modeling was excellent (AUROC
0.914) with high sensitivity (87.6%) and with robust
calibration in the independent cohorts. The results
reinforce the significance of Al-powered clinical decision
support systems in the field of obstetric risk assessment
and personalized prenatal care.

The results are also in line with the systematic review by
Islam et al,!!! that showed the machine learning algorithms
are often superior to the traditional statistical approaches
in predicting adverse pregnancy outcomes due to the
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complex and nonlinear relationships between the clinical
variables. Likewise, Arain et al,l'% came to the same
conclusion that machine learning methods yield better
predictive values compared to older regression methods
for prediction for different types of obstetric diseases. The
present study demonstrated that XGBoost worked much
better than logistic regression, reinforcing the potential
benefits of the use of complex machine learning models
in the prediction of maternal-fetal risks.

The high discrimination we found is similar to the results
reported in,”) where Lee et al. introduced interpretable
machine learning models for adverse perinatal outcomes,
and showed that it is possible to achieve high prediction
performance using explainable algorithms without
sacrificing clinical transparency. Similarly, Bosschieter et
al,”! highlighted the key role of interpretable predictive
models in obstetrics, stating that explainability tools
enhance clinicians trust and enables their implementation
into clinical practice. The same factors emerged in our
SHAP analysis as highly influential for the personal
prediction of risk: systolic blood pressure, maternal age,
BMI, fasting glucose and previous preeclampsia.

Among our group, one of the most significant factors
associated with poor outcomes was hypertensive
disorders. This finding is similar to the results of the
systematic review and meta-analysis done by Bucher et
al,’l who found that markers of hypertensive disease in
the mother and indicators of maternal blood pressure still
represent one of the most potent predictors of maternal
and neonatal adverse outcomes. Moreover, Thilaganathan
and Kalafat,™ noted that cardiovascular maladaptation is
a major determinant in the pathophysiology of
preeclampsia and related maternal complications. These
biological mechanisms are supported by the high
predictive importance of systolic blood pressure obtained
in our model. The other biennial risk factors for
metabolism also played significant roles in the models.
Among the top factors which were found to be best
predictors by SHAP analysis are elevated BMI and fasting
glucose levels. The results of this study echo those from
previous research by Parker et al,l'”? who showed that
modulation of cardiometabolic risk factors early in
pregnancy could decrease the magnitude of a pregnant
woman's complications. Likewise, the use of biochemical
and biomarker-based methods also enhance prediction of
adverse outcomes during high-risk pregnancies,
especially for preeclampsia was noted by Lim et al.l’!
Clinically important because the robust ability that our
model has to be highly informative about the risk
stratification. Among the high risk women, there was an
over 12-fold higher likelihood of adverse outcomes than
among the low risk women. Similar studies have been
found by Cersonsky et al,l'¥l which successfully applied
machine learning strategies to recognize pregnancies at
high risk of stillbirth. Similarly, Powel et al,s! showed that
subtle fetal growth abnormalities are associated with
increased perinatal risk, which justified the adoption of
assessment variables of the fetus as criteria to be included
in predictive algorithms.

Al is showing its growing applications in the field of
obstetrics, as reflected in recent literature. The use of Al
in obstetrics and midwifery for screening, diagnosing and

predicting disease has become a trending topic for several
studies,!”! that have studied the phenomenon. Likewise,
machine learning models have been created to predict
adverse pregnancy outcomes for women with APS,®!
underlining the diverse and adaptable nature of Al
approaches in other obstetric populations. In addition, our
findings are corroborated by a study by Vasudevan et al.,
indicating that machine learning models trained with EHR
data have significant potential to predict maternal
mortality and morbidity in the real world.

Through a multi-model framework that combines high
prediction accuracy, explainable machine learning
architecture, external validation and clinically meaningful
risk stratification, our study builds upon the existing
literature. It differs from other previous models that
concentrated only on single events or were inadequately
validated by the inclusion of a validation population. The
present model is different from other models used prior,
which had limited validation and consisted only of single
events or variables, or of lack of validation. These features
could help toward integrating them in electronic medical
record systems and towards personalized obstetric care
pathways in the future.

Limitations

There are a few points to note. Firstly, retrospective
design may have selection and information bias. Second,
external validation was conducted, but, before taking to
scale, crosscountry and cross-healthcare system
validation is needed. Third, the model was based on
commonly-used clinical parameters, with no advanced
genomic, proteomic, or continuously-contributed
wearable-device information that could help the model to
work better. Finally, future clinical impact studies should
be conducted to understand how a model implemented in
clinical practice can improve maternal and neonatal
outcomes, even in the face of the application of
explainable Al techniques.

CONCLUSION

The present study developed and external validated an
explainable artificial intelligence based personalized risk
assessment model for predicting adverse maternal and
perinatal outcomes, therefore successfully. The XGBoost
model achieved strong predictive accuracy, good
calibration, and a good clinical risk stratification, and the
most significant predictors are the patient's age, BMI, the
fasting blood glucose level, as well as previous cases of
hypertension. The model combines routine antenatal data
with interpretable machine learning tools to deliver
precise personalised estimates of risk and could help to
identify those who are at risk of developing antenatal
complications, optimise antenatal monitoring and enable
targeted interventions to prevent problems in pregnancy.
There is need for further prospective multicenter studies
to assess and report upon its practical application in the
real world and its incorporation into EHR-supported
decision-support processes.
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