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Abstract
Background: Maternal outcomes remain inequitable worldwide. Severe morbidity persists, and current risk assessment tools
are largely arbitrary, focusing on biomedical factors while overlooking social determinants of health. There is a need for
data-driven AI models to improve early pregnancy risk identification and management.
Objective: The study aimed to develop and internally validate first-trimester AI-based antenatal risk assessment models
across three geographically and socioethnically diverse populations (Sweden, Chile, and Singapore) and to compare their
performance with existing clinical risk assessment strategies.
Methods: We conducted a retrospective population-based study using routinely collected first-trimester data from over
700,000 pregnancies from Sweden, Chile, and Singapore. Separate machine learning models predicting a composite of
adverse maternal and neonatal outcomes were trained and internally validated for each population. Input variables were
limited to information available at or before 14 weeks’ gestation. Model discrimination, measured by the area under the
receiver operating characteristic (AUROC) curve, was compared with corresponding proxies for real-world first-trimester risk
assessment approaches in each setting. Model interpretability was assessed using Shapley additive explanations.
Results: The prevalence of the composite adverse outcome was 10.40% (75,647/727,354) in Sweden, 21.94% (1302/5934)
in Chile, and 16.25% (6145/37,813) in Singapore. In Sweden, the guideline-based risk assessment achieved an AUROC of
0.53, compared with 0.65 for the LightGBM (light gradient boosting machine) model (P<.001). In Chile, the midwifery-led
risk assessment achieved an AUROC of 0.52, versus 0.65 from the traditional machine learning LightGBM model (P<.001).
In Singapore, the health care professional–based risk assessment reached an AUROC of 0.56, compared with 0.60 for the
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LightGBM model (P<.05). In the Swedish and Singapore cohorts, sociodemographic variables were among the most influential
predictive features. At a false-positive rate of 50.0%, the sensitivities for predicting the primary composite adverse outcome
were 69.17%, 69.62%, and 64.93% for the Sweden, Chile, and Singapore models, respectively. At a 30.0% false-positive rate
operating point, the sensitivities were lower, at 50.38%, 55.38%, and 44.75%, respectively, but with higher positive predictive
values of 16.31%, 34.53%, and 22.32%, respectively. The model calibration plots showed reasonable agreement in Sweden
and Singapore, whereas the Chile model showed poorer calibration, with a calibration slope of approximately 1.45, indicating
underconfidence.
Conclusions: AI-based models developed using first-trimester data generally demonstrated improved performance compared
with existing first-trimester clinical risk stratification strategies across three distinct populations. These findings suggest the
potential feasibility of population-specific, AI-enabled risk stratification as a clinical decision support tool and highlight the
potential value of integrating social, demographic, and behavioral determinants into antenatal risk assessment frameworks to
support more equitable and personalized antenatal care.

J Med Internet Res 2026;28:e88450; doi: 10.2196/88450
Keywords: machine learning; obstetrics and gynecology; antenatal care; risk predictions; antenatal risk stratification; adverse
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Introduction
Ensuring a safe and healthy pregnancy remains a corner-
stone of global health, carrying profound implications for the
well-being of women, children, and broader society. Despite
advances in medical care, significant disparities in maternal
outcomes persist, preventable complications continue to pose
challenges across diverse health care systems, and mater-
nal mortality remains a critical public health concern [1,
2]. However, severe maternal morbidity (SMM) is arguably
an equally, if not more, important indicator of the quality
of maternity care, particularly in countries with relatively
low maternal mortality ratios or small geographical popu-
lations [3]. For every maternal death, many more women
experience serious, life-threatening conditions related to
pregnancy and childbirth, with major obstetric hemorrhage
and severe hypertensive disorders being the leading causes.
Alarmingly, between 2000 and 2020, the maternal mortality
ratio stagnated in 133 countries and increased substantially in
17, while SMM complicated up to 8% of hospital deliveries
[4,5]. Reviews of maternal deaths and SMM cases consis-
tently indicate that the majority are potentially preventable.
Failure to identify cases as high risk, delays in diagnosis,
and subsequent delays in treatment each contributed to the
maternal deaths [6-8]. These concerning trends underscore
the urgent need for improved strategies in identifying at-risk
pregnancies before complications arise.

Pregnancy risk assessment remains a cornerstone of
maternity care. It enables the early identification of preg-
nancies that may benefit from targeted interventions—either
to prevent or delay adverse outcomes, or to facilitate
timely intervention or management of complications [9,
10]. Nevertheless, in many maternity care settings, the
current risk assessment systems rely on arbitrary criteria,
are imprecise, and are often dependent on human experi-
ence [11]. Furthermore, traditional systems often exclude
sociocultural determinants of health, such as socioeconomic
status, education, and ethnicity, largely due to the challenges
in quantifying and integrating their impact into clinical risk
models [12,13].

Given these limitations, there is an increasing move
toward data-driven approaches capable of capturing the
breadth and complexity of maternal health risks. AI tech-
nology, particularly ML, offers a promising avenue in this
evolution, allowing the incorporation of multimodal data,
including nontraditional and nonclinical data, into health
care, aligning with the broader goal of universal, equitable,
and holistic medical care [14,15]. These technologies can
identify complex patterns within large datasets that incor-
porate both clinical and sociodemographic data, enabling
more accurate and individualized categorization of pregnancy
risk. Despite the growing interest in these technologies for
predicting pregnancy complications, a significant research
gap remains: most existing models are limited to specific
obstetric outcomes, developed in homogeneous populations,
and lack rigorous validation across diverse populations [16-
18]. Crucially, no AI-based antenatal risk assessment model
has been rigorously evaluated against standard practice in
randomized clinical trials, nor is any model yet ready for
integration into routine obstetric care [19].

To address this gap, we aimed to develop and internally
validate first-trimester AI-based antenatal risk assessment
models across 3 geographically and socioethnically distinct
populations (Sweden, Chile, and Singapore) and to test
whether AI-based models more accurately classify pregnancy
risk than current antenatal practice.

Methods
Study Design and Datasets
We retrospectively developed ML models using routinely
collected historical data from Sweden, Chile, and Singapore.
For Sweden, data were derived from the Swedish Preg-
nancy Register [20], linked with sociodemographic data from
Statistics Sweden [21]. Pregnancies and deliveries between
2014 and 2021 were included. For Chile, data were obtained
from Hospital Parroquial de San Bernardo, an intermediate-
complexity maternity unit in Santiago that provides care for
high-risk pregnancies. Pregnancies and deliveries between
January 2018 and July 2022 were included. The Singapore
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data were extracted from a single tertiary maternity center,
the National University Hospital, for deliveries between 2015
and 2022. Figure 1 depicts a heatmap of global maternal and

neonatal mortality risk based on World Health Organization
and United Nations Children’s Fund 2023 estimates, with
detailed data for each country included in the analysis.

Figure 1. Global risk of maternal and neonatal mortality according to 2023 World Health Organization and United Nations Children's Fund
estimates. H: high; L: low; LB: live births; M: moderate; MMR: maternal mortality ratio; NMR: neonatal mortality rate; SDG: Sustainable
Development Goal; UN: United Nations; VH: very high; WHO: World Health Organization.

Ethical Considerations
This study involved secondary analysis of routinely col-
lected clinical and registry data and was reviewed and
approved by the relevant institutional review boards at all 3
participating centers: National University Hospital (Singa-
pore; DSRB 2021/00760), Karolinska University Hospital
(Uppsala, Sweden; Dnr: 2020‐04437), and Hospital Par-
roquial de San Bernardo (Santiago de Chile; Register:
17072022). The requirement for individual informed consent
was waived by all approving ethics committees. All data-
sets were anonymized or deidentified prior to analysis.
No directly identifiable personal information was accessible
to the study team. Data were stored in accordance with
institutional data governance policies. No financial compen-
sation was provided to participants. No images, figures, or
supplementary materials in this manuscript include identifia-
ble information about individual participants.
Model Input Features
Input features were selected if they could be ascertained in
the first trimester (before 14 weeks’ gestation) and classified
into these domains: maternal sociodemographic characteris-
tics, maternal past medical history, current obstetric charac-
teristics, and laboratory investigations. Investigators in each
country independently determined which features met these
criteria and were applicable within their health care context as
part of an ML model for antenatal risk assessment. The final
feature sets included 33 variables for Sweden, 36 for Chile,
and 20 for Singapore.

Outcomes
The primary study outcome was a composite of severe
adverse maternal, fetal, or neonatal events, including
mortality, designed to capture overall pregnancy health rather
than isolated obstetric complications. Neonatal morbidity
indicators were selected for their substantial contribution to
health care burden and included gestational age at deliv-
ery <37 weeks, birth weight <2500 g, stillbirth, 5-minute
Apgar score <4, and the need for neonatal intensive care
unit, including mechanical ventilation and hypoxic-ischemic
encephalopathy. Maternal morbidity indicators were based on
internationally recognized components of SMM and included
delivery blood loss >1500 mL, eclampsia, placental abrupt-
ion, embolism, uterine rupture, and admission to critical care
(surgical high dependency or intensive care unit) for any
cause. Maternal mortality indicators included death from any
obstetric cause occurring more than 42 days but less than
1 year after delivery. Outcomes were harmonized across
the 3 datasets, with the exception of maternal admission to
critical care, which was not available in the Sweden dataset.
A sensitivity analysis was performed in which admission
to critical care was removed from datasets in which its
percentage contribution to the primary composite exceeded
2%.
ML Preprocessing, Model Training
and Fine-Tuning, Ensembling, and
Comparison
In this study, data from each country were randomly
partitioned into training (80%) and testing (20%) sets using a
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fixed random seed of 42, with stratification by outcome label.
Variables that were unavailable in certain populations were
not imputed across countries but were simply not included in
those country-specific models. Within each country’s dataset,
missing values for available variables were handled using
mean (continuous) or mode (categorical) imputation, with
parameters derived exclusively from the training partition and
subsequently applied to the corresponding test set to avoid
data leakage. This was to ensure a consistent and transparent
preprocessing approach across datasets. While this approach
may attenuate variance, it is unlikely to materially affect
comparative model performance. Gaussian noise was injected
into continuous features in the training datasets to reduce
overfitting and improve generalizability. To prevent data
leakage, all preprocessing statistics were computed exclu-
sively from the training partition before being applied to the
test set. A sensitivity analysis was performed to assess the
potential confounding by the COVID-19 pandemic on the
Singapore dataset since its data collection period overlapped
with the pandemic years (2020 to 2022). For the Sweden
dataset, only a small proportion of records were from the start
of the COVID-19 pandemic. For the Chile dataset, this was
not possible due to the much smaller sample size. Tabu-
lar Prior-Data Fitted Network (TabPFN; version 2.1.0) and
traditional ensemble methods in AutoGluon (version 1.4.0)
were used for model building. TabPFN is a transformer-based
architecture pretrained on millions of synthetic datasets and
designed for tabular data classification [22].

TabPFN was further fine-tuned using the Sweden dataset
(largest size) with batches of 15,000 samples using a learning
rate of 1e-5 and a batch size of 5. The AdamW optimizer
and ReduceLROnPlateau scheduler were used to enhance
stability. Training proceeded for up to 10,000 iterations, with
adaptive early stopping applied when no further improvement
in validation loss was observed or when the time limit was
reached. Model checkpoints were saved and reloaded to
continue training within graphics processing unit constraints.
In the Singapore dataset, the same fine-tuning was performed
using mini-batches of 10,000 samples, and the AdamWSche-
duleFree optimizer. For the smaller Chile dataset, fine-tun-
ing was performed using the default AdamWScheduleFree
optimizer with the same learning rate and batch size. The
dataset was processed in a single pass.

Additional experiments explored transfer learning by
initializing training with the Sweden-fine-tuned model. To
enrich predictive performance, embeddings from TabPFN
were extracted and concatenated with raw features. These
concatenated features were used as input for AutoGluon’s
TabularPredictor. AutoGluon trained and ensembled multiple
algorithms, including LightGBM (light gradient boosting
machine), CatBoost, XGBoost, Extra Trees, Random Forest,
and K-Nearest Neighbors, dynamically applying 8-fold
bagging and 2-level stacking. Comparison of TabPFN against
well-established gradient boosting and tree-based methods
was obtained from ensembled algorithms. Label class
imbalance was mitigated using TabPFN’s built-in probability
balancing. The TabPFN embedding pipeline was used for
exploratory benchmarking only and was not part of the final

selected traditional models reported in the primary results.
Models were evaluated on an independent test set for each
country using the area under the receiver operating character-
istic (AUROC) curve. For each dataset, the best-performing
model was selected for comparison with standard antena-
tal risk assessment for categorizing high-risk and low-risk
pregnancies. Model calibration was assessed using calibra-
tion plots comparing predicted probabilities against observed
outcome frequencies across deciles of predicted risk, with
calibration-in-the-large and calibration slope reported. In
addition, sensitivity–positive predictive value (PPV) trade-
offs at different clinically plausible thresholds were calcula-
ted. Lastly, we trained separate models for neonatal-only and
maternal-only outcomes and compared the AUROC across
outcome types and countries.

Comparison With Standard Antenatal
Risk Assessment in Each Population
To contextualize model performance, the best-performing ML
model from the steps above was compared against proxies for
the existing first-trimester antenatal risk assessment approach
used within each population.

In Sweden, first-trimester risk categorization data were not
directly available from the national registers. Accordingly, we
retrospectively applied the clinical criteria currently used by
Swedish antenatal care professionals to define a “high-risk
pregnancy” to serve as the reference standard.

In Chile, antenatal risk assessment is typically initiated
by community midwives during the first antenatal contact.
Pregnant women are considered “at risk” if they meet
predefined criteria across mental health, social, medical, or
obstetrical domains. However, referral to a high-risk antenatal
care pathway ultimately depends on the clinician’s discretion.
In the Chilean dataset, information regarding first-trimester
referrals to high-risk pregnancy clinics was available and used
as a proxy for clinical risk categorization.

In Singapore, information on first-trimester referral to
high-risk pregnancy services was not available in the
retrospective dataset. Instead, this information was obtained
from a separate prospective birth cohort capturing detailed
antenatal and delivery data, with referral to high-risk services
used as a surrogate for health care professional–based risk
assessment.

For each country, AUROC was calculated to evaluate the
performance of the real-world risk assessment in identifying
pregnancies with the composite adverse outcome, enabling
direct comparison with the corresponding AI-based model.
Statistical Methods
All analyses were performed using Python SciPy-Stats
(version 1.15.3) and the R pROC package (version 1.16.2). P
values were calculated with the chi-square test for catego-
rical variables and the Kruskal-Wallis test for continuous
variables between the three groups. The prevalence of the
composite primary outcome, as well as the prevalence of
the individual components, was tabulated for each population
dataset. As mentioned above, the ML models’ performance
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was evaluated using the AUROC curve and the correspond-
ing 95% CI. Model calibration was reported using calibra-
tion plots. In addition, sensitivity, specificity, PPV, and
negative predictive value were reported at false-positive
rates (FPRs) of 50.0% and 30.0%. Comparative performance
of ML models versus existing antenatal risk categorization
approaches was assessed using the DeLong test for paired
(Sweden and Chile) and unpaired (Singapore) AUROC, with
statistical significance set at P<.05. Decision curve analysis
(DCA) was conducted to assess the net clinical benefit of
the ML models across clinically relevant threshold proba-
bilities, in comparison with “screen all,” “screen none,”
and the current clinical risk assessment strategies. Feature
importance for the best-performing ML model in each dataset
was evaluated using Shapley additive explanations (SHAP)
analysis to identify the top 10 features driving predictions for
the composite primary outcome.

Results
Prevalence of Outcome
After data processing, 727,354 pregnancies from Sweden,
5934 pregnancies from Chile, and 37,813 pregnancies from
Singapore were used for model development and validation.
The final feature sets comprised 33 variables for Sweden,
36 for Chile, and 20 for Singapore (Multimedia Appendix
1). Significant differences were observed across the 3 study
populations. Chilean women were younger (mean age 27.56,
SD 6.23 y), heavier (mean BMI 28.26, SD 5.62 kg/m2), and
had higher rates of chronic hypertension (270/5934, 4.55%)
and prior stillbirth (97/5934, 1.63%). Swedish women were
taller, with lower metabolic risk but a higher prevalence
of psychiatric (103,859/727,354, 14.28%) and respiratory
conditions (51,358/727,354, 7.06%). Singaporean women
were leaner and slightly older, with elevated rates of diabetes
mellitus (6142/37,813, 16.24%), reflecting the region’s
metabolic risk profile. Regarding lifestyle factors, tobacco

use was highest in Chile (461/5934, 7.77%), moderate
in Sweden (31,660/727,354, 4.35%), and not available in
Singapore. Alcohol consumption was reported in 3.49%
(25,385/727,354) of Swedish pregnancies, was nearly absent
in Chile, and was not recorded in Singapore.
Study Outcome
Significant interpopulation differences were observed in
both maternal and neonatal outcomes (Table 1). Neonatal
morbidity was lowest in Sweden and highest in Chile and
Singapore. Preterm birth (<37 wk) occurred in 15.32%
(909/5934) of Chilean, 7.74% (2925/37,813) of Singapor-
ean, and only 5.89% (42,805/727,354) of Swedish pregnan-
cies, while low birth weight (<2500 g) was approximately
twice as frequent in Chile (551/5934, 9.29%) and Singapore
(3584/37,813, 9.48%) as in Sweden (30,308/727,354, 4.17%).
Admission to a neonatal intensive care unit for mechan-
ical ventilation or hypoxic-ischemic encephalopathy was
markedly more common in Singapore (2658/37,813, 7.03%)
and Chile (224/5934, 3.77%) than in Sweden (793/727,354,
0.11%). Maternal morbidity showed a different pattern.
Postpartum hemorrhage (>1500 mL) was most frequent
in Sweden (22,596/727,354, 3.11%) but less common in
Chile (89/5934, 1.50%) and rare in Singapore (86/37,813,
0.23%). Conversely, placental abruption (47/5934, 0.79%)
and eclampsia (6/5934, 0.10%) were more prevalent in
Chile, while embolism was higher in Singapore (116/37,813,
0.31%) compared with Sweden (328/727,354, 0.05%) and
Chile (6/5934, 0.10%). SMM requiring high-dependency or
intensive care occurred in 0.24% (14/5934) of Chilean and
0.08% (31/37,813) of Singaporean pregnancies. Maternal
deaths were extremely rare across all cohorts (<0.02%).
The proportion of pregnancies experiencing the compo-
site primary adverse outcome varied substantially across
populations: 10.40% (75,647/727,354) in Sweden, 21.94%
(1302/5934) in Chile, and 16.25% (6145/37,813) in Singa-
pore.

Table 1. Definition of poor neonatal and maternal outcomesa.

Feature Threshold
Prevalence in Sweden
(N=727,354), n (%)

Prevalence in Chile
(N=5934), n (%)

Prevalence in Singapore
(N=37,813), n (%) P valueb

Neonatal morbidity
  Gestational age at delivery [23] <37 wk 42,805 (5.89) 909 (15.32) 2925 (7.74) <.001
  Birth weight (g) <2500 30,308 (4.17) 551 (9.29) 3584 (9.48) <.001
  Stillbirth Yes 2542 (0.35) 58 (0.98) 111 (0.29) <.001
  Apgar at 5 min ≤4 4951 (0.68) 2 (0.03) 49 (0.13) <.001
  NICUc (mechanical ventilation or HIEd) Yes 793 (0.11) 224 (3.77) 2658 (7.03) <.001
Severe maternal morbidity
  Total bleeding (mL) ≥1500 22,596 (3.11) 89 (1.50) 86 (0.23) <.001
  Eclampsia Yes 225 (0.03) 6 (0.10) 17 (0.04) .004e

  Placental abruption Yes 184 (0.03) 47 (0.79) 166 (0.44) <.001
  Uterine rupture Yes 633 (0.09) 5 (0.08) 16 (0.04) .01e

  Embolism in pregnancy Yes 328 (0.05) 6 (0.10) 116 (0.31) <.001e

  Death from any obstetric cause occurring more
than 42 d but <1 y after delivery

Yes 1 (0.00) 1 (0.02) 5 (0.01) <.001e

  Admission to SHDf or ICUg Yes —h 14 (0.24) 31 (0.08) —i
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aIf any of the following conditions are met, the record is labeled “poor neonatal or maternal outcome.”
bP values were computed using the Pearson chi-square test on the 3 × 2 contingency table (cohort × event).
cNICU: neonatal intensive care unit.
dHIE: hypoxic ischemic encephalopathy.
eAt least one expected cell count under the null hypothesis was <10; therefore, these chi-square P values are shown for descriptive comparison only.
fSHD: surgical high dependency.
gICU: intensive care unit.
hNot applicable.
iAdmission to SHD or ICU was not harmonized into the Sweden dataset; therefore, a 3-group test was not possible.

ML Model Performance
Model performance, as measured by the AUROC, varied
across populations and modeling approaches (Table 2). In
the Swedish dataset, AUROC values ranged from 0.60 for
the base pretrained TabPFN model to 0.65 for both the
traditional ensemble models and the TabPFN embedding
approach, indicating modest gains with model fine-tuning and
feature enrichment. In the Chilean dataset, performance was
generally higher, with AUROC values of approximately 0.65
across all approaches, suggesting stable predictive capability
even in a smaller but clinically diverse cohort. In contrast,

the Singaporean models achieved lower discrimination, with
AUROCs of 0.57 to 0.60, reflecting the smaller feature set
and more homogenous characteristics. The full results of all
ML models trained and tested for all 3 datasets are available
in Multimedia Appendix 2. When we looked at the perform-
ance metrics for maternal and neonatal outcomes separately,
the overall composite outcome seemed to be driven largely
by neonatal outcomes in the Sweden dataset, but not in Chile
or Singapore (Table 3). This is possibly due to the relatively
smaller sample sizes in the latter. LightGBM was chosen as
the best-performing model for Sweden, Chile, and Singapore.

Table 2. Training and test set splitting and model performance of Tabular Prior-Data Fitted Network and traditional machine learning model.
Risk status Sweden Chile Singapore
Training set, n
  High risk 60,518 1042 4916
  Low risk 521,365 3705 25,334
  Total 581,883 4747 30,250
Test set, n
  High risk 15,129 260 1229
  Low risk 130,342 927 6334
  Total 145,471 1187 7563
AI model performance (AUCa)
  Base TabPFNb 0.60 0.65 0.57
  Fine-tuned TabPFN with Sweden 0.63 0.65 0.60
  TabPFN embedding (traditional model) 0.65 0.65 0.60
  Traditional model 0.65 0.65 0.60
Performance metrics at a fixed false-positive rate of 50%, %
  Sensitivity 69.17 69.62 64.93
  Specificity 50.00 50.70 50.06
  PPVc 13.84 28.37 20.13
  NPVd 93.32 85.61 88.02

aAUC: area under the curve.
bTabPFN: Tabular Prior-Data Fitted Network.
cPPV: positive predictive value
dNPV: negative predictive value.

Table 3. Model discrimination analysis for composite maternal outcomes only and composite neonatal outcomes only.
Outcomes Sweden Chile Singapore
Composite 0.65 0.65 0.60
Neonatal only 0.64 0.65 0.60
Maternal only 0.61 N/Aa 0.64
Neonatal composite outcome incidence, % 7.58 18.70 15.87
Maternal composite outcome incidence, % 3.22 4.38 0.89
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aA maternal-only model is not reported for the Chile cohort because the limited number of positive maternal cases resulted in an unstable model that
did not yield a reliable, reportable result.

Across Sweden, Chile, and Singapore, the model calibration
plots showed reasonable calibration in Sweden and Singa-
pore, but poorer calibration in Chile, where the calibration
slope was approximately 1.45, indicating underconfidence

despite acceptable calibration in the large (Figure 2). These
findings suggest that the model should be interpreted
primarily as a risk-stratification tool rather than as a fully
calibrated probability estimator across all cohorts.

Figure 2. Calibration plots for Sweden, Chile, and Singapore machine learning models. AUROC: area under the receiver operating characteristic;
CITL: calibration in the large; LightGBM: light gradient boosting machine.

At a FPR of 50.00%, the sensitivities for predicting
the primary composite adverse outcome were 69.17%,
69.62%, and 64.93% for the Sweden, Chile, and Singapore
models, respectively. At a 30.00% FPR operating point, the

sensitivities were lower, at 50.38%, 55.38%, and 44.75%,
respectively, but with higher PPVs of 16.31%, 34.53%, and
22.32% (Table 4).

Table 4. Sensitivity–positive predictive value trade-off at different thresholds.
Metric (%) Sweden Chile Singapore

50.00% FPRa 30.00% FPR 50.00% FPR 30.00% FPR 50.00% FPR 30.00% FPR
Sensitivity 69.17 50.38 69.62 55.38 64.93 44.75
Specificity 50.00 69.99 50.70 70.55 50.06 69.78
PPV 13.84 16.31 28.37 34.53 20.13 22.32
NPVb 93.32 92.40 85.61 84.94 88.02 86.68

aFPR: false-positive rate.
bNPV: negative predictive value.

The sensitivity analysis removing maternal critical care from
the Chile dataset showed negligible change in the AUROC of
approximately 0.01, reflecting that maternal critical care did
not drive prediction in that cohort (Multimedia Appendix 3).

There was minimal temporal drift in model performance,
with no appreciable impact of the COVID-19 pandemic when
performance was examined across time epochs (Multimedia
Appendix 4).

DCA was performed for both the Sweden and Chile
cohorts, comparing the net benefit of the ML model against

the “screen all” and “screen none” strategies, as well as
against the corresponding current clinical risk assessment
approach, across threshold probabilities from 1% to 50%.
In both cohorts, the ML models demonstrated positive net
benefit above the current clinical approach and the “screen
all” strategy across clinically plausible thresholds. DCA was
not performed for the Singapore cohort because the clinical
comparator was a separate prospective birth cohort, preclud-
ing a direct comparison within the same population. DCA
plots and net benefit values are presented in Figure 3.
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Figure 3. Decision curve analysis plots for Sweden and Chile cohorts assessing net benefit of machine learning models against “screen all,” “screen
none,” and current risk assessment strategies. ML: machine learning.

Comparison With Existing Antenatal Risk
Assessment Methods
In each population, there were statistically significant
differences between the performance of the ML-based risk
categorization models and the corresponding real-world
clinical risk assessment strategies for identifying pregnancies
with the composite adverse outcome. Across all 3 settings, the
ML models generally demonstrated improved discrimination
compared with conventional approaches (Figure 4). In

Sweden, the guideline-based risk assessment achieved an
AUROC of 0.53, compared with 0.65 for the traditional
ML LightGBM model (P<.001). In the Chilean cohort, the
midwifery-led risk assessment yielded an AUROC of 0.52,
significantly lower than the 0.65 achieved by the traditional
ML LightGBM model (P<.001). In Singapore, the health care
professional–based risk assessment achieved an AUROC of
0.56, significantly lower than the LightGBM model’s 0.60
(P<.05).

Figure 4. Area under the receiver operating characteristic curves comparing each population’s existing health care professionals’ risk stratification
approaches and corresponding top-performing machine learning model. AUC: area under the curve; LightGBM: light gradient boosting machine.

Feature Importance Analysis
The top-ranked features differed across settings. In the
Swedish and Singapore models, sociodemographic charac-
teristics such as maternal age, BMI, parity, ethnicity, and
mean household income emerged as the dominant features

contributing to the prediction of adverse outcomes. In
contrast, the Chilean model was influenced somewhat more
by medical and obstetric variables, including antihypertensive
use and first-trimester glycemia (Figure 5).
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Figure 5. Shapley additive explanations (SHAP) beeswarm plots showing how high and low feature values affect predictions. IVF: in vitro
fertilization.

Discussion
Main Findings
First, we demonstrated the feasibility of developing and
internally validating ML models to identify pregnancies at
risk of adverse maternal and neonatal outcomes, individually
or in combination, using information routinely collected in
the first trimester of pregnancy (<14 weeks’ gestation) across
three geographically and socioethnically distinct populations.
The cross-population contrasts in maternal characteristics
and comorbidity profiles underscore the heterogeneity in
risk factors and health care contexts. Sweden represented a
high-resource, low-morbidity population with comprehensive
health surveillance; Chile exhibited a younger, metabolically
at-risk population with higher rates of preterm birth and
obstetric complications; while Singapore comprised an older
maternity population with a strong metabolic risk profile.
These contextual differences reinforce the need for popu-
lation-specific AI-based antenatal risk assessment models,
rather than a single global model trained on heterogeneous
data.

Second, from a technical perspective, we employed
the recently developed TabPFN architecture, a transformer-
based model optimized for tabular data [22]. Despite the
methodological rigor and the use of fine-tuning, perform-
ance gains were modest. Across all 3 populations, whether
using fine-tuned TabPFN, TabPFN-derived embeddings, or
traditional ensemble methods, the AUROCs achieved were
broadly similar, clustering around 0.60 to 0.65. This similar
performance suggests that for first-trimester risk prediction
using historical and anthropometric features, the choice
of ML algorithm is less critical than the inherent predic-
tive signal in the available features. Traditional ensemble
methods may be preferable for clinical deployment given
their computational efficiency and established interpretability
frameworks. Nonetheless, given that the input features for all
models were limited to historical, nonbiological first-trimes-
ter measurements (eg, placental biomarkers, serology results,
and sonographic markers), this represents a reasonable and
pragmatic baseline for early-pregnancy risk stratification.
For context, a recent systematic review reported median
AUROCs of 0.75 for preeclampsia and 0.65 for spontane-
ous preterm birth using models that incorporated biomarkers
and sonographic data [24]. These findings suggest that our
models, based solely on historical and anthropometric inputs,

are likely approaching their maximal discriminatory capacity
within this limited feature space.

At clinically relevant operating points, the models
demonstrated an explicit trade-off between sensitivity and
PPV. At a 30.00% FPR, sensitivities of 44.75% to 55.38%
were achieved with higher PPVs of 16.31% to 34.53%
compared with the metrics at a FPR of 50.00%. This may be
preferable in resource-constrained settings where minimiz-
ing unnecessary follow-up or referral to specialized serv-
ices is important. While the discrimination metrics alone
may result in hesitancy in clinical deployment, it must be
emphasized that these ML models are intended as population-
level screening tools rather than diagnostic tests. Moreover,
the observed PPVs are comparable to, or if not exceeding,
those of widely implemented obstetric screening programs,
including combined first-trimester screening for aneuploidy
and first-trimester screening for preeclampsia [25,26]. DCA
further supported the clinical use of the models, demonstrat-
ing positive net benefit above both the current clinical risk
assessment approaches and the “screen all” strategy across
clinically plausible threshold probabilities in the Sweden
and Chile cohorts. These results should be interpreted with
the caveat that the clinical comparators are heterogeneous
retrospective proxies rather than standardized risk tools.

Third, the comparatively lower discrimination observed
in the Singapore models warrants further consideration.
While the reduced number of available input variables likely
contributed to this finding, several additional factors may also
account for the observed performance difference. First, the
Singapore dataset was derived from a single tertiary center,
resulting in a relatively clinically homogeneous population.
Such reduced heterogeneity in both predictors and outcomes
may constrain the model’s ability to effectively distinguish
between high- and low-risk pregnancies. Second, in com-
parison with the Swedish and Chilean datasets, several
key sociodemographic and behavioral variables were not
available, thereby limiting the model’s capacity to incorpo-
rate broader determinants of risk that may enhance predictive
performance. Third, differences in case mix and outcome
distribution, including a comparatively narrower spectrum of
disease severity, may have further attenuated model discrimi-
nation. As model performance is inherently contingent upon
the informational richness and heterogeneity of the training
data, these findings suggest that the predictive ceiling of
first-trimester models based on limited, nonbiological features
may vary across health care settings and data environments.
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An additional unexpected finding in the Singapore cohort was
the model’s better discrimination for maternal outcomes alone
(AUROC 0.64) compared to the overall composite (0.60) and
neonatal outcomes (AUROC 0.60). Given the low incidence
of maternal morbidity in the Singapore cohort (0.89%), this
finding may reflect overfitting to a handful of severe maternal
cases rather than generalizable risk patterns and therefore
reduces model stability. This highlights the importance of
considering sample size when interpreting subgroup analyses
for rare outcomes.

Finally, the SHAP analysis offered important insights
into model interpretability and context-specific drivers of
prediction. In both Sweden and Singapore, sociodemographic
factors emerged as the most influential predictors of adverse
outcomes, whereas in Chile, obstetrical and clinical factors
predominated. It is essential to clarify that SHAP “impor-
tance” reflects a feature’s contribution to model discrimina-
tion, not its prevalence or causal strength. Features with
high SHAP values are those the model most often uses to
differentiate between high- and low-risk pregnancies, not
necessarily those most prevalent or severe in the popula-
tion. In addition, SHAP analysis reflects the availability of
features in each specific dataset rather than inherent dif-
ferences in biological or social risk drivers. Nevertheless,
the prominence of sociodemographic variables’ contribution
in Sweden and Singapore suggests that these nonclinical
attributes may capture cumulative social disadvantage, access
inequities, or latent vulnerability that traditional clinical risk
models often overlook. This aligns with growing evidence
that social determinants of health (SDH), including socioeco-
nomic stability, educational attainment, and access to care,
profoundly shape perinatal outcomes even in high-resource
settings [27]. Properly interpreted, AI-based models can serve
as a tool to uncover hidden social gradients in pregnancy
health.
Comparison With Other Studies
Although several risk prediction tools exist for specific
conditions such as preeclampsia, stillbirth, and preterm birth,
few examples exist of ML being applied to comprehensive
antenatal risk assessment [28-31]. Escobar et al [32] used
over 300,000 electronic health records from Kaiser Perma-
nente Northern California to develop ML models predicting
adverse obstetric and neonatal complications, achieving an
area under the curve of 0.79. However, these models relied
primarily on intrapartum data including vital signs, labor
progress parameters, and laboratory results. In contrast, our
models rely solely on first-trimester information, offering
the potential to stratify risk and guide early interventions.
Similarly, Pan et al [33] applied ML to a smaller cohort (6457
women of low socioeconomic status) to predict adverse birth
outcomes for social service allocation, reporting up to a 36%
improvement over paper-based risk assessments. Together
with these studies, our findings highlight the potential of
using readily available demographic and early pregnancy data
to enable scalable and equitable antenatal risk assessment,
facilitating targeted support and early preventive strategies for
pregnant women most in need.

Strengths and Limitations
A key strength of this study is in its use of large, high-quality
datasets encompassing over half a million pregnancies, from
diverse socioeconomic and health care settings. The inclusion
of variables routinely available at the first antenatal contact
enhances generalizability and supports real-world implemen-
tation. By comparing three distinct health settings, we also
demonstrate the adaptability of a single AI pipeline across
varied data environments.

Notwithstanding the strengths of this study, several
limitations should be acknowledged in the interest of
transparency and balanced interpretation. First, as with all
retrospective ML studies, inherent limitations related to
the underlying data sources must be recognized. Although
differences in variable definitions, data completeness, and
health care delivery models were generally mild, they may
nonetheless have introduced residual bias and influenced
model performance. Socioeconomic and behavioral data
were more comprehensively captured in Sweden than in
Chile or Singapore. Information on behavioral risks (eg,
tobacco use and alcohol consumption in pregnancy) was
unavailable in some datasets, potentially underestimating
the influence of modifiable lifestyle factors. Future models
integrating biomarker, imaging, and environmental data
collected at designated pregnancy time points, together
with standardized social metrics may substantially enhance
predictive accuracy.

Second, the use of proxy variables for current clinical risk
assessment across the three settings may not fully capture
the granularity or nuances of real-time clinical evaluation.
In the Sweden cohort, the approach used reflects adherence
to guidelines rather than real-time clinical judgment. In the
Chile and Singapore cohorts, referral to high-risk services
was used but the disadvantage is that system-level factors
including referral thresholds and service availability could
have influenced the referral decisions and therefore not
purely reflected clinicians’ risk categorization. The heteroge-
neous operationalization of clinical practice across the various
settings of this study reflects real-world data constraints
and underscores the need for prospective studies directly
measuring clinician risk perception, a gap that only random-
ized controlled trials will be able to address. To this end, the
principal investigators have initiated a randomized control-
led trial evaluating the impact of AI-assisted risk stratifica-
tion versus standard care on pregnancy outcomes within
an intention-to-treat framework (ClinicalTrials.gov identifier:
NCT06974188).

Third, a limitation in using simple mean and mode
imputation is that it may underestimate variance compared to
multiple imputation approaches. This approach was selected
primarily because missingness was low within each country-
specific dataset, and the primary objective was to support
robust model training using tree-based ensemble methods,
which are generally tolerant to moderate imputation error,
rather than to derive unbiased parameter estimates. Given
the large overall sample size, particularly in the Swedish
cohort, and the low-to-moderate level of missingness, any
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impact on model discrimination is likely to be limited,
especially in the context of predictive performance rather
than statistical inference. Although multiple imputation may
offer advantages in terms of statistical efficiency in cer-
tain settings, it introduces additional assumptions regard-
ing missingness mechanisms and substantially increases
computational complexity. In particular, its integration within
cross-validation and ensembling pipelines across heterogene-
ous datasets with differing structures and variable defini-
tions would likely confer only marginal gains in predictive
performance for tree-based models.

Fourth, although the primary objective of the models
was risk stratification rather than direct probability estima-
tion, calibration remains relevant when predicted risks are
interpreted clinically. The weaker calibration observed in
Chile, reflected by a calibration slope of approximately 1.45,
indicates that predicted probabilities in this cohort should be
interpreted cautiously and may require recalibration before
clinical deployment.

Lastly, we acknowledge that the comparison of retrospec-
tively developed predictive models against real-world clinical
practice subjects the findings to the “treatment paradox”
or intervention bias. The identification of high-risk pregnan-
cies may have resulted in interventions that averted the
adverse outcome and therefore led to the conversion of “true
positives” in the clinical baseline to “false positives” in the
retrospective analyses. The magnitude of incremental benefit
shown in the DCA may therefore overestimate the true added
value in prospective development. Prospective validation
through randomized controlled trials is essential to accurately
quantify the true clinical utility of AI-assisted risk stratifi-
cation. From this perspective, the observed performance of
the ML models reflects their ability to identify patients
who remain at elevated risk despite current risk assessment
approaches being used. Therefore, the ML models presented
in this study should be interpreted as adjunct tools with
the potential to predict residual risk under real-world care
pathways, rather than tools used to replace clinical judgment
altogether.
Potential Clinical Applications
There is potential value of integrating such AI tools into
routine antenatal care, especially as a decision-support tool.

When adopted within a graduated antenatal care framework,
it should raise clinical awareness, rather than immediate
referral to specialized services for high-risk pregnancies,
or a binary treat-or-no-treat paradigm. Potential applica-
tions include prefirst visit self-assessment via a patient-fac-
ing application, enabling preliminary risk estimation and
immediate triage into appropriate low- or high-risk care
pathways even at the initial antenatal encounter. Impor-
tantly, these models are intended not to replace clinical
judgment but to augment clinician decision-making through
a hybrid AI-human approach, with the potential to comple-
ment existing standards of care. Finally, our work aligns
with the broader vision of Universal Maternal AI—a holistic,
equitable approach to pregnancy health that integrates social,
demographic, and behavioral determinants beyond traditional
biomedical models. By framing pregnancy as a continuum
of well-being rather than a binary state of disease ver-
sus normalcy, such AI frameworks, augmented by clinical
insight, hold promise for guiding personalized, preventive,
and socially attuned maternity care globally.
Conclusion
In this multicenter study, we developed and internally
validated first-trimester ML-based antenatal risk assessment
models across three geographically and socioethnically
distinct populations and observed that these models gener-
ally showed improved performance compared with existing
first-trimester clinical risk stratification approaches. Using
routinely collected early pregnancy data, the models achieved
moderate discrimination and demonstrated stable perform-
ance over time, with sociodemographic variables contribu-
ting meaningfully to risk differentiation. Taken together, our
findings suggest the potential feasibility of population-spe-
cific, AI-based risk stratification as an adjunct to current
antenatal care, particularly as a clinical decision-support tool
to enhance early pregnancy risk awareness within established
antenatal care frameworks.
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