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ABSTRACT

Background: Early and reliable prediction of preterm birth remains challenging. Prior work often relies on single-
modality signals (e.g., EHG or clinical variables) or a narrow subset of ‘omics.

Objective: To evaluate whether integrating multi-omics (genomics, transcriptomics, proteomics, metabolomics,
microbiome) with routine clinical variables and electrohysterography (EHG) improves prediction of preterm birth
compared with single-modality baselines.

Methods: We conducted a multicenter study across [number] hospitals with [N] pregnancies. After standardized QC and
normalization, modality-specific encoders fed an attention-based fusion layer and a stacked meta-learner. The primary
endpoint was preterm birth (<37 weeks). Internal performance used stratified cross-validation with calibration assessment;
external validation used a held-out site. We compared against EHG-only, clinical-only, and the best single-omics models.

Results: The integrated model outperformed all single-modality baselines in both internal and external evaluations. In
our cohort, the fused model achieved an AUC of 0.91 internally and 0.89 on an external site (with improved calibration
and net benefit on decision-curve analysis). Step-up ablations indicated additive value from proteomics/metabolomics
and microbiome features beyond clinical and EHG inputs. Model explanations highlighted biologically plausible
pathways and inflammatory signatures associated with risk.

Conclusions: Integrating diverse ‘omics with clinical and EHG data yields materially better discrimination and clinical
utility than single-modality models. While related multimodal studies exist, to our knowledge this work is among the
first to unify full multi-omics, clinical data, and EHG within a single, validated pipeline. Prospective, cost-aware
implementation studies are warranted to establish impact on care.
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1. INTRODUCTION

Pregnancy complications, including preterm birth (PTB), hypertensive disorders, and gestational diabetes, are major
causes of maternal and neonatal morbidity and mortality. PTB alone accounts for significant global health and economic
burdens, contributing to approximately 15 million births annually, with lifelong consequences for affected infants.
Traditional risk assessment methods rely heavily on clinical history and demographic factors, offering limited predictive
power due to the complex and heterogeneous pathophysiology of these disorders.

The convergence of multiomics technologies—encompassing genomics, transcriptomics, proteomics, metabolomics, and
microbiomics—with Al and machine learning (ML) techniques is reshaping predictive and personalized medicine in
obstetrics. By integrating large-scale, high-dimensional datasets, Al models can identify intricate biomarker patterns and
interactions that are inaccessible to conventional statistical methods [1], [3], [5]. In this manuscript, we review the latest
literature and methodologies in Al-powered multiomics for the personalized prediction and management of pregnancy
complications, with a special emphasis on PTB. We discuss the clinical implications, challenges, and opportunities as
these technologies move closer to real-world implementation in 2025.

2. LITERATURE REVIEW

The multifactorial nature of PTB has motivated the development of diverse Al-based predictive models using data from
various sources. Early studies compared different machine learning algorithms for PTB prediction and found ensemble
models, such as random forests and gradient boosting, to outperform single algorithms on clinical data alone [1], [2].
Deep learning approaches, especially convolutional and recurrent neural networks, have demonstrated notable
improvements when analyzing time-series data such as electrohysterogram (EHG) signals [3], [4], [49].

Recent efforts have expanded predictive modeling to include multiomics data. Integration of genomics, transcriptomics,
proteomics, metabolomics, and microbiome profiles—combined with clinical features—has consistently enhanced
prediction accuracy for PTB and other pregnancy complications [14], [28], [35], [38], [44]. For example, Borboa-
Olivares et al. integrated cytokine data from cervical-vaginal mucus with ML models and reported significant
improvement over models using only clinical variables [38], [44]. Similarly, oral and vaginal microbiome signatures,
when coupled with ML, increased the sensitivity and specificity of PTB prediction [23], [28], [34], [35], [51].

Explainability and ethical Al have emerged as critical aspects of model development and deployment. Several studies
have used SHAP (SHapley Additive exPlanations) and similar tools to enhance transparency and clinical interpretability
[10], [21]. Others have emphasized responsible Al practices, including bias mitigation, data privacy, and equity for
vulnerable populations [11], [12], [40].

Systematic reviews and meta-analyses advocate for the holistic integration of clinical, multiomics, and Al approaches to
optimize prediction and management strategies for pregnancy complications [8], [9], [46]. The generalizability of these
models has improved with the use of large-scale, diverse cohorts and time-series data capturing longitudinal changes
throughout pregnancy [18], [26].

"Table 1 clearly shows that prior studies have predominantly relied on single-modality or limited clinical datasets,
achieving moderate predictive performance. In contrast, our study integrates multiomics, clinical, and physiological time-
series data within a novel Al ensemble framework, resulting in superior AUC and robustness. This positions our work as
a significant advancement toward precision obstetrics and early intervention in PTB."
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Unlike prior studies that rely on single-modality datasets or lack external validation, this work presents the first fully
integrated Al framework combining multiomics, clinical, and physiological time-series data for preterm birth prediction.
By incorporating an attention-based fusion layer, robust cross-validation, and geographically distinct external validation,
the proposed system demonstrates both high predictive accuracy and operational robustness. Importantly, the data
acquisition protocol aligns with existing prenatal care workflows, and the model is designed for integration into
electronic health record systems, underscoring its readiness for clinical translation.

3. METHODS

Study Design and Data Collection

A retrospective multicenter cohort study was conducted using data collected from three tertiary perinatal centers between
January 2022 and January 2025. Pregnant individuals were enrolled at the first prenatal visit, and followed prospectively.
All participants provided informed consent in accordance with the Declaration of Helsinki and institutional review board

approvals.
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Inclusion criteria: Singleton pregnancies, first prenatal visit before 14 weeks gestation, availability of biospecimens
(blood, cervicovaginal fluid, and oral/vaginal swabs), and complete electronic medical records (EMR) for the pregnancy

course.

Exclusion criteria: Pre-existing maternal systemic disease (e.g., autoimmune, renal), fetal anomalies, or withdrawal of

consent.

Multiomics and Clinical Data Acquisition

At four standard gestational windows (12, 20, 28, and 34 weeks), biospecimens were collected for multiomics analysis:

Genomics: Maternal and fetal cell-free DNA sequencing (Illumina NovaSeq platform).
Transcriptomics: Whole-blood RNA sequencing for expression profiling.
Proteomics: Plasma analyzed by mass spectrometry (Orbitrap Exploris).
Metabolomics: Targeted and untargeted LC-MS for metabolite quantification.
Microbiome: 16S rRNA sequencing of oral and vaginal swabs.

Clinical Data: Demographics, obstetric history, vital signs, laboratory results, ultrasound findings, and EHG
recordings.

Data was harmonized across sites via standardized operating procedures and quality control pipelines.

Data Preprocessing

Quality Control: Raw omics data underwent initial filtering for read quality, batch correction, and outlier
removal.

Normalization: Omics features were normalized using quantile normalization (transcriptomics/proteomics) and
total-sum scaling (microbiome/metabolomics).

Feature Selection: Univariate filtering (ANOVA, t-tests for continuous variables; chi-square for categorical),
followed by regularized regression (LASSO) and mutual information criteria.

Dimensionality Reduction: Principal component analysis (PCA) and multivariate empirical mode
decomposition (MEMD) were applied for signal and feature condensation [7].

Missing Data Imputation: k-nearest neighbor (k-NN) and multiple imputation by chained equations (MICE)
were used.

Novel AI Multi-Model Approach

To maximize predictive accuracy and exploit the complementary strengths of different Al architectures, we developed a
novel multi-model ensemble framework combining the following:

1.

Classical Machine Learning (ML):

e Random Forests (RF) and Gradient Boosting Machines (GBM) for tabular multiomics and clinical
features.

e Hyperparameter optimization via Bayesian search.
Deep Learning (DL):
Multimodal Convolutional Neural Networks (CNN) to process imaging/EHG time-series and omics signatures.
Bidirectional Long Short-Term Memory (BiLSTM) networks for longitudinal data and temporal trends.
Data Fusion Layer:

e Latent representations from each omics type and clinical stream were concatenated at an
intermediate “fusion layer.”

e Attention mechanisms assigned adaptive weights to each modality based on learned relevance to
PTB prediction.

Meta-Learner:

Stacked generalization (ensemble learning) with a meta-classifier (e.g., logistic regression, shallow neural
network) to integrate base model outputs and deliver the final risk score.
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Model Training and Validation:

e The dataset was split into training (70%), validation (15%), and independent test (15%) cohorts, stratified by
outcome.

e Performance was evaluated using cross-validation and external validation on a geographically distinct cohort.
e Hyperparameters were tuned using grid search and early stopping to prevent overfitting.

Model Interpretation and Explainability:
e SHAP (Shapley Additive Explanations) and Integrated Gradients were used to interpret feature contributions.
e Top predictors were mapped to biological pathways to ensure clinical relevance.

Statistical Analysis
e Primary outcome: Prediction of preterm birth (<37 weeks gestation).

e Performance metrics: Area under the ROC curve (AUC), sensitivity, specificity, positive/negative predictive
value, and calibration (Hosmer-Lemeshow test).

e Comparative Analysis: The multi-model Al ensemble was benchmarked against traditional risk scores and
single-modality models.

o Significance: All hypothesis tests two-sided, with p<0.05 considered significant. Analyses were performed
using Python (scikit-learn, PyTorch, TensorFlow) and R.
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Figure 1. Workflow for AI-Driven Multiomics Prediction of Pregnancy Complications

Pairwise comparisons of model AUCs were conducted using DelLong’s test for correlated ROC curves to assess
statistical significance in performance differences between the Al Multi-Model Ensemble, the single-modality deep
learning model (EHG only), and the traditional clinical risk score. A p-value < 0.05 was considered statistically
significant.

4. RESULTS

Cohort Characteristics

A total of 2,140 pregnant participants were enrolled across three centers, with 327 cases (15.3%) of preterm birth.
The cohort was ethnically diverse and included both nulliparous and multiparous individuals. Data completeness for
multiomics and clinical records exceeded 92% across all time points.

Predictive Performance of AI Multi-Model

The Al-powered multi-model ensemble outperformed both traditional clinical scoring and single-modality models.
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e Al Multi-Model (All Data):
e AUC: 0.91 (95% CI: 0.89-0.93)
e Sensitivity: 86.2%
e Specificity: 84.1%
e Positive Predictive Value (PPV): 54.5%
e Negative Predictive Value (NPV): 97.3%
e Calibration (Hosmer-Lemeshow p): 0.48 (well-calibrated)
¢ Single-Modality Deep Learning (EHG only):
e AUC: 0.81 (95% CI: 0.77-0.85)
e  Sensitivity: 75.5%
e Specificity: 80.2%
e Traditional Clinical Risk Score:
e AUC: 0.68 (95% CI: 0.64-0.72)
e  Sensitivity: 59.1%
e Specificity: 75.7%

External validation on an independent cohort (n=400, PTB rate 13.8%) confirmed the robustness of the Al multi-model,
with an AUC of 0.89 (95% CI: 0.86-0.92) and similar sensitivity/specificity.

As shown in Table 1, the statistically significant differences in AUC confirm that the improved performance of the Al
Multi-Model is unlikely to be due to chance, underscoring the value of multiomics integration.

Model Comparison AUC Difference 95% CI p-value
Al Multi-Model  vs.

EHG-only 0.10 0.07-0.13 <0.001
Al Multi-Model = vs. | 0.20-0.26 <0.001
Clinical Score

EHG-only vs. Clinical |, |5 0.09-0.17 0.004

Score

Incremental Value of Multiomics Integration

Stepwise model comparison showed:
¢ Adding proteomics and metabolomics data to clinical and genomics inputs improved AUC from 0.78 to 0.88.
e  Microbiome features further boosted AUC to 0.91.

e The attention-based fusion layer improved prediction in subgroups, such as women with no prior PTB (AUC:
0.89 vs. 0.79 for clinical-only).

Feature Importance and Biological Insights

e Top predictors (by SHAP ranking): cytokine IL-6 levels (proteomics), specific vaginal microbial species
(Lactobacillus depletion), PFKFB3 pathway activation (metabolomics), cervical length (clinical), and certain
fetal gene expression profiles.

e Explainable Al methods highlighted dynamic interactions: for example, a combination of elevated inflammatory
cytokines and altered vaginal microbiome in the second trimester predicted PTB risk with 92% sensitivity.

e  Temporal analysis showed risk scores could be updated with each prenatal visit, and early warning at 20 weeks
gestation was achievable in 78% of PTB cases.

Comparative Outcomes

e The multi-model AI system reduced false negatives by 41% compared to clinical scoring, enabling earlier and
more confident risk stratification.
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Integrating Ai-Powered Multiomics for Personalized Prediction and Management of

Pregnancy Complications In 2025

e  When implemented in a simulated workflow, the model flagged 28% more true PTB cases for enhanced
surveillance and intervention.

Comparison of Model Performance

. AUC
1.0} B Sensitivity
"7 | = Specificity

0.8

0.6

Score

0.4

0.21

0.0

Al Multi-Model DL (EHG only) Clinical Score

Figure 2: Compares AUC, sensitivity, and specificity across three model types—AI multi-model ensemble, deep
learning on EHG only, and traditional clinical risk score. The AI multi-model clearly outperforms the others
across all metrics.

. AUC Improvement with Multiomics and Al Integraticn

0.95¢f

0.91 0.91
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Figure 3: Shows how AUC improves as each data type (genomics, proteomics/metabolomics, and microbiome) is
added, culminating in the full AT multi-model. You can see a clear stepwise improvement, highlighting the value of
multiomics integration and advanced AI modelling.
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Table 2. Predictive Performance of Models for Preterm Birth Prediction, Including External Validation

epe s epe s PP NP Hosmer- External External External
AUC Sensitivit | Specificit e . e e
Model (95% CI) (%) (%) \% \% Lemesho AUC Sensitivit | Specificit
’ yase yase (%) | (%) |wp 95% CD | y (%) y (%)
Al
Multi-
Model 0.91 (0.89- 86.2 84.1 54.5 1973 | 048 0.89 (0.86— 85.0 82.7
0.93) 0.92)
(All
Data)
Deep
Learnin | 0.81 (0.77— 0.79 (0.74—
¢ (EHG | 0.85) 75.5 80.2 442 | 94.8 | 0.37 0.83) 73.1 78.4
only)
Clinical
Risk 0.68 (0.64- 59.1 75.7 29.7 1 90.1 | 0.32 0.67 (0.62— 56.0 74.9
0.72) 0.71)
Score
Highlights

e The novel Al-powered multi-model ensemble achieved AUC > 0.90 for preterm birth prediction, a marked
improvement over previous single-data or rule-based approaches.

e  Multiomics integration and data fusion contributed up to 13 percentage points increase in AUC compared to
models using only clinical or EHG data.

e The approach enabled personalized, dynamic risk assessment throughout pregnancy and improved early
warning in both high- and low-risk groups.

Ethics and Bias Mitigation

The deployment of Al-powered multiomics models in obstetric care raises important ethical, equity, and governance
considerations. While the proposed ensemble framework demonstrates strong predictive performance, its real-world
application must ensure that clinical benefits are distributed equitably and without exacerbating existing healthcare
disparities. This requires proactive bias mitigation strategies at every stage of the model lifecycle.

Bias Identification and Dataset Diversity: To reduce the risk of algorithmic bias, training and validation datasets were
drawn from multiple tertiary care centers with deliberate inclusion of ethnically and socioeconomically diverse
participants. However, underrepresentation of certain subpopulations—such as women from rural or low-resource
settings—remains a limitation. Future work will incorporate targeted recruitment and synthetic data augmentation to
address these gaps.

Fairness-Aware Model Development: Model training incorporated stratified sampling and subgroup performance
monitoring to detect disparities in predictive accuracy across demographics. Threshold optimization was explored
separately for high- and low-risk subgroups to avoid systematically higher false negative rates in vulnerable populations.

Transparency and Explainability: The model employs SHAP and Integrated Gradients to provide clinicians with
interpretable feature attributions, supporting informed decision-making and patient counseling. Efforts were made to
translate feature importance scores into clinically relevant language and integrate them into prototype decision-support
dashboards.

Data Privacy and Security: All biospecimens and clinical records were processed in compliance with GDPR and
HIPAA-aligned protocols. Data were de-identified prior to model training, and secure, access-controlled infrastructure
was used for data storage and computation.

Regulatory and Ethical Oversight: The study protocol received institutional review board approval, and any future
clinical deployment will be guided by established regulatory frameworks, such as FDA’s Good Machine Learning
Practices (GMLP). Continuous post-deployment monitoring, with periodic bias audits and stakeholder feedback, will be
essential to maintain trust and safety.

By embedding these ethical safeguards into both model design and deployment strategies, the proposed system aims to
balance predictive performance with fairness, accountability, and patient autonomy—key prerequisites for the
responsible adoption of Al in precision obstetrics.
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5. LIMITATIONS AND FUTURE WORK

While this study demonstrates the substantial predictive advantage of integrating multiomics, clinical, and physiological
data via a novel Al multi-model ensemble, several limitations must be acknowledged:

1. Data Acquisition and Generalizability — The dataset was derived from three tertiary perinatal centers with
robust laboratory and sequencing infrastructure. This may limit generalizability to low-resource settings where
comprehensive multiomics profiling is not routinely feasible.

2. Computational Complexity — The proposed ensemble framework, particularly with attention-based fusion and
multi-modal deep learning components, is computationally intensive. Real-time clinical deployment may require
model optimization, hardware acceleration, or cloud-based inference pipelines.

3. Potential Cohort and Sampling Bias — Despite efforts to ensure ethnic and clinical diversity, certain
subpopulations (e.g., women with rare comorbidities) remain underrepresented, potentially affecting model
performance for these groups.

4. Longitudinal Validation — While external validation was conducted on an independent cohort, the model has
not yet been prospectively tested in ongoing pregnancies to assess dynamic risk updates in real-world clinical
workflows.

5. Interpretability Challenges — Although explainability tools such as SHAP and Integrated Gradients were used,
deep learning fusion models remain complex for routine clinical interpretation, which could impact trust and
adoption among healthcare providers.

Future Work will focus on several key areas:

1. Prospective Multi-Center Trials — Implementing the model in diverse clinical environments, including
community hospitals and low-resource settings, to assess performance and refine workflows.

2. Cost-Benefit and Feasibility Analysis — Evaluating the financial, logistical, and clinical trade-offs of
incorporating multiomics profiling into standard prenatal care.

3. Model Simplification and Edge Deployment — Developing computationally efficient versions of the model for
bedside or point-of-care use, possibly using model distillation or federated learning approaches.

4. Integration with Electronic Health Records (EHRs) — Automating data ingestion from clinical systems and
providing dynamic risk dashboards for obstetric care teams.

5. Ethical and Regulatory Frameworks — Ensuring compliance with data privacy regulations, addressing
potential algorithmic bias, and establishing clear guidelines for Al-assisted clinical decision-making in obstetrics.

Reproducibility & Data Availability

Code & Models. We will release all training/inference code, configuration files, and model weights under an OSI-
approved license. A permanent archive (e.g., Zenodo) will mirror the GitHub repository and assign a DOIL. A “v1.0” tag
will correspond to the results in this manuscript.

Environment. A container (Dockerfile) and lockfiles (e.g., requirements.txt, environment.yml) will reproduce the
software stack (OS, CUDA/cuDNN if used, language/runtime versions). We provide deterministic seeds and note any
known nondeterministic ops.

Data.
e Raw data: Sharing of raw clinical/EHR and identifiable ‘omics is restricted by IRB/DUA.

e Shareable artifacts: We will provide (i) de-identified, processed feature matrices for each modality, (ii)
metadata dictionaries, and (iii) stratification labels (train/val/test and site IDs). If restrictions persist, we will
release synthetic but statistically faithful datasets to support pipeline execution and unit tests.

e Access: Bona fide researchers may request controlled access to raw data through our data access committee,
subject to IRB/DUA compliance.

Preprocessing Pipeline. Complete scripts for QC, normalization, batch correction, feature selection, and leakage-safe
scaling are included. Each step logs checksums and produces versioned artifacts. We supply a flowchart and a
make/Snakemake pipeline for end-to-end runs.

Training & Evaluation.
e Exact cross-validation folds and the external-site split are provided.

e  Primary metric: AUC; secondary: calibration (ECE/Brier), sensitivity/specificity at clinically relevant thresholds,
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decision-curve analysis.

e  We include ablation protocols (per-modality removal) and permutation tests. DeLong tests compare ROC curves
with full reporting.

Model Reporting. We provide a model card covering intended use, out-of-scope settings, performance stratified by site
and key subgroups, uncertainty estimates, and known failure modes.

Bias, Fairness, and Safety. Subgroup performance (e.g., by age group, parity, and other clinically appropriate strata) is
reported with confidence intervals. We describe mitigation steps (reweighting, threshold audits) and any residual
disparities.

Governance & Ethics. IRB protocol numbers, consent procedures, and de-identification methods are documented. We
specify data retention and deletion policies.

Limitations of Reproducibility. Assay platform differences and site-specific preanalytical variables may affect
transportability. We therefore provide (i) domain-shift diagnostics and (ii) a lightweight recalibration recipe for new sites.

6. CONCLUSION

We present a rigorously validated multimodal framework that integrates full-stack ‘omics with clinical variables and
EHG for preterm-birth prediction. Across internal and external evaluations, the fused approach consistently exceeded the
performance of single-modality baselines and showed favorable calibration and decision-curve profiles. The ablation and
explainability analyses suggest that biochemical signatures (proteome/metabolome) and microbial features complement
electrophysiology and routine clinical data in clinically meaningful ways.

We avoid absolute novelty claims; instead, we position this work among the first comprehensive demonstrations of full
multi-omics + clinical + EHG fusion evaluated on a held-out site. Key practical next steps include: (i) preregistered,
prospective, multi-site validation with clearly defined triggers for intervention; (ii) a cost-benefit and workflow feasibility
analysis (sampling logistics, turnaround time, and assay standardization); and (iii) releasing a fully reproducible software
package and model cards to enable independent verification and safe translation. With these steps, the approach can
progress from promising accuracy to measurable clinical impact.
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