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Abstract: Objective To develop a predictive model integrating clinical features, deep learning (DL), and radiomics based on
T,-weighted imaging for prenatal assessment of postpartum hemorrhage (PPH) risk in high-risk pregnant women. Methods A
total of 538 pregnant women with ultrasound-reported high-risk placenta accrete were retrospectively enrolled and divided
into training, internal test, and external test cohorts. A nnUNet model was trained for automatic placental segmentation.
Univariate and multivariate analyses were conducted on clinical features to identify those associated with PPH. Quantitative
radiomic features were extracted from the placental region, and a random forest model was developed to predict estimated
blood loss (EBL) and PPH risk. A DenseNet-based multi-task DL model was trained to predict PPH risk, EBL, and placenta
previa status. Finally, a DL-radiomics ensemble (DRE) model was constructed by integrating clinical features, DL outputs,
and radiomics scores. Diagnostic performance was evaluated using the area under the receiver operating characteristic curve
(AUC) and DeLong test. Results The DRE model achieved AUC values of 0.874 (95% CI: 0.792-0.951) and 0.836 (95% CI:
0.648-0.974) in the internal and external test cohorts, respectively, significantly outperforming the standalone clinical, DL,
and radiomics models. Incorporation of EBL regression improved the performance of the PPH classification model, with the
external test AUC increasing from 0.261-0.788 to 0.836. Conclusion The DRE model integrating DL and radiomics can
efficiently predict PPH risk and assist in the clinical management of high-risk pregnancies.
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Figure 1 Recruitment flowchart
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Figure 2 Flowchart of DL-radiomics ensemble model constructed with automatic segmentation
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Table 1 Baseline characteristics of the pregnant women in different cohorts
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AR 33.7+4.6 33.3+4.7 0.508 33.443.6 32.8+43 0.579 36.6+2.9 352439 0.662
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PERAR 1.9+0.6 1.8+0.7 0.089 1.7£0.5 1.8+0.8 0.893 1.6+0.8 0.8+0.7 0.008
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Table 2 Performance of different models for PPH prediction
sk ARSI AR SRR
I PRAE 51 DLAEA!  SPARAAFHR  DREAEH Ik PRAS 25 DLAER  SAR%#8  DREfA
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Figure 3 DL automatic segmentation results, MRI features, and Grad—CAM interpretability
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Table 3 Results of the ablation study of DL and radiomics

o TS5y PRI A AR
PPH432% EBLIEIH  PP{5E AUC(95% CI) BA AUC (95% CI) BA
R 0.778(0.670~0.877) 0.738  0.261(0.069~0.473) 0.533
N 0.818(0.698~0.927) 0.785  0.722(0.481~0.927) 0.773
DL DenseNet
0.786(0.672~0.884) 0.723  0.752(0.555~0.923) 0.763
N 0.860(0.762~0.940) 0.783  0.758(0.542~0.939) 0.776
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Figure 4 ROC curves of different methods over the internal and external test cohorts
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Figure 5 SHAP analysis in the radiomics model
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