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Abstract

INTRODUCTION: Accurate classification of neonatal HIE severity is essential for clinical decision-making and outcome prediction
[1]. While existing scoring systems have shown strong predictive potential, they are time-consuming and prone to observer variability
[2, 3]. Automating scoring through advanced imaging could lead to more consistent assessments. Namely, this study investigates
whether refined brain region segmentations enhance HIE classification accuracy. Using a public neonatal dataset and a clinical
cohort, we study the added value of region-specific segmentation in distinguishing mild from severe cases.

METHODS: Automatic segmentation. The nnU-Net [4] was trained on 679 annotated T2- and T1-weighted MRI volumes from the
developing Human Connectome Project dataset [5] to segment 12 neonatal brain regions, including 6 clinically relevant for HIE,
White Matter (WM), deep Gray Matter (dGM), Posterior Limb of the Internal Capsule (PLIC), Basal Ganglia (BG), and Thalamus with
high (Th-H) and low (Th-L) intensity [1]. The model was trained for 500 epochs using default nnU-Net 2D settings and applied to a
clinical dataset of 71 neonates with mild to severe HIE. Classification of severity. The clinical dataset was slightly imbalanced, so
a 3-fold stratified cross-validation was used. Various classification experiments were conducted: (1) Deep Learning (DL) Classification.
A DenseNet model was trained using two aproaches: (a) 2D, pretrained on ImageNet and (b) 3D, no pretraining available. In both
cases, extensive tests were performed to optimize the hyperparameters for maximized performance. (lI) Radiomics classification.
Features were extracted using Pyradiomics [6] removing features with correlation > 0.9 from: (a) A whole-brain mask and (b) The 6
HIE-relevant regions. We conducted two experiments: one with feature selection and another without. For the former, mutual
information analysis was applied, retaining features with values greater than 0.2 for T2- and 0.1 for T1-weighted images. Additionally,
ridge («=0.01) and Lasso («=0.1) regularization were respectively applied to T2 and T1 features. Furthermore, ANOVA-based feature
selection was used to identify the five most important features. An ensemble approach combining, including Random Forest, Logistic
Regression, Gradient Boosting, and Multiayer Perceptron, was adopted to improve robustness and reduce model bias.

RESULTS & DISCUSSION: Segmenting the six key regions improves prediction accuracy, AUC, and G-Mean compared to using
only a whole-brain mask (Fig. 1, left), emphasizing the relevance of region-specific analysis. Feature selection is not strictly
necessary, as models without it perform similarly, though selecting five key features slightly enhances T1-based predictions,
warranting further study. Supervised DL results were comparable to radiomics when using a whole-brain mask, suggesting that DL
does not inherently outperform radiomics under these conditions. Incorporating segmentations in DL models may improve
performance, though a larger cohort could be needed. Directionality of key features identified by SHAP (Fig. 1, right) appears
potentially consistent with trend towards lower image conspicuity from PLIC myelin and abnormal thalamic intensities in the presence
of lesion [7]. Similarly promising results have been reported by other approaches [8]. However, data and pipeline standardization for
automatic lesion detection in HIE is an on-going work, demanding further statistical analysis and validation, to which we expect to
contribute with our future research.
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Figure 1 — (Left) Summary of DL and radiomic results using T2 and T1. 'Rad’: radiomic experiment with a whole brain mask. 'Rad Segs’:
radiomic experiment with the 6 clinically relevant regions. (Right) Beeswarm plot of SHAP values showing most important features for
both modalities. Higher SHAP values (shift to the right) are associated with more severe lesions.
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