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ABSTRACT

Objective Based on the fusion technology of multimodal magnetic resonance imaging and deep
learning, two convolutional neural network models, DenseNet121 and InceptionV3, are constructed to
achieve early and accurate diagnosis of neonatal acute bilirubin encephalopathy. Methods Continuous
T1-weighted imaging (T1WI), T2-weighted imaging (T2WI), and apparent diffusion coefficient (ADC)
maps covering the globus pallidus region were selected as inputs for the convolutional neural network
(CNN). Four models—DenseNet121 (with SoftMax), InceptionV3 (with SoftMax), DenseNet121+SVM,
and InceptionV3+SVM—were trained on the three single-modal datasets (TIWI, T2WI, and ADC)
to compare the performance of different classifiers. Based on the deep features extracted by
DenseNet121 and InceptionV3, a support vector machine (SVM) classifier was employed to evaluate
different feature fusion strategies. A five-fold cross-validation approach was used to assess the models'
generalization ability, while classification performance was evaluated using metrics including the
area under the curve (AUC), sensitivity, specificity, accuracy, precision, and F1-score. Results Among
single-modal features, InceptionV3+SVM and DenseNet121+SVM exhibited the highest AUC values
on T1WI, followed by T2WI, with ADC performing the lowest. For dual-modal feature fusion, both
InceptionV3+SVM and DenseNet121+SVM achieved higher AUC values than any single-modal feature.
In multimodal feature fusion (TIWI+T2WI+ADC), the AUC value surpassed those of both single-modal
and dual-modal features, with DenseNet121+SVM demonstrating the best performance—achieving
an AUC of 0.8730 and an accuracy of 88.17%. Conclusion Multimodal MRI combined with deep learning
provides objective imaging evidence for the early diagnosis and timely treatment of neonatal acute
bilirubin encephalopathy.

Keywords: Acute Bilirubin Encephalopathy; Globus Pallidum,; Magnetic Resonance Imaging; Machine
Learning; Deep Learning
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