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Abstract: A high-efficiency and accurate intelligent early screening model for ovarian cancer is established to address the
problems of hidden early lesions and low clinical screening accuracy, thereby improving early screening precision and patient
prognosis. This study used multimodal medical images as core inputs, and prioritizes the fusion of two complementary
modalities: magnetic resonance imaging (MRI) and ultrasound. Following image preprocessing, including format unification,
noise removal and enhancement, lesion segmentation, and feature standardization, a deep learning-based intelligent screening
model is constructed. This model extracts deep features of ultrasound and MRI images separately by convolutional neural
networks, realizes feature-level fusion using an attention mechanism, and completes a three-category prediction of normal
ovary, benign lesion and early ovarian cancer through a Softmax classifier. Results demonstrated that the proposed model
outperforms single-modal screening models in terms of sensitivity, specificity, accuracy and area under the ROC curve for
early ovarian cancer screening, effectively reducing missed diagnosis and misdiagnosis. The proposed model can provide
reliable intelligent technical support for early clinical screening of ovarian cancer, demonstrating favorable clinical
application value and promotion prospects.
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Table 1 Optimal hyperparameters of the model
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