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Fusion position encoding in Alzheimer’s disease diagnosis and

visualization of pathological regions

GE Wei, LIU Ruxuan, TANG Qiling’
(College of Biomedical Engineering, South-Central Minzu University, Wuhan 430074, China)

Abstract The early diagnosis of Alzheimer’s disease (AD) is the leading cause of dementia worldwide is critical for
timely treatment to slow further deterioration. Visualization of pathological features in AD brain regions is of great value for
clinical applications. In this work, a Position Encoding Full Convolutional Network (P-FCN) model based on a local brain
structure learning strategy is designed, which is constructed and migrated to the overall sMRI image model to generate
high-resolution probabilistic maps of pathology. In this regard, position encoding is performed by aligning all image
templates to a standard space so that the positions of brain images can be represented using a uniform Cartesian space and
combining position information from coronal, sagittal and axial planes to generate 3D position encoding. The P-FCN model
fuses the position response with pathological features and applies the learned pathological probability maps to the
classification model. The classification model uses a CNN-BiLSTM network based on an attention mechanism to learn
associations between different regions of image data, between multimodal data, and to improve the sensitivity of the model
to important parameters. The model is trained and tested using the ADNI dataset, and the model generalization ability is
validated using independent datasets (AIBL, NACC). The corresponding pathological regions were captured between
different datasets and showed good diagnostic performance, demonstrating the effectiveness and good generalization ability

of the method in visualizing pathological regions and disease diagnosis.
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Tab. 1 Demographic and clinical information on trial data
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Tab. 2 Performance of CNN-BiLSTM classification model based on attention mechanism

Dataset Accuracy Sensitivity Specificity F1-scroe MCC
ADNI 0.8575+0.0213 0.8463+0.0624 0.8667+0.0233 0.8414+0.0291 0.7142+0.0454
sMRI AIBL 0.8970+0.0149 0.6129+0.0334 0.9715+0.0130 0.6187+0.0465 0.5793+0.0596
NACC 0.8142+0.0105 0.7882+0.0282 0.8384+0.0426 0.8038+0.0067 0.6295+0.0216
ADNI 0.9592+0.0155 0.9722+0.0227 0.9485+0.0435 0.9559+0.0153 0.9204+0.0286
Multimodel AIBL 0.9475+0.0080 0.8677+0.0087 0.9629+0.0103 0.8433+0.0197 0.8127+0.0238
NACC 0.8881+0.0184 0.9234+0.0122 0.8552+0.0461 0.8890+0.0153 0.7801+0.0337
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