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Classification method for sacroiliac joint diseases based on
multi—-instance learning and redundancy suppression

YAN Jianhong, ZHANG Lei

(College of Computer Science and Technology, Taiyuan Normal University, Jinzhong 030619, Shanxi, China)

Abstract: The precise classification of sacroiliac joint diseases is of great significance for clinical diagnosis and treatment.
However, existing computer—aided diagnosis methods based on CT images have problems such as the difficulty of fine—grained data
annotation, information redundancy between consecutive CT slices, and uneven spatial distribution of key pathological features. To
address these issues, this paper proposes a sacroiliac joint disease classification model based on multi—instance learning, which can
achieve disease classification with only patient—level annotations of CT data. A cosine similarity discrimination module is designed
to dynamically eliminate highly similar redundant slices through a sliding window. An anatomy-guided Gaussian weighting module
is constructed, which assigns higher weights to features in key regions based on the prior knowledge that sacroiliac joint lesions are
concentrated in the middle slices. A parallel attention mechanism of channels and space is utilized to enhance the expression ability
of lesion-related features. Experimental results show that compared with traditional MIL methods, this model can effectively reduce
redundant computations, improve reliability, and provide an effective solution for medical image classification tasks with simple
annotations, high redundancy, and uneven feature distribution.
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Fig. 2 Comparison of slice differences between different layers
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Fig. 3 CT slices of the sacroiliac joint at different segments
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Fig. 4 Parallel attention structure
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Table 1 Comparison of model performance under different k
values
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Table 2 Classification performance of each method on the
sacroiliac joint dataset

e HEERE BREE EHE S0/
Maxpooling—MIL 0. 740 0.714 0. 681 21.8
ABMIL! 0.740 0.753 0.724 23.5
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PSA-MIL!"! 0. 766 0.779 0.780 25.1
CLAM!? 0.731 0.774 0.787 24.8
TransMIL2! 0.727 0.736 0.747 30.3
AL 0.818 0. 805 0. 830 24.5
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Table 3  Ablation experiment results on the sacroiliac joint CT
dataset
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