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Abstract

Objective: To analyse the value of identifying periprosthetic infection and loosening after hip
arthroplasty based on the ResNet migration learning model. Methods: The data for this study were
obtained from 206 patients who underwent total hip revision surgery between January 2015 and
December 2022 at the Department of Orthopedics, Shanghai Sixth People’s Hospital. These pa-
tients underwent revision surgery due to periprosthetic infection or loosening of the prosthesis
after hip arthroplasty, and postoperative X-ray images of the patients’ hip arthroplasty were col-
lected. The migration learning method was used to identify the infection and loosening around the
hip prosthesis, and ResNet18 and ResNet50 migration learning models were established respec-
tively, and the models were visualised and analysed using the SHAP method. Results: By compar-
ing the migration learning experiments with the models of two different networks, the following
results were obtained: the migration learning model based on the ResNet18 network showed a
significant advantage in identifying the infection and loosening around the hip prosthesis after hip
arthroplasty, and the accuracy of the model reached 91.30%, the sensitivity was 95.94%, the spe-
cificity was 87.50%, and the AUC was 93.94%. These metrics demonstrated the accuracy and re-
liability of the model in differentiating between these two complications. A Delong test was also
performed, and the difference in AUC between the ResNet18 network model and the ResNet50
model was statistically significant (p < 0.05). Conclusion: The aim of this paper is to establish a
migratory learning diagnostic model to provide a method for the diagnosis of periprosthetic infec-
tion and loosening after early clinical hip arthroplasty.
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Figure 2. Schematic of image enhancement
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Figure 4. Residual connection
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Table 1. Experimental hardware and software configuration
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BIERS Windows11
CPU AMD Ryzen 5 5600
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FRES Python3.8.3
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THE Numpy1.14, matplotlib3.0.2 %%
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Table 2. Model parameters
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KHZH Vg
Epoch 300
image_size 224
batch_size 32
PR CrossEntropyLoss()
Ak a4 Adam()
learning rate 0.0001; step_size =5; gamma=0.5
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Table 3. Results
< 3. LIHR

A AUC T 2E(%) R (%) R B (%)
ResNet18 0.9394 91.30% 95.45% 87.50%
ResNet50 0.8996 89.13% 91.30% 86.96%
Confusion Matrix Confusion Matrix
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Figure 5. Confusion matrix for transfer learning models
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Figure 6. AUC curves for transfer learning models
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Figure 7. ResNet18 accuracy vs. loss iteration curve
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