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A study on the impact of relieving the imbalance in data
distribution between classes using PGGAN synthetic medical
X-ray data on X-ray disease diagnostic classification accuracy.

Haengbok Chung*, SaeYoun Choi*, and Hieonn Kim*
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Abstract

When building an artificial intelligence diagnostic model in the medical field, obtaining even and abundant X-ray
data for model learning is still a challenging task. However, since detailed subtle differences are important due to the
nature of X-ray data, there is also an opinion that data using GAN will adversely affect the performance of the
model. Therefore, we tried to create a composite image using PGGAN, alleviate Class Imbalance through this, and
study how Class Imbalance mitigation through such composite data affects the accuracy of the disease Classification
model. As a result, the test binary Accuracy was 96.9% when the augmented image was not used, while the
classification accuracy was improved to 97.1% as a result of performing disease classification using the augmented
image. In addition, it was confirmed that AUROC increased in all diseases, significantly improving from 0.7848 to
0.8412 in the average AUROC of all diseases.
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Fig. 1. Data distribution before using PGGAN
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Table 1. Experimental data sets for PGGAN
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Cardiomegaly 1093
Consolidation 1310
Edema 628
Emphysema 892
Fibrosis 727
Pneumonia 322
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Fig. 2. Data distribution after using PGGAN
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Fig. 4. Generated X-ray data using PGGAN
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Table 2. Structure of classification model
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Table 3. Test Accuracy before and after using PGGAN data
Test Binary Accuracy
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Table 4. AUC before and after using PGGAN data

Disease L™ AUC | 3E= AUC
Cardiomegaly 0.838 09
Emphysema 0.87 092

Effusion 0.867 0895

Hernia 0.65 0877

Infiltration 0.702 0.723

Mass 0.804 0.861
Nodule 0.691 0.774
Atelectasis 0.784 0.826
Pneumothorax 0.851 0.903
Pleural Thickening 0.757 0812
Pneumonia 0.691 0.736

Fibrosis 0.764 0.828

Edema 0.899 0.897
Consolidation 0.819 0.825

Average 0.7848 0.8412
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