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Development of a Method for Extracting Representative CT Slices of
Interstitial Pneumonia using 2D Image Classification Model
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Background: Interstitial pneumonia is a general term for diseases that cause inflammation and fibrosis, mainly in
the interstitium of the lung, and includes a variety of disease types. Although histopathological diagnosis by surgical
lung biopsy is required to determine the prognosis and treatment strategy, we expect deep learning chest CT models
to play an essential role as a diagnostic tool for non-invasive examination.

Purpose: To obtain positional markers from chest CT images of patients with interstitial pneumonia to determine
representative slices used in training models to predict severity and prognosis.

Methods: We used chest CT images of 472 patients diagnosed with interstitial pneumonia. We manually selected
apical lung, tracheal bifurcation, and the upper diaphragm as the target class for extraction for each case. By
assigning the remaining slices to different classes, we defined each as an independent binary classification task and
constructed three separate models. Data augmentation and loss function sample weighting were applied to support
training on imbalanced data.

Results: In the apical lung model, EfficientNet-b4 achieved a precision of 95.1%. In the tracheal bifurcation model,
DenseNet-169 achieved a precision of 95.6%. In the upper diaphragm model, EfficientNet-b4 achieved a precision

of 93.7%.

Keywords: Deep Learning, Computed Tomography, Interstitial Pneumonia
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