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Introduction 
Despite the wide variety of findings that can be seen in a chest radiograph, most algorithms for automated classification of 
chest radiographs targeted limited number of findings. In this study, we developed a convolutional neural network (CNN) 
model that comprehensively detects a wide variety of visual findings from nonselective chest radiographs. 
 
Hypothesis 
By using automated labels from natural language processing (NLP) that detects most findings of chest radiographs from 
radiology reports, a comprehensive CNN model can be trained for multiclass image classification. 
 
Methods 
To extract keywords, we first developed a rules-based algorithm that matched the reports to our vocabulary that included 
all RadLex terms and terms manually added by manual review of reports. The vocabulary included 3373 visual findings, 
587 devices, and 423 procedures. Negated and past findings were detected with a modified version of the NegEx 
algorithm. By using this algorithm, we extracted keywords from randomly selected 10,000 chest radiograph reports. Two 
radiologists and an internist reviewed every keyword and categorized them with consensus. The “clinical” class included 
four categories; history, clinical diagnosis, procedure, and foreign body. History and clinical diagnosis classes were not 
used for image labels, because they often describe conditions not visualized in a chest radiograph. The “finding” class 
included 12 categories; lung opacity, decreased lung density, hypoaeration, airway disease, cavity, pleural finding, 
cardiomegaly, hilar/mediastinal finding, aortic lesion, abdomen/diaphragm, fracture, and non-fracture skeletal finding. 
Lung opacity was further categorized into 5 subcategories, decreased density into 3 subcategories, and pleural finding 
into 2 subcategories. Of the 1037 keywords analyzed, 197 keywords were not assigned to any category. The rest of 3,346 
keywords that did not appear in the 10,000 reports were also no categorized. Based on the keywords and categories from 
radiology reports, we labeled training data with the categories and used it to train a multiclass classification CNN model. 
Radiographs of which the report did not include any keyword were labeled “no finding”. The training data was made from 
25,317 randomly selected chest PA images from consecutive cases obtained from our institutional database. To validate 
the model, a radiologist and an internist manually reviewed 622 chest radiograph reports and labeled them to be used as 
a test dataset. 
 
Results 
The average area under the receiver operating characteristic curve (AUROC) was 0.800 across 21 categories including 
subcategories. The highest AUROC was achieved at 0.936 (95% confidence interval (CI), 0.909-0.964) for pleural 
effusion, and the lowest AUROC was 0.653 (95% CI, 0.366-0.941) for cavity. The AUROC for classifying “no finding” 
radiograph was 0.787 (95% CI, 0.747-0.827). The ROC curves for most common six categories are shown in figure 1. 
Examples of keywords, frequency of each category, and AUROC for the image classification model is shown in table 1. 
 
Conclusion 
A comprehensive deep learning model that classifies nonselective chest radiographs can be developed by automated 
labeling of radiology reports. 
 
Statement of Impact 
This algorithm may be used for triaging chest radiographs with for screening of large populations in a setting that lacks 
trained radiologists. 
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Category Keywords Frequency AUROC 

Clinical 
   

History contusion, injury, tachypnea, trauma, wound 50 (0.2%) N/A 

Procedure sternotomy, tracheostomy, valve replacement, postoperative, 
transplantation 

3751 
(14.8%) 

0.901 

Clinical Diagnosis infection, metastatic disease, hemorrhage, lung disease, lung 
cancer 

883 (3.5%) N/A 

Foreign body tip, tube, line, catheter, endotracheal tube 7167 
(28.3%) 

0.864 

Findings 
   

Cardiomegaly enlargement, cardiomegaly, pericardial effusion, megaly, 
enlarged 

1235 (4.9%) 0.858 

Fracture fracture, compression deformity, fracture deformity, 
compression fracture, compression 

1134 (4.5%) 0.660 

Pleura pleural effusion, pneumothorax, blunting, pleural thickening, 
pleural fluid 

3054 
(12.1%) 

0.936 

Lung opacity atelectasis, opacity, pulmonary edema, pneumonia, aspiration 9477 
(37.4%) 

0.767 

Decreased 
opacity 

emphysema, hyperinflation, hyperlucency, hyperexpansion, 
pneumatocele 

664 (2.6%) 0.801 

Hilar/ mediastinal hiatal hernia, pneumomediastinum, lymphadenopathy, hernia, 
adenopathy 

538 (2.1%) 0.704 

Non-fracture 
skeletal 

osteopenia, scoliosis, kyphosis, dextroscoliosis, osteophytes 1548 (6.1%) 0.649 

Aorta atherosclerotic calcification, vascular calcification, tortuosity, 
atherosclerosis, aortic calcification 

1575 (6.2%) 0.758 

Hypoaeration low lung volumes, decreased lung volumes, reduced lung 
volumes, small lung volumes, hypoinflation 

645 (2.5%) 0.798 

Airway disease cuffing, bronchial wall thickening, bronchiectasis, bronchiolitis, 
bronchitis 

1075 (4.2%) 0.814 

Abdomen/ 
diaphragm 

eventration, pneumoperitoneum, free air, free gas, gallstone 203 (0.8%) 0.784 

Cavity air-fluid level, cavitation, cavitary lesion, cyst, cavitary 53 (0.2%) 0.653 

Uncategorized thickening, fluid, prominence, lucency, volume loss 3212 
(12.7%) 

N/A 

No finding 
 

10457 
(41.3%) 

0.787 

Table 1. Examples of keywords, frequency of each category in training data, and AUROC of multiclass image 
classification model. Only top 5 keywords in each class by frequency in 10,000 sample reports are shown. 
Frequency is counted from 25,317 reports used for training of the image classification model. 



 
Figure 1. Receiver operating characteristic (ROC) curves for the most common 6 categories. 


