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Despite the development of advanced imaging techniques 
such as CT and MRI, chest radiography remains an important 
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diagnostic tool because of its advantages including low 
cost, short scan time, and broad indications [1]. In daily 
practice, chest radiographs are commonly used for health 
check-ups, preoperative risk assessments, routine screening 
before hospitalization, and evaluation of patients with 
symptomatic cardiopulmonary diseases [2]. As chest 
radiographs often do not contain remarkable abnormalities 
and yet their analysis requires careful examination of 
complex structures, there is considerable risk of readers 
neglecting abnormalities [1,3]. The heavy workload posed 
by the large number of examinations present further 
difficulties for radiologists. Therefore, artificial intelligence-
based computer-aided diagnosis (AI-CAD) can improve the 
efficiency and accuracy of radiologists for diagnosis by 
serving as a second opinion [1,4,5].

In addition, AI may help referring clinicians with chest 
radiography in daily practice [6,7]. An official radiology 
report may not be available when a clinician observes a 
chest radiograph. In such situations, the medical decision 
made with radiography is based on the reading of the 
referring clinicians’ instead of radiologists, which may 
happen especially in an outpatient clinic or emergency 
room. Depending on the experience level, referring 
clinicians sometimes may lack confidence about their 
interpretations of chest radiograph and may unintentionally 
fail to consult specialists in pulmonology or thoracic surgery 
[8]. Also, they may request unnecessary CT scans or follow-
up imaging examinations due to concern about overlooking 
patient’s problems. Currently, expectations about AI have 
grown, and referring clinicians realize that AI might be 
able to support their decision-making process [9,10]. Many 

Take-home points
• �For referring physicians, preliminary reports

generated by artificial intelligence-based
computer-aided diagnosis (AI-CAD) for chest
radiography may provide immediate help for both
outpatient and inpatient care.

• �For radiologists, AI-CAD can enhance workflow by
prioritizing the worklist according to the predicted
imaging findings, shortening the reporting time,
and increasing the overall diagnostic performance.

• �For the successful implementation of AI-CAD,
accuracy, and immediate availability of AI
results, software platforms providing enhanced
worklist and user-modifiable configuration, and
engagement with AI by radiologists when reading
images in practice are needed.
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non-radiologist clinicians expect that AI may enable more 
effective disease screening and timely targeted consultation 
or referral of patients to relevant specialists and believe 
that their practice will improve with the introduction of 
AI systems [8]. In the same context, a recent consensus 
statement pointed out that AI for chest radiography could 
function as an assistant tool for radiologists and a decision-
support tool for non-radiologist clinicians [4].

Various commercially available AI-CAD tools have 
demonstrated successful transitions from research to clinical 
practice through technical advances in deep learning for 
medical imaging [4,11,12]. The performance of AI systems 
approved by regulatory agencies has been validated in 
multiple reports, and further improvement in efficiency is 
expected in the real world [13-15]. However, the actual 
adoption and widespread use of AI-CAD in clinical practice 
have been very slow, contrary to earlier expectations [2]. 
A recent study discussed the importance of an appropriate 
picture archiving and communication system (PACS) for 
successful integration and survival of AI-CAD in the daily 
practice of referring clinicians and radiologists [2]. As a 
real-time, widely acceptable, and easily accessible platform, 
PACS enables AI-CAD to pass the test bench.

The authors’ institution is a general hospital that opened 
in March 2020. It has 595 inpatient beds, and approximately 
54000 patients visit outpatient clinics per month. As a 
digitally innovative hospital, we introduced multiple AI-
based tools for the analysis of chest radiography and 

mammography, with speech-to-text conversion also made 
possible [16]. In addition to the use of several AI solutions 
in routine practice, our institution serves as a research 
site for validating newly developed AI programs. Here, we 
present the experience gained from setting up and running 
AI-CAD on chest radiography in terms of the benefits that 
can be gained in daily practice and the factors needed for 
successful implementation.

Deep-learning-based AI software for analyzing chest 
radiographs was approved by the government for the first 
time in August 2018 in Korea (Lunit Insight CXR nodule, 
version 1, Lunit Inc.). Our hospital adopted Lunit Insight 
CXR MCA, version 2 of the same line of AI software based 
on ResNet34 and approved in October 2019, in March 2020, 
and we applied it to all chest radiographs. From then until 
February 2021, 56192 chest radiographs of adults taken 
from the anteroposterior and posteroanterior views were 
analyzed by the AI. The software can detect three types 
of lesions (nodule, consolidation, and pneumothorax), and 
lesions with abnormality scores of more than 15%, which 
is the value AI used to determine the presence of detected 
lesions, are visualized on a heatmap (Fig. 1). Heatmaps 
were automatically merged to separate images or manually 
displayed over the original images by applying a grayscale 
soft-presentation state. The highest abnormality score above 
the preset operating point of 15% was selected as the 
total abnormality score and was listed on the worklist for 
each patient. The maximum abnormality score was reported 

Fig. 1. Chest radiographs analyzed with AI-CAD version 2.
A. Chest radiography of a 52-year-old male who visited the outpatient clinic of the cardiology department for a follow-up of arrhythmia. B. AI-
CAD presenting a focal abnormal lesion in the right lung with a total abnormality score of 43%. Note that the color heatmap does not have any 
annotation or separate abnormality score on version 2. C. On chest CT scan, irregular shaped part-solid nodule was noted in the right lower lobe. 
The pathology confirmed adenocarcinoma, stage lA3, after surgical resection. The patient is now routinely followed for resectable lung cancer. 
AI-CAD = artificial intelligence-based computer-aided diagnosis
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on the reading worklist of a DICOM viewer (Zetta PACS, 
Taeyoung Soft Co. Ltd.). Image analysis by AI and upload 
of AI results happen within one minute or less after an 
image is verified by a radiographer. The Lunit Insight CXR, 
version 3, which detects eight different lesion types (nodule, 
consolidation, pneumothorax, pneumoperitoneum, fibrosis, 
atelectasis, cardiomegaly, and pleural effusion) (Fig. 2), 
was then approved in Korea in October 2020 and installed 
in our hospital in March 2021. We analyzed 106230 chest 
radiographs using the AI until February 2022. Grayscale 
contour maps have become available with this version as 
an additional visualization method. Other differences from 
the previous version are the contour maps, abbreviations 
of lesion types, and abnormality scores provided for each 
lesion separately. The DICOM viewer was updated so that 
there are now more options available when selecting lesions 
to visualize, and that a shortcut can also be chosen when 
applying the grayscale soft-presentation state. On average, 
one faculty member worked in the thoracic radiology 
section of the radiology department during these two years.

Recently, several studies have reported excellent 
diagnostic performance of AI-CAD systems applied to 
chest radiography [2,11,17-20]. The consensus of thoracic 

radiologists for these CADs is that AI can enhance 
diagnostic accuracy, which concurs with our experience 
[4]. However, several points should be noted. As current 
CADs implemented for chest radiography target multiple 
abnormalities that present with different imaging findings 
such as nodules, pneumothorax, pleural effusion, and 
atelectasis, the reliability of these systems differs between 
lesions [21]. Separate user guidelines for the abnormality 
scores of the various lesions, which indicate the confidence 
level of the results, are necessary to verify the accuracy 
of the findings by radiologists. Radiologists should also 
continue their efforts to prevent additional errors that could 
occur due to the heterogeneity of radiography equipment 
and patient demographics, both of which are inevitable 
factors in the real world.

An important function of AI-CADs, in addition to 
diagnosis, is workflow optimization [22]. Nam et al. [21] 
reported that AI-CAD improved workflow by shortening 
the mean time-to-report for critical and urgent radiographs 
(640.5 ± 466.3 vs. 3371.0 ± 1352.5 seconds and 1840.3 ± 
1141.1 vs. 2127.1 ± 1468.2, respectively), and reduced 
the mean interpretation time (20.5 ± 22.8 vs. 23.5 ± 
23.7 seconds) in a simulated reading test. However, 

Fig. 2. Chest radiographs analyzed with AI-CAD version 3.
A. Chest radiograph of an 88-year-old male admitted to the intensive care unit for traumatic brain injury. B. AI-CAD showing the left Ptx with an 
abnormality score of 98% depicted with a contour map. Emergency thoracotomy was performed immediately after the image was taken. Note the 
separate contour map with abbreviations; Csn, Ndl, and right PEf on version 3. AI-CAD = artificial intelligence-based computer-aided diagnosis, 
Csn = consolidation, Ndl = nodule, PEf = pleural effusion, Ptx = pneumothorax
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prioritization might be more important than the mean 
interpretation time. Conventionally, cases shown on 
the worklist can be sorted by the time of order, time of 
examination, and the referring clinician or department 
that the patient is visiting. Because these conventional 
factors do not reflect abnormalities on radiography, a 
method that can calculate the probability of new or 
emergent abnormalities is required. In our hospital, 
because the total abnormality score is integrated into the 
patient worklist and displayed in one column, patients 
can be sorted according to the score variance from their 
previous score in addition to the referring department. This 
feature would enable radiologists conduct official readings 
from predictably more abnormal or urgent chest radiographs 
to less abnormal or urgent cases. It would be even more 
helpful if the worklist is sorted according to the score of 
any specific urgent findings, as we have experienced in our 
hospital since April 2022 (Fig. 3).

AI-CAD for chest radiography was the first AI-based 
radiology tool that is also used daily by referring clinicians 
in our hospital. Checking preliminary reports generated by 
AI-CAD has become a routine, and these preliminary reports 
guide referring clinicians before formal readings by a 
radiologist are made available [8,15]. Reports that include 
the abnormality score, heatmap, and contour annotation 
are intuitive and does not require much knowledge of AI for 

interpretation. The AI analysis is completed immediately 
after image verification, and the results are easily accessible 
on PACS, as they can be obtained simply by scrolling 
images. With chest radiography being the frontline imaging 
modality for further medical decisions, urgent diseases 
can be initially depicted on chest radiographs. For urgent 
cases, AI-CAD helps referring clinicians to order subsequent 
imaging studies, provide treatment, and refer patients 
to the appropriate department with more confidence, 
even before they see the official radiologist reports. One 
limitation of using AI-CAD is that false-positive results 
can lead to unnecessary further examination [23]. To avoid 
this, a comparison analysis must be performed with old 
images, and clinical correlation is required. Efforts can 
be made to reduce false-positive results by training the 
system with error cases, which would further improve the 
AI-CAD system. If clinicians overlook the abnormalities 
undepicted by AI-CAD in false-negative results, critical-
value reports might warn them of possible urgent findings. 
Thus, radiologists and AI-CAD complement each other, and 
AI-CAD has become an essential component of medical 
assessment in our hospital.

In summary, AI-CAD for chest radiography can provide 
genuine assistance in daily medical practice for referring 
clinicians and has benefits for radiologists through 
improved diagnostic performance and workflow. The same 

Fig. 3. Examples of triage with the advanced search function on the worklist and an actual related clinical case.
A. Radiologists can arrange the worklist to show chest radiography in order of high abnormality scores and with this triage, can read cases 
of higher priority first. Note scores of abnormal findings (CSN, ATL, NDL, PTX, PPM) following the highest abnormality score. B. Based on the 
abnormality score, the radiologist could immediately report an unexpected PPM from the chest radiograph of a 74-year-old male admitted to 
the psychiatric ward due to obsessive compulsive disorder. The radiologist was able to sort the worklist to show radiographies not ordered 
by the department of pulmonology or thoracic surgery, and found an image ordered by the psychiatrist that was high on the worklist with an 
abnormality score of 97.4%. This abnormality score was due to the PPM detected by AI-CAD. The critical value report was sent to the clinician 
who had not detected this abnormality and the patient ended up undergoing emergency surgery after an additional CT scan, which showed 
unexpected gastric ulcer perforation. AI-CAD = artificial intelligence-based computer-aided diagnosis, ATL = atelectasis, CSN = consolidation,  
NDL = nodule, PPM = pneumoperitoneum, PTX = pneumothorax

A B



851

Implementation of AI-Based CAD for Chest Radiography in Daily Practice

https://doi.org/10.3348/kjr.2022.0193kjronline.org

experience and demand are expected for AI-CADs for 
radiological examinations other than chest radiography. 
Based on our experience with chest radiography, for the 
successful implementation of AI-CADs on other modalities, 
both accuracy and immediate availability of AI results 
seem to be necessary and critical, along with explainable 
visualization of disease-specific results and improved 
medical software platforms providing data presentation that 
can be configured by the user.
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