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Abstract
Objectives  We aimed to evaluate a commercial artificial intelligence (AI) solution on a multicenter cohort of chest radiographs 
and to compare physicians' ability to detect and localize referable thoracic abnormalities with and without AI assistance.
Methods  In this retrospective diagnostic cohort study, we investigated 6,006 consecutive patients who underwent both chest 
radiography and CT. We evaluated a commercially available AI solution intended to facilitate the detection of three chest 
abnormalities (nodule/masses, consolidation, and pneumothorax) against a reference standard to measure its diagnostic 
performance. Moreover, twelve physicians, including thoracic radiologists, board-certified radiologists, radiology residents, 
and pulmonologists, assessed a dataset of 230 randomly sampled chest radiographic images. The images were reviewed twice 
per physician, with and without AI, with a 4-week washout period. We measured the impact of AI assistance on observer's 
AUC, sensitivity, specificity, and the area under the alternative free-response ROC (AUAFROC).
Results  In the entire set (n = 6,006), the AI solution showed average sensitivity, specificity, and AUC of 0.885, 0.723, and 
0.867, respectively. In the test dataset (n = 230), the average AUC and AUAFROC across observers significantly increased 
with AI assistance (from 0.861 to 0.886; p = 0.003 and from 0.797 to 0.822; p = 0.003, respectively).
Conclusions  The diagnostic performance of the AI solution was found to be acceptable for the images from respiratory 
outpatient clinics. The diagnostic performance of physicians marginally improved with the use of AI solutions. Further 
evaluation of AI assistance for chest radiographs using a prospective design is required to prove the efficacy of AI assistance.
Key Points
• AI assistance for chest radiographs marginally improved physicians’ performance in detecting and localizing referable 

thoracic abnormalities on chest radiographs.
• The detection or localization of referable thoracic abnormalities by pulmonologists and radiology residents improved with 

the use of AI assistance.
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Abbreviations
AI	�  Artificial intelligence
AUAFROC	�  Area under the Alternative free-response 

receiver operating characteristic curves
CAD	�  Computer-aided diagnosis
CI	�  Confidence interval

DL	�  Deep-learning
JAFROC	�  Jackknife alternative free-response ROC
ROC	�  Receiver operating characteristic
wJAFROC	�  Weighted jackknife alternative free-

response receiver operating characteristic

Introduction

Chest radiography is the most commonly used radiologic 
examination to screen chest diseases and monitor patients 
with thoracic abnormalities, including lung cancer and pneu-
monia [1–4]. However, interpreting chest radiographs is 
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challenging and prone to misreading [5–8]. With the recent 
surge in deep learning techniques, the use of computer-aided 
diagnosis (CAD) has rapidly increased in the field of medi-
cal imaging. Among the various applications of artificial 
intelligence (AI) in diagnostic imaging, commercial AI 
solutions for chest radiographs designed using deep learning 
(DL) algorithms have gathered attention and shown excel-
lent performance in detecting malignant pulmonary nodules, 
tuberculosis, and various abnormalities in experimental 
datasets [9–11]. Although the AI solution exhibits higher 
diagnostic accuracy than physicians, experimentally col-
lected datasets may have enriched disease prevalence, which 
may not be generalized across diseases. Therefore, cross-
sectional studies should be conducted in selected cohorts 
to validate the performance of the AI solution for clinical 
practice in the real world [12, 13]. For diagnostic cohort 
studies, the patients are selected based on suggestive clinical 
parameters. A cohort may demonstrate a spectrum of condi-
tions such as multiple lesions, concurrent, abnormalities, or 
underlying conditions, such as inflammatory sequelae mask-
ing concomitant referable thoracic abnormalities. In a study 
by Hwang et al [14], the application of the DL algorithm in 
emergency cohort datasets for the identification of clinically 
relevant abnormalities on chest radiographs resulted in an 
AUC, sensitivity, and specificity of 0.95, 0.816–0.887, and 
0.692–0.903, respectively. Lee et al [15] applied a DL algo-
rithm on a health screening cohort for lung cancer detection 
and showed an AUC of 0.99 and a sensitivity comparable 

to radiologists. Here, we hypothesized that implementing a 
commercially available DL algorithm-based AI solution will 
enhance clinicians’ ability to interpret chest radiographs. 
To our knowledge, there is no multicenter study evaluat-
ing AI augmentation using consecutive patients. Therefore, 
we evaluated a commercial AI solution on a consecutive 
diagnostic cohort dataset collected from multiple respira-
tory outpatient clinics and compared physicians’ ability to 
detect and localize referable thoracic abnormalities with and 
without AI assistance.

Materials and methods

This study was approved by the institutional review boards of 
all participating institutions. The requirement for informed 
consent from the patient was waived.

Study population for the diagnostic cohort

In this retrospective study, we investigated 26,988 con-
secutive patients who visited respiratory outpatient clinics 
at three participating institutions in 2018, and their chest 
radiography was retrospectively analyzed. The patients who 
did not undergo chest CT or the procedure ≥ 1 month before 
chest radiography were excluded. Finally, a total of 6,006 
participants were included in the study. A flowchart of the 
selection procedure is shown in Fig. 1.

Fig. 1   Flow diagram of the 
study population and study 
design for AI augmentation test
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AI solution for chest radiographs

A commercially available AI-based solution (Lunit 
INSIGHT for Chest Radiography, Lunit Inc.) was used to 
evaluate the diagnostic effect of AI assistance. When the 
AI solution detected abnormalities, including nodules or 
masses, lung consolidation, and pneumothorax on chest radi-
ographs, the locations of the lesions were outlined or marked 
with a color map and the abnormality was scored (%).

Data collection

The data, including age, sex, date of chest radiography and 
CT imaging, and type of chest radiography (posteroante-
rior or anteroposterior), were retrospectively collected from 
electronic medical records and picture archiving and com-
munication systems. If the patients underwent multiple 
radiographic examinations, the chest radiograph obtained 
on a date closest to the initial chest CT was selected. The 
CT scan was considered a standard reference for referable 
thoracic abnormalities.

Establishing the standard of reference for referable 
thoracic abnormalities

Chest radiographs were evaluated by one of the three adju-
dicators (with 19 years, 12 years, and 13 years of experi-
ence in thoracic imaging, respectively). They used CT scans 
and medical records to determine the presence of referable 
thoracic abnormalities, defined as any chest radiographic 
abnormalities requiring further diagnostic evaluation or 
management. Consensus reading was performed for inde-
terminate cases by three thoracic radiologists. Referable tho-
racic abnormalities were categorized into intended and non-
intended lesions: (a) intended lesions were classified into 
three types: nodule/mass, lung consolidation, and pneumo-
thorax; (b) non-intended lesions were classified into seven 
types: atelectasis or fibrosis, bronchiectasis, cardiomegaly, 
diffuse interstitial lung opacities, mediastinal lesions, pleu-
ral effusion, and others. For the labeling standards, chest 
X-ray14 [16] or MIMIC-CXR database [17] were utilized. 
The lesions were classified using the Fleischner Society: 
Glossary of Terms for Thoracic Imaging [18]. The final 
diagnosis was categorized into 26 subsets that referred to 
terms described in the International Classification of Dis-
eases (ICD)-10 [19] or radiologic descriptions for thoracic 
lesions by the Fleischner Society [18].

Evaluation of AI standalone performance

For entire datasets of 6,006 patients, outputs of AI solution 
were evaluated against the reference standards to measure 
the AI stand-alone performance. If the AI solution reported 

an abnormality score and marked thoracic lesion in patients 
with referable thoracic abnormality, it was considered as 
positive. AUC, sensitivity, specificity, positive predic-
tive value, and negative predictive value were calculated. 
Subgroup analysis was performed to compare AI perfor-
mance for images with intended lesions versus non-intended 
lesions. To evaluate multiple lesions in each image, the num-
ber of false positives per image was assessed by transformed 
mask images (Supplementary Fig. 1).

AI augmentation test

Out of 6,006 patients, 230 patients were randomly selected 
to evaluate the physicians’ performance at interpreting chest 
radiographs with and without AI assistance. The observer 
panel consisted of 12 physicians: three thoracic radiologists, 
three board-certified radiologists, three radiology residents, 
and three pulmonologists. The test was conducted in two 
sessions with a washout period of 4 weeks to avoid informa-
tion bias. Each physician independently assessed 116 images 
with AI assistance and 114 images without AI assistance 
during the first session and vice versa during the second ses-
sion, with 114 and 116 images being assessed with or with-
out AI (Fig. 1). In addition to chest radiographs, the physi-
cians were provided with the clinical information including 
age, sex, and chief concern to simulate the normal clinical 
process. They were asked to mark the location of referable 
thoracic abnormalities and score (1–5 points) the confidence 
level for each lesion based on their visual certainty. The 
number of lesions that could be marked was limited to five. 
The images and clinical information were reviewed using a 
customized web-based tool, which digitally documented the 
assessment results. If the physician reported referable tho-
racic abnormality for images with intended or non-intended 
lesions, it was considered as true positive. When multiple 
lesions were observed on the chest radiograph, the presence 
of any overlap between the ground truth and the recorded 
region was defined as true positive. For determining the 
quality of lesion localization, the distribution of the extent 
of overlap between the ground truth (that is, the extent of 
reference standard) and AI output or observer’s marking for 
true-positive cases were calculated using the Dice similarity 
coefficient [20] (Supplementary Fig. 1).

Statistical analysis

The null hypothesis was that the AUCs for interpret-
ing chest radiographs with and without AI assistance 
were not different. Based on the results of a previous 
study (AUC without AI assistance = 0.814; AUC with 
AI assistance = 0.904) [11], we expected a correlation 
of 0.5 between test results with AI and without AI assis-
tance. Considering a power of 0.9 and an alpha value of 
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0.05, the sample size was calculated as 230 (calculated 
power, 0.9014; normal: abnormal = 0.4:0.6). An ROC 
curve was plotted using the true-positive fraction and 
false-positive fraction to evaluate image-classification 
performances of the AI solution and physicians. To 
evaluate the quality of lesion localization, the jackknife 
alternative free-response ROC (JAFROC) curve was 
plotted; the lesion localization fraction (LLF) was plot-
ted against the probability of at least one false positive 
per normal chest radiographs. The Dorfman-Berbaum-
Metz test was used to compare the weighted JAFROC 
(wJAFROC) figure of merit between unaided and AI-
assisted readings of physicians [21]. The differences 
in average values of AUC, specificity, and sensitivity 
under each condition (unaided vs. AI-assisted) were 
analyzed using a two-sided 95% CI. For the analysis 
of sensitivity and specificity, the threshold for the out-
put of the AI solution was defined as 15%; the value 
had been validated by Lunit’s variable internal datasets 
and previous literature [11, 14]. If the patient-based 
abnormality score was higher than the cutoff value of 
15%, the chest radiograph was classified as positive (a 
significant lesion), or else it was classified as negative. 
The maximum value of the lesion-based abnormality 
score was considered the patient-based abnormality 
score. The number of false-positive markings per image 
was defined as the total number of false-positive mark-
ings divided by the total number of radiographs. A chi-
squared test or t-test was performed for the comparison 
of two proportions or means. Statistical analyses were 
performed using MedCalc version 19.5.1 (MedCalc 
Software) or R version 3.5.3 (R Foundation for Statis-
tical Computing). A p value of less than 0.05 indicated 
a statistical significance.

Results

Baseline characteristics and the types of referable 
thoracic abnormalities

Table 1 shows the demographic characteristics of all patients 
who presented at the respiratory outpatient clinics. The clini-
cal details of the patients randomly selected for the AI aug-
mentation test are described in Supplementary Table E1. Of 
the 4,274 thoracic abnormalities observed on 6,006 chest 
radiographs, 1,173 (27.5%), 919 (21.6%), 15 (0.4%), and 
2,157 (50.6%) lesions were pulmonary nodules/masses, lung 
consolidation, pneumothorax, and other referable abnormal 
thoracic lesions, respectively (Table 2). Among 26 finally 
diagnosed lesions, pneumonia was the most common diag-
nosis (n = 696 [12%]; Supplementary Table E2). Tubercu-
losis of the lung and malignant neoplasm of the bronchus 
or lung were diagnosed on 550 (9%) and 355 (6%) chest 
radiographs, respectively.

Stand‑alone performance of the AI solution

For 6,006 chest radiographs, the algorithm achieved an aver-
age AUC of 0.867 (95% confidence interval [CI]: 0.858, 
0.875), across institutions. The sensitivity, specificity, and 
positive and negative predictive values were 0.885, 0.723, 
0.799, and 0.834, respectively. Specific statistics on the per-
formance of the algorithm on the test dataset are provided 
in Supplementary Table E3. Subgroup analysis revealed 
that AUC, sensitivity, and positive and negative predic-
tive value in images with intended lesion for AI solution 
were significantly higher than in images with non-intended 
lesions (AUC, 0.878 vs. 0.830, p <0.0001; sensitivity, 0.858 
vs. 0.795, p <0.0001; positive predictive value, 0.702 vs. 

Table 1   Demographic 
characteristics of all patients 
who reported in the respiratory 
outpatient clinics

Note.—Except where indicated, data are mean (± SD) or number (%). AI, artificial intelligence; CXR, chest 
radiograph; PA, posteroanterior; SD, standard deviation
a  The dataset for the AI augmentation test was randomly selected from 6,006 images
b  Comparison of proportions or means between the entire population and randomly sampled using the chi-
squared test or t-test

Institutions Total Dataset for AI 
augmentation 
test a

p value b

B G K

No. of patients 2536 1470 2000 6006 230
Female 1166 (46) 643 (44) 798 (40) 2607 (43) 107 (47) 0·53
Male 1370 (54) 827 (56) 1202 (60) 3398 (57) 123 (54) 0·50
Age (years) 61 ± 16 61 ± 14 61 ± 16 61 ± 16 60 ± 16 0·21
Interval between 

CXR and CT scan 
(d)

3 ± 9 3 ± 11 1 ± 7 2 ± 9 2 ± 9 0·42

No. of PA images 2536 (99) 1421 (97) 1952 (98) 5908 (98) 229 (99) 0·15
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0.676, p =0.011; negative predictive value, 0.914 vs. 0.885, 
p <0.0001, respectively.), whereas specificity was identical 
(0.806 vs. 0.806, p =1.000) (Supplementary Table E4). The 
distribution of overlap of true positive cases between the 
reference standard and AI output is shown in Supplementary 
Fig. 2.

Diagnostic performance of physicians 
for image classification and lesion localization 
with and without AI assistance

The AUCs and area under the alternative free-response 
ROCs (AUAFROCs) for each physician (unaided and aided 
by the AI solution) are reported in Tables 3 and 4, respec-
tively. The average values of AUC and AUAFROC across 
observer groups were significantly higher in the case of AI-
assisted reading than in unaided reading (0.886 vs. 0.861, 
p = 0.003 and 0.822 vs. 0.797, p = 0.003, respectively). Fig-
ure 2 shows the ROC curves (A) and JAFROC curves (B) 
for each physician and the AI solution. The average values of 
AUC and AUAFROC in the observer group are presented in 

Table 5. A comparison between AUCs for unaided and AI-
assisted readings revealed higher AUCs with AI assistance 
than without assistance in all observer groups; however, the 
difference reached statistical significance only among pul-
monologists (0.842 vs. 0.884, p = 0.034). Among the four 
observer groups, thoracic radiologists and radiology resi-
dents demonstrated an increase in AUAFROCs on using AI 
solution (0.820 vs. 0.835, p = 0.026, and 0.785 vs. 0.830, 
p = 0.045, respectively).

Discussion

In this study, the use of AI solution resulted in an increase 
in the AUC and AUAFROC for physicians interpreting 
consecutively collected chest radiographs from respiratory 
outpatient clinics. It means that AI assistance improved 
physicians’ performance in detecting and localizing refer-
able thoracic abnormalities on chest radiographs. To our 
knowledge, this is the first multicenter study to measure 
physicians’ diagnostic performance with and without an AI 

Table 2   Referable thoracic abnormalities on chest radiographs found in the respiratory outpatient clinics

Note.—Except where indicated, data are numbers of patients, with percentages in parentheses. AI, artificial intelligence; N/A, not applicable
a  Except where indicated, comparison of proportions between the total patient population and the randomly sampled dataset for each lesion type 
using the Chi-squared test
b  Intended abnormalities were defined as lesions of the AI solution used in this study
c  Number of lesion types per subject was calculated for subjects with intended or non-intended lesions. The numbers in parentheses are ranges
d  t-test was performed for comparison of the means between the entire subject dataset and the observer performance test dataset

Entire dataset Datasets for AI 
augmentation test 
(n = 230)Variables Institutions

B (n = 2536) G (n = 1470) K (n = 2000) Total (n = 6006) p value a

Intended lesions b

  Nodule/mass 446 (33.9) 259 (22.1) 468 (29.7) 1173 (27.5) 41 (23.7) 0·79
  Consolidation 341 (25.9) 212 (18.1) 366 (23.2) 919 (21.6) 35 (20.2) 0·99
  Pneumothorax 5 (0.4) 2 (0.2) 8 (0.5) 15 (0.4) 2 (1.2) 0·87
  Total 792 (60.1) 473 (40.4) 842 (53.4) 2107 (49.4) 78 (45.1)

Non-intended lesions
  Atelectasis or fibrosis 93 (7.1) 62 (5.3) 185 (11.7) 340 (8.0) 15 (8.7) 0·90
  Bronchiectasis 217 (16.5) 286 (24.4) 107 (6.8) 610 (14.3) 27 (15.6) 0·80
  Cardiomegaly 21 (1.6) 48 (4.1) 67 (4.3) 136 (3.2) 4 (2.3) 0·94
  Diffuse interstitial lung opacities 115 (8.7) 73 (6.2) 65 (4.1) 253 (5.9) 10 (5.8) 0·99
  Mediastinal lesion 11 (0.8) 27 (2.3) 36 (2.3) 74 (1.7) 4 (2.3) 0·93
  Pleural effusion 81 (6.2) 29 (2.5) 76 (4.8) 186 (4.4) 7 (4.0) 0·99
  Other 188 (14.3) 172 (14.7) 198 (12.6) 558 (13.1) 28 (16.2) 0·61
  Total 726 (55.1) 697 (59.6) 734 (46.6) 2157 (50.6) 95 (54.9%
  Total of Inteded or non-intended lesions 1518 1170 1576 4264 173 N/A
  No. of patients with any type of lesions 1317 (52) 889 (61) 1131 (57) 3337 (56) 137 (60) 0·36
  No. of lesion type per patient c 1·2 (1–3) 1·3 (1–4) 1·4 (1–5) 1·3 (1–5) 1·3 (1–4) 0·83 d
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solution for chest radiographs from consecutive patients. The 
AI solution itself showed acceptable performance (AUC, 
0.863–0.873; sensitivity, 0.869–0.899; FPPI, 0.312–0.418). 
These results were quite similar to those obtained in a 
recent study, where a DL algorithm, developed using mul-
ticenter case–control datasets, outperformed physicians in 
the interpretation of chest radiographs [11]. With the use of 
the DL algorithm, improvement in diagnostic performance 
for both image-wise classifications (AUC, 0.814–0.932 to 

0.904–0.958; all p < 0.005) and lesion-wise localization 
(AUAFROC, 0.781–0.907 to 0.873–0.938; all p < 0.001) 
was demonstrated in all observer groups, including general 
radiologists and non-radiology physicians [11]. Although 
the average AUCs and AUAFROCs in our study were much 
lower than those in the previous study, we did not exclude 
approximately 50.6% of referable thoracic lesions in the 
entire dataset. Those were non-intended lesions, degrading 
the diagnostic accuracy of an AI solution. Yet, we found 

Table 3   AUC for each physician and averaged AUCs for chest radiographs (n = 230) from respiratory outpatient clinics unaided and with AI 
assistance

Note.AUC​, area under the receiver operator characteristic curve; AI, artificial intelligence; Numbers in parentheses, 95% CI. CI, confidence inter-
val
a  Values in parentheses in the last line of the table are 95% confidence intervals. The p value between the observed average values was .003. The 
Dorfman-Berbaum-Metz test was used to compare the AUCs between unaided and AI-assisted readings

Observer group Physician No Unaided AI-assisted Difference

Thoracic radiologists 1 0.903 0.909 0.006
2 0.900 0.912 0.012
3 0.859 0.861 0.002

Board-certified radiologists 4 0.892 0.923 0.031
5 0.854 0.863 0.009
6 0.862 0.872 0.010

Radiology residents 7 0.871 0.888 0.017
8 0.820 0.872 0.052
9 0.843 0.878 0.035

Pulmonologists 10 0.839 0.887 0.048
11 0.863 0.882 0.019
12 0.825 0.884 0.059

Average a 0.861 (0.827, 0.895) 0.886 (0.854, 0.918) 0.025 (0.009, 0.041)

Table 4   AUAFROC for each physician and averaged AUAFROCs for chest radiographs (n = 230) from respiratory outpatient clinics unaided and 
with AI assistance

Note.AUAFROC area under the alternative free-response receiver operating characteristic curves; AI, artificial intelligence; CI, confidence inter-
val
a  Values in parentheses in the last line of the table are 95% confidence intervals. The p value between the observed average values was .003. The 
Dorfman-Berbaum-Metz test was used to compare the AUAFROCs between unaided and AI-assisted readings

Observer group Physician No Unaided AI-assisted Difference

Thoracic radiologists 1 0.845 0.857 0.012
2 0.839 0.863 0.024
3 0.774 0.787 0.013

Board-certified radiologists 4 0.821 0.856 0.035
5 0.782 0.796 0.014
6 0.803 0.800  − 0.003

Radiology residents 7 0.818 0.844 0.026
8 0.751 0.809 0.058
9 0.787 0.837 0.050

Pulmonologists 10 0.763 0.796 0.033
11 0.807 0.816 0.009
12 0.768 0.803 0.035

Average a 0.797 (0.758, 0.835) 0.822 (0.783, 0.861) 0.025 (0.009, 0.042)
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a marginal improvement in the physicians’ performance in 
terms of both image classification and lesion localization. 
The result could be attributed to the fact the radiological 
findings of various non-intended thoracic abnormalities 
overlapped with those of the intended abnormalities. There-
fore, the use of the DL algorithm may facilitate the detec-
tion of various referable abnormal thoracic lesions on chest 
radiographs within the acceptable diagnostic performance. 
In another study, the residents could identify clinically rel-
evant variable abnormalities on chest radiographs in the 
emergency department with improved sensitivity, using a 

DL algorithm [14]. These findings were quite similar to our 
results.

In this study, we did not prove whether AI augmentation 
affects clinical workflow, such as additional diagnostic work-
up or procedure, follow-up or referral rate, and turn-around 
time from image acquisition to the radiologist`s report [22]. 
Further research is warranted to verify the efficacy of AI 
assistance in terms of patients’ management or safety. For 
example, AI solutions can provide information to avoid 
unnecessary radiation doses in lung cancer screening [23]. 
In addition, delivery methods of AI solutions, such as add-on 
scenarios as concurrent or second reader, stand-alone, triage, 
and prescreening scenario [24] should be investigated with 
variable clinical settings, such as preoperative or follow-up 
examinations for oncology patients or screening for lung 
cancer or tuberculosis.

Because dense, localized opacities can be easily detected 
on chest radiographs, insignificant calcific lesions (i.e., clini-
cally non-referable thoracic abnormalities) detected within 
the lung parenchyma and lymph nodes lead to false-positive 
results on AI, which can negatively affect the implementa-
tion of an AI solution. In addition, tiny nodular or reticular 
opacities caused by diffuse interstitial lung abnormalities, 
bronchiectasis, or severe emphysema may be overlooked by 
the AI solution. Because of their ambiguous morphology, 
they are interpreted as non-intended abnormalities on DL 
algorithms. It was found from our results that AUC, sensi-
tivity, and negative predictive value of stand-alone AI per-
formance for intended lesions was significantly higher than 
those for non-intended lesions. This could be the reason for 
our notably poor stand-alone performance (AUC of 0.867) 
in comparison with previous reports showing excellent AI 
performance (AUC of 0.96–0.99) in identifying multiple 
abnormalities on chest radiographs [25, 26].

Regarding the reference standards, high-quality and 
widely accepted methods are required for a reliable interpre-
tation of results. Consensus reading can be used for stand-
ards reference [27]. However, we did not perform consensus 
reading, because it was imperfect and practically impossible 
for multiple readers to evaluate all images (n = 6,006) due 
to limited resources. Chest CT obtained within a few days 
from the chest radiographic examination is a convincing ref-
erence standard for finding chest abnormalities. However, 
opinions regarding clinical relevance can differ among adju-
dicators. In our study, consensus readings were performed 
only for indeterminate cases when any adjudicator sought 
consensus to determine the presence of clinically relevant 
thoracic abnormalities. In this study, we excluded patients 
who underwent only chest radiographs in respiratory out-
patient clinics. Since most of the patients had no significant 
findings on chest radiographs and did not require further 
CT examinations, it may have affected the prevalence of 
thoracic abnormalities in our datasets. For the same reason, 

Fig. 2   Graphs showing receiver operating characteristic curves (a) 
and jackknife alternative free-response receiver operating characteris-
tic curves (b) of each physician and AI solution for referable thoracic 
abnormalities on chest radiographs. TPF, false-positive fraction; FPF, 
true-positive fraction; LLF,lesion localization fraction; AI,artificial 
intelligence; GR,general radiologist; P,pulmonologist; RR,radiology 
resident; TR, thoracic radiologist
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conducting performance test in multiple observer groups 
using all images were not conducted. Therefore, the sam-
ple size for the AI augmentation test was calculated based 
on the AUC values of a previous study [11]. When we ret-
rospectively calculated the study power using our results, 
the estimated value for averaged AUC and AUAFROC was 
0.999 for both [21].

To avoid the selection bias caused by enriched test 
sets, the images for the AI augmentation test were ran-
domly selected from the entire diagnostic cohorts. In the 

comparison of proportions, it was not significantly different 
between the entire patient population and the AI augmenta-
tion test dataset for both, types of lesions and final diagnosis. 
Interestingly, pneumothorax was found in only two patients 
(0.9%) of our study cohort. It is likely that patients with 
pneumothorax underwent only chest radiographs or visited 
the emergency department only when the symptoms were 
severe.

To simulate normal clinical practice, apart from chest 
radiographs, the patient details, such as age, sex, and chief 

Table 5   Observer group averaged AUC and AUAFROC for chest radiographs (n = 230) from respiratory outpatient clinics

Note. Numbers in parentheses are 95% CIs. AUC​, area under the receiver operating characteristic curve; ROC, receiver operator characteristic; 
AUAFROC, area under the alternative free-response receiver operating characteristic curves; CI, confidence interval
a  Comparison of AUCs or AUAFROCs between unaided and AI-assisted readings in each observer group
b  Comparison of AUCs or AUAFROCs between unaided and AI standalone performance
The standalone performance of the AI solution was an AUC of 0901 (0860, 0941) and an AUAFROC of 0836 (0789, 0883), respectively. The 
Dorfman-Berbaum-Metz test was used to compare the AUC and AUAFROC between unaided and AI-assisted readings

Observer group AUC​ AUAFROC

Unaided AI-assisted p value a p value b Unaided AI-assisted p value a p value b

Thoracic radiologists 
(n = 3)

0.887 (0.841, 0.934) 0.894 (0.840, 0.947) 0.207 0.581 0.820 (0.746, 0.893) 0.835 (0.757, 0.914) 0.026 0.601

Board-certified 
radiologists 
(n = 3)

0.870 (0.829, 0.906) 0.886 (0.826, 0.946) 0.141 0.123 0.801 (0.758, 0.845) 0.817 (0.755, 0.879) 0.294 0.116

Radiology residents 
(n = 3)

0.845 (0.796, 0.893) 0.879 (0.846, 0.912) 0.070 0.033 0.785 (0.723, 0.848) 0.830 (0.788, 0.872) 0.045 0.104

Pulmonologists 
(n = 3)

0.842 (0.801, 0.848) 0.884 (0.853, 0.915) 0.034 0.012 0.779 (0.731, 0.828) 0.805 (0.765, 0.845) 0.071 0.037

Fig. 3   A 54-year-old woman with pneumonia in the right lower lung 
zone. Chest radiography demonstrated ill-defined ground-glass opac-
ity or consolidation in the right para-hilar area, which was marked 
with a white outline as the reference standard. a The AI solution cor-
rectly detected the lesion with a probability value of 69%. b Chest 
CT without contrast enhancement shows consolidation and tiny ill-

defined nodules in the right middle lobe. c Among the 12 observers, 
seven could detect the lesions without AI assistance. With the use of 
an AI solution, all observers could detect the lesions. The AI solution 
led to accurate detection of pneumonia on chest radiographs in the 
case of five observers (42%), including two pulmonologists, one tho-
racic radiologist, one general radiologist, and one radiology resident
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complaint were also provided to the physicians. Previous 
studies [11, 24] have evaluated the DL algorithm using 
only images. Clinical information such as cough might 
increase the clinicians’ suspicion for chest abnormalities 
suggesting pneumonia or lung cancer. Nevertheless, in 
this study, AI assistance improved the physicians’ ability 
to interpret thoracic abnormalities, including pneumonia, 
tuberculosis, and lung cancer in our results (Table E2), 
thus indicating that even overlooked pneumonia or lung 
cancer can be successfully diagnosed with the aid of an 
AI solution (Figs. 3 and 4).

False-positive results of the CAD system on chest radio-
graphs are one of the major barriers to the clinical imple-
mentation of AI solutions for chest radiographs. A recent 
study, regarding the detection of malignant lung nodules on 
chest radiographs using AI, demonstrated a per nodule sen-
sitivity of 70–82%, with 0.02–0.34 false positives per image 
[9]. In another study, the number of false-positive findings 
per radiograph declined from 0.2 to 0.18 with the aid of 
an AI solution [28]. In our study, false-positive lesions per 
image were 0.31 to 0.42 with AI assistance, which may be 
acceptable, as the algorithm could detect multiple thoracic 
abnormalities in consecutively collected images.

Our study has several limitations. First, we excluded 
the participants who underwent only chest radiography. 
This could have led to a proportion of abnormal images 
that did not reflect the actual prevalence in the population. 
Second, the performance of the AI solution was evaluated 
using a specific product. The results should be reproduced 
with other available AI support tools or systems. Third, 

although multicenter, the participating institutions were 
within one country; therefore, the results may not be gen-
eralizable. Lastly, the referable thoracic abnormalities were 
determined by thoracic radiologists and not pulmonolo-
gists. Supplementary methods, such as a third expert rater 
who could manually analyze the adjudicator’s annotations 
for reproducible and acceptable reference standards are 
required. In conclusion, the diagnostic performance of the 
AI solution was found to be acceptable for the interpreta-
tion of chest radiographs from respiratory outpatient clin-
ics. The diagnostic performance of physicians improved 
marginally with the aid of AI solutions. Further evaluation 
of AI assistance for chest radiographs using the prospective 
design is required to prove the efficacy of this algorithm in 
terms of patient outcomes.
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Fig. 4   A 56-year-old man with adenocarcinoma of the right upper 
lobe. A chest radiograph shows a faint nodular opacity in the right 
upper lung zone. a The AI solution correctly detected the lesion with 
a probability value of 63%. b Chest CT with contrast enhancement 
demonstrated a spiculated nodule in the right upper lobe. c Among 
the 12 observers, two observers, including one pulmonologist and 
one radiology resident, could detect the lesion without AI assistance 
(unaided reading). In addition, two observers, one thoracic radiolo-

gist, and one pulmonologist marked a false-positive lesion in unaided 
reading. With the use of an AI solution, observers could detect the 
lesions. The false-positive lesion marked on unaided reading was 
withdrawn by two observers in AI-assisted reading. Regarding visual 
certainty for the lesion, three observers, including two thoracic radi-
ologists and one pulmonologist, rated a higher score in AI-assisted 
reading than in unaided reading
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Statistics and biometry  Sohee Oh kindly provided statistical advice 
for this manuscript.

No complex statistical methods were necessary for this paper.

Informed consent  The study design was approved by the appropri-
ate ethics review board and the requirement of informed consent was 
waived.

Ethical approval  Institutional Review Board approval was obtained. 
IRB No. was 10–2019-48 (Boramae Medical Center), 2019–05-022 
(Konyang University Hospital), and 2020–322 (Gil Medical Center), 
respectively.

Methodology   
• retrospective 
• diagnostic study 
• multicenter study / performed at three institutions
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tion, distribution and reproduction in any medium or format, as long 
as you give appropriate credit to the original author(s) and the source, 
provide a link to the Creative Commons licence, and indicate if changes 
were made. The images or other third party material in this article are 
included in the article's Creative Commons licence, unless indicated 
otherwise in a credit line to the material. If material is not included in 
the article's Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will 
need to obtain permission directly from the copyright holder. To view a 
copy of this licence, visit http://​creat​iveco​mmons.​org/​licen​ses/​by/4.​0/.

References

	 1.	 Ron E (2003) Cancer risks from medical radiation. Health Phys 
85:47–59

	 2.	 National Council on Radiation Protection and Measurements 
(2009) Ionizing Radiation Exposure of the Population of the 
United States (NCRP Report No. 160). National Council on 
Radiation Protection and Measurements, Bethesda

	 3.	 Pinsky PF, Freedman M, Kvale P et al (2006) Abnormalities on 
chest radiograph reported in subjects in a cancer screening trial. 
Chest 130:688–693

	 4.	 Little BP, Gilman MD, Humphrey KL et al (2014) Outcome of 
recommendations for radiographic follow-up of pneumonia on 
outpatient chest radiography. AJR Am J Roentgenol 202:54–59

	 5.	 Fitzgerald R (2001) Error in radiology. Clin Radiol 56:938–946
	 6.	 Donald JJ, Barnard SA (2012) Common patterns in 558 diagnostic 

radiology errors. J Med Imaging Radiat Oncol 56:173–178
	 7.	 Sistrom CL, Dreyer KJ, Dang PP et al (2009) Recommendations 

for additional imaging in radiology reports: multifactorial analysis 
of 5.9 million examinations. Radiology 253:453–461

	 8.	 Harvey HB, Gilman MD, Wu CC et al (2015) Diagnostic yield of 
recommendations for chest CT examination prompted by outpa-
tient chest radiographic findings. Radiology 275:262–271

	 9.	 Nam JG, Park S, Hwang EJ et al (2019) Development and validation 
of deep learning-based automatic detection algorithm for malignant 
pulmonary nodules on chest radiographs. Radiology 290:218–228

	10.	 Hwang EJ, Park S, Jin KN et al (2019) Development and valida-
tion of a deep learning-based automatic detection algorithm for 
active pulmonary tuberculosis on chest radiographs. Clin Infect 
Dis 69:739–747

	11.	 Hwang EJ, Park S, Jin KN et al (2019) Development and valida-
tion of a deep learning-based automated detection algorithm for 
major thoracic diseases on chest radiographs. JAMA Netw Open 
2:e191095

	12.	 Park SH, Han K (2018) Methodologic guide for evaluating clini-
cal performance and effect of artificial intelligence technology for 
medical diagnosis and prediction. Radiology 286:800–809

	13.	 Park SH (2019) Diagnostic case-control versus diagnostic cohort 
studies for clinical validation of artificial intelligence algorithm 
performance. Radiology 290:272–2731

	14.	 Hwang EJ, Nam JG, Lim WH et al (2019) Deep learning for chest 
radiograph diagnosis in the emergency department. Radiology 
293:573–580

	15.	 Lee JH, Sun HY, Park SG et al (2020) Performance of a deep 
learning algorithm compared with radiologic interpretation for 
lung cancer detection on chest radiographs in a health screening 
population. Radiology 297:687–696

	16.	 Rajpurkar P, Irvin J, Zhu K et al (2017) CheXNet: radiologist-
level pneumonia detection on chest X-rays with deep learning. 
arXiv [cs.CV]

	17.	 Hansell DM, Bankier AA, MacMahon H et al (2008) Fleisch-
ner Society: glossary of terms for thoracic imaging. Radiology 
246:697–722

	18.	 Johnson AEW, Pollard TJ, Greenbaum NR et al (2019) MIMIC-
CXR-JPG, a large publicly available database of labeled chest 
radiographs. arXiv [cs.CV]

	19.	 World Health Organization, Others (2016) ICD-10 Version: 2016.
apps.who.int/classifications/icd10/browse/2016/en. F00-F09. 
Accessed 25 February 2016

	20.	 Zou KH, Warfield SK, Bharatha A et al (2004) Statistical valida-
tion of image segmentation quality based on a spatial overlap 
index. Acad Radiol 11:178–189

	21.	 Hillis SL, Berbaum KS, Metz CE (2008) Recent developments in 
the DorfmanBerbaum-Metz procedure for multireader ROC study 
analysis. Acad Radiol 15:647–661

	22.	 Nam JG, Kim M, Park J et al (2020) Development and validation 
of a deep learning algorithm detecting 10 common abnormalities 
on chest radiographs. Eur Respir J. https://​doi.​org/​10.​1183/​13993​
003.​03061-​2020

	23.	 Yoo H, Lee SH, Arru CD et al (2021) AI-based improvement in 
lung cancer detection on chest radiographs: results of a multi-
reader study in NLST dataset. Eur Radiol. https://​doi.​org/​10.​1007/​
s00330-​021-​08074-7

	24.	 Hwang EJ, Park CM (2020) Clinical implementation of deep 
learning in thoracic radiology: potential applications and chal-
lenges. Korean J Radiol 21:511–525

	25.	 Dunnmon JA, Yi D, Langlotz CP et al (2019) Assessment of con-
volutional neural networks for automated classification of chest 
radiographs. Radiology 290:537–544

	26.	 Park S, Lee SM, Lee KH et al (2020) Deep learning-based detec-
tion system for multiclass lesions on chest radiographs: compari-
son with observer readings. Eur Radiol 30:1359–1368

	27.	 Majkowska A, Mittal S, Steiner DF et al (2020) Chest radiograph 
interpretation with deep learning models: assessment with radi-
ologist-adjudicated reference standards and population-adjusted 
evaluation. Radiology 294:421–431

	28.	 Sim Y, Chung MJ, Kotter E et al (2020) Deep Convolutional 
neural network–based software improves radiologist detection 
of malignant lung nodules on chest radiographs. Radiology 
294:199–209

Publisher's Note  Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.

3478 European Radiology (2022) 32:3469–3479

http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1183/13993003.03061-2020
https://doi.org/10.1183/13993003.03061-2020
https://doi.org/10.1007/s00330-021-08074-7
https://doi.org/10.1007/s00330-021-08074-7


1 3

Authors and Affiliations

Kwang Nam Jin1,2 · Eun Young Kim3 · Young Jae Kim4 · Gi Pyo Lee4 · Hyungjin Kim2,5 · Sohee Oh6 · Yong Suk Kim7 · 
Ju Hyuck Han8 · Young Jun Cho9,10 

1	 Department of Radiology, SMG-SNU Boramae Medical 
Center, Seoul, Korea

2	 Seoul National University College of Medicine, Seoul, Korea
3	 Department of Radiology, Gil Medical Center, Incheon, 

Korea
4	 Department of Biomedical Engineering, Gachon University 

College of Medicine, Incheon, Korea
5	 Department of Radiology, Seoul National University 

Hospital, Seoul National University College of Medicine, 
Seoul, Korea

6	 Department of Biostatistics, SMG-SNU Boramae Medical 
Center, Seoul, Korea

7	 Department of Medical Artificial Intelligence, Konyang 
University, Daejeon, Korea

8	 Department of Medical Engineering, Konyang University, 
Daejeon, Korea

9	 Department of Radiology, Konyang University Hospital 
School of Medicine, Daejeon, Korea

10	 Konyang University School of Medicine, Daejeon, Korea

3479European Radiology (2022) 32:3469–3479

http://orcid.org/0000-0002-0632-1011

	Diagnostic effect of artificial intelligence solution for referable thoracic abnormalities on chest radiography: a multicenter respiratory outpatient diagnostic cohort study
	Abstract
	Objectives 
	Methods 
	Results 
	Conclusions 
	Key Points

	Introduction
	Materials and methods
	Study population for the diagnostic cohort
	AI solution for chest radiographs
	Data collection
	Establishing the standard of reference for referable thoracic abnormalities
	Evaluation of AI standalone performance
	AI augmentation test
	Statistical analysis

	Results
	Baseline characteristics and the types of referable thoracic abnormalities
	Stand-alone performance of the AI solution
	Diagnostic performance of physicians for image classification and lesion localization with and without AI assistance

	Discussion
	References


