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Since the adoption of artificial intelligence (AI), comput-
er-aided detection (CAD) systems have substantially 

increased their utility in various medical examinations in-
cluding mammography, brain CT, and chest radiography or 
CT for diverse indications including lesion detection, dif-
ferential diagnosis, prioritization of urgent images, or imag-
ing biomarker extraction (1–3). Specifically in chest radiol-
ogy, detecting lung nodules has been a classic task. Various 
AI-based CAD systems have been reported to substantially 
improve radiologists’ performance as a second reader (4–8). 
However, these retrospective publications have several major 
limitations. First, the performance of AI-based CAD systems 

was validated in retrospective data sets, which are often arbi-
trarily selected to have a disease-enriched and dichotomized 
distribution. Second, the performance tests were conducted 
under conditions different from real practice, where readers 
could be more focused and sensitive, yielding performance 
bias. Third, proper integration with a picture archiving and 
communication system (PACS) was lacking, which is neces-
sary to use AI-based CAD in real work processes.

In this context, evidence from prospective trials assessing 
the impact of AI-based CAD–integrated PACS (hereafter, 
AI-PACS) in real populations is highly warranted. Health 
checkup populations could be particularly suitable target 

Background: The impact of artificial intelligence (AI)–based computer-aided detection (CAD) software has not been prospectively 
explored in real-world populations.

Purpose: To investigate whether commercial AI-based CAD software could improve the detection rate of actionable lung nodules 
on chest radiographs in participants undergoing health checkups.

Materials and Methods: In this single-center, pragmatic, open-label randomized controlled trial, participants who underwent chest 
radiography between July 2020 and December 2021 in a health screening center were enrolled and randomized into intervention 
(AI group) and control (non-AI group) arms. One of three designated radiologists with 13–36 years of experience interpreted each 
radiograph, referring to the AI-based CAD results for the AI group. The primary outcome was the detection rate, that is, the num-
ber of true-positive radiographs divided by the total number of radiographs, of actionable lung nodules confirmed on CT scans 
obtained within 3 months. Actionable nodules were defined as solid nodules larger than 8 mm or subsolid nodules with a solid 
portion larger than 6 mm (Lung Imaging Reporting and Data System, or Lung-RADS, category 4). Secondary outcomes included 
the positive-report rate, sensitivity, false-referral rate, and malignant lung nodule detection rate. Clinical outcomes were compared 
between the two groups using univariable logistic regression analyses.

Results: A total of 10 476 participants (median age, 59 years [IQR, 50–66 years]; 5121 men) were randomized to an AI group  
(n = 5238) or non-AI group (n = 5238). The trial met the predefined primary outcome, demonstrating an improved detection rate 
of actionable nodules in the AI group compared with the non-AI group (0.59% [31 of 5238 participants] vs 0.25% [13 of 5238 
participants], respectively; odds ratio, 2.4; 95% CI: 1.3, 4.7; P = .008). The detection rate for malignant lung nodules was higher  
in the AI group compared with the non-AI group (0.15% [eight of 5238 participants] vs 0.0% [0 of 5238 participants], respec-
tively; P = .008). The AI and non-AI groups showed similar false-referral rates (45.9% [56 of 122 participants] vs 56.0% [56 of 100  
participants], respectively; P = .14) and positive-report rates (2.3% [122 of 5238 participants] vs 1.9% [100 of 5238 participants];  
P = .14).

Conclusion: In health checkup participants, artificial intelligence–based software improved the detection of actionable lung nodules 
on chest radiographs.
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a 1:1 ratio. Individuals aged 18 years or younger were excluded. 
For those in the AI group, the designated radiologists interpreted 
chest radiographs aided by AI-based CAD, while for those in 
the non-AI group, the radiologists interpreted chest radiographs 
without AI-based CAD results (Fig 1). Most chest radiographs 
were interpreted by one of three designated board-certified radi-
ologists (E.H.L., H.J.K., and M.N., with 36, 27, and 13 years 
of experience in chest radiography reading, respectively) at our 
health screening center. The radiologists, physicians in the health 
screening center, and outcome assessors were aware of the alloca-
tion (single blinded).

Baseline characteristics including age; sex; smoking status; 
history of lung cancer, other malignancy, lung surgery, and 
pulmonary tuberculosis; family history of lung cancer; and co-
morbidities (hypertension, diabetes mellitus, dyslipidemia, and 
chronic hepatitis) were collected using a self-reported health 
questionnaire (Fig S1, Appendix S1). For those who underwent 
chest CT within 3 months after chest radiography, CT images 
were reviewed, and the presence of actionable lung nodules was 
determined (Appendix S2) (21–23). For participants who un-
derwent pathologic evaluation, the pathology reports were in-
vestigated. All radiologic and clinical information was recorded 
using an electronic case report (Appendix S1).

Chest Radiographs
All chest radiographs were obtained in the posteroanterior pro-
jection without lateral views using INOVISION-EXII (Dong 
Kang Medical Systems) (tube voltage, 120 kVp; tube current, 
320 mA; variable exposure time, typically 15–18 msec). For 
some participants who underwent two chest radiographic ex-
aminations during the trial, only the latter images were used in 
the analyses.

CT Protocol
Most CT scans were obtained with low-dose protocol CT  
without contrast material enhancement. The median volume 
CT dose index and dose-length product were 0.52 mGy (IQR, 
0.43–2.00 mGy) and 20.6 mGy ∙ cm (IQR, 16.5–66.5 mGy ∙ 
cm), respectively (Appendix S3).

AI-PACS: AI-based CAD Implementation and 
Randomization
We used an AI-based CAD–implemented PACS (AI-PACS) de-
vised for this trial. We embedded a commercial AI-based CAD 
software (Lunit INSIGHT CXR version 2.0.2.0; Lunit) ap-
proved by the Ministry of Food and Drug Safety of Korea (4–6) 
into a commercial PACS (M6; Infinitt Healthcare). When each 
chest radiograph was acquired, the image was immediately allo-
cated a unique five-digit random number and randomized into 
the AI or non-AI group. In the AI group, the AI-PACS overlaid 
the results of AI-based CAD onto the chest radiograph, whereas 
the AI-based CAD results were blinded in the non-AI group (Fig 
2). The AI-based CAD system analyzed frontal chest radiographs 
to assess the possibility of having major thoracic abnormalities 
(ie, pulmonary nodule, pneumonia, and pneumothorax) on a 
percentage scale (0%–100%) and localized them as overlaid heat 
maps (Fig 3). The radiologists used a structured reporting system 

populations. Although chest radiography as a screening tool failed 
to reduce lung cancer mortality in several large, randomized tri-
als (9,10), chest radiography is still frequently used for screening 
various lung diseases (11–13). In particular, health checkups us-
ing chest radiography are commonly performed for the general 
population in some countries (14–16). Moreover, retrospective 
studies have proposed the potential of AI-based CAD systems for 
improving the role of chest radiography in lung cancer screening 
(14,17–19).

In this study, we aimed to investigate the clinical utility of 
AI-based CAD in health checkup participants through a ran-
domized controlled trial. We integrated AI-based CAD into a 
commercial PACS and incorporated it into the real clinical work 
process. The purpose of our randomized controlled trial was to 
investigate whether commercial AI-based CAD software could 
improve the detection rate of actionable lung nodules on chest 
radiographs in health checkup participants.

Materials and Methods
This single-center, open-label, randomized controlled trial was ap-
proved by the institutional review board of Seoul National Univer-
sity Hospital (institutional review board number: D-1908–160–
1059) and registered in the Clinical Research Information Service 
(https://cris.nih.go.kr; registration number: KCT0005051). The re-
quirement for written informed consent was waived. We followed 
the guidelines outlined in the Consolidated Standards of Report-
ing AI Trials (ie, CONSORT-AI) Extension Checklist (20). The 
trial was supported by a research grant funded by the Ministry 
of Health and Welfare, Republic of Korea (grant HI19C1129). 
None of the study participants have been reported previously.

Participants and Trial Design
We conducted a pragmatic, randomized controlled trial at a 
health screening center affiliated with a tertiary referral hospital. 
All individuals who visited the center and underwent chest ra-
diography for health checkup purposes between June 2020 and 
December 2021 were enrolled and randomized into either the 
intervention arm (AI group) or control arm (non-AI group) at 

Abbreviations
AI = artificial intelligence, CAD = computer-aided detection, OR = 
odds ratio, PACS = picture archiving and communication system

Summary
In a randomized controlled trial, artificial intelligence–based nodule 
detection software improved the detection rate of actionable lung 
nodules on chest radiographs in a health screening population.

Key Results
 ■ In a pragmatic controlled trial of 10 476 health checkup partici-

pants randomized to either an artificial intelligence (AI) or non-AI 
group, the detection rate of Lung Imaging Reporting and Data 
System, or Lung-RADS, category 4 nodules on chest radiographs 
improved with assistance from AI software (odds ratio, 2.4;  
P = .008).

 ■ The AI and non-AI groups showed an equivalent false-referral 
rate (45.9% vs 56.0%; P = .14) and positive-report rate (2.3% vs 
1.9%; P = .14) of chest radiographs.
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implemented in AI-PACS (Fig S2) to interpret all chest radio-
graphs from both groups.

Clinical Outcomes
The primary outcome of our trial was the detection rate of ac-
tionable lung nodules on chest radiographs. Actionable lung 
nodules were defined as solid nodules larger than 8 mm or sub-
solid nodules with a solid portion larger than 6 mm in average 
diameter measured on two axes (Lung Imaging Reporting and 
Data System, or Lung-RADS, category 4), regarding their clin-
ical significance and visibility on chest radiographs (21). The 
detection rate was defined as the number of true-positive chest 
radiographs divided by the total number of chest radiographs.

The secondary outcomes included the false-referral rate of 
chest radiographs, positive-report rate of chest radiographs, rate 
of performing chest CT, positive rate for actionable lung nodules 

on chest CT scans, rate of performing pathologic evaluations, 
detection rate of malignant lung nodules on chest radiographs, 
detection rate of lung cancer on chest radiographs, positive rate 
of malignant lung nodules, and positive rate of lung cancer. Def-
initions are listed in Appendix S4.

Sample Size Estimation
We conducted a preliminary analysis using a retrospective 
 cohort of 3073 individuals who underwent chest radiogra-
phy and chest CT in our health screening center (16). In this 
sample, the  estimated detection rates of actionable lung nod-
ules were 1.73% and 1.49% with and without AI-based CAD, 
respectively.  Assuming a two-tailed test with a type I error of 
.05 and power of 80%, the estimated sample size to determine 
the difference in detection rates was 83 552. We planned to 
stop the trial within 18 months (expected sample size, 8000–

Figure 1: Participant flow diagram. AI = artificial intelligence, CAD = computer-aided detection, PACS = picture archiving and communication system.
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10 000), considering (a) continuous improvements in AI-based 
CAD performance, (b) policies of the research grant, and (c) 
expected enhanced effect of AI-based CAD in real clinical 
practice with low disease prevalence.

Statistical Analyses
Primary and secondary clinical outcomes were compared be-
tween the two groups using the χ2 test, Fisher exact test, or 
 Wilcoxon rank sum test, and the impact of the intervention 
(use of AI-based CAD) on primary and secondary clinical out-
comes was evaluated using univariable logistic regression analy-

ses. Subgroup analyses were conducted to evaluate the interac-
tions of confounding factors on the clinical outcomes. Age; sex; 
smoking status; history of lung cancer, other malignancy, lung 
surgery, and pulmonary tuberculosis; presence of prior chest 
radiographs; and the reporting radiologist were included as po-
tential confounders. The subgroup effects of the confounding 
factors were tested by the significance of the interaction term 
added to the regression model. The Firth correction was ap-
plied when the number of events was relatively too low (24). 
We also performed multivariable logistic analyses to assess the 
associations of baseline characteristics of the participants with 

Figure 2: Work process of chest radiography interpretation during the clinical trial. When a chest radiograph was ac-
quired at the health screening center, the image and identification information were immediately transmitted to the artificial 
intelligence (AI)–based computer-aided detection (CAD) server and AI picture archiving and communication system (PACS) 
server. The AI-based CAD server analyzed the image and sent the results to the AI-based CAD–implemented PACS (AI-
PACS) server, and the AI-PACS server randomized the participant into either the AI or non-AI group. If the participant was 
allocated to the AI group, the AI-PACS server provided AI-based CAD results and sent this information back to the conven-
tional PACS server. These sequences took place immediately after the chest radiograph acquisition. The reporting radiolo-
gists viewed and reported chest radiographs using a structured reporting system implemented in the AI-PACS, and the final 
radiologic report was immediately sent to the conventional PACS server. Clinicians at the health screening center viewed the 
images and radiologic reports using the conventional PACS for clinical practice.

Figure 3: Images in a 60-year-old woman who underwent chest radiography for health checkup purposes and was allocated to the artificial intelligence 
(AI) group. (A) Frontal chest radiograph shows a subtle nodular opacity (arrow) in the right middle lung zone. (B) The lesion was detected by the AI-based 
computer-aided detection software, with an abnormality probability of 81.1%. The designated radiologist reported this chest radiograph as positive.  
(C) Axial, noncontrast, low-dose chest CT scan shows a 1.1-cm solid nodule (arrow) in the right lower lobe. The patient underwent percutaneous needle 
biopsy, and the nodule was confirmed to be adenocarcinoma.
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the performance of chest CT and positive-report rates of chest 
radiographs, respectively, and the association of nodule charac-
teristics with the sensitivity of chest radiography. All analyses 
except those for the primary outcome were considered explor-
atory. Statistical analyses were conducted using SAS 9.4 (SAS 
Institute) by statisticians with 10 and 15 years of experience 
(N.P. and J.K., respectively). P < .05 was considered to indicate 
a statistically significant difference.

Results

Participant Characteristics
In total, 10 478 participants were enrolled in AI-PACS, and two 
participants aged 18 years or younger were excluded. In the final 
analysis, 10 476 participants (median age, 59 years [IQR, 50–66 
years]; 5121 men) were allocated into the AI (n = 5238) and 
non-AI (n = 5238) groups (Fig 1). In the overall cohort, 11% 
(1138 of 10 476 participants) and 25% (2633 of 10 476 par-
ticipants) were current and former smokers, respectively. Of the 
10 476 participants, 0.6% (n = 59) had a history of lung cancer 
and 10% (n = 1038) had a history of other malignancy  (Table 1). 
Other information is summarized in Table 1, and there was no 

evidence of differences in baseline characteristics between the 
two groups (P = .15–.91).

The chest radiographs were reported to contain nodules in 
2% of the 10 476 participants (n = 222). Older age (P < .001), 
a history of lung cancer (P = .002) or pulmonary tuberculosis 
(P < .001), and the absence of a prior chest radiographic ex-
amination (P = .001) were associated with positive results, and 
the positive-report rates differed among the reporting radiolo-
gists (P < .001) (Table S1). Of the 10 476 participants, 47%  
(n = 4886) underwent chest CT within 3 months after chest 
radiography and 0.3% (n = 30) underwent pathologic evalua-
tion of lung nodules. Participants who were aged 65–74 years 
(P < .001), male (P = .004), and former or current smokers  
(P < .001) and those who did not have a prior chest radiograph 
(P = .001) were more likely to undergo chest CT (Table S2).

Clinical Outcomes
The detection rate for actionable lung nodules on chest 
 radiographs was higher in the AI group than in the non-
AI group (0.59% [31 of 5238 participants] vs 0.25% [13 
of 5238  participants], respectively; odds ratio [OR], 2.4; 
95% CI: 1.3, 4.6; P = .008) (Table 2), accomplishing the 
primary outcome of the trial (Table 1). The positive-report 

Table 1: Baseline Characteristics of the Participants

Variable
All Participants  
(n = 10 476)

AI Group  
(n = 5238)

Non-AI Group  
(n = 5238) P Value*

Age (y) .88
 Mean ± SD 57 ± 13 57 ± 13 57 ± 13
 Median† 59 (50–66) 59 (50–66) 60 (50–66)
 Range 19–92 19–92 19–92
Age group .68
 18–64 years 7267 (69) 3629 (69) 3638 (69)
 65–74 years 2339 (22) 1162 (22) 1177 (22)
 ≥75 years 870 (8) 447 (9) 423 (8)
Sex .22
 F 5355 (51) 2646 (51) 2709 (52)
 M 5121 (49) 2592 (49) 2529 (48)
Smoking status .55
 Never-smoker 6705 (64) 3326 (64) 3379 (65)
 Former smoker 2633 (25) 1338 (26) 1295 (25)
 Current smoker 1138 (11) 574 (11) 564 (11)
History of lung cancer 59 (0.6) 31 (0.6) 28 (0.5) .70
History of other malignancy 1038 (10) 504 (10) 534 (10) .33
History of lung surgery 73 (0.7) 36 (0.7) 37 (0.7) .91
Family history of lung cancer 1120 (11) 537 (10) 583 (11) .15
History of pulmonary tuberculosis 444 (4) 207 (4) 237 (5) .15
Comorbidities
 Hypertension 2764 (26) 1389 (27) 1375 (26) .76
 Diabetes mellitus 1282 (12) 636 (12) 646 (12) .77
 Dyslipidemia 3072 (29) 1533 (29) 1539 (29) .90
 Chronic hepatitis 419 (4) 222 (4) 197 (4) .21

Note.—Except where indicated, data are numbers of participants, with percentages in parentheses. AI = artificial intelligence.
* P values were calculated using the Wilcoxon rank sum test (for age) or χ2 test (others).
† Numbers in parentheses are the IQR.
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rate of chest radiography showed no evidence of a difference 
between the AI group (2.3% [122 of 5238 participants]) and 
non-AI group (1.9% [100 of 5238 participants]; OR, 1.4; 
95% CI: 0.94, 1.6; P = .14). Among the 222 participants 
with positive chest radiographs, the AI and non-AI groups 
showed a similar false-referral rate (45.9% [56 of 122 partici-
pants] vs 56.0% [56 of 100 participants], respectively; OR, 
0.67; 95% CI: 0.39, 1.1; P = .14). Representative images are 
presented in Figures 3 and 4.

However, because chest CT was performed for 47% of the 
participants regardless of the chest radiography results (mostly 
for health checkup purposes), considerable actionable lung 
nodules were found initially at CT. There was no evidence of 
a difference in CT performance between the AI group (46.3% 
[2425 of 5238 participants]) and non-AI group (47.0% 
[2461 of 5238 participants]; OR, 0.97; 95% CI: 0.90, 1.1;  
P = .48). In the overall cohort, 1.1% (111 of 10 476 participants) 
showed actionable lung nodules at chest CT, and the  positive 

Table 2: Summary of Analyses for the Primary and Secondary Outcomes

Outcome
All Participants  
(n = 10 476)

AI Group  
(n = 5238)

Non-AI Group  
(n = 5238) Odds Ratio* P Value

Primary outcome
 Detection rate of actionable lung nodules  

on chest radiographs
0.42 (44/10 476) 0.59 (31/5238) 0.25 (13/5238) 2.4 (1.3, 4.6) .008†

Secondary outcomes
 False-referral rate of chest radiography 50.5 (112/222) 45.9 (56/122) 56.0 (56/100) 0.67 (0.39, 1.1) .14
 Positive-report rate of chest radiography 2.1 (222/10 476) 2.3 (122/5238) 1.9 (100/5238) 1.2 (0.94, 1.6) .14
 Performance of chest CT 46.6 (4886/10 476) 46.3 (2425/5238) 47.0 (2461/5238) 0.97 (0.90, 1.1) .48
 Positive rate of actionable lung nodules 1.1 (111/10 467) 1.1 (55/5238) 1.1 (56/5238) 0.98 (0.68, 1.4) .92
 Performance of pathologic evaluation 0.29 (30/10 476) 0.34 (18/5238) 0.23 (12/5238) 1.5 (0.72, 3.1) .28
 Detection rate of malignant lung nodules  

on chest radiographs
0.08 (8/10 476) 0.15 (8/5238) 0.0 (0/5238) 17.0 (0.98, 295.1) .05‡

 Detection rate of lung cancer on chest 
radiographs

0.06 (6/10 476) 0.11 (6/5238) 0.0 (0/5238) 13.0 (0.73, 231.1) .08‡

 Positive rate of malignant lung nodules 0.27 (28/10 476) 0.34 (18/5238) 0.19 (10/5238) 1.8 (0.83, 3.9) .14
 Positive rate of lung cancer 0.23 (24/10 476) 0.31 (16/5238) 0.15 (8/5238) 2.0 (0.86, 4.7) .10

Note.—Except where indicated, data are percentages, with numbers of participants in parentheses. Actionable lung nodules were defined as 
solid nodules larger than 8 mm or subsolid nodules with a solid portion larger than 6 mm (Lung Imaging Reporting and Data System, or 
Lung-RADS, category 4). Odds ratios and P values were calculated from univariable logistic regression analyses. AI = artificial intelligence.
* Numbers in parentheses are 95% CIs.
† Statistically significant.
‡ The Firth correction was applied.

Figure 4: Images in a 73-year-old man who underwent chest radiography and low-dose CT for health 
checkup purposes and was allocated to the non–artificial intelligence (AI) group. (A) Frontal chest radiograph 
shows a small nodular opacity (arrow) in the left upper lung zone, which was missed by the designated reporting 
radiologist. (B) Axial, noncontrast, low-dose chest CT scan shows a 9-mm solid nodule (arrow) in the left upper 
lobe. The nodule showed low metabolism at PET and decreased in size at follow-up CT. It was confirmed to be an 
inflammatory nodule.
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rate of actionable lung nodules was similar between the AI 
group (1.1% [55 of 5238 participants]) and the non-AI group 
(1.1% [56 of 5238 participants]; OR, 0.98; 95% CI: 0.68, 1.4;  
P = .92). When the diagnostic performance of chest radiography 
was evaluated among the participants who underwent chest CT  
(n = 4886), the AI group showed higher sensitivity (56.4% [31 
of 55 participants] vs 23.2% [13 of 56 participants], respectively;  
P < .001), positive predictive value (35.6% [31 of 87 partici-
pants] vs 18.8% [13 of 69 participants]; P = .02), and negative 
predictive value (99.0% [2314 of 2338 participants] vs 98.2% 
[2349 of 2392 participants]; P = .03) in detecting actionable 
lung nodules (Table 3).

In the overall cohort, 0.28% of participants (30 of 10 476) 
underwent pathologic evaluation for lung nodules (22 by means 
of surgical resection and eight by means of bronchoscopic or 
percutaneous needle biopsy), where the proportions were sim-
ilar  between the AI group (0.34% [18 of 5238 participants]) 
and non-AI group (0.23% [12 of 5238 participants]; OR, 1.5; 
95% CI: 0.72, 3.1; P = .28). Twenty-four participants were di-
agnosed with malignant lung cancer (20 adenocarcinomas, one 
squamous cell carcinoma, one adenosquamous carcinoma, and 
two minimally invasive adenocarcinoma) and four with other 
malignancies (two metastasis, one atypical carcinoid, and one 
lymphoma). The detection rates of malignant lung nodules on 
chest radiographs (0.15% [eight of 5238] in the AI group vs 
0% [0 of 5238] in the non-AI group; P = .008) and lung cancer 
on chest radiographs (0.11% [six of 5238] vs 0% [0 of 5238];  
P = .03) were higher in the AI group; however, there was no 
evidence of a difference at logistic regression analyses (OR, 17.0 
[95% CI; 0.98, 295.1; P = .05] and 13.0 [95% CI: 0.73, 231.1; 
P = .08], respectively) (Table 2).

Subgroup Analyses
The impact of AI-based CAD on the detection of actionable 
lung nodules on chest radiographs was consistent across the 
subgroups (Table 4). There was no evidence of significant in-
teractions for age; sex; smoking status; history of lung cancer, 
other malignancy, lung surgery, and pulmonary tuberculosis; 
the presence of prior chest radiographs; and the reporting ra-
diologists in detecting actionable lung nodules on chest radio-
graphs (P = .05–.98) (Table 4). Specifically, age and sex showed 
P values of .06 and .05, respectively. None of the aforemen-
tioned factors showed evidence of significant interactions with 
AI-based CAD in detecting malignant lung nodules on chest 
radiographs (P > .05 for all) (Table S3) or performing CT (P > 
.05 for all) (Table S4). The sensitivity of chest radiography was 
not affected by nodule characteristics including size, location, 
and overlapping structures (Table S5).

Discussion
Although various artificial intelligence (AI)–based computer-
aided detection (CAD) systems have been proposed, few have 
been prospectively validated. In this study, we conducted a  
randomized controlled trial at a health screening center to inves-
tigate the impact of AI-based CAD on the detection of action-
able lung nodules on chest radiographs. We enrolled all 10 476 
adult participants who underwent at least one chest radiographic 
examination and randomly allocated them into intervention 
(AI group, n = 5238) and control (non-AI group, n = 5238) 
arms. We demonstrated that the use of AI-based CAD improved 
the detection rate of actionable lung nodules on chest radio-
graphs (odds ratio, 2.4; 95% CI: 1.3, 4.6; P = .008), meeting 
the primary outcome. There was no evidence of differences in 

Table 3: Diagnostic Performance of Chest Radiography for Detecting Actionable Lung Nodules in the 4886 Participants Who 
Underwent Chest CT

Parameter
All Participants with  
Chest CT (n = 4886)

AI Group with  
Chest CT (n = 2425)

Non-AI Group with  
Chest CT (n = 2461) P Value

Actionable nodules on CT scans 111 55 56 …
Positive report at chest radiography 156 87 69 …
 True positive 44 31 13 …
 False positive 112 56 56 …
Negative report at chest radiography 4730 2338 2349 …
 True negative 4663 2314 2349 …
 False negative 67 24 43 …
Diagnostic performance of chest 

radiography*
 Sensitivity 39.6 (30.5, 48.7) 56.4 (43.3, 69.5) 23.2 (12.2, 34.3) <.001†

 Specificity 97.7 (97.2, 98.1) 97.6 (97.0, 98.3) 97.7 (97.1, 98.3) .94
 Positive predictive value 28.2 (21.1, 35.3) 35.6 (25.6, 45.7) 18.8 (9.6, 28.1) .02†

 Negative predictive value 98.6 (98.3, 98.9) 99.0 (98.6, 99.4) 98.2 (97.7, 98.7) .03†

Note.—Except where indicated, data are numbers of participants. These results were analyzed among 4886 participants who underwent 
chest CT for any purpose within 3 months after chest radiography. Actionable lung nodules were defined as solid nodules larger than 8 
mm or subsolid nodules with solid a portion larger than 6 mm on CT scans (Lung Imaging Reporting and Data System, or Lung-RADS, 
category 4). AI = artificial intelligence.
* Diagnostic performance measures of chest radiography are presented as percentages, with 95% CIs in parentheses. Each measure was 
compared using the χ2 test between the AI and non-AI groups.
† Statistically significant.
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the false-referral rate (45.9% [56 of 122 participants] vs 56.0%  
[56 of 100 participants]; P = .14) or positive-report rate (2.3% 
[122 of 5238 participants] vs 1.9% [100 of 5238 participants]; 
P = .14) between the two groups.

A strength of this study is that it was a pioneering random-
ized controlled trial evaluating the actual effect of AI-based 
CAD in real clinical practice. Mazzone et al (25) had conducted 
a similar trial using non-AI CAD on high-risk participants but 
could not derive meaningful results, possibly due to the limited 
sample size (1423 enrolled participants with four actionable 
nodules on CT scans) and a less-efficient CAD system. Our 
trial was conducted with a pragmatic approach (26,27), in-
cluding all 10 476 adult participants. This was possible because 
our institutional review board waived informed consent from 

the participants, considering that the AI-based CAD system 
had been approved by the national Ministry of Food and Drug 
Safety and robustly validated in various retrospective cohorts 
(14,16). In addition, we integrated AI-based CAD into a com-
mercial PACS, enabling daily practice using AI-based CAD.

The trial met the primary outcome, although the number 
of enrolled participants (n = 10 476) was smaller than the esti-
mated sample size (n = 84 000) and the prevalence of actionable 
lung nodules was smaller than that in a previous retrospective 
study analyzed using those who received chest CT (16). We 
 believe this reveals the limitations of retrospective studies. Un-
like  retrospective performance tests, the overall health checkup 
population contains a very small proportion of positive cases 
(about 1%), making radiologists less sensitive and less focused 

Table 4: Subgroup Analyses for the Primary Outcome

Parameter

Detection Rate of Actionable Lung Nodules on  
Chest Radiographs (%)

Odds Ratio* P Value†AI Group Non-AI Group
Overall 0.59 (31/5238) 0.25 (13/5238) 2.4 (1.3, 4.6)
Age .06
 18–64 years 0.6 (20/3629) 0.1 (3/3638) 6.7 (2.0, 22.6)
 65–74 years 0.6 (7/1162) 0.6 (7/1177) 1.0 (0.35, 2.9)
 ≥75 years 0.9 (4/447) 0.7 (3/423) 1.3 (0.28, 5.7)
Sex .05
 F 0.5 (13/2646) 0.4 (10/2709) 1.3 (0.58, 3.0)
 M 0.7 (18/2592) 0.1 (3/2529) 5.9 (1.7, 20.0)
Smoking status .38
 Never-smoker 0.5 (18/3326) 0.3 (10/3379) 1.8 (0.85, 4.0)
 Former smoker 0.7 (9/1338) 0.1 (1/1295) 8.8 (1.1, 69.2)
 Current smoker 0.7 (4/574) 0.4 (2/564) 2.0 (0.36, 10.8)
History of lung cancer .90‡

 No 0.6 (30/5207) 0.2 (13/5210) 2.3 (1.2, 4.5)
 Yes 3.2 (1/31) 0 (0/28) 2.8 (0.10, 75.8)
History of other malignancy .79
 No 0.6 (28/4734) 0.3 (12/4704) 2.3 (1.2, 4.6)
 Yes 0.6 (3/504) 0.2 (1/534) 3.2 (0.33, 30.8)
History of lung surgery .69‡

 No 0.6 (31/5202) 0.2 (13/5201) 2.4 (1.3, 4.6)
 Yes 0 (0/36) 0 (0/37) …
History of pulmonary tuberculosis .98‡

 No 0.6 (28/5031) 0.3 (13/5001) 2.2 (1.1, 4.2)
 Yes 1.4 (3/207) 0 (0/237) 8.1 (0.42, 159.3)
Presence of prior chest radiographs .80
 No 0.8 (13/1682) 0.3 (5/1714) 2.7 (0.95, 7.5)
 Yes 0.5 (18/3556) 0.2 (8/3524) 2.2 (0.97, 5.2)
Reporting radiologist .87‡

 Radiologist 1 0.5 (18/3387) 0.2 (7/3421) 2.6 (1.1, 6.3)
 Radiologist 2 0.7 (11/1619) 0.4 (6/1580) 1.8 (0.66, 4.9)
 Radiologist 3 1.1 (2/188) 0 (0/189) 5.1 (0.24, 107.4)
 Others 0 (0/44) 0 (0/48) …

Note.—Except where indicated, numbers in parentheses are numbers of participants. AI = artificial intelligence.
* Numbers in parentheses are 95% CIs.
† P values were calculated by the significance of the interaction term added to the regression model.
‡ The Firth correction was applied.
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and maximizing the effect of AI-based CAD. The enhanced 
 effect of AI-based CAD in a low disease prevalence environment 
had been demonstrated in a retrospective simulation test (6). 
The detection rates of malignant lung nodules (0.15% [eight 
of 5238 participants] vs 0% [0 of 5238 participants]; P = .008) 
and lung cancer (0.11% [six of 5238 participants] vs 0% [0 of 
5238 participants]; P = .03) on chest radiographs were also 
higher in the AI group; however, these results should be inter-
preted with caution due to the very low incidence of the  disease. 
Both values showed no evidence of a difference (OR, 17.0 
[95% CI: 0.98, 295.1; P = .05] and 13.0 [95% CI: 0.73, 231.1;  
P = .08], respectively) in logistic regression analyses after the 
Firth correction.

As a considerable proportion of participants (47%, 4886 of 
10 476) underwent chest CT regardless of chest radiography re-
sults, we could not evaluate whether AI-based CAD altered pa-
tient management and clinical decision-making. Therefore, we 
evaluated the detection rate on chest radiographs as a primary 
outcome rather than the diagnosis of lung nodules or lung can-
cer. That is, our trial purely investigated the impact of AI-based 
CAD on the diagnostic performance of chest radiography, not 
its impact on increased diagnoses of lung cancer or participants’ 
prognoses. Nevertheless, the improved detection rate of action-
able lung nodules with a similar false-referral rate suggests that 
using AI-based CAD may improve lung cancer diagnosis without 
imposing an additional radiation hazard. Meanwhile, the diag-
nostic performance could be more robustly evaluated owing to 
the high proportion of CT performance. The AI group exhibited 
higher sensitivity, positive predictive value, and negative predictive 
value, while specificity was similar between the two groups.

In the subgroup analyses, no confounding factors induced 
meaningful interactions with AI-based CAD in detecting 
 actionable lung nodules on chest radiographs. Older age and a 
history of lung cancer or tuberculosis were associated with pos-
itive reports; however, those factors did not affect the impact 
of AI-based CAD. This result implies that AI-based CAD may 
work consistently for different populations, even for those with 
diseased or postoperative lungs. Age and sex showed P values 
of .06 and .05 for interaction, suggesting that a younger, male 
population could have more benefits from AI-based CAD in 
larger samples. Notably, the reporting radiologists showed 
varying positive-report rates, but the impact of AI-based 
CAD was similar among the radiologists (P = .87). Therefore,  
AI-based CAD could be equally helpful for radiologists, 
 regardless of their sensitivity in reporting nodules.

Our study had several limitations. First, because not all 
participants received chest CT, the accurate diagnostic per-
formance of chest radiography was only assessed using a sub-
group. Second, the trial was conducted at a single institution 
and the estimated sample size was not fulfilled (16). Third, we 
did not assess the standalone performance of AI-based CAD 
or the potential further impact of AI-based CAD in reporting 
prioritization or reporting time reduction. Fourth, although 
frequently performed, the effectiveness of chest radiographic 
screening in the general population has not been confirmed 
in large-scale trials. Last, our target population had relatively 
simple and dichotomized outcome (with or without nodules). 

Different effects could be observed in other populations with 
various disease groups.

In conclusion, in a randomized controlled trial of 10 486 
health checkup participants, artificial intelligence–based soft-
ware improved the detection of actionable lung nodules on chest 
radiographs with a similar false-referral rate.
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