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Lung cancer is a leading cause of cancer-related deaths 
worldwide, accounting for up to one quarter of all can-

cer deaths (1). Because lung cancers are diagnosed in an 
advanced stage in most cases, screening of early-stage lung 
cancer has emerged as a strategy for reducing lung cancer 
mortality (2–4). In fact, the National Lung Screening 
Trial clearly demonstrated that low-dose CT using an 
average effective dose of 1.5 mSv could reduce lung can-
cer mortality (5–9). In contrast, the value of using chest 
radiography as a screening modality could not be proven 
for either early lung cancer detection or lung cancer mor-
tality reduction (7). Thus, it is controversial whether lung 
cancer screening should be performed using chest radi-
ography. Nonetheless, chest radiography is widely used 
as an initial screening tool for several important thoracic 
diseases, including lung cancer, in the general population 

thanks to its low cost, easy accessibility, negligible radia-
tion dose, and reasonable diagnostic capability (10–12). 
However, the low sensitivity of lung cancer detection, 
substantial inter- and intrareader variability, and vulner-
ability to observer error remain persistent weaknesses of 
chest radiography as a screening tool (13–15).

Recently, deep learning algorithms have staked out 
a place in lung cancer detection on chest radiographs 
(16–18) and have demonstrated excellent diagnos-
tic performance in disease-enriched settings (16–18). 
Nam et al (16) reported that a deep learning algorithm 
achieved a sensitivity of 71%–91%, a specificity of 
93%–100%, and an area under the receiver operating 
characteristic curve (AUC) of 0.92–0.99 in their vali-
dation data sets with a lung cancer prevalence of ap-
proximately 60%–68%. Sim et al (18) reported that 
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Background: The performance of a deep learning algorithm for lung cancer detection on chest radiographs in a health screening 
population is unknown.

Purpose: To validate a commercially available deep learning algorithm for lung cancer detection on chest radiographs in a health 
screening population.

Materials and Methods: Out-of-sample testing of a deep learning algorithm was retrospectively performed using chest radiographs from 
individuals undergoing a comprehensive medical check-up between July 2008 and December 2008 (validation test). To evaluate the 
algorithm performance for visible lung cancer detection, the area under the receiver operating characteristic curve (AUC) and diag-
nostic measures, including sensitivity and false-positive rate (FPR), were calculated. The algorithm performance was compared with 
that of radiologists using the McNemar test and the Moskowitz method. Additionally, the deep learning algorithm was applied to a 
screening cohort undergoing chest radiography between January 2008 and December 2012, and its performances were calculated.

Results: In a validation test comprising 10 285 radiographs from 10 202 individuals (mean age, 54 years 6 11 [standard deviation]; 
5857 men) with 10 radiographs of visible lung cancers, the algorithm’s AUC was 0.99 (95% confidence interval: 0.97, 1), and it 
showed comparable sensitivity (90% [nine of 10 radiographs]) to that of the radiologists (60% [six of 10 radiographs]; P = .25) 
with a higher FPR (3.1% [319 of 10 275 radiographs] vs 0.3% [26 of 10 275 radiographs]; P , .001). In the screening cohort of 
100 525 chest radiographs from 50 070 individuals (mean age, 53 years 6 11; 28 090 men) with 47 radiographs of visible lung 
cancers, the algorithm’s AUC was 0.97 (95% confidence interval: 0.95, 0.99), and its sensitivity and FPR were 83% (39 of 47 ra-
diographs) and 3% (2999 of 100 478 radiographs), respectively.

Conclusion: A deep learning algorithm detected lung cancers on chest radiographs with a performance comparable to that of radiolo-
gists, which will be helpful for radiologists in healthy populations with a low prevalence of lung cancer.
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another deep learning algorithm had comparable diagnostic 
performance to that of radiologists in the detection of lung 
cancer in their study population composed of 75% lung can-
cer–containing chest radiographs. Also, they showed that 
assistance from their algorithm improved sensitivity (from 
65% to 73%) and reduced the false-positive rate (FPR) (from 
20% to 18%) (18). However, those previous studies (16,18) 
validated their deep learning algorithms with arbitrarily se-
lected test data sets, instead of data sets reflecting real-world 
clinical practice. The purpose of this study was to evaluate 
the performance of a deep learning algorithm for lung cancer 
nodule detection on chest radiographs, in a healthy screening 
population with average risk for lung cancer, compared with 
radiologic interpretation.

Materials and Methods
Lunit (Seoul, Korea) provided technical support for analyzing 
chest radiographs with a deep learning algorithm, and one au-
thor (S.P.) is an employee of Lunit. However, Lunit did not 
have any role in the study design; in the collection, analysis, 
and interpretation of the data; in the writing of the report; or 
in the decision to submit the article for publication. The first 
author (J.H.L.) had full access to and controlled all data in the 
study without any conflict of interest.

This retrospective study was approved by the institutional 
review board of Seoul National University Hospital, and the re-
quirement for written informed consent was waived. The popu-
lation of this study has not been reported before.

Study Population and Data Collection
We collected all chest radiographs from individuals who partic-
ipated in the medical check-up and screening program at Seoul 
National University Hospital Healthcare System Gangnam 

Center in Seoul, Korea, between January 2008 and December 
2012. The center provides a comprehensive medical check-up 
and screening program for noncommunicable diseases such as 
malignancies (19), and chest radiography is a core test in this 
screening program to help detect any lung disease requiring 
further diagnostic tests or treatments (19). The participants in 
this study paid the screening costs at their own expense, and 
they were not assessed according to predefined lung cancer risk 
factors. In this regard, the study population was an average-risk 
general population, rather than a lung cancer screening popu-
lation, that was carefully selected in terms of age and history 
of cigarette smoking. All individuals underwent chest radiog-
raphy as part of a comprehensive medical check-up, not for an 
evaluation of specific symptoms or signs.

In this study, out-of-sample testing of a deep learning al-
gorithm was performed in two steps. First, a validation test, 
including a reader study, was performed using screening ra-
diographs obtained between July 2008 and December 2008 as 
part of a screening cohort. After the validation test, the deep 
learning software was applied to an entire screening cohort un-
dergoing radiography between January 2008 and December 
2012 (Fig 1).

Standard for the Determination of Lung Cancer
Two radiologists (H.Y.S. and H.K., with 12 and 10 years of ex-
perience in thoracic radiology, respectively) created a lung can-
cer registry by searching the electronic medical records of our 
institution between January 2008 and December 2018. The 
health examination center has a patient referral system through 
which individuals requiring further diagnostic or therapeutic 
steps are referred to Seoul National University Hospital. There-
fore, this registry included all individuals with lung cancer who 
underwent chest radiography during the study period, and any 
exclusion criteria, such as emphysema or diffuse interstitial dis-
ease, were not applied to this registry.

For individuals diagnosed with lung cancer, we determined 
cancer-positive chest radiographs using the following criteria: 
(a) lung cancer shown on a chest CT scan obtained within 3 
months of the chest radiograph, (b) if a chest CT scan was not 
available, a chest radiograph taken within 12 months before the 
patient was diagnosed with lung cancer. We included a buffer of 
3 additional months to account for variability in patients’ follow-
up strategy. When the pathologic diagnosis was made 15 months 
or longer after the chest radiograph, the chest radiograph was 
excluded because we could not guarantee whether there was lung 
cancer on the chest radiograph.

For individuals in the lung cancer registry, chest radiographs 
were classified as cancer-negative if lung cancer was not pres-
ent on a chest CT scan taken within 3 months of the chest 
radiograph. The chest radiographs of individuals who were not 
diagnosed with lung cancer were designated as cancer-negative 
according to the following criteria to ensure that those chest 
radiographs did not have any lung cancer: (a) if a chest CT scan 
taken within 3 months of the chest radiograph did not demon-
strate any significant lung nodules (ie, noncalcified nodules 6 
mm); (b) if significant lung nodules were present on a chest CT 
scan but were confirmed as benign lesions, either pathologically 

Abbreviations
AUC = area under the receiver operating characteristic curve, CI = con-
fidence interval, FPR = false-positive rate, NPV = negative predictive 
value, PPV = positive predictive value

Summary
A deep learning algorithm detected lung cancer nodules on chest 
radiographs with a performance comparable to that of radiologists, 
which will be helpful for radiologists in healthy populations with a 
low prevalence of lung cancer.

Key Results
 n In a validation study composed of 10 285 chest radiographs from 

10 202 individuals, a deep learning algorithm showed comparable 
sensitivity to that of radiologists in detecting visible lung cancers 
(90% vs 60%; P = .25).

 n Of the 10 285 chest radiographs, 3.2% were classified as abnor-
mal by the deep learning algorithm compared with 0.3% by the 
pooled radiologists’ interpretations (positive predictive value, 2.7% 
vs 19%; P , .001).

 n In a health screening cohort composed of 100 525 chest radio-
graphs from 50 070 individuals, the deep learning algorithm 
detected 39 of 47 (83%) visible lung cancers on chest radiographs, 
and its area under the receiver operating characteristic curve was 
0.97.
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have lung cancer and had no available follow-up radiographs af-
ter 12 months.

Assessment of Lung Cancer Visibility on Chest Radiographs
For cancer-positive chest radiographs, two board-certified 
radiologists (J.H.L. and E.J.H., with 7 and 9 years of expe-
rience in thoracic radiology, respectively) independently as-
sessed the visibility of lung cancer on each chest radiograph, 
referring to the available chest CT scans. In this assessment, 
the lung cancers on chest radiographs were dichotomized 
as visible or invisible. Finally, lung cancers on chest radio-
graphs designated as visible by either radiologist were clas-

or clinically (ie, they were stable during 2 years of follow-up); 
or (c) if a chest CT scan within 3 months of the chest radio-
graph was not available and a follow-up chest radiograph after 
12 months or longer revealed cancer-negative results.

The following individuals were excluded from the study pop-
ulation: (a) individuals with a history of lung cancer, (b) those 
with lung lesions pathologically confirmed as preinvasive lesions 
of lung cancer and not definitive lung cancer, (c) those with sig-
nificant lung nodules (6 mm) on a chest CT scan that were 
neither pathologically nor clinically confirmed, (d) individuals 
whose chest radiographs were obtained more than 15 months 
before the pathologic diagnosis, and (e) individuals who did not 

Figure 1: Flowchart of (a) validation test cohort and (b) screening cohort.
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Deep Learning Algorithm
A commercially available deep learning algorithm (Lunit In-
sight for Chest Radiography, version 4.7.2; Lunit, Seoul, Ko-
rea) was used in this study. The algorithm was developed for 
the detection of major thoracic diseases. Further detailed in-
formation about its development and validation is presented 

in Appendix E1 (online) and 
has been reported in a previ-
ous article (17). The algorithm 
provides both an image-wise 
probability value of a chest ra-
diograph being abnormal and 
a per-pixel localization map 
overlaid on the input chest ra-
diograph identifying the loca-
tion of abnormalities.

In this study, the algorithm 
was applied with a predefined 
threshold (0.16), with which 
95% sensitivity was achieved in 
previous study (17). The thresh-
old of 0.16 was selected in this 
study because the primary pur-
pose of screening lies in sensi-
tively detecting lung cancers. 
All localization maps of chest 
radiographs with positive results 
from the deep learning algo-
rithm were checked to ensure 
that the algorithm adequately 
localized each lung cancer lesion 
on the chest radiographs.

sified as visible lung cancers on chest radiographs, and chest 
radiographs concordantly judged as visible by both radiolo-
gists were categorized as clearly visible lung cancers on chest 
radiographs. Lung cancers determined as invisible by both 
radiologists were classified as invisible lung cancers on chest 
radiographs.

Table 1: Baseline Clinical Characteristics of Individuals and Chest Radiographs in Validation 
Test and Screening Cohorts

Patient and Radiograph Characteristics Validation Test Cohort Screening Cohort
No. of individuals 10 206 50 098
No. of chest radiographs 10 289 100 576
Mean age 6 SD (y)* 54 6 11 (18–95) 53 6 11 (18–99)
Sex
 M 5859 28 105
 F 4347 21 993
Median no. of chest radiographs per individual* 1 (1–4) 1 (1–20)
No. of cancer-positive chest radiographs 14 (0.1) 98 (0.1)
No. of chest radiographs with visible lung cancers on  
  chest radiographs†

10 (0.1) 47 (0.05)

No. of chest radiographs with clearly visible  
  lung cancers‡

Not evaluated 28 (0.03)

Note.—Except where indicated, numbers in parentheses are percentages. SD = standard deviation.
* Numbers in parentheses are ranges.
† In the analysis of visible lung cancer, four and 51 chest radiographs of invisible lung cancers were 
excluded in validation test and screening cohort, respectively. Thus, data are for 10 285 radiographs 
in 10 202 individuals for the validation test cohort and 100 525 radiographs in 50 070 individuals 
in the screening cohort.
‡ In the analysis of clearly visible lung cancer, 70 chest radiographs were excluded from the screen-
ing cohort because these radiographs were judged as having invisible lung cancer by at least one of 
the two radiologists. Thus, data are for 100 506 radiographs in 50 057 individuals.

Table 2: Comparison between Diagnostic Performance of Deep Learning Algorithm and That of Three Board-certified Radiolo-
gists for Detection of Visible Lung Cancers on Chest Radiographs in Validation Test Cohort

Variable
Sensitivity 
(%)

P  
Value Specificity (%)

P  
Value FPR (%)

P  
Value NPV (%)

P  
Value PPV (%)

P  
Value Accuracy (%)

Pooled per-
formance 
of three 
radiolo-
gists

60 (6/10) 
[26, 88]

… 100 (10 249/ 
10 275)  
[100, 100]

… 0.3 (26/10 275) 
[0.2, 0.4]

… 100 (10 249/10 
 253) [100, 
100]

… 19 (6/32) 
[7, 36]

… 100 
(10 255/10 
 285) [100, 
100]

Deep learn-
ing algo-
rithm*

90 (9/10) 
[55, 
100]

.25 97 (9956/ 
10 275),  
[97, 97]

,.001 3.1 (319/ 
10 275)  
[2.8, 3.5]

,.001 100 (9956/9957) 
[100, 100]

.09 2.7 
(9/328) 
[1.3, 
5.1]

,.001 97 (9965/10  
285) [97, 
97]

Matched 
threshold, 
0.847†

70 (7/10) 
[35, 93]

..99 100 (10 249/10 
 275) [100, 
100]

NA 0.3 (26/10 275) 
[0.2, 0.4]

NA 100 (10 249/10 
 252) [100, 
100]

.56 21 (7/33) 
[9, 39]

.26 100 
(10 256/10 
 285) [100, 
100]

Note.—Visible lung cancers: 10 individuals (0.1% of 10 202 individuals) with 10 radiographs (0.1% of 10 285 radiographs). Numbers 
in parentheses are raw data. Numbers in brackets are 95% confidence intervals. P values are for comparisons with the pooled diagnostic 
performance of three board-certified radiologists. FPR = false-positive rate, NA = not applicable, NPV = negative predictive value, PPV = 
positive predictive value.
* A predefined threshold of 0.16 was used.
† Corresponding threshold, sensitivity, negative predictive value, and positive predictive value when the specificity of the algorithm matched 
that of the radiologists.
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years 6 11; age range, 18–95 years) with 10 289 chest radio-
graphs were included in the task of detecting cancer-positive 
radiographs. For detecting visible lung cancer, 10 285 radio-
graphs from 10 202 individuals (5857 men and 4345 women; 
mean age, 54 years 6 11) were included. Four individuals were 
excluded because their lung cancers were invisible on chest ra-
diographs (Fig 1a, Table 1).

Reader Study in the Validation Test
All chest radiographs in the validation test were re-
viewed once by one of three board-certified radiolo-
gists (one with 7 years of experience in reading chest 
radiographs, and two with 6 years of experience in 
reading chest radiographs; their subspecialties were 
not thoracic radiology). The three radiologists were 
blinded to all clinical information and asked to de-
termine whether each chest radiograph had suspi-
cious abnormalities for lung cancer.

Statistical Analysis
In the validation test, the diagnostic perfor-
mance of the deep learning algorithm was ap-
praised through the following two tasks: (a) de-
tection of visible lung cancers on chest radiographs 
and (b) discrimination between cancer-positive 
chest radiographs and cancer-negative chest radio-
graphs. These two evaluations were performed 
independently.

For each task, receiver operating characteristic 
curve analysis was performed and the AUC was used 
as the performance measure. Sensitivity, specificity, 
FPR, negative predictive value (NPV), positive pre-
dictive value (PPV), and accuracy were calculated. 
As diagnostic measures of the radiologists, the sen-
sitivity, specificity, FPR, NPV, PPV, and accuracy 
of the pooled radiologists were calculated and com-
pared with those of the deep learning algorithm 
using the McNemar tests for sensitivity, specificity, 
and FPR and the method described by Moskowitz 
and Pepe (20) for PPV and NPV. In addition, we 
calculated the threshold value where the specificity 
of the algorithm matched that of the pooled radi-
ologists. The corresponding sensitivity, FPR, NPV, 
and PPV at this threshold were also calculated and 
compared with those of the radiologists.

For the entire screening cohort, in addition to 
the two tasks from the validation test, an additional 
task of detecting clearly visible lung cancers on 
chest radiographs was evaluated. These three evalu-
ations were also performed independently.

Data were collected and saved as a spreadsheet, 
using Microsoft Excel 2016 (Microsoft, Redmond, 
Wash). All statistical analyses were performed using 
R software (version 4.0.0; The R Project for Sta-
tistical Computing, Vienna, Austria), and P , .05 
was considered to indicate a statistically significant 
difference.

Results

Participant Characteristics
For the validation test, 13 640 individuals with 13 760 chest ra-
diographs were initially included; 3434 individuals with 3471 
radiographs were excluded due to the exclusion criteria. Finally, 
10 206 individuals (5859 men and 4347 women; mean age, 54 

Figure 2: Receiver operating characteristic curves of deep learning algorithm for (a) detection 
of visible lung cancer on chest radiographs and (b) cancer-positive chest radiographs compared 
with board-certified radiologists in validation test. In validation test composed of 10 285 chest ra-
diographs (a), including 10 chest radiographs with visible lung cancer, the algorithm had an area 
under the receiver operating characteristic curve (AUC) of 0.99 (95% confidence interval [CI]: 
0.97, 1), and the radiologists showed a sensitivity of 60% and a specificity of 100%. In magnified 
illustration, red dot that represents radiologists’ performance is below receiver operating charac-
teristic curve of algorithm. In validation test composed of 10 289 chest radiographs (b), including 
14 cancer-positive chest radiographs, the deep learning algorithm had an AUC of 0.89 (95% 
CI: 0.79, 0.99). In comparison, three board-certified radiologists showed a sensitivity of 43% and 
a specificity of 100% for this task. In magnified figure, red dot that represents radiologists’ perfor-
mance is below the receiver operating characteristic curve of the algorithm.
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have no lung cancers. Ten individuals were included in both 
categories because their chest radiographs were initially cancer-
negative, but they were later diagnosed with lung cancer and 
their chest radiographs were cancer-positive (demonstration on 
chest CT, n = 8; within 12 months of lung cancer diagnosis, n 
= 2). Detailed information about all lung cancers in this study 
population is presented in Table E1 (online). Among the 98 
cancer-positive radiographs, 47 radiographs from 41 individu-
als were categorized as having visible lung cancers, and 28 chest 
radiographs from 27 individuals were determined as having 
clearly visible lung cancers (Fig 1b, Table 1). In one patient, the 
initial chest radiograph had invisible lung cancer, while the lat-
ter radiograph obtained 12 months after the initial radiograph 
had visible lung cancer.

Lung Cancer Detection Performance in the Validation Test
The detection performances of the deep learning algorithm 
and pooled radiologists for visible lung cancers on chest radio-
graphs are shown in Table 2, and those of each radiologist are 
summarized in Table E2 (online). The algorithm’s AUC was 
0.99 (95% confidence interval [CI]: 0.97, 1), and it detected 
three more lung cancers (nine of 10 chest radiographs; sensi-
tivity, 90%) than the radiologists (six of 10 chest radiographs; 
sensitivity, 60%) (Fig 2a). However, this difference was not 
statistically significant (P = .25). The algorithm had an NPV 
equivalent to that of the radiologists (100% vs 100%, P = .09), 
but it had a lower specificity and PPV and a higher FPR (speci-
ficity, 97% vs 100%, P , .001; PPV, 2.7% vs 19%, P , .001; 
FPR, 3.1% vs 0.3%, P , .001). At the threshold where the 
algorithm’s specificity matched that of the radiologists (0.847), 
the algorithm’s sensitivity, NPV, and PPV were 70%, 100%, 
and 21%, respectively, and all diagnostic measures of the algo-

For the screening cohort, 71 951 individuals (37 938 men 
and 34 013 women; mean age, 50 years 6 12) with 132 207 
chest radiographs were initially included, and 21 853 individuals 
with 31 631 radiographs were excluded according to the exclu-
sion criteria. Thus, 50 098 individuals (28 105 men and 21 993 
women; mean age, 53 years 6 11; age range, 18–99 years) with 
100 576 radiographs were included in the task of detecting 
cancer-positive radiographs. For the analysis of visible lung can-
cer detection, 51 radiographs of invisible lung cancers from 37 
individuals were excluded, and 50 070 individuals (28 090 men 
and 21 980 women; mean age, 53 years 6 11; age range, 18–99 
years) with 100 525 radiographs were used. In the analysis of 
clearly visible lung cancer, 19 additional radiographs from 15 
individuals were excluded because these radiographs were judged 
as having invisible lung cancer by one of the two radiologists 
(J.H.L. and E.J.H.) (Fig 1b, Table 1). The baseline characteristics 
of the study populations area described in Table 1.

Prevalence of Lung Cancer in Study Populations
In the validation test, 14 individuals (0.1% of 10 206 individu-
als) with 14 radiographs (0.1% of 10 289 chest radiographs) 
were confirmed to have lung cancers, and 10 192 individu-
als (99.9% of 10 206 individuals) with 10 275 radiographs 
(99.9% of 10 289 radiographs) were judged to have no lung 
cancers. Ten radiographs (0.1% of 10 285 radiographs) in 10 
individuals (0.1% of 10 202 individuals) were judged to have 
visible lung cancers (Fig 1a, Table 1).

In the entire screening cohort, 77 individuals (0.2% of 
50 098 individuals) with 98 radiographs (0.1% of 100 576 
chest radiographs) were confirmed to have lung cancers, and 
50 031 individuals (99.9% of 50 098 individuals) with 100 478 
radiographs (99.9% of 100 576 radiographs) were judged to 

Table 3: Comparison between Diagnostic Performance of the Deep Learning Algorithm and That of Three Board-Certified Radi-
ologists for Detection of Cancer-Positive Chest Radiographs in Validation Test

Variable
Sensitivity 
(%)

P  
Value Specificity (%)

P  
Value FPR (%)

P  
Value NPV (%)

P  
Value PPV (%)

P  
Value Accuracy (%)

Pooled per-
formance 
of three 
radiolo-
gists

43 (6/14) 
[18, 71]

… 100 (10 249/ 
10 275) [100, 
100]

… 0.3 (26/ 
10 275) 
[0.2, 0.4]

… 100 (10 249/ 
10 257) [100, 
100]

… 19 (6/32) 
[7, 36]

… 100 (10 255/ 
10 289) [100, 
100]

Deep learn-
ing algo-
rithm*

64 (9/14) 
[35, 87]

.25 97 (9956/ 
10 275)  
[97, 97]

,.001 3.1 (319/ 
10 275) 
[2.8, 3.4]

,.001 100 (9956/9961) 
[100, 100]

.11 3 (9/328) 
[1.3, 
5.1]

,.001 97 (9965/ 
10 289)  
[96, 97]

Matched 
thresh-
old†, 
0.808

64 (9/14) 
[35, 87]

.25 100 (10 249/ 
10 275) [100, 
100]

NA 0.2 (26/ 
10 275) 
[0.2, 0.4]

NA 100 (10 249/ 
10 254) [100, 
100]

.08 26 (9/35) 
[12, 
43]

.19 100 (10 258/ 
10 289) 
[100, 100]

Note.—Cancer-positive chest radiographs: 14 individuals (0.1% of 10 206 individuals) with 14 chest radiographs (0.1% of 10 289 chest 
radiographs). Numbers in parentheses are raw data. Numbers in brackets are 95% confidence intervals. P values are for comparisons with 
the pooled diagnostic performance of three board-certified radiologists. FPR = false-positive rate, NA = not applicable, NPV = negative 
predictive value, PPV = positive predictive value.
* A predefined threshold of 0.16 was used.
† Corresponding threshold, sensitivity, negative predictive value, and positive predictive value when the specificity of the algorithm matched 
with that of the radiologists.



Lee and Sun et al

Radiology: Volume 00: Number 0— 2020  n  radiology.rsna.org 7

specificity, NPV, and PPV of the algorithm were 97%, 100%, 
and 0.9%, respectively (Fig 5).

When the three receiver operating characteristic curves were 
compared with each other, the performance of the algorithm 
improved with increased visibility (cancer-positive chest radio-
graphs [AUC = 0.78; 95% CI: 0.73, 0.83] vs visible lung can-
cers on chest radiographs [AUC = 0.97; 95% CI: 0.95, 0.99],  
P , .001; cancer-positive chest radiographs vs clearly visible 
lung cancer on chest radiographs [AUC = 0.99; 95% CI: 0.99, 
0.99], P , .001; visible lung cancers on chest radiographs vs 
clearly visible lung cancers on chest radiographs, P = .01).

Discussion
To test whether a deep learning algorithm could evaluate chest 
radiographs for lung cancer in a large-scale health screening 
population, we applied a commercially available deep learning 
algorithm and compared its performance to that of radiolo-

rithm were comparable 
to those of the radiolo-
gists (sensitivity, P . 
.99; NPV, P = .56; PPV, 
P = .26).

The classification of 
cancer-positive chest ra-
diographs is presented in 
Table 3 and Figure 2b. 
The algorithm’s AUC 
was 0.89 (95% CI: 0.79, 
0.99). It detected three 
more lung cancers (nine 
of 14 chest radiographs; 
sensitivity, 64%) than 
the radiologists (six of 14 
chest radiographs; sen-
sitivity, 43%) (P = .25). 
However, it had a higher 
FPR (3.1% vs 0.3%; P , 
.001) (Fig 3).

Lung Cancer Detection 
Performance of 
the Deep Learning 
Algorithm in the Entire 
Screening Cohort
The performance met-
rics of the deep learning 
algorithm for lung can-
cer detection in the en-
tire screening cohort are 
tabulated in Table 4. The 
algorithm classified 3% 
(3038 of 100 576 radio-
graphs for cancer-posi-
tive radiographs, 3038 of 
100 525 radiographs for 
visible lung cancers on 
chest radiographs, and 
3027 of 100 506 radiographs for clearly visible lung cancers on 
chest radiographs) of chest radiographs as abnormal.

For the classification of cancer-positive radiographs, the AUC 
of the algorithm was 0.78 (95% CI: 0.73, 0.83) (Fig 4a). The 
algorithm correctly classified 39 of the 98 cancer-positive radio-
graphs (sensitivity, 40%). The specificity, NPV, and PPV of the 
algorithm were 97%, 100%, and 1.3%, respectively.

In the detection of visible lung cancers on the chest radio-
graph, the algorithm had an AUC of 0.97 (95% CI: 0.95, 0.99) 
(Fig 4b). Visible lung cancers were correctly detected on 39 of 47 
radiographs (sensitivity, 83%). The specificity, NPV, and PPV 
of the algorithm for detecting visible lung cancers were 97%, 
100%, and 1.3%, respectively.

For the detection of clearly visible lung cancers on chest ra-
diographs, the algorithm showed an AUC of 0.99 (95% CI: 
0.99, 0.99) (Fig 4c). Clearly visible lung cancers were correctly 
detected on 28 of 28 chest radiographs (sensitivity, 100%). The 

Figure 3: Representative case of deep learning algorithm 
correctly detecting visible lung cancer on a chest radiograph in a 
health screening. Images in a 56-year-old woman who underwent 
chest radiography as part of a comprehensive health check-up and 
screening. (a) Chest radiograph shows ill-defined lesion with a 
diameter of 3.5 cm (arrowhead) faintly identified in right upper lung 
apex, which is obscured by bony thorax. (b) Axial unenhanced 
chest CT scan taken on same day as chest radiograph shows 4.1-
cm lung mass (arrowhead) with spiculated margin in right upper 
lobe apex. Right upper lobe lobectomy was performed, and the 
mass was pathologically proven to be invasive adenocarcinoma 
with an acinar and bronchioloalveolar pattern. (c) Deep learning 
algorithm provided a probability value of 0.85 for this being a 
positive case and correctly localized lesion in right upper lung apex 
(arrowhead). This lung mass was missed by a board-certified radi-
ologist in the reader study.
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Table 4: Diagnostic Performance of Deep Learning Algorithm for Detection of Lung Cancers on Health Screening Cohort Chest 
Radiographs

Variable Sensitivity (%) Specificity (%) FPR (%) NPV (%) PPV (%) Accuracy (%)
Cancer-positive  

chest radiographs
40 (39/98)  

[30, 50]
97 (97 479/100 478) 

[97, 97]
3 (2999/100 478) 

[2.9, 3.1]
100 (97 479/97 538) 

[100, 100]
1.3 (39/3038)  

[0.9, 1.8]
97 (97 518/100 576) 

[97, 97]
Visible cancers on 

chest radiographs
83 (39/47)  

[69, 92]
97 (97 479/100 478) 

[97, 97]
3 (2999/100 478) 

[2.9, 3.1]
100 (97 479/97 487) 

[100, 100]
1.3 (39/3038)  

[0.9, 1.8]
97 (97 518/100 525) 

[97, 97]
Clearly visible  

cancers on chest 
radiographs

100 (28/28)  
[88, 100]

97 (97 479/100 478) 
[97, 97]

3 (2999/100 478) 
[2.9, 3.1]

100 (97 479/97 479) 
[100, 100]

0.9 (28/3027)  
[0.7, 1.3]

97 (97 507/100 506) 
[97, 97]

Note.—A predefined threshold of 0.16 was used. Cancer-positive chest radiographs: 77 individuals (0.2% of 50 098 individuals) with 98 
radiographs (0.1% of 100 576 chest radiographs). Visible lung cancers: 41 individuals (0.1% of 50 070 individuals) with 47 radiographs 
(0.05% of 100 525 chest radiographs). Clearly visible lung cancers: 27 individuals (0.05% of 50 057 individuals) with 28 radiographs 
(0.03% of 100 506 chest radiographs). Numbers in parentheses are raw data. Numbers in brackets are 95% confidence intervals. FPR = 
false-positive rate, NPV = negative predictive value, PPV = positive predictive value.

Figure 4: Receiver operating characteristic curves of deep learning algorithm 
for detection of lung cancer on chest radiographs in a health screening cohort. (a) 
Receiver operating characteristic curve of deep learning algorithm for classification 
of cancer-positive chest radiographs in a health screening. Area under the receiver 
operating characteristic curve (AUC) was 0.78 (95% confidence interval [CI]: 
0.73, 0.83). (b) Receiver operating characteristic curve of deep learning algo-
rithm for visible lung cancers on chest radiographs, with an AUC of 0.97 (95% CI: 
0.95, 0.99). (c) Receiver operating characteristic curve of deep learning algorithm 
for detection of clearly visible lung cancers on chest radiographs. AUC of algo-
rithm was 0.99 (95% CI: 0.99, 0.99).
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gists. We found that the 
deep learning algorithm 
had an area under the 
receiver operating char-
acteristic curve of 0.99 
(95% confidence inter-
val: 0.97, 1) and a com-
parable sensitivity (90% 
vs 60%, P = .25) to ra-
diologists, with a higher 
false-positive rate (3.1% 
vs 0.3%, P , .001). 
At the threshold where 
the algorithm’s specific-
ity matched that of the 
radiologists (0.847), its 
sensitivity, negative pre-
dictive value, and posi-
tive predictive value were 
comparable to those of 
the radiologists.

Previous studies of 
deep learning algorithms 
for the detection of lung 
cancers on chest radio-
graphs had limitations in 
their applicability to real-
world settings for the fol-
lowing reasons (21–23): 
(a) they were tested using 
disease-enriched data sets 
(prevalence, 16%–75%), 
which were clearly unre-
alistic (16–18); (b) their 
test data sets were arbi-
trarily selected in terms of 
the size, number, and lo-
cation of the lung cancers 
(16–18); and (c) their 
test data sets comprised 
clearly dichotomized 
cases (chest radiographs with lung cancer vs normal chest radio-
graphs), which intentionally excluded any indeterminate chest 
radiographs or radiographs with other pathologies (16–18). By 
contrast, we performed our study in a real-world setting, using 
a real-world health screening population (23). Therefore, we be-
lieve that the algorithm analyzed in our study could be reason-
ably applied for the detection of lung cancers on chest radio-
graphs in a health screening population with an average risk of 
lung cancer.

The sensitivity for the detection of visible lung cancers on 
chest radiographs has been reported to be highly variable at 
20%–92%, and radiologists’ perceptual errors are reported to 
be the most common and preventable cause for failure to diag-
nose lung cancers or to detect lung cancers on chest radiographs 
(13–15,24). In this study, the deep learning algorithm consis-
tently showed a much higher sensitivity (90% in the validation 

test and 83% in the health screening of this study) than previous 
studies for the detection of visible lung cancers on chest radio-
graphs, classifying only 3% of chest radiographs as having a high 
probability of being abnormal (13–15,24). The deep learning 
algorithm can help reduce diagnostic errors caused by simple 
mistakes or perceptual errors due to radiologists’ insufficient ex-
pertise, as this algorithm showed a consistent and high detection 
performance for lung cancers on chest radiographs and was not 
vulnerable to the perceptual errors of human readers (16,17).

In previous studies, the sensitivity of algorithms for lung can-
cer detection on chest radiographs increased when lesions were 
large and clearly demonstrated (12,16,18). Concordantly, our 
study also showed that the AUC increased when lung cancers 
were clearly visible on chest radiographs. The algorithm detected 
100% of clearly visible lung cancers on radiographs in the health 
screening setting. By contrast, the sensitivity decreased in the 

Figure 5: Representative case of deep learning algorithm 
detecting clearly visible lung cancer on a chest radiograph in a 
health screening. Images in a 67-year-old man who underwent 
chest radiography as part of a comprehensive health check-up 
and screening. (a) Chest radiograph shows faintly visible lung 
mass (arrowhead) with diameter of 3.5 cm in left middle lung 
field. (b) Unenhanced chest CT scan taken on same day as chest 
radiograph shows 3.3-cm lung mass (arrowhead) with spiculated 
margin and air bronchogram in left lower lobe on axial plane. 
Patient underwent left lower lobe lobectomy, and this mass was 
pathologically proven to be squamous cell carcinoma. (c) Deep 
learning algorithm provided a probability value of 0.91 for patient 
having lung cancer and correctly localized lesion in left middle 
lung field (arrowhead).
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cases of lung cancers with lower visibility on radiographs. The 
decline in sensitivity was even more noticeable in the analysis of 
cancer-positive radiographs, which included all cancer-positive 
cases regardless of lesion visibility on radiographs. A clear expla-
nation for this phenomenon is that the deep learning algorithm 
used in our study was trained with data sets of chest radiographs 
with visible lung cancers as determined by radiologists (16,17).

The most important limitation of this study is that not all 
patients had contemporaneous chest CT examinations at the 
time of their chest radiographs. This fact is problematic, as nod-
ules could be missed by our method of relying on longitudinal 
follow-up as the reference standard. Very slowly growing lung 
cancers might not be found using our method for follow-up. 
Second, we did not evaluate the added value of the deep learning 
algorithm to the diagnostic performance of the radiologists. But 
given the results of previous studies, in which the diagnostic per-
formance of radiologists improved with the aid of deep learning 
algorithms (16,18), we believe that this algorithm can improve 
radiologists’ performance even in a health screening population. 
Third, no lateral radiographs were used in this study. Sometimes, 
pulmonary nodules are easier to find on lateral radiographs be-
cause of overlap of the nodule with normal structures on the 
frontal radiographs. Fourth, although the three radiologists par-
ticipating in the validation test had 6–7 years of experience in 
reading chest radiographs, their performance results might not 
represent those of chest radiologists. Fifth, the diagnostic perfor-
mances of other deep learning algorithms could differ from our 
results, and, thus, the deep learning algorithm used in our study 
cannot represent all other deep learning algorithms. Finally, this 
external validation study was performed at a single institution.

In conclusion, a deep learning algorithm detected lung can-
cer nodules on chest radiographs with a performance compa-
rable to that of radiologists, which will be helpful for radiologists 
in healthy populations with a low prevalence of lung cancer. To 
generalize the clinical use of the deep learning algorithm in a 
screening program of the general population, further studies cov-
ering a variety of races and medical environments will be needed.
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