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The National Lung Screening Trial (NLST) and the 
Dutch-Belgian Lung Cancer Screening trial showed that 

screening high-risk individuals with low-dose chest CT re-
duced lung cancer mortality by 20% and 26%, respectively 
(1,2). This is linked to a beneficial stage shift, with stage I 
and II lung cancer having a much better prognosis than 
stage III or IV lung cancer (3). Lung cancer typically mani-
fests as pulmonary nodules at CT. However, most nodules 
are benign and do not require further clinical workup. 
Nodule management guidelines and data-driven models 
have been developed to reduce the rate of false-positive 
findings and avoid overtreatment (4–8), but it remains a 
challenge to accurately distinguish between benign and 
malignant nodules (9).

Deep learning (DL) with convolutional neural net-
works (CNNs) has recently become a method of choice 
for analyzing medical images (10). Several studies 

(11–13) showcased the potential of CNNs in predicting 
the malignancy risk of a pulmonary nodule by using the 
publicly available Lung Image Database Consortium 
image collection data set (14). However, these studies 
used the subjective labels provided by radiologists and 
lacked a solid reference standard set by histopathologic 
examination for malignant nodules and at least 2 years 
of imaging follow-up for benign nodules. Ardila et  al 
(15) developed a DL algorithm that processes a whole 
CT image to predict patient-level malignancy risk. 
However, without risk scores for individual nodules, 
these algorithms are difficult to integrate as a second 
opinion in conjunction with current clinical guidelines 
like the Lung CT Screening Reporting and Data System 
(Lung-RADS) by the American College of Radiology 
(4,16). Another study evaluated a DL algorithm on two 
clinical data sets with a proven reference standard, but 

Background: Accurate estimation of the malignancy risk of pulmonary nodules at chest CT is crucial for optimizing management in 
lung cancer screening.

Purpose: To develop and validate a deep learning (DL) algorithm for malignancy risk estimation of pulmonary nodules detected at 
screening CT.

Materials and Methods: In this retrospective study, the DL algorithm was developed with 16 077 nodules (1249 malignant) col-
lected  between 2002 and 2004 from the National Lung Screening Trial. External validation was performed in the following three 
 cohorts  collected between 2004 and 2010 from the Danish Lung Cancer Screening Trial: a full cohort containing all 883 nod-
ules (65  malignant) and two cancer-enriched cohorts with size matching (175 nodules, 59 malignant) and without size matching 
(177  nodules, 59 malignant) of benign nodules selected at random. Algorithm performance was measured by using the area under the 
receiver operating characteristic curve (AUC) and compared with that of the Pan-Canadian Early Detection of Lung Cancer (PanCan) 
model in the full cohort and a group of 11 clinicians composed of four thoracic radiologists, five radiology residents, and two pulmon-
ologists in the cancer-enriched cohorts.

Results: The DL algorithm significantly outperformed the PanCan model in the full cohort (AUC, 0.93 [95% CI: 0.89, 0.96] vs 
0.90 [95% CI: 0.86, 0.93]; P = .046). The algorithm performed comparably to thoracic radiologists in cancer-enriched cohorts 
with both random benign nodules (AUC, 0.96 [95% CI: 0.93, 0.99] vs 0.90 [95% CI: 0.81, 0.98]; P = .11) and size-matched be-
nign nodules (AUC, 0.86 [95% CI: 0.80, 0.91] vs 0.82 [95% CI: 0.74, 0.89]; P = .26).

Conclusion: The deep learning algorithm showed excellent performance, comparable to thoracic radiologists, for malignancy risk 
estimation of pulmonary nodules detected at screening CT. This algorithm has the potential to provide reliable and reproducible 
malignancy risk scores for clinicians, which may help optimize management in lung cancer screening.
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were trained by the radiologist (E.T.S.). All nodules from 
the DLCST were recorded by two thoracic radiologists who 
were responsible for the initial readings during the course of 
screening (18).

NLST cohort.—The NLST database lists the nodules found 
during screening with lobar locations and CT section num-
bers, but exact nodule coordinates are not available. The 
experienced radiologist (E.T.S.) inspected all images in par-
ticipants diagnosed with lung cancer within the study pe-
riod (median follow-up, 6.5 years) to retrospectively locate 
the malignant nodules. With the ability to retrospectively 
examine the images in participants across screening rounds, 
all nodules with malignant morphologic features located in 
the tumor-bearing lobe were registered as lung cancer with 
high certainty. Other nodules were excluded from our study. 
CT images in participants who were not diagnosed with lung 
cancer were read by the two medical students. They had ac-
cess to the lobe location and CT section number and were 
instructed to locate all nodules recorded for that image in the 
NLST database. Nodules with a mean diameter (on the basis 
of volumetric measurements; Appendix E1 [online]) smaller 
than 4 mm were excluded. The process is shown in Figure 1.

Full DLCST cohort.—For participants who developed lung 
cancer, the first image on which the lung cancer was anno-
tated was included. For participants without lung cancer, 
the nodule annotations from the baseline images were used. 
Follow-up information regarding the presence of histologic 
analysis–proven malignancies was available for 9 years. To-
gether, these nodules formed the full DLCST cohort. These 
nodules were used in a previous study (19) to compare the 
PanCan model, Lung-RADS, and the National Comprehen-
sive Cancer Network guidelines.

Cancer-enriched DLCST subsets.—For comparisons with cli-
nicians, two cancer-enriched subsets were selected from the 
DLCST cohort. Both subsets included all lung cancer nod-
ules and twice as many benign nodules. For subset A, the 
benign nodules were sampled at random; for subset B, the 
benign nodules were size matched to the cancers before sam-
pling at random to remove the effect of nodule size. If a par-
ticipant had more than one malignant lesion, only one was 
included at random in the observer study. Details of these 
subsets were published previously in an observer study that 
compared the PanCan model with 11 clinicians (20).

Algorithm Development and Validation
We trained a DL algorithm to predict nodule malignancy risk 
from only raw voxels by using an ensemble of two-dimensional 
and three-dimensional CNNs (Fig 2). CT images and nodule 
coordinates were used as inputs for the algorithm. The two-
dimensional CNN was based on the system developed by Setio 
et al (21) with ResNet50 (22) backbone, and the three-dimen-
sional CNN was based on three-dimensional– inflated Incep-
tion-v1 architecture (open source; https://github.com/hassony2/
kinetics_i3d_pytorch) (15,23). They were trained independently 

external validation was not performed in screening cohorts 
and no comparisons to clinicians were provided (17).

In our study, we developed and externally validated a DL 
algorithm on the basis of CNNs for malignancy risk estima-
tion of pulmonary nodules detected at low-dose screening 
CT, with a reference standard set by histopathologic exami-
nation or at least 2 years of follow-up. Our validation in-
cluded a performance comparison to 11 clinicians and the 
clinically established Pan-Canadian Early Detection of Lung 
Cancer (PanCan) model (7) in external screening cohorts.

Materials and Methods

CT Examinations
In this retrospective study, the development data set included 
anonymized low-dose CT examinations in participants who 
participated in the NLST (1) between 2002 and 2004. Per-
mission was obtained from the NLST (1) through the Na-
tional Cancer Institute Cancer Data Access System (approved 
Project IDs: NLST-74, NLST-111, NLST-164 and NLST-
267; Appendix E1 [online]). Institutional review board ap-
proval was obtained at each of the 33 centers involved in the 
NLST, and all participants provided informed consent.

The external validation data set included anonymized 
low-dose CT examinations in individuals who participated 
in the Danish Lung Cancer Screening Trial (DLCST) (18) 
between 2004 and 2010. The Ethics Committee of Copen-
hagen County approved the study, and informed consent 
was obtained from all participants.

Nodule Annotations
The nodules from the NLST were annotated by an expe-
rienced radiologist (E.T.S., with . 5 years of experience 
in reading lung screening CT) and two medical students 
(in their 4th and 5th years of undergraduate studies) who 

Abbreviations
AUC = area under the receiver operating characteristic curve, CNN = 
convolutional neural network, DL = deep learning, DLCST = Dan-
ish Lung Cancer Screening Trial, Lung-RADS = Lung CT Screening 
Reporting and Data System, NLST = National Lung Screening Trial, 
PanCan = Pan-Canadian Early Detection of Lung Cancer

Summary
A deep learning algorithm, developed for malignancy risk estimation 
of pulmonary nodules detected at screening CT, demonstrated good 
discriminative performance in a large independent validation set.

Key Results
 n A deep learning algorithm developed for malignancy risk estima-

tion of nodules detected at a single low-dose screening chest CT 
examination outperformed the clinically established Pan-Canadian 
Early Detection of Lung Cancer model in an external validation 
cohort (area under the receiver operating characteristic curve 
[AUC], 0.93 vs 0.90, respectively; P = .046).

 n In cancer-enriched subsets with and without size-matched benign 
nodules, the algorithm showed excellent performance (AUC, 0.96 
and 0.86, respectively) and performed comparably to four thoracic 
radiologists (AUC, 0.90 and 0.82; P = .11 and 0.26, respectively).
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Figure 1: Flowchart shows the inclusion and exclusion criteria for pulmonary nodules from 
the National Lung Screening Trial (NLST) and the Danish Lung Cancer Screening Trial (DLCST). 
(a) Nodules from the NLST cohort were used for the development of the deep learning algo-
rithm for malignancy risk estimation of pulmonary nodules detected at low-dose screening CT. 
(b) Nodules from the DLCST were used for external validation of the deep learning algorithm. The 
full baseline cohort (883 nodules) consisted of 65 malignant and 818 benign nodules. The cancer-
enriched subset A consisted of 59 malignant and 116 randomly selected benign nodules. The 
cancer-enriched subset B consisted of the same 59 malignant nodules but with 118 size-matched 
benign nodules.
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on the NLST cohort and internally validated by using 10-fold 
cross validation, resulting in 10 CNNs for each architecture 
(Appendix E1 [online]). To predict the malignancy risk of a 
new nodule, the scores from the 20 CNNs were averaged to 
produce a risk score from 0 to 1. The algorithm is freely acces-
sible online for research purposes (https://grand-challenge.org/
algorithms/pulmonary-nodule-malignancy-prediction).

The algorithm was externally validated in the DLCST co-
horts. To compare with a clinically established nodule risk 
calculator, the performance of PanCan model 2b (7) was as-
sessed (Appendix E1 [online]).

Observer Study
A group of 11 clinicians independently assessed the malig-
nancy risk of all the nodules in the cancer-enriched cohorts. 
This was reported in a previous observer study (20). The 
group included four thoracic radiologists (with . 10 years 
of experience in reading chest CT images and/or intense re-
search training with respect to interpreting nodules detected 
at screening CT), five radiology residents (4th- or 5th-year 
residents including M.M.W.W., who was a resident), and 
two pulmonologists (with . 25 years and . 10 years of 
experience as pulmonologists) from eight institutions. The 
nodules were presented to the clinicians in random order 
and each clinician was instructed to predict the malignancy 

risk on a scale from 0 to 100. All clinicians assessed all nod-
ules in both cancer-enriched cohorts.

Statistical Analysis
Discrimination performance was assessed by using multi-
reader multicase receiver operating characteristic analysis with 
the publicly available iMRMC software (version 4.0.3, 2019; 
U.S. Food and Drug Administration) (24). The area under the 
 receiver operating characteristic curve (AUC) for human read-
ers was obtained through a diagonal average. Diagonal averag-
ing was performed by averaging the individual curves in the 
direction of x = −y at every point in the x = y diagonal line, 
where x = 1 − specificity and y = sensitivity (24).

Multireader multicase data were computed following U 
statistics to provide unbiased estimates of the variance compo-
nents. For variance analysis, the algorithm was set as the first 
modality and the clinicians or PanCan model were set as the 
second modality. The total variance was decomposed into eight 
moments from first principles (proposed by Gallas [24]), or 
BDG moments; the decomposition treated benign nodules 
separately from malignant nodules so that the total variance 
was generalizable to new readers, new benign nodules, and new 
malignant nodules. P values were computed from a t test with 
eight degrees of freedom (the number of BDG moments). P val-
ues less than .05 indicated a statistically significant difference.

Figure 2: Schematic representation of convolutional neural networks (CNNs) used in the deep learning algorithm for malignancy risk estimation of 
pulmonary nodules detected at low-dose screening CT. Given a CT image and the coordinate of the pulmonary nodule, a three-dimensional (3D) patch 
that was 50 mm in size and resampled to 64 pixels (px) in each direction was extracted around the nodule. For the two-dimensional (2D) CNN, nine dif-
ferent views were sectioned from the three-dimensional patch. Features were extracted with a ResNet50 CNN for each two-dimensional view, and the 
features were combined in a fully connected layer. For the three-dimensional CNN, the entire three-dimensional patch was fed as input to an Inception-
v1 three-dimensional CNN. Both architectures had a final layer that produced a continuous output. Finally, the outputs from the two-dimensional and 
three-dimensional CNNs were averaged in an ensemble to compute the pulmonary nodule malignancy risk between 0 and 1.
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Results

Summary of Data Sets

NLST cohort.—From the 26 722 participants who underwent 
three rounds of annual CT screening in the NLST, chest CT 
data in 9421 participants were made available (Appendix E1 
[online]). This included 1043 participants diagnosed with 
1099 lung cancers during the study period; 390 of those 1099 
cancers (35.5%) were excluded because they could not be 
retrospectively located with high certainty by the radiologist 
(E.T.S.). In total, 720 malignant nodules for 709 lung cancers 
in 686 participants remained. For these 720 malignant nod-
ules, there were 1249 annotations available on a total of 1199 
CT images across all screening rounds. In the 8378 partici-
pants who were not diagnosed with lung cancer, 4596 partici-
pants had 9304 nodules with 14 828 nodule annotations on 
8984 CT images across all screening rounds. Thus, the NLST 
cohort that was used for the development of the DL algo-
rithm had a total of 1249 malignant nodules and 14 828 
benign nodules (Fig 1, Table 1).

Full DLCST cohort.—From the 2052 participants in the CT 
screening arm, 96 participants were diagnosed with 100 lung 
cancers within the study period. We excluded 32 cancers that 
were diagnosed after the screening period had ended. Addi-
tionally, five cancers could not be retrospectively identified 
with high certainty by the screening radiologists. From the 
remaining 59 participants with 63 lung cancers, the first oc-
currences of the malignant nodules were selected, resulting in 
65 malignant nodules from 62 CT examinations. In the 1956 
participants without a lung cancer diagnosis, 540 participants 
had 818 nodules in their baseline CT images; these nodules 
were included. Thus, the full DLCST cohort consisted of 65 
malignant and 818 benign nodules.

Cancer-enriched DLCST subsets.—For the observer study, 
the first cancer-enriched cohort (subset A) included 59 ma-
lignant and 118 random benign nodules. After the clini-
cians scored the nodules, two benign nodules were found 
to be from participants diagnosed with lung cancer after the 
screening period and were excluded, leaving 116 random be-
nign nodules for analysis. The second cancer-enriched cohort 

Table 1: Characteristics of Pulmonary Nodules in the Development Cohort from the National Lung Screening Trial

Characteristic Malignant Nodules (n = 1249) Benign Nodules (n = 14 828) All Nodules (n = 16 077)
Nodule size (mm)
 Mean 14.35 6 9.01 7.48 6 4.44 8.02 6 5.28
 Median* 12.10 (8.9) [4.0–83.0] 6.0 (3.6) [4.0–69.20] 6.20 (4.19) [4.0–83.0]
Nodule type
 Solid 878 (70) 9745 (66) 10 623 (66)
 Part-solid 245 (20) 1472 (10) 1717 (11)
 Nonsolid 126 (10) 3611 (24) 3737 (23)

Note.—Except where indicated, data are numbers of nodules, with percentages in parentheses. Data in brackets are range. Mean data are 6 
standard deviation.
*Data in parentheses are interquartile range.

Table 2: Characteristics of Pulmonary Nodules in the External Validation Cohort from the Danish Lung Cancer Screening Trial

Characteristic

Full DLCST Cohort Cancer-enriched DLCST Cohorts
Malignant 

Nodules  
(n = 65)

Benign 
Nodules (n 
= 818)

All Nodules  
(n = 883)

Malignant 
Nodules  
(n = 59)

Random Benign 
Nodules 
(n = 116)

Size-matched 
Benign 
Nodules 
(n = 118)

Subset A  
(n = 175)

Subset B  
(n = 177)

Nodule size 
(mm)

 Mean 14.58 6 12.20 6.50 6 5.13 7.09 6 6.29 15.33 6 12.56 5.75 6 2.24 11.57 6 10.10 8.98 6 8.75 12.82 6 11.09
 Median* 11.0 (9.0) 

[4.0–93.0]
5.0 (3.0) 

[3.0–90.0]
5.0 (4.0) 

[3.0–93.0]
12.0 (9.5) 

[4.0–93.0]
5.0 (3.0) 

[3.0–16.0]
9.0 (8.37) 

[3.0–90.0]
7.0 (6.0) 

[3.0–93.0]
10.0 (9.0) 

[3.0–93.0]
Nodule type
 Solid 45 (69) 695 (85) 740 (84) 43 (73) 106 (91) 88 (75) 149 (85) 131 (74)
 Part-solid 12 (19) 27 (3) 39 (4) 10 (17) 2 (2) 8 (7) 12 (7) 18 (10)
 Nonsolid 8 (12) 96 (12) 104 (12) 6 (10) 8 (7) 22 (18) 14 (8) 28 (16)

Note.—Except where indicated, data are numbers of nodules, with percentages in parentheses. Data in brackets are range. Mean data are 6 
standard deviation. DLCST = Danish Lung Cancer Screening Trial.
*Data in parentheses are interquartile range.
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(subset B) included the same 59 malignant nodules and 118 
size-matched benign nodules (Fig 1, Table 2).

Algorithm Validation
By using 10-fold cross validation, the DL algorithm achieved an 
AUC of 0.91 (95% CI: 0.90, 0.92) in the NLST cohort. The 
AUC of the PanCan model in the NLST cohort was 0.84 (95% 
CI: 0.83, 0.85; P , .001). At a specificity of 90%, the sensitivi-
ties were 891 of 1249 (71%) and 626 of 1249 (50%) for the DL 
algorithm and the PanCan model, respectively.

External validation of the algorithm in the full DLCST cohort 
resulted in an AUC of 0.93 (95% CI: 0.89, 0.96), significantly 
outperforming the PanCan model with an AUC of 0.90 (95% 
CI: 0.86, 0.93; P = .046) (Fig 3). At a specificity of 90%, the 
sensitivities were 54 of 65 (84%) and 41 of 65 (63%) for the DL 
algorithm and the PanCan model, respectively.

Observer Studies
The DL algorithm had an AUC of 0.96 (95% CI: 0.93, 0.99) in 
subset A, which was significantly better than the average AUC of 
the clinicians (AUC, 0.90; 95% CI: 0.87, 0.94; P = .01) and com-
parable to that of the PanCan model (AUC, 0.94; 95% CI: 0.91, 
0.97; P = .32). The discriminatory performance of the DL algo-
rithm was not significantly different from that of the four thoracic 
radiologists (AUC, 0.90; 95% CI: 0.81, 0.98; P = .11), the five 
radiology residents (AUC, 0.92; 95% CI: 0.89, 0.95; P = .051), 
and the two pulmonologists (AUC, 0.88; 95% CI: 0.79, 0.97; P 
= .07). The algorithm had the highest AUC and the highest sensi-
tivity (54 of 59; 91%) at a specificity of 90% among the PanCan 
model and the 11 clinicians (Table 3).

In the size-matched subset B, the DL algorithm had an AUC 
of 0.86 (95% CI: 0.80, 0.91) (Fig 4). The performance of the DL 
algorithm was significantly better than that of the PanCan model 
(AUC, 0.75; 95% CI: 0.67, 0.82; P , .001) but was comparable 
to that of the clinicians (average AUC, 0.82; 95% CI: 0.77, 0.86; 
P = .12). This performance did not differ from that of the thoracic 
radiologists (AUC, 0.82; 95% CI: 0.74, 0.89; P = .26), radiology 
residents (AUC, 0.81; 95% CI: 0.76, 0.87; P = .13), or pulmon-
ologists (AUC, 0.82; 95% CI: 0.77, 0.88; P = .26). The algorithm 
had a higher AUC than 10 of 11 clinicians and a higher sensitivity 
(32 of 59 [54%] at a specificity of 90%) than eight of the 11 clini-
cians (Table 3). Only one thoracic radiologist had a higher AUC 
(0.89; 95% CI: 0.84, 0.94; P = .32), with a sensitivity of 39 of 59 
(67%) at a specificity of 90%.

Table 3 summarizes the performance of the DL algorithm, 
the PanCan model, and the 11 clinicians in the cancer-enriched 
DLCST cohorts (subsets A and B; Fig 5).

Discussion
Accurate estimation of the malignancy risk of pulmonary nodules 
detected at screening CT is crucial for optimizing management in 
lung cancer screening and remains a challenging task for radiolo-
gists (9). In this study, we developed a deep learning algorithm for 
malignancy risk estimation of pulmonary nodules by using low-
dose CT examinations from the National Lung Screening Trial (1) 
and externally validated it in the Danish Lung Cancer Screening 
Trial (DLCST) (18). The reference standard was based on histo-
pathologic confirmation or follow-up with CT for more than 2 
years. The algorithm was based on two-dimensional and three-di-
mensional convolutional neural networks with information from 
a single CT examination. In the full DLCST cohort, the algo-
rithm had an area under the receiver operating characteristic curve 
(AUC) of 0.93 and significantly outperformed the Pan-Canadian 
Early Detection of Lung Cancer (PanCan) model (AUC, 0.90; P 
= .046), a renowned multivariable risk model recommended by 
several nodule management guidelines (4,5,7). In cancer-enriched 
subsets with random benign and size-matched benign nodules, 
the algorithm had AUCs of 0.96 and 0.86 and  performed com-
parably to thoracic radiologists (AUC, 0.90 and 0.82, respectively; 
P = .112 and .26, respectively). The algorithm significantly out-
performed the PanCan model only in the size-matched cancer-
enriched subset (AUC, 0.94 and 0.75, respectively; P = .32 and 
,.001, respectively). This suggests that although nodule size re-
mains a strong predictor for malignancy, the algorithm relies more 
on imaging characteristics for its discriminative power than does 
the PanCan model (25).

We made the algorithm freely accessible to the public for 
research purposes (https://grand-challenge.org/algorithms/pulmo-
nary-nodule-malignancy-prediction) along with a Model Facts 
label (26) containing the most important information for end 
users (Appendix E1 [online]).

Ardila et  al (15) developed a DL algorithm for patient-level 
lung cancer prediction that performed favorably compared with 
six radiologists (specializations not reported) who were tasked 
with providing Lung-RADS scores in an internal cohort from 
the NLST. The comparison with Lung-RADS has its limita-
tions because Lung-RADS provides not a direct malignancy risk 

Figure 3: Receiver operating characteristic curves of the deep learning al-
gorithm and Pan-Canadian Early Detection of Lung Cancer (PanCan) model for 
discrimination of malignant nodules from benign nodules in the full Danish Lung 
Cancer Screening Trial (DLCST) cohort of 883 nodules. Areas under the receiver 
operating characteristic curve and 95% CIs (in parentheses) are shown.
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estimation but a follow-up recommendation instead. In addition, 
the algorithm does not provide risk scores for individual nodules, 
making it challenging for integration with well-established clinical 
guidelines that rely on the characteristics and biologic behavior of 
nodules (16). Massion et al (17) validated a DL algorithm for nod-
ule malignancy prediction, which was developed by using NLST 
nodules, in two external cohorts of incidental pulmonary nodules 
from clinical practice. However, no comparisons with clinical ex-
perts were performed; therefore, the performance compared with 
 thoracic radiologists is, to our knowledge, currently unknown.

Our study had several limitations. First, the developed algo-
rithm used only one CT image and did not consider a previous CT 
image, if available. This algorithm is therefore highly suitable for 
nodules first observed at screening, similar to the PanCan model; 
however, for nodules detected at incidence screening, their growth 
and appearance on the previous CT image are important. Second, 
we did not calibrate the risk scores for a certain target population 
so that, for example, a 10% risk score implied that there was a 
10% probability of lung cancer diagnosis within the next 5 years 
(27,28). Third, we did not assess how the algorithm would affect 
the radiologists’ assessment (29). Radiologists can upgrade highly 
suspicious nodules to the Lung-RADS 4X category, recommend-
ing clinical workup of the nodule (30). The developed algorithm 
may help to make this decision more rational and thereby reduce 
the substantial interobserver variability (31). Finally, 35.5% of 
lung cancers from NLST were excluded because they could not 

Table 3: Performance of the Deep Learning Algorithm, Pan-Canadian Early Detection of Lung Cancer study Model, and 11 
Clinicians for Discrimination of Malignant Nodules from Benign Nodules in the Cancer-enriched Cohorts from the Danish Lung 
Cancer Screening Trial

Parameter
DLCST Subset A DLCST Subset B

AUC P Value Sensitivity AUC P Value Sensitivity
DL algorithm 0.96 (0.93, 0.99) 91 (82, 98) 0.86 (0.80, 0.91) 54 (32, 78)
PanCan model 2b 0.94 (0.91, 0.97) .32 79 (63, 95) 0.75 (0.67, 0.82) ,.001 31 (16, 52)
Thoracic radiologist 1 0.94 (0.91, 0.97) .39 84 (60, 95) 0.81 (0.75, 0.87) .10 45 (28, 60)
Thoracic radiologist 2 0.83 (0.77, 0.89) ,.001 72 (56, 84) 0.78 (0.71, 0.85) .03 44 (23, 74)
Thoracic radiologist 3 0.87 (0.82, 0.93) .004 64 (47, 80) 0.79 (0.72, 0.86) .08 46 (30, 61)
Thoracic radiologist 4 0.94 (0.91, 0.97) .46 78 (62, 93) 0.89 (0.84, 0.94) .32 67 (53, 80)
Radiology resident 1 0.90 (0.85, 0.95) .048 80 (53, 92) 0.82 (0.76, 0.89) .37 46 (28, 70)
Radiology resident 2 0.95 (0.92, 0.97) .55 80 (63, 93) 0.76 (0.69, 0.83) .002 24 (10, 42)
Radiology resident 3 0.93 (0.89, 0.97) .18 78 (56, 94) 0.85 (0.79, 0.91) .79 58 (40, 75)
Radiology resident 4 0.92 (0.87, 0.97) .16 82 (69, 94) 0.84 (0.77, 0.90) .53 55 (30, 76)
Radiology resident 5 0.91 (0.87, 0.95) .04 73 (55, 86) 0.80 (0.73, 0.86) .05 48 (34, 61)
Pulmonologist 1 0.90 (0.85, 0.96) .04 80 (67, 91) 0.82 (0.75, 0.88) .24 51 (36, 67)
Pulmonologist 2 0.86 (0.80, 0.92) .003 62 (42, 82) 0.83 (0.77, 0.90) .52 54 (32, 75)
All clinicians 0.90 (0.87, 0.94) .01 76 (57, 89) 0.82 (0.77, 0.86) .12 49 (31, 67)
Thoracic radiologists’  

average
0.90 (0.81, 0.98) .11 75 (56, 88) 0.82 (0.74, 0.89) .26 50 (34, 69)

Radiology residents’  
average

0.92 (0.89, 0.95) .051 79 (59, 92) 0.81 (0.76, 0.87) .13 46 (28, 65)

Pulmonologists’ average 0.88 (0.79, 0.97) .07 71 (55, 86) 0.82 (0.77, 0.88) .26 53 (34, 71)

Note.—Data in parentheses are 95% CIs. P values correspond to comparisons of AUC of the PanCan model and clinicians with that of 
the DL algorithm. Sensitivity values were computed at a specificity of 90%. Subset A is randomly selected benign nodules and subset B is 
size-matched benign nodules. AUC = area under the receiver operating characteristic curve, DL = deep learning, DLCST = Danish Lung 
Cancer Screening Trial, PanCan = Pan-Canadian Early Detection of Lung Cancer study.

Figure 4: Receiver operating characteristic curves of the deep learning al-
gorithm, clinicians, and Pan-Canadian Early Detection of Lung Cancer (PanCan) 
model for discrimination of malignant nodules from size-matched benign nodules 
in the cancer-enriched subset B of 177 nodules from the Danish Lung Screening 
Trial (DLCST). Areas under the receiver operating characteristic curve and 95% 
CIs (in parentheses) are shown.
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Figure 5: Examples of CT images in nodules from the Danish Lung Cancer Screening Trial (DLCST) with (a–d) high and (e–h) low agreement between the deep 
learning (DL) algorithm and the clinicians for malignancy risk estimation. Numbers in rings on bottom left of each image are the algorithm’s malignancy score, and num-
bers in rings on bottom right of each image are the clinicians’ median malignancy score. The extent of the color filling is proportional to the malignancy risk (on a scale 
of 0 to 1, where 0 represents the lowest risk and 1 represents the highest risk). (a) Image shows a 15-mm spiculated and lobulated malignant nodule (arrow) classified 
correctly by the DL algorithm and clinicians. (b) Image shows an 11-mm smooth benign nodule (arrow) classified correctly by the DL algorithm and clinicians. (c) Image 
shows a 29-mm benign lesion (arrow) suspected to be a malignant nodule by both the DL algorithm and clinicians. This participant was diagnosed with pneumonia at 
clinical workup (Fig E4 [online]). (d) Image shows a 5-mm malignant nodule (arrow) called benign by both the DL algorithm and clinicians. The growth of the nodule 
can be seen from follow-up CT examinations (Fig E5 [online]). (e) Image shows a 15-mm part-solid malignant nodule (arrow) classified correctly by the DL algorithm 
and not suspected to be malignant by seven of 11 clinicians (Fig 6). (f) Image shows an 8-mm benign nodule (arrow) predicted to be moderately suspicious by the 
clinicians and called benign by the DL algorithm. (g) Image shows an 11-mm malignant nodule (arrow) predicted to be moderately suspicious by most clinicians but 
called benign by the DL algorithm. (h) Image shows a 16-mm benign lesion (arrow) classified correctly by the clinicians and predicted to be highly suspicious by the DL 
algorithm.
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be retrospectively located with high certainty on the CT im-
ages. The lack of exact nodule coordinates from NLST made 
it challenging to retrospectively identify these malignant nod-
ules and resulted in a selection bias in our development  cohort. 
However, the exact nodule coordinates for all the lung cancers 
from DLCST were available to us, and therefore this selection 
bias was not present in our external validation cohorts.

We foresee a demand for trained human observers, aided by 
reliable artificial intelligence systems, that act as first readers of 
chest CT when lung cancer screening programs are introduced 
worldwide (29,32). Future work could incorporate clinical pa-
rameters such as age, sex, smoking history, follow-up CT data, 
and imaging features related to chronic obstructive pulmonary 
diseases (33,34) and cardiovascular disease (35). Prospective 
validation with newer multicenter data sets is also needed.

In conclusion, we successfully developed a deep learn-
ing algorithm for malignancy risk estimation of pulmonary 
nodules detected at low-dose screening CT that was gen-
eralizable across screening populations and protocols. The 
algorithm had a discriminative performance comparable 
with that of clinical experts. This deep learning algorithm 
may aid radiologists in optimizing follow-up recommenda-
tions for participants undergoing lung cancer screening and 
may lead to fewer unnecessary diagnostic interventions. In 

addition, this could serve to lower radiologists’ workload 
and reduce the costs of lung cancer screening.
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be malignant by most clinicians, except for one thoracic radiologist and a pulmonologist. The deep learning (DL) algorithm classified this nodule 
 correctly as malignant.
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