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Abstract

Background: Lung cancer is the leading cause of cancer-related deaths throughout the world. Chest computed
tomography (CT) is now widely used in the screening and diagnosis of lung cancer due to its effectiveness. Radiolo-
gists must identify each small nodule shadow from 3D volume images, which is very burdensome and often results in
missed nodules. To address these challenges, we developed a computer-aided detection (CAD) system that automati-
cally detects lung nodules in CT images.

Methods: A total of 1997 chest CT scans were collected for algorithm development. The algorithm was designed
using deep learning technology. In addition to evaluating detection performance on various public datasets, its
robustness to changes in radiation dose was assessed by a phantom study. To investigate the clinical usefulness of
the CAD system, a reader study was conducted with 10 doctors, including inexperienced and expert readers. This
study investigated whether the use of the CAD as a second reader could prevent nodular lesions in lungs that require
follow-up examinations from being overlooked. Analysis was performed using the Jackknife Free-Response Receiver-
Operating Characteristic (JAFROC).

Results: The CAD system achieved sensitivity of 0.98/0.96 at 3.1/7.25 false positives per case on two public datasets.
Sensitivity did not change within the range of practical doses for a study using a phantom. A second reader study
showed that the use of this system significantly improved the detection ability of nodules that could be picked up
clinically (p =0.026).

Conclusions: We developed a deep learning-based CAD system that is robust to imaging conditions. Using this
system as a second reader increased detection performance.
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Background

Lung cancer is one of the leading causes of cancer-related
deaths, with about 1.8 million deaths in 2020 [1]. Com-
puted tomography (CT) is indispensable for the early
detection and diagnosis of lung cancer [2-5]. Identify-
ing comparatively small abnormalities such as nodules is
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advent of multi-row detector CT and other advances in
imaging technology, the volume of imaging data obtained
from each single study is increasing annually. Combined
with the shortage of radiologists [6, 7], the burden on
radiologists continues to increase. The development of a
computer-aided detection (CAD) system for identifying
nodules is expected to assist radiologists by preventing
lung cancers being overlooked.

Artificial intelligence (AI) has been shown to provide
high performance in a variety of image recognition tasks
[8, 9]. Many technologies have been proposed to assist
in the detection and management of pulmonary nodules
[10], especially since the advent of deep learning [11-
15]. For reliable nodule management, such an Al sys-
tem needs to be robust in various imaging conditions as
well as clinically useful. Regarding robustness to imaging
conditions, randomized, controlled trials have recently
shown the effectiveness of CT screening for lung cancer
[2, 3], and Al is expected to provide stable performance
for low-dose images with high noise levels. Under these
circumstances, several studies have been conducted
to evaluate nodule detection in low-dose images [16].
However, only a few studies have evaluated the relation-
ship between noise level and AI detection performance
using phantoms [17]. The clinical usefulness of nodule
detection systems has been evaluated in several studies
[18-20]. Liu et al. reported that their CAD potentially
enhanced the manual identification of pulmonary nod-
ules and reduced reading time when used for assistance
[21]. Although there may be differences in clinical useful-
ness depending on reading experience, no studies to date
have adequately investigated clinical usefulness.

In the present study, a lung nodule CAD system was
developed based on a 3D convolutional neural network
(CNN). A chest phantom was used to create images at
varying radiation doses, and the robustness of the system
with respect to differences in radiation dose was evalu-
ated. In addition, ten doctors with varying levels of expe-
rience in chest imaging diagnosis were asked to interpret
scans with and without this system and evaluate its clini-
cal usefulness (i.e., whether it enables the reader to iden-
tify clinically significant lesions without omission when
used as a second reader tool).

Methods

Clinical data

For the purpose of algorithm development, 1177 chest
CT scans scanned at Kyorin University Hospital between
April 2013 and March 2018 that showed at least one lung
nodule were retrospectively collected. Cases with diffuse
lung disease across a wide area or with numerous nodules
(>20 nodules) were excluded. To reduce the institutional
dependency of the algorithm, public data (LIDC-IDRI
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[22]) and patients scanned at a single Japanese institution
were also added. After patients with numerous nodules
(>20 nodules) and surgical patients were excluded, 2027
scans of 1799 patients were used to develop the algorithm
(30 of them were used as validation data for parameter
determination). The LIDC-IDRI dataset contains 1018
scans that have been made public, but after excluding
patients with no nodules or numerous nodules and those
with diffuse lung disease across a wide area, 127 of the
resulting 953 scans were used for the internal validation
dataset, and the remaining 826 were used for algorithm
training.

In addition to the above data, the following two data-
sets were used as validation datasets for the assessment
of detection performance.

1. SPIE-AAPM Lung CT Challenge [23]: The SPIE-
AAPM dataset is the data for the Grand Challenge in
Lung Nodule Classification set by the International
Society for Optics and Photonics (SPIE) in collabora-
tion with the American Association of Physicists in
Medicine (AAPM) and the National Cancer Institute.
It comprises 70 cases with annotated nodules that
were published as training data.

2. LNDb [24]: The LNDb dataset is the data for the
Nodule Detection, Segmentation Texture Char-
acterization, and Fleischner Classification Grand
Challenge published by the INESC TEC in Portugal.
It comprises 294 annotated cases published from
among chest CTs scanned between 2016 and 2018 at
the Centro Hospitalar e Universitario de Sdo Jodo in
Porto, Portugal.

Ground truth data creation

The positions of the lung nodules in the 1997 scans in
the algorithm training dataset were annotated by non-
experts who received training on how to annotate lung
nodules, and all data were checked by a board-certified
radiologist with 22 years of experience in image interpre-
tation. Lung nodules were annotated if their major axis
diameter measured >3 mm for solid or part-solid nod-
ules and >5 mm for ground-glass nodules. Information
on the annotated lung nodules is given in Table 1.

Development of lung nodule CAD

Based on the Faster R-CNN [25], a detection Al with a
Region Proposal Network consisting of 27 convolutional
layers, each followed by a batch normalization layer and
an activation layer was designed (Fig. 1). Distinguishing
blood vessels and nodules from two-dimensional axial
slices is very difficult. Therefore, it was decided to use 3D
convolution layers that can extract 3D information.
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Table 1 Details of training data

Characteristic #
Data information
No. of chest CTs 1997
No. of patients 1769
No. of men* 688
No. of women* 397
Mean age* (y) 67.7+109
Slice thickness (mm)
<10 475
<20 547
<30 308
<40 1
<50 437
Contrast
Contrast-enhanced 386
Non-contrast-enhanced 1611
Kernel type
Lung kernel 1268
Abdomen kernel 533
Bone kernel 196
Manufacturer
Toshiba Medical Systems Corp 1001
GE Healthcare 511
Siemens Healthineers AG 423
Philips 62

Nodule information
No. of nodules

10,467 (5.2/scan)

Mean nodule size (mm) 83479

No. of nodules according to size (mm)
<50 4150
<100 4406
<200 1071
<300 538
<400 156
<500 91
>50.0 55

Lobular distribution
Right upper 2852
Right middle 980
Right lower 2177
Left upper 2601
Left lower 1857

" Sex/Age data have been removed from some of the LIDC-IDRI data, so that

they are not included in the count

For the input image, the raw pixel value of the DICOM

image was corrected based on the values of the rescale
intercept and rescale slope, and normalized to 0—1 within
the range — 1500 to 300. As preprocessing, the image
spacing was rescaled to 1 mm. Images were processed
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by the lung-field extraction Al installed in the SYNAPSE
SAI viewer (Fujifilm Corporation, Tokyo, Japan). A cir-
cumscribed rectangle was calculated for the extracted
lung field region, and the region within the rectangle
was cropped out and input into the network. To remove
false positives (FPs) from outside the lung fields from the
detection results, post-processing using the lung field
extraction results was conducted to determine whether
each candidate detected by the CAD system was located
within the lung fields. Changes in rotation, scale, and
sharpness and Gaussian noise addition were carried out
as data augmentation during training (see Table 2 for
more details).

The coordinates of the nodule candidates detected and
the confidence level of each candidate (on a continuous
scale from 0—1) were output by the network. A threshold
of 0.56 was set, which is the value for 2.0 FPs/case in the
validation dataset, and the detection results for candi-
dates that were output with a confidence level exceeding
this threshold were displayed.

Validation of CAD performance

To evaluate the nodule detection performance of the
CAD, internal and external validation tests were con-
ducted. The positions of the nodules are all annotated
in the LIDC-IDRI, SPIE-AAPM, and LNDb datasets.
Following the evaluation methods used in the LUNA16
and LNDb challenges, respectively, the ground truth for
the LIDC-IDRI dataset was solely nodules detected by
three of four annotating radiologists, whereas that for the
LNDbD dataset was solely nodules detected by two of five
annotating radiologists. Details on each validation data-
set are given in Additional file 4: Table S1. The evaluation
metrics used comprised the sensitivity and number of
FPs per scan, as well as FROC analysis [26] and the com-
petition performance metric (CPM) [27]. The CPM was
the mean sensitivity at threshold FP rates of 1/8, 1/4, 1/2,
1,2, 4, and 8 per scan.

Evaluation of robustness to changes in radiation dose

To confirm that the detection performance of the CAD
system was stable and independent of the radiation
dose during scanning, a chest phantom (N-1 LUNG-
MAN, Kyoto Kagaku Corporation, Kyoto, Japan) fitted
with multiple simulated nodules at different doses was
scanned, detection processing was carried out on the
resulting images, and the results were confirmed.

All CT scans were acquired with a 320-row CT scan-
ner (Aquilion ONE, Canon Medical Systems Corpora-
tion, Otawara, Japan). The scanning parameters were as
follows: tube voltage 120 kVp and image noise standard
deviation (SD) 10, 15, 20, and 25. These parameters were
set in accordance with the Japanese guidelines for X-ray
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Fig. 1 Overview of the detection network. Feature extraction layers extract characteristics from 3D image data by 3D convolution, and region
proposal layers output multiple candidate regions. Region classification layers determine whether each candidate region is a nodule, and make this

Table 2 Details of data augmentation during training

Data Method

augmentation

type

Rotation Randomly rotate around the z-axis in the range of — 10
to 10 degrees

Scale Randomly change the size by — 15 to 15% in each axis
direction

Sharpness Change the sharpness according to the following
formula
lout = lin +a(lin — f(lin))
I, input image; /.- output image; f(/;.): image pro-
cessed with a Gaussian filter with a standard deviation
of 3.0; a: parameter (randomly selected within the
range of 0.0-5.0

Smoothing Process with a Gaussian filter that randomly sets the

standard deviation in the range of 0.5-2.0

Gaussian Noise  Add Gaussian noise generated in the range of stand-

ard deviation 0.0-0.2

CT scanning [28]. These guidelines state that, for chest
imaging diagnosis, the SD should be set within the range
10-12, and for lung cancer screening, it should be set
within the range 20-25. Scanning was performed using
CT-auto exposure control, and the iterative approxima-
tion method of reconstruction was carried out with a
slice thickness of 2.0 mm.

The following simulated nodules were prepared for
implantation in the chest phantom.

1. Types: Pure ground-glass nodules (pure GGNs) and
solid nodules: —630 Hounsfield Units (HU) simu-
lated nodules were used as pure GGNs, and 100 HU
simulated nodules were used as solid nodules.

2. Sizes: Simulated solid nodules with major axis diam-
eters of 3, 5, and 8 mm and simulated GGNs with
major axis diameters of 5 and 8 mm were used.

These five simulated nodules were placed randomly
within the lung fields and scanned using each of the
scanning parameters described above. This process was
repeated five times. The sensitivity and number of FPs
per image and FROC analysis were used as evaluation
metrics, and whether there were any differences between
scanning parameters was investigated.

Reader performance test
Whether using the CAD as a second reader could
assist doctors and reduce the number of nodules that
are missed was investigated using internal data. Fig-
ure 2 shows the selection protocol for the images evalu-
ated. Two board-certified radiologists, who had 22 and
17 vyears, respectively, of experience with chest image
interpretation examined the images and identified nod-
ules. To prevent omission of nodules, the nodules anno-
tated by at least one doctor were designated as ground
truth. The nodules were defined as “nodules requiring
follow-up” according to the following two criteria.

Criterion 1: All nodules in patients with a history of
malignant neoplasm or confirmed lung cancer, or those
with a mass/nodule strongly suspected to be lung cancer.

Criterion 2: Nodules of major axis diameter >6 mm
(based on the Fleischner Study [4]).

The breakdown of the ground truth for each of the cri-
teria is provided in Table 3.

Ten doctors with different levels of experience took
part in the study as readers. These readers were divided
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provided by two radiologists.
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3 studies excluded due to
the presence of more than 10 nodules

47 studies

Random Selection

30 eligible studies

Fig. 2 Scan selection flowchart for the reader performance test. From the chest CTs scanned in our hospital that were not used for algorithm
training, 50 in which nodules were mentioned in the radiologist’s report and 50 in which no nodule was mentioned were randomly selected
retrospectively. These scans were examined by two board-certified radiologists who identified nodules. Three of these scans were excluded
because > 10 nodules were identified, after which 30 images with nodules and 10 without nodules were randomly selected and used for the reader

performance test

Identify the presence of nodules based on the
report and randomly select

Studies without nodules
n = 50 studies
Annotation on nodules
provided by two radiologists.
B —

24 studies excluded due to
the presence of nodule(s)

26 studies

Random Selection

10 eligible studies

into three groups by their level of experience in chest
imaging diagnosis (Group 1:>7 years of experience,
n=3; Group 2: 2-6 years of experience, n=4; and
Group 3:<2 years of experience, n=3). Each reader first
conducted a search for lung nodules without using the
CAD system for 40 cases. When they identified a lung
nodule, they annotated the lesion on the CT image and
scored it on a free scale according to whether they con-
sidered it required follow-up. After this, the CAD out-
put was overlaid on the image as a bounding box, and
the readers checked it before repeating the task. Three
test cases were prepared to accustom them to the pro-
cedure. Considering the time available for image inter-
pretation in actual clinical practice, the readers were
requested to take less than 5 min to check each image
with and without CAD (total 10 min). For statistical
analysis, figures of merit were calculated using Jack-
knife Free-Response Receiver Operation Characteris-
tic (JAFROC) analysis [29], with p<0.05 considered to
indicate significance.

Results

Validation of CAD performance

The results of internal and external dataset evaluations
are shown in Table 4 and Fig. 3a, b. There was no great
difference in sensitivity between the internal and external
datasets. The present results provided higher sensitivity
compared to the latest study [14, 30] evaluating perfor-
mance using the SPIE-AAPM dataset (0.964@8.0 EPs).
However, the present evaluation of the LNDb dataset
produced a much greater number of FPs compared with
the evaluation of the LIDC-IDRI dataset, and the CPM
score was also worse. The ground truth for the LNDb
dataset was prepared by five radiologists (with >4 years
of experience), and it was confirmed that the perfor-
mance of the present CAD system was almost equivalent
to the lung nodule detection performance [24] of those
radiologists.

Additional file 1: Fig. S1 shows examples of true posi-
tives (TPs), FPs, and false negatives (FNs). Many differ-
ent types of nodules were detected, including small solid
nodules and well-demarcated ground-glass nodules.
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Table 3 Details of data used for the reader performance test

Characteristic #
Criterion 1 Criterion 2
Data information
No. of chest CTs 40
No. of positive cases 17 29
No. of negative cases 23 11
No. of patients 40
No. of men 29
No. of women 11
Mean age* (y) 64.7+£13.6
Slice thickness (mm)
2.0 40
Contrast
Non contrast 40
Kernel type
Lung kernel 40
Manufacturer
Toshiba Medical Systems Corp 40
Nodule information
No. of total nodules 115
No. of nodules (follow-up required) 57 (34/scan) 53 (1.8/scan)
No. of nodules according to size (mm)
<100 38 28
<20.0 I 16
<300 3 4
>30.0 5 5
Lobular distribution
Right upper 1 14
Right middle 7 4
Right lower 17 16
Left upper 9 8
Left lower 13 11
Internal characteristics
Solid 43 34
Part solid 8 12
GGN 6 7

Table 4 Validation results for each dataset
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Most of the FPs were pleural inflammation or periph-
eral vessels, and some of the inflammatory shadows were
picked up with a low confidence level. Most of the FNs
were faint, poorly demarcated ground-glass nodules, and
nodules with a rare shape or adjacent to the diaphragm
(details are shown in Additional file 4: Table S2).

Evaluation of robustness to changes in radiation dose
Sensitivity did not vary at different SD values, being
96.0% for SDs of 10, 15, 20, and 25. The number of FPs
stayed within the range of 0.4—0.8 per scan (Table 5). At
SD 20, the CPM score decreased, but this was because
one of the five scans had a false positive with a confidence
level close to that of the simulated nodule, and it was
only at SD 20 that a false positive had a confidence level
greater than that of a simulated nodule. Except for this
scan, there was no change in the detection rates for all
other scans, and the variability of the CPM score was also
kept below 1%.

Reader performance test

The detection rate of the CAD system for the 115 nodules
in the 40 scans was 89.6%. The detection rate for nodules
included in the ground truth data was 89.5% according to
Criterion 1 and 98.1% according to Criterion 2. The false-
positive rate was 0.63 per scan. The dataset included five
cases with no nodules at all, and the specificity for these
cases was 0.8.

JAFROC random case and random reader analy-
sis showed that the figure-of-merit was significantly
increased when using the CAD system as a second reader
tool (Criterion 1: p =0.026; Criterion 2: p=0.012; Fig. 4a,
b). The detection sensitivity improved for all reader
groups, and a two-tailed paired t-test showed that the
improvements were significant for Group 1 and Group 3
(Fig. 4c, d). The FROC curves for each group are shown
in Additional file 2: Fig. S2. The number of nodules iden-
tified per reader was 2.19 per scan before CAD use and
3.13 per scan after CAD use. The mean interpretation
time per case is shown in Table 6. In this experiment,

Dataset No.of Sensitivity FPs per scan CPM

Nodules (FPs in total) score
Total Solid Part-solid GGN

Internal

LIDC-IDRI (127 cases) 152 0.980 (149/152) 0.985 (134/136) 1.000 (7/7) 0.889 (8/9) 3.10 (394) 0.960

External

SPIE-AAAM (70 cases) 83 0.988 (82/83) 0.984 (63/64) 1.000 (15/15) 1.000 (4/4) 5.88(352) 0.893

LNDb (177 cases) 221 0.959 (212/221) 0.970(193/199) 1.000 (7/7) 0.800 (12/15) 7.25(1284) 0.783
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Table 5 Detection results for each SD value

SD Sensitivity FPs per scan (no. CPM score
of FPs)

10 0.96 (24/25) 06(3) 0.951

15 0.96 (24/25) 04(2) 0.950

20 0.96 (24/25) 0.8 (4) 0.941

25 0.96 (24/25) 084 0.950

which used CAD as a 2nd reader tool, it took approxi-
mately 1 min to review the CAD results. However, in
Group 3, which had little experience in chest imaging
diagnosis, review took approximately twice as long as the
other groups.

Table 7 shows an analysis of the effect of CAD use by
nodule characteristics, size, and location. In terms of nod-
ule types, the detection rate of GGNs was more greatly
improved by CAD use than were those of solid and part-
solid nodules, even though the model still struggled with
GGNis relative to the other types of nodules. This tendency
was particularly marked in Group 3, and by using CAD, the
sensitivity for GGNs improved to almost the same level as
Group 1. In terms of size, CAD use improved the detec-
tion rate of nodules of major axis diameter <1 cm, but there
was almost no increase in sensitivity for nodules measur-
ing>2 cm for all reader groups. In terms of nodule location,
CAD use greatly improved the detection rate of nodules
attached to the interlobular fissures. In addition, the detec-
tion rate of nodules located in lower lobes in Group 3 was
lower than that in Group 1, but it improved to the same
extent as Group 1 with CAD. Additional file 3: Fig. S3 shows
examples of the nodules detected by the CAD system. The
system was clearly effective for nodules that are difficult to
identify, such as solid nodules adjacent to blood vessels.

Discussion

A lung nodule detection system was developed using
deep learning that is both accurate and robust to radia-
tion dose. Using this system as a second reader sig-
nificantly decreased the number of missed nodules that
required follow-up.

One strength of this study is that a large training data-
set of high quality was constructed. This training dataset
consisted of data from multiple institutions, and it was
annotated under the supervision of radiologists. Com-
pared with the datasets used in previous studies [16], the
present dataset had more nodules per scan (5.2) and con-
tained comprehensive annotations including even small
nodules that are at risk of being overlooked and cost a lot
to create ground truth. Training with these data might
have made this system capable of stable detection irre-
spective of the radiation dose, scanning modality, or type
of nodule.

In comparison with previous studies, the present study
has two achievements. The first is that, in phantom
experiments, the stability of the CAD system in detect-
ing nodules irrespective of image noise level due to
differences in radiation dose was demonstrated quantita-
tively. Deep learning-based Al systems generally exhibit
poor robustness to subtle changes in images [31, 32].
Because image quality varies as a result of differences in
radiation dose, there are concerns that it may also affect
detection results. Liu et al. [21] investigated radiation
doses in retrospectively collected data and evaluated the
effect of differences in dose on detection performance.
However, their method is not capable of assessing the
pure effect of image noise level due to differences in
dose alone. In the present phantom experiments, it was
possible to evaluate the effect of differences in dose on
detection performance, independently of the effects of
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Table 6 Mean interpretation time per case (mean 4 SD)

Nodule type Total Group 1 Group 2 Group 3

Total 5224349 3334229 5274434 7.04+£4:09
Without CAD 409£236 235+£1:32 4314+336 513+£2:19
CADresult review — 1:13£1:13  0:58+057 0:564+0:57  1:52+1:50

individual differences between subjects and differences
between devices. It was found that, although changes
in the SD value did slightly affect the detection results,
there were almost no changes in sensitivity or detection
performance. This may have been because robustness to
slight changes in images had been achieved by data aug-
mentation in the form of changes in sharpness and the
addition of Gaussian noise.

Second, it was shown that using a lung nodule CAD
system as a second reader increased the detection per-
formance for nodules that require follow-up exami-
nations, irrespective of the observer’s experience in
chest imaging diagnosis. A figure-of-merit calculated
by the JAFROC analysis represents the accuracy of the
observer’s diagnosis [33]. The significant increase of

the figure-of-merit when using the present system may
be due to the fact that the CAD was able to compre-
hensively identify the lesions and that the observers
correctly dismissed the FPs produced by CAD. From
this result, the TP/FP rate of the CAD is at an accept-
able level in cases where it is used as a second reader
to reduce the omission of lesions requiring follow-up.
Analysis of the effect of CAD on each type of nodule
showed that it is particularly effective in increasing the
number of ground-glass and small nodules detected.
Ground-glass nodules may be atypical adenoma-
tous hyperplasia, as well as adenocarcinoma in situ or
another form of lung adenocarcinoma, and if they are
discovered early, their prognosis is extremely good [34,
35]. If another primary lesion is present, small solid
nodules may be metastatic tumors, and their presence
affects staging and treatment methods. Lung nodule
CAD use in actual clinical practice will improve the
detection performance of these lesions, which would be
of major benefit to patients.

In the group of readers who had little experience
with chest image interpretation, sensitivity for nodules
located in lower lobes was low compared to the more
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Table 7 Changes in detection sensitivity for nodules of different types, sizes, and positions (mean 4= SD)

N  Without CAD With CAD

Total Group 1 Group 2 Group 3 Total Group 1 Group 2 Group 3

Nodule type
Solid 43 059+£007 064£003 0594006 054+£008 081£009 0854002 0.78+£0.12 0.80=£0.08
Part solid 056+0.16 058+0.16 063+0.18 0464+006 0714+0.12 0754£006 066+005 0.75£0.06
Pure GGN 0.08£0.11 0174014 008+£008 0.00£000 0354017 039+£008 029£0.18 039+0.16
Nodule size (mm)
<10 38 037£008 0414£003 039+£008 031£005 066+011 071£004 063£0.13 066+0.09
<20 11 0784£012 085£011 080£008 0704011 088+£009 091£004 086+008 0.88+0.07
<30 3 1.00£0.00 1.00+£0.00 1.00+£0.00 1.00+£0.00 1.00+£000 1.004+£0.00 1.004+0.00 1.0040.00
>30 5 092£0.10 1.00£000 085+£009 093£009 0964008 1.00+£000 090£0.09 1.0040.09
Nodule position
Right upper lobe 11 064+£010 061004 068£0.10 061%£011 086+£0.13 085£009 086+0.13 0.88+0.15
Right middle lobe 7 024+£0.11 0244£007 025+016 024£007 0544013 057£007 054+£0.17 0524012
Right lower lobe 17 054+008 061+£006 0564+003 0434+003 0694011 0.73£008 066+£006 0.71£007
Left upper lobe 9 048+£0.12 056+009 044+014 044£009 0714015 085+£021 064+£0.12 0674009
Left lower lobe 13 064+0.10 0.724+£004 063+0.10 056+0.10 085%£0.11 090£0.10 081£011 087£006
Attached to parietal pleura 16 071011 077£0.13 069+£0.12 069+£005 078£007 083+005 0.73+£008 0.79£0.03
Attached to visceral pleura 7 074£009 0764+007 071000 076£0.13 084+0.11 086+007 082+£0.12 086=+0.13
Attached to interlobular fissure 11 0434+009 0424004 043+£0.13 0424004 068+0.10 067+004 066+0.14 0.73+£0.04

experienced groups. In general, the search for lung nod-
ules is often performed from the apex to the bottom of
the lung. Inexperienced readers took a long time to inter-
pret the image. It is possible that the sensitivity decreased
in the latter half, when the concentration tended to
decrease over time. Since the detection sensitivity for
nodules in the lower lobes was improved by using CAD,
it is possible that CAD facilitates a consistent quality of
interpretation.

In the validation test, it was confirmed that the num-
ber of FPs was very high (3.1-7.2 FPs per scan). A large
number of FPs may increase the radiologists’ effort to
check CAD results, resulting in a decrease in operational
efficiency. However, in the present study, the high FP
rates may be due to the quality of the validation dataset.
To enable comparisons with previous studies, evalua-
tions were conducted using the same datasets, but it was
confirmed that these include nodules that had not been
annotated, mainly tiny nodules and faint ground-glass
nodules. The LNDb dataset in particular contained scans
for which only some nodules had been annotated, such
as those with numerous nodules, a very large number of
which were counted as FPs, and the CPM score was cor-
respondingly lower than the real situation.

In the present study, in the reader performance test, it
was found that checking the CAD results increased the
number of nodules picked up by a mean of 1 nodule per
scan. This increase in the number of nodules picked up

could increase the number of follow-up investigations,
thus increasing both patients’ radiation exposure and
doctors’ workload in interpreting images. Further pro-
spective studies are needed to investigate whether CAD
use will change the number of cases of lung cancer dis-
covered and the number of follow-up investigations
required. To limit any increase in unnecessary investi-
gations, it may be necessary to use an Al system that
analyzes the size and characteristics of each individual
nodule and estimates its malignancy [36, 37]. The com-
bined use of such Al may also lead to a reduction in the
reading time when using CAD as a 2nd reader. Future
research should evaluate clinical efficacy when com-
bined with such an Al system.

Conclusions

An automated lung nodule detection system was devel-
oped using deep learning that is robust to imaging
conditions, and using this system as a second reader
increased detection performance for nodules that
require follow-up examinations.

Abbreviations

CT: Computed tomography; CAD: Computer-aided detection; JAFROC: Jack-

knife free-response receiver-operating characteristic; Al: Artificial intelligence;
CNN: Convolutional neural network; FROC: Free-response receiver-operating

characteristic; FPs: False positives; CPM: Competition performance metric; SD:
Standard deviation; GGN: Ground-glass nodule; TPs: True positives; FNs: False

negatives.



Katase et al. BMC Medical Imaging (2022) 22:203

Supplementary Information

The online version contains supplementary material available at https://doi.
org/10.1186/512880-022-00938-8.

Additional file 1. Fig. S1: Lung nodule CAD detection results. TPs/FPs/
FNs are abbreviations for true positives/false positives/false negatives,
respectively.

Additional file 2. Fig. S2: Group-wise mean FROC curves using criteria
1 and 2. The red lines show the FROC curves with CAD use, and the blue
lines without CAD use.

Additional file 3. Fig. S3: Examples of lung nodules detected by the CAD
system in the reader performance test. The improvement rate shows the
proportion of readers who picked up the nodule with CAD use but not
without CAD use.

Additional file 4. Table S1: Details of data used for internal/external
validation test. Table S2: Number and proportion of FNs.

Acknowledgements
Not applicable.

Author contributions

SK, Al, KK, and KY conceived the idea and conceptualized the study. Al and KN
collected the data and developed the algorithms. SK, MH MW, KC, YT, HS, HT,
SO, and KY conducted the reader study. Al, YS, KY, JS, and AN conducted the
performance evaluation of the developed algorithm. SK conducted statistical
analysis. SK and Al prepared the manuscript. All authors read and approved
the final manuscript.

Funding
This study was funded by Fujifilm Corporation.

Availability of data and materials

The datasets generated and/or analyzed during the current study are not
publicly available because the use of patient data (CT images and reports)
other than by us is not approved by the patients, but they are available from
the corresponding author upon reasonable request.

Declarations

Ethics approval and consent to participate

For this retrospective study, approval was obtained from Kyorin University Eth-
ics Committees and of all participating institutions, including data-collecting
institutions, and the requirement for informed consent was waived. All meth-
ods were carried out in accordance with relevant guidelines and regulations.

Consent for publication
Not applicable.

Competing interests
Al and KN are employees of Fujifilm Corporation (Minato-ku, Tokyo, Japan).
Other authors declare no competing interests.

Author details

‘Department of Radiology, Faculty of Medicine, Kyorin University, 6-20-2,
Shinkawa, Mitaka-shi, Tokyo, Japan. “Imaging Technology Center, ICT Strategy
Division, Fujifilm Corporation, 2-26-30, Nishi-Azabu, Minato-ku, Tokyo, Japan.
*Department of Radiology, Kyorin University Hospital, 6-20-2, Shinkawa,
Mitaka-shi, Tokyo, Japan.

Received: 22 August 2022 Accepted: 14 November 2022
Published online: 22 November 2022

References
1. Sung H, Ferlay J, Siegel RL, Laversanne M, Soerjomataram |, Jemal A, et al.
Global Cancer Statistics 2020: GLOBOCAN estimates of incidence and

20.

Page 10 of 11

mortality worldwide for 36 cancers in 185 countries. CA Cancer J Clin.
2021;71(3):209-49.

National Lung Screening Trial Research Team. Reduced lung-cancer mor-
tality with low-dose computed tomographic screening. N Engl J Med.
2011;365(5):395-409.

de Koning HJ, van der Aalst CM, de Jong PA, Scholten ET, Nackaerts K,
Heuvelmans MA, et al. Reduced lung-cancer mortality with volume CT
screening in a randomized trial. N Engl J Med. 2020;382(6):503-13.
MacMahon H, Naidich DP, Goo JM, Lee KS, Leung ANC, Mayo JR,

et al. Guidelines for management of incidental pulmonary nodules
detected on CT images: from the Fleischner Society 2017. Radiology.
2017,284(1):228-43.

Sobue T, Moriyama N, Kaneko M, Kusumoto M, Kobayashi T, Tsuchiya

R, et al. Screening for lung cancer with low-dose helical computed
tomography: anti-lung cancer association project. J Clin Oncol.
2002;20(4):911-20.

Royal College of Radiologists. Clinical radiology UK workforce census
report; 2019. 2020.

Kumamaru KK, Machitori A, Koba R, ljichi S, Nakajima Y, Aoki S. Global
and Japanese regional variations in radiologist potential workload for
computed tomography and magnetic resonance imaging examinations.
Jpn J Radiol. 2018;36(4):273-81.

Krizhevsky A, Sutskever |, Hinton GE. Imagenet classification with

deep convolutional neural networks. Adv Neural Inf Process Syst.
2012;25:1097-105.

Girshick R, Donahue J, Darrell T, Malik J. Rich feature hierarchies for accurate
object detection and semantic segmentation. In: Proceedings of the IEEE
conference on computer vision and pattern recognition. 2014. p. 580-7.
Lee SLA, Kouzani AZ, Hu EJ. Automated detection of lung nod-

ules in computed tomography images: a review. Mach Vis Appl.
2012;23(1):151-63.

. LiL, Liu Z, Huang H, Lin M, Luo D. Evaluating the performance of a deep

learning-based computer-aided diagnosis (DL-CAD) system for detecting
and characterizing lung nodules: Comparison with the performance of
double reading by radiologists. Thorac Cancer. 2019;10(2):183-92.
Bianconi F, Fravolini ML, Pizzoli S, Palumbo |, Minestrini M, Rondini M, et al.
Comparative evaluation of conventional and deep learning methods

for semi-automated segmentation of pulmonary nodules on CT. Quant
Imaging Med Surg. 2021;11(7):3286.

Hassani C, Varghese BA, Nieva J, Duddalwar V. Radiomics in pulmonary
lesion imaging. Am J Roentgenol. 2019;212(3):497-504.

Liu J, Cao L, Akin O, Tian Y. Accurate and robust pulmonary nodule detec-
tion by 3D feature pyramid network with self-supervised feature learning.
arXiv Preprint arXiv:190711704. 2019.

Ding J, Li A, Hu Z, Wang L. Accurate pulmonary nodule detection in com-
puted tomography images using deep convolutional neural networks. In:
International conference on medical image computing and computer-
assisted intervention; 2017. p. 559-67.

Cui S, Ming S, Lin'Y, Chen F, Shen Q, Li H, et al. Development and clinical
application of deep learning model for lung nodules screening on CT
images. Sci Rep. 2020;10(1):13657.

Fu B, Wang G, Wu M, LiW, Zheng Y, Chu Z, et al. Influence of CT effective
dose and convolution kernel on the detection of pulmonary nodules in
different artificial intelligence software systems: a phantom study. Eur J
Radiol. 2020;126: 108928.

Sahiner B, Chan H-P, Hadjiiski LM, Cascade PN, Kazerooni EA, Chughtai AR,
et al. Effect of CAD on radiologists' detection of lung nodules on thoracic
CT scans: analysis of an observer performance study by nodule size. Acad
Radiol. 2009;16(12):1518-30.

Roos JE, Paik D, Olsen D, Liu EG, Chow LC, Leung AN, et al. Computer-
aided detection (CAD) of lung nodules in CT scans: radiologist perfor-
mance and reading time with incremental CAD assistance. Eur Radiol.
2010;20(3):549-57.

Rao RB, Bi J, Fung G, Salganicoff M, Obuchowski N, Naidich D. LungCAD:
a clinically approved, machine learning system for lung cancer detection.
In: Proceedings of the 13th ACM SIGKDD international conference on
Knowledge discovery and data mining; 2007. p. 1033-7.

. LiuK, LiQ MaJ, Zhou Z, Sun M, Deng Y, et al. Evaluating a fully auto-

mated pulmonary nodule detection approach and its impact on radiolo-
gist performance. Radiol Artif Intell. 2019;1(3): €180084.


https://doi.org/10.1186/s12880-022-00938-8
https://doi.org/10.1186/s12880-022-00938-8

Katase et al. BMC Medical Imaging

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34

35.

36.

37.

(2022) 22:203

Armato SG, McLennan G, Bidaut L, McNitt-Gray MF, Meyer CR, Reeves AP,
et al. The Lung Image Database Consortium (LIDC) and Image Database
Resource Initiative (IDRI): a completed reference database of lung nod-
ules on CT scans. Med Phys. 2011;38(2):915-31.

Armato SG, Drukker K, Li F, Hadjiiski L, Tourassi GD, Engelmann RM, et al.
LUNGx challenge for computerized lung nodule classification. J Med
Imaging. 2016;3(4): 044506.

Pedrosa J, Aresta G, Ferreira C, Rodrigues M, Leitao P, Carvalho AS, et al.
LNDb: a lung nodule database on computed tomography. arXiv Preprint
arXiv:191108434. 2019.

Ren'S, He K, Girshick R, Sun J. Faster R-CNN: towards real-time object
detection with region proposal networks. IEEE Trans Pattern Anal Mach
Intell. 2017,39(6):1137-49.

Setio AAA, Ciompi F, Litjens G, Gerke P, Jacobs C, van Riel SJ, et al. Pulmo-
nary nodule detection in CT images: false positive reduction using multi-

view convolutional networks. [EEE Trans Med Imaging. 2016;35(5):1160-9.

van Ginneken B, Armato SG, de Hoop B, van Amelsvoort-van de Vorst S,
Duindam T, Niemeijer M, et al. Comparing and combining algorithms for
computer-aided detection of pulmonary nodules in computed tomogra-
phy scans: the ANODEOQ9 study. Med Image Anal. 2010;14(6):707-22.
Takagi T. X-sen CT Satsuei ni okeru Hyojunka (The Standerization of
X-ray CT scanning). 2nd ed. Japanese Society of Radiological Technology
Publishing Committee; 2015.

Chakraborty DP. Analysis of location specific observer performance data:
validated extensions of the Jackknife Free-Response (JAFROC) method.
Acad Radiol. 2006;13(10):1187-93.

Liu J, Cao L, Akin O, Tian Y. 3DFPN-HS2: 3D feature pyramid network
based high sensitivity and specificity pulmonary nodule detection. In:
International conference on medical image computing and computer-
assisted intervention; 2019. p. 513-21.

Goodfellow 1J, Shlens J, Szegedy C. Explaining and harnessing adversarial
examples. arXiv Preprint arXiv:14126572. 2014.

Zhang R. Making convolutional networks shift-invariant again. In: Interna-
tional conference on machine learning. 2019. p. 7324-34.

Chakraborty DP, Berbaum KS. Observer studies involving detec-

tion and localization: modeling, analysis, and validation. Med Phys.
2004;31(8):2313-30.

Noguchi M, Morikawa A, Kawasaki M, Matsuno Y, Yamada T, Hirohashi S,
et al. Small adenocarcinoma of the lung. Histol Charact Prognos Cancer.
1995,75(12):2844-52.

Hashizume T, Yamada K, Okamoto N, Saito H, Oshita F, Kato Y, et al. Prog-
nostic significance of thin-section CT scan findings in small-sized lung
adenocarcinoma. Chest. 2008;133(2):441-7.

Ciompi F, Chung K, Van Riel SJ, Setio AAA, Gerke PK, Jacobs C, et al.
Towards automatic pulmonary nodule management in lung cancer
screening with deep learning. Sci Rep. 2017;7(1):1-11.

Ardila D, Kiraly AP, Bharadwaj S, Choi B, Reicher JJ, Peng L, et al. End-to-
end lung cancer screening with three-dimensional deep learning on
low-dose chest computed tomography. Nat Med. 2019;25(6):954-61.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Page 11 of 11

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

K BMC

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions




	Development and performance evaluation of a deep learning lung nodule detection system
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusions: 

	Background
	Methods
	Clinical data
	Ground truth data creation
	Development of lung nodule CAD
	Validation of CAD performance
	Evaluation of robustness to changes in radiation dose
	Reader performance test

	Results
	Validation of CAD performance
	Evaluation of robustness to changes in radiation dose
	Reader performance test

	Discussion
	Conclusions
	Acknowledgements
	References


