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Artificial intelligence system for identification of overlooked lung
metastasis in abdominopelvic computed tomography scans of patients
with malignancy

Hye Soo Cho!
Eui Jin Hwang'2 PURPOSE
Jaeyoun Yi3 This study aimed to evaluate whether an artificial intelligence (Al) system can identify basal lung

metastatic nodules examined using abdominopelvic computed tomography (CT) that were initially

i3
Boorym Choi overlooked by radiologists.

Chang Min Park’:2

METHODS
1Seoul National University Hospital, Seoul National We retrospectively included abdominopelvic CT images with the following inclusion criteria: a) CT
University College of Medicine, Department of images from patients with solid organ malignancies between March 1 and March 31, 2019, in a
Radiology, Seoul, Republic of Korea single institution; and b) abdominal CT images interpreted as negative for basal lung metastases.
2Seoul National University College of Medicine, Reference standards for diagnosis of lung metastases were confirmed by reviewing medical records
Department of Radiology, Seoul, Republic of Korea and subsequent CT images. An Al system that could automatically detect lung nodules on CT im-

ages was applied retrospectively. A radiologist reviewed the Al detection results to classify them as
lesions with the possibility of metastasis or clearly benign. The performance of the initial Al results
and the radiologist’s review of the Al results were evaluated using patient-level and lesion-level
sensitivities, false-positive rates, and the number of false-positive lesions per patient.

3Coreline Soft Inc., Seoul, Republic of Korea

RESULTS

A total of 878 patients (580 men; mean age, 63 years) were included, with overlooked basal lung
metastases confirmed in 13 patients (1.5%). The Al exhibited an area under the receiver operat-
ing characteristic curve value of 0.911 for the identification of overlooked basal lung metastases.
Patient- and lesion-level sensitivities of the Al system ranged from 69.2% to 92.3% and 46.2% to
92.3%, respectively. After a radiologist reviewed the Al results, the sensitivity remained unchanged.
The false-positive rate and number of false-positive lesions per patient ranged from 5.8% to 27.6%
and 0.1% to 0.5%, respectively. Radiologist reviews significantly reduced the false-positive rate
(2.4%-12.6%; all P values < 0.001) and the number of false-positive lesions detected per patient
(0.03-0.20, respectively).

CONCLUSION

The Al system could accurately identify basal lung metastases detected in abdominopelvic CT im-
ages that were overlooked by radiologists, suggesting its potential as a tool for radiologist inter-
pretation.

CLINICAL SIGNIFICANCE
The Al system can identify missed basal lung lesions in abdominopelvic CT scans in patients with
Corresponding author: Eui Jin Hwang malignancy, providing feedback to radiologists, which can reduce the risk of missing basal lung
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bdominopelvic computed tomogra-

phy (CT) is frequently performed in

patients with cancer to evaluate var-
ious cancers of the abdominopelvic or ex-
tra-abdominopelvic organs. Lung metastasis
frequently occurs in the advanced stages
of various solid organ cancers, and abdom-
inopelvic CT images inevitably capture the
base of the lungs. Therefore, evaluating the
presence of nodules suggestive of metasta-
sis to the lung base is an important compo-
nent in the interpretation of abdominopelvic
CT scans in patients.”* However, in a busy
clinical environment, a radiologist may pay
relatively less attention to the basal lungs
compared with the abdominal organs, which
are the main targets of evaluation.* There-
fore, metastatic nodules in the basal lungs
can be overlooked by interpreting radiolo-
gists, which may adversely affect a patient’s
treatment policy decisions or prognosis,
leading to a medicolegal dispute.

The automatic detection of pulmonary
nodules on chest CT images is one of the
most widely investigated topics in artifi-
cial intelligence (Al)-based medical image
analysis. Various studies have reported the
radiologist-level performance of Al and the
enhanced performance of radiologists using
Al for lung nodule detection on CT scans.>®
Based on these impressive results, commer-
cial Al-based software medical devices have

* An artificial intelligence (Al) system for pul-
monary nodule detection on computed
tomography (CT) images can be utilized as
a second reader after the radiologist’s inter-
pretation, to identify overlooked pulmonary
nodules.

* As a second reader, the Al may analyze im-
ages after the radiologist’s interpretation
and provide feedback to the radiologist only
when the Al suspects that the radiologist
has overlooked a pulmonary nodule. In this
scenario, the oversight of significant pul-
monary nodules can be prevented without
the need to review the Al results of all the
examinations. In our study, the applied Al
system could accurately identify basal lung
metastases captured in abdominopelvic
CT images that were overlooked by radiol-
ogists, suggesting its potential as a second
reader after the radiologist’s interpretation.

* We believe that our study contributes sig-
nificantly to the literature by highlighting
the effectiveness of Al in improving the ac-
curacy of interpreting abdominopelvic CT
images in patients with malignancies. Addi-
tionally, it underscores the importance of Al
as a second reader to reduce interpretation
errors.

begun to be utilized in daily clinical practice
as computer-aided detection (CAD) tools.”"°

In addition to its use as a CAD tool, Al’s
utilization as a second reader-that is, for use
in analyzing images after the radiologist’s
interpretation and providing feedback to
the radiologist in case of suspected interpre-
tation errors—can be another attractive sce-
nario for applying Al in daily practice.”® Al,
as a second reader, can provide a safety net
for radiologists against the risk of interpreta-
tion errors or medicolegal disputes without
requiring the rigorous effort of scrutinizing
the Al's results following every examination.
The detection of pulmonary nodules in the
basal lungs, as acquired using abdominopel-
vic CT, can serve as a compelling scenario
for employing an Al second reader.” This is
because it is beyond the primary focus of
examination, yet carries a relatively high risk
of interpretation errors, which could result in
critical outcomes.

In consideration of the above, we aim to
evaluate whether an Al system could detect
metastatic pulmonary nodules in the basal
lungs that have been overlooked by radiolo-
gists on abdominopelvic CT images.

Methods

This single-center, retrospective, diagnos-
tic cohort study was approved by the Seoul
National University Hospital Institutional
Review Board on January 5, 2022 (approval
number: 2112-142-1284). During the ap-
proved research period, patient data required
for this study were accessed for research pur-
poses. The requirement for informed consent
was waived by the institutional review board.

Patients

Patients were consecutively included in
a single tertiary referral institution in South
Korea with the following criteria: a) patients
diagnosed with solid organ cancers (Inter-
national Statistical Classification of Diseases
and Related Health Problems, 10™ revision,
C00 to C75); b) patients who underwent
abdominopelvic CT between March 1 and
March 31, 2019; and ¢) abdominopelvic CT
scans interpreted as negative for basal lung
metastasis in the formal reports of radiolo-
gists, based on a manual review of unstruc-
tured radiological reports by a thoracic ra-
diologist. Patients who underwent chest CT
on the same day as abdominopelvic CT and
those lost to follow-up within 3 years without
a clinical diagnosis of lung metastasis were
excluded (Figure 1).

The first CT examination was performed
on patients who underwent CT more than
once. For multiphase CT examinations, im-
ages that captured the largest portion of the
basal lungs were included in the analyses.

Diagnosis of pulmonary metastasis

To confirm the clinical diagnosis of pul-
monary metastasis in patients, one thoracic
radiologist (E.J.H., with 5 years of experience
as a faculty thoracic radiologist) reviewed the
medical records and CT images (including
the index abdominopelvic CT and follow-up
chest and abdominopelvic CT images). Pul-
monary lesions that were pathologically con-
firmed as metastases, as well as lesions with
persistent growth on follow-up CT images
and a clinical impression of metastasis, were
regarded as pulmonary metastases. Pulmo-

2380 abdominopelvic CTs

* CTs of patients with solid organ cancer
* CTs obtained between March 1st and 31st of 2019

* CTs interpreted as negative for basal lung metastasis

* CTs of patients with chest CTs obtained in the same day )

1034 abdominopelvic CTs excluded

* CTs of patients lost to follow-up within 3 years without
diagnosis of lung metastasis

\
468 abdominopelvic CTs excluded

&

\ 4

{ 878 abdominopelvic CTs analyzed

J

Figure 1. Flow diagram of the study. CT, computed tomography.
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nary lesions that were stable for >3 years
were considered benign. All individual pul-
monary metastases present on the index ab-
dominopelvic CT images but not document-
ed in the radiologist’s report were recorded
as “overlooked metastases.”

Artificial intelligence system

To detect pulmonary metastases in the
basal lungs captured by abdominopelvic
CT, an Al model based on a commercialized
deep-learning-based CAD system (AVIEW
Lung Nodule CAD, Coreline Soft, Seoul, Ko-
rea) was used. The CAD system was designed
to detect pulmonary nodules in chest CT
images and was approved for clinical use in
Korea as an assistant tool for physicians in in-
terpreting chest CT scans.

Since the original CAD system was opti-
mized for low-dose chest CT images for lung

€.
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Figure 2. (a) This abdominal computed tomography (CT) image of a 72-year-old male patient with hepatocellular carcinoma shows a small nodule in the right lower
lobe (arrow), a feature that was overlooked in the initial interpretation. (b) The artificial intelligence system detected the nodule with a probability score of 0.79. (c)
A chest CT image obtained 167 days later shows growth of the nodule (arrow), which was clinically diagnosed as metastasis.

cancer screening, the performance of the Al
model may degrade when used for detecting
pulmonary metastasis. Therefore, additional
training of the Al model was conducted to
optimize its performance in detecting small
metastatic pulmonary nodules. A total of
3,558 CT scans were conducted, with 21,469
clinically diagnosed pulmonary metastases
from a single institution (the same institution
as where the present study was conducted).
All of the abdominopelvic CT images were
analyzed using an additionally trained Al
model. Each pulmonary nodule was annotat-
ed by drawing three-dimensional bounding
boxes on the CT images, along with a prob-
ability score (between 0 and 1) for the pres-
ence of a lesion (Figures 2-5). Then, these an-
notated CT images were used for the existing
Al model for the original CAD system.

=
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Radiologist’s evaluation of artificial intelli-
gence findings

All abdominopelvic CT images with corre-
sponding Al results were reviewed by a fel-
lowship trainee in thoracic radiology (H.S.C.,
1tyear of fellowship training) who was blind-
ed to the diagnosis of pulmonary metastasis.
The radiologist classified all lesions identified
by the Al into three groups: those with the
potential for pulmonary metastasis, clearly
benign lesions, and pseudo-lesions. Subse-
quently, the radiologist checked the diag-
noses of pulmonary metastasis to confirm
that the lesions detected by Al were over-
looked pulmonary metastases and classified
the individual Al-detected lesions as either
true-positives or false-positives.

|
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Figure 3. (a) This abdominopelvic computed tomography (CT) image of a 65-year-old male patient with colon cancer shows a nodule in the left lower lobe (arrow),
a feature that was overlooked in the initial interpretation. (b) The artificial intelligence system detected the nodule with a probability score of 0.87. The radiologist
who reviewed the Al results interpreted the lesion as a true nodule with the possibility of metastasis. (c) A chest CT image obtained 28 months later shows that the
lesion remains unchanged, suggesting benignancy. Al, artificial intelligence.

Artificial intelligence system as a second reader tool
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Figure 4. (a) This abdominopelvic computed tomography (CT) image of a 58-year-old female patient with colon cancer shows a nodular lesion in the right lower
lobe (arrow), an observation that was not described in the initial interpretation. (b) The artificial intelligence (Al) system identified the lesion with a probability score
of 0.50. The radiologist who reviewed the Al results interpreted the lesion as focal atelectasis rather than a true nodule. (c) A chest CT image obtained 44 months
later shows that the lesion remained stable, suggesting benignancy.

2

Figure 5. (a) This abdominopelvic computed tomography (CT) image of a 72-year-old male patient with
colon cancer shows a tiny nodule in the left lower lobe (arrow), an observation that was overlooked in
the initial interpretation. The artificial intelligence system did not detect the lesion. (b) A chest CT image
obtained 204 days later shows the growth of the nodule, suggesting a diagnosis of lung metastasis (arrow).

Performance metrics and statistical analysis

First, the discriminative performance of
the Al model in identifying patients with
overlooked metastases was evaluated using
an area under the receiver operating char-
acteristic curve (AUC-ROC) analysis. Subse-
quently, the performance and efficacy of the
Al model were evaluated using metrics at
threshold probability scores of 0.4, 0.5, 0.6,
and 0.7.

- Patient-level sensitivity = number of
patients with true-positive detection of over-
looked metastases/number of patients with
overlooked metastases.

- Patient-level false-positive rate = num-
ber of patients with false-positive detection
of overlooked metastases/number of pa-
tients without overlooked metastases.

- Patient-level positive predictive value
(PPV) = number of patients with true-pos-
itive detection of overlooked metastases/
number of patients with positive Al results.

+ Lesion-level sensitivity = number of
true-positive detections of overlooked me-
tastases/number of all overlooked metasta-
ses.

« Number of false-positive lesions per pa-
tient = number of false-positive detections of
overlooked metastases/number of patients.

« Lesion-level PPV = number of true-pos-
itive detections of overlooked metastases/
number of all lesions detected by Al.

All metrics were obtained for both the
Al results and the radiologist’s review of the
Al results (following the exclusion of clearly
benign lesions or pseudo-lesions). The per-
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formance metrics of the Al results and the ra-
diologist’s review of the Al results were com-
pared using McNemar’s tests, chi-squared
tests, and paired t-tests.

Decision curve analysis was conducted to
evaluate the net benefit of using the Al tool
as a second reader for detecting overlooked
pulmonary metastasis, considering the ben-
efit of true-positive results and the cost of
false-positive results.

Statistical analysis

All statistical analyses were performed
using MedCalc statistical software (MedCalc
Software Ltd, Ostend, Belgium, 22.006 ver-
sion). Statistical significance was set at P <
0.05.

Results

Patient characteristics

A total of 878 abdominopelvic CT imag-
es from 878 patients (580 men; mean age +
standard deviation: 62 + 11 years) were in:
cluded in the study (Figure 1). The most com-
mon primary malignancy was hepatocellular
carcinoma (411, 47%), followed by stomach
cancer (169, 19%) and colorectal cancer (96,
11%). A total of 707 CT examinations (81%)
were obtained after the administration of
intravenous contrast media. Table 1 presents
the demographic information of the patients
and their CT imaging characteristics.

Sixty-nine (7.8%) patients were diag-
nosed with lung metastases within 3 years of
an abdominopelvic CT, including 5 patients
who had already been diagnosed with lung
metastases at the time of the CT. In a retro-
spective evaluation of abdominopelvic CT

Cho et al.



Table 1. Patients and computed tomography characteristics

Variables All patients Patients with overlooked lung Patients without overlooked lung
(n=878) metastases (n = 13) metastases (n = 865)
Age, mean + SD (years) 62+ 11 65+13 62+ 11
Male-to-female patient ratio 580:298 7:6 573:292
Primary malignancy
Hepatocellular carcinoma 411 (47%) 3 (25%) 408 (47%)
Stomach cancer 169 (19%) 1(8%) 168 (19%)
Colorectal cancer 96 (11%) 2 (15%) 94 (11%)
Biliary tree or pancreatic cancer 46 (5%) 5 (42%) 41 (5%)
Uterus or ovary cancer 25 (3%) 0 25 (3%)
Urinary tract cancer 16 (2%) 1 (8%) 15 (2%)
Breast cancer 15 (2%) 1 (8%) 14 (2%)
Prostate cancer 9 (1%) 0 9 (1%)
Others 91 (10%) 0 91 (11%)
CT examination with intravenous contrast media 844 (96%) 10 (83%) 834 (96%)
Multiphase CT examination 707 (81%) 9 (75%) 699 (81%)

Numbers in parentheses indicate proportions among all patients. CT, computed tomography; SD, standard deviation.
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Figure 6. Receiver operating characteristic (ROC) curve for the identification of abdominopelvic computed
tomography (CT) scans with overlooked basal lung metastases. (a) A ROC curve show that the artificial
intelligence (Al) system identified abdominopelvic CT scans with overlooked basal lung metastases with an
area under the ROC curve of 0.911. (b) The modified ROC curve shows that the sensitivity and false-positive
rate of the Al system ranged from 69.2-92.3% and 46.2-92.3%, respectively at thresholds between 0.4 and
0.7. The radiologist’s review significantly reduced the false-positive rate (2.4-12.6%) while preserving the

sensitivity. AUC, area under the curve.

images, 13 (1.5%) patients had pulmonary
metastases that were overlooked during
interpretation. Of these 13 patients, 3 had
already been diagnosed with lung metas-
tases at the time of the CT. For the other 10
patients, the time interval between the ab-
dominopelvic CT with overlooked lung me-
tastases and the clinical diagnosis of lung
metastasis was 141 days (interquartile range,
78-195 days).

Performance of the artificial intelligence
system

For the discrimination of CT examinations
with and without overlooked pulmonary

metastases, the Al system exhibited an AUC-
ROC value of 0.911 [95% confidence interval
(CI), 0.890-0.929; Figure 6]. The results of
the Al analyses and their performances for
different thresholds are listed in Table 2 and
Table 3. At the lowest threshold (0.4), the Al
system detected 475 lesions (0.54 per exami-
nation) in 251 patients (positive rate, 28.7%).
In contrast, it detected 100 lesions (0.11 per
examination) in 59 (positive rate, 6.7%) pa-
tients at the highest threshold (0.7). The sen-
sitivities of the Al system for the identifica-
tion of patients with overlooked metastases
were 92.3% (12/13; 95% Cl, 64.0%-99.8%) at
the lowest threshold and 69.2% (9/13; 95%

Cl, 38.6%-90.9%) at the highest threshold.
Correspondingly, the patient-level false-pos-
itive rates ranged from 5.8% (50/865; 95%
Cl, 4.3%-7.6%) to 27.6% (239/865; 95% Cl,
24.7%-30.7%), and the PPVs ranged from
4.8% (12/251; 95% Cl, 2.5%-8.2%) to 15.3%
(9/59; 95% Cl, 7.2%-27.0%). The accuracy of
the Al system ranged from 72.7% (638/878;
95% Cl, 69.6%-75.6%) to 93.8% (824/878;
95% Cl, 92.1%-95.4%).

Among 26 overlooked pulmonary me-
tastases in eight patients, the sensitivities
of the Al system were 92.3% (24/26; 95% Cl,
74.5%-99.1%) at the lowest threshold and
46.2% (12/26; 95% Cl, 26.6%-66.6%) at the
highest. Correspondingly, the number of
false-positive detections per examination
ranged from 0.10 (88/878; 95% Cl, 0.03-0.17)
to 0.51 (451/878; 95% Cl, 0.35-0.69), and
the PPVs ranged from 5.1% (24/475; 95% Cl,
3.3%-7.4%) to 12.0% (12/100; 95% Cl, 6.4%-
20.0%).

In the decision curve analysis, using the
Al system as a second reader for detecting
overlooked pulmonary metastases exhibited
a higher net benefit than the default scenar-
io without Al when the risk threshold was
<3.7% (Figure 7). In other words, using the
Al would be beneficial if the ratio of the cost
from false-positive results to the benefit from
true-positive results is <3.7:96.3 (1:26).

Review of the artificial intelligence results
by the radiologist

Following the review of the Al results
by the radiologist, 57.9% (275/475) of the

Artificial intelligence system as a second reader tool



Table 2. Patient-level performance of the artificial intelligence system and the radiologist’s review of the artificial intelligence results

Performance metric

Threshold probability

Threshold probability

Threshold probability

Threshold probability

0.4 0.5 0.6 0.7
Al system
Number of true-positive results 12 12 11 9
Number of false-positive results 239 164 107 50
Number of true-negative results 1 1 2 4
Number of false-negative results 626 701 758 815
28.7%
-, 20.0% 13.4% 6.7%
. 0,
Positive rate COVETS IS (76/87817.4,229)  (118/878;113,159) (59/878; 5.2, 8.6)
Number of detections per patient L el 0 Ui
(475/878; 0.37,0.71) (319/878; 0.22, 0.50) (205/878;0.12, 0.35) (100/878; 0.05, 0.18)
Sensitivit 92.3% 92.3% 84.6% 69.2%
y (12/13; 64.0,99.8) (12/13; 64.0,99.8) (11/13; 54.6,98.1) (9/13; 38.6, 90.9)
False-positive rate 27.6% 19.2% 12.4% 5.8%
P (239/865; 24.7,30.7) (164/865; 16.4, 21.7) (107/865; 10.3, 14.8) (50/865; 4.3,7.6)
PPV 4.8% 6.8% 9.3% 15.3%
(12/251;2.5,8.2) (12/176;3.6,11.6) (11/118;4.8,16.1) (9/59;7.2,27.0)
72.7% 81.2% 87.6% 93.8%
Accuracy

Radiologist’s review of the Al results

Number of true-positive results
Number of false-positive results
Number of true-negative results

Number of false-negative results
Positive rate
P value
Number of detections per patient
P value
Sensitivity
Pvalue
False-positive rate
Pvalue
PPV
Pvalue
Accuracy

Pvalue

(638/878; 69.6, 75.6)

12
109
1
756

13.8%
(121/878;11.6, 16.2)

<0.001

0.23
(200/878; 0.18, 0.28)

<0.001

92.3%
(12/13;64.0, 99.8)

NA

12.6%
(109/865; 10.5, 15.0)

<0.001

9.9%
(12/121;5.2,16.7)

0.059

87.5%
(768/878; 85.1, 89.6)

<0.001

(713/878; 78.5, 83.7)

12
74
1
791

9.8%
(86/878;7.9,12.0)

<0.001

0.15
(128/878;0.11,0.18)

<0.001

92.3%
(12/13; 64.0, 99.8)

NA

8.6%
(74/865; 6.8, 10.6)

<0.001

14.0%
(12/86; 7.4, 23.1)

0.061

91.5%
(803/878; 89.4, 93.2)

<0.001

(769/878; 85.2, 89.7)

11
48
2
817

6.7%
(59/878; 5.2, 8.6)

<0.001

0.09
(78/878;0.06,0.11)

<0.001

84.6%
(11/13;54.6, 98.1)

NA

5.5%
(48/865;4.1,7.3)

<0.001

18.6%
(11/59;9.7,30.9)

0.077

94.3%
(828/878;92.6, 95.7)

<0.001

(824/878; 92.1,95.4)

9
21
4

844

3.4%
(30/878; 2.3, 4.8)

<0.001

0.04
(35/878;0.02, 0.06)

<0.001

69.2%
(9/13; 38.6, 90.9)

NA

2.4%
(21/865; 1.5, 3.7)

<0.001

30.0%
(9/30; 14.7, 49.4)

0.104

97.2%
(853/878; 95.8, 98.2)

<0.001

Numbers in parentheses indicate numerators/denominators and 95% confidence intervals. P values indicate a comparison between the Al system and the radiologist’s review of
the Al's result. Al, artificial intelligence; PPV, positive predictive value; NA, not applicable.

lesions detected by the Al were regarded
as false-positive detections at the lowest
threshold, while 65.0% (65/100) were regard-
ed as false-positive detections at the highest
threshold. As a result, the positivity rate after
the radiologist’s review was 13.8% (121/878)
at the lowest threshold and 3.4% (30/878) at

the highest threshold.

The sensitivities in the identification of  10.5%-15.0%), representing a significant re-
patients with overlooked metastases were duction compared with the initial analyses
92.3% (12/13; 95% Cl, 64.0%-99.8%) at the by the Al (all p < 0.001). Additionally, the pa-
lowest threshold and 69.2% (9/13; 95% Cl, tient-level PPVs ranged from 9.9% (12/121;
38.6%-90.9%) at the highest threshold, 95% Cl, 5.2%-16.7%) to 30.0% (9/30; 95% Cl,
consistent with the initial analyses by the 14.7%-49.4%) (Table 2) and were increased
Al. Meanwhile, the patient-level false-pos- from the initial analyses by the Al, although
itive rates ranged from 2.4% (21/865; 95% the difference was not statistically significant.
Cl, 1.5%-3.7%) to 12.6% (109/865; 95% Cl, The accuracy ranged from 87.5% (768/878;
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Table 3. Lesion-level performance of the artificial intelligence system and the radiologist’s review of the artificial intelligence results

Performance metric

Threshold probability 0.4

Threshold probability 0.5 Threshold probability 0.6  Threshold probability 0.7

Al system

Number of true-positive results
Number of false-positive results
Number of true-negative results
Number of false-negative results
Number of detection per patient
Sensitivity

Number of false-positive lesions per patient

24
451
401
2
0.54 (475/878;0.37,0.71)
92.3% (24/26; 74.5, 99.1)
0.51(451/878; 0.35, 0.69)

18 16 12
301 189 88
547 663 764
12 10 14

0.36 (319/878; 0.22, 0.50)
69.2% (18/26; 48.2, 85.7)
0.34 (301/878; 0.20, 0.48)

0.23 (205/878; 0.12, 0.35)
61.5% (16/26; 40.6, 79.8)
0.22 (189/878;0.10, 0.33)

0.11 (100/878; 0.05, 0.18)
46.2% (12/26; 26.6, 66.6)
0.10 (88/878; 0.03, 0.17)

PPV

Radiologist’s review of the Al results
Number of true-positive results
Number of false-positive results
Number of true-negative results
Number of false-negative results

Number of detection per patient

5.1% (24/475; 3.3, 7.4)

0.23 (200/878; 0.18, 0.28)

5.6% (18/319; 3.4, 8.8)

24 18
176 110
676 738

2 12

0.15(128/878;0.11,0.18)

Sensitivity 92.3% (24/26; 74.5, 99.1) 69.2% (18/26; 48.2, 85.7)
P value NA NA

Number of false-positive lesions per patient  0.20 (176/878;0.17,0.25)  0.12(110/878; 0.10, 0.16)
P value <0.001 <0.001

PPV 12.0% (24/200;7.8,17.3)  14.1% (18/128; 0.09, 0.21)
P value 0.001 0.003

7.8% (16/205; 4.5, 12.4)

0.09 (78/878; 0.06, 0.11)
61.5% (16/26; 40.6, 79.8)

12.0% (12/100; 6.4, 20.0)

16 12
62 23
790 829
10 14

0.04 (35/878; 0.02, 0.06)
46.2% (12/26; 26.6, 66.6)

NA NA
0.07 (62/878;0.05,0.09)  0.03 (23/878;0.02, 0.04)
<0.001 <0.001
20.5% (16/78;0.12,0.31)  34.3% (12/35; 19.1,52.2)
0.003 0.003

Numbers in parentheses indicate numerators/denominators and 95% confidence intervals. P values indicate a comparison between the Al system and the radiologist’s review of
the Al's result. Al, artificial intelligence; PPV, positive predictive value; NA, not applicable.

95% Cl, 85.1%-89.6%) to 97.2% (853/878;
95% Cl, 95.8%-98.2%). The accuracies exhib-
ited significant improvement compared with
the initial analyses by the Al (all P < 0.001).

The lesion-level sensitivities after the ra-
diologist’s review also remained similar to
those following the initial analyses by the
Al [92.3% (24/26; 95% Cl, 74.5%-99.1%) at
the lowest threshold; 46.2% (12/26; 95%
Cl, 26.6%-66.6%) at the highest threshold].
Meanwhile, the number of false-positive de-
tections per examination ranged from 0.03
(23/878; 95% Cl, 0.02-0.04) to 0.20 (176/878;
95% Cl, 0.17-0.25), representing a significant
reduction compared with the initial analy-
ses by the Al (all P < 0.001). In addition, the
lesion-level PPVs exhibited a significant in-
crease compared with the initial analyses
by the Al [P < 0.001; 12.0% (24/200; 95% Cl,
7.8%-17.3%) at the lowest threshold; 34.3%
(12/35; 95% Cl, 19.1%-52.2%) at the highest
threshold].

Table 4 displays the patterns of false-pos-
itive detections by the Al system. The most
common cause of false-positive detection
was pulmonary nodules with the possibility
of metastasis, based on the radiologist’s re-
view. Among clearly benign lesions that were

regarded as false-positive detections by the
radiologist’s review, findings of infection or
inflammation were the most common caus-
es of false-positive detections, followed by
calcified nodules.

Clinical significance

The Al system may identify missed basal
lung lesions in abdominopelvic CT scans in
patients with malignancy, providing feed-
back to radiologists, which can reduce the
risk of missing basal lung metastasis.

Discussion

An Al system for pulmonary nodule de-
tection on CT images can be utilized as a
second reader after the radiologist’s interpre-
tation to prevent radiologists from overlook-
ing clinically relevant pulmonary nodules. In
the present study, we used an Al system to
detect metastatic pulmonary nodules in the
basal lungs captured by abdominopelvic CT
images that were overlooked by radiologists.
The results showed that the Al system could
identify CT images with overlooked pulmo-
nary metastases, with an AUC-ROC value of
0.911 and maximum patient-level and le-
sion-level sensitivity of 92.3%, respectively.

Although the Al generated several false-pos-
itive detections (maximum false-positive
rate of 27.6%, 0.51 false-positive detections
per patient), the radiologist’s review of the
Al results could effectively reduce the rate
and number of false-positive detections
(maximum false-positive rate of 12.6%, 0.20
false-positive detections per patient; P <
0.001, respectively).

Multiple studies have reported good per-
formance of Al in the detection of pulmonary
nodules on chest CT images.'*" In this study,
the performance of the Al reached a level
similar to that of radiologists. However, con-
sidering that Al cannot replace a radiologist’s
interpretation, its efficacy needs to be inves-
tigated based on its method of utilization.
Since the most widely accepted methods of
utilization involve CAD tools,?>?* many stud-
ies have reported that Al can improve the
performance of radiologists in lung nodule
detection.>¢'>"7 In addition to the use of Al
as a CAD tool, several other utilization meth-
ods may also be feasible.™ For instance, one
promising method is its use as a second read-
er. In this context, the Al may analyze images
after the radiologist’s interpretation and pro-
vide feedback to the radiologist only when

Artificial intelligence system as a second reader tool



the Al suspects that the radiologist has over-
looked a pulmonary nodule. In this scenario,
the oversight of significant pulmonary nod-
ules can be prevented without the need to
review the Al results of all the examinations.

We performed decision curve analyses
to evaluate the net benefit of applying the
Al system for true-positive and false-posi-
tive identifications. The scenario with Al as
a second reader showed a higher net ben-
efit than the scenario without Al when the
ratio between the harm of false-positive
interpretations to the benefit of true-posi-
tive interpretations is <1:26. In most clinical
situations, overlooking pulmonary metas-
tases could have significant consequences,

0.015

— Default situation without Al
— Al as a second reader

0.010

Net Benefit

0.005

0.000

0% 1% 2% 3% 4% 5%
Threshold probability

Figure 7. Decision curve for the identification
of overlooked basal lung metastases in
abdominopelvic computed tomography scans. The
artificial intelligence (Al) as a second reader scenario
(blue line) exhibited a higher net benefit than the
default scenario without Al (black line) when the
risk threshold is 3.7% or smaller. In other words,
using the Al tool would be beneficial if the ratio of
cost from false-positive results to benefit from true-
positive results is 3.7:96.3 (1:26) or smaller.

potentially depriving the patient of timely
systemic treatment. Meanwhile, false-pos-
itive detections by Al may lead to a review
by the radiologist, and the associated costs
would be relatively much smaller compared
with the risks of overlooking pulmonary me-
tastases. Therefore, we believe that using the
Al as a second reader would be a reasonable
scenario.

In our study, an Al system was applied
to the abdominopelvic CT scans of patients
with cancer who were interpreted as neg-
ative for basal lung metastasis. In a retro-
spective evaluation of available follow-up
examinations, overlooked pulmonary me-
tastases were identified in 1.5% of patients,
a frequency that should not be ignored. In
this context, the Al could accurately discrim-
inate between CT images with and without
overlooked pulmonary metastases (AUC-
ROC, 0.911). Furthermore, at a sensitive op-
erating threshold, the Al could identify most
CT scans with overlooked metastases (sen-
sitivity: 92.3%). Notably, the identification
of false-negative interpretations by radiol-
ogists using Al has been investigated in the
field of chest radiography. Specifically, Nam
et al.* and Jang et al.” reported that Al can
identify lung cancers overlooked by radiol-
ogists on chest X-rays. In addition, Hwang
et al.?® reported that Al can identify various
clinically relevant abnormalities on chest ra-
diographs that were previously interpreted
as normal.

Because benign pulmonary nodules and
pulmonary metastases are often difficult to
differentiate, false-positive detection by Al is
inevitable. When used as a second reader,”
false-positive detection may lead to unnec-
essary feedback to the radiologist, followed

Table 4. Detection patterns of the artificial intelligence system

Variable

Threshold
probability 0.4

probability 0.5

by reinterpretation by the radiologist. In our
study, the maximum false-positive rate was
27.6%, indicating that the Al may generate
false-positive feedback in 27.6% of CT images
without overlooking metastases. Based on the
review of the Al results by a radiologist, more
than half of the Al detections were regarded as
clearly benign nodules (findings of pulmonary
infection and calcified nodules). Notably, the
radiologist’s review was effective because it
significantly reduced the rate of false positives
while maintaining a similar sensitivity for me-
tastasis. The results also suggest that further
improvements in Al performance may reduce
the false-positive rate and the frequency of
unnecessary reinterpretation by radiologists.

Pulmonary metastases and benign pul-
monary nodules are often indistinguishable,
even when evaluated by a radiologist. There-
fore, as expected, there were considerable
false-positive detections even after the ra-
diologist’s review (maximum false-positive
rate: 12.6%). Moreover, the identification of
benign nodules may lead to the requirement
of chest CT examinations for further evalua-
tion or follow-up of the pulmonary nodules.
Considering that all patients were under fol-
low-up for malignancies, we believe that ad-
ditional chest CT scans may not significantly
harm the patients.

Our study has several limitations. First,
since our study was conducted at a single ter-
tiary medical institution, the reproducibility
of our results remains uncertain. Future stud-
ies may be required to confirm the reproduci-
bility of our results in other clinical situations.
Second, although we consecutively included
878 abdominopelvic CT scans, the absolute
number of overlooked pulmonary metasta-
ses is quite small (n = 13), limiting the statis-

Threshold
probability 0.6

Threshold
probability 0.7

Threshold

Lesions with the possibility of metastasis based on the radiologist’s review

Metastasis 24 (5.1%) 18 (5.6%) 16 (7.8%) 12 (12%)

Benign lung nodules 176 (37.1%) 110 (34.5%) 62 (30.2%) 23 (23%)
Clearly benign lesions based on the radiologist’s review

Findings of infection/inflammation 116 (24.4%) 88 (28%) 66 (32.2%) 40 (40%)

Calcified nodules 90 (18.9%) 72 (27.6%) 49 (24.0%) 23 (23%)

Ground-glass nodules 33 (6.9%) 21 (6.6%) 9 (4.4%) 1(1%)

Pulmonary vessels 24 (5.1%) 3(0.9%) 1 (0.5%) 0 (0%)

Atelectasis 7 (1.5%) 4 (1.3%) 1 (0.5%) 1(1%)

Others 5(1.1%) 3(0.9%) 1(0.5%) 0 (0%)
Total 475 (100%) 319 (100%) 205 (100%) 100 (100%)
Numbers in parentheses indicate the proportions among the total detections by the artificial intelligence system.
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tical power. A multicenter study with a larger
sample size may be required to confirm the
efficacy of Al as a second reader. Third, in this
study, Al was retrospectively applied to ab-
dominopelvic CT scans. Therefore, the practi-
cal efficacy of Al systems remains unknown.
A prospective study following the integration
of Al into the workflow may be required to
investigate its real-world efficacy. Finally, the
effect of Al beyond the detection of over-
looked metastases, including its effects on
patient outcomes and changes in treatment
decision-making, remains unknown.

In conclusion, the applied Al system could
accurately identify basal lung metastases
captured in abdominopelvic CT images that
were overlooked by radiologists, suggesting
its potential as a second reader after the radi-
ologist’s interpretation. Further prospective
studies are warranted to investigate the re-
al-world efficacy of Al as a second reader as
well as the impact of Al beyond the detection
of metastases.
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