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Background: Detecting new pulmonary metastases by comparing serial computed tomography (CT) 
scans is crucial, but a repetitive and time-consuming task that burdens the radiologists’ workload. This study 
aimed to evaluate the usefulness of a nodule-matching algorithm with deep learning-based computer-aided 
detection (DL-CAD) in diagnosing new pulmonary metastases on cancer surveillance CT scans.
Methods: Among patients who underwent pulmonary metastasectomy between 2014 and 2018, 65 new 
pulmonary metastases missed by interpreting radiologists on cancer surveillance CT (Time 2) were identified 
after a retrospective comparison with the previous CT (Time 1). First, DL-CAD detected nodules in Time 1  
and Time 2 CT images. All nodules detected at Time 2 were initially considered metastasis candidates. 
Second, the nodule-matching algorithm was used to assess the correlation between the nodules from the 
two CT scans and to classify the nodules at Time 2 as “new” or “pre-existing”. Pre-existing nodules were 
excluded from metastasis candidates. We evaluated the performance of DL-CAD with the nodule-matching 
algorithm, based on its sensitivity, false-metastasis candidates per scan, and positive predictive value (PPV).
Results: A total of 475 lesions were detected by DL-CAD at Time 2. Following a radiologist review, the 
lesions were categorized as metastases (n=54), benign nodules (n=392), and non-nodules (n=29). Upon 
comparison of nodules at Time 1 and 2 using the nodule-matching algorithm, all metastases were classified 
as new nodules without any matching errors. Out of 421 benign lesions, 202 (48.0%) were identified as pre-
existing and subsequently excluded from the pool of metastasis candidates through the nodule-matching 
algorithm. As a result, false-metastasis candidates per CT scan decreased by 47.9% (from 7.1 to 3.7, P<0.001) 
and the PPV increased from 11.4% to 19.8% (P<0.001), while maintaining sensitivity.
Conclusions: The nodule-matching algorithm improves the diagnostic performance of DL-CAD for 
new pulmonary metastases, by lowering the number of false-metastasis candidates without compromising 
sensitivity. 
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Introduction

The lungs are one of the most common sites for cancers 
to metastasize. Therefore, the accurate imaging study of 
lung parenchyma is of clinical importance in preoperative 
staging and postoperative surveillance. Chest computed 
tomography (CT) is the most widely used modality for 
detecting pulmonary metastases, due to its high sensitivity; 
however, small metastases are often missed at the earliest 
CT scan and are detected in later CT scans (1). If they are 
detected at an earlier CT scan as smaller and fewer nodules 
without other distant metastases, some patients would have 
a window for different treatment options with better clinical 
outcome, such as undergoing a modified chemotherapy 
regimen, or would benefit from pulmonary metastasectomy. 
Careful selection of pulmonary metastasectomy improves 
survival rates in a variety of cancers, including colorectal 
cancer, renal cell carcinoma, breast cancer, otolaryngeal 
cancer, and uterine malignancies (2-8).

Several efforts have been attempted to improve the 
pulmonary nodule detection rate by using computer-
aided detection (CAD) (9-13). Deep learning-based CAD 
(DL-CAD) algorithms have recently demonstrated better 
performance than that of conventional CAD algorithms 
in detecting small pulmonary nodules on single CT 
images (14-17). However, in clinical practice, radiologists 
often assess nodules by comparing sequential CT 
scans. Specifically, detecting new nodules by comparing 
surveillance CT scans is crucial because they could 
potentially be metastases. Nevertheless, this process is 
a repetitive and time-consuming task that burdens the 
radiologists’ workload. Therefore, we hypothesized that 
artificial intelligence (AI)-based solutions capable of 
automatically assessing the appearance of new nodules with 
high accuracy would consistently assist radiologists in daily 
clinical practice. In a previous study (18), a novel algorithm 
to detect changes in sequential chest X-ray images was 
suggested. Based on this algorithm, we developed a new 
algorithm that can match nodules on CT images from 
different times, and we combined it with a commercially 
available DL-CAD. In the surveillance CT of patients with 

cancer whose baseline CT was metastasis-free, new nodules 
are highly likely to be metastases and knowing whether it 
is new or pre-existing helps classify nodules as a benign or 
metastatic nodule. In this setting, we expected that nodule-
matching algorithm could assist radiologists in the diagnosis 
of new pulmonary metastases by automatically categorizing 
CAD-detected nodules as new or pre-existing. Therefore, 
we aimed to evaluate the usefulness of our longitudinal 
nodule-matching algorithm in the CAD of new pulmonary 
metastases on cancer surveillance CT scans. We present 
this article in accordance with the STARD reporting 
checklist (available at https://qims.amegroups.com/article/
view/10.21037/qims-23-1174/rc).

Methods

Patient selection

The study was conducted in accordance with the 
Declaration of Helsinki (as revised in 2013). This 
retrospective study was approved by institutional review 
board of Seoul National University Bundang Hospital 
(IRB No. B-2109-709-103), and individual consent 
for this retrospective analysis was waived. We selected 
consecutive patients (n=403) who underwent pulmonary 
metastasectomy and whose metastases were pathologically 
confirmed between January 2014 and December 2018 at 
Seoul National University Bundang Hospital. Two thoracic 
radiologists (S.H.Y. and Junghoon Kim, with 3 and 6 years 
of post-training experience, respectively) independently 
reviewed the CT images and electronic medical records to 
identify visible but undiagnosed pulmonary metastases. Any 
disagreements were resolved by discussion and consensus 
with a third thoracic radiologist (K.W.L., with 25 years of 
experience). During the image review, patients with CT 
scans that could potentially interrupt the nodule detection 
process (e.g., inappropriate image quality, underlying 
lung disease such as severe interstitial lung disease or 
emphysema, and previous history of lung surgery) (n=51) 
and patients without missed pulmonary metastases (n=251) 
were excluded. Based on the original CT readings, we 
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excluded patients with CT scans in which pulmonary 
metastases were detected but misinterpreted as benign 
(n=11). Patients with pulmonary metastases on the first 
chest CT (n=31) were also excluded. Finally, 59 patients 
with 65 missed metastases on follow-up CT images were 
included (Figure 1). The time of the initial CT scan without 
pulmonary metastasis was designated as Time 1. The time 
when the pulmonary metastasis was visible in the follow-
up CT image but missed by the interpreting radiologist was 
designated as Time 2.

Image acquisition

CT images were obtained by using a 16-row multidetector 
CT scanner (Mx8000 IDT; Philips Healthcare, Andover, 
MA, USA), 64-row multidetector CT scanner [Brilliance 64 
and IQon Spectral CT by Philips Healthcare; SOMATOM 
Definition Edge by Siemens Healthineers (Erlangen, 
Germany)], or 256-row multidetector CT scanner (iCT 
256; Philips Healthcare). We used low-dose unenhanced 
CT images, which were acquired using a tube voltage of 
100–120 kVp and a maximal tube current-time product of 
30 mAs with dose modulation. Images were reconstructed 
using a slice thickness of 1 mm with an increment of 1 mm.

The CAD system and the longitudinal nodule-matching 
algorithm

The overall workflow of CAD analysis is shown in Figure 2. 
The nodule-matching CAD system employs two separate 
steps: nodule detection and longitudinal nodule matching.

Nodule detection was performed by using a commercially 
available DL-CAD (LuCAS; Monitor Corporation, Seoul, 
Korea), which employs convolutional neural network 
(CNN) models that have demonstrated high performance 
in relevant applications (19). The LuCAS system was 
trained on the Lung Image Database Consortium and 
Image Database Resource Initiative (LIDC/IDRI) database, 
a publicly available reference for the medical imaging 
research community. The LIDC/IDRI database contains 
chest CT scans of 1,018 patients, with annotations of 
benign and malignant lung nodules by four experienced 
radiologists (20). This commercially available DL-CAD 
was employed solely for nodule detection, and no additional 
training or modifications were performed specifically for 
this study. The details of the software system are provided 
in the supplementary appendix. The nodule detection 
algorithm (Figure 2A) takes three-dimensional (3D) lung 
CT images from Time 1 and Time 2 as the input to yield 

Figure 1 Patient selection. CT, computed tomography; CAD, computer-aided detection.
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a set of center coordinates for nodule candidates. The 
corresponding cubic patch images are then cropped around 
these center coordinates. In this study, the target nodule 
size was assumed to be 30 mm or less, and a cubic patch size 
of 48 mm was deemed suitable to cover the nodules.

In this study, we used a specialized longitudinal nodule-
matching algorithm (Figure 2B) from the same vendor as 
the DL-CAD algorithm. However, it was not commercially 
available, being exclusively intended for research purposes. 
The network architecture closely follows the structure of 
a previous study (18), with the key difference being the 
substitution of all two-dimensional (2D) operations with 
3D operations. Despite variations in input resolution, the 
network depth remains consistent because of the fully 
convolutional nature of the feature extractor in the original 
network. The only adjustment was adapting the number 
of nodes in the fully-connected layer that flattens the 
convolutional feature map for classification score calculation, 
thereby matching the previous output size. To develop 
the matching algorithm, 128 CT images from 34 patients 
were used with 28 images used for training, 3 images  
used for validation, and 3 images used for testing. Each 
patient had a minimum of two CT examinations: the 

positive set consisted of pairings of the identical nodule 
and the negative set consisted of combinations of different 
nodules found within the same patient. Interpatient 
combinations were not considered. A 3D patch image 
of 48 mm × 48 mm × 48 mm was extracted around the 
coordinates of the detected nodules. The algorithm takes 
two patch images from each time to extract feature maps 
through the squeeze and excitation network (21) and 
determines whether they represent the identical nodule. We 
utilized binary cross entropy as the loss function because 
the algorithm was inherently a binary classification task. 
The training process was conducted on a GPU machine 
(TITAN RTX 24GB; NVidia Corporation, Santa Clara, 
CA, USA), using a batch size of 32. We utilized the Adam 
optimizer with a learning rate of 0.001 and employed early 
stopping at the 30-epoch checkpoint where validation 
loss no longer decreased. In the test set, we achieved a 
sensitivity of 0.971 and specificity of 0.972, based on an 
optimal predefined threshold value of 0.126. Pairs with a 
matching score lower than the predefined threshold were 
excluded from consideration, and only pairs that exceeded 
the threshold were selected as matched pairs by using the 
maximum bipartite matching technique. A nodule patch at 

Figure 2 Workflow of the deep learning-based nodule detection and longitudinal matching algorithm. (A) The nodule detection model 
takes 3D lung CT images for Time 1 and Time 2 as the input to yield cubic patch images cropped around the nodule candidates. (B) The 
longitudinal matching model takes two patch images from the CT images at each time to extract feature maps and calculate a matching 
score. (C) Every possible matching score for pairs of detected nodule patch images was calculated and a pair with a score higher than a 
predefined threshold was considered a “match”. 3D, three-dimensional; CT, computed tomography. 
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Time 2 without a match at Time 1 was considered “new”; 
otherwise, it was considered “pre-existing” (Figure 2C).

Assessment of DL-CAD and nodule-matching results

Two radiologists (S.H.Y. and Junghoon Kim) independently 
reviewed the lesions that were detected using CAD at Time 
2. These lesions were marked on axial CT images (Figure 3)  
and viewed using a bui l t- in Digital  Imaging and 
Communications in Medicine (DICOM) viewer. Reviewers 
classified the lesions as “metastases”, “benign nodules”, or 
“non-nodules”, based on electronic medical records and 
follow-up CT images. Non-nodule lesions are lesions that 
are not actual nodules but are falsely detected as nodules. 
In cases of pulmonary metastases missed by DL-CAD, 
the reviewers manually registered them as nodules. The 
characteristics of all lesions (i.e., metastases, benign nodules, 
and non-nodules) were recorded, including the longest 
diameter, location, adjacent parenchymal abnormality, 
relationship to the pulmonary structures, and matching 
outcome to nodules detected at Time 1. The location of 
the nodule was presented in terms of lobar position and 
centrality. The bilateral upper and right middle lobes were 
classified as the upper lobes. A nodule located within the 
outer third of the lung was regarded as peripheral. Any 
lung parenchymal abnormality around the nodules was 
also assessed. Reviewers also recorded whether the lesion 
was in contact with adjacent structures such as the pleura, 
interlobar fissure, airway, blood vessels, or other structure. 
If the lesion was not attached to any structures, it was 
considered isolated.

To evaluate the nodule-matching results between the 
Time 1 and Time 2 CT images by using the longitudinal 
nodule-matching algorithm, reviewers could compare the 
two CT images on one screen. The DL-CAD showed 
matched pairs of nodules on Time 1 and Time 2 CT images, 
along with information about whether a nodule on the 
Time 2 CT image was new or pre-existing. The reviewers 
assessed the matching results and classified matching errors 
into three categories: (I) mismatching, when a nodule at 
Time 2 was falsely matched with a different nodule at 
Time 1; (II) detection failure, when a nodule at Time 2 was 
not matched with any nodule at Time 1 because the same 
nodule at Time 1 was not detected; and (III) matching 
failure, when the same nodules were correctly detected at 
Time 1 and Time 2, but not matched by the algorithm. Any 
disagreement during the review was resolved by consensus. 
The diagnostic performance of DL-CAD was analyzed with 

and without longitudinal nodule-matching. First, all nodule 
candidates on Time 2 CT image were regarded as metastasis 
candidates without nodule matching. Second, by using 
the longitudinal nodule-matching algorithm, pre-existing 
Time 2 nodules were regarded as benign and excluded from 
metastasis candidates. The metastasis candidates confirmed 
as metastases by the analyses with and without longitudinal 
comparisons were defined as true-metastasis candidates, 
whereas metastasis candidates not proven as metastases 
were considered false-metastasis candidates.

Statistical analysis

Logistic regression was used to assess whether the nodule 
size, location, parenchymal abnormality of the surrounding 
lungs, and relationship to the pulmonary structures were 
significant factors in successful nodule-matching between 
the Time 1 and Time 2 CT images. The diagnostic 
performances of the single-time and longitudinal analysis 
were assessed and compared using metastasis-based 
sensitivity, positive predictive value (PPV), and false-
metastasis candidates per scan. The McNemar test was 
performed for metastasis candidates per scan and false-
metastasis candidates per scan in the single-time and 
longitudinal analysis. The PPVs were compared by using 
the weighted generalized score statistic (22). The 95% 
confidence intervals for metastasis candidates per scan, false-
metastasis candidates per scan, sensitivity, and PPV were 
obtained from 5,000 bootstrap replications. All statistical 
tests were two-sided and statistical significance was set at 
P<0.05. Statistical calculations were performed using R 4.1.2 
(R Foundation for Statistical Computing, Vienna, Austria).

Results

Review of missed pulmonary metastases at Time 2

The imaging features and primary cancer type of the  
65 missed pulmonary metastases at Time 2 are in Table 1. 
The largest metastasis missed by the original interpreting 
radiologist was 9.6 mm.

CAD detection of lung nodules at Time 2

A total of 475 lesions were detected by DL-CAD. The 
lesions were classified as metastases (n=54), benign nodules 
(n=392), and non-nodules (n=29) after the radiologist review 
(Table 2).

Among the 65 missed metastases on Time 2 CT images, 
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Figure 3 Results of the longitudinal nodule-matching algorithm. (A) Successful matching: the same nodules detected at Time 2 (blue 
marking by CAD) and at Time 1 (yellow marking by CAD) are correctly matched. (B) Mismatching: a nodule at Time 2 (blue marking by 
CAD) is falsely matched with a different nodule at Time 1 (yellow marking by CAD). (C) Detection failure: a nodule detected at Time 2 
(blue marking by CAD) is not detected at Time 1 (white arrowhead) and is not matched. (D) Matching failure: the same nodule is detected 
at Time 2 (blue marking by CAD) and at Time 1 (yellow marking by CAD) but is not matched. CAD, computer-aided detection.
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DL-CAD detected 54 (83.1%) metastases (median longest 

diameter, 4.7 mm). The detection rates of metastases were 

not significantly different, whether the lesions were in the 

upper lobes (P>0.99), centrally located (P=0.8), or isolated 
from adjacent structures (P=0.9). DL-CAD detected 71% 
(5/7) of metastases that were less than 3 mm in diameter, 
83% (40/48) of metastases that were 3–6 mm in diameter, 
and 90% (9/10) of metastases that were 6 mm or larger. 
Multivariate logistic regression revealed that nodule size 
(P=0.049) was the only significant independent predictor 
of detection, after controlling for other nodule features  
(Table 3).

Non-nodules (n=29) consisted of vessels (n=24), tiny 
bronchioles (n=2), interlobular septum (n=1), osteophytes 
(n=1), and cardiac motion artifacts (n=1), which DL-CAD  
falsely detected as nodules. All non-nodules were considered 

Table 2 Nodules detected with deep learning-based computer-
aided detection at Time 2

Characteristics
Metastases 

(n=54)
Benign nodules 

(n=392)
Non-nodules 

(n=29)

Lobe

Upper 23 (42.6) 221 (56.4) 12 (41.4)

Lower 31 (57.4) 171 (43.6) 17 (58.6)

Location

Central 22 (40.7) 114 (29.1) 12 (41.4)

Peripheral 32 (59.3) 278 (70.9) 17 (58.6)

Isolated nodule

Yes 28 (51.9) 186 (47.4) 0 

No 26 (48.1) 206 (52.6) 29 (100.0)

Adjacent lung disease

Yes 0 24 (6.1) 0 

No 54 (100.0) 368 (93.9) 29 (100.0)

Diameter, mm 4.7 [3.7–5.4] 4.1 [3.2–5.4] 4.8 [2.9–7.1]

<3 5 (9.3) 77 (19.6) 8 (27.6)

3≤ to <6 40 (74.1) 248 (63.3) 11 (37.9)

≥6 9 (16.7) 67 (17.1) 10 (34.5)

Matching outcome

Success 54 (100.0) 256 (65.3) 0 

Error 0 136 (34.7) 29 (100.0)

Detection failures – 113 (83.1) 28 (96.6)

Mismatching 0 6 (4.4) 1 (3.4)

Matching failures – 17 (12.5) 0

Data are presented as n (%), or medians [interquartile ranges].

Table 1 Patients and pulmonary metastases characteristics 

Characteristics Value

Patients

Total number 59

Sex

Male 33 (55.9)

Female 26 (44.1)

Age (years) 67 [56.8–75]

Primary cancer types

Breast 6 (10.2)

Renal 6 (10.2)

Colorectal 33 (55.9)

Uterus 3 (5.1)

Sarcoma 9 (15.3)

Head and neck 2 (3.4)

Pulmonary metastases

Total number 65

Lobe

Upper 27 (41.5)

Lower 38 (58.5)

Location

Central 24 (36.9)

Peripheral 41 (63.1)

Isolated nodule

Yes 32 (49.2)

No 33 (50.8)

Adjacent lung disease

Yes 0 

No 65 (100.0)

Diameter, mm 4.4 [3.7–5.3]

<3 7 (10.8)

3≤ to <6 48 (73.8)

≥6 10 (15.4)

Data are presented as n (%), or medians [interquartile ranges]. 
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to be in contact with structures of their origin, after 
radiologist review.

Nodule matching between Time 1 and Time 2

The interval between Time 1 and Time 2 CT examinations 
ranged 84–2,266 days (median, 287 days). In the nodule-
matching analysis, the algorithm correctly identified all 54 
CAD-detected metastases as new lesions. Among the 392 
CAD-detected benign nodules, 63 nodules were confirmed 
as new nodules, and 329 nodules were determined to be 
pre-existing nodules, after radiologist review. Of the 63 new 
benign nodules, 61 (96.8%) nodules were correctly classified 
as new nodules, whereas the remaining two (3.2%) nodules 
were falsely classified as pre-existing nodules because of 
mismatching by the nodule-matching algorithm. For the 
117 new nodules detected with DL-CAD, which included 
new benign nodules and metastases, the nodule-matching 
algorithm correctly classified 115 (98.3%) nodules as new 
nodules.

Among the 329 pre-existing benign nodules, the nodule-
matching algorithm classified 199 (60.5%) nodules as pre-
existing. Among these, the nodule-matching algorithm 
correctly matched and identified 195 nodules as pre-
existing. Four nodules were classified as pre-existing, but 
incorrectly due to mismatching. The nodule-matching 
algorithm incorrectly classified the remaining 130 nodules 
as new nodules, which resulted from detection failure 
(n=113) and matching failure (n=17). All 29 non-nodules 
detected with DL-CAD were confirmed as pre-existing 

lesions via radiologist review. The nodule-matching 
algorithm incorrectly classified 28 of 29 non-nodules as new 
lesions because of detection failure. The algorithm classified 
one non-nodule as a pre-existing lesion, but this result 
was falsely attributed to mismatching. Of note, all non-
nodule lesions encountered matching errors in the nodule-
matching process. Finally, among the 358 pre-existing 
benign nodules and non-nodule lesions detected with DL-
CAD, the nodule-matching algorithm classified 200 (55.9%) 
lesions as pre-existing, with 195 (55.6%) lesions correctly 
classified without matching errors.

The nodule-matching algorithm yielded 165 matching 
errors, with most errors attributed to detection failures 
(n=141, 85.4%). Using multivariate logistic regression, 
contact with adjacent structures (P=0.018) and presence 
of adjacent parenchymal abnormalities (P=0.012) were 
significant independent predictors of matching error, after 
controlling for other nodule features (Table 4). The process 
of CAD detection and the classification of the lung nodules 
are shown in Figure 4.

We observed slight differences in the results when CT 
scanners at Time 1 and Time 2 were the same (n=213) or 
different (n=273) (Figures S1,S2). Considering any case with 
a matching error as an inaccurate classification, the accurate 
classification of new benign nodules was 100% (29 out of 29)  
when the same CT scanners were used and 94.1% (32 out 
of 34) when different CT scanners were employed. For pre-
existing benign nodules, the accurate classification rates 
were 65.0% (93 out of 143) and 54.8% (102 out of 186), 
respectively. For pre-existing non-nodules, the accurate 

Table 3 Predictors of detection in missed metastases

Variables
Univariate Multivariate

OR (95% CI) P value OR (95% CI) P value

Lobe (upper/lower)

Upper – –

Lower 0.77 (0.18, 2.87) 0.703 0.59 (0.13, 2.43) 0.474

Diameter 1.57 (0.94, 2.96) 0.126 2.09 (1.07, 4.77) 0.049

Location (central/peripheral)

Central – –

Peripheral 3.09 (0.71, 21.6) 0.173 2.63 (0.54, 19.9) 0.273

Contact with adjacent structures 0.53 (0.13, 1.97) 0.354 0.29 (0.05, 1.29) 0.116

Adjacent parenchymal abnormalities* N/A N/A N/A N/A

*, all cases of metastases have no adjacent parenchymal abnormalities. OR, odds ratio; CI, confidence interval; N/A, not applicable. 

https://cdn.amegroups.cn/static/public/QIMS-23-1174-Supplementary.pdf
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Table 4 Predictors of matching error

Variables
Univariate Multivariate

OR (95% CI) P value OR (95% CI) P value

Lobe (upper/lower)

Upper – –

Lower 0.78 (0.53, 1.14) 0.197 0.78 (0.53, 1.15) 0.218

Diameter 0.98 (0.90, 1.06) 0.632 0.94 (0.85, 1.03) 0.174

Location (central/peripheral)

Central – –

Peripheral 1.35 (0.90, 2.01) 0.143 1.36 (0.90, 2.05) 0.138

Contact with adjacent structures 1.49 (1.02, 2.19) 0.040 1.63 (1.09, 2.45) 0.018

Adjacent parenchymal abnormalities 2.41 (1.05, 5.61) 0.037 3.03 (1.28, 7.34) 0.012

OR, odds ratio; CI, confidence interval.

Figure 4 Classification results of DL-CAD detected nodules using nodule-matching algorithm. DL-CAD, deep learning-based computer-
aided detection.

Nodules detected by DL-CAD  
(n=475)

Reference standard

Classification by nodule-matching algorithm

False new metastasis candidate 
(n=219)

True new metastasis candidate 
(n=54)

Excluded new metastasis candidate (n=202)
Correctly classified without matching error (n=195)

Pre-existing  
(n=1) 

Mismatching (n=1)

New  
(n=28) 

Detection failure (n=28)

Pre-existing 
(n=199)

Mismatching (n=4)

New (n=130) 
Detection failure (n=113)

Matching failure (n=17)

Pre-existing  
(n=2)

Mismatching (n=2)

New  
(n=61)

New 
(n=54)

Pre-existing (n=29)Pre-existing (n=329)New (n=63)New (n=54)

Non-nodule (n=29)Benign nodule (n=392)
Metastasis (n=54) 

Undetected metastases by DL-CAD (n=11)



Yoon et al. Nodule-matching algorithm for pulmonary metastases diagnosis1502

© Quantitative Imaging in Medicine and Surgery. All rights reserved.   Quant Imaging Med Surg 2024;14(2):1493-1506 | https://dx.doi.org/10.21037/qims-23-1174

Table 5 Diagnostic performance of DL-CAD using single CT images and the nodule-matching algorithm

Variables Analysis of single CT image Analysis using the nodule-matching algorithm P value

Metastasis candidates per scan 8.1 (475/59) [5.9, 10.7] 4.6 (273/59) [3.3, 6.2] <0.001

False-metastasis candidates per scan 7.1 (421/59) [5.1, 9.6] 3.7 (219/59) [2.4, 5.2] <0.001

Sensitivity 83.1% (54/65) [73.9%, 92.3%] 83.1% (54/65) [73.9%, 92.3%] N/A

PPV 11.4% (54/475) [8.6%, 14.3%] 19.8% (54/273) [15.0%, 24.5%] <0.001

The numbers in square brackets are 95% CIs. P values were calculated by using the McNemar test for metastasis candidates per scan 
and false-metastasis candidates per scan, and by using a weighted generalised score statistic (18). DL-CAD, deep learning-based 
computer-aided detection; CT, computed tomography; N/A, not applicable; PPV, positive predictive value.

classification rates were 0% (0 out of 15) and 0% (0 out of 
14), respectively. The matching error rates were 30.5% (65 
out of 213) and 36.6% (100 out of 273), respectively. These 
differences were not statistically significant (all P>0.05).

Diagnostic performance of DL-CAD and the nodule-
matching algorithm for pulmonary metastases

Among the 421 benign lesions detected with DL-CAD, 
202 (48.0%) lesions were classified as pre-existing with the 
nodule-matching algorithm and were subsequently excluded 
from metastasis candidates. As a result, without any change 
in sensitivity, the number of false-metastasis candidates 
per CT scan significantly decreased by 47.9% (P<0.001) 
from 7.1 (95% CI: 5.1, 9.6) to 3.7 (95% CI: 2.4, 5.2), and 
the PPV increased significantly (P<0.001) from 11.4% 
(95% CI: 8.6%, 14.3%) to 19.8% (95% CI: 15.0%, 24.5%) 
through the utilization of the nodule-matching algorithm. 
The diagnostic performance of DL-CAD using single 
Time 2 CT images and the nodule-matching algorithm are 
compared and summarized in Table 5.

Discussion

In this study, we demonstrated the usefulness of a 
longitudinal nodule-matching algorithm in the diagnosis 
of new pulmonary metastasis by using DL-CAD. Among 
the new pulmonary metastases missed by the interpreting 
radiologists, DL-CAD detected 83.1% as nodules. The 
nodule-matching algorithm significantly reduced the 
number of false-metastasis candidates per scan by 47.9% 
while maintaining its sensitivity.

With technological advances, CAD is expected to assist 
radiologists in interpreting chest CT. Previous studies 
(14,15,23-26) have focused on improving the detection 
rate of nodule-detection algorithms while reducing false-

positive results. Recent studies have also explored using 
deep learning-based analysis on single chest CT scans to 
discriminate lung cancer from benign nodules (27-29), 
and proposed lung cancer prediction through longitudinal 
analysis (30). A critical objective of chest CT imaging is the 
detection of metastasis on cancer surveillance, in addition 
to its role in lung cancer diagnosis. We hypothesized 
that matching nodules between current and previous CT 
images could assist radiologists in classifying CAD-detected 
nodules on cancer surveillance CT scans. In particular, 
for patients without known pulmonary metastases, the 
identification of new nodules on serial chest CT scans 
becomes crucial because they may strongly indicate the 
presence of metastases. By automatically comparing CT 
images from different time points, new lesions can be 
easily differentiated from pre-existing lesions. In our study, 
we employed the nodule-matching algorithm to identify 
new pulmonary metastases that were overlooked by the 
interpreting radiologists. The results of our study suggest 
that the nodule-matching algorithm used in conjunction 
with DL-CAD would reduce the effort required to detect 
new pulmonary metastases.

With regard to the performance in detecting metastases, 
nodule size was the only significant independent predictor 
of detection (P<0.05), with larger nodules having higher 
detection rates. These findings align with those of previous 
studies focused on pulmonary nodule detection (31-34). 
The detection rate of DL-CAD for nodules smaller than 
3 mm was 71%, surpassing the range of 0–33% reported 
in one study (32) that utilized several CAD algorithms for 
detecting missed lung cancers. Chen et al. (1) reported 
2.66 mm as the mean size of a missed lung metastasis; 
when using this criterion, a high detection rate of DL-
CAD for nodules smaller than 3 mm would be expected to 
have significant clinical efficacy. In another study (34), a 
detection rate of 84.3% was reported for nodules smaller 
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than 5 mm, which aligns closely with our findings of 81.8% 
for nodules smaller than 6 mm.

The longitudinal nodule-matching algorithm classified 
55.9% (200/358) of pre-existing benign nodules and non-
nodules as pre-existing lesions. As a result, a significant 
reduction in the number of metastasis candidates was 
achieved, accompanied by a decrease in false-metastasis 
candidates per scan and a significant increase in the PPV 
(P<0.001). In addition, the occurrence of mismatching 
errors was minimal with only five (1.7%) cases indicating a 
low-risk misinterpreting metastases as benign. Our nodule-
matching algorithm remarkably resulted in no mismatch for 
metastases, thus minimizing adverse effect on the diagnosis 
of metastasis.

Among the matching errors encountered during the 
nodule detection and matching processes, most were 
specifically attributed to detection failures (85.5%) rather 
than to failures in the matching stage. This observation 
highlights the importance of addressing detection challenges 
in improving overall performance. Owing to the small 
size of the targeted lesions, the subtle differences arising 
from variations in CT machines and parameters between 
the Time 1 and Time 2 CT images likely contributed to 
the inconsistency in nodule detection. Minimizing these 
variations and ensuring a more standardized CT scan 
protocol are essential for achieving higher consistency 
in nodule detection and in reducing matching errors 
resulting from detection failures. However, when excluding 
the detection failures and focusing solely on the correct 
matching performance, our nodule-matching algorithm 
achieved a detection rate of 92.8% (310/334 nodules), 
which is superior or comparable with that reported in other 
relevant studies (35,36) that simply focused on the nodule-
matching process. Logistic regression analysis revealed that 
contact with adjacent structures (P=0.02) and the presence 
of adjacent parenchymal abnormalities (P=0.01) were 
significant independent predictors of matching error. These 
two factors are presumed to interfere with the detection 
process of DL-CAD, considering that detection failure was 
the major matching error in our study. A previous study (9)  
has also suggested that contact with normal anatomical 
structures lowers the CAD detection rate. This finding 
may explain why the nodule-matching algorithm failed to 
correctly match all 29 non-nodules (detection failure, n=28; 
mismatching, n=1). All non-nodules were in contact with 
adjacent structures because each lesion was a continuation 
of these structures. Because of this contact, distinguishing 
lesions from the background and determining whether they 

are actually nodules are difficult when using DL-CAD, 
which eventually leads to inconsistent detection. Achieving 
the precise detection of pulmonary nodules, regardless of 
adjacent structures and parenchymal changes, emerges as a 
critical factor in reducing matching errors and enhancing 
the overall performance of DL-CAD and the subsequent 
nodule-matching algorithm.

Our study had several limitations. First, this study 
included a relatively small number of metastases. Despite 
this limitation, DL-CAD with the nodule-matching 
algorithm demonstrated its usefulness in diagnosing new 
metastases, particularly in reducing the number of false-
metastasis candidates. Second, we did not include patients 
with underlying lung diseases such as severe interstitial lung 
disease and emphysema or a previous history of lung surgery. 
This decision was made to minimize potential interference 
of these conditions with our algorithm, especially the 
nodule detection process. To increase the clinical benefit, 
the nodule detection and matching algorithms should be 
trained and tested using the CT images of various patient 
groups with and without pulmonary parenchymal diseases. 
Third, we did not incorporate nodule size and volume 
change in differentiating benign and metastatic nodules. 
This decision was based on the small size of the missed 
metastatic nodules, which may introduce low reproducibility 
in the measurement of size and volume by DL-CAD. 
To effectively apply these changes in the classification of 
small pulmonary nodules on cancer surveillance CT scans, 
achieving higher reproducibility in measuring the size and 
volume of small nodules by DL-CAD is essential. As a 
consequence, in our study, we specifically focused on newly 
developed pulmonary metastases on surveillance CT scans 
with a metastasis-free baseline CT scan and incorporated 
the information of whether the nodules were new or pre-
existing into the classification process. We believe that 
this approach of targeting newly developed pulmonary 
metastases on surveillance CT scans can be applicable 
in a significant proportion of cancer surveillance cases. 
Finally, we did not consider the experience level of the 
original interpreting radiologists. However, this omission is 
unlikely to have introduced significant bias because missed 
metastases consistently exhibited small longest diameters 
(median, 4.4 mm; IQR, 3.7–5.3 mm).

In conclusion, DL-CAD detected new pulmonary 
metastases that were missed by interpreting radiologists 
with high sensitivity, and the nodule-matching algorithm 
significantly lowered the number of false-metastasis 
candidates without compromising the sensitivity of DL-
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CAD. The nodule-matching algorithm may potentially 
reduce radiologists’ workload by decreasing the number 
of false-metastasis candidates encountered during the 
computer-assisted interpretation of cancer surveillance 
chest CT scans.
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Figure S1 Classification results of DL-CAD detected nodules using nodule-matching algorithm (Same CT scanners at Time 1 and Time 2). 
DL-CAD, deep learning-based computer-aided detection.
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Figure S2 Classification results of DL-CAD detected nodules using nodule-matching algorithm (Different CT scanners at Time 1 and 
Time 2). DL-CAD, deep learning-based computer-aided detection.
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