
© Quantitative Imaging in Medicine and Surgery. All rights reserved.   Quant Imaging Med Surg 2021;11(4):1134-1143 | http://dx.doi.org/10.21037/qims-20-630

Original Article

Artificial intelligence-based vessel suppression for detection of 
sub-solid nodules in lung cancer screening computed tomography 

Ramandeep Singh1,2, Mannudeep K. Kalra1,2, Fatemeh Homayounieh1,2, Chayanin Nitiwarangkul1,2,3,  
Shaunagh McDermott1,2, Brent P. Little1,2, Inga T. Lennes2,4, Jo-Anne O. Shepard1,2, Subba R. Digumarthy1,2 

1Division of Thoracic Imaging and Intervention, Massachusetts General Hospital, Boston, MA, USA; 2Harvard Medical School, Boston, MA, USA; 
3Division of Diagnostic Radiology, Department of Diagnostic and Therapeutic Radiology, Faculty of Medicine, Ramathibodi Hospital, Mahidol 

University, Ratchathewi, Bangkok, Thailand; 4Massachusetts General Hospital Cancer Center, Division of Thoracic Oncology, Massachusetts 

General Hospital, Boston, MA, USA 

Correspondence to: Dr. Subba R. Digumarthy, MD. Division of Thoracic Imaging and Intervention, Massachusetts General Hospital, 55 Fruit Street, 

Founders 202, Boston, MA 02114, USA. Email: sdigumarthy@mgh.harvard.edu.

Background: Lung cancer screening (LCS) with low-dose computed tomography (LDCT) helps early 
lung cancer detection, commonly presenting as small pulmonary nodules. Artificial intelligence (AI)-based 
vessel suppression (AI-VS) and automatic detection (AI-AD) algorithm can improve detection of subsolid 
nodules (SSNs) on LDCT. We assessed the impact of AI-VS and AI-AD in detection and classification of 
SSNs [ground-glass nodules (GGNs) and part-solid nodules (PSNs)], on LDCT performed for LCS.
Methods: Following regulatory approval, 123 LDCT examinations with sub-solid pulmonary nodules 
(average diameter ≥6 mm) were processed to generate three image series for each examination-unprocessed, 
AI-VS, and AI-AD series with annotated lung nodules. Two thoracic radiologists in consensus formed the 
standard of reference (SOR) for this study. Two other thoracic radiologists (R1 and R2; 5 and 10 years of 
experience in thoracic CT image interpretation) independently assessed the unprocessed images alone, then 
together with AI-VS series, and finally with AI-AD for detecting all ≥6 mm GGN and PSN. We performed 
receiver operator characteristics (ROC) and Cohen’s Kappa analyses for statistical analyses.
Results: On unprocessed images, R1 and R2 detected 232/310 nodules (R1: 114 GGN, 118 PSN) and 
255/310 nodules (R2: 122 GGN, 133 PSN), respectively (P>0.05). On AI-VS images, they detected 249/310 
nodules (119 GGN, 130 PSN) and 277/310 nodules (128 GGN, 149 PSN), respectively (P≥0.12). When 
compared to the SOR, accuracy (AUC) for detection of PSN on the AI-VS images (AUC 0.80–0.81) 
was greater than on the unprocessed images (AUC 0.70–0.76). AI-VS images enabled detection of solid 
components in five nodules deemed as GGN on the unprocessed images. Accuracy of AI-AD was lower than 
both the radiologists (AUC 0.60–0.72).
Conclusions: AI-VS improved the detection and classification of SSN into GGN and PSN on LDCT of 
the chest for the two radiologist (R1 and R2) readers.
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Introduction

Lung cancer screening (LCS) with low-dose computed 
tomography (LDCT) is based on the premise that 
detecting early lung cancer in eligible at-risk subjects 
reduces mortality (1-5). The U.S. Preventive Services 
Task Force recommended LCS for a high-risk population 
in 2013. The American College of Radiology (ACR) 
adopted Lung-RADS as a tool to standardize reporting and 
recommendations for nodules detected on LCS (6). Early 
lung cancers seen as small pulmonary nodules may be either 
solid or sub-solid in attenuation. Approximately 10–31% 
small lung nodules are not detected on standard CT, and 
there is increased detection with multiplanar reformats 
(MPR) and maximum intensity projection (MIP) images (7).

Artificial intelligence (AI)-based approaches help 
improve the detection of lung nodules and cancer on chest 
radiographs and CT (8-10). Previous CT studies have 
reported variable sensitivities (70–83%) and false-positive 
rates (3–9.6/scan) for evaluation of pulmonary nodules 
with computer-aided detection (CADe) and computer-
aided diagnosis (CADx) algorithms (7,11). CADe uses 
the recognition of image patterns to detect the presence 
of specific imaging findings, Whereas CADx analyzes 
radiographic findings to classify findings based on their 
imaging features (10) Recently introduced AI techniques use 
image segmentation, enhancement, feature extraction, and 
artificial neural networks to detect lung cancer from chest 
CT (12,13). Artificial neural network-based deep learning 
solutions have higher sensitivities (87–93%) and low false-
positive rates for the detection of pulmonary nodules on 
chest CT (14,15). 

Although most research has focused on the detection 
of solid pulmonary nodules, subsolid nodules (SSNs) are 
often more difficult to detect (16). SSNs, which include 
both ground-glass (GGNs) or part-solid (PSNs) nodules, 
have a higher likelihood of malignancy than solid nodules 
regardless of size (17). Lower attenuation makes the 
detection of these nodules difficult compared to solid 
nodules. Also, proximity to pulmonary vessels can also 
limit the detection of GGN or the identification of a solid 
component within PSN. We hypothesized that an AI-
based vessel suppression (AI-VS) and detection algorithm 
(ClearRead CT Vessel Suppression and Detect, Riverain 
TechnologiesTM) can improve detection of GGN and PSN 
on chest CT images. We assessed the effect of AI-VS and 
AI-based automatic detection (AI-AD) on the detection of 
GGN and PSN in LDCT.

Methods

Patients

This retrospective study included 123 adult patients  
(69 women and 54 men; mean age =63±6 years) who 
underwent LDCT of the chest in the National Lung Cancer 
Screening Trial (NLST) and had reported lung nodules. From 
the NLST database of eligible patients, a study co-investigator 
(R Singh, with 5 years of experience) selected the first  
125 patients with mixed attenuation or GGNs and 25 patients 
with no nodules. After excluding the chest CT with artifacts or 
which could not be processed by the software (n=27), the final 
dataset included 123 patients, 100 patients with SSNs (average 
diameter ≥6 mm (true positive) and less than 30mm), and  
23 patients with no true SSNs on their chest CT (true 
negative). For each dominant nodule, the Lung-RADS 
category was assigned per Lung-RADS 1.1 (https://www.acr.
org/-/media/ACR/Files/RADS/Lung-RADS/LungRADSAs
sessmentCategoriesv1-1.pdf) on standard CT images (Lung-
RADS 2: n=43; Lung-RADS 3: n=7; Lung-RADS 4A: n=50), 
and reassigned on AI-VS images. Neither the standard of 
reference (SOR) radiologists nor the test radiologists took 
part in the selection of these patients. The selected LDCT 
exams were not used in training or validation of the assessed AI 
software (ClearRead CT, RiverainTM Inc.). Figure 1 shows the 
flowchart for data collection. 

Patient demographics and radiology findings were recorded 
from the datasheets of NLST with encoded information 
on the attenuation, location, size (average dimension in 
millimeter), and helical slice location of the dominant lung 
nodule. Thin-section (1.2–2 mm) CT data were exported to an 
encrypted external portable hard drive for processing. 

AI algorithm

Details of the AI algorithm applied in our study can be 
obtained from the United States Patent application number 
US20150279034A1 (https://patentimages.storage.googleapis.
com/cd/f7/66/5b0fce93a2cadf/US20150279034A1.pdf. 
Accessed on January 6, 2020). We processed thin-section CT 
datasets for all the included 123 patients with a commercially 
available AI software (ClearRead CT software). The AI-
based software uses proprietary machine learning techniques 
to suppress the lung vessels (AI-VS without automatic 
nodule detection feature) without introducing artifacts to 
aid in nodule detection and without the need for maximum 
or minimum intensity projection images. In addition, the 
software also detects and annotates (AI-AD) the dominant 

https://patentimages.storage.googleapis.com/cd/f7/66/5b0fce93a2cadf/US20150279034A1.pdf
https://patentimages.storage.googleapis.com/cd/f7/66/5b0fce93a2cadf/US20150279034A1.pdf
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Figure 1 Flowchart shows the process of data collection and inclusion of study group. SOR, standard of reference.

pulmonary nodules, regardless of their attenuation (solid and 
SSN). The AI-AD displays the detected nodules with their 
boundary contours and information about their CT numbers 
(Hounsfield units), minimum and maximum dimensions, 
and volume. The software is approved for commercial 
use by the United States Food and Drug Administration 
(FDA). Processing of LDCT exams with the AI software 
resulted in three image series for each patient—baseline 
standard CT (without vessel suppression or auto-detect), 
AI-VS (with vessel suppression without automatic nodule 
detection feature), and AI-AD (with vessel suppression and 
autodetection of pulmonary nodules) image series.

Image interpretation

All image series were reviewed on a commercial DICOM 
viewer (ClearCanvas Inc., Toronto, Canada) in lung 
window settings (window width 1,500, window level −600). 
The radiologists could adjust the window level and width 

according to their individual preferences. Two experienced 
thoracic subspecialty radiologists (with 11 and 27 years of 
experience in thoracic imaging) reviewed all the image series 
for the selected 123 patients to create the ground truth or 
the SOR for presence, location (lobe and image number), 
average size of the dominant nodule [(maximum dimension 
of the nodule in mm + orthogonal dimension in mm)/2], and 
attenuation of GGN and PSN ≥6 mm in average diameter. 
The dominant nodule was defined as the single largest GGN 
or PSN in each CT scan. Both radiologists were requested 
to ignore the totally solid and calcified pulmonary nodules. 
The SOR readouts were conducted in consensus; both 
radiologists had access to all image types for interpretation, 
and the discrepancy in 7% (9/123) cases was resolved with 
adjudication by a separate radiologist with 17 years of 
experience in cancer imaging. Separately, two test radiologists 
(C Nitiwarangkul with 5 years, and S McDermott with  
10 years of thoracic CT experience) independently assessed 
each examination for the same attributes. Both test 
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radiologists were blinded to the SOR interpretation. Each 
test radiologist assessed the images for SSNs separately and 
was instructed not to share their experience or findings. First, 
the test radiologists evaluated the standard CT images for 
presence, location (lobe and image number), average size, 
and attenuation of GGN and PSN ≥6 mm in size. Then, 
they evaluated the AI-VS images for the same attributes. For 
comparison with the AI-AD images, five dominant nodules 
per exam were considered. The size of the dominant nodule 
and the solid component, if present, were also recorded. 
The methodology of our study was similar to previous 
reported works (8,17). Another study by Jacobs et al. on-
nodule detection using CAD had 4 test radiologists and one 
adjudicator for the results (18). The measurements were as 
per the criteria prescribed by Lung-RADS: the mean of two 
axes for the entire SSN, rounded to the nearest mm, and the 
long axis for the solid component (19). In a study, the mean 
radiologist’s interpretation time for chest CT without and 
with administration of intravenous iodinated contrast has 
been found 803 (±376 seconds) and 767 (±309 seconds) (20). 
We did not specifically assess the radiologist interpretation 
time for standard, AI-VS and AI-AD images. However, 
previous studies using the same algorithm have reported 
lesser interpretation time using AI-AD approach (15).  
Computer aided detection has shown to improve the 
radiologist’s efficiency and accuracy in lung nodule detection 
with minimal impact on interpretation time (21-23).

Statistical analyses

Data were recorded in Microsoft EXCEL worksheets 
(Microsoft Inc. 2016, Redmond, Washington, USA). 
Statistical analysis was performed using SPSS 24.0 (IBM 
SPSS Statistics Inc., Armonk, NY, USA). The area under 
the curve (AUC) of nodule detection by each test radiologist 
was calculated separately for GGNs and PSNs. The AUC 
was estimated from receiver operator characteristics (ROC) 
analyses to determine the AUC of the two test radiologists 
for the detection of total and dominant GGNs and PSNs. 
Since the AI-AD program detects up to five dominant 
nodules per CT examination, a stratified analysis was 
performed for which the detected nodules by SOR and test 
radiologists were capped at five dominant GGN and PSN 
per CT examination. Interobserver agreement between the 
two test radiologists was determined with Cohen’s Kappa 
analysis for the dominant nodule. Two tail Student’s t-test 
was used to determine statistical significance for detection 
of additional GGN and PSN. A P value of <0.05 was 

deemed statistically significant. Since the ROC is a non-
parametric test, we did not compare ROC analysis with two 
tail Student’s t-test. 

Results

Number of nodules

The two SOR radiologists detected 310 nodules (156 GGN 
and 154 PSN) in 100 chest CT examinations with the 
following distribution: no nodule (n=23 CT), one nodule 
(n=35 CT), 2 nodules (n=24), 3 nodules (n=6), 4 nodules 
(n=13), 5 nodules (n=5), 6 nodules (n=6), 7 nodules (n=3),  
10 nodules (n=1); 12 nodules (n=2), 16 nodules (n=1), and  
25 nodules (n=1). The two test radiologists detected  
232 nodules (R1: 114 GGN, 118 PSN) and 255 nodules (R2: 
122 GGN, 133 PSN) on the baseline, standard CT images 
(P values ≥0.08). Table 1 summarizes the respective accuracies 
for detection of GGN and PSN on standard CT images. 

On AI-VS images, the two test radiologists detected 249 
nodules (R1: 119 GGN, 130 PSN) and 277 nodules (R2: 
128 GGN, 149 PSN) (P≥0.12). R1 detected 17 additional 
nodules, including 5 GGN and 12 PSN, and R2 detected 
22 additional nodules, including 6 GGN and 16 PSN. 
Both test radiologists detected solid components in five 
PSN, which they had deemed as GGN on the standard CT 
images (Figure 2). The Lung-RADS category changed for 
five nodules from Lung-RADS 2 to Lung-RADS 4A. The 
average size of nodules correctly identified by AI-VS was 
12±5 mm for GGN and 15±7 mm for PSN. The average 
size of missed nodules by AI-VS was 9±2 mm for GGN 
and 8±2 mm for PSN. The respective accuracies for the 
detection of nodules on AI-VS images are shown in Table 1. 
All nodules detected on the standard CT images were also 
present on the AI-VS images. 

With the five dominant nodules per CT, SOR detected 
237 nodules (111 GGN and 126 PSN). AI-AD annotated 
113 (35 GGN, 78 PSN) nodules. In nine patients, AI-
AD detected no pulmonary nodules. There were 10 false-
positive nodules on AI-AD images (mediastinal fat 2, pleural 
thickening 1, airspace opacities 4, and focal atelectasis 3).  
The AUC, sensitivity, and specificity of AI-AD are 
summarized in Table 1.

Dominant nodules

The average sizes (± standard deviation) of dominant GGN 
and PSN were 12.7±5.0, and 15.7±7.0 mm, respectively. 
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The average size of the solid component in PSN was 9±5 mm. 
There was no change in the dominant nodules between 
the standard CT and the AI-VS image series (Figure 3).  
ROC generated AUC for detection of dominant nodules 
on standard CT images are depicted in Figure 4. There 
was a substantial interobserver agreement between the test 
radiologists (kappa =0.63).

AI-AD led to a significant change in the dominant 
nodule in 26 patients for both test radiologists (P<0.0001). 
For the same dominant nodule, the size estimated by the 
AI-AD was 12±3 mm and by SOR was 14±5 mm (P=0.02). 
The AUC, sensitivity, and specificity of the detection of 
dominant PSN and GGN are summarized in Figure 5.

Discussion

Our study demonstrates the superiority of AI-VS over 

standard CT images for the detection of GGN and PSN 
in LDCT for LCS. Both test radiologists detected more 
GGN and PSN on the AI-VS images. The test radiologists 
detected 7–9% additional nodules on the AI-VS images 
than on the standard CT images. Both test radiologists also 
achieved better detection of PSN among the SSNs (0.81 
AUC for R1 and 0.80 AUC for R2) compared to standard 
CT images (0.76 AUC for R1 and 0.70 AUC for R2). 

The improved detection of PSN with AI-VS likely 
resulted from improved identification of solid components 
within PSN from the removal of pulmonary vessels, which 
obscure pulmonary nodules on standard chest CT images. 
Though both the test radiologists detected additional GGN 
on the AI-VS images compared to standard CT images, the 
improvement did not reach statistical significance (P>0.05) 
since there were fewer additional GGN compared to PSN. 
The GGNs are often difficult to identify as these lesions are 

Table 1 Receiver operating characteristics showing the area under the curve (AUC with 95% confidence intervals), sensitivity, specificity, positive 
predictive value (PPV), negative predictive value (NPV) for the detected subsolid nodules (SSNs), ground glass nodules (GGNs) and part solid 
nodules (PSNs) on standard CT, processed AI-enabled vessel suppression (AI-VS) and automatic detection (AI-AD) chest CT images

Readers
AUC Sensitivity Specificity PPV NPV

SSN GGN PSN SSN GGN PSN SSN GGN PSN SSN GGN PSN SSN GGN PSN

R1

Standard CT 0.76 (0.71–0.79) 0.77 (0.71–0.83) 0.76 (0.69–0.82) 0.67 0.66 0.69 0.84 0.88 0.83 0.90 0.90 0.90 0.54 0.60 0.56

AI-VS 0.75 (0.70–0.79) 0.73 (0.66–0.79) 0.81 (0.74–0.86) 0.71 0.65 0.75 0.79 0.80 0.87 0.88 0.85 0.91 0.55 0.57 0.62

R2

Standard CT 0.70 (0.65–0.74) 0.73 (0.67–0.80) 0.70 (0.63–0.78) 0.69 0.68 0.71 0.71 0.80 0.69 0.84 0.85 0.83 0.51 0.58 0.53

AI-VS 0.72 (0.68–0.77) 0.72 (0.66–0.79) 0.80 (0.68–0.83) 0.75 0.69 0.77 0.69 0.77 0.83 0.85 0.84 0.85 0.56 0.59 0.65

AI-AD 0.71 (0.66–0.75) 0.60 (0.54–0.68) 0.72 (0.66–0.79) 0.58 0.29 0.52 0.82 0.91 0.92 0.88 0.97 0.96 0.48 0.46 0.47

B CA

Figure 2 A 54-year-old woman underwent LDCT of the chest for lung cancer screening. AI-VS image (B) helped identify the solid 
component associated with the PSN which was deemed as a GGN on the standard CT image (A). AI-AD image (C) annotated the nodule. 
LDCT, low-dose computed tomography; AI-VS, artificial Intelligence-based vessel suppression; AI-AD, artificial intelligence-based 
automatic detection; GGN, ground glass nodule; PSN, part-solid nodule.
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faint, and subtle density GGN can be missed on standard 
CT. While AI-VS subtracts the vessels and helps make the 
faint GGN, more conspicuous as also our readers did detect 
additional nodules, the subtle GGN in close proximity 
to the vessel can be affected with change in relative pixel 
attenuation during vessel suppression. However, in our 
study the size of missed nodule was smaller as compared to 
detected GGN. A previous study with this algorithm did 
not separately assess the AI-VS and the AI-AD images for 
nodule detection (15). 

All the Lung-RADS category determining lung nodules 
were identified on AI-VS images. However, AI-AD did 
not detect dominant nodules in 21% of patients. The 
performance of AI-AD was lower than the standard CT and 
AI-VS images (GGN AUC =0.60) and PSN AUC =0.72). 
These results are similar to the accuracy of 72.6% reported 
by Yuan et al. (17) as well as other studies with an accuracy 
of 54% of GGN and 72% of PSN (24). With the same AI-
AD algorithm, Lo et al. reported an improved AUC =0.69 
for the detection of all pulmonary nodules compared to 
the standard CT images (AUC =0.54) (15). Earlier studies 
have reported much lower sensitivities of 49% and 50% for 
GGN and PSN with other algorithms (25,26). 

 In our study, the false positive rate for AI-AD was 
9% and related to mislabeling of mediastinal fat, pleural 
thickening, airspace opacities, and focal atelectasis as 
pulmonary nodules. Two prior studies have reported a 
4–10% false-positive rate with CAD algorithms (27,28). In 
contrast to another study using the same algorithm (15) that 
did not have any false negatives, AI-AD in our study missed 
7% of SSNs. A possible explanation for this discrepancy is 
the inclusion of subtle GGN and PSN.

The primary implication of our study is that the use 
of AI-enabled subtraction of pulmonary vessels increased 
the detection of GGN and PSN. While most prior studies 
and AI algorithms focus on automatic detection of solid 
lung nodules (17,24,25), our study expands the role of AI 
to image processing (with vessel suppression) to improve 
lung nodule detection by interpreting radiologists, 
before the application of automatic detection feature. 
Another implication pertains to improved detection of 
solid components within PSN with AI-VS, which were 
otherwise labeled as GGN. This characterization of nodules 
can change the Lung-RADS category and impact the 
management of patients. In the five patients, the category 
changed from Lung-RADS 2 to Lung-RADS 4A after the 
identification of solid components that were previously 
labeled as GGN. Improved detection and classification of 
nodules into PSN and GGN with AI-VS lead to accurate 
Lung-RADS categorization of nodules. 

Although no dominant GGN or PSN was missed on the 
AI-VS images, 7% of non-dominant GGN and PSN were 
missed in our study. All missed nodules were smaller than 
the dominant nodules and did not impact the management 
of the patient or the Lung-RADS category. The miss rate 
for GGN and PSN in our study was similar to other studies 
(25,26). Further algorithm development and research are 
necessary to improve the automated detection of GGN and 
PSN on the LDCT of the chest. 

Our study has limitations. All interpreting radiologists in 
our study were subspecialty fellowship-trained radiologists 
with over 5 years of subspecialty experience. Our results, 
therefore, may underestimate the advantage of AI-VS, 
when compared to a non-subspecialty-trained or general 

B CA

Figure 3 A 63-year-old woman underwent LDCT of the chest for lung cancer screening. Transverse LDCT image in lung windows 
demonstrates dominant ground-glass nodule on the standard CT image (A) which was better delineated on the AI-VS image (B). The 
dominant GGN was also annotated on the AI-AD image (C). LDCT, low-dose computed tomography; AI-VS, artificial intelligence-based 
vessel suppression; AI-AD, artificial Intelligence-based automatic detection; GGN, ground glass nodule.
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Figure 4 The line graphs depict AUC (area under the curve for the ROC analyses) for detection of dominant GGN and PSN on the 
standard CT images. Sn, sensitivity; Sp, specificity; AUC, area under the curve; ROC, receiver operator characteristics; GGN, ground glass 
nodule; PSN, part-solid nodule; CT, computed tomography.

radiology practice. We did not compare the benefit of 
the AI-VS or AI-AD over the traditional non-AI based 
CADe algorithm or MIP images. Another limitation is the 
sequential review of images in our study from standard 
lung images to AI-VS and the AI-AD images, which may 
have affected the study results. Since there was no washout 
period between interpretation of baseline, AI-VS and AI-
AD images, there is a possibility of recall bias in our study. 
However, as noted from our results section, sequential 
interpretation of these images without washout did not lead 
to any bias since some nodules were missed on both AI-VS 

and AI-AD images. Also, consecutive interpretation is in 
line with the practice in most institutions where standard 
lung images are reviewed before the review of processed 
images. All radiologists in our study specifically tested 
the LDCT examinations for GGN and PSN without the 
distraction of other lung or thoracic findings. This may 
have led to relatively modest improvement in the detection 
of GGN and PSN with AI-VS as compared to the real-life, 
clinical interpretation of LDCT, where radiologists have 
a different interpretation pattern. Although not ideal, the 
targeted approach used in our study ensures that there is 
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Figure 5 The line graphs depict AUC (area under the curve for the ROC analyses) for detection of dominant GGN and PSN on AI-AD 
images. Sn, sensitivity; Sp, specificity; AUC, area under the curve; ROC, receiver operator characteristics; GGN, ground glass nodule; PSN, 
part-solid nodule; AI-AD, artificial Intelligence-based automatic detection.

no overestimation of the benefits of a detection algorithm, 
such as the AI-VS used in our study. We did not calculate 
the impact on image interpretation when AI-VS images are 
added to standard lung images. Reduction in interpretation 
time has been reported in prior studies using the same 
algorithm (13). The reason that we did not evaluate the 
radiologist’s image interpretation time was that we focused 
on the reader accuracy for detection of GGN and PSN 
using AI-VS and AI-AD images, and did not perform our 
study in a picture archiving and communication system 
(PACS) enabled monitor in an actual clinical workflow 
setting. Since the AI-AD feature detects only up to a 
maximum of five nodules per CT examination, it was not 
possible to estimate sensitivity for the detection of all 
lung nodules, if greater than five. Another limitation of 
our study is smaller sample size. We believe that adding 
more and diverse data from different datasets can impart 
better evaluation of the AI-VS and AI-AD. However, since 
this was a retrospective study done from NLST datasets, 
we were limited in our sample size. Since this was a 
retrospective research study done from NLST datasets and 
thus was limited in sample size with the images interpreted 
specifically by expert thoracic radiologists, we realized that 
the recall bias may not still be fully excluded, even with 
approaches which include intervening washout period and 
random combination and interpretation of standard, AI-VS 

and AI-AD images. Finally, 27/150 (18%) chest CT exams 
could not be processed with the AI algorithm since they had 
thicker sections and/or missing images in the downloaded 
datasets. We do not believe that these cases would have 
skewed or altered our study results. 

To conclude, the AI-assisted vessel suppression 
algorithm improved the detection of both GGN and PSN 
for both readers compared to standard CT images. The 
algorithm enabled more accurate categorization of SSNs 
and assignment of Lung-RADS category through better 
delineation of solid component.
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