
ORIGINAL RESEARCH • THORACIC IMAGING

A computer-aided detection (CAD) system applied to 
chest CT can detect actionable nodules as a second 

reader and help reduce missed nodules. Several studies 
have demonstrated the effectiveness of CAD, with im-
proved sensitivity for nodule detection even after double-
reading (1–4). Indeed, CAD detected 56%–70% of lung 
cancers missed by radiologists during lung cancer screen-
ing (2). Positive results for lung cancer screening with CT 
(5–7) have increased attention on the application of CAD 
to routine CT screening, particularly in terms of error re-
duction and work efficiency.

To date, CAD has focused on the detection of solid 
nodules because they can be an early finding of lung can-
cer, and the distinct differences between solid nodules 

and normal lung parenchyma enabled the development 
of the software. However, subsolid nodules (SSNs) are 
also clinically important because they show a higher rate 
of malignancy than solid nodules, with an incidence of 
SSNs at lung cancer screening of up to 9.4% (8–11). 
A limited number of studies have addressed the perfor-
mance of CAD on SSNs, with various results (12–15). 
Recently, Silva et al (14) found that CAD achieved a high 
sensitivity (88.4%) in the detection of SSNs (86.8% for 
nonsolid nodules and 94.1% for part-solid nodules) at 
low-dose screening CT, with 65.8% of risk-dominant 
SSNs (102 of 155) being detected only with CAD.

When CAD is applied to SSNs, CT section thickness 
is an important issue. At thick-section CT, the detection 
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Background: Studies on the optimal CT section thickness for detecting subsolid nodules (SSNs) with computer-aided detection 
(CAD) are lacking.

Purpose: To assess the effect of CT section thickness on CAD performance in the detection of SSNs and to investigate whether deep 
learning–based super-resolution algorithms for reducing CT section thickness can improve performance.

Materials and Methods: CT images obtained with 1-, 3-, and 5-mm-thick sections were obtained in patients who underwent surgery 
between March 2018 and December 2018. Patients with resected synchronous SSNs and those without SSNs (negative controls) 
were retrospectively evaluated. The SSNs, which ranged from 6 to 30 mm, were labeled ground-truth lesions. A deep learning–
based CAD system was applied to SSN detection on CT images of each section thickness and those converted from 3- and 5-mm 
section thickness into 1-mm section thickness by using the super-resolution algorithm. The CAD performance on each section 
thickness was evaluated and compared by using the jackknife alternative free response receiver operating characteristic figure of 
merit.

Results: A total of 308 patients (mean age 6 standard deviation, 62 years 6 10; 183 women) with 424 SSNs (310 part-solid and 
114 nonsolid nodules) and 182 patients without SSNs (mean age, 65 years 6 10; 97 men) were evaluated. The figures of merit dif-
fered across the three section thicknesses (0.92, 0.90, and 0.89 for 1, 3, and 5 mm, respectively; P = .04) and between 1- and 5-mm 
sections (P = .04). The figures of merit varied for nonsolid nodules (0.78, 0.72, and 0.66 for 1, 3, and 5 mm, respectively;  
P , .001) but not for part-solid nodules (range, 0.93–0.94; P = .76). The super-resolution algorithm improved CAD sensitivity on 
3- and 5-mm-thick sections (P = .02 for 3 mm, P , .001 for 5 mm).

Conclusion: Computer-aided detection (CAD) of subsolid nodules performed better at 1-mm section thickness CT than at 3- and 
5-mm section thickness CT, particularly with nonsolid nodules. Application of a super-resolution algorithm improved the sensitiv-
ity of CAD at 3- and 5-mm section thickness CT.
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multiple SSNs, up to seven SSNs were included, regardless of 
whether they were resected.

The exclusion criteria were recurrent tumor, history of neo-
adjuvant chemotherapy, severe lung parenchymal abnormalities, 
and poor CT scan quality. Patients who underwent resection of 
lung adenocarcinoma during the same period without any eli-
gible SSN were included in a control group.

CT Protocol
Chest CT scans were obtained with multidetector-row CT 
scanners from one vendor. The acquisition parameters were as 
follows: 120 kVp, 150–200 mA, pitch of 0.875–1, and col-
limation of 1–1.25 mm. Images were reconstructed by using 
a B50f kernel with section thickness of 1 mm and interval of 
1 mm, section thickness of 3 mm and interval of 3 mm, sec-
tion thickness of 3 mm and interval of 2.5 mm, and section 
thickness of 5 mm and interval of 5 mm. Contrast material en-
hancement was used in all patients. Images were reconstructed 
in axial, coronal, and sagittal planes (Appendix E1 [online]).

CAD System for Detection of SSNs
A commercial CAD software system (VUNO Med-LungCT 
AI, version 1.0.0; VUNO) was used for the detection of SSNs 
on CT images of each section thickness. The CAD system gen-
erated a 6 3 6-mm annotation on axial CT images and rated 
the probability of the annotated region being a true lesion on a 
continuous scale between 0 and 1.

A deep learning–based super-resolution algorithm for CT 
section reduction (16) was applied to the 3- and 5-mm CT im-
ages to convert them into 1-mm CT images (super-resolution 
of 3 mm and 5 mm, respectively). Then, the CAD was applied 
to the detection of SSNs on the converted images. Because the 
super-resolution algorithm was designed to generate images with 
1-mm-thick sections and 1-mm interval, it could not be applied 
to CT scans with 3-mm-thick sections and 2.5-mm interval.

Analysis of CAD Results
The initial ground-truth lesions were determined by two radi-
ologists who included patients for this study, referring to the 
original CT reading and pathology reports. Then, the CAD-
marked images were reviewed by one radiologist (W.K., with 
8 years of experience in chest radiology) according to the list 
of nodules with their sizes, locations, and nodule types. The 
CAD marks were considered true-positive findings when any 
part of a ground-truth lesion was within the annotation. If the 
CAD system depicted SSNs within the size criteria that had 
been overlooked by the radiologists, then they were added 
as ground-truth lesions. CAD marks other than true-positive 
results were classified as false-positive findings or lesions to 
be excluded from the analysis. Because the CAD system in 
this study was not developed to be specific for SSNs, solid 
nodules and other pathologic lesions manifesting as consoli-
dation or ground-glass opacity were not considered as a false-
positive finding and were therefore excluded.

In addition, image noise was measured and compared be-
tween the original and converted images (Appendix E1 [online], 
Table E1 [online]).

Abbreviations
CAD = computer-aided detection, SSN = subsolid nodule

Summary
Deep learning–based reduction in CT section thickness improved the 
sensitivity of computer-aided detection of subsolid nodules on thick-
section images.

Key Results
 n In a retrospective study of 490 patients, computer-aided detection 

(CAD) performance for subsolid nodules differed across three sec-
tion thicknesses (figure of merit, 0.92, 0.90, and 0.89 for 1, 3, and 
5 mm, respectively; P = .04).

 n CAD performance varied across section thicknesses for nonsolid 
nodules (figure of merit, 0.78, 0.72, and 0.66 for 1, 3, and 5 mm, 
respectively; P , .001) but not for part-solid nodules (figure of 
merit, 0.93–0.94; P = .76).

 n Deep learning–based reduction in CT section thickness improved 
the sensitivity of CAD on thick-section images (P , .001 to P = 
.02).

of SSNs can be hindered because of low contrast resolution of 
SSNs and partial volume averaging effects. Godoy et al (13) re-
ported the benefit of thin-section CT (0.67 or 1 mm for thin-
section CT vs 5 mm for thick-section CT) in the detection 
of SSNs. However, because 3- or 5-mm-thick CT images are 
usually reviewed in clinical practice, thin-section CT may 
not be available in every institution. If thin-section CT is 
required to obtain the best performance from CAD, then it 
may be worth using a deep learning–based super-resolution 
algorithm to reduce the CT section thickness, as adopted in 
a previous study (16). In addition, the actual merit of thin-
section CT over 3- or 5-mm CT in the detection of SSNs by 
recent CAD systems has not yet been sufficiently addressed.

Therefore, the purpose of this study was to assess the effect 
of CT section thickness on the performance of CAD for de-
tecting SSNs and to investigate whether deep learning–based 
super-resolution algorithms for reducing CT section thickness 
can improve performance.

Materials and Methods
Our institutional review board approved this retrospective 
study and waived the requirement for patient informed con-
sent. Patient overlap with a previous study is described in Ap-
pendix E1 (online).

Patients
We retrospectively searched the electronic medical records of 
our tertiary referral institution (Asan Medical Center) from 
March 2018 to December 2018 to identify patients who un-
derwent curative resection of lung adenocarcinoma. The pa-
tients in the SSN group were enrolled on the basis of the fol-
lowing criteria: (a) contrast-enhanced chest CT reconstructed 
with section thicknesses of 1, 3, and 5 mm; (b) an SSN at 
CT; and (c) mean nodule size between 6 mm or greater and 
3 cm or less. The nodule types were classified by two radiolo-
gists (K.H.D. and S.M.L., with 21 and 11 years of experience 
in chest radiology, respectively) in consensus. In patients with 
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Figure 1: Flow diagram of patient inclusion. SSN = subsolid nodule.

Table 1: Baseline Characteristics of Study Sample

Characteristic SSN Group (n = 308) Control Group (n = 182)
Age (y)* 62 6 10 (33–83) 65 6 10 (29–89)
Sex
 Men 125 (41) 97 (53)
 Women 183 (59) 85 (47)
Pathologic finding
 AAH 2 (0.5) …
 AIS 10 (2) …
 MIA 40 (9) 182 (100)
 IA 290 (68) …
 Not confirmed 82 (19) …
Nodule type
 Part-solid nodule 310 (73) …
 Nonsolid nodule 114 (27) …
Overall nodule size (mm)* 13.2 6 5.6 (6–30) …
Solid portion size (mm)* 8.4 6 7.5 (0–28) …
Location
 RUL 139 (33) …
 RML 22 (5) …
 RLL 90 (21) …
 LUL 101 (24) …
 LLL 69 (16) …
 RUL, RLL 2 (0.5) …
 LUL, LLL 1 (0.2) …

Note.—Except where indicated, data are numbers of patients, with percentages in parentheses. A total of 
424 SSNs from 308 patients were included as ground-truth lesions. AAH = atypical adenomatous hyperpla-
sia, AIS = adenocarcinoma in situ, IA = invasive adenocarcinoma, LLL = left lower lobe, LUL = left upper 
lobe, MIA = minimally invasive adenocarcinoma, RLL = right lower lobe, RML = right middle lobe, RUL = 
right upper lobe, SSN = subsolid nodule.
* Data are means 6 standard deviations, with ranges in parentheses.
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sensitivity, and false-positive values across different section thick-
nesses were performed with Bonferroni correction by multiply-
ing the P values by the number of comparisons.

Statistical analyses were performed by using R software (ver-
sion 3.6.1; https://www.r-project.org/). P , .05 was considered to 
indicate a statistically significant difference.

Results

Patient Characteristics
Of 763 patients who underwent curative resection of lung 
adenocarcinoma, 334 met the eligibility criteria. Of these 
334 patients, 26 were excluded because of recurrent tumor  
(n = 11), a history of neoadjuvant chemotherapy (n = 2), severe 
parenchymal abnormalities (n = 9), and poor CT quality (n = 
4) (Fig 1). This left 308 patents in the SSN group (mean age 
6 standard deviation, 62 years 6 10; age range, 33–83 years), 
consisting of 125 men and 183 women (Table 1). A total of 424 
SSNs from these 308 patients were included as ground-truth 

Statistical Analysis
The performance of the CAD system in the detection of SSNs 
on the three original section thickness CT scans (1, 3, and 5 
mm) and the two converted images (super resolution of 3 mm 
and 5 mm) was evaluated and compared by using jackknife al-
ternative free response receiver operating characteristic analysis 
(version 4.2.1; http://www.devchakraborty.com) on a per-lesion 
basis. The figure of merit, which is defined as the probability that 
a lesion is rated higher than the highest-rated nonlesion on nega-
tive control images (17), was calculated for each section thick-
ness and compared with the Dorfman-Berbaum-Metz method 
with Hillis improvements. The performance of the CAD system 
was assessed for all SSNs and according to nodule type (part-
solid nodules or nonsolid nodules) and size (1 cm or .1 cm).

Logistic regression with generalized estimating equations 
was used to compare sensitivities between the images obtained 
with different section thicknesses, and Poisson regression with 
generalized estimating equations was used to compare the false-
positive fractions. Pairwise comparisons of the figure of merit, 

Table 2: Sensitivities of CAD on CT Images with Different Section Thicknesses and Super-Resolution–converted Images

Nodule and  
Image Type

No. of  
Nodules

No. of TP  
Findings Sensitivity (%)*

Overall  
P Value

Pairwise Comparisons 

P Value P Value P Value P Value
All SSNs
 1 mm 424 390 92.0 (89.0, 94.2) ,.001† Reference
 3 mm 424 366 86.3 (82.7, 89.3) ,.001† Reference
 5 mm 424 336 79.2 (75.1, 82.8) ,.001† ,.001† Reference
 SR 3 mm 226 204 91.6 (88.0, 94.3)‡ ..99 .02† ,.001† Reference
 SR 5 mm 424 377 88.9 (85.6, 91.6) .04† .34 ,.001† .38
Nonsolid nodules
 1 mm 114 90 78.9 (70.5, 85.5) ,.001† Reference
 3 mm 114 69 60.5 (51.3, 69.1) ,.001† Reference
 5 mm 114 53 46.5 (37.6, 55.7) ,.001† ,.001† Reference
 SR 3 mm 64 48 78.6 (68.1, 86.3)‡ ..99 .006† ,.001† Reference
 SR 5 mm 114 79 69.3 (60.3, 77.1) .04† .23 ,.001† .19
Part-solid nodules
 1 mm 310 300 96.8 (94.1, 98.3) .007† Reference
 3 mm 310 297 95.8 (92.9, 97.5) ..99 Reference
 5 mm 310 283 91.3 (87.6, 94.0) .005† .01† Reference
 SR 3 mm 162 156 96.5 (93.3, 98.1)‡ ..99 ..99 .01† Reference
 SR 5 mm 310 298 96.1 (93.3, 97.8) ..99 ..99 .007† ..99
Nodule size 1 cm
 1 mm 149 122 81.9 (74.9, 87.3) ,.001† Reference
 3 mm 149 100 67.1 (59.2, 74.2) ,.001† Reference
 5 mm 149 80 53.7 (45.7, 61.5) ,.001† ,.001† Reference
 SR 3 mm 84 64 80.8 (71.8, 87.4)‡ ..99 .02† ,.001† Reference
 SR 5 mm 149 109 73.2 (65.5, 79.7) .006† .37 ,.001† .25

Note.—P values for pairwise comparisons were obtained by multiplying the original P values by 10 for Bonferroni correction. CAD = 
computer-aided detection, SR = super-resolution, SR 3 mm = images converted from original 3-mm section thickness, SR 5 mm = images 
converted from original 5-mm section thickness, SSN = subsolid nodule, TP = true-positive.
* Numbers in parentheses are 95% CIs.
† Statistically significant difference at a significance level of P , .05.
‡ The sensitivities on super-resolution 3-mm images were estimated by considering clustering effects caused by the lower number of images 
compared with the other section thicknesses.
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lesions. Of the 308 patients, 244 had one nodule, 39 had 
two nodules, 13 had three nodules, five had four nodules, 
one had five nodules, four had six nodules, and two had 
seven nodules. The mean nodule size was 13.2 mm 6 5.6 
(range, 6–30 mm), and the mean solid portion size was  
8.4 mm 6 7.5 (range, 0–28 mm). Of 342 resected SSNs, 
more than one SSN was resected in 27 patients (two SSNs 
in 22 patients, three SSNs in four patients, and five SSNs 
in one patient).

The control group (mean age, 65 years 6 10; age range, 29–
89 years) consisted of 97 men and 85 women. The mean interval 
between CT and surgery was 9 days 6 14 (median, 1 day; range, 
0–59 days) in the SSN group and 9 days 6 13 (median, 1 day; 
range, 0–55 days) in the control group.

Performance of the CAD System at CT with 1-, 3-, and 5-mm 
Section Thickness
On a per-lesion basis, the sensitivity of CAD for detecting SSNs 
was higher at 1-mm CT, with values of 92.0% (390 of 424 le-
sions), 86.3% (366 of 424 lesions), and 79.2% (336 of 424 
lesions) on 1-, 3-, and 5-mm images, respectively (P , .001 
for all pairwise comparisons) (Table 2). On a per-patient basis, 
CAD showed high sensitivity for detecting the largest resected 
SSN of each patient on images of all three section thicknesses 
(97.4% [300 of 308 patients], 95.8% [295 of 308 patients], 
and 93.2% [287 of 308 patients] for 1-, 3-, and 5-mm images, 
respectively; P = .01) (Fig 2). The false-positive fractions were 
higher at thinner-section CT (false-positive fraction, 1.1 [554 
lesions in 490 patients], 0.7 [341 lesions in 490 patients], and 
0.4 [205 lesions in 490 patients] for 1-, 3-, and 5-mm images, 
respectively; P , .001 for all pairwise comparisons).

In terms of nodule 
type, CAD detected most  
of the part-solid nod-
ules on 1- and 3-mm 
images (96.8% [300 of 
310 lesions] and 95.8% 
[297 of 310 lesions], re-
spectively; P . .99) but 
showed lower sensitiv-
ity for part-solid nod-
ules on 5-mm images 
(91.3% [283 of 310 le-
sions]; P = .005–.01). 
For nonsolid nodules, 
more distinct differences 
were shown across the 
different section thick-
nesses, with sensitivities 
of 78.9% (90 of 114 
lesions), 60.5% (69 of 
114 lesions), and 46.5% 
(53 of 114 lesions) for 
1, 3, and 5 mm, respec-
tively (P , .001 for  
all pairwise comparisons). 
Within the small nodules 

(1 cm), the sensitivity of CAD differed across the three sec-
tion thicknesses (81.9% [122 of 149 lesions], 67.1% [100 of 
149 lesions], and 53.7% [80 of 149 lesions] for 1, 3, and 5 
mm, respectively; P , .001 for all pairwise comparisons).

The figures of merit for 1-, 3-, and 5-mm CT images were 
0.92 (95% CI: 0.89, 0.94), 0.90 (95% CI: 0.88, 0.92), and 0.89 
(95% CI: 0.87, 0.92), respectively, differing across the three 
image sizes (P = .04) and for the pairwise comparison between 
1- and 5-mm images (P = .04) (Table 3, Fig 3). For nonsolid 
nodules, CAD performed best on 1-mm images, showing higher 
figures of merit than on 3- or 5-mm images (0.78, 0.72, and 
0.66 for 1, 3, and 5 mm, respectively; P = .03 for 1-mm vs 3-mm 
images; P , .001 for 1-mm vs 5-mm images), whereas the CAD 
performance for part-solid nodules was consistently high, with 
almost unvaried figures of merit (range, 0.93–0.94; P = .76). 
For small nodules (1 cm), CAD performed better on 1-mm 
images than on 5-mm images (figures of merit, 0.81 for 1 mm 
vs 0.71 for 5 mm; P , .001), although there was no difference 
between 1- and 3-mm images (figure of merit, 0.77; P = .11).

Performance of the CAD System on Images Converted with 
the Deep Learning–based Super-Resolution Algorithm
The super-resolution algorithm could be applied to the 
3-mm images in 158 of the 308 patients in the SSN group 
(226 SSNs; 64 nonsolid nodules and 162 part-solid nodules) 
and 79 of the 182 patients in the control group, whereas it 
could be applied to the 5-mm images in all cases except 
for four in the control group, for which it failed because of 
technical error.

After application of the super-resolution algorithm to the 
3-mm images, the sensitivities improved (range, 86.3% [366 of 

Figure 2: Images in a 57-year-old woman with a patho-
logically proven invasive adenocarcinoma in right upper lobe 
of lung. Axial contrast-enhanced CT scans obtained with (a) 
1-mm, (b) 3-mm, and (c) 5-mm section thickness show a 14-
mm well-defined part-solid nodule with an 8-mm solid portion in 
the right upper lobe (arrows). The nodule widely abuts and lies 
along the bronchovascular bundles. Computer-aided detec-
tion failed to depict the nodule on all three images.
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Table 3: JAFROC Figures of Merit for CAD Software on Differing CT Section Thicknesses

Nodule and Section Type Figure of Merit* Overall P Value

Pairwise Comparison

P Value P Value
All SSNs (308 patients, 424 nodules)
 1 mm 0.92 (0.89, 0.94) .04† Reference
 3 mm 0.90 (0.88, 0.92) .45 Reference
 5 mm 0.89 (0.87, 0.92) .04† .89
Nonsolid nodules (72 patients, 114 nodules)
 1 mm 0.78 (0.72, 0.84) ,.001† Reference
 3 mm 0.72 (0.65, 0.78) .03† Reference
 5 mm 0.66 (0.60, 0.73) ,.001† .09
Part-solid nodules (276 patients, 310 nodules)
 1 mm 0.94 (0.92, 0.96) .76 Reference
 3 mm 0.94 (0.92, 0.95) ..99 Reference
 5 mm 0.93 (0.91, 0.95) ..99 ..99
Nodule size 1 cm (99 patients, 149 nodules)
 1 mm 0.81 (0.76, 0.86) ,.001† Reference
 3 mm 0.77 (0.71, 0.82) .11 Reference
 5 mm 0.71 (0.65, 0.77) ,.001† .02†

Nodule size .1 cm (256 patients, 275 nodules)
 1 mm 0.94 (0.92, 0.96) .67 Reference
 3 mm 0.93 (0.92, 0.95) ..99 Reference
 5 mm 0.93 (0.91, 0.95) ..99 ..99

Note.—The number in the control group was 182 in all analyses. P values for pairwise comparisons were obtained by multiplying the 
original P values by 3 for Bonferroni correction. CAD = computer-aided detection, JAFROC = jackknife alternative receiver operating 
characteristic, SSN = subsolid nodule.
* Numbers in parentheses are 95% CIs.
† Statistically significant difference at a significance level of P , .05.

Figure 3: Jackknife alternative free response receiver operating characteristic 
curves for the computer-aided detection (CAD) of subsolid nodules (SSNs) on 
a per-lesion basis. CAD performance in the detection of all SSNs decreased as 
sections got thicker (figure of merit, 0.92 for 1-mm images, 0.90 for 3-mm images, 
and 0.89 for 5-mm images), differing across the images with the three section 
thicknesses (P = .04) and between the 1- and 5-mm images (P = .04).

424 lesions] to 91.6% [204 of 226 lesions]; P = .02) and were 
equivalent to that on the original 1-mm images (92.0% [390 
of 424 lesions]; P . .99). For the 5-mm images, the sensitivi-
ties also improved after application of the super-resolution algo-
rithm (range, 79.2% [326 of 424 lesions] to 88.9% [377 of 424 
lesions]; P , .001) (Fig 4), but a difference from the original 
1-mm images remained (P = .04). Notably, the false-positive 
fractions of the converted images were higher after the improve-
ment in sensitivity (from 0.7 [341 lesions in 490 patients] to 1.0 
[239 lesions in 237 patients] for super-resolution 3-mm images 
and from 0.4 [205 lesions in 490 patients] to 0.9 [451 lesions in 
486 patients] for super-resolution 5-mm images; P , .001 for 
both) (Fig 5; Table 4, Table E2 [online]).

The figure of merit for super-resolution 3-mm images was 
not higher than that for the original 3-mm images (0.91 [95% 
CI: 0.89, 0.94] vs 0.89 [95% CI: 0.86, 0.93], respectively; P = 
.61) but did approach that of the original 1-mm images (0.92 
[95% CI: 0.90, 0.95]; P . .99) (Table E3 [online]). More 
importantly, the figure of merit of the super-resolution 3-mm 
images (0.79 [95% CI: 0.71, 0.87]) improved to that of the 
original 1-mm images (0.79 [95% CI: 0.71, 0.87]) in nonsolid 
nodules, being higher than that of the original 3-mm images 
(0.69 [95% CI: 0.60, 0.79]; P = .04).

The figure of merit on the super-resolution 5-mm images 
was higher than that on the original 5-mm images (0.92 [95% 
CI: 0.90, 0.94] vs 0.89 [95% CI: 0.87, 0.92], respectively; P = 
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achieved only for non-
solid nodules (figures of 
merit, 0.78, 0.72, and 
0.66 for 1-, 3-, and 5-mm 
images, respectively; P , 
.001). CAD of part-solid 
nodules showed a simi-
lar performance (figures 
of merit, 0.93–0.94; P = 
.76), regardless of the sec-
tion thicknesses. There-
fore, our analyses indicate 
that the effect of section 
thickness was primarily 
on nonsolid nodules. This 
result can be explained 
by the fact that the solid 
portion within part-solid 
nodules plays a key role 
in their detection with 
CAD, and CT section 
thickness has less effect 
on the solid portion than 
on ground-glass opacity.

Despite the impor-
tance of thin-section CT 
in CAD performance, this 
modality requires greater 
storage and higher data 
traffic. Therefore, it may 
not always be available. To 
optimize CAD detection 
when only thick-section 
CT is available, we ad-

opted a super-resolution algorithm to convert thick-section im-
ages into thin-section images (16). The super-resolution algorithm 
improved the sensitivity of CAD on 3- and 5-mm images (range, 
86.3%–91.6% for 3-mm images [P = .02] and 79.2%–88.9% for 
5-mm images [P , .001]), especially for nonsolid nodules (range, 
60.5%–78.6% for 3-mm images [P = .006] and 46.5%–69.3% 
for 5-mm images [P , .001]). Even for part-solid nodules, which 
CAD detected with high sensitivity on both 1- and 3-mm images 
(96.8% and 95.8%, respectively), the super-resolution algorithm 
improved the sensitivity of CAD on 5-mm images (from 91.3% 
to 96.1%; P = .007). Of note, the false-positive fraction was higher 
as a result of applying the super-resolution algorithm and reached 
that of the original 1-mm image (1.0 and 0.9 for super-resolution 
3- and 5-mm images, respectively, vs 1.1 for the original 1-mm 
image). Some of the false-positive marks not generated on the 
original thick-section images but shown on the super-resolution 
3- or 5-mm images were identical to the false-positive marks on 
the 1-mm images. The reappearance of false-positive marks im-
plies that the algorithm-converted images were similar to the 
original 1-mm images. Although other aspects of this algorithm 
remain to be investigated, we believe that it has the potential to 
overcome some of the limitations of thick-section CT when thin-
section CT is not available. Nevertheless, it must be noted that 

.05), being equivalent to that on the original 1-mm images (0.92 
[95% CI: 0.89, 0.94]; P . .99) (Table E4 [online]). In the non-
solid nodules, the figure of merit of the super-resolution 5-mm 
images was higher than that of the original 5-mm images (0.75 
[95% CI: 0.68, 0.81] vs 0.66 [95% CI: 0.59, 0.73], respectively; 
P = .003).

Discussion
Few studies have reported on the optimal CT section thickness 
for detecting subsolid nodules (SSNs) with computer-aided de-
tection (CAD). In our study, we assessed the effect of CT sec-
tion thickness on CAD performance in the detection of SSNs 
and investigated whether deep learning–based super-resolution 
algorithms for reducing CT section thickness can improve per-
formance. Our results showed that the CAD performance for 
detecting SSNs was affected by CT section thickness, with the 
highest performance on 1-mm images (figure of merit, 0.92, 
0.90, and 0.89 for 1-, 3-, and 5-mm images, respectively; P = 
.04). When the deep learning–based super-resolution algorithm 
was applied to thick-section images, the sensitivity of CAD at 
3- and 5-mm CT was improved (P = .02 for 3-mm images; P 
, .001 for 5-mm images). In detail, the superior performance 
on 1-mm images in comparison with 3- and 5-mm images was 

Figure 4: Images in a 72-year-old woman with pathologically proven invasive adenocarcinoma in left upper lobe of lung. Axial 
contrast-enhanced CT scans obtained with (a) 1-mm-thick sections, (b) 5-mm-thick sections and images converted from original  
(c) 3-mm, and (d) 5-mm-thick sections after application of a super-resolution algorithm show a 16-mm well-defined part-solid 
nodule with a 5-mm solid portion in the left upper lobe. The solid portion of the nodule (arrows) is well defined on the 1-mm image 
(a) and not clearly delineated on the 5-mm image (b). The computer-aided detection (CAD) algorithm depicted the nodule on 1- 
and 3-mm images but missed it on the 5-mm image. After application of the super-resolution algorithm (c, d), the solid portion was 
retrieved, and CAD detected the nodule on both super-resolution 3- and 5-mm images.
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Table 4: False-Positive Fraction of CAD on CT Images of Different Section Thicknesses and Super-Resolution–converted Images

Section  
Thickness

No. of  
Patients

No. of FP  
Findings

FP  
Fraction* 

Group†

Overall  
P Value

Pairwise Comparison

1 2 3 4 P Value P Value P Value P Value
1 mm 490 554 1.1 (1.0, 1.3) 331 (59.7) 86 (15.6) 38 (6.9) 99 (17.9) ,.001‡ Reference … … …
3 mm 490 341 0.7 (0.6, 0.8) 193 (56.6) 48 (14.1) 32 (9.4) 68 (19.9) … ,.001‡ Reference … …
5 mm 490 205 0.4 (0.4, 0.5) 100 (48.8) 19 (9.3) 21 (10.2) 65 (31.7) … ,.001‡ ,.001‡ Reference …
SR 3 mm 237 239 1.0 (0.8, 1.2) 134 (56.1) 47 (19.7) 18 (7.5) 40 (16.7) … .08 ,.001‡ ,.001‡ Reference
SR 5 mm 486 451 0.9 (0.8, 1.1) 274 (60.8) 79 (17.5) 29 (6.4) 69 (15.3) … ,.001‡ ,.001‡ ,.001‡ ..99

Note.—The false-positive annotations were classified into four groups. Group 1 included sequelae, fibrosis, bronchiectasis, and/or atelecta-
sis; group 2 included dependent opacity; group 3 included endobronchial secretion and/or mucus plug; and group 4 included no correlate 
such as artifact. Percentages may not sum to 100 because of rounding. P values for pairwise comparisons were obtained by multiplying the 
original P values by 10 for Bonferroni correction. CAD = computer-aided detection, FP = false-positive, SR = super-resolution, SR 3 mm = 
images converted from original 3-mm section thickness, SR 5 mm = images converted from original 5-mm section thickness.
* Numbers in parentheses are 95% CIs.
† Data are numbers of false-positive findings, with percentages in parentheses.
‡ Statistically significant difference at a significance level of P , .05.

Figure 5: Images in a 29-year-old woman with subsegmental atelectasis in the left lower lobe 
of the lung as a false-positive finding detected by computer-aided detection (CAD). (a–c) Axial 
contrast-enhanced CT scans obtained with 1-mm (a), 5-mm (b), and super-resolution 5-mm (c) 
sections show a nodular lesion in the subpleural area of the left lower lobe, mimicking a part-solid 
nodule (arrow). The CAD algorithm marked the lesion on the 1-mm image but not the 5-mm im-
age. (d) Coronal contrast-enhanced CT scan with 1-mm-thick sections shows that the lesion is 
linear subsegmental atelectasis (arrow); thus, the mark on the 1-mm image was regarded as a 
false-positive finding. Of note, the CAD algorithm marked the lesion on the super-resolution 5-mm 
image, as it did on 1-mm image.

the super-resolution 5-mm images were still suboptimal compared 
with the 1-mm images in terms of the sensitivity for nonsolid 
nodules.

Although the deep learning–based CAD in our study dem-
onstrated a high level of performance (sensitivity of 92.0% and 
false-positive fraction of 1.1 on 1-mm images) compared with 

previous CAD systems (sensitivity, 80%–88.4%; false-positive 
fraction, 0.3–3.0) (13–15), the false-positive fraction was still 
not satisfactory. Substantial numbers of false-positive findings 
were located at the borders between two structures (ie, the bor-
der between lung parenchyma and pleura). The false-negative 
lesions included nodules with considerable size but manifesting 
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as faint ground-glass opacity. In addition, nodules lying along 
bronchovascular bundles were also prone to be missed by the 
CAD. These weaknesses of the current CAD system may be re-
duced by reinforcing the learning of errors.

Our study had several limitations. First, we report only on the 
performance of the CAD system alone, and uncertainty remains 
as to how readers and the CAD system will interact in clinical 
practice. Second, the super-resolution algorithm was not applied 
to the entire study sample. A prerequisite for applying the algo-
rithm is the same section thickness and interval, which may limit 
its wider application. In addition, solid nodules were not analyzed. 
Because SSNs are more affected by partial volume averaging ef-
fects, we focused on the detection of SSNs. Considering the high 
performance for part-solid nodules, we expect that solid nodules 
will also be reliably detected on the best settings for SSNs. The role 
of different CT hardware vendors on the utility of the CAD and 
this deep learning super-resolution method was also not explored.

In conclusion, computer-aided detection (CAD) of subsolid 
nodules performed better at thin-section CT than at thick-
section CT, particularly for nonsolid nodules. The sensitivity 
of CAD on thick-section CT was improved by applying a deep 
learning–based algorithm. Refinement of CAD, particularly in 
the reduction of false-positive findings, and its use in conjunc-
tion with an observer are warranted.
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