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Detection of Subsolid Nodules in Lung Cancer Screening
Complementary Sensitivity of Visual Reading and Computer-Aided Diagnosis
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Objectives: The aim of this study was to compare computer-aided diagnosis
(CAD) and visual reading for the detection of subsolid nodules (SSNs) in volumetrl
measuremic low-dose computed tomography (LDCT) for lung cancer screening.
Materials and Methods: Prospective visual detection (VD) and manuaent of
SSNwere performed in the 2303 baseline volumetric LDCTs of theMulticenter
Italian Lung Detection trial. Baseline and 2- and 4-year LDCTs underwent retrospec-
tive CAD analysis, subsequently reviewed by 2 experienced thoracic radiologists.
The reference standard was defined by the cumulative number of SSNs detected
by any reading method between VD and CAD. The number of false-positive
CAD marks per scan (FPSSN/scan) was calculated. The positive predictive value
of CADwas quantified per nodule (PPVSSN) and per screenee (PPVScreenee). The
sensitivity and negative predictive value were compared between CAD and VD.
The longitudinal 3-time-point sensitivity of CAD was calculated in the subgroup
of persistent SSNs seen by VD (ratio between the prevalent SSNs detected by
CAD through 3 time points and the total number of persistent prevalent SSNs
detected by VD) to test the sensitivity of iterated CAD analysis during a screen-
ing program. Semiautomatic characteristics (diameter, volume, and mass; both
for whole nodule and solid component) were compared between SSN detected
CAD-only or VD-only to investigate whether either reading method could
suffer from specific sensitivity weakness related to SSN features. Semiautomatic
and manual diameters were compared using Spearman ρ correlation and Bland-
Altman plot.
Results: Computer-aided diagnosis and VD detected a total of 194 SSNs in
6.7% (155/2,303) of screenees at baseline LDCT. The CAD showed mean
FPSSN/scan of 0.26 (604/2,303); PPVSSN 22.5% (175/779) for any SSN, with
54.4% (37/68) for PSN and 19.4% for NSN (138/711; P < 0.001); PPVScreenee

25.6% (137/536). The sensitivity of CAD was superior to that of VD (88.4%
and 34.2%, P < 0.001), as well as negative predictive value (99.2% and
95.5%, P < 0.001). The longitudinal 3-time-point sensitivity of CAD was
87.5% (42/48). There was no influence of semiautomatic characteristics on
the performance of either reading method. The diameter of the solid component
in PSN was larger by CAD compared with manual measurement. At baseline,
CAD detected 3 of 4 SSNs, which were first overlooked by VD and subse-
quently evolved to lung cancer.
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Conclusions: Computer-aided diagnosis and VD as concurrent reading methods
showed complementary performance, with CAD having a higher sensitivity, es-
pecially for PSN, but requiring visual confirmation to reduce false-positive calls.
Computer-aided diagnosis and VD should be jointly used for LDCT reading to
reduce false-negatives of either lone method. The semiautomatic measurement
of solid core showed systematic shift toward a larger diameter, potentially
resulting in an up-shift within Lung CT Screening Reporting and Data
System classification.
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T he prognostic relevance of pulmonary subsolid nodules (SSNs) has
been unveiled and supported by lung cancer screening trials

throughout the last 20 years. Subsolid nodules are less frequent than
solid nodules but have a higher rate of malignancy (19%–79%).1,2Most
importantly, they represent early lung cancer stages and, mostly, slow-
growing tumors.3–5 In most lung cancer screening trials by low-dose
computed tomography (LDCT), a substantial proportion of cancer-
harboring SSNs were overlooked or misinterpreted (eg, bizarre
nonnodular shape and nodules too small to classify) by visual reading
at early rounds, albeit retrospectively visible.6,7

Within the work-up of lung cancer screening, computer-aided
diagnosis (CAD) systems are increasingly used to analyze volumetric
LDCT for detection of nodules, thereby increasing sensitivity and re-
ducing reading time.8–11 Computer-aided diagnosis was first devel-
oped and commercially available only for solid nodules, because the
importance of solid nodules for early lung cancer detection was well
known for decades. Furthermore, the development of software was
much more straightforward for solid nodules because the high attenu-
ation difference between solid nodule and surrounding lung paren-
chyma allowed for secure automatic border detection.9 Conversely,
detection of SSN is more challenging both by visual reading and
CAD analysis.

The relatively low attenuation difference and the less well de-
fined lesion margins are challenging for automatic detection by
density-based analytics.12 The introductory phantom-based investiga-
tions of CAD for detection of SSN13 were followed by validation on se-
lected subjects with visually detected SSN.14,15 This approach,
however, did not allow for evaluating whether CAD was able to detect
SSN overlooked by visual reading. To our knowledge, the performance
of CAD as concurrent reader for SSN has not been tested yet. These
data are needed in the perspective of large workloads deriving from
population-based lung cancer screening.

The objective of this study was, first, to compare the perfor-
mance between CAD and visual reading for the detection of SSN, using
the complete LDCT dataset of the Multicenter Italian Lung Detection
(MILD) lung cancer screening trial. Second, we aimed to quantify the
difference between semiautomatic and manual measurements for char-
acterization of SSN.
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MATERIALS AND METHODS

Population
This study was performed in the context of the MILD trial

(www.clinicaltrials.gov Identifier: NCT02837809), which was ap-
proved by the local institutional review board. Written informed con-
sent was obtained from all screenees at study entry and included
retrospective analysis of the prospectively acquired data. The present
study comprised all 2303 screenees randomized to the LDCT arm be-
tween September 2005 and January 2011 (mean age, 58.1 ± 5.9 years;
range, 49–78 years; 1570 men: mean age, 58.4 ± 5.9 years, range,
49–78 years; 733 women: mean age, 57.3 ± 5.9 years, range, 49–76
years).16 All volumetric LDCTs were performed using a 16-detector-
row computed tomography (CT) scanner (Siemens, Forchheim,
Germany) during 1 deep inspiratory breath-hold, with the following pa-
rameters: tube voltage 120 kV, tube current 30 mAs, collimation
0.75mm, pitch 1.5, rotation time 0.5 seconds, reconstructed slice thickness
1 mm, reconstruction increment 1 mm, medium-sharp kernel (B50f ),
and lung window (window width 1600 HU, window level −600 HU).17

Detection of SSN
Within the prospective execution of the screening trial, all base-

line LDCTs had been visually evaluated by 1 of the 7 screening radiol-
ogists (4–20 years of experience in reading thoracic CT) for detection of
SSN, including nonsolid nodules (NSNs) and part-solid nodules
(PSNs). No CAD was used for detection of SSN. These data will be re-
ferred to as VD (visual detection).

For the purpose of this study, an advanced lung screening work-
station with integrated CAD (CIRRUS Lung Screening, Nijmegen, the
Netherlands) was used to retrospectively read the LDCT scans of the
baseline, and 2 incidence rounds (2 and 4 years after baseline). The 2
incidence rounds were analyzed to investigate the ability of repeated
CAD analysis for postponed detection of persistent SSNmissed at base-
line. The used workstation is a prototype version of Veolity (MeVis
Medical Solutions AG, Bremen, Germany), which is a Food and Drug
Administration and European Community approved reading worksta-
tion for lung cancer screening scans. Beyond Veolity tools, the present
prototype of CAD software includes an algorithm for detection of SSN.18

All CADmarks were jointly reviewed by 2 experienced thoracic radiolo-
gists (8 and 11 years of experience in screening LDCT), who selected
CAD marks reflecting SSNs (TPSSN) and discarded false-positive CAD
marks (FPSSN). The 2 radiologists were blinded to the VD results. These
data will be referred to as CAD.

For data analysis, SSNs were categorized into (a) detected only
by CAD (CAD-only), (b) detected only by VD (VD-only), and (c) de-
tected by both CAD and VD.

Manual Measurement of Diameter
Manual measurements were obtained for each nodule detected

by VD, including whole nodule diameter (DManual) and solid com-
ponent (solidD

Manual, if present), according to the Fleischner Society rec-
ommendations for measuring pulmonary nodules at CT.19 The DManual

was calculated as the mean of the maximum nodule diameter and its or-
thogonal diameter by electronic calipers. In PSN, the solidD

Manual was
calculated as the maximum diameter of the solid component by
electronic caliper.

Semiautomatic Quantitative Analysis
The CAD software performed semiautomatic segmentation of

the SSN using predefined threshold density values, both for the whole
nodule outer borders of the non-solid component (threshold >−750HU)
and for the solid component (threshold >−300 HU).20

The initial segmentation was based on region growing with den-
sity thresholds optimized to LDCT features of SSN, followed by a
2 www.investigativeradiology.com
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dedicated sequence of morphological operations to remove adjacent
structures such as vessels and the pleural wall from the nodule. The
reviewing experienced thoracic radiologists could refine the SSN seg-
mentation by editing 2 parameters: (a) density threshold, which adjusts
the density thresholds of the algorithm, and (b) roundness versus irreg-
ularity, which determines the aggressiveness of the morphological oper-
ations.20 This procedure was applied to the whole SSN segmentation
and to the segmentation of the solid core (if present).

The quantitative measurement was performed for all SSNs, in-
cluding VD-only SSNs. The following semiautomatic parameters were
calculated: (a) effective diameter defined as the diameter of a geometri-
cal spherewith the segmented volume (DCAD inmm), (b) whole volume
(V in mm3), and (c) whole mass (M in mg).21 All 3 measures were ob-
tained separately also for the solid component, if present, namely, (d)
effective solid diameter (solidD

CAD in mm), (e) solid volume (solidV in
mm3), and (f) solid mass (solidM in mg).

The clinical value of differences between manual and semiauto-
matic quantitative measurement were tested according to Lung CT
Screening Reporting and Data System (Lung-RADS) scoring system.

Statistical Analysis
The size threshold for detection of SSN was set at 5 mm, accord-

ing to the histologic evidence that SSN above this size shows cancerous
potential.22 The reference standard was defined by the cumulative num-
ber of SSNs detected by any reading method between VD and CAD.

Visual Review of CAD Marks: Distribution of Positives
The distribution of true-positive (TP) and false-positive (FP)

CAD marks at baseline was analyzed using 3 methodological ap-
proaches, respectively, at the level of the nodule, the CT scan, and
the screenee.23

To quantify the nodule-wise performance, we calculated the pos-
itive predictive value for SSN (PPVSSN), defined as the ratio between
TPSSN and all CAD marks (TPSSN + FPSSN).

To quantify the scan-wise performance, we determined the mean
number of FPSSN per CT scan (FPSSN/scan), calculated as the ratio be-
tween the total number of FPSSN at baseline and the total number of
baseline scans (n = 2303).

To quantify the screenee-wise performance, we determined the
PPV per screenee (PPVScreenee) as the ratio between screenees with at
least 1 TP CAD mark and the total number of screenees with at least
1 CAD mark (TP or FP).

Detection of the Risk-Dominant SSN
In screenees showing 1 or several SSNs either by CAD or VD or

both, the risk-dominant SSN was defined as the SSN with the highest
rank by the Lung-RADS.24 Subsequently, the sensitivity (SENS) and
negative predictive value (NPV) of CAD and VD for the risk-
dominant nodule were calculated. The McNemar χ2 test was used to
test significance of differences.

The rate of agreement between CAD and VD results was calcu-
lated by Cohen κ coefficient (poor agreement, ≤0.2; fair, 0.2-0.4; mod-
erate, 0.4-0.6; good, 0.6-0.8; excellent, 0.8-1).25

To assess whether nodule type or nodule size had an impact on
the performance of either reading method on baseline performance,
we compared the semiautomatic parameters of CAD-only and
VD-only SSNs as determined by semiautomatic measurements. Signif-
icance of difference was tested using the Mann-WhitneyU test. Contin-
uous variables were reported as median and 25th and 75th percentile.

In the subgroup of persistent SSNs seen by VD, the longitudinal
3-time-point sensitivity of CAD was calculated as the ratio between the
SSN detected by CAD through the 3 time points (eg, through baseline,
2-year, and 4-year round) and the total number of persistent SSNs de-
tected by VD. This figure provides a close-to-reality simulation of
© 2018 Wolters Kluwer Health, Inc. All rights reserved.
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CAD performance in a longitudinal lung cancer screening program
with at least 3 time points.

Comparison of Semiautomatic and Manual Diameters
For SSNs detected by VD, the correlation between semiauto-

matic (eg, DCAD and solidD
CAD) and manual (eg, DManual and

solidD
Manual) diameters was tested by the Spearman ρ. The variability

between semiautomatic and manual diameters was tested by the
Bland-Altman plot. Systematic differences were reported as mean ±
SD. The absolute percentage error was reported as median with 95%
confidence interval (95% CI). The limits of agreement were reported
as lower and upper limit with their respective 95%CI. The rate of agree-
ment for Lung-RADS score between manual and semi-automatic mea-
surement was calculated by the weighted κ coefficient.25 The manual
measurement was used as reference to determine the category shift by
semiautomatic measurement.

Statistically significant difference was determined at P < 0.05.
The statistical analysis was performed by MedCalc Statistical Software
version 17.4 (MedCalc Software bvba, Ostend, Belgium; https://www.
medcalc.org; 2017).
RESULTS
A total of 194 SSNs were detected in 155 of 2303 (6.7%)

screenees at baseline, including CAD and VD findings; this amount
served as research reference standard. A total of 130 had a single
SSN and 25 screenees had multiple SSNs (median, 2 SSNs, range,
2–6 SSNs). Visual detection detected 72 of the 194 SSNs (37.1%),
and CAD detected 175 SSNs (90.2%); the segmentation was edited in
22 of 175 (13%) SSNs.

Visual Review of CAD Marks: Distribution of Positives
Per nodule, the PPV for SSNs was 22.5% (175/779), being sig-

nificantly higher for PSN (54.4%, 37/68) compared with NSN (19.4%,
138/711; P < 0.001).

Per scan, CAD showed a mean of 0.26 FPSSN/scan (604/2303).
In detail, 0.25 FP/scan was seen for NSN (573/2303) and only 0.01
FP/scan for PSN (31/2303).
TABLE 1. Risk-Dominant SSNs Detailed According to Method of Detecti

All SSNs

Total 155 (100%)
CAD-only 102 (65.8%)
CAD and VD 35 (22.6%)
VD-only 18 (11.6%)

S
CAD 88.4% (137/155)
VD 34.2% (53/155)
P <0.001

Negative
CAD 99.2% (2,148/2,166)
VD 95.5% (2,148/2,250)
P <0.001

The sensitivity and negative predictive value is compared between CAD and VD fo
dictive value of CAD are significantly higher compared with VD, for all SSNs and fo

CAD indicates computer-aided diagnosis; FN, false-negative; NSN, nonsolid nod
positive; VD, visual detection.
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Per screenee, CAD found 536 screenees with at least 1 SSN can-
didate, which were subsequently classified by visual review as 137 TPs
and 399 FPs. The PPVScreenee was 25.6% (137/536).

Detection of the Risk-Dominant SSN
The risk-dominant SSN was an NSN in 78% (121/155) of

screenees and a PSN in 22% (34/155) of screenees. Computer-aided di-
agnosis showed a significantly higher SENS (88.4%) and NPV (99.2%)
than VD (SENS, 34.2%, and NPV, 95.5%). The superior SENS and
NPV of CAD were true for both the NSN and, especially, the PSN.
Table 1 details SSNs according to method of detection, nodule density,
SENS, and NPV.

The overall agreement was only fair between CAD and VD for
the detection of SSNs (κ = 0.246, 95% CI, 0.135-0.357; P < 0.001).
Four SSNs were resected with a histological diagnosis of adenocarci-
noma (range of time from baseline LDCT to histological diagnosis
was 4 to 7 years); all of them were detected by CAD at baseline,
whereas only 1 had been visually seen at baseline.

Nodule type—NSNor PSN—was not a determinant of detection
failure by either method (P = 0.235). Semiautomatic quantitative pa-
rameters of whole nodule and solid core were not significantly different
between CAD-only and VD-only detected SSNs, with the limitation of
a small sample of VD-only PSN (n = 2; Table 2).

On baseline scan, CAD showed a sensitivity of 66% (35/53) in
the subgroup of SSNs seen by VD. From among SSNs seen by VD at
baseline, 48 of 53 (91%) were persistent and 5 of 53 (9%) were transient
at the following LDCT rounds. On longitudinally iterated CAD analy-
sis, 7 SSNs were detected by CAD at the 2-year (3 NSNs; Fig. 1) or
4-year round (4 NSNs; Fig. 2), whereas 6 were never detected by
CAD (5 NSNs and 1 PSN; Fig. 3). This lead to a longitudinal 3-time-
point sensitivity of 87.5% (42/48) for CAD in the subgroup of persistent
SSNs seen by VD. None of the 6 SSNs iteratively overlooked by CAD
evolved to lung cancer.

Comparison Between Semiautomatic and
Manual Diameters

In the 53 SSNs detected by VD, there was significant correlation
between DCAD and DManual (Spearman ρ = 0.752, 95% CI, 0.605–0.850;
on and Nodule Density

NSN PSN

Detection, N (%)
121 (100%) 34 (100%)
75 (62.0%) 27 (79.4%)
30 (24.8%) 5 (14.7%)
16 (13.2%) 2 (5.9%)

ensitivity, % (TP/TP + FN)
86.8% (105/121) 94.1% (32/34)
38% (46/121) 20.6% (7/34)

<0.001 <0.001

Predictive Value, % (TN/TN + FN)
99.3% (2,182/2,198) 99.9% (2,269/2,271)
96.7% (2,182/2,257) 98.8% (2,269/2,296)

<0.001 <0.001

r all nodules and in the subgroups of NSN and PSN. Sensitivity and negative pre-
r each of NSN and PSN.

ule; PSN, part-solid nodule; SSN, subsolid nodule; TN, true-negative; TP, true-
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TABLE 2. Semiautomatic Parameters According to Detection Method (either CAD-Only or VD-Only) of Risk-Dominant SSN

SSNs CAD-Only Detected SSNs VD-Only Detected SSNs

155 (100%) 102/155 (65.8%) 18/155 (11.6%) P

DCAD (mm) 7.2 (6.1–9.7) 7.2 (6.0–9.2) 8.0 (7.0–9.0) 0.252
V (mm3) 192.3 (120.9–477.2) 190.4 (114.1–407.0) 176.2 (119.6–623.2) 0.669
M (mg) 82.2 (49.5–208.4) 76.2 (51.4–184.0) 80.7 (39.2–189.9) 0.499

NSNs CAD-Only Detected NSNs VD-Only Detected NSNs

121/155 (78.1%) 75/121 (62.0%) 16/121 (13.2%)

DCAD (mm) 7.1 (6.1–9.4) 6.8 (6.0–8.9) 6.4 (6.1–11.1) 0.798
V (mm3) 189.2 (120.3–431.5) 167.9 (114.6–337.5) 137.9 (119.0–709.8) 0.739
M (mg) 76.3 (44.4–174.1) 71.6 (46.5–147.1) 51.6 (39.1–163.4) 0.515

PSNs CAD-Only Detected PSNs VD-Only Detected PSNs

34/155 (21.9%) 27/34 (79.4%) 2/34 (5.9%)

DCAD(mm) 8.2 (6.3–11.5) 7.8 (6.1–11.2) 8.9 (ND*) ND*
V (mm3) 288.7 (133.7–789.8) 253.3 (118.6–737.5) 374.7 (ND*) ND*
M (mg) 126.3 (66.7–353.1) 120.6 (58.5–324.7) 158.5 (ND*) ND*

solidD
CAD (mm) 4.2 (2.9–6.0) 4.0 (2.8–5.7) 3.8 (ND*) ND*

solidV (mm3) 39.2 (13.2–111.5) 33.6 (11.5–97.7) 30.3 (ND*) ND*

solidM (mg) 36.2 (12.1–102.4) 32.8 (10.5–92.3) 26.5 (ND*) ND*

Values are reported as median and 25th and 75th percentile.

*The VD-only detected group was extremely small (n = 2).

CAD indicates computer-aided diagnosis; ND, not defined; NSN, nonsolid nodule; PSN, part-solid nodule; SSN, subsolid nodule; VD, visual detection.
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P < 0.001; Fig. 4A). The comparison of DCAD and DManual showed a sys-
tematic difference of −0.55±1.9 mm corresponding to an absolute percent-
age error of 13.3% (95% CI, 10.5%–16.8%), the lower limit of agreement
was −4.4 mm (95% CI, −5.4 to −3.5), and the upper limit of agreement
3.3 mm (95% CI, 2.4–4.3). The Bland-Altman plot showed no net
overgoing or underrating of nodule size (P = 0.374; Fig. 4B).

In the subset of 7 PSNs detected by VD, there was no significant
correlation between solidD

CAD and solidD
Manual (Spearman ρ = 0.668,

95% CI, −0.171 to 0.945; P = 0.101; Fig. 5A). The comparison of
solidD

CAD and solidD
Manual showed a systematic difference of −1.6 ±

1.5 mm (range corresponding to an absolute percentage error of 24%
[95% CI, 5.9–47.4]), a lower limit of agreement of −4.5 mm (95%
CI, −6.9 to −2.1), and an upper limit of agreement 1.2 mm (95% CI,
−1.2 to 3.7). The Bland-Altman plot showed that the diameter of the
solid component in PSN was larger by CAD compared with manual
measurement (P = 0.026; Fig. 5B).
FIGURE 1. A–C, Axial noncontrast LDCT scan of persistent NSN detected by
Baseline LDCT (A) shows the NSN at the time of CAD overlooking. The 2-year
semiautomatic segmentation along with semiautomatic parameters (C—the o
mass doubling time; VDT, volume doubling time.
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The rate of agreement between semiautomatic and manual di-
ameters for Lung-RADS category was 94% (κ = 0.7523, 95% CI,
0.5753–0.9294; P < 0.0001). Lung-RADS category variation was
seen in 3 of 53 (6%) SSNs, all of them with category up-shift by semi-
automatic measurement (Table 3). In particular, all NSNs were the
same category by semiautomatic and manual measurement, whereas
rank up-shift happened by semiautomatic diameter in as many as 3 of
7 (43%) PSNs. With the limit of the small number of PSNs, the rate
of agreement for Lung-RADS category for PSN was 57% (κ = na).

DISCUSSION
Our results indicate that CAD had higher sensitivity than visual

reading (88.4%, 137/155 vs 34.2%, 53/155). As a consequence, CAD
found more screenees with SSN compared with the visual reading
(5.9%, 137/2,303 vs 2.3%, 53/2,303). In 3 screenees, adenocarcinoma
developed from SSN that had been originally missed by visual reading
VD at baseline and by CAD at the 2-year round (54-year old woman).
LDCT (B) shows the NSN at the time of CAD detection and its
range contour outlines the whole segmented volume). MDT indicates

© 2018 Wolters Kluwer Health, Inc. All rights reserved.
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FIGURE 2. A–D, Axial noncontrast LDCT scan of persistent NSN detected by VD at baseline and by CAD at the 4-year round (55-year old man).
Baseline (A) and 2-year (B) LDCTs show the NSN at the time of CAD overlooking. The 4-year LDCT (C) shows the NSN at the time of CAD detection
and its semi-automatic segmentation along with semi-automatic parameters (D—the orange line outlines the whole segmented volume. MDT,
mass doubling time; VDT, volume doubling time).
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on the baseline scan. The higher detection rate of CAD came at the cost
of 0.26 FP/scan.

On the other hand, CAD detected only 66% (35/53) of the SSNs
seen by VD, indicating that visual and computer-enhanced analysis are
complementary. Computer-aided diagnosis alone was found to be not
sufficiently accurate to replace additional visual analysis, even when
some of the SSNs missed in baseline scans were correctly detected in
follow-up scans.

A number of previous studies have analyzed the performance of
CAD for the detection of SSNs selected by visual reading.14,18,26–30 Re-
ported sensitivities ranged from 50% to 90% at the cost of 2 to 17 FP/
scan, including standard dose CT and LDCT. The CAD system tested
in our article had been previously evaluated by Jacobs et al,18 who
found a sensitivity of 80% at 1 FPSSN/scan in a selection of screenees
FIGURE 3. A–C, Axial noncontrast LDCT scan of persistent NSN detected only
Baseline (A), 2-year (B), and 4-year (C) LDCTs show the persistent NSN, which

© 2018 Wolters Kluwer Health, Inc. All rights reserved.
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with visually detected SSNs from the Dutch-Belgian Lung Cancer
Screening trial. Based on the free response receiver operating character-
istic, the authors reported a sensitivity of 60% at 0.25 FP/scan, which is
comparable with our results in the subgroup of SSNs reported by visual
reading (66% sensitivity at 0.26 FPSSN/scan). This balance between good
sensitivity and low FP rate is better than previous reports,14,18,26–29 and
selection algorithms are continuously developed for further reduction
of FP rate.31

Our results expand the current literature by reporting the large
amount of risk-dominant SSNs that were overlooked by visual reading
but detected by CAD analysis (102/155; namely, 65.8%). Previous
studies showed that the sensitivity of CAD is higher for PSN compared
with NSN on standard-dose CT.14,26 We confirm such performance
also on LDCT from an unselected screening population: almost 80%
by VD at baseline and repeatedly overlooked by CAD (57-year old man).
was overlooked by CAD.
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FIGURE 4. A–B, Scatter diagram of rank correlation (A) and Bland-Altman
plot (B) for comparison between DCAD and DManual.

FIGURE 5. A–B, Scatter diagram of rank correlation (A) and Bland-Altman
plot (B) for comparison between solidD

CAD and solidD
Manual.

Silva et al Investigative Radiology • Volume 00, Number 00, Month 2018

         
         
PSNs were detected only by CAD. This high capability of CAD to de-
tect PSN is remarkable in the context of lung cancer screening because
PSN is much more likely than NSN to harbor foci of stromal invasion
in asymptomatic adenocarcinoma22; hence, its detection is more
clinically relevant.

The performance of a CAD system is usually quantified as the
PPV, describing the proportion of TP CAD marks confirmed after vi-
sual review—either at the level of nodule or of screenee—compared
with all CAD marks. In a subpopulation from the Dutch-Belgian Lung
Cancer Screening trial (random selection of 400 screenees), Zhao et al8

described a nodule-wise PPVof 8.9% for any nodule and of 16.2% for
nodules 50 mm3 or bigger. However, the specific PPV for SSN has thus
far not been reported. In our study, CAD showed a PPVSSN of 22.5%
(175/779). Because SSN might be multiple in a single screenee, we
sought to report also the screenee-wise PPV for SSN. Noteworthy, the
screenee-wise approach is supported by the growing evidence that the
likelihood of lung cancer is proportional to the LDCT findings, and
screenees without any LDCT findings could be assigned to a longer
follow-up interval, for instance, biennial rounds to save radiation dose
and reduce harms, workload, and costs of screening.16,33 We report a
PPVScreenee of 25.6% (137/536); namely, about 3 of 4 screenees with
CAD mark were defined negative after visual review. These data sug-
gest that complementary visual review by radiologists is still mandatory
for differentiating true from FP CAD marks.
6 www.investigativeradiology.com
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In this study, multiple-time-point LDCTswere analyzed by CAD
for each screenee (baseline, 2-year, and 4-year LDCTs), similarly to ac-
tual lung cancer screening practice. This setting allowed for testing the
cumulative sensitivity of CAD in a longitudinal lung cancer screening
with at least 3 time points. Among the SSNs overlooked by CAD at
baseline, more than 50% of persistent SSN—namely, the prognostically
relevant SSNs—were detected by CAD at subsequent LDCTs, without
evidence of potential detrimental effect (eg, no interval cancer was seen
in these SSNs). In particular, CAD showed a longitudinal 3-time-point
sensitivity of 87.5%. Such findings need to be discussed within the con-
text of patient management and potential overdiagnosis. The latter has
been intensely debated for SSNs.34,35 In our series, CAD as concurrent
reader granted earlier detection of 3 of the 4 SSNs that grew into adeno-
carcinoma (Fig. 6); however, at the same time, it needs to be stated that
they were resected only several years after their first documentation,
without stage shift (data not reported). In the same context, it is conceiv-
able that reliable detection of SSN plays a more important role as a
general risk indicator rather than for the diagnosis of a slow growing
primary lung tumor itself.36,37

Semiautomatic parameters (eg, diameter, volume, and mass)
were not different in CAD-only and VD-only nodules in our study, in-
dicating that size did not influence the CAD detection performance.
Benzakoun et al14 reported an inverse relation between whole diameter
and CAD sensitivity; namely, the smaller the SSN, the higher the
© 2018 Wolters Kluwer Health, Inc. All rights reserved.
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TABLE 3. Lung-RADS Category as Determined Either by Manual or
Semi-automatic Measurement, and the Category Change

All SSNs
(n = 53)

NSN
(n = 46)

PSN
(n = 7)

Manual measurement
Category 2 46 (87%) 46 (100%) –
Category 3 7 (13%) – 7 (100%)
Category 4A – – –
Category 4B – – –

Semiautomatic measurement
Category 2 46 (87%) 46 (100%) –
Category 3 4 (8%) – 4 (57%)
Category 4A 2 (4%) – 2 (29%)
Category 4B 1 (2%) – 1 (14%)

Category change
No change 50 (94%) 46 (100%) 4 (57.1%)
Increase by semiautomatic
measurement

3 (6%) – 3 (42.9%)

Reduced by semiautomatic
measurement

– – –

The agreement was perfect for NSN. The category changed in 3 of 7 (43%)
PSNs, notably with 3 PSNs classified Category 3 by manual measurement, which
were upshifted to category 4A (n = 2) or 4B (n =1) by semiautomatic
measurement.

Lung-RADS indicates Lung CT Screening Reporting and Data System; NSN,
nonsolid nodule; PSN, part-solid nodule; SSN, subsolid nodule.

FIGURE 6. A–B, Axial noncontrast LDCT scan of a screenee with baseline NSN
Baseline LDCT shows multiple solid nodules (A–C) and an NSN (D), the latter
solid nodules (>5 solid nodules) might have played a role in the overlooking of
semiautomatic segmentation along with semiautomatic parameters (F—the o
contour outlines the solid core segmented volume); this nodule was resected w
time; VDT, volume doubling time).
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sensitivity of CAD. Yet, they highlighted that lowering the threshold of
whole diameter caused a relevant increase of FP per scan with debatable
clinical and prognostic implications.14 A recent public challenge on au-
tomatic nodule detection showed that deep learning-based systems can
outperform traditional CAD systems, so we expect that artificial intelli-
gence will allow for further improvement of diagnostic performance.32

The second objective of our study was to compare semiauto-
matic and manual measurements of SSN diameters. We report that
semiautomatic segmentation and manual measurement showed good
correlation for the whole SSN diameter; only trivial systematic differ-
ences were seen. In that respect, the prototypical CAD used in our study
seemed to be superior to previous reports that tested commercially
available software on standard dose CT data.14 Conversely, we observed
a low correlation between semiautomatic segmentation and manual
measurements of the solid component in PSN: CAD typically resulted
in a larger diameter of the solid core (Fig. 7). With the limit of the small
number of PSNs in our study, we observed a systematic shift toward a
larger solid core diameter by semiautomatic measurement, potentially
resulting in an up-shift classification according to Lung-RADS.24 How-
ever, it has to be noted that the lack of histological proof does not allow
for a final judgment of which method—manual or semiautomatic—
would have correlated better with the invasive component of the
tumor.38,39 Cohen et al39 reported that the histological measurement
of invasive component was associated with the modulation of density
threshold for the semiautomatic segmentation of solid core within
PSN. Furthermore, future studies should include comparison of histol-
ogy with more complex segmentation algorithms, such as machine
learning, especially for the separation of solid core from the surround-
ing subsolid component and adjacent solid structures (eg, vessels).40

Hence, CAD is suggested as concurrent or second reader for detection
detected by CAD and overlooked by VD at baseline (60-year-old man).
was detected by CAD and overlooked by VD. The presence of multiple
NSN by VD. The 4-year LDCT shows growth of NSN into a PSN (E) and its
range contour outlines the whole segmented volume and the yellow
ith diagnosis of adenocarcinoma (stage Ia). MDT indicates mass doubling
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FIGURE 7. A–B, Axial noncontrast LDCT scan showing difference in the measurement of solid core either by manual or semiautomatic method. The
manual measurement (A) of the diameter of solid core was 4 mm (red line; Lung-RADS category 3). The semiautomatic measurement (B) of the
diameter of solid core was 6.1 mm (yellow outline; Lung-RADS category 4A).
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of SSN in the routine reading, yet more histological confirmation is still
granted before its application to nodule measurement.

Our study suffers from some limitations. First, the relatively
small number of VD-only detected SSNs did not allow outlining a com-
prehensive signature of nodule features that are prone to CAD failure,
notably for PSN. The small number of this group eventually limited
the statistic power for such analysis. Second, all the LDCTs examined
were performed by the same CT scanner, with consistent acquisition
and reconstruction protocol. It should be noted that such ideal data feed-
ing is not realistic for long-term lung cancer screening (eg, 55 through
80 years of age) because CT scanners and reconstruction algorithms are
likely to be continuously updated. It is likely that performance of the
tested CADwill vary with CT scanner features and reconstruction algo-
rithms. Finally, the comparison of CAD with the cumulative visual per-
formance of 7 radiologists might be seen as a limitation because of the
inherent interobserver variability. On the other hand, this situation re-
flects the realistic screening scenario.

In conclusion, CAD provides complementary information to vi-
sual reading for the detection of SSN in volumetric LDCT for lung can-
cer screening. However, CAD marks require visual confirmation to
correct for FP calls. The association of CAD and visual reading leads
to optimal detection performance of SSN, especially of PSN. Further in-
vestigation is needed for segmentation of the solid component of PSN,
ideally with histological reference.
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