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A Subsolid Nodules Imaging Reporting System
(SSN-IRS) for Classifying 3 Subtypes of

Pulmonary Adenocarcinoma

Xiaonan Cui, " Marjolein A. Heuvelmans,>* Shuxuan Fan,' Daiwei Han,>
Sunyi Zheng,5 Yihui Du,’ Yingru Zhao,’ Grigory Sidorenkov,’ Harry ].M. Groen,®
Monique D. Dorrius,” Matthijs Oudkerk,”® Geertruida H. de Bock,”
Rozemarijn Vliegenthart,2 Zhaoxiang Ye!

Abstract

It is essential to identify the subsolid nodules subtype preoperatively to select the optimal treatment algorithm.
We developed and validated an imaging reporting system using a classification and regression tree model that
based on computed tomography imaging characteristics (291 cases in training group, 146 cases in testing
group). The model showed high sensitivity and accuracy of classification. Our model can help clinicians to
make follow-up recommendations or decisions for surgery for clinical patients with a subsolid nodule.
Objectives: To develop an imaging reporting system for the classification of 3 adenocarcinoma subtypes of computed
tomography (CT)-detected subsolid pulmonary nodules (SSNs) in clinical patients. Methods: Between November
2011 and October 2017, 437 pathologically confirmed SSNs were retrospectively identified. SSNs were randomly
divided 2:1 into a training group (291 cases) and a testing group (146 cases). CT-imaging characteristics were
analyzed using multinomial univariable and multivariable logistic regression analysis to identify discriminating factors
for the 3 adenocarcinoma subtypes (pre-invasive lesions, minimally invasive adenocarcinoma, and invasive adeno-
carcinoma). These factors were used to develop a classification and regression tree model. Finally, an SSN Imaging
Reporting System (SSN-IRS) was constructed based on the optimized classification model. For validation, the clas-
sification performance was evaluated in the testing group. Results: Of the CT-derived characteristics of SSNs,
qualitative density (nonsolid or part-solid), core (non-core or core), semantic features (pleural indentation, vacuole sign,
vascular invasion), and diameter of solid component (<6 mm or =6 mm), were the most important factors for the SSN-
IRS. The total sensitivity, specificity, and diagnostic accuracy of the SSN-IRS was 89.0% (95% confidence interval
[Cl], 84.89%6-92.4%), 74.6% (95% ClI, 70.8%-78.1%), and 79.4% (95% ClI, 76.5%-82.0%) in the training group and
84.9% (95% CI, 78.1%-90.3%), 68.5% (95% ClI, 62.8%-73.8%), and 74.0% (95% CI, 69.6%-78.0%) in the testing
group, respectively. Conclusions: The SSN-IRS can classify 3 adenocarcinoma subtypes using CT-based charac-
teristics of subsolid pulmonary nodules. This classification tool can help clinicians to make follow-up recommenda-
tions or decisions for surgery in clinical patients with SSNs.

Clinical Lung Cancer, Vol. 21, No. 4, 314-25 © 2020 The Author(s). Published by Elsevier Inc. This is an open access article
under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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Introduction

The inereased utilization of chest computed tomography (CT)
examinations, especially in low-dose CT lung cancer screening
programs, has improved our awareness of subsolid nodules
(SSNs). SSNs include nonsolid nodules (synonymous with pure
ground-glass nodules) and part-solid nodules.! Persistent SSNs,
in particular, part-solid nodules are likely to be malignant and are
usually considered to be carly stages of primary lung adenocar-
cinoma. Lung adenocarcinoma is divided into pre-invasive lesions
(PLs) (consisting of atypical adenomatous hyperplasia [AAH] and
adenocarcinoma-in-situ  [AlS]), minimally invasive adenocarci-
noma (MIA), and invasive adenocarcinoma (IA).? In 2018, the
Eighth Edition Lung Cancer Stage Classification (8th TNM)
classified AIS as Tis and MIA as T1a(mi).” This is the first time
that MIA has been treated as a separate category in the TNM
system. Patients with SSNs can benefit from the early classifica-
tion of nodule invasiveness because patients with MIA are good
candidates for sublobar resection with nearly 100% overall sur-
vival,”” whereas 1A usually requires lobectomy and lymph node
dissection.”” PLs, on the other hand, often grow slowly and can
be managed by CT follow-up instead of resection until signs of
invasiveness occur.” '” Therefore, it is essential to identify the
adenocarcinoma subtype preoperatively to select the optimal
treatment algorithm. Several studies have shown the discrimina-
tory power of radiological characteristics to assess the probability
of invasiveness in pulmonary SSNs. CT features like nodule size,
solid proportion, CT' attenuation, vascular convergence sign,
pleural indentation sign, and air-bronchogram sign are considered
important factors.' "% However, the previous studies only used a
binary classifier (PLs [AAH, ALS, MIA] vs. IA; or [AAH, AIS] vs.
[MIA, IA]), without recognizing the importance of separate MIA
classification.

In this study, we developed a classification model based on CT
features of SSNs with histologic information, using a classification
and regression tree (CART) to distinguish the 3 adenocarcinoma

subtypes.

Materials and Methods
Patients

The institutional review board waived the need for informed
consent because of its retrospective design and the use of ano-
nymized data. From November 2011 to October 2017, in 7785
patients at Tianjin Medical University Cancer Institute and
Hospital, a pulmonary nodule was surgically resected and
confirmed by postoperative histopathological specimens to be
AAH, AIS, MIA, or IA. Inclusion criteria for this study were as
follows: (1) pathology report with diagnosis of lung adenocarci-
noma; (2) preoperative thin-section CT' images within 1 month
before surgery in the Picture Archiving and Communication
System (PACS); and (3) SSNs on CT5 lesions were viewed in CT
lung window setting, with evaluation of a potendal solid
component in mediastinal window setting. We excluded 6918
solid nodule cases and 430 patients without available preoperative
CT images.

CT Examination

Noncontrast chest C1' examinations were conducted using a
Discovery CT 750 HD (GE Medical Systems, Milwaukee, WI),
Lightspeed 16 (GE Medical Systems), or Somatom Sensation 64
(Siemens Medical Solutions, Forchheim, Germany) CT' system.
The scan range was from pulmonary apex level to below the dia-
phragm. The scanning protocol was as follows: tube voltage 120
kVp with automatic tube current modulation. For GE CT systems,
reconstructed slice thickness was 1.25 mm, pitch 0.984. For the
Siemens CT system, reconstructed slice thickness was 1.5 mm,

pitch 0.95.

Evaluation of the CT' Characteristics

CTs were retrospectively reviewed. All images were blindly and
independently evaluated by 2 experienced radiologists (X.C., S.F.,
with 5 and 9 years of experience in chest imaging, respectively).
The final radiological characteristics were determined by the
consensus of the 2 radiologists in case of disagreement. They

Figure 1 Flowchart of the Study

HIS
Exclusions
7785 cases
Solid nodule cases: N = 6918
No preoperative CT image: N =430 ]
— 437 cases
»

Surgical pathology result: Lung adenocarcinoma

Subsolid nodules

Randomly divided

Traiming
N=291

Testing
N= 146

Abbreviations: CT = computed tomography; HIS = hospital information system.
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Table 1 Characteristics of Pafients in the Training and Testing Group

Characteristics Total (n = 437)
Age, mean (SD), y 57.0 + 89
Sex
Man 109
Woman 328
Histologic spectrum
PLs 88
MIA 233
1A 116
Morphological
Qualitative density
Nonsolid nodule 233
Part-solid nodule 204
Lobe
Left upper lobe 115
Left lower lobe 45
Right upper lobe 169
Right middle lobe 35
Right lower lobe 73
Core
Non-core 76
Core 361
Shape
Round/oval 308
Irregular 129
Margin
Smooth 243
Lobulated 83
Spiculated 111
Semantic features score, median 2 (1-4)
(IQR)
Size, median (IQR), mm
Diameter of nodule 13.3 (9.6-18.4)
Diameter of solid component 0.0 (0.0-5.1)
CT attenuation (HU), mean (SD) -369 + 194

Training (n = 291) Testing (n = 146) P

573+ 8.8 56.4 + 9.1 3257
70 39 559°

221 107
52 36 248"

159 74

80 36
150 83 295°

141 63
67 48 230"

32 13

114 55

25 10

53 20
48 28 505"

243 118
204 104 7210

87 42
159 27 839"

56 35

76 52
2 (1-4) 2 (0-3) 3412
13,5 (9.9-19.0) 12.7 (8.5-16.8) o7
0.0 (0.0-5.7) 0.0 (0.0-4.2) 3657
359 + 193 -388 + 195 147

Abbreviations: HU = Hounsfield units; 1A = invasive adenocarcinoma; IR = interquartile range; MIA = minimally invasive adenocarcinoma; PLs = pre-invasive lesions.

“Sfudent f test (normally distributed) and Kolmogorov-Smimov test (non-normally distributed).
“Pearson ¢ test and Fisher exact test.

measured the whole size of SSNs on lung window setting (width,
1450 HU; level, —500 HU), the solid size on mediastinal window
setting  (width, 350 HU; level, 40 HU), and if the solid
component absent, then use the “core” window setting (width,
1250 HU; level, 40 HU) to determine whether the SSN has a
minimally invasive lesion n::(n'nponcm.'R The following radiolog-
ical characteristics were included: (1) qualitative density; (2)
shape; (3) location; (4) margin; (5) core; (6) semantic feature score
(pleural indentation, vacuole sign and vascular invasion); (7) CT
attenuation; (8) nodule diameter; and (9) diameter of solid
component. The details of the assessment method are described in
Supplemental Figures 1 to 8 in the online version.

(linical Lung Cancer July 2020

Histopathological Evaluation

The diagnosis and categorization of the pathological specimens
were evaluated by 2 lung pathologists (one junior, one senior). The
specimens were fixed in formalin and embedded in paraffin. The
adenocarcinoma classification was followed by the IASLC/ATS/ERS
adenocarcinoma classification.” Immunohistochemistry was per-
formed in case of equivocal histopathological classification under
light microscopy.

Statistical Analysis
All nodules (n = 437) were randomly divided (2:1) into a
training group (n = 291) and testing group (n = 146) by using a
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Table 2 = Characteristics of Patients in Different Pathology Classification in the Training Group

Characteristics
Age, mean (D), y
Sex
Man
Woman
Morphological
Density
Nonsolid
Part-solid
Size, median (IQR), mm
Diameter of nodule

Diameter of solid
component

CT attenuation (HU), mean
(5D)
Location
Left upper lobe
Left lower lobe
Right upper lobe
Right middle lobe
Right lower lobe
Core
No
Yes
Shape
Round/oval
Imeqular
Margin
Smoath
Lobulate
Spiculate

AMH (n = 10)
585 + 6.0

92 8.7-11.2)

6142 + 1294
2

LI~ —]

AS(nh =42
573 +93

15
27

36

96 (7.0-108)
004)

-489.5 + 1391
6
3
23
2
8

22
20

ar
5

35

MIA (n = 159)
56.5 + 8.8

37
122

100
99

126 (102-16.8)
00-25)

-401.3 £ 1625
4
20
95
17
%

18
14

124
35

98
il
32

A (n = 80)
589+ 89

62

4
76

204 (17.1-25.4)
109 (56-15.6)

A716 £ 1342
18
9
30

143

666°

<.001°

<001
<001

<001
405"

<001°

<001

<001

v I2 M) Uruoviy
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random number generator in SPSS. Student # test, Kolmogorov-

. 2 . . .
Smirnov test, and Y~ test were used to assess differences in vari-

= == s

== E ] S o . .

a (=3 == =1 ables between the training and testing group. Next, 1-way analysis
VoV W . . .

of variance, Kruskal-Wallis test, Pearson’s )(_2 test, and Fisher exact

test were used to evaluate differences in categorical and contin-

1 P > M 11
N = uous variables among the 3 groups (PLs, MIA, 1A) in the training

group. Third, multinomial multivariable logistic regression was
performed to assess the association between the variables that
might potentially classify (7 < .05 in univariable analysis)
adenocarcinoma subtype. Variables were entered into the model
one by one step using the forward stepwise method. At cach step,

IA (n = 80)
1
5
<l
23
4 (3-5)

the most significant variable P < .05 is added to the model until
none of the stepwise variable left out of the model would have a
statistically significant contribution if added to the model, thus

resulting in the best performing model for classification of

adenocarcinoma subtype. Finally, to develop a discriminatory
tool, a CART method was constructed.>>** Because in the tree
growing algorithm only univariable splits are considered,” the
variables for the classification tree were included only if previously

—
§ preselected for the final multinomial multivariable logistic
I l=lal=l e f regression model. The depth of the classification tree was set to be
= N o~ no more than 4, because in our study we assumed at least 80%
% accuracy as the cutoff value for each subtype. After testing clas-
sification depth of 3 to 5 nodes, we found that 4 nodes had a

o

77
102
62

relatively good value with high classification accuracy and still
resulting in a relatively simple structure.”® The node will stop

splitting when the size of the parent node is less than 15 or a child
node is less than 5. Because the classification tree can only give the
result of the classification but cannot show the accuracy of the
classification, we used concise tables to simplify the classification
tree diagram and made 5 thresholds to describe the percentage of
adenocarcinoma subtype in each node. We assumed >80% ac-

curacy as the cutoff value for cach subtype. Five threshold grades

AIS (n = 42)

(SSN1 to SSN5) were made to describe the accuracy of adeno-
carcinoma pathology classification in each child node (SSN1 = IF
PLs%>>80%; SSN2 = IF PLs%<80% AND MIA%<80% AND
[A%<80% AND PLs%> I[A%; SSN3 = IF MIA%>80%;
SSN4 = IF PLs%<80% AND MIA%<80% AND 1A%<80%
AND PLs%<1A%; SSN5 = IF 1A%>80%). Finally, the Subsolid
Nodules Imaging Reporting System (SSN-IRS) was developed

PLs

based on the optimized classification tree model. The classification

performance of the SSN-IRS was examined in the testing group.

acenocarcinoma-in-situ; HU, Hounsfield units; 1A = invasive adgenocarcinoma; IQR = Interquartie range; MIA = minimally Invasive adenocarcinoma; PLs = pre-invasive lesions.

Statistical analyses were performed using SPSS software version
20.0 (IBM Corp, New York, NY). P < .05 was considered to be
statistically significant and all tests were 2-tailed, unless otherwise

indicated.

AAH (n = 10)

Resulis
Data Randomization and the General Population
In total, 437 patients were included, 75.1% of whom were

Abbreviations: AAH = atypical adenomatous hyperplasia; AIS

*One-way analysls of variance and Kruskal-Walls.

= =

% * @ 2 = women (328/437), with a mean age of 57.0 years. The most
s % % % é % common adenocarcinoma subtype was MIA (n = 233, 53.3%),
3 é 2 8 5 g % B then IA (n = 116, 26.5%), AlS (n = 71, 16.2%) and AAH (n =
z S % é o =_§ . N: 17, 3.9%) (Figure 1, Table 1). No significant differences were
= = £ 3 é % S 2 found between the training and testing group in terms of patient
'f_ﬂ QO v a== v 5

and nodule characteristics.
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Table 3 Multinomial Logistic Regression Analyses

Xiaonan Cui et al

Adenocarcinoma Subtype Factors
PLs Core
Score
Diameter of solid component
1A Core
Score
Diameter of solid component

P OR 95% CI Low 95% Cl up
<.01 8.52 3.58 20.27
<.01 0.35 0.22 0.55

37 113 0.87 1.46

16 1.26 0.92 1.72
<.01 1.46 1.28 1.67

The reference category is: MIA.

Abbreviations: Cl = confidence interval; 1A = invasive adenocarcinoma; MIA = minimally invasive adenocarcinoma; OR = odds ratio; PLs = pre-invasive lesions.

Development of the Classification Model

In the training group, 8 variables (density, shape, margin, core,
score, nodule diameter, diameter of solid component, CT" attenu-
ation) were potentially different among the 3 subtype groups with
P < .05 (Table 2). Of these 8 variables, 3 were selected by the
forward stepwise method for entering to the multinomial muld-
variable regression models shown in Table 3. The core and semantic
feature score were significant factors to differentiate between the PLs
and MIA groups (odds ratio [OR], 8.5; 95% confidence interval
[CI], 3.6-20.3, and OR, 0.3; 95% CI, 0.2-0.5); diameter of solid
component was a distinguishing factor for the IA and MIA group
(OR, 1.5; 95% ClI, 1.3-1.7; P < .001). These 3 factors (core, se-
mantic feature score, and diameter of solid component) were
entered into the CART. Four categorical variables (diameter of solid
component [<6.5 mm, >6.5 mm]; diameter of solid component
[<£0.5 mm, >0.5 mm)]; core [non-core, core]; semantic feature score
[0,1-2,3-6]) were automatically generated by the CART (Figure 2).

Development of the SSN-IRS

In our data, the diameter was an integer in millimeters. To
facilitate the measurement, we used 0 mm and 6 mm instead of
0.5 mm and 6.5 mm as the cutoff of the diameter of solid
component, which did not change the results. We considered the
diameter of solid component <0 as nonsolid nodule and >0 as part-
solid nodules. Five threshold grades SSN 1-5 were used to make a
concise table to deseribe the percentage of adenocarcinoma subtype
in each node. The SSN-IRS based on the optimized classification
diagrams is shown in Figure 3. We considered SSN1 as PLs, SSN2
as PLs or MIA, SSN3 as MIA, SSN4 as MIA or 1A, SSN5 as [A.
The sensitivity, specificity, and classification accuracy of the MIA
group was 91.2% (85.7%-95.1%), 59.9% (51.0%-68.3%), and
77.0% (71.7%-81.7%). The total sensitivity, specificity, and ac-
curacy of the SSN-IRS was 89.0% (95% Cl, 84.8%-92.4%),
74.6% (95% CI, 70.8%-78.1%), and 79.4% (95% Cl, 76.5%-
82.0%), respectively (Table 4).

Validation of the SSN-IRS

The classification performance of SSN-IRS was evaluated using
the testing group. The sensitivity, specificity, and accuracy of the
MIA group was 91.9% (83.2%-97.0%), 43.1% (31.4%-55.3%),
and 67.8% (59.6%-75.3%). The total sensitivity, specificity, and
accuracy was 84.9% (95% Cl, 78.1%-90.3%), 68.5% (95% CI,

62.8%-73.8%), and 74.0% (95% CI 69.6%-78.0%), respectively
(Table 5).

Discussion

In this retrospective study, 4 radiological characteristics of SSNs
were identified as distinguishing factors of 3 adenocarcinoma sub-
types preoperatively (PLs, MIA, IA). These characteristics were
qualitative density, core, semantic feature score, and diameter of the
solid. The SSN-IRS resulted in a high sensitivity, specificity, and
classification accuracy 84.9% (95% CI, 78.1%-90.3%), 68.5%
(95% CI, 62.8%-73.8%), and 74.0% (95% Cl, 69.6%-78.0%),
respectively. Thus, the SSN-IRS can support dinicians in making
treatment recommendations based on expected pathology.

Several recent studies focused on discriminating the invasiveness
of adenocarcinoma. 'able 6 shows an overview of these studies with
characteristics and classification performance. The diameter of the
solid component measured in mediastinal window setting has been
found to be one of the most important factors in discriminating
between IA and PLs (MIA, AIS, AAH) in most studies. Zhang
et al,"” Wu et al,'” Liu et al,”” Yue et al,”? and our study have
shown cutoff values for the diameter of the solid component of
6.7 mm, 3.0 mm, 8.1 mm, 7.0 mm, and 6.0 mm, respectively. It is
interesting to note that the Lung CT' screening reporting and data
system (Lung-RADS 1.1)% categorizes part-solid nodule with solid
diameter larger than 6 mm as 4A, which is considered suspicious for
malignancy. Small solid or semisolid components that represent
carly signs of 1A may be rendered invisible in mediastinal window
5‘.(:uing.R This is the reason that some groups have studied the
optimization of the window setting for detection of a solid core in
correlation with pathological invasiveness.”> " In our study, we
have not devised a new window setting, but have used the optimized
window setting as derived in the study by Mao et al."® This study
showed that a window width of 1250 HU and window level of 40
HU was useful for viewing the invasive components of SSNs. Based
on the previous studies and our clinical practice, we prefer to use
mediastinal window setting to measure the solid size, which
considered as invasive lesion, and if absent, used the “core” window
setting (WW 1250 HU; WL 40 HU) to determine whether the
SSN had minimally invasive lesions. Our results showed the pres-
ence of a core was an important feature in classifying MIA. The
semantic features (pleural indentation, vacuole sign, and vascular
invasion) are also considered as important factors that closely relate
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Figure 2 A Classification Tree Model for the Classification of Adenocarcinoma Types by Classification and Regression Tree (CART)

Analysis in the Training Group

Pathology subtype

_Lategory % n

54 .6 159

Core
Non-core Colre
Node 3 Node 4
Category % n Category % n
= PLs 625 30 = PLs 126 22
B wia 375 18 = nlA 749131
mA 00 0 m A 126 22
Total 165 48 Total 60 .1 175
scin Di of :.ollid ponent
<=Iil.IJ >0.0 =05 >0.5
<= lZ_D >20 =00 >0.0
Node 15 Node 16 Node 17 Node 18
Category % n Category % n Category % n Category % n
B pLs 500 9 B pLs 0D 0 B pLs 320 8 B pLs 04 8
W MLA 500 9 W MiLA 1000 3§ W MilA G40 16 W MilA 85.7 66
LY oo 0 Ll L. 0o 0 Ll Y 40 1 A 39 3
Total 62 18 Total 17 & Tatal 868 25 Tatal 85 77
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Xiaonan Cui et al

Figure 3 Subsolid Nodules Imaging Reporting System (SSN-IRS)

Non-solid

Part-solid

Feature None core

SSN1

Pleural indentation
Vacuole sign

Vascular invasion

Pt s

Invasive

PLs

SSN1

MIA IA

Abbreviations: 1A = invasive adenocarcinoma; MIA = minimally invasive adenocarcinoma; PL = pre-invasive lesion.

to the invasive diagnosis of SSNs."'2 All these studies used a binary
classifier (yes/no), but in our clinical practice, we found that the
invasiveness of SSNs seems also related to the apparent degree of
feature presence. In our study, we therefore used 3 scores for cach
feature, score 0 = no, and score 1 = yes, and score 2 = obvious. As
shown in Table 2, nodules with the highest score (score 2) were
most likely to represent an invasive lesion. The sum of 3 semantic
feature scores instead of 3 independent factors in our SSN-IRS also
showed a significant difference between all subtypes in our data.
With regard to the dassification performance, prior studies have
shown sensitivity from 53.8% to 86.7%, and specificity from

44.4% to 84.6%. Unfortunately, we cannot directly compare the
performance of the entire SSN-IRS with previous studies because
our data used MIA as an independent category, whereas others
included MIA into the PL category or invasive category. In addition,
most prior studies did not use a separate training and testing group,
as we did. The separate sensitivity and specificity of the SSN-IRS for
discriminating IA was 95.0% and 69.2% in the training group, and
86.1% and 70.9% in the testing group; thus, our SSN-IRS showed
relatively high dassification performance, in particular for sensi-
tivity. This may be because of the relatively large sample size and the

application of the CART model.

Table 4 The Crossover Table of Prediction of SSN-IRS Threshold Grade in the Training Group

. SSN-IRS Threshold Grade e I
Adenocarcinoma Accuracy
Subtype SSN1 SSN2 SSN3 | SSN4 SSN5 Total 95% ClI 95% Cl 95% Cl
Pls 21 17 8 6 0 52 731 875 84.9

404 327 15.4 115 0.0 100.0 59.0-84.4 82.6-914 80.2-88.8
MIA 4 25 71 49 10 159 91.2 59.9 77.0
25 15.7 447 308 6.3 100.0 85.7-95.1 51.0-68.3 71.7-81.7
1A 0 1 3 18 58 80 95.0 69.2 76.3
0.0 1.2 38 25 725 100.0 87.7-986 62.5-75.4 71.0-811
Overall 25 43 82 73 68 291 89.0 746 79.4
8.6 14.8 28.2 251 234 100.0 84.8-92.4 70.8-78.1 76.5-82.0

All values are %.

Abbreviations: Cl = confidence interval;

Imaging Reporting System.

IA = invasive adenocarcinoma; MIA = minimally invasive adenocarcinoma; PLs = pre-invasive lesions; SSN = subsolid nodule; SSN-IRS = Subsolid Modules
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Ad - SSN-IRS Threshold Grade e e Accuacy
Subtype SSN1 SSN2 | SSN3 | SSN4 | SSN5 Total 95% Cl 95% Cl 95% Cl
PLs 13 12 & 6 0 36 69.4 827 79.5
36.1 333 13.9 16.7 0.0 100.0 51.9-83.7 74.4-89.3 72.0-85.7
MIA 1 16 31 21 5 74 919 431 67.8
14 216 419 274 6.8 100.0 83.2-97.0 31.4-553 59.6-75.3
1A 1 1 3 14 17 36 86.1 709 747
28 28 83 38.9 47.2 100.0 70.5-95.3 61.5-79.2 66.8-81.5
Overall 15 29 39 4 22 146 84.9 68.5 74.0
10.3 19.9 26.7 281 151 100.0 78.1-90.3 62.8-73.8 69.6-78.0

All values are %.

Abbreviations: Cl = confidence interval; 1A = invasive adenocarcinoma; MIA = minimally invasive adenocarcinoma; PLs = pre-invasive lesions; SSN = subsolid nodule; SSN-IRS = Subsolid Nodules

Imaging Reporting System.

Our design has several innovative points. First, the most
important novelty of our study is classifying MIA as a separate
adenocarcinoma subgroup in our model. We used concise tables
to simplify classification diagrams and used 5 thresholds, SSN 1-5,
to describe the percentage of adenocarcinoma subtypes (PLs,
MIA, and IA), instead of a binary classifier (PLs and IA) in pre-
vious studies. This is relevant because recommended treatment for

PLs, MIA, and IA differ in the most recent guidc]incs.“"” In our
SSN-IRS, the category SSNI1 is considered as pre-invasive (AAH
or AlS); the SSN2 is considered as suspicious minimally invasive
(ALIS or MIA); the SSN3 is considered as minimally invasive
(MIA); the SSN4 is considered as suspicious invasive (MIA or 1A),
and the SSN5 is considered as high-risk invasive (IA). The SSN-
IRS could be useful for clinicians to make accurate personalized

Table 6 Overview of Previous Studies on the CT-based Classification of SSN Invasiveness

Research | Sensitivity, | Specificity,
Study Year | N(SSNs) | Classification Feature (Cutoff Value) Cohort % % AUC
Zhang et a'’| 2016 237 (AIS, MIA) vs. IA 1. Diameter of nodule (12.2 mm) Single cohort 85 62 0.75
2. Diameter of solid component (6.7 mm) 79 62 0.79
3. CT value of solid component (-192 HU) 77 62 0.74
4. Air-bronchogram - - 0.64
Mao et al'® 2016 209 (AAH, AIS) vs. 1. Diameter of nodule (8.9 mm) Single cohort 60.7 716 0.683
(MIA, 14)
2. Window width (1250 HU) 57.8 85.0 0.749
Wu et al'® 2017 14 (AAH, AIS, MIA) 1. Diameter of nodule (12 mm) Single cohort 84.6 76.3 0.891
vs. [A
2. Diameter of solid component (3 mm) 76.9 94.7 0.881
3. Density (part-solid) 81.5 88.2 0.886
4. Air-bronchogram 53.8 89.5 0.717
Liu et a*” 2017 334 (AAH, AIS, MIA) 1. Tumor volume (1125 mm?) Single cohort 71.43 84.54 0.809
vs. [A
2. Tumor mass (386) 8214 78.35 0.829
(AAH, AIS, MIA) vs.| 1. Diameter of solid component (8.1 mm) | Single cohort 76.80 90.48 0.904
IA'in part-solid
2. CT attenuation (-222 HU) 82.84 85.71 0.867
AlS vs. AAH in 1. Tumor mass (70) Single cohort 86.67 48.48 0.664
nansolid
2. Standard deviation of CT attenuation (68) 95.00 4444 0.656
Jin et al”! 2017 273 | (Benign, AAH, AIS, | CT features model (diameter of nodule, solid| Single cohort 78.6 82.5 -
MIA) vs. [A proportion, pleural indentation, vacuole sign | (Threshold =
and vascular invasion, CT attenuation, 65%)
margin, age, family history of lung cancer)
Yue et al”? 2018 260 MIA vs. 1A 1. Diameter of nodule (14.7 mm) Single cohort 90 81 0.91
2. Diameter of solid component (7 mm) 95 82 0.95
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Table 6 | Continued

) ) Research | Sensitivity, | Specificity,
Study Year | N(SSNs) | Classification Feature (Cutoff Value) Cohort % % AUC
3. Proportion of the solid component - - 0.81
(<<50%)
4. CT value of solid component (-107 HU) 92 77 0.91
5. Air-bronchogram - - 0.60
6. Vascular invasion - - 0.63
Fan et a™ 2018 395 | (AAH, AIS, MIA) vs. 1. Radiomics features model Primary cohort 83.1 89.6 0.917
1A
Intra-cross 87.5 94.4 0.971
validation
cohort
External 82.2 86.7 0.849
validation
cohort 1
External 85.7 89.8 0.869
validation
cohort 2
2. CT features model {lobulation, spiculation, | Primary cohort - - 0.857
spine-like, pleural indentation,
air-bronchogram, CT attenuation)
Mei et al*’ 2018 1062 | (AAH, AIS, MIA) vs. | CT features random forest model (lobulation, | Single cohort 80.7 84.6 -
1A pleural indentation, vacuole sign and vascular}
invasion, air-bronchogram, calcification,
spiculation, nodule density, CT attenuation,
diameter of nodule, diameter of solid
component)
Oikonomou 2019 109 | (AAH, AIS, MIA) vs. CT features logistic model (mean CT Single cohort 80.0 90.9 0.89
et al™® 1A attenuation; volume; and diameter ratio)
Zhaneta®™ | 2019 313 (AIS, MIA) vs. IA | CT features logistic model (nodule density, | Single cohort 80.3 81.0 0.847
vacuole sign, diameter of nodule, CT
attenuation, tumor-lung interface)
Our study 437 | (AAH, AIS) vs. MIA |CT features logistic and CART model [Nodule| Training cohort 89.0 746 -
SSN-IRS vs. 1A density, core, pleural indentation, vacuole
sign, vascular invasion, and diameter of
solid component (6 mm)]
Testing cohort 84.9 68.5 -

Abbreviations: AAH = atypical adenomatous hyperplasia; AIS = adenocarcinoma-in-situ; AUC = area under the curve; CT = computed tomography; HU, Hounsfield units; 1A = invasive
adenocarcinoma; MIA = minimally invasive adenocarcinoma; PLs = pre-invasive lesions; SSN = subsolid nodule; SSN-IRS = Subsolid Nodules Imaging Reporting System.

treatment recommendations, because the current treatment
strategy  differs by adenocarcinoma subtype, especially for
MIA. 73! Second, we used a classification model (CART) to
visualize the diagnostic process; different from previous models, our
SSN-IRS is easier to apply in clinical practice by using 4 radiological
factors visualized by radiologists, instead of computerized radiomics
features.”> % We recently proposed an initial SSN management
(see Figure 4) based on the Chinese expert consensus on the man-
agement of ground-glass nodules suspected as lung adenocarci-
noma,”’ the Eighth Edition Lung Cancer Stage Classification (8th
TNM) in 201 8,7 and the Fleischner Society 2017 guidelines for the
management of incidentally detected small pulmonary nodules.”
Our study has some limitations. First, our study population

may reflect a degree of selection bias because our data only

included SSNs with known pathology, which may present
more malignancy features than nonresected SSNs. The current
study comprises incidentally detected cases in a  clinical
setting; whether the findings can be generalized to other
settings needs further investigation. In future research, we
plan to verify our SSN-IRS in a lung cancer screening pro-
gram. Second, our study is a single-center retrospective study.
The results may be limited to a local population of Chinese
palicms.'ﬁ"‘(’ Part of the categorization factors, such as age
cutoff above 40 years, could be specific for the Chinese
scuing.” The generalizability of our SSN-IRS needs to be
verified in different populations. Finally, the volume radio-
logical characteristics of nodules and the clinical information

of patients were incomplete. We did not have information on

(linical Lung Cancer July 2020
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Figure 4 Subsolid Nodule Management Initial Proposal Based on the Subsolid Nodules Imaging Reporting System (SSN-IRS). a: Non-
core: For Nonsolid Nodules, There Was No Solid Component Observed on Core Window Setting (Width, 1250 HU; Level, 40
HU). b: Core: For Nonsolid Nodules, There Was a Solid Component Observed on Core Window Setting (Widih, 1250 HU; Level,
40 HU). c: N < 6 mm: The Diameter of the Solid Component Observed on Mediastinal Window Setiing (Width, 350 HU; Level,
40 HU) is Less than 7mm. d: N > 6 mm: The Diameter of the Solid Component Observed on Mediastinal Window Setting
(Width, 350 HU; Level, 40 HU) Is Larger than 7mm. e: Score: The Sum of the 3 Feature Scores; Pleural Indentation (Score 0:

There is No Pleural Indentation or the Nodule is Not Located Close to the Pleura; Score 1: Nodules Adhering to Pleura or
PlunlhdmlaﬁonlﬁmiSMSngTmmmhﬁnnmmzzsﬁ:s),vmhﬁgnm&Mism

Vacuole; Score 1:air-

in Nonsolid Nodule or Single Cystic Cavity; Score 2: Dilated Air-

Mumnhcmcaﬁﬁs),vmhimmmmehrnﬂlisan’rﬂuPrmhmnllmlemﬂs
Score 1: Distoried or Dilaied Vessels; Score 2: Coexistence of Imegular Vascular Dilation or Vascular Convergence From

Muttiple Supplying Vessels)

4

[ Interval CT at 3 months/ ]

ytr

Resolution/Decrease
| S5mm

o 3

Plewal indentation

Vascular invasion

Abbreviations: 1A = invasive adenocarcinoma; MIA = minimally invasive adenocarcinoma; PL = pre-invasive lesion.

smoking history, cancer history, and family history of cancer.
Future studies should evaluate whether adding clinical factors
can improve the model.

the SSN-IRS is a classification model for

classifying 3 adenocarcinoma pathologic subtypes. It can assist

In conclusion,

radiologists in making a more accurate diagnosis and help dli-
nicians to make management decisions for patients with an

SSN.

Clinical Practice Points

e It is essential to identify the SSN subtype preoperatively to select
the optimal treatment algorithm, because recommended treat-
ment differs for patients with PLs, MIA, and IA.

e Several studies have shown the discriminatory power of radio-
logical characteristics to classify PLs and IA (so binary classifi-
cation) in pulmonary SSNs.

e CT features like nodule size, solid proportion, C1" attenuation,

vascular convergence  sign,

pleural indentation sign, and

(linical Lung Cancer July 2020

air-bronchogram sign are considered important factors; however,
there are still many controversies about how these features should
be applied in the classification of 3 subtypes of adenocarcinoma.

e In our study, the SSN-IRS based on CT-imaging characteristics
has high classification performance for the 3 adenocarcinoma
subtypes and could be useful for clinicians to make accurate
personalized treatment recommendations.
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Supplemental Data

Supplemental Figure 1 Qualitative Density (Non-solid Nodule and Pari-solid Nodule). (A) Nonsolid Nodule (NSN): Nodule as a Focal
Area of Increased Lung Attenuation Viewed on Computed Tomography (CT) Lung Window Settings (Width,
1450 HU; level, —500 HU), Without a Solid Component Viewed on Mediastinal Window Setting (Width, 350 HU;
Level, 40 HU). (B) Part-solid Nodule (PSN): Nodule With Lesions Viewed on CT Lung Window Settings, and With
a Relatively Smaller Solid Component Viewed on Mediastinal Window Setting

Supplemental Figure 2 Shapes. (A) Round. (B) Oval. (C) regular

325.e1 | inical Lung Concer luly 2020
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Supplemental Figure 3 Margins. (A) Smooth. (B) Lobulated. (C) Spiculaied

Supplemental Figure 4 Core (Noncore, Core). (A) Noncore: For Nonsolid Nodule, There was no Component Observed in Core Window
Setting. (B) Core: For Nonsolid Nodule, There was Component Observed in Core Window Setiing

Lung window setting Mediastinal window setling core window setting

(width, 1450 HU; level, -500 HU) (width, 350 HU; level, 40 HU)  (width, 1250 HU; level, 40 HU)

m
s

a2 a3

a
d
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Supplemental Figure 5 Semantic Features Score. (A) Pleural Indentation: a1 (Score 0): There is no Pleural Indentation, or the Nodule
is not Located Close io the Pleura; a2 (Score 1): Nodules Adhering to Pleura or Pleural Indentation with 1
Stripe; a3 (Score 2): Typical Pleural Indentation With > 2 Stripes. (B) Vacuole Sign: b1 (Score 0): There is no
Vacuole; b2 (Score 1): Air-bronchograms in Nonsolid Nodule or Single Cystic Cavity; b3 (Score 2): Dilated Air-
bronchograms or Multiple Cystic Cavities. (C) Vascular Invasion: ¢c1 (Score 0): No Vascular in the Nodule or
With Preservation of Normal Vessels; c2 (Score1): Distorted or Dilated Vessels; ¢3 (Score 2): Coexistence of
Iregular Vascular Dilation or Vascular Convergence From Multiple Supplying Vessels
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Supplemental Figure 6 Guml'l‘onm (Hu):
Attenuation Values of the Largest
Region of Interest In the Largest Slice
of Nodule

Supplemental Figure 8 Diameter of Solid Component. The
Mean Value of Largest Long Diameter
and Short Diameter That Measured in
of Solid Component = (145 + 6.4)/2

Supplemental Figure 7 Diameter of the Nodule. The Mean
Value of Largest Long Diameter and
Short Diameter, Which Measured in
Lung Window Setting. Diameter =
(155 + 15.4)/2 = 15 mm
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