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AIM: To evaluate the preoperative differentiation between the minimally invasive adeno-
carcinoma (MIA) and invasive adenocarcinoma (IAC) in patients with sub-solid pulmonary
nodules using a radiomics nomogram.
MATERIALS AND METHODS: A total of 100 patients with sub-solid pulmonary nodules who

had pathologically confirmed MIA (43 patients, 13 male and 30 female) or IAC (57 patients, 26
male and 31 female) were recruited retrospectively. Radiomics features were extracted from
computed tomography (CT) images. A radiomics signature was constructed by the least ab-
solute shrinkage and selection operator (LASSO) algorithm. Solid presence, lesion size, shape
regularity, and margins of pulmonary nodules were assessed to construct a subjective finding
model. An integrated model of radiomics signatures and CT-based subjective findings, which
was presented as a radiomics nomogram, was developed based on a multivariate logistic
regression. The nomogram performance was assessed by its calibration, discrimination, and
clinical usefulness.
RESULTS: The radiomics signature, which consisted of 11 radiomics features, showed good

discrimination accuracy. The radiomics nomogram showed good calibration and discrimi-
nation in the training set (AUC [area under the curve] 0.943; 95% confidence interval [CI]:
0.895e0.991) and validation set (AUC 0.912; 95% CI: 0.780e1.000). The radiomics nomo-
gram was determined to be clinically useful in the decision curve analysis (DCA).
rtment of Radiology, The Affiliated Jiangmen Hospital of Sun Yat-sen University, Jiangmen City, Guangdong

Published by Elsevier Ltd. All rights reserved.

mailto:jmlws2@163.com
http://crossmark.crossref.org/dialog/?doi=10.1016/j.crad.2019.03.018&domain=pdf
www.sciencedirect.com/science/journal/00099260
http://www.clinicalradiologyonline.net
https://doi.org/10.1016/j.crad.2019.03.018
https://doi.org/10.1016/j.crad.2019.03.018
https://doi.org/10.1016/j.crad.2019.03.018


B. Feng et al. / Clinical Radiology 74 (2019) 570.e1e570.e11570.e2
CONCLUSION: The proposed radiomics nomogram has the potential to preoperatively
differentiate MIA and IAC in patients with sub-solid pulmonary nodules.

� 2019 The Royal College of Radiologists. Published by Elsevier Ltd. All rights reserved.
Introduction

Due to the increased popularity of low-dose computed
tomography (CT) for lung cancer screening, the detection
rates of sub-solid pulmonary nodules have dramatically
improved.1 In contrast to solid pulmonary nodules, sub-
solid pulmonary nodules do not completely obscure bron-
chovascular bundles that could be classified as non-solid or
part-solid nodules.2 According to the International Early
Lung Cancer Action Project (IELACP), the detection rates of
non-solid and part-solid nodules are approximately 4.2%
and 5%, respectively.3,4

Although a large number of sub-solid nodules have
resolved on follow-up CT, persistent sub-solid nodules
identified on CT images have a higher likelihood of malig-
nancy compared to solid nodules.5,6 In 2011, a joint working
group of the International Association for the Study of Lung
Cancer, American Thoracic Society, and the European Res-
piratory Society (IASLC/ATS/ERS) developed a new classifi-
cation scheme for lung adenocarcinomas. The four subtypes
of lung adenocarcinoma are atypical adenomatous hyper-
plasia (AAH), adenocarcinoma in situ (AIS), minimally
invasive adenocarcinoma (MIA), and invasive adenocarci-
noma (IAC), which were also issued in the 4th Edition of the
World Health Organization (WHO) Classification of Tumors
of the Lungs.7e9 The grading of tumours was associated with
the disease prognosis and crucial for patient management.10

Regular follow-up visits were recommended for patients
with AAH and AIS. MIA should be resected using a sub-
lobectomy or wedge resection approach without
removing any surrounding lymph nodes. For the MIA pa-
tients who underwent complete resection, the 5-year sur-
vival rate could be as high as 100%.11,12 Lastly, IAC should be
resected with a lobectomy accompanied by removal of the
surrounding lymph nodes; however, the 5-year survival
rate for these patients was significantly lower at 74.6%.13

Although differentiating between MIA and IAC at the
preoperative assessment can provide vital insight into
treatment planning, differentiating between MIA and IAC
remains difficult as the visual assessment of morphological
structures at CT is limited by considerable overlapping.7,14

Radiomics is a high-throughput image extraction process
that computes high-dimensional and mineable data.15 Using
advanced machine learning methods, high-dimensional in-
formation, including texture, shape, and intensity features
can be extracted from medical images. The subsequent data
analysis can be used to relate specific features to the tumour
phenotypes.16 Preoperative assessment of sub-solid pulmo-
nary nodules primarily relies on texture analysis to differen-
tiate between pre-invasive and IAC, while the differentiation
of MIA and IAC relies on more high-throughput image fea-
tures.17,18 Compared with texture analysis, radiomics
combines multiple imaging features to develop predictive
signatures to provide a more comprehensive view of the
tumour. Previous studies have shown the potential of radio-
mics for identifying potential imaging biomarkers that may
aid cancer detection, diagnosis, and the assessment of
prognosis.19e21 The radiomics approach has been used for
differentiation of malignant lesions,22 tumour subtypes,23

and prediction of disease-free survival24 in patients with
lungcancer. Todate, onlyone studyhasutilised traditional CT-
based subjective findings for preoperative differentiation of
MIA and IAC with sub-solid nodules.25

The present study investigated a nomogram that inte-
grated the radiomics signature and CT subjective findings
for the differentiation of MIA and IAC with sub-solid pul-
monary nodules.

Materials and methods

Patients

This retrospective study was approved by the Institu-
tional Review Board with a waiver of informed consent.
From January 2014 to December 2017, a total of 1,211 cases
with histopathologically confirmed pulmonary cancer were
collected. Inclusion criteria for this study included: (1) the
presence of sub-solid nodules on chest CT; (2) the diameter
of nodules was �30 mm; and (3) the disease was histo-
pathologically confirmed as pulmonary MIA or IAC after
surgical resection. The exclusion criteria for this study
included: (1) the presence of solid pulmonary nodules at
CT; (2) CT section thickness of >3 mm; (3) patients who
received CT enhancement; (4) the disease was histopatho-
logically confirmed to comprise pre-invasive adenocarci-
noma lesions, such as AAH and AIS, or other pathological
types such as squamous cell carcinoma or small cell lung
cancer; and (5) patients with multiple nodules. After
applying the inclusion and exclusion criteria, 100 cases
were included in the study. Patients were further divided
into two independent sets, in which 70 patients who were
seen between January 2014 and June 2017 were the training
set and 30 patients who were seen between July 2017 and
Nov 2017 were the validation set. Two experienced pa-
thologists (with 12 and 10 years of pulmonary pathology
experience, respectively) reviewed all pathological speci-
mens and classified the lung lesions as AAH, AIS, MIA, or IAC
according to the new lung adenocarcinoma classification
guidelines.8

CT image acquisition

CT examinations were performed using either a Soma-
tom Sensation 16 (Siemens, Munich, Germany) or Aquilion



B. Feng et al. / Clinical Radiology 74 (2019) 570.e1e570.e11 570.e3
64 (Toshiba, Tokyo, Japan) CT machine. The patients were in
the supine positionwith scan coverage from the thorax inlet
to the bilateral adrenal glands level. Thoracic CT was ac-
quired with a deep inhaled breath-hold. CT parameters
were as follows: 120 kV, automatic tube current, 0.75e1.5
pitch, 0.625e1.25 mm collimation, 200�200 scan field,
512�512 pixel. Scan dose was 50e150 mGy$cm depending
on the patient’s body mass index. Both standard and high-
resolution algorithms were reconstructed (1e3 mm sec-
tion thickness; 0.8e3 mm intersection gap). Neither of the
CT examinations was performed using contrast medium.

Evaluation of CT-based subjective findings

CT images were reviewed independently by two chest
radiologists (with 30 and 10 years of experience, respec-
tively), who were blinded to the histopathology diagnosis.
The scans were analysed in the lung window setting (1,500
HU window width; e600 HU window level) and medias-
tinal window (300 HU window width; 40 HU window
level). The CT-based subjective findings were based on the
followings: (1) solid presence (non-solid nodule manifests
as hazy with increased attenuation in the lung that does
not obliterate the bronchial and vascular margins; part-
Figure 1 Study flowchart detaili
solid nodule consists of both ground-glass and solid soft-
tissue attenuation components); (2) lesion size (the
average of major diameter and vertical short diameter
measuring on the largest section in lung window); (3)
margin (spiculate or non-spiculate); (4) border (lobulate or
non-lobulate). CT-based subjective findings were recorded
in consensus.

Volume of interest (VOI) segmentation and radiomics
feature extraction

A semi-automatic in-house software was used for vol-
ume of interest (VOI) segmentation that was mainly
implemented by MATLAB 2016 (Mathworks, Natick, MA,
USA). A radiologist provided the initial position of the pul-
monary nodule. The boundary curve of the pulmonary
nodules in the selected rectangular region was calculated
automatically and the final VOI was contoured on the two-
dimensional (2D) image sections of the entire tumour vol-
ume. A sample segmentation is shown in Fig 2.

The radiomics features used in this study contained
10,329 three-dimensional (3D) features. The extracted
radiomics features included first-order statistics, shape and
size-based features, texture-based features, and wavelet-
ng the radiomics nomogram.



Figure 2 VOI segmentation of the sub-solid pulmonary nodule. (a) Original CT image of the part-solid pulmonary nodule. (b) 2D segmentation
result of the pulmonary nodule. (C) 3D volumetric reconstruction of the pulmonary nodule.
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based features. This extraction step was performed in
MATLAB 2016.

Statistical analysis

The differences in age and gender between the MIA and
IAC groups were assessed by the Fisher’s exact test and
Pearson chi-squared test, respectively. The inter-reader
agreements of the subjective findings were assessed by
Cohen’s kappa test. The interpretations were as follows,
�0 as no agreement, 0.01e0.20 as none to slight, 0.21e0.40
as fair, 0.41e0.60 as moderate, 0.61e0.80 as substantial,
and 0.81e1.00 as nearly perfect agreement. The CT-based
subjective findings model was developed in two steps.
First, the differences in the four CT-based subjective find-
ings were assessed using Fisher’s exact test or the chi-
square test. Second, the subjective findings were com-
bined with the significant variables from the univariate
analysis by multivariate logistic regression. From the
training group, 20 pulmonary sub-solid nodules were
randomly selected. VOI groups were obtained using two
different types of in-house segmentation software. The
radiomics features were then extracted from both of the
groups. AManneWhitney U-test was used to evaluate each
radiomics feature for differentiation of the MIA and IAC
groups. The radiomics features, which had an ICC >0.75
and were significantly different between the MIA and IAC
groups, were selected for the least absolute shrinkage and
selection operator (LASSO) logistic regression with a 10-
fold cross validation.

Coefficients from the LASSO logistic regression for each
radiomics features were calculated. The radiomics features
with non-zero coefficients were selected as the most valu-
able feature for differentiation of MIA and IAC groups. A
radiomics signature was built by the linear combination of
the LASSO-selected features and their corresponding co-
efficients. Differences of the radiomics signatures between
the MIA and IAC groups were evaluated using the
ManneWhitney U-test.

The integrated prediction model, which incorporated the
radiomics signature and CT subjective findings, was carried
out by multivariable logistic regression analysis. It used the
significant predictors from the univariate analysis as inputs.
Backward step-wise selection with the stopping rule of the
likelihood ration test was performed with Akaike’s infor-
mation. A radiomics nomogram based on the integrated
model was developed with multivariable logistic regression
to provide a quantitative tool for preoperative differentia-
tion between MIA and IAC.

The calibration of the nomogram was accomplished
with a calibration curve analysis. The HosmereLemeshow
test was used to calculate the goodness of fit. The perfor-
mance of the independent validation was tested. The for-
mula obtained in the training set under 10-fold cross
validation was used to compute a radiomics score in the
validation set. Receiver operating curve (ROC) analysis was
performed to evaluate the performance of the subjective
findings model, the radiomics signature, and the radiomics
nomogram in the training and validation sets. The area
under the curve (AUC), sensitivity, specificity, and accuracy
were calculated.

The classification generalisability of the CT subjective
findings model, radiomics signature, and the combined
model were evaluated in terms of AUC, sensitivity, speci-
ficity, and accuracy in the combined training and validation
sets. The cut-off value was selected to maximise the sum of
the sensitivity and specificity values. The improvements of
introducing subjective CT findings were quantified by net
reclassification improvement (NRI).

All statistical tests were performed using R3.0.1 (http://
www.rproject.org) and MATLAB. LASSO was done through
the “glmnet” package, and the ROC was done via “pROC”.
The nomogram was completed by “rms” and DCA was
completed by “dca.r.” The two-tailed t-test was used to
compare the parametric difference between MIA and IAC
and p<0.05 was considered statistically significant.
Results

Clinical characteristics of sub-solid pulmonary nodules

The patient characteristics in the training and validation
sets are shown in Table 1. There were no significant differ-
ences in gender or age between groups in the training set
(gender: p¼0.3333; age p¼0.2385) or validation set (gender
p¼0.2599; age p¼0.1931). The study flowchart is shown
in Fig 1.

http://www.rproject.org
http://www.rproject.org


Table 1
Clinical characteristics and computed tomography (CT) features of the training data set and the testing data set.

Training data set (n¼70) Testing data set (n¼30)

MIA IAC p-Value MIA IAC p-Value

Gender
Male 10 17 0.3333 3 9 0.2599
Female 21 22 9 9
Age (years)
<60 21 21 0.2385 11 12 0.1931
� 60 10 18 1 6
Lesion Size
<10 mm 27 5 <0.0001 8 4 0.0243
� 10 mm 4 34 4 14
Solid presence
Non-solid 28 16 <0.0001 10 6 0.0106
Part-solid 3 23 2 12
Margin
Non-spiculate 10 29 0.0004 4 15 0.0086
Spiculate 21 10 8 3

Border
Non-lobulate 25 14 0.0002 12 5 0.0001
Lobulate 6 25 0 13

Rad-score, mediaa �1.335 (�1.946 to-0.754) 1.786 (0.278e3.072) <0.0001 �0.816 (�1.735 to -0.462) 3.290 (1.750e4.088) 0.0003

p-Value is derived from the univariate association analysis between the clinical factor and the different subgroup of lung adenocarcinoma. p<0.05 indicates
statistical significance.
MIA, minimally invasive adenocarcinoma; IAC, invasive adenocarcinoma.

a Rad-score is denoted as interquartile range.
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Inter-observer agreement of CT subjective findings of sub-
solid pulmonary nodules

Lesion size and solid presence showed excellent agree-
ment with kappa values of 0.840 (95% CI: 0.753e0.938) and
0.854 (95% CI: 0.756e0.959), respectively. In addition,
margin and border showed good agreement with kappa
values of 0.754 (95% CI: 0.615e0.897) and 0.701 (95% CI:
0.562e0.82), respectively. Lesion size, solid presence,
margin, and border were all significantly different between
the MIA and IAC groups in the training set (p<0.0001,
p<0.0001, p¼0.0004, and p¼0.0002, respectively), as
shown in Table 1.

For the multivariable logistic regression analysis, lesion
size (odds ration [OR], 24.649; 95% CI: 5.990e101.438) and
solid presence (OR, 4.201; 95% CI: 1.389e37.323) were
determined to be independent predictors in the subjective
findings model.

Radiomics feature selection and radiomics signature
building

There were 7,434 radiomics features with ICC values
>0.75 with significant differences between MIA and IAC
(p¼0.00001e0.05) in the training set that were involved in
the LASSO logistic regression analysis. From these, 11
radiomics features with non-zero coefficients in the LASSO
logistic regression model were selected to build a radiomics
score calculation formula (Fig 3). The radiomics score
calculation formula and the selected radiomics features are
presented in Electronic Supplementary Material Table S1.

In the selected 11 features, six cluster-size-related fea-
tures of MIA groups, including Global_Variance_0.50_0.8_8,
GLSZM_ZSN_0.5_1_8, GLSZM_SZLGE_0.67_1_8, GLRLM
_LRHGE _0.67_1.2 _64, GLRLM_SRE_1_0.8_8, and
GLRLM_LRHGE_1.50_1.2 _32, have smaller values than
those of IAC groups, as shown in Table 2; however,
MIA groups were larger than those of IAC groups in terms
of GLRLM_RLV_0.5_1.2_8, GLSZM_SZE _0.5_1_32, NGT
DM_Coarseness_0.67_1.2_8, GLSZM_HGZE_2_2_16, and
GLCM_ Dissimilarity_2_2_8, which described the texture
units.

The radiomics scores revealed a significant difference
between the groups in the training set (p<0.0001) and
validation set (p¼0.0003), as shown in Table 1.With the cut-
off value of 0.921, derived by ROC analysis, the radiomics
scores showed high discrimination efficiency in the training
set with an AUC¼0.935 (95% CI: 0.882e0.987) and valida-
tion set with an AUC¼0.903 (95% CI: 0.774e1.000), as
shown in Fig 3. The waterfall plot for the distribution of the
radiomics score of each patient is presented in Fig 4.

Long Run High Gray Level Emphasise (LRHG
LE_0.67_1.2_64, OR 3.469 [95%CI: 0.566e7.680]) based on
Gray Level Run Length Matrix (GLRLM) and the Coarse-
ness_0.67_1.2_8 (OR 0.122 [95% CI 0.040e0.375]) based on
the Neighborhood Gray-Tone DifferenceMatrix were used as
the core feature in the radiomics label model of 11 image
radiomics features by multi-factor logistic regression (Fig 5).

Development of an individualised prediction model

The radiomics signature (OR 3.953; 95% CI:
1.864e8.383) and solid presence (OR 5.348; 95% CI:
0.903e31.668) were identified as independent predictors
from multivariable logistic regression analysis (Table 3).
The integrated model that incorporated these two



Figure 3 Feature selection of the LASSO logistic regression and the predictive accuracy of the radiomics signature. (a) Tuning parameter l

selection by 10-fold cross-validation with minimum criteria. Binomial deviances (y-axis) was plotted versus logðlÞ (x-axis). The dotted vertical
lines were drawn at the optimal value of l, where the model providing best fit to the data. (b) LASSO coefficient profiles of the whole features.
The dotted vertical line was plotted at the value selected with 10-fold cross-validation, where 11 optimal features with non-zero coefficients
were indicated in the plot. (c,d) ROC curves of the radiomics signature in the training and validation sets, respectively.

Table 2
The selected 11 radiomics features of MIA and IAC groups, respectively.

Characteristic MIA(n¼31) IAC(n¼39) p-Value

Global_Variance_0.50_0.8 _8 369.0�101.3 373.5�66.1 0.0015
GLSZM_ZSN_0.5_1_8 22.8�21.7 50.2�28.9 0.0001
GLSZM_SZE_0.5_1_32 0.79�0.06 0.76�0.04 0.0375
GLRLM_RLV_0.5_1.2_8 0.014�0.010 0.006�0.004 0.0001
GLSZM_SZLGE_0.67_1_8 0.134�0.044 0.148�0.030 0.0414
NGTDM_Coarseness_0.67_1.2 _8 0.038�0.028 0.015�0.013 0.0001
GLRLM_LRHGE_0.67_1.2 _64 1136.0�449.6 1513.0�472.4 0.0025
GLRLM_SRE_1_0.8 _8 0.8668�0.0491 0.8671�0.0270 0.0279
GLRLM_LRHGE_1.50_1.2 _32 294.8�106.9 411.8�116.3 0.0001
GLCM_Dissimilarity_2_2 _8 1.936�0.522 1.629�0.273 0.0007
GLSZM_HGZE_2_2 _16 88.7�25.6 84.7�14.7 0.0393

p-Value is derived by the ManneWhitney U-test.
MIA, minimally invasive adenocarcinoma; IAC, invasive adenocarcinoma.
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Figure 4 Waterfall plot for distribution of the radiomics score of each patient in the (a) training set and (b) validation set, respectively. The
best cut-off values of the radiomics score were defined based on the maximum Youden’s index from the training set. Below the cut-off value,
Patients were classified in the MIA groups below the cut-off value and the IAC group above the cut-off value. The cut-off value for
discrimination was 0.921.
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independent predictors was developed and presented as a
radiomics nomogram (Fig 6a).

Independent validation of the radiomics nomogram

The calibration curve showed good connection between
the predicted data and actual data in the training set (Fig 6b
and c). The HosmereLemeshow test (p¼0.703) showed no
departure from the perfect fit. The subjective findings
model showed a lower AUC (0.899; 95% CI: 0.821e0.977) in
the training set than the AUC of the radiomics nomogram
(0.943; 95% CI: 0.895e0.991; Fig 7a). This favourable
discrimination ability of the radiomics nomogram was
confirmed using the validation set with the AUC (0.912; 95%
CI: 0.780e1; Fig 7b).

Performance comparison of the subjective findings
model, the radiomics signature, and the combined model

The radiomics nomogram achieved the highest sensi-
tivity (0.840), specificity (0.880), accuracy (0.860), and AUC
value (0.930, 95% CI: 0.879e0.982); however, the subjective
findings model showed lower sensitivity (0.772), specificity
(0.832), accuracy (0.800), and AUC value (0.876, 95% CI:
0.798e0.953), as shown in Table 4.

Introducing subjective CT findings into the combined
model did not show significant improvement in perfor-
mance (NRI¼e0.057, p¼0.280, event NRI 0.143; non-event
NRI e0.200).

Discussion

A radiomics signature-based nomogram was con-
structed to distinguish MIA and IAC in patients with sub-
solid pulmonary nodules preoperatively. By extracting
high-throughput quantitative descriptors from routinely
acquired CT images, radiomics may provide a non-
invasive tool to improve routine lung cancer diagnosis
and speed up the implementation of personalised med-
icine. The interobserver agreement for CT findings of
sub-solid nodules was substantial to perfect. In partic-
ular, classification of sub-solid into non-solid and part-
solid showed very good interobserver agreement
(kappa¼0.84). These results can support the reliability
and applicability of image processing according to
nodule type.

A previous study showed that age, sex, family history of
lung cancer, nodule size, location of the nodule, solid pro-
portion, and spiculation were predictors for evaluating
malignant pulmonary nodules.26 Sub-solid nodules with
lobulate shape and spiculate margins were found to be
significantly more frequent in the IAC group in the univar-
iate analyses, but not in the multivariate analyses. Only
nodule size and solid proportion were significant to the risk
of IAC, which is similar to prior studies.27e30

Through multivariable logistic regression, the current
study showed that LRHGE based on GLRLM and the
coarseness based on NGTDM were two important features
for the differentiation of MIA and IAC groups. The scale of
voxel clusters with high-intensity values was described by
LRHGE-GLRLM. The IAC group had a larger LRHGE-GLRLM
value relative to MIA that may be interpreted as invasive
lesions with a higher degree of accumulation of cancer cells
and its strong association with pathological invasion. The
coarseness of the NGTDM describes the size of texture units,
which increased with coarseness of the NGTDM. Interest-
ingly, the IAC group had a smaller value of coarseness for
the NGTDM when compared with the MIA group.

For other cluster-size-related radiomics features
(including Global_Variance_0.50_0.8_8, GLSZM_ZSN_0.
5_1_8,GLSZM_SZLGE_0.67_1_8, GLRLM_SRE_1_0.8_8 and
GLRLM_LRHGE_1.50_1.2_32), the IAC group showed larger
values than the MIA group. For other texture-related radio-
mics features (including GLRLM_RLV_0.5_1.2_8, GLSZM
_SZE_0.5_1_32, GLSZM_HGZE_2_2_16 and GLCM_Dissimi-
larity_2_2_8), the IAC group had smaller values when



Figure 5 CT images and radiomics feature maps of sub-solid pulmonary nodules with pathologic diagnosis. From left to right: (a) the original
plain CT images; (b) the feature maps of coarseness based on NGTDM; (c) the feature map of LRHGLE based on GLRLM; (d) the pathological
images. The first row: CT image shows a 6.8 mm non-solid nodule (white arrow) in the right upper lobe in a 67-year-old man. The value of
coarseness based on NGTDM was 0.0425. The value of LRHGLE based on GLRLM was 974.123. This nodule was confirmed as MIA at histo-
pathological analysis (haematoxylin and eosin staining [H&E], �400). The second row: CT image show a 26.3 mm non-solid nodule (white
arrow) in the right upper lobe in a 67-year-old man. The value of coarseness based on NGTDMwas 0.0021. The value of LRHGLE based on GLRLM
was 1706.739. This nodule was confirmed as IAC at histopathological analysis (H&E, �100). The third row: CT image shows a 15.2 mm part-solid
nodule (white arrow) in the left lower lobe in a 71-year-old man. The value of coarseness based on NGTDM was 0.012. The value of LRHGLE
based on GLRLM was 1149.180. This nodule was confirmed as MIA at histopathological analysis (H&E, �200). The fourth row: CT image shows a
22.4 mm part-solid nodule (white arrow) in the right lower lobe in a 69-year-old man. The value of coarseness based on NGTDM was 0.014. The
value of LRHGLE based on GLRLM was 2018.646. This nodule was confirmed as IAC at histopathological analysis (H&E, �100).

Table 3
Multivariate analysis for building the radiomics nomogram.

Intercept and variable b Odds ratio (95% CI) p-Value

Intercept �2.259 0.054
Radiomics signature 1.366 3.953 (1.864e8.383) <0.001a

Solid presence 1.755 5.348 (0.903e31.668) 0.041a

b, the regression coefficient; CI, confidence interval.
a p<0.05.
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compared with the MIA group. These results were consistent
with the two core radiomics features mentioned above. This
may be attributed to an increased tumour tissue component
and thickening of the alveolar septa in invasive adenocarci-
nomas. The smaller texture units were built to describe the
complex proportions in the IAC group. It reflected the alter-
ation from homogeneous to heterogeneous due to the
mixture of solid portions.



Figure 6 (a) The developed radiomics nomogram. (b,c) Calibration curves of the radiomics nomogram in the training and validation set,
respectively.
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The current study was complementary to other
studies. The invasiveness of sub-solid pulmonary nodules
was evaluated preoperatively using 3D radiomics fea-
tures. The study demonstrated that 3D features provided
more details about the lesions when compared with 2D
features.31 Moreover, reproducibility of radiomics fea-
tures should be validated according to the radiomics-
based guideline.32 The extracted features with an ICC
Figure 7 ROC curves of the radiomics signature (red line), the subjective fi

solid dots represented the optimal cut-off values for the discrimination. Th
of the figure.
>0.75 was selected for LASSO logistic regression. Lastly,
the proposed radiomics nomogram was easy to use and
might provide quantitative risk factors for subsolid
nodule.

Several limitations in this study should be addressed in
the future. As a retrospective study, there might be se-
lection bias. The performance of the proposed nomogram
may be overestimated due to limited number of patients
ndings model (black line), and the combined model (green line). The
e AUC and 95% CI for the models are shown in the lower right corner



Table 4
Diagnostic performance of the subjective findings model, the radiomics signature, and the radiomics nomogram.

Model Cut-off Cross-validated AUC (95% CI) Sensitivity Specificity Accuracy

Subjective findings 0.500 0.876 (0.798e0.953) 0.772 (44/57) 0.832 (36/43) 0.800 (80/100)
Radiomics signature 0.650 0.921 (0.867e0.975) 0.770 (44/57) 0.880 (38/43) 0.820 (82/100)
Radiomics nomogram 0.640 0.930 (0.879e0.982) 0.840 (48/57) 0.880 (38/43) 0.860 (86/100)

Numbers in the parentheses were used to calculate percentages.
CI, confidence interval.
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in the validation set. Prospective and/or external valida-
tion studies were warranted. Second, current study was
limited to lung adenocarcinoma nodules; however,
adenocarcinoma is the most common histological type in
the sub-solid nodules that reflected the actual clinical
practice. Third, CT examinations were performed on
different CT systems and imaging parameters. Neverthe-
less, the section thicknesses of reconstructed images were
all �3 mm.

In conclusion, the current nomogram has the potential to
accurately distinguish between MIA from IAC among sub-
solid pulmonary nodules. This may assist clinicians in
selecting the optimal surgical recommendations and
improving patient outcomes.
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