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AIM: A nomogrammodel was developed to predict the histological subtypes of lung invasive
adenocarcinomas (IAs) and minimally invasive adenocarcinomas (MIAs) that manifest as part-
solid ground-glass nodules (GGNs).
MATERIALS AND METHODS: This retrospective study enrolled 119 patients with histopath-

ologically confirmed part-solid GGNs assigned to the training (n¼83) or testing cohorts (n¼36).
Radiomic features were extracted based on the unenhanced computed tomography (CT) im-
ages. R software was applied to process the qualitative and quantitative data. The CT features
model, radiomic signature model, and combined prediction model were constructed and
compared.
RESULTS: A total of 396 radiomic features were extracted from the preoperative CT images,

four features including MaxIntensity, RMS, ZonePercentage, and Long-
RunEmphasis_angle0_offset7 were indicated to be the best discriminators to establish the
radiomic signature model. The performance of the model was satisfactory in both the training
and testing set with areas under the curve (AUCs) of 0.854 (95% confidence interval [CI]: 0.774
to 0.934) and 0.813 (95% CI: 0.670 to 0.955), respectively. The CT morphology of the lesion
shape and diameter of the solid component were confirmed to be a significant feature for
building the CT features model, which had an AUC of 0.755 (95% CI: 0.648 to 0.843). A
nomogram that integrated lesion shape and radiomic signature was constructed, which
contributed an AUC of 0.888 (95% CI: 0.82 to 0.955).
CONCLUSIONS: The radiomic signature could provide an important reference for differen-

tiating IAs from MIAs, and could be significantly enhanced by the addition of CT morphology.
The nomogram may be highly informative for making clinical decisions.

� 2019 The Royal College of Radiologists. Published by Elsevier Ltd. 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

Lung cancer remains the leading cause of cancer-related
death globally,1 and adenocarcinoma is the most common
histological type of lung cancer and frequently presents as
ground-glass nodules (GGNs) on computed tomography
(CT).2 The evaluation of GGNs has become an important
topic due to the high malignancy rate of persistent GGNs. In
clinical practice, GGNs are detected in 0.2%e0.5% of the
scanned population,3 and this prevalence continues to
escalate as the use of CT becomes widespread. Based on the
fact that the long-term course of pure GGNs (pGGNs) seems
to be relatively indolent,4 the Fleischner Society guidelines
recommended follow-up scans at 6e12 months after diag-
nosis and then every 2 years thereafter until 5 years after
diagnosis for pGGNs 6 mm or larger.5 Part-solid nodules
have been considered to have a higher likelihood of ma-
lignancy than pGGNs or solid nodules,6 with a malignancy
rate as high as 63%.7 If a malignancy is suspected, additional
therapies are recommended in a multidisciplinary
approach. The management of part-solid nodules, however,
varies greatly based on the invasiveness of the nodule.8

According to the pathological classification by the World
Health Organization (WHO), lung adenocarcinoma and its
precursor lesions are classified into the following: atypical
adenomatous hyperplasia (AAH), adenocarcinoma in situ
(AIS), minimally invasive adenocarcinomas (MIA), and
invasive adenocarcinomas (IAs).9 When GGNs represent
AAH or AIS, tumours grow along the alveolar walls only to
appear as homogeneous GGNs at CT, both of which provide
the most favourable prognoses.10 Sublobar resection, such
as segmentectomy and wedge resection, is applicable for
MIAs, with approximately 100% 5-year disease-free survival
after complete resection.11 Standard lobectomy and exten-
sive lymph node dissection are recommended for patients
who present with IAs.12 The 5-year disease-free survival of
IAs is 74.6%,13 which is considered to be intermediate or
high-grade clinical behaviour14; however, part-solid nod-
ules remain a diagnostic challenge. It is clinically important
to differentiate MIAs from IAs prior to surgery as the
distinction could favourably affect clinical decision-making.

The definitive diagnosis of a lesion requires in-depth
histological evaluation of the entire tumour specimen, and
it is challenging to diagnose lesions with certain histo-
pathological subtypes.15 Medical imaging is in routine use
in oncology for detecting tumours, defining tumour loca-
tions, the extent of disease, treatment planning, and lon-
gitudinal response monitoring.16 CT images display strong
feature differences between lesion subtypes that can be
used to differentiate between GGNs.17 Imaging studies can
provide additional information that biopsies fail to deliver,
such as radiographic intratumour heterogeneity, as well as
monitor patient response during treatment. Hence, if MIAs
and IAs can be diagnosed correctly using radiological im-
ages in advance, patients would be better managed using
precise treatment strategies.

Radiomics is a process designed to extract innumerable
high-dimensional mineable data from radiological images
using automated data characterisation algorithms.18

Radiomics makes if possible to provide personalised and
precision medicine non-invasively and cost-effectively.19e21

Increasing numbers of pattern recognition tools and dataset
sizes have facilitated the development of processes for
radiomics.22 Philipp et al. proved that an 11-feature radio-
mic signature allows for the prediction of survival and
stratification of patients with newly diagnosed glioblas-
tomas and outperforms established clinical and radiological
risk models.23 Radiomics has been applied to decode
tumour phenotypes, histological subtypes of lung adeno-
carcinoma, and even the pathological response of non-small
cell lung cancer.24

The present study established an integrated signatures
model that combines CT features with radiomics signatures,
which can be used to differentiate IAs from MIAs that pre-
sent as part-solid nodules based on unenhanced CT.

Materials and methods

Patient cohort

The Institutional Review Board of two institutions
approved the study and waived the requirement for
informed consent. Data were included from 119 solitary
part-solid nodules that were histopathologically confirmed
before treatment from February 2014 to December 2016.
The inclusion criteriawere as follows: (a) patients>18 years
old; (b) patients with nodules that were between 5e30 mm
in diameter. According to the IASLC/ATS/ERS classification,
an MIA is described as a nodule <30 mm in diameter with a
predominant lepidic pattern that harbours an invasive area
measuring <5 mm composed of any subtype of IA. An IA is
defined by the presence of an invasive component >5
mm25; (c) patients with solitary part-solid nodules; (d)
patients who did not undergo preoperative treatment; and
(e) patients who underwent surgical resection within 1
month of CT.

CT examination and imaging analysis

All preoperative unenhanced CT examinations were
performed on 64-channel Philips Brilliance CT system
(Philips Medical Systems, Eindhoven, The Netherlands). The
imaging acquisition parameters were as follows: 120 kV
tube voltage; 200 mA tube current; 40 mm (64�0.625 mm)
collimation width; 0.9 mm section thickness; 0.45 mm
reconstruction interval with iDose3 hybrid iterative recon-
struction algorithm; 15e20 cm SFOV; 1.2 pitch; 350 ms
rotation time; and 1024�1024 pixels matrix size. The im-
ages were processed in an Extended Brilliance Workspace
(EBW, Philips). Multiplanar reconstruction was used for
image reconstruction with a thickness of 5 mm. Both lung
window (width, 1,500 HU; level, �650 HU) and mediastinal
window (width, 400 HU; level, 40 HU) imaging were
obtained.

The CT images were reviewed independently by two
thoracic radiologists with 8 and 12 years of experience. Any
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disagreement was settled by the third radiologist who had
15 years of experience. The image features included the
following: (a) lesion diameter: for part-solid nodules, the CT
sections chosen for measurements were those that dis-
played the largest portion of the overall nodule and the
solid component; (b) lesion area; (c) diameter of the solid
component; (d) area of the solid component26; (e) shape:
regular (round or oval) or irregular27; (f) attenuation value;
(g) presence of vacuoles (single or multiple cystic cavity
with diameters <5 mm)28; (h) presence of an air broncho-
gram; (i) lesion margin: smooth, lobulate, or spiculate; (j)
lesion border; and (k) lesion location were interpreted.
Clinical data of the enrolled patients were collected from
the electronic data system.

Tumour segmentation

The CT images were retrieved from the picture archiving
and communication system (PACS) using the keyword
“GGN”. The ITK-SNAP software (www.itk-snap.org) was
used for semi-automatic segmentation. All regions of in-
terest (ROIs) were manually drawn on the CT images on
each section as an area that was as large as possible from all
sections to cover the target nodule. The reproducibility of
the intra-observer and interobserver segmentation was
confirmed by two experienced thoracic radiologists with 10
years and 13 years of experience, respectively.

Texture feature extraction

Artificial Intelligence Kit software (A.K. software; GE
Healthcare, China) was employed to extract the CT image
features. A total of 396 radiomic features from each patient
were generated based on the following four categories:
Histogram, Formfactor, Grey-level size zone matrix
(GLSZM), and Run-length matrix (RLM). Forty-five histo-
gram-based features reflected the intensity information of a
given ROI.29 Nine form factor-based parameters described
the three-dimensional size and shape of the tumour region.
One hundred and sixty-two GLSZM-based features repre-
sented the joint probability of certain sets of pixels having
certain grey-level values, and the co-occurring pairs of
pixels could be spatially related in various orientations
relative to distance (1,4,7 displacement) and angular
(0�,45�, 90�, 135�) spatial relationships to represent the
intensity value of a neighbourhood.30 One hundred and
eighty RLM-based features were defined as the number of
runs with pixels of different grey levels and run lengths for a
given direction such as those defined by GLCM.31 The
extracted texture features were standardised by Z-score
(z ¼ x�m

s , where m was the mean value of the images, and s

was the standard deviation), which could remove the unit
limits on the data of each feature. Then, the outliers, “nan”,
were replaced with the median of the parameter.

Feature selection and radiomics signature construction

The patients were divided into the training cohort (n¼83)
and the validation cohort (n¼36) with a ratio of 7:3.32 The
training data were used to build the radiomics model. To
reduce overfitting or selection bias in the radiomics model,
the dimension reduction was achieved in three steps. First,
analysis of variance (ANOVA; for normally distributed fea-
tures) and ManneWhitney U-tests (for abnormally distrib-
uted features) were used to select the significant features
(144 features). Second, an inter-feature coefficient was
calculated to identify the highest correlated features to the
principal features that described at least 90% of the variance
in the radiomics data to reduce data redundancy. This
resulted in a selection of 31 variance-retaining features.
Third, the least absolute shrinkage and selection operator
(LASSO) was used to further select features by penalty
parameter tuning and 10-fold cross-validation based on the
minimumcriteria, and thefinal four featureswere selected. A
linear regression of the selected features was used to build
the radiomics signature and calculate the radiomics score
(Rad-score) for each patient. The non-zero coefficient of the
selected feature is defined as the Rad-score. The Rad-score
was calculated for each patient as a linear combination of
the selected features weighted by their respective co-
efficients based on the following formula:

Rad-score¼e0.731�MaxIntensityþ 0.454� RMSe 3.389� Zone
Percentage þ 0.76 � LongRunEmphasis_angle0_offset7
e 1.32.

The predictive accuracy of the radiomics signature was
quantified by the area under the receiver operator charac-
teristic (ROC) curve (AUC) in both the training and testing
sets.

Construction and assessment of the radiomics nomogram

In the training data, univariate logistic regression ana-
lyses were performed for each potential predictive variable,
such as lesion diameter, lesion area, diameter of the solid
component, area of the solid component, lesion shape, pa-
tient sex, patient age, primary tumour site, CT value, pres-
ence of vacuoles, presence of an air-bronchogram, lesion
margin, and lesion border to select the independent clinical
predictors. A multivariable logistic regression analysis
combining the independent clinical risk factors and radio-
mic signatures was applied to develop a diagnostic model. A
radiomics nomogram was then constructed based on the
multivariate logistic regression model. The calibration of
the nomogram was assessed with a calibration curve.
Furthermore, to evaluate the discriminatory ability of the
nomogram, ROC curves were developed. A radiomics score
was calculated for each patient in the testing set using the
formula constructed in the training set. The calibration
curve was generated and the AUC was calculated.

The intra-observer and interobserver agreement

The intra-observer and interobserver agreements of
feature extraction and CT feature characterisation were
evaluated by intraclass correlation coefficients (ICCs).
Initially 30 random CT images were chosen for ROI seg-
mentation, feature extraction, and CT feature characterisa-
tion. ROI segmentation and CT feature characterisationwere

http://www.itk-snap.org


Figure 1 Flow chart for building the prediction model.
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performed by two experienced radiologists independently.
The intra-observer ICC was computed by comparing two
extractions of reader A separated by a 1-month interval. The
interobserver ICC was computed by comparing the extrac-
tions of reader B with 15 years of experience and the first
extraction of reader A within 2 weeks. When the ICC was
greater than 0.75, it was considered good agreement, and
the remaining image segmentation was performed by
reader A.

Statistical analysis

All quantitative features were performedwith R software
(version 3.3). The variable distributionwas examined by the
KolmogoroveSmirnov test, and Student’s t-test was used to
determine whether the characteristic features were signif-
icantly different between the MIA and IA groups for nor-
mally distributed features; otherwise, the ManneWhitney
U-test was used. The statistically significant clinical/
morphological characteristics and the radiomic signatures
were used as the input variables for multivariable logistic
regression analysis to identify independent predictors. A
significance threshold of p<0.05 was set. All the variables
that showed statistical significance in the univariate anal-
ysis were used in multivariate analysis to look for predictors
of efficacy. A nomogram was established by incorporating
all significant predictors. ROC curves were plotted to eval-
uate the diagnostic efficiency of the model. The AUC was
calculated.

The multivariate binary logistic regression was per-
formed with the “rms” package. The nomogram construc-
tion and calibration plots were performed using the “rms”
package.

Results

Demographic and clinical findings

The part-solid nodules were reviewed in the picture
archiving and communication system (PACS) and histo-
pathologically confirmed in 672 patients. A total of 119
patients with solitary part-solid nodules (�3 cm) were
enrolled in this retrospective study according to the inclu-
sion and exclusion criteria. Of the 119 nodules, 70 were IAs,
and 49 were MIAs. Patients were randomly assigned to the
training cohort (49 IAs and 34 MIAs) or the testing cohort
(21 IAs and 15 MIAs), as shown in Fig 1.

The demographic and clinical characteristics of the final
study population are summarised in Table 1. The median
age of the population in the training cohort was 58.50
(52.75, 68.50) years for patients with MIAs and 64.0 (51.0,
70.50) years for patients with IAs, while in the testing
cohort, the mean age was 59.13�8.63 years for patients
with MIA and 63.76�10.51 for patients with IA. Significant
differences were found in lesion diameter (p¼0.001), lesion
area (p¼0.001), diameter of the solid component (p¼0.001),
area of the solid component (p<0.01), lesion shape
(p<0.001), CT value (p<0.001), presence of vacuoles
(p¼0.025), presence of an air-bronchogram (p¼0.002),
lesionmargin (p<0.001), and lesion border (p<0.001) in the
training sets. In multivariate analysis, diameter of the solid
component (p¼0.022) and lesion shape (p¼0.003) were
found to be significant in differentiating MIAs and IAs (data
not shown), meaning that the part-solid nodules with
longer diameters and irregular shapes are more likely to be
IAs. The input selection was used to build the CT features
model and showed that lesion shape was the most useful
indicator for differentiating between MIAs and IAs
(p¼0.004).

Interobserver and intra-observer reproducibility

There were no statistically significant differences be-
tween the measurements of the two readers for each
selected feature, with p-values ranging from 0.712 to 0.861
for radiomic feature extraction and 0.781 to 0.873 for CT
feature characterisation. The intra-observer ICCs calculated
based on two measurements were good, ranging from 0.81
to 0.96 for radiomic feature extraction and 0.79 to 0.88 for
CT feature characterisation. The interobserver agreement
between two readers ranged from 0.78 to 0.92 for radiomic
feature extraction and 0.83 to 0.94 for CT feature charac-
terisation. The results indicated favourable intra- and
interobserver reproducibility of feature extraction and CT
feature characterisation. Therefore, all outcomes were
based on the measurement of the first reader (reader A).

Radiomic score and radiomic model construction

A total of 396 radiomic features were extracted by A.K.
software. Student’s t-test was usedwhen the data satisfied a
normal distribution; otherwise, the ManneWhitney U-test
was used, and 144 radiomic features were retained. After
Spearman analysis using jrj ¼0.9, only 31 radiomic features
were retained (Fig 2). The most valuable four radiomic
features (Fig 3a and b) were selected by 10-fold cross-
validation with LASSO, which can be applied for
biomarker selection in high-dimensional data. The



Table 1
Characteristics of the patients in the training and testing sets.

Variables Training cohort Testing cohort

MIAs (n¼34) IAs (n¼49) p-Value MIAs (n¼15) IAs (n¼21) p-Value

Patient age 58.50 (52.75,68.50) 64.0 (51.0,70.5) 0.219 59.13�8.63 63.76�10.51 0.171
Patient sex 0.128 0.265
Male 6 16 7 6
Female 28 33 8 15
Lesion diameter 1.30 (1.00,1.68) 1.80 (1.40,2.35) 0.001 1.59�0.63 1.96�0.62 0.085
Lesion area 1.05 (0.62,2.02) 2.07 (1.22,4.07) 0.001 1.62 (0.72,2.24) 2.07 (1.49,4.42) 0.030
Diameter of the solid component 0.85 (0.45,1.23) 1.4 (0.9,2.1) 0.001 1.03�0.68 1.75�0.72 0.005
Area of the solid component 0.32 (0.08,0.84) 1.18 (0.54,2.74) <0.001 0.40 (0.15,1.26) 1.78 (0.92,3.80) 0.001
Lesion shape <0.001 0.078
Regular 20 3 6 2
Irregular 14 46 9 19
Attenuation �133.50 (�293.50, �35.75) �12.0 (�70.5,40.5) <0.001 �288 (�354,13) 19.0 (�41.5,57.5) 0.007
Vacuole 0.025 0.028
Present 6 20 9 5
Absent 28 29 6 16
Air-bronchogram 0.002 0.091
Present 12 34 5 13
Absent 22 15 10 8
Lesion margin
Smooth 19 9 <0.001 8 3 0.032
Lobulate 22 47 <0.001 12 21 0.126
Spiculate 12 35 0.001 6 14 0.112
Lesion border <0.001 0.032
Clear 20 9 8 3
Unclear 14 40 7 18
Lesion location 0.591 0.527
Left upper lobe 5 10 2 7
Left middle lobe 0 0 0 0
Left lower lobe 4 6 1 3
Right upper lobe 16 17 8 8
Right middle lobe 5 5 1 1
Right lower lobe 4 11 3 2

Data are expressed as the median (quartile) or mean � standard deviation.
A statistically significant difference is indicated by a p-value <0.05.
MIA, minimally invasive adenocarcinoma; IA, Invasive adenocarcinoma.

Figure 2 Feature selection process.
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importance of the four features is shown in Fig 3c with their
exact coefficient values shown in Table 2.

The Rad-score and calibration plot for each patient in the
training and testing cohorts indicated significant differ-
ences between the IAs and MIAs (Fig 4). The radiomic fea-
tures showed excellent predictive performance for
discriminating IAs from MIAs in the training set and testing
set (Fig 5). In the training cohort, the radiomic signature
yielded an AUC of 0.854 (95% CI: 0.774 to 0.934) with 94.1%
specificity. In the testing cohort, the radiomic signature
yielded an AUC of 0.813 (95% CI: 0.670 to 0.955) with 100%
specificity.

Comparison of the performance of the radiomic model
and CT features model

Logistic regression analyses were used, only the shape
and diameter of the solid component were retained as a
significant CT feature. Then, the CT feature model was built
with the lesion shape and diameter of the solid component
(Fig 6a) and yielded an AUC of 0.755 (95% CI: 0.648 to 0.843)
with 95.90% specificity and 52.90% sensitivity. The radiomic
signaturesmodel outperformed the CT featuremodel with a
greater AUC of 0.854 (95% CI: 0.775 to 0.934). For



Figure 3 Feature selection and dimension reduction. (a) The 10-fold cross-validation of the LASSO analysis was applied to acquire the most
valuable features when the minimum Lambda was 0.0809. (b) The regression coefficients of LASSO. (c) The importance of the four features.
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construction of combined model, multivariable logistic
regression analysis was employed for Rad-score and CT
features (shape and diameter of the solid component). The
diameter of the solid component was eliminated with p-
value of 0.323. The performance in the combined prediction
model, which incorporated the CT feature (shape) and
radiomics signatures, significantly surpassed the perfor-
mance of radiomics model or CT features model alone and
yielded an AUC of 0.888 (95% CI: 0.820 to 0.955) with 94.1%
specificity and 73.50% sensitivity (Table 3).
Table 2
The coefficients of the four selected features.

Category Feature selected Coefficient

Histogram Maximum Intensity �0.731
RMS 0.454

GLSZM ZonePercentage �3.389
RLM LongRunEmphasis_angle0_offset7 0.76

Constant �1.32
Construction of the predictive nomogram

A nomogramwas constructed based on the results of the
multivariate analysis and by the regression modelling
strategies package in the R software. The radiomic score and
lesion shape were integrated into the nomogram (Fig 6b).
The following is an example scenario to calculate the total
points and predict the possibility of a lesion being an IA: a
patient with one part-solid nodule in the lung that exhibi-
ted an irregular shape (irregular: 1, means neither oval nor
round) scored 7.5 points. The unenhanced CT images were
imported into the A.K. software, and the Rad-score was
calculated to be 2, which indicated a score of 92.5. In total,
this patient had approximately 100 points on the nomo-
gram. Theoretically, the possibility of this part-solid nodule
being an IA is over 95%.

Discussion

In the present study, a diagnostic, radiomics signature-
based nomogram was developed and validated for



Figure 4 Rad-scores and calibration plots for each patient in the training and testing cohorts. (a,c) Blue bars show the scores for patients who
had IAs, while the pink bars show the scores for those who had MIAs. (b,d) The calibration curve of the radiomics score. The diagonal dotted line
represents an ideal evaluation, while the solid lines and dashed lines represent the performance of the corrected and apparent bias, respectively.
The closer the fit to the diagonal dotted line, the better the evaluation.
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discriminating IAs from MIAs in patients with solitary part-
solid nodules. The nomogram incorporates four items of the
radiomics signature of MaxIntensity, RMS, ZonePercentage,
and LongRunEmphasis_angle0_offset7 as well as the lesion
shape. Integrating the radiomics signature and CT features
into an easy-to-use nomogram facilitates the preoperative
individualised diagnosis of part-solid nodules. Moreover,
the radiomic biomarkers provided better diagnostic po-
tential than the CT features with a more reliable AUC (0.854
versus 0.755) in discriminating IAs from MIAs.

As the most widely used method for medical imaging, CT
provides features such as lesion border, presence of vacu-
oles, lesion margin, and so forth, for diagnosing disease.
Conventional diagnosis relies on those visually identifiable
discriminators; however, this process is not an easy or ac-
curate method for identifying the different diseases. In
contrast, radiomics is capable of extracting substantially
greater numbers of invisible lesion features with much
better reproducibility than the conventional method.33
Recently, a number of studies have utilised radiomics sig-
natures for differentially diagnosing a range of dis-
eases.32,34e36 To the authors’ knowledge, no published
study has used a quantitative radiomics model that in-
tegrates CT imaging features to distinguish IAs from MIAs
that present as solitary part-solid nodules.

In the present study, part-solid nodules with irregular
shapes had a greater tendency to be IAs than GGNs with
regular shapes, which was in accordance with the results of
a previous study.6 The most likely explanation is that
different cancer cells in different areas of the cancer have
different differentiation and growth velocities, and the
contractions caused by intratumour fibrosis may contribute
to the irregular morphology.37 Conversely, the literature
reports that nodular size is a crucial independent predictive
factor for identifying IAs and that increases in GGN size will
increase the likelihood of malignancy38; however, lesion
size was ruled out in the multiple logistic regression anal-
ysis when it was combined with the radiomic features. The



Figure 5 The predictive performance of the radiomic features for distinguishing part-solid nodules as IAs or MIAs from the training and testing
cohorts, as presented by ROC curves in (a) the training dataset (AUC ¼ 0.854, 95% CI: 0.774e0.934) and (b) the testing dataset (AUC ¼ 0.813, 95%
CI: 0.670e0.955).
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reason behind the elimination of lesion size may be that the
differences in nodule size between the two histopathologic
subtypes were too small. In addition, the inadequate num-
ber of patients involved in this study may have resulted in a
nonsignificant lesion size. As a consequence, lesion size was
not a reliable feature for distinguishing between histo-
pathological subtypes.

Radiomic analysis has offered great potential in identi-
fying the pathological invasiveness of lung adenocarci-
nomas. Xue et al. disclosed that a radiomics model based
upon mixed density and fractal dimensions may contribute
to differentiating pre-invasive lesions from IAs with good
discrimination in both primary and validation cohorts, with
AUCs of 0.757 (95% CI: 0.711e0.803) and 0.793 (95% CI:
0.708e0.793), respectively.39 In the study of Li et al., the
authors found that the surface area feature (p¼0.040) and
the extruded surface area feature (p¼0.013) could be pre-
dictors of IAs but not of MIAs.40 Chae et al. confirmed that
high kurtosis and small mass are significant indicators for
distinguishing pre-invasive lesions from IAs in partly solid
nodules, but they only focused on 22 features (few of which
were texture features such as histogram features, volu-
metric features, and morphological features).41 These pre-
viously discovered radiomic features are different from
those that might be useful in guiding intervention choices
for patients with pulmonary nodules.

Based on the preceding studies, the present studies
focused on solitary part-solid nodules and acquired 396
features; the four best-performing features were demon-
strated to show significant importance including Max-
Intensity, RMS (root mean square), Zone Percentage, and
LongRunEmphasis_angle0_offset7, all of which allowed us
to discriminate between the histopathological subtypes of
invasive lesions. The Rad-score was calculated based on the
four remaining features after LASSO analysis. A radiomic
signature model was constructed with the Rad-score that
exhibited high performance with an AUC of 0.854 and 94.1%
specificity, but the sensitivity was unsatisfactory. Therefore,
a better prediction model was established by combining the
lesion shape and Rad-score that successfully demonstrated
the greatest performance of the different models.

MaxIntensity and RMS are first-order histogram features
that are related to the characteristics of the intensity dis-
tribution in the region of interest (ROI). RMS is the square
root of the mean of all the squared intensity values. RMS is
another measure of the magnitude of the image values.
MaxIntensity and RMS have been shown to be significant
features for distinguishing pre-invasive lesions from MIAs
or IAs.40 In the present study, MaxIntensity and RMS could
be independent indicators for discriminating IAs fromMIAs.
The zone percentage of GLSZM is the ratio between the total
number of zones and the number of voxels in the VOI. It has
been observed that the zone percentage of GLSZM is a
regional texture feature with the ability to differentiate
between patients with various tumours and different
prognoses.42 The RLM-based LoneRunEmphasis is a mea-
sure of the distribution of long run lengths, where a high
value is indicative of longer run lengths and coarse struc-
tural textures. Tixier et al. showed that in 41 patients, RLM
differentiated between non-responders, partial responders,
and complete responders in oesophageal cancer patients.43

In a study by Cha et al., multiple radiomics features
including RLM-based features were demonstrated to be
useful in determining the response of bladder carcinomas to
systemic chemotherapy.44 It is noteworthy that no previous
study has reported the ZonePercentage of GLSZM and RLM-
based LoneRunEmphasis is in lung GGNs. Therefore, we
identified novel features that can be applied to distinguish
IAs from MIAs in lung GGN patients.

The main limitations were that this was a retrospective
study, and only lesions that underwent surgery were cho-
sen, so there may be a selection bias. The study was per-
formed in two institutions, and the different reconstruction
algorithms may affect the image quality. Thus, it is



Figure 6 The predictive value of the combined model. (a) The comparison of different signature models to predict the invasiveness of part-solid
nodules. (b) A nomogram integrated the radiomic score and lesion shape of the training sets. The probability value of each lesion being an IA is
marked on each axis.
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necessary to validate the findings in multiple centres. The
CT images analysed in the present study were unenhanced,
and whether the findings in this study are suitable for
enhanced images needs further investigation. Manual seg-
mentation, although regarded as the reference standard, is a
Table 3
The diagnostic performances of the radiomic features and morphology fea-
tures in distinguishing between MIAs and IAs.

AUC Sensitivity Specificity 95% CI Cut-off

Radiomics signature 0.854 65.3% 94.1% [0.775, 0.934] 0.342
CT features 0.755 52.9% 95.9% [0.648, 0.843] 0.768
Combined 0.888 73.5% 94.1% [0.820, 0.955] 0.500

MIA, minimally invasive adenocarcinoma; IA, Invasive adenocarcinoma;
AUC, area under the curve; CI, confidence interval; CT, computed
tomography.
labour-intensive and time-consuming process that restricts
its extensive application to larger cohorts.

In conclusion, radiomics provides a novel method to
extract potentially important data from CT that can define
different clusters. Radiomic signatures coupled with CT
features can significantly improve the differential diagnosis
of IAs and MIAs from part-solid nodules. The quantitative
nomogram prediction model based on the Rad-score and
lesion shape that was used for the differential diagnosis of
IAs and MIAs may serve as an alternative method for pre-
cision medicine and provide highly informative data for
making clinical management decisions. Moreover, other
factors, such as pathological findings of nodal diffusion, may
also steer the decision for surgical therapy. Larger study
sizes will be needed to confirm the differences in outcomes
observed between groups.
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