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Objectives: To investigate the performance of radiomic-based quantitative analysis
on CT images in predicting invasiveness of lung adenocarcinoma manifesting as pure
ground-glass nodules (pGGNSs).

Methods: A total of 275 lung adenocarcinoma cases, with 322 pGGNs resected
surgically and confirmed pathologically, from January 2015 to October 2017 were
enrolled in this retrospective study. All nodules were split into training and test cohorts
randomly with a ratio of 4:1 to establish models to predict between pGGN-like
adenocarcinoma in situ (AlIS)/minimally invasive adenocarcinoma (MIA) and invasive
adenocarcinoma (IVA). Radiomic feature extraction was performed using Pyradiomics
with semi-automatically segmented tumor regions on CT scans that were contoured
with an in-house plugin for 3D-Slicer. Random forest (RF) and support vector machine
(SVM) were used for feature selection and predictive model building in the training cohort.
Three different predictive models containing conventional, radiomic, and combined
models were built on the basis of the selected clinical, radiological, and radiomic
features. The predictive performance of each model was evaluated through the receiver
operating characteristic curve (ROC) and the area under the curve (AUC). The predictive
performance of two radiologists (A and B) and our radiomic predictive model were
further investigated in the test cohort to see if radiomic predictive model could improve
radiologists’ performance in prediction between pGGN-like AIS/MIA and IVA.

Results: Among 322 nodules, 48 (14.9%) were AIS and 102 (31.7%) were MIA with
172 (53.4%) for IVA. Age, diameter, density, and nine meaningful radiomic features were
selected for model building in the training cohort. Three predictive models showed good
performance in prediction between pGGN-like AIS/MIA and IVA (AUC > 0.8, P < 0.05)
in both training and test cohorts. The AUC values in the test cohort were 0.824 (95%
Cl, 0.723-0.924), 0.833 (95% CI, 0.733-0.934), and 0.848 (95% ClI, 0.750-0.946) for
conventional, radiomic, and combined models, respectively. The predictive accuracy was
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FIGURE 1 | The flowchart of patient selection.

gray size zone matrix (NGZDM), and gray-level dependence
matrix (GLDM). They are computed on the analysis of the three-
dimensional directions within the tumor and the consideration of
the spatial location of each voxel in the ROI (26). (4) Transformed
features: features in the first and third groups extracted from
images applied with a series of wavelet or Laplacian-of-
Gaussian filtration.

Random forest (RF) and support vector machine (SVM) with
cross-validation (CV) was used for radiomic feature selection
and predictive model building to distinct pGGN-like IVA from
indolent adenocarcinoma (AIS/MIA). Multivariate models were
made in training cohort and were tested in a separate test cohort.
All pGGNs were split into training and test cohorts randomly
by a ratio of 4:1. Three predictive models were created in our
research: (1) Conventional (selected clinical and radiological
quantitative features), (2) Radiomic (selected radiomic features),
and (3) Combined (selected conventional and radiomic features)
predictive models. Subsequently, a binary analysis in which
pGGN-like IVA was set as positive while AIS/MIA was thought
as negative was applied to compare the predictive performance

between radiomic predictive model and two radiologists (A
and B) in the test cohort. Two weeks later, two radiologists,
knowing the performance of our radiomic predictive model and
its diagnosis for each pGGN in the test cohort, reevaluated all
PGGNss in the test cohort.

Statistical Analysis

All the statistical analysis was applied using SPSS 25.0 (IBM,
Armonk, NY, USA) and MedCalc 15.8 (MedCalc Software,
Acacialaan 22, Ostend, Belgium). Tables and figures in our study
were made with GraphPad Prism 5 (GraphPad Software Inc.,
San Diego, CA, USA) and Microsoft Office 2019 (Microsoft,
Redmond, WDC, USA).

Thirty pGGNs were selected randomly to test the repeatability
of nodule diameter and density measurement. Radiologist A and
B did the measurement work of those 30 pGGNSs, respectively.
Two weeks later, radiologist B measured the diameter and density
of these 30 pGGNSs, again according to the same measurement
criteria. Inter-/intra-observer correlation coefficient (ICC) was
calculated for repeatability assessment.
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Smoking history

0.360*

30 (88.2%)
4 (11.8%)
1.09 (0.61, 2.04)
~509.0 (~739.1, —179.8)

29 (96.7%)

59 (92.2%)
5 (7.8%)

0.93 (0.34, 2.04)
_525.8 (~763.2, —179.8)

0.417

121 (87.7%)

109 (90.8%)
11 (9.2%)

0.76 (0.24, 1.92)
—615.0 (~801.7, —122.5)

230 (89.1%)

Never

1(3.3%)

0.70 (0.34, 1.41)
—544.7 (~763.2, —298.9)

(12.3%)
1.13 (0.51, 2.94)
~529.2 (—829.2, —176.9)

17

28 (10.9%)

0.94 (0.24, 2.94)
—583.0 (—829.2, —122.5)

Current or ever

<0.001#

<0.001
<0.001

Diameter (cm)
Density (HU)

0.088*

#Two-sample t-test.

“Fisher exact probability test.

Continuous variables were represented in median (minimum, maximum) without any special statement.

pPGGNSs, pure ground-glass nodules; AlS, adenocarcinoma in situ; MIA, minimally invasive adenocarcinoma; IVA, invasive adenocarcinoma.

For the assessment of clinical, quantitative radiological,
and selected radiomic features, chi-square test or Fisher exact
probability test was utilized for categorical variables. Two-sample
t-test was adopted, if the continuous variables met the normal
test and variance homogeneity test; otherwise, Wilcoxon signed-
rank test was used. Predictive power of each predictive model was
evaluated using receiver operating characteristic (ROC) curve
and area under the curve (AUC). Models with an AUC > 0.50
and a P < 0.05 were thought to be predictive. McNemar’s test
and Kappa analysis were used to compare the binary diagnosis of
two radiologists and radiomic predictive model.

RESULTS

The measurement of nodule diameter and density between senior
radiologist A and junior radiologist B was highly consistent
(ICC > 0.9, P < 0.05). Two weeks later, radiologist B did the
measurement for the 30 selected pGGNs, and the ICC values were
up to 0.955 (P < 0.05) and 0.984 (P < 0.05) for diameter and
density measurement.

Clinical Data and Conventional Image

Features

A total of 322 pGGNs were recruited into this study with 80%
in the training cohort and 20% in the test cohort. The analysis
of clinical and quantitative radiological features in the training
and test cohort were listed in Table 1. In the training cohort,
the median age was 53 years (age range, 25-78 years) and the
majority of cases were female (72.9%) with 28 (10.9%) having
a smoking history. In the test cohort, 52 (81.3%) were female
with a median age of 54 years (age range, 30-72 years) and 59
(92.2%) never smoke. Diameter showed statistical discrepancy
between AIS/MIA and IVA in both training and test cohort (P
< 0.001) while nothing significantly different existed in gender
and smoking status between the two groups. Age and density
exhibited evident difference in training cohort between AIS/MIA
and IVA (P = 0.01 and P < 0.001), but no significant difference
(P > 0.05) appeared between the two groups in test cohort.

Radiomic Feature Selection and Predictive
Model Building

A RF algorithm with 4-fold cross-validation was taken to
calculate the contribution value of each radiomic feature in
the training cohort for the prediction of pGGN-like IVA from
AIS/MIA. Predictive model building was performed using SVM
also combined with 4-fold cross-validation. All the extracted
radiomic features were listed in descending order by the
contribution value for the classifier and were added one by one
as the input for the SVM model training in each iteration of
cross-validation calculation (detailed in Figure 2). In the process
of gradual accumulation of model training, the overall accuracy
of the training cohort was recorded. When sequencing extracted
radiomic features by their contribution value for the classifier
in each iteration, we found that the first 20 radiomic features
contributed much more than other features whose contribution
values were <0.01 and even close to 0. Meanwhile, the first
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FIGURE 2 | The flowchart of the whole study.
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TABLE 2 | Nine selected radiomic features.

Selected radiomic feature Radiomic group Filter associated

R1  Maximum probability GLCM wavelet-LLL

R2  Joint entropy GLCM None

R3  Sum entropy GLCM wavelet-LLL

R4 Joint energy GLCM None

R5  Gray level Non-uniformity GLSZM log-sigma-1-0-mm-3D
R6  Gray level Non-uniformity GLSZM wavelet-LLH

R7  Gray level Non-uniformity GLSZM log-sigma-3-0-mm-3D
R8  Size zone Non-uniformity GLSZM None

R9  Low gray level run emphasis ~ GLRLM log-sigma-3-0-mm-3D

GLCM, gray level co-occurrence matrix; GLSZM, gray level size zone matrix; GLRLM, gray
level run length matrix.

20 radiomic features could increase the classifying performance
dramatically while inclusion of extra features did not make a
big difference to the performance of the SVM classifier in each
iteration. To improve the generalization of our predictive model,
only radiomic features appearing more than three times in the
first 20 of contribution value rank in four iterations of the
4-fold cross validation were selected for final model building.
Those radiomic features that were used for final predictive model
building incorporated four from GLCM, four from GLSZM,
and one from GLRLM. All the nine features are detailed in
Table 2.

We first investigated whether the nine advanced radiomic
features could discriminate IVA from indolent adenocarcinoma

(AIS/MIA) representing as pGGNs. Figure3 shows the
comparison of those nine radiomic features for the distinction
of pGGN-like AIS/MIA and IVA in training and test cohorts.
All the selected radiomic features revealed significant difference
between AIS/MIA and IVA in both training and test cohorts
(P < 0.001). Among the nine radiomic features, three (Maximum
Probability, Joint Energy, and Low Gray Level Run Emphasis)
had larger median values for AIS/MIA while the median values
of six other features (Joint Entropy, Sum Entropy, Gray Level
Non-Uniformity, and Three Different Filtered Size Zone Non-
Uniformity) were higher for IVA than that for AIS/MIA in both
training and test cohorts (detailed in Supplemental Table 3).
Multivariate predictive models were created for each
set of features, involving conventional (age, diameter, and
density), radiomic (nine predictive features), and the combined
(conventional and selected radiomic features) sets. The three
different models presented good predictive power (AUC > 0.8, P
< 0.05) in both training and test cohorts as shown in Figure 4,
Supplemental Table 4. Then, DeLong’s test (34, 35) was applied
to complete the pairwise predictive performance comparison
among the three models, in which no significant difference was
observed (P > 0.05). Figure 5 showed comprehensive parameters
including accuracy, sensitivity, specificity, positive predictive
value (PPV), negative predictive value (NPV), misdiagnosis
rate (MR), and missed diagnosis rate (MDR) of the three
predictive models’ and two radiologists’ binary diagnosis in the
test cohort (detailed in Supplemental Table 5). The accuracy
was 76.56, 71.88, and 78.13% for radiomic, conventional, and
combined predictive models but no big difference was noted in
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FIGURE 3 | (A-l) Selected radiomic features in training and test cohort. Nine selected radiomic features showed significant difference between AIS/MIA and IVA in
both training and test cohorts. Maximum Probability, Joint Energy, and Low Gray Level Run Emphasis had larger median values for AIS/MIA, while the median values
of Joint Entropy, Sum Entropy, Gray Level Non-Uniformity, and Size Zone Non-uniformity were higher for IVA in both training and test cohorts.
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FIGURE 4 | The ROC analysis of the three different predictive model. Three predictive models presented good performance in discrimination between pGGN-like IVA
and AIS/MIA. (A), the predictive performance of three models in the 693 training cohort; (B), the predictive performance of three models in the testing cohort.

comprehensive assessment among the three models (Figure 5),  (conventional or radiomic features), predictive models built
which was consistent with the results of DeLongs test above. In  with machine learning algorithm could predict pGGN-like IVA
a word, no matter what features were used for model training  from AIS/MIA well. The combination of conventional and
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A Accuracy B Accuracy
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FIGURE 5 | The binary diagnosis of predictive models and two radiologists. (A), the first binary diagnosis of the senior radiologist A with 10-year experience in thoracic
imaging diagnosis in test cohort; (B), the first binary diagnosis of the junior radiologist B with 2-year experience in medical imaging diagnosis in test cohort; R, the
binary diagnosis of radiomic predictive model in test cohort; A+R, the second binary diagnosis of radiologist A in test cohort with the aid of radiomic predictive model;
B+R, the second binary diagnosis of radiologist B in test cohort with the aid of radiomic predictive model. PPV, positive predictive value; NPV, negative predictive
value; MR, misdiagnosis rate; MDR, missed diagnosis rate.

TABLE 3 | Performance comparison between radiomic predictive model and two
radiologists in test cohort.

McNemar’s test Kappa analysis

x? P K P
Avs. B 0 1.000 0.316 0.018
Avs. R 7.563 0.004 0.517 <0.001
Bvs. R 4 0.043 0.241 0.070
Avs. A+R 4.9 0.021 0.690 <0.001
Bvs. B+R 5.042 0.023 0.275 0.022
A+Rvs. B+R 1.455 0.227 0.654 <0.001

A, the first binary diagnosis of the senior radiologist A with 10-year experience in thoracic
imaging diagnosis in test cohort; B, the first binary diagnosis of the junior radiologist B with
2-year experience in medical imaging diagnosis in test cohort; R, the binary diagnosis of
radiomic predictive model in test cohort; A+R, the second binary diagnosis of radiologist
A in the test cohort with the aid of radiomic predictive model; B+R, the second binary
diagnosis of radiologist B in the test cohort with the aid of radiomic predictive model.

radiomic features could further improve the diagnosis accuracy
of predictive model, but the improvement was not statistically
significant in our study.

To investigate whether the radiomic predictive model could
help radiologists improve their predictive performance, we then
compared the diagnosis of radiomic predictive model and two
radiologists (Figure 5, Table 3). Radiologist A performed better
than radiologist B with higher diagnostic accuracy, sensitivity,
specificity, PPV, and NPV. Either accuracy or sensitivity,
radiomic predictive model outperformed radiologist A with the

cost of decreased specificity. Significant difference was observed
between the binary diagnosis of radiomic predictive model and
that of two radiologists (A vs. R, x? = 7.563, P = 0.004, B vs.
R, x? = 4, P = 0.043). Generally speaking, Radiomic predictive
model showed better performance than two radiologists in
the prediction between pGGN-like IVA and AIS/MIA. Two
radiologists dramatically improved their diagnostic accuracy to
79.69 and 75.00% with the aid of radiomic predictive model (A
vs. A+R, x2 =4.9,P=0.021, Bvs. B+R, x2 = 5.042, P = 0.023).
The comparison of the second diagnosis of two radiologists
revealed that when having the guidance from radiomic predictive
model, no statistical difference existed between two radiologists
in prediction of pGGN-like IVA and AIS/MIA (A+R vs. B+R,
x? =1.455,P =0.227).

DISCUSSION

When it comes to pure ground-glass pulmonary nodules,
clinicians tend to choose follow-up as their first choice for
management. However, according to previous studies (4, 5,
31), a certain proportion of IVA that needs surgical treatment
could be pGGNs on CT scans. If a pGGN-like IVA was
misdiagnosed as a benign lesion or indolent adenocarcinoma
and was given a prescription of follow-up, it might progress
during the interval or even metastasize and miss the optimal
time for surgical intervention. Conventional radiological features
like lobulated signs, spiculations, bubble lucencies, and pleura
traction have been demonstrated to be helpful to differentiate
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the malignancy of pulmonary nodules and the invasiveness
of lung adenocarcinoma (36, 37). However, pGGN-like lung
adenocarcinoma tends to be in small volume with a large
similarity in morphological characteristics and the assessment
of the conventional radiological features is easy to be affected
by the subjectivity of doctors, it remains a challenge to make
a precise judgement for pGGNs without surgical intervention.
Percutaneous biopsies may be helpful in determining the
nature of pulmonary nodules. Nevertheless, it is an invasive
tissue extraction method with the possibility of postoperative
complications, and due to the tumor heterogeneity, it is not
persuasive to represent the characteristics of the entire lesion with
only a tiny tissue (20, 38). In some cases, because of nodules
location and size, percutaneous biopsies may not be a good choice
for diagnosis. Thus, the diagnosis of pGGNs remains a thorny
point for clinical research.

Heidinger et al. reported that two-dimensional diameter
could provide enough information for pulmonary nodule risk
classification in their quantitative analysis based on CT images (4,
39). In our study, the diameter of pGGNs showed a significantly
different distribution between IVA and indolent adenocarcinoma
(AIS/MIA), which was consistent with previous reports. Kitami
et al. acclaimed that almost all the pGGNs with a diameter
<10mm and a density of no more than —600 HU were
demonstrated to be preinvasive lesions in their study (40). The
medians of density in our training and test cohort were —583.0
and —525.8 HU, both slightly higher than —600 HU, which might
have something to do with the difference in lung adenocarcinoma
classification. We classified MIA into indolent adenocarcinoma,
which might lead to the increase in density medians.

Radiomics is a new quantitative image analysis approach that
allows thorough exploration in medical images and has attracted
more and more attention in the field of medicine in recent years.
In this study, we obtained plenty of quantitative radiomic features
(960 for each nodule) from routine thoracic CT images using
machine learning techniques and completed the quantitative
analysis of pGGN-like adenocarcinoma classification on the
basis of conventional clinical, quantitative radiological, and
selected radiomic features. Nine selected radiomic features
demonstrated good performance in distinction of the IVA and
indolent adenocarcinoma representing pGGNs on unenhanced
CT images. Nine selected radiomic features in our study
consisted of four GLCM-based features, four GLSZM-based
features, and one GLRLM-based feature, which were analyzed
as follows:

(1) Four radiomic features from GLCM: Maximum
Probability, Joint Entropy, Sum Entropy, and Joint Energy.
GLCM was used to compare the gray level correlation between
two points in a certain distance in a spatial position, which
reflects the comprehensive information about pixel distribution
including direction, distance, gray value, and the pattern of gray
level arrangement (41, 42). Maximum Probability refers to a pair
of pixels with the highest frequency in a GLCM (43, 44). Entropy
is a parameter describing the complexity of an image, which
means the larger the entropy value of an image is, the more
complex the image is (43). Energy is related to the uniformity
of gray level distribution and the roughness of image texture

with a larger energy indicating a more regular and more stable
texture (42, 43). In our study, Maximum Probability and Joint
Energy got higher median values for AIS/MIA in the training
as well as test cohort while Joint Entropy and Sum Entropy in
IVA were higher than that in AIS/MIA in both training and test
cohort. This might have something to do with that AIS/MIA
tend to be homogeneous, which results in a higher probability of
finding pixels with same distribution pattern in AIS/MIA and the
different entropy and energy values between AIS/MIA and IVA.

(2) Four radiomic features from GLSZM and one from
GLRLM: Gray Level Non-Uniformity filtered with LOG or
wavelet algorithm, Size Zone Non-Uniformity, and Low Gray
Level Run Emphasis. GLSZM refers to the number of pixels that
share the same gray level intensity and the same arrangement
pattern in an image while GLRLM calculates the number of
pixels with the same gray level value and distribution pattern in
a certain direction (45-47). Gray Level Non-Uniformity and Size
Zone Non-Uniformity indicate the variability of gray level and
size zone volumes in an image, with a higher value referring to
more heterogeneity in ROIs (46, 47). In our study, the median
values of Gray Level Non-Uniformity and Size Zone Non-
Uniformity were higher for IVA, which might be related to the
fact that IVA tends to be more heterogeneous. Low Gray Level
Run Emphasis analyzes the distribution of low gray level values
in an image (47). The homogeneity and relatively lower average
density of AIS/MIA might lead to the higher median value of Low
Gray Level Run Empbhasis for AIS/MIA in our study.

Chen et al. picked 76 features meaningful for the distinction of
malignancy of pulmonary nodules from 750 extracted radiomic
features and built a predictive model whose accuracy was up to
84% using four selected advanced features (20). Yagi et al. carried
out the texture analysis of high-resolution computed tomography
(HRCT) and found that 90th percentile and entropy performed
well in discrimination between AIS/MIA and IVA with an
AUC value of 0.90 (95% CI: 0.84-0.95) (13). Three different
predictive models set with clinical, radiological, and nine selected
radiomic features from 960 features extracted from unenhanced
CT images in our study all presented good predictive power in
the discrimination between AIS/MIA (indolent adenocarcinoma)
and IVA (AUC > 0.8, P < 0.05). She et al. extracted radiomic
features from radiological data of 402 cases (207 for training
and 195 for test) diagnosed with lung adenocarcinoma and
selected five meaningful radiomic features to build a predictive
model that outperformed significantly the predictive model only
built with conventional radiological features including nodule
diameter for the discrimination between IVA and AIS/MIA (11).
However, no apparent difference existed between conventional
and radiomic predictive models in our study (P > 0.05).
Combining conventional and radiomic features could improve
the AUC value of combined predictive model, but it was not
statistically significant. This might be caused by the difference of
our study population. All types of pulmonary nodules including
solid and subsolid nodules, which have heterogeneous internal
density in lesions, were used for She’s study. Therefore, compared
with conventional radiological features such as diameter and
density, radiomic features could more thoroughly analyze the
variability and distribution of gray level intensity in ROI, which
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would provide more valuable information for improvement the diagnostic ability of senior radiologist A was higher than
in diagnostic performance of predictive models. However, the  that of junior radiologist B and the radiomic predictive model
relatively obscure variability of gray level intensity in pGGNs  outperformed two radiologists. When having the diagnosis of the
might result in the limited reference value for radiomic features  radiomic predictive model for reference, two radiologists could
in prediction between pGGN-like IVA and AIS/MIA, which  significantly improve their performance in prediction pGGN-
potentially led to the similar diagnostic performance among like IVA from AIS/MIA. What is more, no significant difference
our three predictive models. Nevertheless, predictive models  existed between the second diagnosis from two radiologists
built using either radiomic or conventional radiological features ~ with the aid of the radiomic predictive model. The predictive
presented good performance in distinction between pGGN-  model built using selected radiomic features in our research
like IVA and AIS/MIA, which further confirmed the possibility ~ could obviously improve the ability of radiologists in prediction
of machine learning methods for the differentiation of the  between pGGN-like IVA and AIS/MIA, especially for the junior
invasion of pGGN-like lung adenocarcinoma. In conclusion, the  radiologist; it could help radiologist B reach the level of the senior
predictive models established in our study could still provide radiologist As diagnostic ability, which had certain potential
certain guidance for clinicians to make accurate diagnosis. clinical meaning.

To assess whether the radiomic predictive model could There were also some limitations in our study. First, this
improve radiologists’ performance in diagnosis of pGGN-like = was a retrospective study in which all the cases were sorted
lung adenocarcinoma, we further compared the dichotomous  according to rigorous exclusion criteria. There was certain
diagnosis of the radiomic predictive model and two radiologists. ~ inherent selection bias in it. Meanwhile, 322 pGGNs were not
There was a dramatic difference between radiologist A and  large enough for this quantitative study, compared with 960
radiologist B in the values of diagnostic accuracy, sensitivity,  features for each nodule. Further data collection including data
and specificity. The Kappa analysis revealed bad consistency  from other clinic centers would be done to evaluate these
between the results of the two radiologists (¢ = 0.316, P =  models predictive reproducibility. Second, the feature selection
0.018) while McNemar’s test between that of two radiologists  driven by restrictive algorithm (<1% features remaining after)
showed no significant difference (P < 0.05). This was related to ~ might lead to a certain loss of potential predictive features for
the mechanisms of two statistical methods. McNemar’s test only  distinction. Despite the significant feature reduction, we were
compares results with collision in two diagnostic methods instead ~ still able to find predictive features with high robustness. Third,
of using comprehensive data acquired in a study while Kappa  limitations of this trial included the lack of standardization
analysis calculates the consistency in all data (48-50). Figure 6  in image acquisition completed on various CT scanners. A
shows the mechanism of McNemar’s test and the formula for  voxel-resampling was applied to reduce the influence from the
calculating the value of x2. A small (b - c) leads to a small x?-  variability in image acquisition protocols in our study, but the
value, which results in a P-value of more than 0.05 no matter ~ above problem may still have a certain impact on the feature
whether the data have actual clinical significance or not. In our  selection and model building. Thus, the standardization of image
test cohort, 32.8% (21/64) of the pGGNs had diverse diagnoses  acquisition and establishment of database with high quality are
from two radiologists, while the value of (b - ¢) is only 1, urgently required for radiomic research. Finally, we chose a semi-
which resulted in a value of 0 for x2. In this special situation,  automatic method to complete the pGGN segmentation. Though
McNemar’s test and Kappa analysis should be combined with  consistent segmentation for each pGGN had been reached
actual data distribution to complete the comparison of two  through negotiation by two radiologists, there was still some
radiologists’ diagnosis. The comprehensive analysis showed that  interobserver difference existing in this procedure. A reliable

A Method A
Positive (+) Negative (-)
Positive (+) a b
Method B .
Negative (=) c d
B 2
(b-c)
= v=1-ee 1
b+c
, (b—¢-D? . )
Z = Y=
¢ b+c
FIGURE 6 | (A) The mechanism of McNemar’s test. (B) The calculation formula for x2-value. Formula (1) would be used if (b 4 ¢) >40; otherwise, formula (2) should
be chosen.
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automatic segmentation algorithm that can be applied in clinical
practice is still to be developed.

CONCLUSION

Nine selected radiomic features in our research showed different
distribution between IVA and AIS/MIA, which could provide
some guidance for clinical practice. The predictive models
established using conventional clinical, radiological, or radiomic
features could help to distinguish the invasiveness of pGGN-
like lung adenocarcinoma, but radiomic features could not
offer more meaningful information to improve the performance
of the combined model created in our study. The diagnostic
performance of the radiomic predictive model established in
our study was better than that of the two radiologists, and
the predictive model could provide auxiliary information for
radiologists (especially for junior radiologists) to improve their
diagnostic ability in discrimination between pGGN-like IVA
and AIS/MIA.
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