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Objectives: To establish a multi-classification model for precisely predicting the
invasiveness (pre-invasive adenocarcinoma, PIA; minimally invasive adenocarcinoma,
MIA; invasive adenocarcinoma, IAC) of lung adenocarcinoma manifesting as pure
ground-glass nodules (pGGNs).

Methods: By the inclusion and exclusion criteria, this retrospective study enrolled 346
patients (female, 297, and male, 49; age, 55.79 ± 10.53 (24-83)) presenting as pGGNs
from 1292 consecutive patients with pathologically confirmed lung adenocarcinoma. A
total of 27 clinical were collected and 1409 radiomics features were extracted by
PyRadiomics package on python. After feature selection with L2,1-norm minimization,
logistic regression (LR), extra w(ET) and gradient boosting decision tree (GBDT) were used
to construct the three-classification model. Then, an ensemble model of the three
algorithms based on model ensemble strategy was established to further improve the
classification performance.

Results: After feature selection, a hybrid of 166 features consisting of 1 clinical (short-axis
diameter, ranked 27th) and 165 radiomics (4 shape, 71 intensity and 90 texture) features
were selected. The three most important features are wavelet-HLL_firstorder_Minimum,
wavelet-HLL_ngtdm_Busyness and square_firstorder_Kurtosis. The hybrid-ensemble
model based on hybrid clinical-radiomics features and the ensemble strategy showed
more accurate predictive performance than other models (hybrid-LR, hybrid-ET, hybrid-
GBDT, clinical-ensemble and radiomics-ensemble). On the training set and test set, the
model can obtain the accuracy values of 0.918 ± 0.022 and 0.841, and its F1-scores
respectively were 0.917 ± 0.024 and 0.824.

Conclusion: The multi-classification of invasive pGGNs can be precisely predicted by our
proposed hybrid-ensemble model to assist patients in the early diagnosis of lung
adenocarcinoma and prognosis.

Keywords: adenocarcinoma of lung, pure ground-glass nodule, computer-assisted diagnosis, neoplasm
invasiveness, early diagnosis, prognosis
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INTRODUCTION

At present, with the widespread clinical application of computed
tomography (CT) and the popularity of early lung cancer
screening, more and more ground-glass nodules (GGNs) are
detected. GGN is a nodule showing hazy increased density on
thin-slice CT, with preservation of bronchial and vascular margins
(1, 2). According to whether there are solid components in the
lesion, GGN can be further divided into pure GGN (pGGN) and
part-solid GGN. The appearance of a persistent invasive pGGN
may suggest a high risk of early malignant tumor, so
distinguishing the invasiveness of pGGNs is critical. A
pathological classification was established in 2011 with respect
to the degree of invasion: atypical adenomatous hyperplasia
(AAH), adenocarcinoma in situ (AIS), minimally invasive
adenocarcinoma (MIA) and invasive adenocarcinoma (IAC) (3).

In general, the tumor doubling time of pre-invasive
adenocarcinoma (PIA, namely AAH/AIS) can reach more than
two years, and through partial resection, the 5-year survival rate
of patients can reach 100% (4–7). For MIA, sublobectomy or
lobectomy is commonly used, and the 5-year survival rate is close
to 100%. For IAC, unless the lesion diameter is less than 2 cm or
the ground-glass component is greater than 75%, the 5-year
survival rate is only 60%-80% even if lobectomy and lymph node
dissection are performed. Therefore, the preoperative
differentiation of PIA, MIA and IAC appearing as pGGNs is
very important for clinical decision making.

At present, the invasiveness of pGGNs is usually diagnosed
clinically based on conventional qualitative and quantitative CT
parameters that can be recognized by radiologists with naked eyes,
such as the average CT value, lesion size, lobulation and
spiculation et al. (8–11). However, the recognition of these
features largely depends on the experience of radiologists, which
is subjective and time-consuming. Radiomics, as an emerging
technology, transforms medical images into quantitative data and
then extracts many quantitative features that can be used to
accurately and quickly evaluate tumor characteristics (12). It has
the advantages of strong explanation andmore stable performance
on a large number of small-scale medical data sets. At present, it is
still widely studied in the field of clinical computer-aided detection
(CAD). The domain of investigation in radiomics consists of large-
scale radiological image analysis and association with biological or
clinical endpoints such as differential diagnosis, survival time
prediction, disease metastasis prediction and so on (13–15).
Many studies have confirmed that radiomics had high clinical
application value in the invasiveness classification of lung
adenocarcinoma manifesting as GGNs (2, 16–19). Our previous
research also established an efficient clinical-radiomics model to
classify the invasiveness of pGGNs (20). However, current studies
mainly predicted the invasiveness of lung adenocarcinoma as
invasive or non-invasive, and multi-classification studies with
more clinical application value were rarely conducted to
distinguish the degree of invasion in more detail.

Therefore, this study aims to use quantitative imaging and
clinical semantic features to establish a multi-classification
radiomics model that can accurately predict different invasion
grades (PIA, MIA, IAC) of pGGNs, and assist patients in the early
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diagnosis of lung cancer and prognosis. We used a large number of
clinical features provided by radiologists and radiomics features
extracted from CT images. The model ensemble strategy can
integrate results obtained from multiple classifiers, and has been
proven to obviously improve classification and generalization
performance in various research fields (21, 22). So in this work,
we introduced this strategy to integrate the classification results of
three algorithms, and finally constructed a multi-classification
model to effectively distinguish the degree of invasion for
pGGNs. The framework of our proposed model is shown
in Figure 1.
METHODS AND MATERIALS

Patients
Our study was approved by the institutional review board (No. S-
K1061), and informed consent was waived. This retrospective
study reviewed the CT images of lung adenocarcinoma patients
confirmed by the surgical pathology of Peking Union Medical
College Hospital from November 2016 to August 2020. The
inclusion criteria were as follows: (1) CT examination within one
month before surgery; (2) isolated nodules with pure GGN
Section (maximum long-axis diameter < 3 cm); (3) Tumor
lesions in the clinical stage of T1N0M0. The exclusion criteria
were as follows: (1) Radiotherapy or chemotherapy before CT
examination; (2) pGGNs with very small size (maximum long-
axis diameter < 3 mm). The demographic and clinical data (such
as gender, age, smoking history, etc.) of patients were
also recorded.

Image Acquisition
Non-contrast enhanced chest CT scans were carried out using
multidetector CT scanners from Siemens (Somatom Definition
Flash or Somatom Force), General Electric (Discovery CT750
HD), Philips (IQon CT) or Toshiba (Aquilion 64). Breath-hold
training was carried out before each examination. The following
scanning parameters were used: slice thickness/slice increment
1 mm, 0.625 mm or 0.5 mm; rotation time 0.5 or 0.6 second;
pitch 0.984 or 1.2; matrix 512*512; field of view (FOV): 350 mm;
standard algorithm reconstruction; tube voltage 120 kVp, tube
current adjusted automatically.

Volumes of Interest (VOIs) Segmentation
The anonymized thin-slice CT images (≤1 mm, DICOM format)
was delineated and segmented on lung window (window width,
1200 HU; window level, -500 HU) using ITK-SNAP (www.itk-
snap.org). Two radiologists (with 15 and 4 years of experience in
chest CT image interpretation) manually segmented the nodules
slice by slice, both of them were blinded to the clinical data of
each subject. Finally, segmentation results were output as three-
dimensional VOI files (NRRD format) for subsequent
feature extraction.

Radiomics Feature Extraction
A total of 1409 radiomics features were extracted from the three-
dimensional VOI of each tumor by PyRadiomics package
April 2022 | Volume 12 | Article 800811
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(version 2.1.2) (23) on python (version 3.7.1). We extracted three
categories consisting of 1409 radiomics features (Figure 2): (I)
Tumor shape features (n = 14). They were used to quantify the
degree of regularity of tumor volume shape, and all 14 features
were only from the original image. (II) Tumor intensity features
Frontiers in Oncology | www.frontiersin.org 3
(n = 270). They included 18 original image features and 252
filtered image features to describe the overall density information
of each tumor volume. Each original image feature was
recalculated through 14 filters, so 252 filtered image features were
obtained (18 * 14 = 252). (III) Tumor texture features (n = 1125).
FIGURE 1 | The framework of ensemble multi-classification model based on hard voting. It includes volumes of interest (VOIs) segmentation, clinical feature
collection and radiomics feature extraction, division of training set and test set, data expansion on the training set, feature selection, parameter training of three
models, model ensemble with the hard voting and model performance testing.
FIGURE 2 | The type description of 1409 radiomics features. A total of 1409 features consisting of intensity, shape and texture features are extracted from the original
images and filtered images. A total of 14 filters are used to calculate the original intensity and texture features, respectively.
April 2022 | Volume 12 | Article 800811
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They were used to describe the heterogeneity within the tumor
volume by gray level co-occurrence matrix (GLCM, n = 336),
gray level run length matrix (GLRLM, n = 224), gray level size
zone matrix (GLSZM, n = 224), gray level dependence matrix
(GLDM, n = 196) and neighbourhood gray-tone difference
matrix (NGTDM, n = 70). Among them, there were 75
features from the original image (GLCM = 24, GLRLM = 16,
GLSZM = 16, GLDM = 14, NGTDM = 5). Similar to the intensity
features, original texture features were also calculated through 14
filters, and a total of 1050 filtered features were obtained (75 *
14 = 1050).

Data Division and Expansion
In this work, a total of 346 pGGNs were randomly assigned to the
training set (n = 277) and test set (n = 69) at a ratio of 8:2. Due to
the existing problem of data imbalance (PIAs: MIAs: IACs = 88:
71: 118) on the training set, the synthetic minority oversampling
technique (SMOTE) was used to expand and balance the number
of samples (24). It is a commonly used data augmentation
technology to deal with unbalanced data, by calculating the
Euclidean distance between samples and then inserting new
samples to original dataset automatically. On the training set,
the 277 cases of three categories was expanded to 606 cases (PIAs:
MIAs: IACs = 202: 202: 202), in which the ratio of the three
categories was 1:1:1. The cases on the test set (PIAs: MIAs: IACs =
21: 18: 30) must maintain independence and no data expansion.

Feature Selection
After collecting 27 clinical features and extracting 1409 radiomics
features, a total of 1436 hybrid clinical-radiomics features were
obtained. Since a large number of redundant features could reduce
the classification effect and cause the model to be highly complex,
this study used the L2,1-norm minimization (25) for feature
selection. The total 1436 features were first sorted from high to
low according to their importance (weight coefficients) to the
classification label (26), and then the top features were selected to
participate in the classification. The number of selected features
was determined according to the classification results of 10-fold
cross-validation (27) on the training set.

Construction of Multi-
Classification Models
In this study, we first respectively used logistic regression (LR),
extra trees (ET) and gradient boosting decision tree (GBDT)
algorithms to construct the three-classification model for
predicting the invasiveness of pGGNs based on the selected
hybrid clinical-radiomics features. Furthermore, in order to
improve the classification performance, we adopted the model
ensemble strategy of hard voting (22) to integrate the prediction
results of the three algorithms. In addition, we also used
independent clinical features and independent radiomics
features to respectively construct ensemble models of the three
algorithms as the comparisons. These algorithms were
implemented by the scikit-learn package (version 0.23.2), and
all model training process was completed on python 3.7.1. The
10-fold cross-validation and grid search were used to find
Frontiers in Oncology | www.frontiersin.org 4
optimal hyperparameters on the training set, and then the
manual fine-tuning process was executed.

Statistical Methods
The performances of all multi-classification models were
quantitatively evaluated by the precision, recall, F1-score,
accuracy on the training set and the independent test set:

Precision =
TP

TP + FN
   (1)

Recall =
TP

TP + FN
   (2)

F1 − score =
2 · recall ∗ precision
(recall + precision)

=
2 · TP

2 · TP + FN + FP
   (3)

Accuracy =
TP + TN

TP + TN + FP + FN
   (4)

where TP, TN, FP and FN stand for true positive, true negative,
false positive and false negative, respectively. And all evaluation
metrics were performed in the scikit-learn package. The above
evaluation indicators of multi-classification can be directly
calculated through python (version 3.7.1). Other simple data
recording and calculation were done using Excel 2016 (Microsoft
Corp., Seattle, WA, USA). And the statistical significance of t-test
was set at p < 0.05.
RESULTS

The Result of Patient Screening
In this study, a total of 1292 consecutive patients with
pathologically confirmed lung adenocarcinoma presenting as
ground glass opacity (GGO) nodules on thin-slice CT at our
hospital (2016/11-2020/08) were initially collected. By inclusion
criteria, 630 patients were obtained and then further screened by
exclusion criteria (Figure 3). Finally, 346 pGGNs met the
standard. All pGGNs were confirmed by experienced
radiologists as AAH (n = 29), AIS (n = 80), MIA (n = 89), or
IAC (n = 148).

Patients and Clinical Features Collection
The clinical features collected by the research include 4 basic
clinical features from medical records and 15 conventional CT
features, as shown in Table 1. This study used one-hot encoding
to quantitatively process clinical features. One-hot encoding is a
data processing method that converts qualitative disordered data
into quantitative ordered data (28). The main idea is to use
multiple state registers to encode multiple states, so that each
state has an independent register, and only one digit is valid at
any time (29). After one-hot encoding, 19 original clinical
features were converted into 27 usable features. The cases in
the training set and the test set do not show significant
differences in all clinical features.
April 2022 | Volume 12 | Article 800811

https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles


Song et al. Multi-Classification of Invasive pGGNs
The Result of Feature Selection
This multi-classification research used the L2,1-norm
minimization and logistic regression algorithm to perform
feature selection from the 1436 hybrid clinical-radiomics
features on the training set. As shown in Figure 4, the average
accuracy and standard deviation values corresponding to the
number (1 ≤ n ≤ 300) of selected features were calculated by 10-
fold cross-validation. It could be seen that when the number of
selected features was 166, the highest accuracy value (0.931 ±
0.026) with a small standard deviation was obtained on the
training set, so these 166 features could form an effective feature
set for distinguish the degree of invasion for pGGNs. The detailed
results of feature selection are shown in Supplementary Table S1.

Analysis of Selected Features
The weight coefficients of top 10 features are shown in Figure 5A,
and the complete weight coefficients of all 166 features are listed in
Supplementary Table S2. The threemost important features with the
highest weight coefficients are wavelet-HLL_firstorder_Minimum
(0.568) , wavelet-HLL_ngtdm_Busyness (0.542) and
square_firstorder_Kurtosis (0.476).

As shown in Figure 5B, the 166 selected features include 1
clinical feature (clinical short-axis diameter, ranked 23th) and 165
radiomics features. There are 4 (2%), 71 (43%) and 90 (55%)
radiomics features from the tumor shape, intensity and texture
features, respectively. Among the 90 tumor texture features, GLCM
(n = 18), GLDM (n = 23), GLRLM (n = 18), GLSZM (n = 26) and
NGTDM (n = 5) are all clearly present. We further analyze the
importance of different categories of the selected 166 features
through the average weight coefficient, as shown in Figure 5C.
There is only one clinical feature, so its p value cannot be calculated.
Among other radiomics categories, the features of intensity, texture
GLDM, texture GLSZM and texture NGTDM show higher average
weight coefficients than other feature categories, but no significant
differences are found. Therefore, it can be considered that each
Frontiers in Oncology | www.frontiersin.org 5
feature category plays an important role for the multi-classification
of invasiveness of pGGNs. The Figure 6 shows the specific CT
images of short-axis diameter with different invasion levels (AAH,
AIS, MIA and IAC).

Predictive Performance of Multi-
Classification Models
In this study, in order to distinguish among PIAs, MIAs and IACs,
we respectively used three machine learning algorithms (LR, ET
and GBRT) based on hybrid clinical-radiomics features to
construct three multi-classification models. The three models
were named hybrid-LR, hybrid-ET and hybrid-GBDT. We
further integrated the results of three algorithms to obtain a
hybrid-ensemble model through the model ensemble strategy. In
addition, we also carried out the feature selection process from
independent clinical features or radiomics features, as shown in
Figure S2. Then we respectively constructed the clinical-ensemble
model and radiomics-ensemble model based on the selected 20
clinical features and 275 radiomics features. Therefore, a total of 6
models were constructed, and their prediction confusion matrices
on the test set are shown in Figure 7. It can be observed that the
prediction performance of the six models for PIAs and IACs is
better thanMIAs, and the misclassified MIAs are more likely to be
predicted as IACs than PIAs. The hybrid-ensemble model
correctly classified more pGGNs on the test set compared to
other five models. It could distinguish between the PIAs and IACs
perfectly (There is no misclassification between the PIAs and
IACs), and their wrong predictions were all classified as MIAs. For
the hybrid-ensemble model, most of the misclassified cases (n = 6)
of MIAs were predicted to be IACs, and only one MIA was
incorrectly predicted as PIA.

For the 6 models, Table 2 quantitatively lists their sensitivities of
different invasion levels and overall classification accuracies on the
training set and test set. Consistent with what is observed in Figure 5,
the hybrid-ensemble model shows the strongest predictive
FIGURE 3 | Flowchart of patient enrollment and exclusion criteria of data set. Numbers in parentheses are the numbers of pGGNs. GGO, ground glass opacity nodule.
April 2022 | Volume 12 | Article 800811
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performance among all 6 models. On the training set and test set, it
obtained the F1-scores of 0.917 ± 0.024 and 0.824, and its accuracy
values respectively were 0.918 ± 0.022 and 0.841. That indicated that
the model ensemble strategy and hybrid clinical-radiomics features
are important to improve the three-classification performance.
DISCUSSION

In this study, we collected 27 clinical features and extracted 1409
radiomics features from each tumor three-dimensional VOI.
After feature selection, we selected an effective feature set
consisting of 166 features from the 1436 hybrid clinical-
Frontiers in Oncology | www.frontiersin.org 6
radiomics features. Based on the 166 hybrid features, we used
three machine learning algorithms (LR, ET and GBDT) to
construct three multi-classification models to distinguish the
different invasion levels (PIA, MIA and IAC) of pGGNs. We
further integrated the results of three algorithms to obtain a
hybrid-ensemble model through the model ensemble strategy.
Finally, we successfully constructed a multi-classification model
to effectively distinguish different degrees of invasion for pGGNs.
The proposed hybrid-ensemble model achieved the F1-score of
0.824 and an accuracy value of 0.841 on the independent test set,
showing promising classification performance.

A precise diagnosis of the tumor invasion status is very
important to guide individualized therapy in clinical practice.
TABLE 1 | Clinical features of 346 patients on the training set and test set.

Clinical features Total (n=346) Training set (n=277) Test set (n=69) p
value

Age (years) 55.79 ± 10.53 (24-83) 55.72 ± 10.83 (27-83) 56.06 ± 10.70 (24-76) 0.811
Gender 0.391
Female 297 (85.8) 240 (86.6) 57 (82.6)
Male 49 (14.2) 37 (13.4) 12 (17.4)

Smoking history 0.419
Never smoker 319 (92.2) 257 (92.8) 62 (89.9)
Former/current smoker 27 (7.8) 20 (7.2) 7 (10.1)

Smoking index (pack-years) 1.34 ± 6.18 (0-75) 1.27 ± 6.34 (0-75) 1.59 ± 5.50 (0-30) 0.698
Lesion involved lobe 0.764
Right upper lobe 126 (36.4) 101 (36.5) 25 (36.2)
Right middle lobe 17 (4.9) 12 (4.3) 5 (7.2)
Right lower lobe 62 (17.9) 51 (18.4) 11 (15.9)
Left upper lobe 99 (28.6) 80 (28.9) 19 (27.5)
Left lower lobe 42 (12.1) 33 (11.9) 9 (13.0)

Maximum long-axis diameter (mm) 12.39 ± 5.60 (3.5-30) 12.37 ± 5.63 (3.5-30) 12.49 ± 5.50 (3.9-26) 0.879
Short-axis diameter (mm) 9.92 ± 4.47 (1.8-29) 9.90 ± 4.53 (1.8-29) 10.01 ± 4.23 (2.3-22) 0.856
Mean CT attenuation (HU) -531.60 ± 138.07 (-801.5, -188) -533.19 ± 138.15 (-790.9, -188) -525.23 ± 138.59 (-801.5, -202.3) 0.669
SD of CT attenuation (HU) 96.72 ± 76.21 (4.5-1059) 97.88 ± 79.59 (4.5-1059) 92.07 ± 61.10 (16.1-317.1) 0.572
Nodule shape 0.980
Round or oval 165 (47.7) 132 (47.7) 33 (47.8)
Irregular or polygonal 181 (52.3) 145 (52.3) 36 (52.2)

Tumor-lung interface 0.448
Ill-defined 38 (11.0) 31 (11.2) 7 (10.1)
Well-defined and smooth 207 (59.8) 168 (60.6) 39 (56.5)
Well-defined but coarse 101 (29.2) 78 (28.2) 23 (33.3)

Spiculation (-) 115 (33.2) 91 (32.9) 24 (34.8) 0.761
Spiculation (+) 231 (66.8) 186 (67.1) 45 (65.2)
Lobulation (-) 128 (37.0) 106 (38.3) 22 (31.9) 0.327
Lobulation (+) 218 (63.0) 171 (61.7) 47 (68.1)
Cavity (-) 343 (1) 274 (98.9) 69 (100) 0.387
Cavity (+) 3 (0) 3 (1.1) 0 (0)
Vacuole sign (-) 92 (26.6) 72 (26.0) 20 (29.0) 0.616
Vacuole sign (+) 254 (73.4) 205 (74.0) 49 (71.0)
Air bronchogram (-) 224 (64.7) 184 (66.4) 40 (58.0) 0.189
Air bronchogram (+) 122 (35.3) 93 (33.6) 29 (42.0)
Vascular convergence (-) 155 (44.8) 127 (45.8) 28 (40.6) 0.432
Vascular convergence (+) 191 (55.2) 150 (54.2) 41 (59.4)
Intranodular vascular anomaly 0.737
None 86 (24.9) 70 (25.3) 16 (23.2)
Vessels entering with natural contour 99 (28.6) 79 (28.5) 20 (29.0)
Vessels ingress into the nodule with dilated or

distorted branches
161 (46.5) 128 (46.2) 33 (47.8)

Pleural retraction sign (-) 243 (70.2) 193 (69.7) 50 (72.5) 0.651
Pleural retraction sign (+) 103 (29.8) 84 (30.3) 19 (27.5)
April 2022 | Volume 12 | Article 8
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Early-stage lung adenocarcinoma often presents as GGN and has
atypical features, which makes the differential diagnosis of the
adenocarcinoma subtypes more difficult. Therefore, auxiliary
identification by radiomics is necessary for early detection and
prognosis of patients. Current researches mainly predicted the
invasiveness of lung adenocarcinoma as invasive or non-invasive
Frontiers in Oncology | www.frontiersin.org 7
(2, 16–20, 30–33), and the multi-classification studies were rarely
conducted to distinguish the degree of invasion in more detail.
Our study attempted the three-classification of aggressive
pGGNs, which is more meaningful.

Through the quantitative analysis of CT images, radiomics
could objectively reflect both the attenuation and dispersion of
FIGURE 4 | Feature selection of hybrid clinical-radiomics model using L2,1-norm minimization and logistic regression algorithm. The horizontal axis is the number of
selected features (1 ≤ n ≤ 300). The vertical axis shows the corresponding average accuracy value of 10-fold cross-validation on the training set, and the gray area is
the standard deviation. When the feature number is 166, the maximum accuracy value is obtained with the small standard deviation.
A

B C

FIGURE 5 | Feature analysis. (A) Histogram showing the weight coefficients of top 10 features within selected 166 hybrid features; (B) Description about category
names, numbers and percentages of the 166 features; (C) The average weight coefficient of every category for the selected 166 features (There is only one clinical
feature, so its p value cannot be calculated. No significant differences are found among other categories).
April 2022 | Volume 12 | Article 800811
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gray level intensity, which might not be evident in direct visual
assessments. Recent studies have shown that intensity and
texture radiomics features are useful for predicting the
invasiveness of lung adenocarcinoma presenting as GGNs (17,
18). This finding is consistent with our study, as the machine
learning feature selection procedure selected 71 (43%) intensity and
90 (55%) texture features to establish the hybrid-ensemble model.
Frontiers in Oncology | www.frontiersin.org 8
In addition, in total 166 features were selected, of which only one
clinical feature (short-axis diameter, ranked 23th). It meant that
the short-axis diameter was the most important parameter for
the invasive classification of pGGNs among the 27 clinical
features. We found that in general, lung nodules with large
short-axis diameter have the higher degree of invasion.
Compared with the maximum long-axis diameter, the short-axis
FIGURE 6 | Examples of short-axis diameter (the vertical diameter of the longest diameter of the largest cross-section) (mm) for the four levels of invasion. We found
that it is the only clinical feature in the 166 selected features used by the proposed hybrid-ensemble model. From left to right: atypical adenomatous hyperplasia
(AAH), 6.54 mm; adenocarcinoma in situ (AIS), 4.00 mm; minimally invasive adenocarcinoma (MIA), 10.00 mm; invasive adenocarcinoma (IAC), 17.39 mm.
A B

D E F

C

FIGURE 7 | The confusion matrices of various models on the test set. LR, logistic regression; ET, extra trees; GBDT, gradient boosting decision tree. (A–C) Three
algorithms (LR, ET, GBDT) with hybrid clinical-radiomics features; (D–F) Clinical model, radiomics model and hybrid clinical-radiomics model based on model ensemble
of the three algorithms.
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diameter implies a longer diameter in the vertical direction,
which represents more nodule size information. Previous studies
(16, 30–32) found that the size (usually quantified by area) of the
nodule is an important parameter for assessment of lung
adenocarcinoma invasiveness, which is somewhat consistent
with short-axis diameter. However, we believe that the short-
axis diameter may be more advantageous in some respects, as it
contains information about the shape of the nodule in addition to
its size.

Previous studies tried hybrid clinical-radiomics features to
build radiomics models, and the results showed that this is
effective for more accurate classification (2, 20, 33). Our study
also demonstrated this, using the joint 1436 features make the
hybrid-ensemble model perform better than clinical-ensemble
and radiomics-ensemble. In addition, we further introduced the
model ensemble strategy, which has not been tried by
researchers before, and our model comparison experiments
showed that this strategy is also very effective. For the proposed
hybrid-ensemble model, the classification performance of
MIAs is slightly low, similar to the fact that it is more
difficult for clinicians to distinguish MIAs in actual clinical
diagnosis, which may be because MIAs are of the intermediate
degree of invasion. We further found that most of the
misclassified cases of MIAs were predicted to be IACs, which
means that these two grades were more difficult to be
distinguished. In addition, the hybrid-ensemble model had no
misclassification to distinguish between IACs and PIAs,
showing its potential clinical application value.

This study has several limitations. First of all, this is a single-
center retrospective study, and a multi-center study is better to be
conducted to further evaluate the model performance. Second,
relying only on the radiologists to manually delineate and
segment the region of interest is more time-consuming and
subjective, and reliable and automatic methods are essential to
simplify the complex procedures.

In conclusion, this study used the short-axis diameter
parameter and 165 radiomics features to construct a multi-
classification model for precisely predicting the invasiveness of
lung adenocarcinoma with pGGNs. We found that short-axis
diameter was the most important parameter among 27 clinical
features. The hybrid-ensemble model based on hybrid clinical-
radiomics features and model ensemble strategy had better
predictive performance, and could have a promising clinical
application value.
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Apr
il 2022 | Vo
lume 12 | Arti
LR, logistic regression; ET, extra trees; GBDT, gradient boosting decision tree. ± represents the standard deviation of the values in the 10-fold cross-validation.
cle 800811

https://www.frontiersin.org/articles/10.3389/fonc.2022.800811/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fonc.2022.800811/full#supplementary-material
https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles


Song et al. Multi-Classification of Invasive pGGNs
REFERENCES
1. Henschke CI, Yankelevitz DF, Mirtcheva R, McGuinness G, McCauley D,

Miettinen OS, et al. CT Screening for Lung Cancer: Frequency and
Significance of Part-Solid and Nonsolid Nodules. Am J Roentgenol (2002)
178:1053–7. doi: 10.2214/ajr.178.5.1781053

2. Meng F, Guo Y, Li M, Lu X, Wang S, Zhang L, et al. Radiomics Nomogram: A
Noninvasive Tool for Preoperative Evaluation of the Invasiveness of
Pulmonary Adenocarcinomas Manifesting as Ground-Glass Nodules.
Transl Oncol (2021) 14(1):100936. doi: 10.1016/j.tranon.2020.100936

3. Travis WD, Brambilla E, Noguchi M, Nicholson AG, Geisinger K, Yatabe Y,
et al. International Association for the Study of Lung Cancer/American
Thoracic Society/European Respiratory Society Internat ional
Muhidiseiplinary Classification of Lung Adenocarcinoma. J Thorac Oncol
(2011) 6(2):244–85. doi: 10.1513/pats.201107-042ST

4. Tafe L, Abreu FD, Peterson J, Finley D, Black C. Genomic Relationship Between
Lung Adenocarcinoma and Synchronous AIS/AAH Lesions in the Same Lobe.
J Thorac Oncol (2017) 12(1):S537–7. doi: 10.1016/j.jtho.2016.11.664

5. Dembitzer FR, Flores RM, Parides MK, Beasley MB. Impact of Histologic
Subtyping on Outcome in Lobar vs Sublobar Resections for Lung Cancer: A
Pilot Study. Chest (2014) 146(1):175–81. doi: 10.1378/chest.13-2506

6. TravisWD, Brambilla E, Nicholson AG, Yatabe Y, Austin JHM, Beasley MB, et al.
The 2015 World Health Organization Classification of Lung Tumors: Impact of
Genetic, Clinical and Radiologic Advances Since the 2004 Classification. J Thorac
Oncol (2015) 10(9):1243–60. doi: 10.1097/jto.0000000000000630

7. Mei X, Rui W, Yang W, Qian F, Ye X, Zhu L, et al. Predicting Malignancy of
Pulmonary Ground-Glass Nodules and Their Invasiveness by Random
Forest. J Thorac Dis (2018) 10(1):458–63. doi: 10.21037/jtd.2018.01.88

8. Si M, Tao X, Du G, Cai L, Han H, Liang X, et al. Thin-Section Computed
Tomography_Histopathologic Comparisons of Pulmonary Focal Interstitial
Fibrosis, Atypical Adenomatous Hyperplasia, Adenocarcinoma in Situ, and
Minimally Invasive Adenocarcinoma With Pure Ground-Glass Opacity. Eur J
Radiol (2016) 85:1708–15. doi: 10.1016/j.ejrad.2016.07.012

9. Jin X, Zhao S, Gao J, Wang D, Wu J, Wu C, et al. CT Characteristics and
Pathological Implications of Early Stage (T1N0M0) Lung Adenocarcinoma
With Pure Ground Glass Opacity. Eur Radiol (2015) 25:2532–40.
doi: 10.1007/s00330-015-3637-z

10. Son JY, Lee HY, Kim JH, Han J, Jeong J, Lee KS, et al. Quantitative CT
Analysis of Pulmonary Ground-Glass Opacity Nodules for Distinguishing
Invasive Adenocarcinoma From Non-Invasive or Minimally Invasive
Adenocarcinoma: The Added Value of Using Iodine Mapping. Eur Radiol
(2016) 26:43–54. doi: 10.1007/s00330-015-3816-y

11. ShikumaK,Menju T, Chen F, Kubo T,Muro S, Sumiyoshi S, et al. Is Volumetric 3-
Dimensional Computed Tomography Useful to Predict Histological Tumour
Invasiveness? Analysis of 211 Lesions of Ct1n0m0 Lung Adenocarcinoma.
Interact CardiovTh (2016) 22:831–8. doi: 10.1093/icvts/ivw037

12. Lambin P, Rios-Velazquez E, Leijenaar R, Carvalho S, Stiphout R, Granton P,
et al. Radiomics: Extracting More Information From Medical Images Using
Advanced Feature Analysis. Eur J Cancer (2012) 48(4):441–6. doi: 10.1016/
j.ejca.2011.11.036

13. Gillies R, Kinahan P, Hricak H. Radiomics: Images are More Than Pictures,
They are Data. Radiology (2015) 278:563–77. doi: 10.1148/radiol.2015151169

14. FanM, Xia P, Clarke R, Wang Y, Li L. Radiogenomic Signatures Reveal Multiscale
Intratumour Heterogeneity Associated With Biological Functions and Survival in
Breast Cancer. Nat Commun (2020) 11:4861. doi: 10.1038/s41467-020-18703-2

15. Vaidya P, Bera K, Gupta A, Wang X, Corredor G, Fu P, et al. CT Derived
Radiomic Score for Predicting the Added Benefit of Adjuvant Chemotherapy
Following Surgery in Stage I, II Resectable Non-Small Cell Lung Cancer: A
Retrospective Multi-Cohort Study for Outcome Prediction. Lancet Digit
Health (2020) 2:e116–28. doi: 10.1016/s2589-7500(20)30002-9

16. Lee SM, Park CM, Goo JM, Lee HJ, Wi JY, Kang CH. Invasive Pulmonary
Adenocarcinomas Versus Preinvasive Lesions Appearing as Ground-Glass
Nodules: Differentiation by Using CT Features. Radiology (2013) 268(1):265–
73. doi: 10.1148/radiol.13120949

17. She Y, Zhang L, Zhu H, Dai C, Xie H, Zhang W, et al. The Predictive Value of
CT-Based Radiomics in Differentiating Indolent From Invasive Lung
Adenocarcinoma in Patients With Pulmonary Nodules. Eur Radiol (2018)
28(12):5121–8. doi: 10.1007/s00330-018-5509-9
Frontiers in Oncology | www.frontiersin.org 10
18. Fan L, Fang M, Li Z, Tu W, Wang S, Chen W, et al. Radiomics Signature: A
Biomarker for the Preoperative Discrimination of Lung Invasive
Adenocarcinoma Manifesting as a Ground-Glass Nodule. Eur Radiol (2018)
29(2):889–97. doi: 10.1007/s00330-018-5530-z

19. Weng Q, Zhou L, Wang H, Hui J, Chen M, Pang P, et al. A Radiomics Model for
Determining the Invasiveness of Solitary Pulmonary Nodules That Manifest as Part-
Solid Nodules. Clin Radiol (2019) 74(12):933–43. doi: 10.1016/j.crad.2019.07.026

20. Song L, Xing T, Zhu Z, Han W, Fan G, Li J, et al. Hybrid Clinical-Radiomics
Model for Precisely Predicting the Invasiveness of Lung Adenocarcinoma
Manifesting as Pure Ground-Glass Nodule. Acad Radiol (2020) 44(8):1892–5.
doi: 10.1016/j.acra.2020.05.004

21. Tan AC, Gilbert D. Ensemble Machine Learning on Gene Expression Data for
Cancer Classification. Bioinformatics (2003) 2:S75–83.

22. Zhang C, Ma Y. Ensemble Machine Learning: Methods and Applications. New
York: Springer-Verlag (2012). doi: 10.1007/978-1-4419-9326-7, .

23. Griethuysen J, Fedorov A, Parmar C, Hosny A, Aucoin N, Narayan V, et al.
Computational Radiomics System to Decode the Radiographic Phenotype.
Cancer Res (2017) 77:e104–7. doi: 10.1158/0008-5472.CAN-17-0339

24. Chawla NV, Bowyer KW,Hall HO , KegelmeyerWP. SMOTE: SyntheticMinority
Over-Sampling Technique. J Artif Intell Res (2002) 16:321–57. doi: 10.1613/jair.953

25. Nie F, Huang H, Cai X, Ding CHQ. Efficient and Robust Feature Selection via
Joint L2,1-Norms Minimization. In: Proceedings of the 23rd International
Conference on Neural Information Processing Systems. United States: AAAI
(2010). 1813–21. doi: 10.5555/2997046.2997098

26. Liu J, Cui J, Liu F, Yuan Y, Guo F, Zhang G. Multi-Subtype Classification
Model for Non-Small Cell Lung Cancer Based on Radiomics: SLS Model.Med
Phys (2019) 46:3091–100. doi: 10.1002/mp.13551

27. Arlot S, Celisse A. A Survey of Cross-Validation Procedures for Model
Selection. Stat Survey (2010) 4:40–79. doi: 10.1214/09-SS054

28. Chren W. One-Hot Residue Coding for Low Delay-Power Product CMOS
Design. Circuit Syst Signal Proc (1998) 45(3):303–13. doi: 10.1109/82.664236

29. Rabinowitz L. Mathematical Statistics and Data Analysis. Technometrics
(1989) 31(3):390–1. doi: 10.2307/1269179

30. Wang B, Tang Y, Chen Y, Hamal P, Zhu Y, Wang T. Joint Use of the
Radiomics Method and Frozen Sections Should Be Considered in the
Prediction of the Final Classification of Peripheral Lung Adenocarcinoma
Manifesting as Ground-Glass Nodules. Lung Cancer (2020) 139:103–10.
doi: 10.1016/j.lungcan.2019.10.031

31. She Y, Zhao L, Dai C, Ren Y, Zha J, Xie H, et al. Preoperative Nomogram for
Identifying Invasive Pulmonary Adenocarcinoma in Patients With Pure
Ground-Glass Nodule: A Multi-Institutional Study. Oncotarget (2016) 8
(10):17229. doi: 10.18632/oncotarget.11236

32. Xue X, Yang Y, Huang Q, Cui F, Lian Y, Zhang S, et al. Use of a Radiomics
Model to Predict Tumor Invasiveness of Pulmonary Adenocarcinomas
Appearing as Pulmonary Ground-Glass Nodules. BioMed Res Int (2018)
2018:1–9. 10.1155/2018/6803971.

33. Wu YJ, Liu YC, Liao CY, Tang EK, Wu FZ. A Comparative Study to Evaluate
CT-Based Semantic and Radiomic Features in Preoperative Diagnosis of
Invasive Pulmonary Adenocarcinomas Manifesting as Subsolid Nodules. Sci
Rep (2021) 11:66. doi: 10.1038/s41598-020-79690-4

Conflict of Interest: The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be construed as a
potential conflict of interest.

Publisher’s Note: All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations, or those of
the publisher, the editors and the reviewers. Any product that may be evaluated in
this article, or claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Copyright © 2022 Song, Song, Xing, Feng, Song, Zhang, Zhang, Zhu, Song and Zhang.
This is an open-access article distributed under the terms of the Creative Commons
Attribution License (CC BY). The use, distribution or reproduction in other forums is
permitted, provided the original author(s) and the copyright owner(s) are credited and
that the original publication in this journal is cited, in accordance with accepted
academic practice. No use, distribution or reproduction is permitted which does not
comply with these terms.
April 2022 | Volume 12 | Article 800811

https://doi.org/10.2214/ajr.178.5.1781053
https://doi.org/10.1016/j.tranon.2020.100936
https://doi.org/10.1513/pats.201107-042ST
https://doi.org/10.1016/j.jtho.2016.11.664
https://doi.org/10.1378/chest.13-2506
https://doi.org/10.1097/jto.0000000000000630
https://doi.org/10.21037/jtd.2018.01.88
https://doi.org/10.1016/j.ejrad.2016.07.012
https://doi.org/10.1007/s00330-015-3637-z
https://doi.org/10.1007/s00330-015-3816-y
https://doi.org/10.1093/icvts/ivw037
https://doi.org/10.1016/j.ejca.2011.11.036
https://doi.org/10.1016/j.ejca.2011.11.036
https://doi.org/10.1148/radiol.2015151169
https://doi.org/10.1038/s41467-020-18703-2
https://doi.org/10.1016/s2589-7500(20)30002-9
https://doi.org/10.1148/radiol.13120949
https://doi.org/10.1007/s00330-018-5509-9
https://doi.org/10.1007/s00330-018-5530-z
https://doi.org/10.1016/j.crad.2019.07.026
https://doi.org/10.1016/j.acra.2020.05.004
https://doi.org/10.1007/978-1-4419-9326-7
https://doi.org/10.1158/0008-5472.CAN-17-0339
https://doi.org/10.1613/jair.953
https://doi.org/10.5555/2997046.2997098
https://doi.org/10.1002/mp.13551
https://doi.org/10.1214/09-SS054
https://doi.org/10.1109/82.664236
https://doi.org/10.2307/1269179
https://doi.org/10.1016/j.lungcan.2019.10.031
https://doi.org/10.18632/oncotarget.11236
https://doi.org/10.1155/2018/6803971
https://doi.org/10.1038/s41598-020-79690-4
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles

	A Multi-Classification Model for Predicting the Invasiveness of Lung Adenocarcinoma Presenting as Pure Ground-Glass Nodules
	Introduction
	Methods and Materials
	Patients
	Image Acquisition
	Volumes of Interest (VOIs) Segmentation
	Radiomics Feature Extraction
	Data Division and Expansion
	Feature Selection
	Construction of Multi-Classification Models
	Statistical Methods

	Results
	The Result of Patient Screening
	Patients and Clinical Features Collection
	The Result of Feature Selection
	Analysis of Selected Features
	Predictive Performance of Multi-Classification Models

	Discussion
	Data Availability Statement
	Ethics Statement
	Author Contributions
	Funding
	Acknowledgments
	Supplementary Material
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


