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Aim: To investigate clinical and computed tomography (CT) radiomics nomogram for
preoperative differentiation of lung adenocarcinoma (LAC) from lung tuberculoma (LTB) in
patients with pulmonary solitary solid nodule (PSSN).

Materials and Methods: A total of 313 patients were recruited in this retrospective
study, including 96 pathologically confirmed LAC and 217 clinically confirmed LTB.
Patients were assigned at random to training set (n = 220) and validation set (n = 93)
according to 7:3 ratio. A total of 2,589 radiomics features were extracted from each three-
dimensional (3D) lung nodule on thin-slice CT images and radiomics signatures were built
using the least absolute shrinkage and selection operator (LASSO) logistic regression. The
predictive nomogram was established based on radiomics and clinical features. Decision
curve analysis was performed with training and validation sets to assess the clinical
usefulness of the prediction model.

Results: A total of six clinical features were selected as independent predictors, including
spiculated sign, vacuole, minimum diameter of nodule, mediastinal lymphadenectasis,
sex, and age. The radiomics nomogram of lung nodules, consisting of 15 selected
radiomics parameters and six clinical features showed good prediction in the training set
[area under the curve (AUC), 1.00; 95% confidence interval (Cl), 0.99-1.00] and validation
set (AUC, 0.99; 95% Cl, 0.98-1.00). The nomogram model that combined radiomics and
clinical features was better than both single models (p < 0.05). Decision curve analysis
showed that radiomics features were beneficial to clinical settings.
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Conclusion: The radiomics nomogram, derived from unenhanced thin-slice chest CT
images, showed favorable prediction efficacy for differentiating LAC from LTB in patients

with PSSN.

Keywords: lung adenocarcinoma, tuberculoma, radiomics, CT features, nomogram

INTRODUCTION

A pulmonary solitary solid nodule (PSSN) refers to an isolated
round opacity with a well-defined margin and less than 30 mm in
maximum diameter on computed tomography (CT) images (1).
PSSN is more likely to be benign, either by routine screening or
by accident (2, 3), but it may also be malignant at different stages.
The prevalence of malignant solitary pulmonary nodule was
documented to be 1.1%-12%, and lung adenocarcinoma (LAC)
predominated (4, 5). However, lung tuberculoma (LTB) can also
show malignant CT characteristics on CT, such as spiculated sign
and pleural indentation, which is difficult to distinguish from
LAC (6, 7). According to Lung Imaging Reporting and Data
System (Lung-RADS) version 1.1, pulmonary solid nodule needs
chest CT follow-up for 3-12 months, and further examination or
puncture biopsy is suggested if the nodule is highly suspicious to
be malignant (8). However, this standard recommendation will
increase additional radiation injury and psychological and
financial burden and may even miss the best treatment time.
Therefore, a fast and effective method is needed to differentiate
between LAC and LTB in PSSN.

Radiomics can describe the characteristics of the lesion by
high-throughput extraction of a large number of image features,
which is an emerging process with potential to promote better
clinical decision-making (9, 10). The radiomics models have
been proven to have good diagnostic efficacy in clinical
applications of lung nodules, including differentiating between
benign and malignant nodule, preoperative prediction of nodule
type, or prognostic analysis (11-13). Imaging examination is one
of the routine procedures of daily clinical diagnosis, so radiomics
research is accessible. In addition, radiomics research has both
temporal and spatial heterogeneity that not only can provide
macroscopic images and local microenvironment of the lesion
but also can reflect the progress of the lesion (14, 15). Two
studies have focused on the differential diagnosis of LAC and
LTB using U-net-based deep learning nomogram models (16,
17). However, the reproducibility and stability of CT radiomics
features need further study and verification, which is affected by
scanning parameters, reconstruction algorithms, and even
region-of-interest (ROI) extraction methods (18-20).

In this study, we aimed to extract the radiomics parameters of
PSSN and establish predictive nomogram models combined with
clinical information to noninvasively identify LAC and LTB.

MATERIALS AND METHODS

Patients
The Ethic Review Boards of Shanghai Public Health Clinical
Center and Zhongshan Hospital have approved this

retrospective study and waived the written informed consent.
A total of 313 patients were recruited in this retrospective study
from January 1, 2018, to March 30, 2020, at Shanghai Public
Health Clinical Center and Zhongshan Hospital, including 96
pathologically confirmed LAC and 217 clinically confirmed
LTB. The inclusion criteria of patients with LAC are as
follows: (a) surgical pathology-confirmed adenocarcinoma;
(b) unenhanced thin-slice (<2 mm) CT examination was
performed within 2 weeks before surgery; (c) the maximum
diameter of the nodule was less than 3 cm; (d) solitary solid
nodule without calcification. The inclusion criteria of patients with
LTB are as follows: (a) Mycobacterium tuberculosis was confirmed
by culturing or assay from at least one respiratory specimen,
including sputum, bronchoalveolar lavage fluid, and
nasopharyngeal aspirate; (b) thin-slice (<2 mm) CT examination
was performed; (c) the maximum diameter of the nodule was less
than 3 cm; (d) solitary solid nodule without calcification. Patient
who met any one of the following criteria was excluded in this
study: (a) multiple pulmonary nodules; (b) LAC underwent
neoadjuvant chemotherapy before surgery; (c) poor CT image
quality, including artifacts or no continuous thin-slice images.

CT Image Acquisition and CT Annotation

A total of two CT scanners were used to perform chest CT
unenhanced examination: Somaton Force (SIEMENS, Germany)
and Aquilion One/320 (TOSHIBA, Japan). The patient was in
the supine position with both arms raised to reduce scanning
artifacts from the shoulders and upper limbs. The locational
marker was the sternoclavicular joint, and the scanning range
was from the tip of the lung to the costophrenic angle. The CT
scanning parameters were as follows: tube voltage, 120 kV; tube
current, auto mA; pitch, TOSHIBA 0.813/SIEMENS 1; detector
width, TOSHIBA 80 mm x 0.5 mm/SIEMENS 64 mm x
0.625 mm; rotation time, TOSHIBA 0.5 s/SIEMENS 0.75 s;
matrix, 512 x 512; lung window settings (width/level), 1,200/-
600 Hounsfield units (HU); and mediastinal window settings
(width/level), 350/40 HU. The TOSHIBA CT images with 1-mm
thickness and 0.5-mm (0.625 mm in SIEMENS CT images)
interval were reconstructed using the lung algorithm.

The morphological characteristics of PSSN on CT included the
following: (a) size (maximum, minimum, and mean diameter); (b)
spiculated sign, radially nonbranched linear shadows around the
edge of the nodule (21); (c) lobulated sign; (d) boundary (clear or
unclear); (e) cavity, a gaseous density with maximum diameter
more than 5 mm; (f) vacuole, a gaseous density with maximum
diameter less than 5 mm; (g) air bronchogram, the tubular gas-
density bronchus reaches the edge of the nodule, entering or not
entering the nodule; (h) pleural indentation, the pleura is pulled to
form a triangular structure filled with fluid and connected to the
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lung lesion by a linear structure; (i) pulmonary vascular
abnormalities, including vessel convergence and expansion;
(j) mediastinal lymphadenectasis, short diameter more than 1 cm
without calcification. Some CT morphological characteristics of
PSSN were shown in Figure 1. Two experienced chest
radiologists viewed the PSSN CT characteristics independently
and were both blinded to the clinical data and pathological
diagnosis. When there was disagreement, above two radiologists
reached a consensus through discussion.

Radiomics Feature Selection and
Radiomics Signature Construction

Automatic PSSN segmentation was performed on a software called
uAl Research Portal developed by Shanghai United Imaging
Intelligence Inc. (http://urp.united-imaging.com:8080). Multiple
deep learning models were used to identify chest structures and
then automatically outline pulmonary nodules based on CT values
and morphology (Figure 2). All automatically segmented three-
dimensional (3D) regions of interest (ROIs) were reviewed by a
radiologist and manually adjusted if necessary.

Radiomics feature extraction was performed on the uAl
Research Portal. Radiomics features were divided into the
following classes: (a) first-order statistics; (b) shape-based features;
(c) high-order features, including gray-level co-occurrence matrix
(GLCM), gray-level size zone matrix (GLSZM), gray-level run
length matrix (GLRLM), gray-level dependence matrix (GLDM),
and neighboring gray tone difference matrix (NGTDM). A total of
14 filters were used during the process of feature extraction,
including boxmean, additivegaussiannoise, binomialblurimage,
curvatureflow, boxsigmaimage, normalize, laplaciansharpening,
discretegaussian, mean, specklenoise, recursivegaussian, shotnoise,
laplacian of gaussian, and wavelet. Finally, a total of 2,589 radiomics
features were extracted for each ROL.

Two feature selection methods, maximum relevance and
minimum redundancy (mRMR) and least absolute shrinkage
and selection operator (LASSO), were used to select radiomics
features. At first, mRMR was performed to eliminate the
redundant and irrelevant features; 30 features were retained
after this step. Then, LASSO was conducted to choose the
optimized subset of features to construct the final model. The

33-year-old female, LAC with air bronchogram and pleural indentation (arrow).

FIGURE 1 | Some CT morphological characteristics of pulmonary solitary solid nodule. (A, B) A 30-year-old male, lung tuberculoma (LTB) with spiculated sign
(arrow). (C, D) A 65-year-old female, LTB with air bronchogram (arrow). (E, F) A 62-year-old female, lung adenocarcinoma (LAC) with lobulated sign (arrow). (G, H) A
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FIGURE 2 | Overview of the study methodology.

number of the selected features was determined based on the
regular parameter lambda, the most predictive subsets of features
were chosen, and the corresponding coefficients were evaluated.
Radscore was calculated by summing the selected features
weighted by their coefficients. Patients were assigned at
random to training set (n = 220) and validation set (n = 93)
according to 7:3 ratio. We compared the radscores from LAC
and LTB on training and validation sets, respectively. The
receiver operating characteristic (ROC) curve was used to
evaluate the performance of radiomics signature model.

Radiomics Nomogram Construction
and Validation
The clinical data were analyzed by univariate logistic regression
analysis and multivariate logistic regression analysis to select the
independent predictors of distinguishing between LAC and LTB.
The clinical variables and selected radiomics features were
combined to establish the radiomics nomogram. Clinical data and
radiomics features were used separately to establish ROC curves
both in training and validation sets, and the areas under the curves
(AUCs) were calculated to evaluate the diagnostic efficacy. Finally,
the calibration curves were built to evaluate the calibration ability of
the nomogram both in training and validation sets.

To evaluate the clinical usefulness of radiomics features, a
clinical decision curve was constructed using standardized net

benefit and high risk threshold (22, 23).

Statistical Analysis

The LASSO method constructed a penalty function by adding
constraint conditions, and a prediction model was constructed
by performing 10-fold cross validation. DeLong’s test was used
between different ROCs, and the Hosmer-Lemeshow test was
used to evaluate the goodness of fit of the nomograms.

For continuous variables (including age, nodule size), the
Wilcoxon rank-sum test was used between two groups. The
categorical variables (including sex, CT morphological
characteristics) were compared with x” test. The ROC curve
was used to evaluate clinical usefulness and calculate the cutoff
values. The SPSS software (version 20) was used to perform all
statistical analyses. The bilateral p-value <0.05 was considered
statistically significant. Measurement data were expressed as
mean * standard deviation (SD).

RESULTS

Clinical Characteristics

The clinical and CT characteristics were shown in Table 1. In this
retrospective study, a total of 313 patients were recruited from two
hospitals, including 96 pathologically confirmed LAC (44 malesand
52 females; age 59.43 + 11.49 years) and 217 clinically confirmed
LTB (161 males and 56 females; age 45.49 + 18.93 years). There were
statistically significant differences in gender and age between the
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two groups: the age of LTB group was smaller than that of LAC
group (p < 0.001), and the proportion of male patients was higher
than that of LAC group (p < 0.001).

For CT characteristics of 3D PSSN, the maximum, minimum, and
mean diameter of LTB were all less than LAC (all p < 0.001).
Compared with LTB, LAC was more prone to be with spiculated
sign, lobulated sign, and vacuole (p < 0.001, p < 0.001, p = 0.015,
respectively). On the other hand, LTB tended to have air
bronchogram and mediastinal lymphadenectasis compared to LAC
(p=0.031, p <0.001, respectively). In addition, the nodule boundaries
of more LTB patients were unclear (p < 0.001). Some CT findings
showed no statistically significant difference between the two groups,
including cavity, pleural indentation, and pulmonary vascular
abnormalities (p = 0.255, p = 0.287, and p = 0.065, respectively).

Radiomics Feature Selection and
Radiomics Signature Construction

There were 2,589 radiomics features extracted for each ROI, and
a total of 15 radiomics features with non-zero coefficients were
selected based on the best lambda value and LASSO. The first-
order statistics and high-order features with different filters were
calculated as meaningful radiomics features, and the details of

these selected features were shown in Figure 3. Radscore was
calculated by summing the 15 selected radiomics features
weighted by their coefficients and then a constant 1.469 was
added (details in Supplementary Material S1).

We compared the radscore from LAC to LTB on training and
validation sets, respectively, and ROC analysis was used to
evaluate the performance of the radiomics signature model.
The results showed that the radscores of patients with LAC
were lower than those of patients with LTB, and they were
statistically significant (p < 0.0000, p = 0.016, respectively)
(Supplementary Materials 2A, B). ROC analysis showed good
performance in the training set [AUC, 0.99; 95% confidence
interval (CI), 0.98-1.00] and validation set (AUC, 0.99; 95% CI,
0.98-1.00) (Supplementary Materials 2C, D).

Radiomics Nomogram Construction

and Validation

According to the univariate and multivariate logistic regression
analysis, six clinical parameters were selected as independent
predictors, including sex, age, lobulated sign, vacuole, minimum
diameter of nodule, and mediastinal lymphadenectasis
(Supplementary Materials 3, 4).

TABLE 1 | The clinical and CT image characteristics of participants.

All patients (n = 313) Adenocarcinoma (n = 96) Tuberculoma (n = 217) p-value
Age (years) 49.76 + 18.16 59.43 + 11.49 45.49 + 18.93 <0.001
Gender <0.001
Female 108 (34.50)* 52 (64.17) 56 (25.81)
Male 205 (65.50) 44 (45.83) 161 (74.19)
Maximum diameter of nodule (mm) 15.66 + 5.27 18.05 + 6.06 14.61 £ 4.50 <0.001
Minimum diameter of nodule (mm) 11.92 + 4.11 13.95 + 4.82 11.01 £ 3.40 <0.001
Mean diameter of nodule (mm) 13.79 + 4.50 15.99 £ 5.24 12.81 £ 3.75 <0.001
Spiculated sign <0.001
Present 227 (72.52) 83 (86.46) 144 (66.36)
Absent 86 (27.48) 13 (13.54) 73 (33.64)
Cavity 0.255
Present 32 (10.22) 7 (7.29) 25 (11.52)
Absent 281 (89.78) 89 (92.71) 192 (88.48)
Vacuole 0.015
Present 20 (6.39) 11 (11.46) 9 (4.15)
Absent 293 (93.61) 85 (88.54) 208 (95.85)
Boundary <0.001
Clear 306 (97.76) 89 (92.71) 217 (100.00)
Unclear 7 (2.24) 7 (7.29) 0 (0.00)
Lobulated sign <0.001
Present 196 (62.62) 95 (98.96) 101 (46.54)
Absent 117 (37.38) 1(1.04) 116 (53.46)
Air bronchogram 0.031
Present 177 (62.26) 63 (561.43) 114 (562.53)
Absent 136 (37.74) 33 (48.57) 103 (47.47)
Pleural indentation 0.287
Present 234 (74.76) 68 (70.83) 166 (76.50)
Absent 79 (25.24) 28 (29.17) 51 (23.50)
Pulmonary vascular abnormalities 0.065
Present 270 (86.26) 88 (91.77) 182 (83.87)
Absent 43 (13.74) 8(8.33) 35 (16.13)
Mediastinal lymphadenectasis <0.001
Present 105 (33.55) 16 (16.67) 89 (41.01)
Absent 208 (66.45) 80 (83.33) 128 (58.99)

*Data are numbers of patients, with percentages in parentheses.
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A nomogram model was built to distinguish between LAC and
LTB based on multiple logistics regression equations (Figure 4A).
ROC and decision curves were used to evaluate the clinical
usefulness of the prediction model in both the training and
validation sets. The radiomics nomogram of PSSN showed good
prediction in the training set (AUC, 1.00; 95% CI, 0.99-1.00) and
validation set (AUC, 0.99; 95% CI, 0.98-1.00) (Figures 4B, C). In
addition, the results also showed that the AUC of nomogram
model were larger than those of clinical model and radiomics
signature model in both training and validation sets, and there
were statistically significant differences among the above three
models in both training and validation sets (p < 0.001, p = 0.003,
respectively). In other words, the nomogram model that combined
radiomics and clinical features was better than both single models.
The accuracy, sensitivity, and specificity of nomogram model in
validation set were 0.957, 0.988, and 0.900, respectively (Table 2).

The self-service method was used to resample the calibration
curve 1,000 times to ensure the accuracy of the results. The result
of Hosmer-Lemeshow test showed that p-value was 0.586 in
training set, indicating that the model had good calibration
ability. Similarly, the p-value was 0.074 in validation set, which
also showed that the fitting degree of the model was good
(Figures 5A, B).

Clinical Decision Curve

To evaluate the clinical usefulness of radiomics features, a clinical
decision curve was constructed using standardized net benefit
and high-risk threshold (Figure 5C). The clinical decision curve
showed that both models with and without radscore could bring
net benefits to patients compared to the case of treat-all and
treat-none, of which the model with radscore added
more benefits.

DISCUSSION

In this retrospective study, there were some significant differences in
qualitative and quantitative clinical data between LAC and LTB
patients with PSSN. A total of six clinical variables were selected to
build the prediction nomogram model for differential diagnoses of
LAC from LTB, including sex, age, lobulated sign, vacuole,
minimum diameter of nodule, and mediastinal lymphadenectasis.
The radiomics nomogram of PSSN, consisting of 15 selected
radiomics parameters and above six clinical features, showed
good predictive ability in both the training and validation sets. In
addition, there were statistically significant differences among
clinical model, radiomics signatures, and radiomics nomogram
models. The nomogram model that combined radiomics and
clinical features was better than both single models.

Some clinical and CT imaging features were related to the
differential diagnosis of LAC and LTB in our study. The sex, age,
lobulated sign, vacuole, minimum diameter of nodule, and
mediastinal lymphadenectasis were selected to be independent
predictors of PSSN. This study showed that the proportion of
male patients with LTB was higher than that of LAC patients,
which may relate to the different habits of smoking and tobacco use
between males and females (24, 25). Patients with LAC had a higher
age of onset than tuberculosis patients, which could be caused by
decreased immunity, cell damage caused by long-term chronic
disease, or an increased risk of genetic errors in the old. Malignant
nodule was more likely to have a lobulated sign because of invasive
growth of malignant cells in the pulmonary interstitium, which was
consistent with previous research (26, 27). Vacuole sign refers to the
presence of a small air-like low-density shadow within the nodule
with smooth edges and no more than 5 mm. Vacuole sign is often
seen in malignant nodules, which is an important sign of early lung
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cancer, but also occasionally seen in benign nodules (28, 29). There
were statistically significant differences in nodule size between the
two groups, and Chu etal. (30) found that larger pulmonary nodules
(diameter >1 cm) had more malignant CT features compared with
smaller nodules (diameter <1 cm) in patients with solid lung
cancerous nodules. Patients with LTB tended to have mediastinal
lymphadenectasis compared to LAC patients in our study, but Zhu
etal. (31) found that malignant diseases were mostly in the diseases
with mediastinal lymphadenectasis, and the benign diseases were
mainly granuloma in a cohort study with 846 patients who
underwent endobronchial ultrasound-guided transbronchial
needle aspiration. In mediastinal lymphadenectasis caused by
LAC or LTB for different reasons, tuberculosis patients were
mostly due to lymph node tuberculosis, while lung cancer
patients are often caused by cancer cell metastasis.

Univariate logistic regression analysis showed that spiculated
sign, air bronchogram, and nodule boundary were statistically
significant differences between the two groups, whereas these
differences were not apparent on multivariate logistic regression
analysis. The formation of spiculated sign is related to
interlobular septal thickening, the lymphatic channels filled
with malignant cells, or the fibrosis caused by the obstruction

of peripheral blood vessels. Some studies indicated that
spiculated sign was associated with lung cancer and could
achieve moderate diagnostic performance (AUC = 0.76) for
differentiating between benign and malignant lung nodules (16,
32). A meta-analysis revealed that CT-based spiculated sign
alone was not sufficient to distinguish benign from malignant
pulmonary nodules in clinical settings (32).

The AUC: of clinical model in training and validation sets were
0.88 and 0.86, respectively. The radiomics signature model and
nomogram model of lung nodules showed better prediction in the
training set and validation set, especially the nomogram model. A
total of 15 non-zero coefficients were selected from lung nodules,
including first-order statistics and high-order features (NGTDM,
GLRLM, GLSZM, GLCM, and GLDM) with different filters. First-
order statistics, also known as gray histogram features, are mainly
used to carry out some statistical calculations on the whole image or
the ROI in the image, which are used to describe the image at the
gray level. Second-order statistics involve the spatial relationship
between each voxel intensity. Higher-order statistics are used for
feature extraction and image preprocessing, such as wavelet
decomposition, Fourier transform, and other filtering. Radiomics
features were automatically extracted by the software, which made
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TABLE 2 | The clinical model, radiomics signature, and radiomics nomogram for patients with LAC and LTB in training and validation sets.

Group Model AUC curve (95% CI)

Training set Clinical model 0.92 (0.88-0.95)
Radiomics signature 0.99 (0.98-1.00)
Radiomics nomogram 1.00 (0.98-1.00)

Validation set Clinical model 0.91 (0.86-0.97)
Radiomics signature 0.99 (0.98-1.00)
Radiomics nomogram 0.99 (0.98-1.00)

Accuracy Sensitivity Specificity PPV NPV
0.8500 0.9612 0.6923 0.8158 0.9265
0.9727 0.9706 0.9737 0.9429 0.9867
0.9772 0.9868 0.9565 0.9803 0.9706
0.7849 0.9245 0.6000 0.7538 0.8571
0.9462 0.9643 0.9385 0.8710 0.9839
0.9570 0.9841 0.9000 0.9538 0.9643

AUC curve, the area under receiver operating characteristic curve; Cl, confidence interval; LAC, lung adenocarcinoma; LTB, lung tuberculoma; PPV, positive predictive value; NPV,

negative predictive value.

up for mistakes caused by manual and subjective measurement. In
our results, the AUCs of radiomics nomogram, combined clinical
and radiomics features, were 1.00 and 0.99 in training and
validation sets, respectively. The AUCs of nomogram models
were larger than that both clinical model and radiomics signature
model, and there were statistically significant differences among the
above three models. Feng et al. (17) developed a CT-based deep
learning nomogram to identify tuberculous granuloma and LAC in
patients with PSSN, the AUCs in training, internal validation and
external validation sets were 0.889 (95% CI, 0.839-0.927), 0.879

A
100 % P 100 % - 7
/ £
/ !
75 % | 75 % - 3
P Oy
- / e %
50 % G 50 % P
e Ve
/ o
2% 7/ %% -~
! /
L
0% - £ 0% -
T T T T 1 f T T T 1
0% 25% 50 % 75% 100 % 0% 25% 50 % 75 % 100 %
Predicted event probability Predicted event probability
C
A
T —— With Radscore
— Without Radscore
s 9 | — All
2 o
o — None
1]
3 o
P4
?
N T4
2
©
ke
c o ]
8 o
(O]
o |
= \
[ [ [ [ [ 1
0.0 0.2 0.4 0.6 0.8 1.0
High Risk Threshold
FIGURE 5 | Validation of radiomics nomogram, the calibration curves of radiomics nomogram in training set (A) and validation set (B). Decision curve analysis for
radiomics and clinical model to evaluate the clinical usefulness of the model (C).

(95% CI, 0.939-0.993) and 0.809 (95% CI, 0.746-0.862),
respectively. Feng et al. (16) also developed another CT-based
nomogram model using different patient numbers to identify
LTB and LAC in patients with PSSN; the AUCs in training,
internal validation, and external validation sets were 0.966 (95%
CI, 0.839-0.927), 0.934 (95% CI, 0.894-0.974), and 0.906 (95% CI,
0.864-0.949), respectively. Another study found that radiomics
nomogram had the potential to distinguish between LAC and
granulomatous lesions; the AUCs in training and validation sets
were 0.885 (95% CI, 0.823-0.931) and 0.808 (95% CI, 0.690-0.896),
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respectively (33). Compared to the results of the above studies, the
prediction ability of our nomogram model was slightly better. All of
these studies included clinical data in addition to the extraction of
radiomics parameters in the model-building process, such as age,
sex, nodule size, and other CT features. Before extracting
parameters, we used 14 filters to process CT image, then we
extracted 2,589 radiomics parameters for each ROI This was
different from the above three studies, which might provide
different pieces of information for building prediction model. In
addition, the patient population ratio of LAC and LTB was about 1:2
in our study, while the ratio of LAC and LTB patients was roughly
1:1 in other studies, which may mean that different data
compositions could also influence the experimental results.

There were several limitations in this study. First, sample
selection bias. Second, this was a two-center retrospective study,
and the predictive ability was good, which may suggest that we
need an external validation set to validate this predictive model.
Third, this study involved two different CT machines, and the
images had not been normalized, which may affect the study
results. Fourth, we only evaluated the relationship between LAC
and LTB, and other pathological types of lung nodules also
needed further investigation, such as lung squamous cell
carcinoma and other benign granulomatous lesions.

In conclusion, the radiomics nomogram, derived from
unenhanced thin-slice chest CT images, showed favorable
prediction efficacy for differentiating LAC from LTB in
patients with lung solitary solid nodule.

DATA AVAILABILITY STATEMENT

The raw data supporting the conclusions of this article will be
made available by the authors without undue reservation.

REFERENCES

1. Hansell DM, Bankier AA, MacMahon H, McLoud TC, Muller NL, Remy J.
Fleischner Society: Glossary of Terms for Thoracic Imaging. Radiology (2008)
246(3):697-722. doi: 10.1148/radiol.2462070712

2. Gould MK, Tang T, Liu IL, Lee J, Zheng C, Danforth KN, et al. Recent Trends
in the Identification of Incidental Pulmonary Nodules. Am J Respir Crit Care
Med (2015) 192(10):1208-14. doi: 10.1164/rccm.201505-09900C

3. Diederich S, Wormanns D, Semik M, Thomas M, Lenzen H, Roos N, et al.
Screening for Early Lung Cancer With Low-Dose Spiral CT: Prevalence in 817
Asymptomatic Smokers. Radiology (2002) 222(3):773-81. doi: 10.1148/
radiol.2223010490

4. Patel VK, Naik SK, Naidich DP, Travis WD, Weingarten JA, Lazzaro R, et al. A
Practical Algorithmic Approach to the Diagnosis and Management of Solitary
Pulmonary Nodules: Part 2: Pretest Probability and Algorithm. Chest (2013)
143(3):840-6. doi: 10.1378/chest.12-1487

5. Wahidi MM, Govert JA, Goudar RK, Gould MK, McCrory DCAmerican
College of Chest P. Evidence for the Treatment of Patients With Pulmonary
Nodules: When Is it Lung Cancer?: ACCP Evidence-Based Clinical Practice
Guidelines (2nd Edition). Chest (2007) 132(3 Suppl):94S-107S. doi: 10.1378/
chest.07-1352

6. Pillay T, Andronikou S, Zar HJ. Chest Imaging in Paediatric Pulmonary TB.
Paediatr Respir Rev (2020) 36:65-72. doi: 10.1016/j.prrv.2020.10.002

7. Starnes SL, Reed MF, Meyer CA, Shipley RT, Jazieh AR, Pina EM, et al. Can
Lung Cancer Screening by Computed Tomography be Effective in Areas With
Endemic Histoplasmosis? ] Thorac Cardiovasc Surg (2011) 141(3):688-93. doi:
10.1016/j.jtcvs.2010.08.045

ETHICS STATEMENT

The Ethic Review Boards of Shanghai Public Health Clinical
Center and Zhongshan Hospital have approved this retrospective
study and waived the written informed consent.

AUTHOR CONTRIBUTIONS

Guarantor of integrity of the entire study: FS. Study concepts and
design: YaZ and YiZ. Literature research: YaZ. Clinical studies: JS
and DW. Experimental studies/data analysis: MY. Statistical
analysis: YaZ. <anuscript preparation: FS and ZZ. Manuscript
editing: YaZ and YiZ. All authors contributed to the article and
approved the submitted version.

FUNDING

This work was supported by the Ningbo Medical Science and
Technology Project (grant number 2018A14), the Intelligent
Medical Special Research Foundation of the Shanghai Health
and Family Planning Commission (grant number
2018ZHYL0104), and the Clinical Research Plan of SHDC
(grant number SHDC2020CR3080B).

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fonc.2021.
701598/full#supplementary-material

8. Radiology ACo. Lung CT Screening Reporting & Data System (Lung-RADS)
(2019). Available at: https://www.acr.org/Clinical-Resources/Reporting-and-
Data-Systems/Lung-Rads.

9. Gillies RJ, Kinahan PE, Hricak H. Radiomics: Images Are More Than Pictures,
They Are Data. Radiology (2016) 278(2):563-77. doi: 10.1148/radiol.2015151169

10. Lee G, Lee HY, Park H, Schiebler ML, van Beek EJR, Ohno Y, et al. Radiomics

and its Emerging Role in Lung Cancer Research, Imaging Biomarkers and
Clinical Management: State of the Art. Eur ] Radiol (2017) 86:297-307. doi:
10.1016/j.ejrad.2016.09.005

11. SheY, Zhang L, Zhu H, Dai C, Xie D, Xie H, 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
12. Wu G, Woodruft HC, Sanduleanu S, Rafaee T, Jochems A, Leijenaar R, et al.
Preoperative CT-Based Radiomics Combined With Intraoperative Frozen
Section Is Predictive of Invasive Adenocarcinoma in Pulmonary Nodules: A
Multicenter Study. Eur Radiol (2020) 30(5):2680-91. doi: 10.1007/s00330-
019-06597-8

13. Zhao W, Xu Y, Yang Z, Sun Y, Li C, Jin L, et al. Development and Validation
of a Radiomics Nomogram for Identifying Invasiveness of Pulmonary
Adenocarcinomas Appearing as Subcentimeter Ground-Glass Opacity
Nodules. Eur J Radiol (2019) 112:161-8. doi: 10.1016/j.ejrad.2019.01.021

14. Traverso A, Wee L, Dekker A, Gillies R. Repeatability and Reproducibility of
Radiomic Features: A Systematic Review. Int ] Radiat Oncol Biol Phys (2018)
102(4):1143-58. doi: 10.1016/j.ijrobp.2018.05.053

15. Tunali I, Hall LO, Napel S, Cherezov D, Guvenis A, Gillies R], et al. Stability

and Reproducibility of Computed Tomography Radiomic Features Extracted

Frontiers in Oncology | www.frontiersin.org

October 2021 | Volume 11 | Article 701598


https://www.frontiersin.org/articles/10.3389/fonc.2021.701598/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fonc.2021.701598/full#supplementary-material
https://doi.org/10.1148/radiol.2462070712
https://doi.org/10.1164/rccm.201505-0990OC
https://doi.org/10.1148/radiol.2223010490
https://doi.org/10.1148/radiol.2223010490
https://doi.org/10.1378/chest.12-1487
https://doi.org/10.1378/chest.07-1352
https://doi.org/10.1378/chest.07-1352
https://doi.org/10.1016/j.prrv.2020.10.002
https://doi.org/10.1016/j.jtcvs.2010.08.045
https://doi.org/10.1148/radiol.2015151169
https://doi.org/10.1016/j.ejrad.2016.09.005
https://doi.org/10.1007/s00330-018-5509-9
https://doi.org/10.1007/s00330-019-06597-8
https://doi.org/10.1007/s00330-019-06597-8
https://doi.org/10.1016/j.ejrad.2019.01.021
https://doi.org/10.1016/j.ijrobp.2018.05.053
https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles

Zhuo et al.

Nomogram for Differentiation of Pulmonary Adenocarcinoma

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

From Peritumoral Regions of Lung Cancer Lesions. Med Phys (2019) 46
(11):5075-85. doi: 10.1002/mp.13808

Feng B, Chen X, Chen Y, Liu K, Li K, Liu X, et al. Radiomics Nomogram for
Preoperative Differentiation of Lung Tuberculoma From Adenocarcinoma in
Solitary Pulmonary Solid Nodule. Eur J Radiol (2020) 128:109022. doi:
10.1016/j.ejrad.2020.109022

Feng B, Chen X, Chen Y, Lu S, Liu K, Li K, et al. Solitary Solid Pulmonary
Nodules: A CT-Based Deep Learning Nomogram Helps Differentiate
Tuberculosis Granulomas From Lung Adenocarcinomas. Eur Radiol (2020)
30(12):6497-507. doi: 10.1007/s00330-020-07024-z

Mackin D, Ger R, Dodge C, Fave X, Chi PC, Zhang L, et al. Effect of Tube
Current on Computed Tomography Radiomic Features. Sci Rep (2018) 8
(1):2354. doi: 10.1038/s41598-018-20713-6

Midya A, Chakraborty J, Gonen M, Do RKG, Simpson AL. Influence of CT
Acquisition and Reconstruction Parameters on Radiomic Feature
Reproducibility. ] Med Imaging (Bellingham) (2018) 5(1):011020. doi:
10.1117/1.JM1.5.1.011020

Park S, Lee SM, Do KH, Lee JG, Bae W, Park H, et al. Deep Learning
Algorithm for Reducing CT Slice Thickness: Effect on Reproducibility of
Radiomic Features in Lung Cancer. Korean ] Radiol (2019) 20(10):1431-40.
doi: 10.3348/kjr.2019.0212

Liu Y, Wang H, Li Q, McGettigan M]J, Balagurunathan Y, Garcia AL, et al.
Radiologic Features of Small Pulmonary Nodules and Lung Cancer Risk in the
National Lung Screening Trial: A Nested Case-Control Study. Radiology
(2018) 286(1):298-306. doi: 10.1148/radiol.2017161458

Baker SG, Kramer BS. Evaluating a New Marker for Risk Prediction: Decision
Analysis to the Rescue. Discovery Med (2012) 14(76):181-8.

Vickers AJ, Cronin AM, Elkin EB, Gonen M. Extensions to Decision Curve
Analysis, a Novel Method for Evaluating Diagnostic Tests, Prediction Models
and Molecular Markers. BMC Med Inform Decis Mak (2008) 8:53. doi:
10.1186/1472-6947-8-53

McCartney G, Mahmood L, Leyland AH, Batty GD, Hunt K. Contribution of
Smoking-Related and Alcohol-Related Deaths to the Gender Gap in
Mortality: Evidence From 30 European Countries. Tob Control (2011) 20
(2):166-8. doi: 10.1136/tc.2010.037929

Chilet-Rosell E, Parker LA, Hernandez-Aguado I, Pastor-Valero M, Vilar J,
Gonzalez-Alvarez I, et al. The Determinants of Lung Cancer After Detecting a
Solitary Pulmonary Nodule Are Different in Men and Women, for Both Chest
Radiograph and CT. PloS One (2019) 14(9):€0221134. doi: 10.1371/
journal.pone.0221134

Qi LL, Wang JW, Yang L, Huang Y, Zhao SJ, Tang W, et al. Natural History of
Pathologically Confirmed Pulmonary Subsolid Nodules With Deep Learning-
Assisted Nodule Segmentation. Eur Radiol (2020) 31(6):3384-97 doi: 10.1007/
s00330-020-07450-z

Wang YH, Chen CF, Lin YK, Chiang C, Tzao C, Yen Y. Predicting Malignancy:
Subsolid Nodules Detected on LDCT in a Surgical Cohort of East Asian Patients.
J Thorac Dis (2020) 12(8):4315-26. doi: 10.21037/jtd-20-659

28. Yu M, Wang Z, Yang G, Cheng Y. A Model of Malignant Risk Prediction for
Solitary Pulmonary Nodules on (18) F-FDG PET/CT: Building and
Estimating. Thorac Cancer (2020) 11(5):1211-5. doi: 10.1111/1759-
7714.13375

Zhu'Y, Hou D, Lan M, Sun X, Ma X. A Comparison of Ultra-High-Resolution
CT Target Scan Versus Conventional CT Target Reconstruction in the
Evaluation of Ground-Glass-Nodule-Like Lung Adenocarcinoma. Quant
Imaging Med Surg (2019) 9(6):1087-94. doi: 10.21037/qims.2019.06.09

Chu ZG, Zhang Y, Li WJ, Li Q, Zheng YN, Lv FJ. Primary Solid Lung
Cancerous Nodules With Different Sizes: Computed Tomography Features
and Their Variations. BMC Cancer (2019) 19(1):1060. doi: 10.1186/s12885-
019-6274-0

Zhu ], Zhang HP, Ni J, Gu Y, Wu CY, Song J, et al. Endobronchial
Ultrasound-Guided Transbronchial Needle Aspiration for Diagnosing
Mediastinal Lymphadenectasis: A Cohort Study From a Single Center. Clin
Respir J (2017) 11(2):159-67. doi: 10.1111/crj.12317

LiY, Wang T, Fu YF, Shi YB. Computed Tomography-Based Spiculated Sign
for Prediction of Malignancy in Lung Nodules: A Meta-Analysis. Clin Respir J
(2020) 14(12):1113-21. doi: 10.1111/crj.13258

Chen X, Feng B, Chen Y, Liu K, Li K, Duan X, et al. A CT-Based Radiomics
Nomogram for Prediction of Lung Adenocarcinomas and Granulomatous
Lesions in Patient With Solitary Sub-Centimeter Solid Nodules. Cancer
Imaging (2020) 20(1):45. doi: 10.1186/s40644-020-00320-3

29.

30.

31.

32.

33.

Conflict of Interest: Author DW was employed by the company Shanghai United
Imaging Intelligence Co., Ltd.

The remaining 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.

The handling editor declared a shared affiliation with several of the authors YaZ,
YiZ, 7ZZ, FS, ]S at time of review.

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 © 2021 Zhuo, Zhan, Zhang, Shan, Shen, Wang and Yu. 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.

Frontiers in Oncology | www.frontiersin.org

October 2021 | Volume 11 | Article 701598


https://doi.org/10.1002/mp.13808
https://doi.org/10.1016/j.ejrad.2020.109022
https://doi.org/10.1007/s00330-020-07024-z
https://doi.org/10.1038/s41598-018-20713-6
https://doi.org/10.1117/1.JMI.5.1.011020
https://doi.org/10.3348/kjr.2019.0212
https://doi.org/10.1148/radiol.2017161458
https://doi.org/10.1186/1472-6947-8-53
https://doi.org/10.1136/tc.2010.037929
https://doi.org/10.1371/journal.pone.0221134
https://doi.org/10.1371/journal.pone.0221134
https://doi.org/10.1007/s00330-020-07450-z
https://doi.org/10.1007/s00330-020-07450-z
https://doi.org/10.21037/jtd-20-659
https://doi.org/10.1111/1759-7714.13375
https://doi.org/10.1111/1759-7714.13375
https://doi.org/10.21037/qims.2019.06.09
https://doi.org/10.1186/s12885-019-6274-0
https://doi.org/10.1186/s12885-019-6274-0
https://doi.org/10.1111/crj.12317
https://doi.org/10.1111/crj.13258
https://doi.org/10.1186/s40644-020-00320-3
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

	Clinical and CT Radiomics Nomogram for Preoperative Differentiation of Pulmonary Adenocarcinoma From Tuberculoma in Solitary Solid Nodule
	Introduction
	Materials and Methods
	Patients
	CT Image Acquisition and CT Annotation
	Radiomics Feature Selection and Radiomics Signature Construction
	Radiomics Nomogram Construction and Validation
	Statistical Analysis

	Results
	Clinical Characteristics
	Radiomics Feature Selection and Radiomics Signature Construction
	Radiomics Nomogram Construction and Validation
	Clinical Decision Curve

	Discussion
	Data Availability Statement
	Ethics Statement
	Author Contributions
	Funding
	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 false
  /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 false
  /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 300
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages false
  /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


