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Background: Risk stratification of N2 disease is vital for selecting candidates to receive invasive
mediastinal staging modalities. In this study, we aimed to stratify the risk of N2 metastasis in clinical stage I
lung adenocarcinoma using radiomics analysis.
Methods: Two datasets of patients with clinical stage I lung adenocarcinoma who underwent lung
resection were included (training dataset, 880; validation dataset, 322). Using PyRadiomics, 1,078 computed
tomography (CT)-based radiomics features were extracted after semi-automated lung nodule segmentation.
In order to predict N2 status, a radiomics signature was constructed after selecting the optimal radiomics
feature subset by sequentially applying minimum-redundancy-maximum-relevance and least absolute
shrinkage and selection operator (LASSO) techniques. Its performance was validated in the validation
dataset.
Results: The incidences of N2 metastasis were 8.4% and 7.1% in the training and validation datasets,
respectively. Unsupervised cluster analysis revealed that radiomics features significantly correlated with
lymph node status and pathological subtypes. For N2 disease prediction, five radiomics features were
selected to establish the radiomics signature, which showed a significantly better predictive performance than
clinical factors (P<0.001). The area under the receiver operating characteristic curve was 0.81 (0.77–0.86)
and 0.69 (0.63–0.75) for radiomics signature and clinical factors, respectively, in the training dataset, and 0.82
(0.71–0.92) and 0.64 (0.52–0.75), respectively, in the validation dataset.
Conclusions: The established CT-based radiomics signature could stratify the risk of N2 metastasis in
clinical stage I lung adenocarcinoma, thus assisting clinicians in making patient-specific mediastinal staging
strategy.
Keywords: Radiomics; lung adenocarcinoma; mediastinal staging; lymph node metastasis; stratification of N2
disease risk
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Introduction
As the N2 status in non-small cell lung cancer (NSCLC)
dictates whether surgical treatment or neoadjuvant
chemotherapy is conducted as the optimal intervention,
accurate preoperative mediastinal lymph node staging is
crucial for treatment decision in patients with resectable
NSCLC (1).
Invasive staging modalities such as mediastinoscopy
and endobronchial ultrasound transbronchial needle
aspiration (EBUS-TBNA) are currently considered as the
gold standards for N2 disease diagnosis. These are wellestablished techniques that can be used to obtain tissue
diagnosis confirmation of N2 involvement. However,
because of the related complications, risk stratification of
N2 involvement is necessary before undertaking of any
invasive staging procedure (2). Compared to computed
tomography (CT), positron emission tomography (PET)
demonstrates superior performance with sensitivity of
81.3% and specificity of 79.4% in mediastinal staging of
resectable lung cancer, thus sparing more patients from
invasive staging procedures (3,4). However, PET’s false
negative and positive rates in lymph node staging cannot be
overlooked. It was reported that the performance of PET
depended on lymph node’s station, and the sensitivity of
PET for N2 disease at the subcarinal lymph node station
was only 29% (5,6). In addition, due to its high expense
and relatively low incidence of N2 disease, routine PET
use in clinical stage I NSCLC [lung cancer stage I (T1/
T2aN0M0): tumor less than 4 cm in greatest dimension
(T1/T2a), no regional lymph node metastasis (N0), no
distant metastasis (M0)] is controversial and often precluded
by economic considerations in many countries (3,7-9).
Radiomics is a novel approach to quantitatively decode
radiographic information from lung nodules, which has
demonstrated promising performance in diagnosing
malignant from benign lesions (10), predicting the status of
epidermal growth factor receptor (EGFR) mutations (11),
discriminating among the histomorphological lung
adenocarcinoma subtypes (12), and identifying invasive
from preinvasive lesions (13). However, the relationship
between radiomics and N2 disease in clinical stage I
NSCLC has not been fully investigated. Previous studies
(14-16) have reported that radiomics analysis can predict
lymph node disease in breast, bladder, and colorectal
cancers. Furthermore, the occurrence of N2 metastasis
in clinical stage I lung adenocarcinoma has already been
proven to correlate with qualitative CT features, such as
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tumor diameter, location, the ratio of solid component, etc.
(8,17,18).
Therefore, we hypothesized that CT-based radiomics
could more accurately predict N2 disease than traditional
CT features. This study aimed to develop a predictive
model to stratify N2 disease risk for patients with clinical
stage I lung adenocarcinoma based on radiomics analysis.
Methods
Study population
The Institutional Review Board of Shanghai Pulmonary
Hospital approved this retrospective study with a waiver of
informed consent (No. k19-134Y). Patients with clinical
stage I lung adenocarcinoma, who received curative surgery
in Shanghai Pulmonary Hospital, were evaluated for their
eligibility. Patients admitted between January 2014 and
December 2014 served as training cohort; those from
January 2015 to June 2015 were treated as validation cohort.
Participants were included in the study with the following
criteria: (I) lung nodule less than 4 cm on CT scan; (II)
maximum short-axis diameter of mediastinal lymph node
less than 1 cm on contrast CT scan; (III) pathologicallyconfirmed primary lung adenocarcinoma; and (IV)
conduction of systemic mediastinal lymph node dissection if
pathology indicated invasive adenocarcinoma. Patients with
multiple lesions or undergoing neoadjuvant chemotherapy
or radiotherapy were excluded. Demographic and clinical
characteristics were collected from medical records.
Image acquisition and nodule segmentation
Chest high resolution CT scans were obtained during
patient’s full inspiration using the Somatom Definition
AS (Siemens Medical Systems, Germany) or Brilliance
40 (Philips Medical Systems, Netherlands) at 120 KVp
tube energy and 200 mAs effective dose. All CT images
were reconstructed using a medium sharp reconstruction
algorithm with a slice thickness of 1 mm with 0.7 mm
increment. And the size of CT images is 512×512 pixels.
The identified CT scans were downloaded from the
Picture Archiving and Communication Systems. As manual
delineation was time-consuming and prone to inter-observer
variability, nodule segmentation was performed using semiautomatic GrowCut segmentation algorithm in 3D slicer
(an open-sourced software, www.slicer.org, Figure S1).
Compared to manual segmentation, semi-automatic

Transl Lung Cancer Res 2019;8(6):876-885 | http://dx.doi.org/10.21037/tlcr.2019.11.18

Yang et al. Predicting N2 disease using radiomics

878

segmentation was more robust and with increased accuracy
of nodule delineation, thus allowing for reproducible
radiomics feature extraction (19). Two researchers with
more than three years of experience in lung nodule
screening performed nodule segmentation, which was
confirmed by a radiologist with twenty years of experience
in thoracic imaging.
Radiomics feature extraction
Radiomics features were extracted using PyRadiomics in
Python, which is an open-source platform that sets the
reference standard for obtaining radiomics data from
medical images. The PyRadiomics platform was recently
developed to standardize the calculation of radiomics
feature algorithms and ease the feature extraction process in
order to improve reproducibility of the findings (20). In this
study, 1,078 radiomics features were extracted consisting of
five classes: (I) first order statistics (n=266); (II) shape (n=14);
(III) gray level co-occurrence matrix (n=350); (4) gray level
run length matrix (n=224); and (5) gray level size zone
matrix (n=224). The extracted radiomics features were listed
in the Supplementary materials (Table S1). The computing
algorithms can be found at www.radiomics.io and the image
biomarker standardization initiative (IBSI) presented a
document to standardize the nomenclature and deﬁnitions
of radiomic feature (21).
Radiomics feature selection and model construction
Because of high dimensionality and multicollinearity,
radiomics feature selection was conducted by sequentially
applying minimum redundancy maximum relevance
(mRMR) (22) and least absolute shrinkage and selection
operator (LASSO) (23) techniques. Prior to feature
selection and model building, no data transformation or
standardization was conducted. Using the training dataset,
we first applied the mRMR method to rank each radiomics
feature according to its relevance with the N2 status and
redundancy with other radiomics features. The top 100
most significant features were selected as candidates for
LASSO analysis. By introducing a tuning parameter to
penalize the coefficient of variables that entered into the
regression model, LASSO aimed to reduce the possibility
of overfitting. With the increase in the tuning parameter
(λ), the absolute values of variable coefficients were reduced
toward zero, and less variables were then selected. The area
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under the curve (AUC) was used as the criteria of model
performance, and the model with maximum AUC was
selected. The computing algorithms for feature selection
and model building were listed in the Supplementary
material.
Based on the results of LASSO regression of the
training dataset, a radiomics signature was established,
and its predictive performance was assessed in the training
and validation datasets. The differentiation performance
of the radiomics signature was quantified via receiver
operator characteristics (ROC) analysis, and the calibration
performance was evaluated using a calibration curve. Due
to the existence of imbalanced classes, AUC value may
not completely reflect the actual model performance,
and the precision and recall were also calculated for
model assessment. Additionally, a logistic regression
model incorporating preoperative clinical factors was
also constructed to predict N2 status, and its predictive
performance was compared with the radiomics signature.
Statistical analysis
All statistical analyses were performed with R, and the
“mRMRe” and “glmnet” packages were used to perform
mRMR analysis and LASSO regression, respectively.
Continuous and categorical variables were compared using
the t and Fisher’s exact tests, respectively. For logistic
analysis, variables with P value less than 0.1 in univariate
analysis were entered into the model using a forward
stepwise method. A two-sided P value was computed, and a
difference was considered significant at P<0.05.
Results
Baseline characteristics of the patients
The study included 880 and 332 patients in the training and
validation datasets, respectively. Demographic and clinical
features of the patients were summarized in Table 1. In the
training dataset, 58.0% of patients were female with 14.1%
having a smoking history, and the median age was 61 years
(range, 28–84 years). In the validation dataset, most patients
were female (56.5%) and non-smokers (87.9%), and the
median age was 61 years (range, 34–83 years). Mean tumor
diameters were 2.15±0.71 and 2.06±0.81 cm in the training
and validation datasets, respectively. The incidences of
N2 involvement were 8.4% and 7.1% in the training and
validation datasets, respectively.
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Table 1 Patients’ demographic and clinical characteristics in the training and validation dataset
Variables

Training dataset (N=880), n (%)

Validation dataset (N=322), n (%)

P

Gender

0.71

Male

370 (42.0)

140 (43.5)

Female

510 (58.0)

182 (56.5)

Age (years)

61 [28–84]

61 [34–83]

0.81

Smoking history

0.71

Non-smoker

756 (85.9)

283 (87.9)

Smoker

124 (14.1)

39 (12.1)

Tumor location

0.21

RUL

310 (35.2)

94 (29.2)

RML

66 (7.5)

30 (9.3)

RLL

137 (15.6)

55 (17.1)

LUL

232 (26.4)

82 (25.5)

LLL

135 (15.3)

61 (18.9)

2.15±0.71

2.06±0.81

Tumor size (cm)
Pathological type

0.08
<0.001

Lepidic

309 (35.1)

81 (25.2)

Acinar

318 (36.1)

113 (35.1)

Papillary

176 (20.0)

71 (22.0)

Solid

52 (5.9)

47 (14.6)

Micropapillary

3 (0.3)

5 (1.6)

Mucinous

22 (2.5)

5 (1.6)

N1 involvement

67 (7.6)

20 (6.2)

0.48

N2 involvement

74 (8.4)

23 (7.1)

0.55

CEA

0.35

<5 (ng/mL)

756 (85.9)

269 (83.5)

≥5 (ng/mL)

124 (14.1)

53 (16.5)

RUL, right upper lobe; RML, right middle lobe; RLL, right lower lobe; LUL, left upper lobe; LLL, left lower lobe; CEA, carcinoembryonic
antigen.

subtypes (P=4.67×10 −6, P=9.58×10 −6, and P=2.20×10 −16,
respectively) were significantly different.

Radiomics feature and its correlation with tumor
characteristics
After Z-score standardization of the radiomics features,
unsupervised K-means clustering was conducted for the 880
patients in the training dataset (Figure 1), which displayed
three clusters of patients with similar radiomics features.
The clinical parameters were compared between the three
clusters, and the N1 and N2 disease and pathological
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Radiomics feature selection and model construction
By applying mRMR analysis, the 1,078 radiomics features
were ranked based on their relevance with N2 disease
and redundancy with other features. The 100 highly
ranked radiomics features (Figures S2,S3) were selected as

Transl Lung Cancer Res 2019;8(6):876-885 | http://dx.doi.org/10.21037/tlcr.2019.11.18

Yang et al. Predicting N2 disease using radiomics

880

Cluster 1

Feature class

Feature class
First order
Shape
GLCM
GLSZM
GLRLM

Cluster 2

N1

(−)
(+)

N2
(−)
(+)
Histological

Cluster 3

subtype
Lepidic
Acinar
Papillary
Solid
Micropapillary
Mucinous

pe

ty

ub

ls

ca

us

gi

lo

us

at

at

St

St

to

is

H

1

N

2

N

−4 −2 0 2 4
Standardized radiomics feature

Figure 1 Radiomics heatmap showing the standardized value of 1,078 radiomics features (y axis) of 880 patients (x axis). Unsupervised
clustering revealed three clusters of patients with similar radiomics expression pattern, which were significantly correlated with N1 stage, N2
stage and pathological subtypes.

candidates for LASSO regression analysis. In the LASSO
regression, λ was selected through 10-fold cross-validation.
As the log(λ) changed from −10 to 0, the number of variables
that entered into the model was reduced, and the absolute
values of the coefficients of the variables declined towards
zero (Figure 2A). When λ was equal to 0.025 with a log λ of
−3.38, the LASSO regression model demonstrated the best
predictive performance with maximum AUC (Figure 2B).
The optimal radiomics feature subset was determined at this
point, and five radiomics features with nonzero coefficients
in LASSO regression were selected (Table 2). Based on the
five selected radiomics features, a radiomics signature was
constructed to predict the N2 status, and the coefficients for
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radiomics score calculation were also showed in Table 2.
Model performance and validation
The radiomics signature was calculated for each patient in
the training and validation datasets, and its relationship with
N2/N1 status was presented in a waterfall plot (Figure 3).
The radiomics signature showed good discriminatory
performance with an AUC of 0.81 [95% confidence interval
(CI), 0.77–0.86] and 0.82 (95% CI, 0.71–0.92) in the
training and validation datasets, respectively.
The calibration curve suggested that the predicted
probabilities of N2 metastasis correlated well with the
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Figure 2 Radiomics feature selection using LASSO regression. (A) LASSO coefficient profiles of the 100 candidate radiomic features.
Optimal λ was identified used 10-fold cross-validation and the minimum criterion, and a λ value of 0.025 was identified with 5 selected
radiomics features; (B) AUC from the LASSO regression cross-validation procedure was plotted against log(λ). LASSO, least absolute
shrinkage and selection operator; AUC, area under the curve.

Table 2 Radiomics features selected by lass regression
Image filtering

Feature class

Radiomics feature

N2 negative (n=806)

N2 positive (n=74)

P value

Coefficient

Original

First order

Energy

2.8E9±2.8E9

7.1E9±5.6E9

1.0E-7

1.2E-10

Original

First order

Skewness

−0.2±0.8

−0.9±0.5

2.0E-18

−0.04

Original

GLCM

Maximum Probability

0.1±0.09

0.2±0.10

1.2E-13

3.1

3D LoG (σ 4.0 mm)

GLCM

Joint Entropy

4.3±0.7

4.7±0.4

2.5E-7

0.06

3D LoG (σ 5.0 mm)

GLSZM

Gray Level Variance

5.4±2.9

7.0±2.2

2.0E-7

0.003

GLCM, gray level cooccurrence matrix; GLSZM, gray level size zone matrix; LoG, Laplacian of Gaussian filter. “Original” indicates that no
filter was applied, and the features were extracted from original CT images.

observed probabilities (Figure S4). And, the precision and
recall were 0.92 and 0.21 in the training dataset and 0.92
and 0.22 in the validation dataset.
To compare the predictive performance of the radiomics
signature to that of clinical factors, a multivariate logistic
regression model incorporating preoperative clinical factors
was established to predict N2 status (Tables S2,S3). In the
logistic model, tumor size and carcinoembryonic antigen
(CEA) [odds ratio (OR), 1.82; 95% CI, 1.30–2.55 and OR,
3.83; 95% CI, 2.24–6.46, respectively] were independent
predictors of N2 disease. And, the precision and recall of
the clinical model were 0.62 and 0.17, respectively. The
independent clinical predictors and radiomics signature
were both incorporated in order to construct build a
combined model for predicting N2 disease (Table S4).
As shown in Figure 4, radiomics signature showed better
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predictive performances than clinical factors (P<0.001), and
the difference of predictive performance between radiomics
signature and combined model was not statistically
significant (P=0.23).
Discussion
Accurate mediastinal lymph node staging is vital for guiding
a patient’s treatment decision and estimating prognosis in
surgically resectable NSCLC (24). In this study, a predictive
model incorporating radiomics information was developed
in order to stratify N2 disease risk, which demonstrated a
better predictive performance than conventional methods
(8,17).
Currently, lung adenocarcinoma accounts for more
than 80% of early-staged NSCLC and was more likely to
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Figure 3 Radiomics signature for each patient in training and validation datasets.
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Figure 4 Receiver operator characteristics (ROC) curves of the radiomics signature, clinical factors and the combined mode for predicting
N2 disease in the training and validation datasets.

be associated with N2 metastasis than other pathological
types (8). It has been reported that the incidence of
N2 disease in clinical stage I NSCLC was 4.0–16.8%
(6,8,18,25). Risk stratification of N2 disease is crucial
before performing invasive mediastinal lymph node
staging techniques such as mediastinoscopy and
EBUS-TBNA (2,26). Contrast-enhanced thoracic
CT is currently the most widely used modality for
mediastinal lymph node staging in NSCLC (3).
And, the size of lymph node on CT scan serves as the
only criterion for diagnosing malignant N2 disease, and
lymph nodes larger than 1 cm are generally treated as N2
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involvement. However, the sensitivity and specificity of
CT scan in mediastinal lymph node staging is very poor.
Cerfolio et al. (5) reported that the correlation between
lymph node size and malignant probability is weak, and a
malignant mediastinal lymph node is not significantly larger
than a benign one. According to this study’s results, 15%
of mediastinal lymph nodes <1 cm proved to be malignant,
and 43% of mediastinal lymph nodes >1 cm were actually
negative. Therefore, preoperative mediastinal lymph node
staging based only on CT scans is highly inaccurate, which
also explains the relatively high N2 disease incidence in our
study (8,17).
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PET detects lymph nodes with abnormally high
functional activity and plays an important role in lung
cancer staging. Compared with chest CT imaging, PET
displays improved sensitivity and specificity in mediastinal
staging (3). The maximum standardized uptake value
(SUV) in PET measures the lesion’s metabolic activity,
which is used to differentiate malignant from benign
lesions. Although the optimal threshold of maximum
SUV in mediastinal lymph node staging is still debatable,
a maximum SUV of >2.5 was generally designated for
diagnosing N2 disease (27). Despite its advantages,
PET scan has several limitations in mediastinal lymph
node staging. The diagnostic accuracy of PET varies
depending upon different lymph nodes’ stations. Regarding
mediastinal lymph node stations 6–8, PET sensitivity was
poor (29–40%) (5,6). A high lesion SUV is associated with
abnormal metabolic activity and is not specific to malignant
disease. Therefore, false positive results often occur. It was
reported that as high as 76% of N2 disease observed on
PET scans were false positives after checking them with
mediastinoscopy (5,9). And, the high cost of PET scan is
also an obstacle to its routine use in mediastinal staging (3,8).
In previous studies (8,15,28), several models utilizing
clinical and radiological characteristics have been developed
to predict patient-specific probability of N2 metastasis in
order to make cost-effective mediastinal staging strategy.
In our study, 8.4% of patients with clinical stage I lung
adenocarcinoma demonstrated N2 positive results. In
agreement with other studies (8,18), we found that tumor
sizes and CEA levels significantly correlated with N2
status. In addition, the predictive performance of the model
incorporating clinical factors gave an AUC of about 0.7,
which was similar to that observed in previously reported
models (8,17).
Radiomics, also termed quantitative image analysis, is a
newly developed field, which has the ability to maximize the
information obtained from medical images and provide more
accurate and comprehensive lesion characterization (26).
Medical imaging, as the most commonly used, noninvasive modality, has offered much more information for
lesion characterization than we could have perceived. By
computerized image analysis, radiomics enables us to make
the best use of medical images. It has been established that
radiomics features significantly correlate with tumor stage,
histology, and prognosis (29,30). An integrated analysis (31)
reported that CT-based radiomics phenotypes also
correlated with the driver mutation in lung adenocarcinoma
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and can predict EGFR and K-ras mutation status. Song
et al. (12) also found that radiomics features have the
potential to predict micropapillary component in invasive
lung adenocarcinoma. In this study, a CT-based radiomics
signature was established in order to predict N2 disease,
and it demonstrated more accurate predictive performance
than clinical factors. The energy feature quantifies the size
and density of the tumor, and the other selected features
measure the extent of heterogeneity by analyzing the
asymmetry distribution of pixels or the texture of tumor
presented in CT images.
Most patients in this study did not undergo PET scans
for preoperative mediastinal lymph node staging. Thus,
it is impossible to compare the diagnostic performance of
radiomics signature and maximum SUV in stratifying N2
disease risk. And, the study only included patients with
invasive adenocarcinoma and mediastinal lymph node less
than 1 cm, which may compromise the generalizability
of the results. Further studies are required in order
to externally validate the signature. As a result of easy
accessibility of open-sourced software for standardized
radiomics analyses and advanced automatic segmentation
techniques, it is much easier to obtain patient’s radiomics
information. Therefore, the radiomics signature can be
easily utilized for calculating patient-specific probability
of N2 involvement. Based on the stratified N2 disease
risk, customized mediastinal staging strategy can then be
implemented.
In conclusion, the established CT-based radiomics
signature could more accurately stratify the risk of N2
disease in clinical stage IA lung adenocarcinoma, which
could help clinicians create patient-specific mediastinal
staging strategies.
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Supplementary

(I) Radiomics feature extraction
Radiomics features were extracted using PyRadiomics package
in Python (www.radiomics.io). Features implemented in
the PyRadiomics were used for feature extraction, which
consisted of five classes: first order statistics (n=19), shape
(n=14), gray level cooccurrence matrix (n=25), gray level
run length matrix (n=16) and gray level size zone matrix
(n=16).
Using wavelet and LoG (Laplacian of Gaussian) filters
for image processing, radiomics features were extracted
both from the original CT images and filtered images.
Regarding the wavelet filtering, the built-in stationary
wavelet transformation was used through a high band-pass
or lower band-pass filter in X, Y and Z directions, which
created eight different pre-processed CT-images. For the
LoG filtering, CT images were pre-processed using 3D
LoG filter, and five different filtered images were created
by changing σ to 5.0, 4.0, 3.0, 2.0 and 1.0 mm. As the shape
radiomics features can only be extracted from the original
images, in total, 1,078 radiomics features were obtained.
The extracted features were listed in Table S1 and the
computing algorithm can be found at www.radiomics.io.
(II) Selected radiomics features and radiomics
signature calculation
The top 100 most significant radiomics features were
selected based on its relevance with the N2 status and
redundancy with other radiomics features by applying
mRMR analysis. Unsupervised cluster analysis of these 100
features in training cohort produced two clusters of patients
with similar radiomics pattern, and the N2/N1 positive
rate and the distribution of histological subtype were
significantly different between the two clusters (Figure S2).
In principal component analysis of the 100 radiomics
features, the first two dimensions (PC1, PC2) respectively
account for 12.8% and 6.9% of variance and patients with
N2 metastasis demonstrated significantly different pattern
in the scatterplot of PC1 and PC2 than N2 negative
patients (Figure S3).
Afterwards, five radiomics features were further selected

from the 100 candidate features for model development by
using LASSO analysis (performed using glmnet package in
R platform). LASSO is a powerful method for regression
with high dimensional features. In our study, the LASSO
method was combined with binary logistic regression
analysis. We used the LASSO model to select the most
important prognostic features from the training dataset.
The formula of this method is:
β lasso =argmin{∑ i=1 (yi -β 0 - ∑ j=1 β j ) 2 + λ ∑ j=1 β j }
n

p

p

[1]

where, λ is the harmonic parameter. Benefited from the
absolute constraint (λ), LASSO method shrinks coefficients
and change some coefficients to zero. Therefore, LASSO
method can be used for feature selection.
Selected radiomics features and the correspond
coefficients were listed in Table 2. The radiomics signature
for each patient was calculated as feature1 * coefficient1 +
feature2 * coefficient2… featurei * coefficienti + constant
value (−3.6). In order to confirm the stability of the five
selected features, 100 randomly selected nodules were
semi-automatically segmented by the two researchers;
the intraclass coefficients (ICC) of the selected radiomics
features were all larger than 0.8 (Figure S5).
(III) N2 disease prediction using preoperative
clinical factors
In training dataset, 74 patients were pathologically
confirmed to be N2 positive. And, there was no significant
difference between patients with N2 disease and those
without in terms of gender, age, smoking history and
lobar location (Table S2). Compared with nodules without
N2 disease, the lung nodules with N2 involvement were
significantly larger (OR, 1.82; 95% CI, 1.30–2.55) and more
likely with elevated CEA (OR, 3.83; 95% CI, 2.24–6.46).
However, when the radiomics signature and the above
independent clinical factor were all incorporated into the
logistic model, the effect of nodule size faded away, and the
contribution of CEA (OR, 2.64; 95% CI, 1.47–4.64) to the
model was also reduced (Table S3).
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Figure S1 Semi-automatic segmentation using GrowCut segmentation algorithm in 3D slicer. (A,C) nodule delineation; (B,D) nodule shape
extraction. (A,B: N2 positive; C,D: N2 negative).
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Figure S2 Radiomics heatmap showing the standardized value of the 100 radiomics features (y axis) of 880 patients (x axis). Unsupervised
clustering revealed two clusters of patients with similar radiomics expression pattern, which were significantly correlated with N1 stage, N2
stage and pathological subtypes.

10

Dim2 (6.9%)

N2(-)
N2(+)
0

–10
–10

–5

0

5

10

15

Dim1 (12.8%)

Figure S3 Scatterplot of the first two dimensions produced by principal component analysis.
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Figure S4 Calibration curves of the radiomics signature in the training and validation dataset.

1.0
0.8
0.6
0.4
0.2
0.0
Feature name

Energy

Feature class

First order

Image filter

Original

Joint Entropy

Maximum probability

Skewness

GLCM

GLCM

First order

Gray level variance
GLSZM

3D LoG (σ 4.0mm)

Original

Original

3D LoG (σ 4.0mm)

Figure S5 Intra-class correlation coefficients of the five selected features between two researchers.
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Table S1 Extracted radiomics features
First order statistics

Shape

GLCM

GLRLM

GLSZM

Entropy

Maximum 2D Diameter Column

Auto correlation

Short Run Low Gray Level Emphasis

Zone Percentage

Interquartile Range

Surface Volume Ratio

Difference Average

High Gray Level Run Emphasis

Small Area High Gray Level Emphasis

Total Energy

Maximum 2D Diameter Slice

Sum Entropy

Run Entropy

Small Area Low Gray Level Emphasis

Maximum

Spherical Disproportion

Joint Entropy

Low Gray Level Run Emphasis

Size Zone Non-Uniformity Normalized

Variance

Least Axis

Cluster Prominence

Short Run Emphasis

Large Area High Gray Level Emphasis

Kurtosis

Maximum 3DDiameter

Difference Entropy

Run Length Non-Uniformity

Zone Entropy

Mean Absolute Deviation

Volume

Dissimilarity

Run Variance

Low Gray Level Zone Emphasis

Energy

Major Axis

Joint Average

Gray Level Variance

High Gray Level Zone Emphasis

Mean

Elongation

Contrast

Long Run High Gray Level Emphasis

Zone Variance

90Percentile

Sphericity

Correlation

Short Run High Gray Level Emphasis

Small Area Emphasis

10Percentile

Maximum 2D Diameter Row

Sum Squares

Gray Level Non-Uniformity Normalized

Size Zone Non-Uniformity

Median

Minor Axis

Idmn

Run Length Non-Uniformity Normalized

Gray Level Non-Uniformity Normalized

Skewness

Flatness

Difference Variance

Long Run Emphasis

Large Area Emphasis

Robust Mean Absolute
Deviation

Surface Area

Homogeneity2

Long Run Low Gray Level Emphasis

Gray Level Variance

Uniformity

Id

Run Percentage

Gray Level Non-Uniformity

Standard Deviation

Homogeneity1

Gray Level Non-Uniformity

Large Area Low Gray Level Emphasis

Root Mean Squared

Cluster Tendency

Minimum

Imc2

Range

Inverse Variance
Maximum Probability
Imc1
Idn
Joint Energy
Cluster Shade
Idm

GLCM, gray level cooccurrence matrix; GLRLM, gray level run length matrix; GLSZM, gray level size zone matrix.

Table S2 Univariate analysis of N2 disease in training dataset
Variable

N2 positive (n=74), n (%)

N2 negative (n=806), n (%)

Sex

0.92

Female

42 (56.8)

468 (58.1)

Male

32 (43.2)

338 (41.9)

61 [36–77]

61 [28–84]

Age
Smoking history

0.26
0.75

Non-smoker

65 (87.8)

691 (85.7)

Smoker

9 (12.2)

115 (14.3)

Location

0.32

RUL

29 (39.2)

281 (34.9)

RML

6 (8.1)

60 (7.4)

RLL

6 (8.1)

131 (16.3)

LUL

18 (24.3)

214 (26.6)

LLL

15 (20.3)

120 (14.9)

2.50±0.74

2.11±0.73

Size (cm)

P

N1

<0.001
<0.001

Positive

34 (45.9)

33 (4.1)

Negative

40 (54.1)

773 (95.9)

CEA

<0.001

<5 (ng/mL)

46 (62.2)

710 (88.1)

≥5 (ng/mL)

28 (37.8)

96 (11.9)

RUL, right upper lobe; RML, right middle lobe; RLL, right lower lobe; LUL, left upper lobe; LLL, left lower lobe; CEA, carcinoembryonic
antigen.

Table S3 Logistic analysis of N2 disease using clinical factors in training dataset
Variables

Odds ratio

95% CI

P

Size

1.82

1.30–2.55

<0.001

CEA

–

–

–

<5 ng/mL (reference)
≥5 ng/mL

1

–

–

3.83

2.24–6.46

<0.001

Table S4 Logistic analysis of N2 disease using clinical factors and radiomics score in training dataset
Variables

Odds ratio

95% CI

P

Radiomics score

4.70

3.10–7.30

<0.001

Size

0.66

0.41–1.05

0.79

CEA

–

–

–

1

–

–

2.64

1.47–4.64

<0.001

<5 ng/mL (reference)
≥5 ng/mL

