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Supplementary Material and Methods 

 

Supplementary Appendix 1 

Chest CT scans were obtained from lung apices to the level of the middle portion of both 

kidneys immediately after intravenous contrast medium injection. A total of 1.5 mL/kg (body 

weight) Iomeron 300 (Iomeprol, 300 mg iodine/mL; Bracco; Milan, Italy) was injected at an 

infusion rate of 3 mL/s using a power injector (MCT Plus; Medrad; Pittsburgh, PA, USA). Both 

mediastinal (width, 400 Hounsfield units [HU]; level, 20 HU) and lung (width, 1500 HU; level 

-700 HU) window images were displayed for tumor assessment. Reconstructed images were 

retrieved using the Picture Archiving and Communications System (PACS) (Centricity 2.0, GE 

Healthcare, Mt. Prospect, IL, USA). 

 

Supplementary Appendix 2 

We adopted radiomics features to extract multi-dimensional information of a given region of 

interest (ROI)1. Histogram-based features were computed using intensity (HU) distribution of 

a given ROI. These features reflected intensity characteristics of the ROI. They were simple 

measurements that have been widely adopted as standard features to quantify tumors. We 

computed 16 features covering energy and range2. Shape-based features reflected 

morphological information of an ROI. We computed 7 features covering surface area, 

sphericity, and compactness1. Local features or gray level co-occurrence (GLCM)-related 

features consider intensity values of a neighborhood instead of a single voxel. Similarity and 

dissimilarity of voxel intensities within a neighborhood can be quantified. Thus, GLCM-related 

features quantify texture information3. GLCM features were computed for an immediate voxel 



neighborhood over 13 directions in 3D. A total of 20 features including auto-correlation and 

cluster shade were computed1. Intensity size zone (ISZ) features are also related to texture but 

can quantify beyond the immediate neighborhood. The feature assumes that an ROI can be 

further divided into subregions with uniform intensity and variable size. ISZ quantifies the 

number of subregions and how often certain subregions occur within the tumor4. A total of 2 

features, intensity variability and size-zone variability, were computed. 
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Supplementary Figure 1. Distribution of alteration of functional signaling pathways according 

to smoking status. 



Supplementary Table 1: Quantitative CT features 

 Parameter Formula Description 

Global 
variables 

Volume Volume = R ∗ number of voxels 
where R denotes the 3D image resolution 

Volume of tumor 
(ROI) 

Mass 
Mass = V ∗ D 

where V denotes the tumor volume, D denotes the 
tumor density 

Mass of tumor 
(ROI) 

Density 
Density =

M
V  

Where 𝑉𝑉 denote the tumor volume, 𝑀𝑀 denote the 
tumor mass 

Density of tumor 
(ROI) 

Mean Mean =
1
N�X(i)

N

i

 

Where X denote the 3d image matrix with N voxel. 

Measures mean 
intensity value of a 

histogram 

Standard 
deviation 

Std = �
1

N − 1�  (X(i) − x�)2
N

i=1

�

1/2

 

Where X denote the 3d image matrix with N voxel. 

Measures amount of 
variation of a 

histogram. 

First-order 
features 

(Histogram-
based 

features) 

Variance Variance =
1

N − 1�  (X(i) − x�)2
N

i=1

 

 

Measures squared 
distances of each 

value of a histogram 
from the mean 

Maximum Max = max(X(i)) 
Where X denote the 3d image matrix 

Measures maximum 
intensity value of a 

histogram 

Minimum Min = min(X(i)) 
Where X denote the 3d image matrix 

Measures minimum 
intensity value of a 

histogram 

Interquartile 
range (IQR) 

IQR = Q3 − 𝑄𝑄1 
Where Q3 denote the 3rd quartile of histogram, 𝑄𝑄1 

denote the 1st  quartile of histogram 

Measures of 
variability, based on 

dividing a 
histogram into 

quartiles 



Range Range = range(X(i)) 

Measures the 
difference between 

the highest and 
lowest voxel values 

of a histogram 

Root mean square 
(RMS) 

RMS = �
1
N
�|Xn|2
N

n=1

 

where X denotes the 3d image matrix with N voxels 

Measures the 
square-root of the 

mean of the squares 
of the values of the 

histogram. This 
feature is another 

measure of the 
magnitude of a 

histogram 

Skewness 
Skewness =

E(X − µ)3

σ3  
where 𝜇𝜇 denotes the mean of X, σ denotes the 

standard deviation of x, E is the expectation operator. 

Measures 
asymmetry of a 

histogram 

Kurtosis 
Kurtosis =

E(X − µ)4

σ4  
where µ denotes mean of X, σ denotes standard 

deviation of x, E is the expectation operator. 

Measures 
“peakedeness” of a 
histogram (flatness 

of histogram) 

Energy Energy = �X(i)2
N

i

 

where X denotes the 3d image matrix with N voxels. 

Measures squared 
magnitude value of 

a histogram 

Entropy 
Entropy = −�P(i) log2 P(i)

Nl

i=1

 

where P  denotes the first-order histogram with Nl 
discrete intensity levels 

Measures 
irregularity of a 

histogram 

Uniformity 
Uniformity = �P(i)2

Nl

i=1

 

where 𝑃𝑃 denotes the first-order histogram with 𝑁𝑁𝑙𝑙 
discrete intensity levels 

Measures 
uniformity of a 

histogram 

Histogram 
percentile 

Percentile = �
nth percentile

100 � ∗ X(i) 

Measures intensity 
value at the 

2.5th,25th,50th,75th, 
and 97.5th percentile 

on histogram 

Lung 
cancer-
specific 
features 

Mean value of 
positive pixels 

(MPP) 

MPP =
1

N+
�X(i)
N

i

 

where N+ denotes total number of positive gray level 
pixels in X(i) 

Measures average 
of positive value of 

a histogram 

Uniformity value 
of positive pixels 

(UPP) 

UPP = �|𝑃𝑃(𝑖𝑖)|2
𝑁𝑁𝑙𝑙

𝑖𝑖=1

 

where P  denotes the first order histogram with Nl 
discrete intensity levels 

Measures 
uniformity of 

positive values of a 
historgam 

Shape-
based 

features 
Compactness1 

Compactness1 =
V

√πA
2
3
 

where  V denotes the volume, and A denotes the 
surface area of the volume of interest (VOI) 

Quantifies how 
close an object to 

the smoothest 
shape, the circle 



Surface area 
SA = �

1
2

|aibi × aici|
N

i=1

 

where N denotes the total number triangle (covered 
surface area), and a, b, c are edge vectors 

The surface area of 
the ROI 

Sphericity Sphericity =
π
1
3 × (6V)

2
3

A  

where A denotes area, and V denotes volume 

Measures of the 
roundness of the 

ROI 

Spherical 
disproportion 

Spherical disproportion =
𝐴𝐴

4𝜋𝜋𝑅𝑅2 
where R denotes the radius of a sphere with the same 

volume as the tumor 

The ratio of the 
surface area of the 
ROI to the surface 

area of a sphere 
with the same 

volume as the ROI 
Surface-to-

volume ratio 
(SVR) 

SVR =
A
V 

where A denotes area, and V denotes volume 

Surface to volume 
ratio 

Gray level 
co-

occurrence 
(GLCM, 

local) 
features 

Autocorrelation Autocorrelation = �� ij𝐏𝐏(i, j)

Ng

j=1

Ng

i=1

 

Measures of the 
magnitude of the 

fineness and 
coarseness of 

texture 

Cluster 
Prominence 

Cluster prominence = 

���i + j − µx(i) − µy(j)�4𝐏𝐏(i, j)

Ng

j=1

Ng

i=1

 

Measures number of 
potential clusters 

present 

Cluster shade 

Cluster shade = 

���i + j − µx(i) − µy(j)�3𝐏𝐏(i, j)

Ng

j=1

Ng

i=1

 
Measures the 

skewness of GLCM 

Contrast Contrast = ��|i − j|2𝐏𝐏(i, j)

Ng

j=1

Ng

i=1

 
Measures of the 
local intensity 

variation of GLCM 

Correlation Correlation =
∑ ∑ ij𝐏𝐏(i, j) − µi(i)µj(j)Ng

j=1
Ng
i=1

σx(i)σy(j)  
Measures gray tone 
linear-dependencies 

of the gray level 

Difference 
entropy Difference entropy = � 𝐏𝐏x−y(i) log2[Px−y(i)

Ng−1

i=0

] 
Measures entropy of 

processed GLCM 
matrix PX-Y 

Dissimilarity Dissimilarity = ��|i − j|𝐏𝐏(i, j)

Ng

j=1

Ng

i=1

 
Measures difference 
of entries in GLCM 

Energy Energy = ��[𝐏𝐏(i, j)]2
Ng

j=1

Ng

i=1

 
Measures of the 
homogeneity of 

GLCM 

Entropy Entropy = −��𝐏𝐏(i, j) log2[𝐏𝐏(i, j)]

Ng

j=1

Ng

i=1

 
Measures 

irregularity of 
GLCM 

Homogeneity1 Homogeneity1 = ��
𝐏𝐏(i, j)

1 + |i − j|

Ng

j=1

Ng

i=1

 
Measures closeness 

of GLCM 

Informational 
measure of 

correlation 1  
(IMC1) 

IMC1 = HXY −
HXY1

max {HX, HY} Secondary measure 
of homogeneity1 



Maximum 
probability Maximum probability = max {𝐏𝐏(i, j)} 

Measures maximum 
value of GLCM 

matrix 

Sum average �[i𝐏𝐏x+y(i)]

2Ng

i=2

  

Sum variance �(i − SE)2𝐏𝐏x+y(i)

2Ng

i=2

  

where 𝐏𝐏(i, j) denotes gray level co-occurrence matrix for (δ = 1,α = 0), 
Ng denotes number of discrete intensity values in the image, 

N is the number of voxels in the ROI, 
µ denotes mean of 𝐏𝐏(i, j), 

px(i) = ∑ 𝐏𝐏(i, j)Ng
j=1  denotes marginal row probabilities, 

py(i) = ∑ 𝐏𝐏(i, j)Ng
i=1  denotes marginal column probabilities, 

µx represents the expected value of marginal row probability, 
µy represents the expected value of marginal column probability, 

σx denotes standard deviation of px, 
σy denotes standard deviation of py, 

px+y(k) = ∑ ∑ 𝐏𝐏(i, j)Ng
j=1

Ng
i=1  , i + j = k, k = 2,3, … ,2Ng, 

px−y(k) = ∑ ∑ 𝐏𝐏(i, j)Ng
j=1

Ng
i=1  , | i− j| = k, k = 0,1, … , Ng − 1, 

HX = −∑ 𝐏𝐏x(i) log2[px(i)]Ng
i=1  is the entropy of 𝐏𝐏x, 

 HY = −∑ 𝐏𝐏y(i) log2�py(i)�Ng
i=1  is the entropy of 𝐏𝐏y, 

H = ∑ ∑ 𝐏𝐏(i, j)Ng
j=1

Ng
i=1 log2[𝐏𝐏(i, j)] is the entropy of 𝐏𝐏(i, j) 

HXY = −∑ ∑ 𝐏𝐏(i, j)Ng
j=1

Ng
i=1 log2[𝐏𝐏(i, j)] is the entropy of 𝐏𝐏(i, j) 

HXY1 = −∑ ∑ 𝐏𝐏(i, j) log(px(i)py(j))Ng
j=1

Ng
i=1 . 

Intensity 
size zone 

(ISZ, 
regional) 
features 

Size-zone 
variability 

1
Θ � ��𝑷𝑷(𝑚𝑚,𝑛𝑛)

𝑁𝑁

𝑛𝑛=1

�
𝑀𝑀

𝑚𝑚=1

2

 
Measures variability 
in size of ROI 

Intensity 
variability 

1
Θ��� 𝑷𝑷(𝑚𝑚,𝑛𝑛)

𝑀𝑀

𝑚𝑚=1

�
𝑁𝑁

𝑛𝑛=1

2

 
Measures variability 
in intensity of ROI 

where 𝑷𝑷(𝑚𝑚,𝑛𝑛) denotes intensity size zone matrix  
Θ represents number of homogeneous areas in a tumor, 

M denotes number of distinct intensity values, 
N denotes size of homogeneous area in the matrix 𝐏𝐏(m, n) 

 

 



Supplementary Table 2: Seventy-three clinicoradiological features used to predict alterations 

in targetable pathways and survival. 

Category Features 

Clinical features 

Sex 
Age 
Differentiation 
Tumor size 
T descriptor 
N descriptor 
M descriptor 
Tumor stage 
Smoking 
Smoking pack-year 

Global variables 

Mean 
Standard deviation  
Volume 
Density 
Mass 

Histogram-based features 

Variance 
Maximum 
Minimum 
Interquartile range (IQR) 
Range 
Root mean square (RMS) 
Skewness 
Kurtosis 
Energy 
Entropy 
Uniformity 
HU at the 2.5th percentile on histogram 
HU at the 25th percentile on histogram 
HU at the 50th percentile on histogram 
HU at the 75th percentile on histogram 
HU at the 97.5th percentile on histogram 

Lung cancer-specific features 
Mean value of positive pixels (MPP) 
Uniformity of distribution of positive gray level pixel values (UPP) 

Shape features 
Compactness 1 
Compactness 2 



Surface area 
Maximum 3D diameter 
Sphericity  
Spherical disproportion 
Surface to volume ratio (SVR) 

Local features or gray level co-
occurrence (GLCM, local 
features) 

Autocorrelation 
Cluster prominence 
Cluster shade 
Cluster tendency 
Contrast 
Correlation 
Difference entropy 
Dissimilarity 
Energy  
Entropy (H) 
Homogeneity 1 
Homogeneity 2 
Informational measure of correlation (IMC) 
Inverse difference normalized (IDN) 
Maximum probability 
Inverse variance 
Sum average 
Sum entropy 
Sum variance 
Variance 

Regional features 
Intensity variability 
Size-zone variability 

Emphysema features 

Right emphysema index  
Left emphysema index  
Total emphysema index  
Total emphysema volume  
Right normal lung % 
Left normal lung % 
Total normal lung % 
Normal lung volume  
Right lung volume  
Left lung volume  
Total lung volume  



Supplementary Table 3. Selected features for prediction of functional signaling pathways using univariate analysis, 

 Redox stress Differentiation Apoptosis Proliferation Chromatic remodelers 
 Variables p value Variables p value Variables p value Variables p value Variables p value 

Clinical features   Smoking pack-
years 0.100      Smoking pack-

years 0.192  

Global variables Volume 0.159    Volume 0.067      

 Mass 0.163    Mass 0.066      

Histogram-based 
features Maximum 0.180  Minimum 0.125  Maximum 0.113  HU at the 75th 

percentile 0.093  Energy 0.157  

 Minimum 0.040  Energy 0.150  Minimum 0.187  HU at the 97.5th 
percentile 0.034    

 Range 0.101    Range 0.085      

 Energy 0.026    HU at the 2.5th 
percentile 0.128      

Lung cancer-
specific features 

      MPP 0.021    

Shape features Surface area 0.161  Spherical 
disproportion 0.200  Surface area 0.060      

 Maximum 3D 
diameter 0.112    Compactness 1 0.065      

     Maximum 3D 
diameter 0.056      

Local features Autocorrelation 0.106    Autocorrelation 0.093  Cluster 
prominence 0.173  Difference 

entropy 0.172  

 Cluster 
prominence 0.102    Cluster 

prominence 0.091  Cluster shade 0.191  Entropy 0.144  

 Cluster shade 0.102    Cluster shade 0.090    Energy 0.125  



 Cluster 
tendency 0.106    Cluster 

tendency 0.093    Homogeneity 1 0.174  

 Correlation 0.133    Correlation 0.177    Homogeneity 2 0.188  

 Sum average 0.114    Sum average 0.098    Maximum 
probability 0.107  

 Variance 0.106    Variance 0.092    Inverse variance 0.185  

Regional features Size-zone 
variability 0.174  Intensity 

variability 0.190  Intensity 
variability 0.174      

 Intensity 
variability 0.190          

Emphysema 
features 

      Normal lung 
volume 0.018    

       Right lung 
volume  0.015    

       Left lung 
volume  0.042    

       Total lung 
volume  0.019    

 

 


