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7. Database Preparation5
 

merican Joint Committee on Cancer (AJCC) has propounded the popular 

Tumor-Node-Metastasis (TNM) system (Table 1) for cancer staging. A 

further abstraction on TNM staging is the AJCC staging which may be very 

helpful if used as the common class variable in a supervised machine learning method. 

For example, Table 2 depicts the AJCC staging derivation from the TNM staging of lung 

cancer. Different types of cancers have different propositions for TNM staging, but AJCC 

staging brings them under a common platform and if the AJCC staging is automated, the 

respective TNM staging may be easily determined irrespective of the cancer type.  

Primary Tumor 
(T) 

TX Primary tumor cannot be assessed 

 T0 No evidence of primary tumor 
 Tis Carcinoma in situ 
 T1 Tumor size <=3cm 
 T1a Tumor size <=2cm 
 T1b Tumor size >2cm and <=3cm 
 T2 Tumor size >3cm and <=7cm 
 T2a Tumor size >3cm and <=5cm 
 T2b Tumor size >5cm and <=7cm 
 T3 Tumor size >7cm 
 T4 Any size that invades other organs such as heart, nervous 

system, etc. 
Regional Lymph 
Nodes (N) 

NX Regional Lymph Nodes cannot be assessed 

 N0 No Regional Lymph Node metastases 
 N1 Metastasis in ipsilateral peribronchial and/or ipsilateral hilar 

lymph nodes and intrapulmonary nodes, including involvement 
by direct extension 

 N2 Metastasis in ipsilateral mediastinal and/or subcarinal lymph 
node(s)  

 N3 Metastasis in contralateral mediastinal, contralateral hilar, 
ipsilateral or contralateral scalene, or supraclavicular lymph 
node(s)  

Distant 
Metastasis (M) 

M0 No Distant Metastasis 
M1 Distant Metastasis 
M1a Separate tumor nodule(s) in a contralateral  lobe 
M1b Distant Metastasis (in extrathoracic organs) 

Table1: Tumor-Node-Metastasis (TNM) Staging System 

 

                                                           
5 Based on author’s publication no. 1 and no. 9 [Appendix D] 

A 
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Table2: AJCC 7th Edition Staging System of Lung Cancer 

7.1 Methodology   
Extracted features from the image collection have been stored in a Comma Separated 

Value (CSV) file. In this way, the data file becomes platform-independent and can be 

accessed by any known data analysis or statistical packages. The clinical information 

from the original dataset has been extracted (Figure 39) and clubbed with the extracted 

features as per case-identification numbers. Four different datasets have been prepared: 

the T-staging information, M-staging information, N-staging information, and AJCC 

staging (Figure 40) information are appended in the feature set as the class labels, 

respectively. Another file has been prepared for inserting histopathological grading 

information as the class or target variable with the extracted features as per the concerned 

case identifier. Thus, five different data files have been prepared. All missing values for 

nominal and numeric attributes in the dataset are replaced by the modes (for nominal 

data) and means (for numeric data), respectively. 

Stage 
0 

Tis N0 M0  Stage 
IIB 

T2b N1 M0  Stage 
IIIB 

T1a N3 M0 

Stage 
IA 

T1a N0 M0   T3 N0 M0   T1b N3 M0 
T1b N0 M0  Stage 

IIIA 
T1a N2 M0   T2a N3 M0 

Stage 
IB 

T2a N0 M0   T1b N2 M0   T2b N3 M0 

Stage 
IIA 

T2b N0 M0   T2a N2 M0   T3 N3 M0 
T1a N1 M0   T2b N2 M0   T4 N2 M0 
T1b N1 M0   T3 N1 M0   T4 N3 M0 
T2a N1 M0   T3 N2 M0  Stage 

IV 
Any 
T 

Any 
N 

M1a 

      T4 N0 M0   Any 
T 

Any 
N 

M1b 

     T4 N1 M0      
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Figure 39: Glimpse of clinical information retrieved from NSCLC Radiogenomics 

 

Figure 40: AJCC staging information clubbed as the class variable with the extracted feature set as per case 
ID 

7.2 Standardization and Normalization 
Feature standardization implies that each attribute in the data set will have zero-mean and 

a unit variance: 

𝑥 =
̅
                …Equation 7.2.1 

Where x is the original feature vector, �̅� is the mean of that feature vector,  𝜎 is its 

standard deviation and 𝑥  is the standardized value. The min-max method of rescaling 

was adopted to confine the values of features within the range [0, 1]: 

𝑥 =
 ( )

( )  ( )
                          …Equation 7.2.2 

Where x is an input value of a feature and 𝑥   is the normalized value of the same. First, 

the dataset was separately standardized (Equation 7.2.1) (Figure 41) to the range [-1, 1] 

and then normalized (Equation 7.2.2) (Figure 42) to the range [0, 1]. 
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Figure 41: Standardized Feature set clubbed with AJCC staging 
 

 
 

Figure 42: Normalized feature set clubbed with AJCC staging 

7.3 Data Resampling 
The dataset has been resampled to avoid the effect of sampling bias and class imbalance. 

Synthetic Minority Oversampling TEchnique (SMOTE) [142] was used as the data 

resampling technique in the study. If a dataset has s samples and f features in the feature 

space, to oversample, a sample is taken from the dataset, and its k nearest neighbors are 

considered. A vector between one of the k neighbors is taken. The vector is multiplied by 

a random number x which lies between 0, and 1. This is added to the current data point to 

create the new, synthetic data point. The SMOTE algorithm is as follows: 

Input: no. of minority class samples (s); % of SMOTE (p); no. of nearest neighbors (k); 

no. of attributes (t) 

Output: (p/100)*s synthetic minority class samples 

Step 1: If p<100 then randomize the minority class samples p 

Step 2: the amount of SMOTE is assumed to be a multiple of 100 



 
 

Step 3: initialize an index

Step 4: initialize an array for storing synthetic samples

Step 5: for each minority class samples compute k, save the indices and populate the 
synthetic samples array for each t

At each resampling iteration, the index of the non

SMOTE should be applied) has been

neighbors and the average percentage of SMOTE instances to be created 

random seed value of 1).

into any machine learning process.

feature set as the class variable (Figure 

machine learning algorithm and the outcome obtained would be less biased. Thus, the 

result will be more robust and trustworthy, which may be compared with other machine 

learning models. In this way

more reliable. 

Figure 43: A glimpse of the feature set used in the study
 

Figure 44: Sample distribution under T
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Step 3: initialize an index to 0. This will count the no. of synthetic samples generated

Step 4: initialize an array for storing synthetic samples 

Step 5: for each minority class samples compute k, save the indices and populate the 
synthetic samples array for each t  

resampling iteration, the index of the non-empty minority class value (to wh

SMOTE should be applied) has been selected along with 5 as the number of nearest 

neighbors and the average percentage of SMOTE instances to be created 

d value of 1). In this way, the final dataset is prepared and is ready to be fed 

into any machine learning process. For example, T-stage information is clubbed with the 

feature set as the class variable (Figure 43). Such resampled data may be fed into any 

machine learning algorithm and the outcome obtained would be less biased. Thus, the 

result will be more robust and trustworthy, which may be compared with other machine 

In this way, the performance of the newly developed model becomes 

: A glimpse of the feature set used in the study with T-Staging as the class variable

(a)                                                                                  

Sample distribution under T-stage class (a) before re-sampling, (b) after re

to 0. This will count the no. of synthetic samples generated 

Step 5: for each minority class samples compute k, save the indices and populate the 

empty minority class value (to which 

selected along with 5 as the number of nearest 

neighbors and the average percentage of SMOTE instances to be created is 100 (with a 

the final dataset is prepared and is ready to be fed 

stage information is clubbed with the 

Such resampled data may be fed into any 

machine learning algorithm and the outcome obtained would be less biased. Thus, the 

result will be more robust and trustworthy, which may be compared with other machine 

the performance of the newly developed model becomes 

as the class variable 

                                                                                 (b) 

sampling, (b) after re-sampling by SMOTE 
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From Figure 44, it may be observed that after applying SMOTE, the class imbalance 

scenario has reduced to a larger extent. This has also reduced the chance of overfitting 

and underfitting while carrying out experiments with different machine learning 

algorithms. 

7.4 Imagery Database Preparation 
The main course of database preparation that has been discussed so far in the study is 

meant for use with traditional machine learning methods and a one-dimensional 

Convolutional Neural Network (1-D CNN). Such a database preparation follows manual 

feature extraction and gives birth to a semi-automated tumor classification system.  This 

type of system is very useful where hardware resources are limited. On the other hand, if 

there is no hardware constraint, a fully automated system may be implemented by using a 

two-dimensional convolutional neural network (2-D CNN) or higher-level architectures 

as applicable.  Database preparation for such a system is somewhat different and involves 

a specific flow of activities. Here, images are being used directly rather than extracting 

features into a repository. Images are labeled according to their CaseIDs and stored in a 

particular folder. Class or target variables of each of the images are stored in a CSV file 

as per the CaseID.  Thus, there is a scope of mapping between the images and their 

respective class variables, e.g., AJCC staging. First images are read and converted into a 

pixel array. Later, these pixel arrays are downsampled (Figure 45), reshaped, and again 

transformed into image arrays. After that, image arrays are tagged with the corresponding 

class value and compressed for future use (Figure 46). Compression reduces the memory 

overhead while carrying out experiments.  



 
 

Figure 45: Image transformation during down

transformed 
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(a) 
 

(b) 

mage transformation during down-sampling phase at a glance - (a) original image collection (b) 

transformed image collection having distinct patterns for each class of tumors

 

 

(a) original image collection (b) 

collection having distinct patterns for each class of tumors 



 
 

In the case of image regeneration, images are labeled and directly fed into the machine 

learning model after resizing and re

calculated labels may be observed. Such a system works like an encoder

with an unsupervised learning mode. I

the imagery array and fed into different machine learning models

encoders with supervised learning mode. 

inverse transformation to generate the stage and grade of a tumor.

Figure 46: An instance of image arrays and their corresponding class labels

Similar datasets may be developed by using the same image collection and by altering 

class variables as per need. 

sampling Technique (SMOTE
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case of image regeneration, images are labeled and directly fed into the machine 

learning model after resizing and re-sampling. As the outcome, regenerated images with 

els may be observed. Such a system works like an encoder

unsupervised learning mode. In the present research work, labels are tagged with 

the imagery array and fed into different machine learning models

h supervised learning mode. The outcome may be decoded by 

inverse transformation to generate the stage and grade of a tumor. 

 

: An instance of image arrays and their corresponding class labels

Similar datasets may be developed by using the same image collection and by altering 

class variables as per need. At last, different varieties of Synthetic Minority Over

SMOTE) [143] have been applied to balance class distribution

(a) 

 

case of image regeneration, images are labeled and directly fed into the machine 

sampling. As the outcome, regenerated images with 

els may be observed. Such a system works like an encoder-decoder system 

n the present research work, labels are tagged with 

the imagery array and fed into different machine learning models. Models work like 

The outcome may be decoded by using an 

: An instance of image arrays and their corresponding class labels (AJCC Staging) 

Similar datasets may be developed by using the same image collection and by altering 

Synthetic Minority Over-

applied to balance class distribution.  



 
 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 47: Ratio of samples under different class (a) before and (b) after resampling [1=> AJCC Stage I; 

2=> AJCC Stage II; 3=> AJCC Stage III; 4=> AJCC Stage IV]

First, the oversampling has been done with the minority classes and then resampling has 

been performed with borderline classes. At last, resampling has been done by using all 

the classes including both majority and minority classes. 

distribution and helped in generating a 

7.5 Conclusion 
This chapter describes the database preparation from features extracted in the earlier 

phase of the study. Vector or sequence processing is an area where deep learning is a bit 

underexplored than the traditional machine learning methods. The present research work 

has prepared a manual dataset of rank one tensor which may be fed into a one

dimensional CNN and other leading machine learning techniques. 

fetching pathological staging or grading information from the clinical data and tagging 

those with the respective feature records. For fully automated DNN, 

been prepared by mapping clinical information with the image array. Separate databases 

have been prepared for TNM staging, AJCC staging, histopathological grading, and 

histological subtypes.  
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(b) 

: Ratio of samples under different class (a) before and (b) after resampling [1=> AJCC Stage I; 

2=> AJCC Stage II; 3=> AJCC Stage III; 4=> AJCC Stage IV]

First, the oversampling has been done with the minority classes and then resampling has 

been performed with borderline classes. At last, resampling has been done by using all 

the classes including both majority and minority classes. This has balanced the c

helped in generating a consistent result.  

This chapter describes the database preparation from features extracted in the earlier 

study. Vector or sequence processing is an area where deep learning is a bit 

underexplored than the traditional machine learning methods. The present research work 

has prepared a manual dataset of rank one tensor which may be fed into a one

and other leading machine learning techniques. 

fetching pathological staging or grading information from the clinical data and tagging 

those with the respective feature records. For fully automated DNN, 

by mapping clinical information with the image array. Separate databases 

have been prepared for TNM staging, AJCC staging, histopathological grading, and 

histological subtypes.   

: Ratio of samples under different class (a) before and (b) after resampling [1=> AJCC Stage I; 

2=> AJCC Stage II; 3=> AJCC Stage III; 4=> AJCC Stage IV] 

First, the oversampling has been done with the minority classes and then resampling has 

been performed with borderline classes. At last, resampling has been done by using all 

This has balanced the class 

This chapter describes the database preparation from features extracted in the earlier 

study. Vector or sequence processing is an area where deep learning is a bit 

underexplored than the traditional machine learning methods. The present research work 

has prepared a manual dataset of rank one tensor which may be fed into a one-

and other leading machine learning techniques. This has been done by 

fetching pathological staging or grading information from the clinical data and tagging 

those with the respective feature records. For fully automated DNN, the database has 

by mapping clinical information with the image array. Separate databases 

have been prepared for TNM staging, AJCC staging, histopathological grading, and 


