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Abstract:Feature extraction is an important area of research in medical data mining systems. Because, data 

redundancy and unrelated features may leads to higher computational complexity and also lacks the disease prediction 

accuracy. To reduce data redundancies and irrelevant features from a high dimensional medical dataset, a Torgerson–

Gower Multi-Dimensional Scaling based Feature Extraction (TGMDS-FE) Technique is proposed. The TGMDS-FE 

Technique is designed in order to lessen the dimensionality of high dimensional medical dataset through relevant 

feature extraction with better accuracy and minimal time consumption. The TGMDS-FE Technique initially places 

every feature in dimensional space. Then, TGMDS-FE Technique computes Mahalanobis distance between two 

features and stored it in distance matrix. For each distance calculation, TGMDS-FE Technique reduces the loss 

function called stress function value through double centering process and singular value decomposition process. 

Finally, TGMDS-FE Technique extracts features that are closer together on dimensional space as more relevant and 

also eliminates features that are far away on dimensional space as irrelevant features. From that, TGMDS-FE 

Technique attains the dimensionality reduction to perform medical data diagnosis with lower complexity. As a result, 

TGMDS-FE Technique increases performance of features extraction for high dimensional medical data analysis. The 

experimental evaluation of TGMDS-FE Technique is carried out on factors such as feature extraction accuracy, feature 

extraction time, false negative rate and space complexity with respect to number of features. The experimental result 

demonstrates that the TGMDS-FE Technique is able to enhance the feature extraction accuracy and also reduces the 

false negative rate when compared to state-of-the-art-works.  

Keywords: Brain Tumor Disease, Dimensionality Reduction, Feature Extraction, Mahalanobis Distance, Stress Function 

Value 

I. INTRODUCTION 

With the growth in volume of healthcare data, data 

analytics in a healthcare information system extract 

valuable information with help of different data mining 

techniques. Feature extraction greatly enhances the 

accuracy of the disease diagnosis. In addition, feature 

extraction is important in finding the relevant subset of 

predictive features. The extracted features helps physician 

to take a decision on the criticality of particular disease. 

Therefore, prediction accuracy is said to be increased by 

optimizing the feature selection. Recently, few research 

works have been intended for feature extraction using 

various data mining techniques. However, the performance 

of existing feature extraction technique was not at required 

level where it does not considered false negative rate which 

lacks the accuracy of disease prediction. Hence, TGMDS-

FE Technique is designed in this research work.  

A Hybrid Feature Selection was carried out in [1] for 

imbalanced healthcare data. Based on the feature selection 

done on a hybrid fashion, feature selection accuracy was 

said to be improved. However, less focus remained on false 

negative rate involved in feature selection.  To address this 

issue, a novel method based on support vector machine 

(SVM) and Procrustes Analysis (PA) (SVM-PA) was 

presented in [2] for selecting features involved in high-

throughput medical data. However, the time complexity 

involved during feature extraction was found to be more.  

For efficient disease diagnosis, key features have to be 

identified. In [3], Jointly Sparse Discriminant Analysis 

(JSDA) was investigated to discover key features that it in 

turn resulted in the improvement of diagnosis being 

performed. However, less concentration was made towards 

the key feature extraction time. In [4], p-norm singular 

value decomposition (PSVD) was investigated with the 

objective of identifying features from bimolecular data via 
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mining. Though the identified features were found to be 

key for disease diagnosis, the complexity involved during 

computation was found to be more.  

Class-dependent Locality Preserving Projections method in 

[5] operated in scenarios that present within-class 

multimodality. A novel framework was designed in [6] for 

extracting features from hospital medical data. However, 

the feature extraction accuracy was found to be lesser, 

because of the abnormalities being compromised. 

Computer-Aided Diagnosis System was introduced in [7] 

for automatically detecting abnormities present in the 

medical big data. Yet another, novel Online Feature 

Selection algorithm was designed in [8] based on the 

Dependency in K nearest neighbors for high-dimensional 

class-imbalanced data. The above said methods, though 

played a predominant role in feature extraction involving 

high-dimensional data, the space complexity during feature 

extraction was not concentrated. 

An Ensemble Feature Ranking was developed in [9] for 

feature extraction from medical data. With the ensemble 

feature ranking, the features being extracted were found to 

be efficient for disease diagnosis, the extraction time 

involved was found to be higher. An Improved Self-

Adaptive Niche Genetic Algorithm was employed in [10] 

for dimensionality reduction of complex medical data.  

However, with the increased dimensionality rate for 

complex medical data, the precision rate of feature 

extraction was found to be higher.  

In order to address the above said existing issues, TGMDS-

FE Technique is introduced. The main contributions of 

TGMDS-FE Technique is formulated as, 

 To obtain higher feature extraction performance for 

high dimensional medical dataset, TGMDS-FE 

Technique is designed.  The TGMDS-FE Technique is 

developed by using Torgerson–Gower Multi-

Dimensional Scaling and Mahalanobis Distance on the 

contrary to existing traditional feature extraction 

techniques. 

 To extract more relevant features from high 

dimensional medical dataset and thereby enhancing 

disease diagnosis performance at an early stage, stress 

function is used in proposed GDSNE-FE technique to 

get higher feature extraction accuracy on the contrary 

to existing conventional feature extraction techniques. 

The rest of paper is planed as follows: Section 2 provides 

the related works. In Section 3, TGMDS-FE Technique is 

explained with assists of architecture diagram. In Section 4, 

Simulation settings are described and the result discussion 

is presented in Section 5. Section 6 presents the conclusion 

of the paper. 

II. RELATED WORKS 

The automation of diagnosis for medical data with respect 

to huge data is of great importance to doctor-patient and 

hence, there arises a need for optimizing allocation of 

health resources in an efficient manner.  With this 

objective, optimal feature selection was performed in [11] 

with help of a modified differential evolution algorithm. 

Though health resource allocation was performed in an 

effective manner, the involvement of irrelevant features that 

were incorrectly identified as relevant was not assessed. To 

address this issue, a Feature Selection Method Based on 

Artificial Bee Colony Algorithm was designed in [12] for 

medical datasets classification with higher accuracy. 

However, the complexity involved in identifying the space 

and time was found to be higher with the involvement of 

huge medical data.  

A fuzzy-based data transformation was introduced in [13] 

for feature extraction from medical data sets. Yet, another 

classifier model based on random forest was investigated in 

[14] based on the concept of feature selection for breast 

cancer diagnosis and prognostic. However, the feature 

selection performance was found to be poor. The effect of 

feature extraction for brain tumor classification was 

presented in [15].   

A novel feature selection method was designed in [16] with 

the aim of enhancing the classification performance for 

predicting brain tumor. However, high dimensional medical 

data was not considered for the classification of features 

being selected. A hybrid filter-based feature selection 

method was presented in [17] with help of modified 

Bayesian logistic regression (BLogReg) for performing 

feature selection. Though efficient features were identified, 

the processing time involved in feature selection was found 

to be higher. A multidimensional time series feature 

selection method was introduced in [18] to attain dimension 

reduction of clinical data.  

An Incremental Gaussian Discriminant Analysis was 

intended in [19] for brain tumor diagnosis. A novel 

optimization framework was presented in [20] to enhance 

features selection performance of medical data 

classification. The false positive rate of feature selection 

was not considered. Based on the above mentioned existing 

methods presented, TGMDS-FE Technique is developed 

which detailed explained in below. 

III. TORGERSON–GOWER MULTI-DIMENSIONAL 

SCALING BASED FEATURE EXTRACTION 

TECHNIQUE 

Feature extraction is a significant process that used for 

dimensionality reduction of high dimensional medical 

dataset. The feature extraction techniques encode high 

dimensional data into a low dimensional space. Different 

feature extraction techniques project the data to a low 

dimensional space to highlight significant features of the 

scattered medical dataset. Representing high dimensional 

data in a low dimensional space is a key task because it 
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becomes much easier to examine the medical information 

when the dimension is greatly reduced.  

 

With the dimensional reduction, more significant features 

of high dimensional medical dataset are extracted for 

effective disease diagnosis. When the data configuration is 

Euclidean, MDS is similar to principle component analysis 

(PCA), which removes irrelevant features with its compact 

representation of data. The Multi Dimensional Scaling 

(MDS) techniques extracts relevent features from a medical 

dataset. However, the computational complexity of MDS 

was more. In order to solve this limitation of conventional 

MDS, Torgerson–Gower Multi-Dimensional Scaling based 

Feature Extraction (TGMDS-FE) Technique is introduced 

for analysis of high dimensional medical data for brain 

tumor disease diagnosis. On the contrary to existing works, 

TGMDS-FE Technique employed Mahalanobis Distance 

for efficiently performing feature extraction process with 

minimal time utilization.  

TGMDS-FE Technique is a visual representation of 

distances or dissimilarities between sets of features on 

dimensional space. Features that are more related are closer 

together on the dimensional space than features that are less 

similar. As well as interpreting dissimilarities as distances 

on a dimensional space, TGMDS-FE Technique serves as a 

dimension reduction technique for high-dimensional 

medical dataset. The objective of TGMDS-FE Technique is 

to select more significant features from the available raw 

medical dataset. The extracted relevant features help the 

physician to accurate diagnosis prediction. The main focus 

of TGMDS-FE Technique is dimensionality reduction of 

high-dimensional medical dataset through feature extraction 

for predicting the occurrences of diseases at an early stage 

with minimal time complexity. The architecture diagram of 

TGMDS-FE Technique is demonstrated in below Figure 1. 

Figure 1 depicts the overall structure of TGMDS-FE 

Technique in order to increase the accuracy of feature 

extraction for brain tumor disease diagnosis at an early 

stage.  As demonstrated in above figure, TGMDS-FE 

Technique takes medical dataset (i.e. Epileptic Seizure 

Recognition Dataset) as input. Then, TGMDS-FE 

Technique embeds features in input medical dataset into a 

dimensional space. 

 
Figure 1 Architecture Diagram of TGMDS-FE Technique for Feature 

Extraction of Medical Data Diagnosis 

After that, TGMDS-FE Technique evaluates Mahalanobis 

distance for each pair of features on high dimensional 

space. With help of distance measurement, then TGMDS-

FE Technique significantly extract features that are relevant 

for accurate medical data diagnosis and removes irrelevant 

features. Thus, TGMDS-FE Technique obtains the 

dimensionality reduction to predict the occurrences of brain 

tumor disease with lower computational complexity. 

Therefore, TGMDS-FE Technique improves features 

extraction accuracy of medical data analysis with minimal 

false negative rate and space and time complexity. The 

exhaustive process of TGMDS-FE Technique is explained 

in below sections.  

 
Figure 2 Flow processes of TGMDS-FE Technique 

 

TGMDS-FE Technique is aimed to represent high 

dimensional data in a low dimensional space with 

preservation of the similarities between data points. The 

multi-dimensional scaling portrays similarities and 

dissimilarities between pairs of features with help of 

distance matrix. The TGMDS-FE Technique is a statistical 
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technique which is used in data visualization for exploring 

similarities or dissimilarities in data.  The TGMDS-FE 

Technique begins with a matrix of item-item similarities, 

and then assigns a location of each item in low dimensional 

space. The flow process of TGMDS-FE Technique is 

shown in above figure. 

Figure 2 illustrate the flow process of TGMDS-FE 

Technique for efficient feature extraction from medical 

dataset. TGMDS-FE Technique at first evaluates the 

Mahalanobis Distance for every pair of features in 

dimensional space. Afterward, TGMDS-FE Technique 

determines stress function as differentiation between the 

actual distance and their predicted distance values. If stress 

function value is very lower, then TGMDS-FE Technique 

performs feature extraction. Otherwise, TGMDS-FE 

Technique adjust coordinates between features through 

double centering and singular value decomposition in order 

to lessen the stress function value and thereby improving 

feature selection accuracy of high dimensional dataset.   

Let us consider a set of „ ‟ features in given medical 

dataset is denoted as „    *             +‟. Here,   

indicates the number of features in input medical dataset. 

Initially, TGMDS-FE Technique distributes an input 

medical dataset into a dimensional space to discover 

relationship between features. The scatter plotting of high 

dimensional medical data is illustrated in below Figure 3. 

 

 

 

 

 

 

 

 

 

 

 

Figure 3 Dimensional Representation of Medical 

Dataset 

Figure 3 depicts the dimensional representation of medical 

dataset for feature extraction. For each feature pair in 

dimensional space, TGMDS-FE Technique calculate the 

Mahalanobis distance     
 between features „  ‟and „  ‟and 

thus the distance matrix „ ‟ is mathematically obtained as, 

 

                      (

             

             

    
             

)                                       

(1) 

From equation (1), distance matrix is determined. The 

existing MDS limited to Euclidean distances only. 

TGMDS-FE Technique extends the MDS to deal with 

Mahalanobis Distance. Therefore, Mahalanobis Distance 

used in proposed TGMDS-FE Technique to exactly 

measure the distance between features in dimensional space 

with minimal amount of time on the contrary to Euclidean 

distance. This helps for TGMDS-FE Technique to lessen 

the number of iteration during process of stress function 

value minimization in distance calculation. Hence, 

TGMDS-FE Technique obtains the lower computational 

complexity compared to existing MDS. The Mahalanobis 

Distance function to determine the distance between two 

features is mathematically obtained as, 

 

    
(            )  *[(     )  (     )]

 
     

,(     )  (     )-+
         (2) 

 

From equation (2), „    
(            )„represents the 

distance between two features in low dimensional space 

whereas „(     )‟ and „(     )‟ refers the location 

coordinates of the two features. Here,   is the sample 

covariance matrix. The covariance matrix „ ‟ is formulated 

as below, 

        
 

(   )
,(   )- ,(   )-                                                

(3) 

From equation (3), „(   )‟ denotes the matrix containing 

the location coordinates and „ ‟ is the number of features. 

As in any data analysis problem, an expression is needed to 

express how well a particular set of data are represented by 

the model. In TGMDS-FE Technique, loss function or error 

rate is measured for distances between features to get 

higher feature extraction accuracy compared to existing 

works. Hence, the most obvious choice for a goodness-of-

fit statistic is one based on the differences between the 

actual distances and their predicted values. Such a measure 

is called as stress function. The stress function value „ ‟ is 

determined using below mathematical expression, 

 

       √
∑(    

     
̂ )

∑    
                                                       (4) 

From equation (4), „     
‟ denotes a predicted distance 

value whereas „    
̂ ‟ represents an actual distance value.  

The TGMDS-FE Technique fits with stress values near zero 

are the best as shown in below table.  

Table 1 Example for Stress Values 

Stress Value Goodness-of-fit 

0.200 Poor 

0.100 Fair 

0.050 Good 

0.025 Excellent 

Coordinate 1 

(𝑝) 

C
o

o
rd

in
at

e 
2
 (
𝑞

) 

 

Similar 

feature 

Dissimilar 

feature 
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0.000 Perfect 

The table shows the example stress values and the 

goodness-of-fit of TGMDS-FE Technique for effective 

relevant feature extraction from a high dimensional medical 

dataset. As demonstrated in above table, the acceptable 

stress values of TGMDS-FE Technique depend on the 

quality of the distance matrix and the number of features in 

that matrix.  Whenever, the stress function value is higher, 

TGMDS-FE Technique performs double centering process 

and singular value decomposition in order to reduce the loss 

function called stress function value in distance calculation. 

The double centering is a method of subtracting row and 

column means of a matrix from its elements and adding the 

grand mean. Let us consider a distance matrix „ ‟. Then 

applying double centering process on „ ‟ is mathematically 

formulated as, 

                
 

 
 ( )                                                     (5) 

From equation (5), „ ‟ denotes a centering matrix. Followed 

by, TGMDS-FE Technique performs singular value 

decomposition using below expression,  

                                                                          (6) 

 

From equation (6),    is a matrix with each column of „ ‟ 

in a dimension space. With helps of equation (5) and (6), 

double centering and singular value decomposition is 

performed to adjust coordinates of features on dimensional 

space to decrease stress function value in distance 

measurement for accurately mining relevant features from a 

medical dataset. After minimizing the stress function value, 

the features that are more related for disease prediction is 

extracted as relevant using below mathematical 

representation,  

 

          
              

                                         (7) 

From equation (7), „             
‟ represent the features 

which has minimum distance in dimensional space. Here, 

„  
 ‟ refers the extracted relevant features. By using the 

above equation (7), features with minimal distances are 

extracted as relevant with higher accuracy and lower time 

for disease diagnosis processes.  The algorithmic process of 

TGMDS-FE Technique is shown in below. 

 

// Torgerson–Gower Multi-Dimensional Scaling Based 

Feature Extraction Algorithm 

Input: Medical Dataset (Epileptic Seizure Recognition 

Dataset) 

Output: Enhanced features extraction accuracy and 

minimal time 

Step 1: Begin 

Step 2:      Embed features in medical dataset into a 

dimensional space 

Step 3:     For each pair of feature  

Step 4:               Evaluate Mahalanobis distances „    
‟ 

using (2) and (3) 

Step 5:             For each distance measurement „    
‟ 

Step 6:                    Determine the stress function value „ ‟ 

using (4) 

Step 7:                    If   „ ‟ value is very low, then  

Step 8:                           If ‘    
‟ between features is 

minimal, then 

Step 9:                                  Extract feature as relevant  

Step 10:                            Else if 

Step 11:                                Eliminate feature as irrelevant  

Step 12:                          End if   

Step 13:                   Else if 

Step 14:                          Apply double centering  and  

singular value decomposition  to adjust  

                                        coordinates of features using (5) 

and (6)  

Step 15:                          Goto step 4 until „ ‟ value is 

minimal 

Step 16:                   End if        

Step 17: End for 

Step 18: End for 

Step 19:End 

 

Algorithm 1 Torgerson–Gower Multi-Dimensional 

Scaling Based Feature Extraction 

Algorithm 1 demonstrates step by step process of TGMDS-

FE Technique for feature extraction from a high 

dimensional medical dataset to increase the brain tumor 

disease prediction performance at an early stage. As shown 

in algorithm, TGMDS-FE Technique at first embeds 

features in input medical dataset into a dimensional space 

with objective of reducing dimensionality.  Next, TGMDS-

FE Technique computes Mahalanobis distances between 

features in order to find the similarity. For each distance 

measurement, the TGMDS-FE Technique evaluates the 

stress function value with aiming at minimizing the false 

negative rate of feature extraction during disease diagnosis. 

When the stress value is very lower, TGMDS-FE 

Technique checks if the distance between features is 

minimal to extract feature as more significant for brain 

tumor disease prediction.  If the above condition is not true, 

TGMDS-FE Technique carried outs the double centering 

and singular value decomposition to change coordinates of 

features on dimensional space.  The above process is 

continual until the stress function „ ‟ value is lower (i.e. fits 

with stress values near zero are the best). By using the 

above algorithmic processes, TGMDS-FE Technique 

significantly mines features that are more related for brain 

tumor disease diagnosis with higher accuracy and minimal 

computational complexity. Therefore, TGMDS-FE 

Technique attains improved feature extraction accuracy and 

lower feature extraction time, false negative rate, space 
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complexity for medical data analysis as compared to 

existing works.  

IV. EXPERIMENTAL SETTINGS 

To measure the performance of proposed, TGMDS-FE 

Technique is implemented in Java Language with help of 

two brain tumor datasets namely Epileptic Seizure 

Recognition Data Set [21] and OASIS [22]. The Epileptic 

Seizure Recognition Dataset used in TGMDS-FE 

Technique for experimental evaluation is taken from UCI 

machine learning repository.  The Epileptic Seizure 

Recognition Dataset comprises 5 diverse folders in which 

every folder includes of 100 files. An each file contains 

information of a single patient. The brain activity of patient 

for 23.6 seconds is stored in each file whereas data point 

denotes a value of EEG recording at a varied point in time. 

The time-series includes of 4097 data points. From that, 

Epileptic Seizure Recognition Data Set comprises total of 

500 patients medical data with 4097 data points for 23.5 

seconds. The TGMDS-FE technique partitions each 4097 

data point into 23 segments in which segment contains 178 

data points for 1 second. The data point indicates the EEG 

recording value of patients at a different point in time. Each 

patient‟s medical data have 178 feature data points and one 

class label. In epileptic seizure recognition dataset, 

TGMDS-FE Technique considers different number of 

features in the range of 15-150 to extract relevant (i.e. most 

important features) features for effective brain tumor 

disease diagnosis at an early stage.  

Furthermore, TGMDS-FE Technique employed OASIS 

dataset for conducting experimental process. The OASIS 

dataset includes of 13 features with 416 instances. The 

TGMDS-FE Technique considered various numbers of 

instances from OASIS dataset for performing experimental 

work. The effectiveness of TGMDS-FE Technique is 

measured in terms of feature extraction accuracy, feature 

extraction time, false negative rate and space complexity. 

The performance result of proposed TGMDS-FE Technique 

is compared against with existing Hybrid Feature Selection 

[1] and SVM-PA [2]. 

V. RESULT AND DISCUSSIONS 

In this section, the experimental result of TGMDS-FE 

Technique is presented. In order to determine the 

performance of TGMDS-FE Technique, results of proposed 

technique is compared with two existing methods namely 

Hybrid Feature Selection [1] and SVM-PA [2]. The 

performance of TGMDS-FE Technique is determined in 

terms of feature extraction accuracy, false negative rate, 

and feature extraction time and space complexity and 

analyzed with the help of table and graph. 

5.1 Performance Result of Feature Extraction Accuracy   

In TGMDS-FE Technique, Feature extraction accuracy 

„   ‟ is determined as the ratio of number of features that 

are extracted as relevant to the total number of features. The 

formula for feature extraction accuracy is measured as 

follows, 

         
    

 
                                                    (8) 

From equation (8), feature extraction accuracy of high 

dimensional medical data is evaluated with respect to 

various numbers of features and instances. Here, „ ‟denotes 

the number of features taken from medical dataset for 

experimental evaluation whereas „   ‟refers the number 

of features that are extracted as relevant.  When feature 

selection accuracy is higher, the technique is said to more 

effective. 

Sample calculation:  

 Hybrid Feature Selection: number of features 

correctly selected as relevant is 11 and the total number 

of features taken for experimental process is 15.  Then 

feature extraction accuracy is determined as follows, 

    
  

  
          

 SVM-PA: number of features correctly chosen as 

relevant is 12 and the total number of features 

considered for experimental work is 15.  Then feature 

extraction accuracy is calculated as follows, 

             
  

  
          

 Proposed TGMDS-FE Technique: number of 

features correctly elected as relevant is 14 and the total 

number of features employed for experimental 

evaluation is 15.  Then energy consumption is 

calculated as follows, 

              
  

  
         

In order to determine the feature extraction accuracy of 

high dimensional medical dataset, TGMDS-FE Technique 

is implemented in java language by considering diverse 

number of features in the range of 15-150. The 

experimental result of feature extraction accuracy using 

TGMDS-FE Technique is compared against with existing 

Hybrid Feature Selection [1] and SVM-PA [2]. When 

taking 75 features from Epileptic Seizure Recognition 

Dataset for conducting experimental work, TGMDS-FE 

Technique achieves 90 % feature extraction accuracy 

whereas traditional Hybrid Feature Selection [1] and SVM-

PA [2] acquires 83 % and 88 % respectively. Thus, it is 

expressive that the feature extraction accuracy using 

TGMDS-FE Technique is higher as compared to other 

existing methods [1], [2]. The performance result of feature 

extraction accuracy for brain tumor disease prediction using 

Epileptic Seizure Recognition Dataset and OASIS dataset is 

demonstrated in below. 

Figure 4 a) and b) shows the comparative result analysis of 

feature extraction accuracy versus dissimilar numbers of 

features in the range of 15-150 using three methods namely 

Hybrid Feature Selection [1] and SVM-PA [2] and 

TGMDS-FE Technique. As depicted in the figure, feature 



International Journal for Research in Engineering Application & Management (IJREAM) 

ISSN : 2454-9150    Vol-04, Issue-04, July 2018 

662 | IJREAMV04I0440111                        DOI : 10.18231/2454-9150.2018.0558                      © 2018, IJREAM All Rights Reserved. 

 

extraction accuracy using proposed TGMDS-FE Technique 

is higher for effectively identifying brain tumor diseases for 

both Epileptic Seizure Recognition Dataset and OASIS 

dataset as compared to existing Hybrid Feature Selection 

[1] and SVM-PA [2]. 

Figure 4 a) Comparative Result Analysis of Feature Extraction 

Accuracy using Epileptic Seizure Recognition Dataset 

 
Figure 4 b) Comparative Result Analysis of Feature 

Extraction Accuracy using OASIS Dataset 

This is due to application of Torgerson–Gower multi-

dimensional scaling process in proposed technique for 

feature extraction. The Torgerson–Gower multi-

dimensional scaling employed Mahalanobis distances for 

accurate distances calculation on the contrary to 

conventional works.  

 Besides Torgerson–Gower multi-dimensional scaling used 

stress function to decrease error rate involved during 

distances measurement. This assists for TGMDS-FE 

Technique to correctly select relevant features from a 

medical dataset with higher precision. Therefore, TGMDS-

FE Technique improves feature extraction accuracy by 12 

% and 6 % with Epileptic Seizure Recognition Dataset as 

compared to Hybrid Feature Selection [1] and SVM-PA [2] 

respectively. When considering the OASIS dataset for 

experimental process, TGMDS-FE Technique enhances 

feature extraction accuracy by 61 % and 34 % than Hybrid 

Feature Selection [1] and SVM-PA [2] respectively. 

5.2 Performance Result of Feature Extraction Time 

In TGMDS-FE Technique, Feature Extraction Time 

„(   )‟ is measured as an amount of time needed to extract 

relevant features from medical dataset. The feature 

extraction time is estimated in terms of milliseconds (ms) 

and obtained as, 

       (    )                                          (9) 

From equation (9), feature extraction time of medical 

disease diagnosis is determined with respect to diverse 

number of features and instances. Here, „ ‟represents the 

number of features considered from medical dataset for 

experimental process in which „ (    )‟ denotes the time 

taken for single relevant feature extraction.  When feature 

extraction time is lower, the technique is said to more 

effectual. 

Sample calculation:  

 Hybrid Feature Selection: the time needed for 

extracting single relevant feature is 1.41 ms and the 

total number of features taken for experimental process 

is 15.  Then feature extraction time is evaluated as 

follows, 

                  

 SVM-PA: the time utilized for extracting single 

relevant feature is 1.35 ms and the total number of 

features considered for experimental work is 15.  Then 

feature extraction time is calculated as follows, 

                  

 Proposed TGMDS-FE Technique: the time taken for 

extracting single relevant feature is 1.06 ms and the 

total number of features taken for experimental process 

is 15.  Then feature extraction time is evaluated as 

follows, 

                  

In order to measure the time required to extract relevant 

features from high dimensional medical dataset, TGMDS-

FE Technique is implemented in java language with help of 

different number of features in the range of 15-150. The 

experimental result of feature extraction time using 

TGMDS-FE Technique is compared against with existing 

Hybrid Feature Selection [1] and SVM-PA [2]. When 

considering 90 features from Epileptic Seizure Recognition 

Dataset for performing experimental evaluation, TGMDS-

FE Technique takes 39 ms time to extract features that are 

more significant for brain tumor disease diagnosis at an 

early stage whereas traditional Hybrid Feature Selection [1] 

and SVM-PA [2]  get 55 ms and 41 ms respectively. 

Accordingly, it is significant that the feature extraction time 

using TGMDS-FE Technique is lower when compared to 

other existing methods [1], [2]. The comparative result of 

feature extraction time for identification of brain tumor 

disease is presented in below. 

Table 2 a) Experimental Results of Feature Extraction 

Time for Epileptic Seizure Recognition Dataset 
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Selection 

15 21 20 16 

30 34 29 21 

45 41 32 23 

60 42 33 31 

75 51 38 37 

90 55 41 39 

105 62 43 41 

120 66 46 42 

135 68 47 45 

150 72 51 48 

Table 2 b) Experimental Results of Feature Extraction 

Time for OASIS Dataset 

Number of 

Features (n) 

Feature Extraction Time (%) 

Hybrid 

Feature 

Selection 

SVM-PA TGMDS-FE 

3 7 5 3 

6 13 8 6 

9 15 10 9 

12 17 14 12 

  

Table 2 a) and b) explains the performance result analysis 

of feature extraction time versus various numbers of 

features in the range of 15-150 using three methods namely 

Hybrid Feature Selection [1] and SVM-PA [2] and 

TGMDS-FE Technique. As shown in the table, feature 

extraction time using proposed TGMDS-FE Technique is 

lower for both Epileptic Seizure Recognition Dataset and 

OASIS dataset to identify brain tumor diseases as compared 

to existing Hybrid Feature Selection [1] and SVM-PA [2].  

This is because of Torgerson–Gower multi-dimensional 

scaling in TGMDS-FE Technique where it applied 

Mahalanobis distances for determining distances between 

features with lower amount of time.  This supports for 

TGMDS-FE Technique to correctly choose more relevant 

features with lower amount of time utilization for brain 

tumor disease prediction. Thus, TGMDS-FE Technique 

decreases feature extraction time by 33 % and 11 % with 

Epileptic Seizure Recognition Dataset as compared to 

Hybrid Feature Selection [1] and SVM-PA [2] respectively. 

When using the OASIS dataset for experimental works, 

TGMDS-FE Technique lessens feature extraction time by 

45 % and 22 % with Epileptic Seizure Recognition Dataset 

as compared to Hybrid Feature Selection [1] and SVM-PA 

[2] respectively. 

5.3 Performance Result of False Negative Rate 

In TGMDS-FE Technique, false negative rate „(   )‟ is 

measured as the ratios of number of irrelevant features 

incorrectly identified as relevant to the total number of 

features considered as input.  The false negative rate is 

measured in terms of percentages (%) and obtained 

mathematically using below, 

             
     

 
                                           (10) 

From equation (10), false negative rate of feature extraction 

is estimated with respect to different number of features and 

instances. Here, „     ‟ represents the number of irrelevant 

features incorrectly identified as relevant whereas „ ‟ 

denotes a total number of features. When false negative rate 

of feature extraction is lower, the technique is said to more 

effectual. 

Sample calculation:  

 Hybrid Feature Selection: number of irrelevant 

features incorrectly identified as relevant is 3 and the 

total number of features taken for experimental process 

is 15.  Then false negative rate is computed as follows, 

     
 

  
          

 SVM-PA: number of irrelevant features incorrectly 

selected as relevant is 2 and the total number of 

features considered for experimental work is 15.  Then 

false negative rate is calculated as follows, 

     
 

  
          

 Proposed TGMDS-FE Technique: number of 

irrelevant features incorrectly chosen as relevant is 1 

and the total number of features taken for experimental 

process is 15.  Then false negative rate is evaluated as 

follows, 

     
 

  
        

In order to evaluate number of irrelevant features that are 

incorrectly identified as relevant from high dimensional 

medical dataset, TGMDS-FE Technique is implemented in 

java language with support of varied number of features in 

the range of 15-150. The false negative rate result obtained 

during feature extraction process using TGMDS-FE 

Technique is compared against with existing Hybrid 

Feature Selection [1] and SVM-PA [2]. When employing 

105 features from Epileptic Seizure Recognition Dataset for 

accomplishing experimental work, TGMDS-FE Technique 

obtains 2 % false negative rate in order to select more 

relevant features for brain tumor disease prediction at an 

early stage whereas traditional Hybrid Feature Selection [1] 

and SVM-PA [2] acquires 8 % and 7 % respectively. From 

that, it is clear that the false negative rate using TGMDS-FE 

Technique is lower as compared to other state-of-the-art 

works [1], [2]. The experimental result analysis of false 

negative rate for brain tumor disease recognition is 

illustrated in below. 
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Figure 5 a) Comparative Result Analysis of False Negative 

Rate using Epileptic Seizure Recognition Dataset 

 

Figure 5 b) Comparative Result Analysis of False 

Negative Rate using OASIS Dataset 

Figure 5 a) and b) presents the experimental evaluation 

result of false negative rate versus dissimilar numbers of 

features in the range of 15-150 using three methods namely 

Hybrid Feature Selection [1] and SVM-PA [2] and 

TGMDS-FE Technique. As demonstrated in the Figure 6, 

false negative rate using proposed TGMDS-FE Technique 

is lower for both Epileptic Seizure Recognition Dataset and 

OASIS dataset as compared to existing Hybrid Feature 

Selection [1] and SVM-PA [2].  This is owing to processes 

of Torgerson–Gower multi-dimensional scaling in proposed 

TGMDS-FE Technique. With the algorithmic processes of 

Torgerson–Gower multi-dimensional scaling, TGMDS-FE 

Technique considerably lessens stress function value 

involved during distances measurement. This supports for 

TGMDS-FE Technique to correctly identify related features 

and also avoids irrelevant features incorrectly identified as 

relevant. Hence, TGMDS-FE Technique lessens false 

negative rate by 62 % and 50 % with Epileptic Seizure 

Recognition Dataset as compared to Hybrid Feature 

Selection [1] and SVM-PA [2] respectively. When utilizing 

the OASIS dataset for experimental work, TGMDS-FE 

Technique decreases false negative rate by 61 % and 47 % 

as compared to Hybrid Feature Selection [1] and SVM-PA 

[2] respectively. 

5.4 Performance Result of Space Complexity 

In TGMDS-FE Technique, Space Complexity „(  )‟ 

determines amount of memory space taken for storing 

extracted relevant features from an input medical dataset. 

The space complexity is measured in terms of kilobytes 

(KB) and computed using below mathematical 

representation, 

             (   )                                           (11) 

From equation (11), space complexity involved during 

feature extraction process of brain tumor disease diagnosis 

is estimated with respect to various numbers of features and 

instances.  Here, „ ‟ designates a number of features and 

„ (   )‟ refers memory space utilized for storing 

extracted single relevant features.  When space complexity 

is lower, the technique is said to more effective. 

Sample calculation:  

 Hybrid Feature Selection: memory space employed 

for storing single relevant features is 1.12 KB and the 

total number of features taken for experimental process 

is 15.  Then space complexity is evaluated as follows, 

               

 SVM-PA: memory space used for storing single 

relevant features is 1.05 KB and the total number of 

features considered for experimental work is 15.  Then 

space complexity is calculated as follows, 

                

 Proposed TGMDS-FE Technique: memory space 

utilized for storing single relevant features is 0.67 KB 

and the total number of features taken for experimental 

evaluation is 15.  Then space complexity is estimated 

as follows, 

                                                           

In order to calculate memory space needed for storing 

extracted relevant features, TGMDS-FE Technique is 

implemented in java language with assists of different 

number of features in the range of 15-150. The space 

complexity involved during feature extraction process using 

TGMDS-FE Technique is compared against with existing 

Hybrid Feature Selection [1] and SVM-PA [2]. When 

assuming 120 features from Epileptic Seizure Recognition 

Dataset for experimental evaluation, TGMDS-FE 

Technique gets 37 KB space complexity whereas traditional 

Hybrid Feature Selection [1] and SVM-PA [2] acquires 50 

KB and 47 KB respectively. Thus, it is descriptive that the 
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space complexity using TGMDS-FE Technique is lower as 

compared to other state-of-the-art works [1], [2]. The result 

analysis of space complexity for brain tumor disease 

detection is shown in below. 

Table 3 a) Experimental Results of Space Complexity 

for Epileptic Seizure Recognition Dataset 

 

Number of 

Features (n) 

Space Complexity (KB) 

Hybrid 

Feature 

Selection 

SVM-PA TGMDS-FE 

15 18 16 10 

30 27 24 18 

45 34 29 20 

60 37 34 30 

75 38 34 26 

90 41 32 30 

105 44 42 34 

120 50 47 37 

135 53 51 39 

150 59 56 42 

 

Table 3 b) Experimental Results of Space Complexity 

for OASIS Dataset 

Number of 

Features (n) 

Space Complexity (KB) 

Hybrid 

Feature 

Selection 

SVM-PA TGMDS-FE 

3 5 3 2 

6 8 6 4 

9 11 9 5 

12 13 12 8 

Table 3 a) and b) presents the performance result of space 

complexity versus diverse numbers of features in the range 

of 15-150 using three methods namely Hybrid Feature 

Selection [1] and SVM-PA [2] and TGMDS-FE Technique. 

As presented in the table, space complexity using proposed 

TGMDS-FE Technique is lower for brain tumor diseases 

diagnosis as compared to existing Hybrid Feature Selection 

[1] and SVM-PA [2].  This is owing to Torgerson–Gower 

multi-dimensional scaling in proposed -FE Technique. With 

the concepts of Torgerson–Gower multi-dimensional 

scaling, TGMDS-FE Technique significantly mines only 

features that are more related for brain tumor disease 

diagnosis and also removes irrelevant features in high 

dimensional medical dataset. Therefore, TGMDS-FE 

Technique decreases space complexity by 30 % and 22 % 

with Epileptic Seizure Recognition Dataset as compared to 

Hybrid Feature Selection [1] and SVM-PA [2] respectively. 

When using the OASIS dataset for experimental evaluation, 

TGMDS-FE Technique minimizes space complexity by 51 

% and 36 % as compared to Hybrid Feature Selection [1] 

and SVM-PA [2] respectively. 

VI. CONCLUSION 

An efficient TGMDS-FE Technique is designed with the 

objective of achieving dimensionality reduction by 

extracting relevant features from a high dimensional 

medical dataset with higher accuracy and minimal time. 

This objective of relevant feature extraction with minimum 

false negative rate is said to be achieved with the 

application of Torgerson–Gower Multi-Dimensional 

Scaling. The feature extraction performance is said to be 

improved by initially by identifying the Mahalanobis 

distance between two features and hence storing it in a 

distance matrix. With help of distance calculation between 

features, the false negative rate is said to be reduced based 

on the stress function. With this identified stress function 

value, features closer to dimensional space are identified as 

relevant, whereas features far off to the dimensional space 

are identified as irrelevant. As a result, only important 

features were mined using TGMDS-FE Technique that is 

found to be highly required for brain tumor disease 

diagnosis at an early stage when compared to existing 

works. The performance of the TGMDS-FE Technique was 

compared with the existing Hybrid Feature Selection and 

SVM-PA. The simulation results demonstrate that Hybrid 

Feature Selection and SVM-PA are not suitable for medical 

data diagnosis involving high dimensional data. 

Furthermore, the TGMDS-FE Technique is better than 

Hybrid Feature Selection and SVM-PA and has better 

performance in terms of feature extraction accuracy for 

efficient brain tumor disease prediction and minimization of 

false negative rate for analyzing high dimensional medical 

data. 
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