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Abstract. Selection of optimal features is an important area of research in 
medical data mining systems. Principal component analysis (PCA) is one 
among the most popular feature selection methods. Still PCA faces a drawback 
– i.e., the measurements from all of the original features are used in the 
projection to the lower dimensional space. Hence this work is aimed to tune the 
performance of PCA and classify the medical profiles. The proposed method is 
realized as an ensemble procedure with three steps – (i) feature selection using 
PCA, (ii) feature ranking with CFS and (iii) dimension reduction using Shapley 
Values Analysis. The variance coverage parameter of PCA is adjusted so as to 
yield maximum accuracy which are measured with specificity, sensitivity, 
precision and recall. This facilitates the selection of a compact set of superior 
features with uncompromised detection rates, remarkably at a low cost. To 
appraise the success of the proposed method, experiments were conducted 
across 6 different medical data sets using J48 decision tree classifier, which 
showed that the proposed procedure improves the classification efficiency and 
accuracy compared with individual usage. 
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1 Introduction 

In the classification tasks on the medical datasets, researchers notice that it is common 
that a considerable number of features are not informative because they are either 
irrelevant or redundant with respect to the class concept. Ideally, we would like to use 
the features which have high separability power while ignore or pay less attention to 
the rest.  A suitable feature set can simplify both the pattern representation and the 
classifiers consequently; the resulting classifier will be more efficient. Identifying the 
optimal feature subset according to classification performance is referred to as feature 
selection process.  

Feature selection methods are typically divided into two types. The peculiarity is 
made depending on whether feature subset evaluation is performed using the learning 
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algorithm employed in the classifier design (i.e., wrapper) or not (i.e., filter). Filter 
based approaches are computationally more efficient than wrapper based approaches 
since they evaluate the goodness of selected features using criteria that can be tested 
quickly. Nevertheless this could lead to the selection of non-optimal features, 
particularly, when the features are found to be dependent on the classifier. This may 
restrain the classifier performance and make it to perform poorly. Contrarily, the 
wrapper methods perform evaluation by training the classifier using a validation set. 
Even though this is a slower procedure, the method guarantees selection of more 
optimal features for the classifier employed. 

Feature reduction has been applied to several areas in medicine [1], [2]. These are 
e.g. classification of ultrasound liver tissues using wavelet transform , classification of 
EEG signals for operating brain-computer interfaces , detection of mass lesions in 
digital mammograms , classification of hepatic lesions from computed tomography 
images , segmenting digital chest radiographs , etc. Huang et al. [3] predicts type 2 
diabetic patients by employing a feature selection technique as supervised model 
construction to rank the important attributes affecting diabetes control. Ingui and 
Rogers [4] derive and validate an automated method to determine the set of patients 
for whom a given primary care physician holds overall clinical responsibility.  

The restrictions of existing research for features subset selection clearly recommend 
the use of an improved framework for feature selection that facilitates efficient analysis 
of both feature relevance and redundancy for medical data. Therefore, a hybrid feature 
selection method that ensembles both filter and wrapper models of feature subset 
selection is proposed in this paper. The ultimate motive of the proposed method is to 
enhance performance of the classifier thereby assuring more accurate diagnosis in a 
relatively short span of time with reduced complexity. This will assist the doctors in 
selecting and prescribing the most suitable treatment for the patient and in quick 
recovery.  

2 Proposed PCA-CFS-Shapley Values Ensemble Feature 
Selection Algorithm 

2.1 Feature Extraction Using PCA  

Principal Component Analysis (PCA) is a numerical technique used for extracting 
information from a multi-variety dataset. This process is performed via having 
principal components of original variables with linear combinations identified. While 
the original dataset with the maximum variability is represented with the first 
principal component, the dataset from the remaining with the maximum variability is 
represented with these second principal components. The process goes on 
consecutively as such, with the dataset from the remaining with the maximum 

variability being represented with the next principal component. While µ  represents 

the number of all principal components, and ð represents the number of the 
significant principal components among all principal components. It is clear there in 

that ð ≤ µ . Hence, PCA is employed as a data-reducing technique and the core 
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features in the chosen medical datasets are identified and subjected to further 
processing.  

2.2 Ranking Using Correlation Based Feature Selection  

Correlation-based Feature Selection (CFS) is a method that evaluates subsets of 
attributes rather than individual attributes. The heuristic in equation (1) assigns high 
scores to subsets containing attributes that are highly correlated with the class and 
have low score for inter correlation with each other. The equation that assesses the 
importance of a feature is given as score in (1) 

( )
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Where ‘ S’ denotes the subset of features that are selected currently and ‘ K ’  

denotes the number of features in subset S.The correlation measures are ‘ feature classr − ’  

is the average feature-class correlation and ‘ feature featurer − ’ is the average feature-

feature correlation. ‘α ’  denotes a scaling factor (usually α = 0:25)  

2.3 Feature Selection Using Shapley Values Analysis 

The contribution of each variable to the classification task is estimated based on the 
Shapley value[5].The Shapley value is defined below .Let the marginal importance of 
variable i  to a variable subset S  , with i S∉  , be   

                   ( ) ( { } ) ( )i s v s i v sΔ = ∪ −                         (2) 

 
Here function v  associates with every non-empty subset S  of F , a real number 

( )v s (the value of S) with ({ }) 0v ϕ = . M  is the number of the variable in variable 

sets F  with all the variables. The unbiased d-bounded estimator for the Shapley 
value is given as  
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where dπ is the set of sampled permutations on subsets of size d . 

2.4 Hybrid Feature Selection Algorithm - CFS-SA Ensemble 

A hybrid feature subset selection strategy that ensembles both filter and wrapper 
models of feature subset selection named as CFS- Shapley Values Analysis Ensemble 
is proposed in this paper. In the first stage, the filter model is used to rank the features 
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by CFS algorithm between each feature and its class. The feature’s ranking processing 
is as follows: 

 
a) Calculate the Score metric of variable set as defined in equation (1). 

b) Find the β  - the average of Score(S)  

c) Rank the Score(S) in descending order. 

d) Returning the top β  features with the top β weight. 

S  is the selected sub set of features and Score(S)  represents the score values of 

the set S . The β value is chosen by average weight in which the feature is ranked by 

their weight value in descending order. 
 

In this stage, the best β  features are selected, which are highly relevant to the 

classes however, the federation contribution of the features in a feature subset need 
not be found. Actually, the coalitional contribution of the features is important for the 
targeted classification tasks. Therefore, the wrapper model based feature selection 
algorithm is completed in the second stage by employing Shapley value based feature 
analysis and selection is described as follows: 

a) Let the top selected features β  form the feature set, SF . 

b) For each feature f SF∈ , calculate the d-bounded estimated contribution value 

(Shapley value), Sv . 

c) If max Sv δ , eliminate λ features which are with the λ  lowest Shapley 
values. 

d) Return SF . 

d  is the d-bounded used to estimate contribution values. δ  is a contribution value 

threshold. F is the set of all the feature of a data set, each feature f F∈ . λ  is the 

number of features eliminated in each phase.The function v  in equation (3) can be 
calculated as follows: 

a) Obtaining the new train data, .Trn X and .Trn Y , in the new feature subset 
space. 

b) Generating a classifier from the training set, using .Trn X , .Trn Y  

c) Classifying the validation set data, .Vali X . 

d) 
{ | ( ) ,( , )

( ): , . , .sx f x y x y Validation
v s x Vali X y Vali y

Validation

= ∈
= ∈ ∈                           (4) 

e) Returning ( )v S . 

3 Performance Analysis 

In order to show the effectiveness of the proposed method, we have applied the 
proposed method (PCA-CFS-SA ensemble) across 6 different medical datasets 
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including binary and multiclass problems like namely Cardiac Arrhythmia , 
Dermatology, Hepatitis, Pima Diabetes, Pregnancy Back Ache and Biomed datasets 
available with the UCI Machine Learning repository [6]. The datasets are represented 
using triplet form (a,b,c) where ‘a’ denotes the total instances in the dataset, ‘b’ 
denotes the number of features and ‘c’ denotes the number of classes available in the 
dataset. The classification performance of each application was evaluated using the 
statistical parameters like sensitivity, specificity, precision and recall by tuning the 
variance coverage factor in the feature extraction process. The proposed method is 
realised with J48 classifier that have been implemented in Weka environment [7]. The 
10-fold cross validation procedure is adapted for the classification stages. All 
experiments were run on a machine with a 2.8GHz CPU,4GB of RAM, 500 GB HDD 
space, and the Windows7 operating system. Figure 1 portrays the number of features 
selected out of different sequence of operations and it could be easily noted that the 
proposed system offers the fewest number of features in all the cases. These set of 
features also help to improve the sensitivity and specificity of the classifiers. Due to 
want of space, only the best results obtained are reported here. J48 classifier 
outperformed the other classifiers. Table 1 reports the best variance coverage factor at 
which the maximum sensitivity, specificity, precision and recall values achieved 
while building the classifier model. It could be noted that the proposed PCA-CFS-SA 
ensemble algorithm produced significant accurate diagnosis with J48 classifier. 

Table 1. Performance Evaluation of the proposed system on various Medical Datasets 

Medical 
Data Set 

Observation 
Parameters 

LDA Information 
Gain (IG) 

PCA PCA + 
CFS 

PCA + SA Proposed
PCA + 

CFS + SA 
Ensemble 

Cardiac 
Arrhythmia

(452,280 16)
 

Variance 
Coverage 

- - 0.95 0.95 0.95 0.95 

Precision 0.523 0.58 0.506 0.522 0.538 0.8756 

Recall/ 
Sensitivity 

0.613 0.628 0.615 0.628 0.6215 0.9215 

Specificity 0.532 0.628 0.582 0.591 0.5865 0.8865 
Running Time 

(sec) 
1.56 0.06 0.09 0.15 1.8 2.83 

Dermatology
(366, 35, 6)

 

Variance 
Coverage 

- - 0.65 0.65 0.65 0.65 

Precision 0.932 0.955 0.947 0.955 0.951 0.979 
Recall/ 

Sensitivity 
0.922 0.954 0.945 0.954 0.9495 0.9795 

Specificity 0.932 0.954 0.947 0.955 0.951 0.981 
Running Time 

(sec) 
0.23 0.01 0 0.11 1.02 1.56 
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Table 1. (Continued) 
 

Hepatitis 
(155,20,2) 

Variance 
Coverage 

- - 0.85 0.85 0.85 0.85 

Precision 0.759 0.797 0.797 0.832 0.813 0.849 
Recall/ 

Sensitivity 
0.787 0.819 0.787 0.819 0.803 0.833 

Specificity 0.712 0.819 0.739 0.797 0.768 0.798 
Running Time 

(sec) 
0.08 0.03 0 0.09 0.15 0.18 

Pima 
Diabetes 
(768,9,2) 

Variance 
Coverage 

- - 0.9 0.9 0.9 0.9 

Precision 0.724 0.735 0.734 0.749 0.735 0.743 
Recall/ 

Sensitivity 
0.726 0.738 0.74 0.749 0.749 0.745 

Specificity 0.724 0.738 0.734 0.744 0.739 0.769 
Running Time 

(sec) 
0.05 0.01 0.02 0.05 0.15 1.2 

Pregnancy 
Back Ache 
(180,33,2) 

Variance 
Coverage 

- - 0.7 0.7 0.7 0.7 

Precision 0.712 0.722 0.742 0.742 0.739 0.756 
Recall/Sensitiv

ity 
0.814 0.816 0.833 0.861 0.847 0.877 

Specificity 0.812 0.816 0..833 0.861 0.7515 0.7815 
Running Time 
(sec) 

0.04 0.01 0 0.03 0.11 0.12 

Biomed 
(209,9,2) 

Variance 
Coverage 

- - 0.6 0.65 0.65 0.65 

Precision 0.894 0.899 0.899 0.912 0.911 9.325 
Recall/ 

Sensitivity 
0.895 0.900 0.900 0.914 0.907 0.937 

Specificity 0.895 0.900 0.900 0.961 0.93 0.96 
Running Time 

(sec) 
0.01 0.02 0.05 0.09 1.23 1.65 

4 Conclusion 

We presented an improved and accurate feature selection algorithm that is based on 
PCA. The proposed method can be used for variable selection in medical diagnosis 
fulfilling the objectives aimed: very small sets of non-redundant features are obtained 
while preserving predictive accuracy. However the suitability of the proposed 
algorithm on high dimensional data sets is not tested. As a part of our future work, we 
are planning to apply it for high dimensional data sets. Additionally, improving the  
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Fig. 1. Number of features selected by various feature selection algorithms 

speed of the algorithm remains to be a future goal. With all these factors addressed, 
the proposed PCA, CFS and Shapley Values Analysis ensemble should probably 
become part of the "standard tool-box" of feature selection methods for medical data 
analysis. 
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