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Abstract— Nowadays the most active research in supervised 

learning includes an integration of several base classifiers 

into the combined classification system. Such systems are 

known under the names multiple classifiers, ensembles 

methods. An ensemble of classifiers is a set of classifiers 

whose decisions are to classify new examples. Slacked 

generalization or stacking is a ensemble learning method for 

constructing classifier ensembles. Stacking is an ensemble 

that uses different “type” of base classifiers. An ensemble of 

classifiers is first created, whose outputs are used as inputs 

to a second level meta-classifier. In the area of 

bioinformatics, classification is widely used. The datasets of 

bioinformatics are very too much large and complex. So F-

score and entropy based technique is used for reducing 

dataset. The proposed system will achieve reliable 

accuracies when has been tested on bioinformatics dataset. 
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I. INTRODUCTION 

Data is tremendously growing in all life aspects resulting in 

mountains of data. Mining these mountains using powerful 

data analysis tools is important to obtain the contained 

valuable information needed to present decision making 

solutions. Data Mining is the automated process of 

analyzing data from different perspectives to extract 

previously unknown, comprehensible, and actionable 

information hidden in large data repositories and using it to 

make crucial decisions[1]. 

As classification is an important supervised 

machine learning technique works on classifying a new data 

item into a predefined class. The most active research in 

supervised learning includes an integration of several base 

classifiers into the combined classification system. Such 

systems are known under the names multiple classifiers, 

ensembles methods.  

Slacked generalization, or stacking, is a common 

ensemble learning method for constructing classifier 

ensembles. A classifier ensemble, or committee, is a set of 

classifiers whose individual decisions are combined in some 

may to classify new instances. Slacking combines multiple 

classifiers to induce a higher-level (meta-level) classifter 

with improved performance. The latter can be thought of as 

the president of a committee with the base-level classifiers 

as members. Base-level classifiers often make different 

classification errors. Hence, a president that has successfully 

learned when to trust each of the members can improve 

overall performance. In contrast, no teaming takes place 

when voting on the predictions of multiple classifiers. 

Voting is typically used m a baseline against which the 

performance of smoking is compared[5]. 

Bioinformatics can be defined as the  application of 

computer technology to the management of biological 

information. In bioinformatics, data mining has a primary 

goal in increasing the understanding of biological processes 

[1]. Cancer data takes the form of a huge m*n matrix, where 

m (rows) represents tissues and n (columns) represents the 

genes and each of its cells contains the highest minimal 

intensity across tissue.  

The datasets of bioinformatics are very too much 

large and complex. This explains the need for a feature 

selection technique before entering the data into the 

classifier. So F-score and entropy based technique is used 

for reducing dataset. 

II. LITERATURE REVIEW 

There are various possibilities in which classifiers can be 

combined and their performances are compared with the 

best among the base level classifiers. Following are the 

various ways of combining classifiers: 

A. Bagging 

Bagging and boosting are the variants of the voting 

schemes. Bagging is a voting scheme in which n models, 

usually of same type, are constructed. For an unknown 

instance, each model’s predictions are recorded. That class 

is assigned which is having the maximum vote among the 

predictions from models. [4] 

B. Boosting 

Boosting is very similar to bagging in which only the model 

construction phase differs. Here the instances which are 

often misclassified are allowed to participate in training 

more number of times. There will be n classifiers which 

themselves will have individual weights for their accuracies. 

Finally, that class is assigned which is having maximum 

weight. An example is Adaboost algorithm. Bagging is 

better than boosting as boosting suffers from over fitting. 

Over fitting is that phenomenon where the model performs 

well only for the training data. This is because it knows the 

training data better and it does not know much about 

unknown data. [4] 

C. Stacking 

There are 2 approaches for combining models. One of them 

uses voting in which the class predicted by majority of the 

models is selected, whereas in stacking the predictions by 

each different model is given as input for a meta level 

classifier whose output is the final class. Whether it is voting 

or stacking, there are two ways of making an ensemble. 

They are Homogenous ensemble where all classifiers are of 

same type and heterogeneous ensemble where the classifiers 

are different. [4] 

In machine learning and statistics, feature selection, 

also known as variable selection attribute selection or 

variable subset selection, is the process of selecting a subset 

of relevant features for use in model construction. The 

central assumption when using a feature selection technique 

is that the data contains many redundant or irrelevant 

features. Redundant features are those which provide no 

more information than the currently selected features, and 

irrelevant features provide no useful information in any 

context. [5] 
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Subset selection evaluates a subset of features as a 

group for suitability. Subset selection algorithms can be 

broken up into Wrappers, Filters and Embedded. Wrappers 

use a search algorithm to search through the space of 

possible features and evaluate each subset by running a 

model on the subset. Wrappers can be computationally 

expensive and have a risk of over fitting to the model. 

Filters are similar to Wrappers in the search approach, but 

instead of evaluating against a model, a simpler filter is 

evaluated. [5] 

Embedded techniques are embedded in and specific to a 

model. Available filter metrics include: [5] 

 Class separability 

 Error probability  

 Inter-class distance  

 Probabilistic distance  

 Entropy  

 Consistency-based feature selection  

 Correlation-based feature selection  

III. METHODOLOGY 

Filter methods are characterized over the two other types by 

being powerful, easy to implement and is a stand-alone 

technique which can be further applied to any classifier. 

they remove the irrelevant genes according to general 

characteristics of the data. But instead of using only one 

filter technique, we use a combination of two efficient 

techniques; the F-score and the entropy-based. The F-score 

ranks the genes twice; one time according to the two classes 

mean difference for each gene and another time according to 

the Signal-to-Noise ratio (SNR) criterion. [6] 

The combined technique is going through the following 

steps: 

 Calculating of mean of each of  the n genes (both 

for positive class and negative class). 

 Obtaining the absolute differences between the 

calculated means. 

 Arranging the result in descending order . 

 Selecting the top 1000 genes and calculating the 

SNR for each genes. 

 Selecting 800 genes with highest F-score. 

 Ranking the selected 800 genes according to their 

entropy. 

 Selecting the first 600 genes. 

In a typical implementation of Stacking, a number 

of first-level individual learners are generated from the 

training data set by employing different learning algorithms. 

Those individual learners are then combined by a second-

level learner which is called as meta-learner. The pseudo-

code of Stacking is shown in Fig: 1.[7] 

 
Fig. 1: Stacking Algorithm [7] 

IV. IMPORTANCE OF THE STUDY PROBLEM OBJECTIVES  

The hybrid classification systems for classifying cancer 

samples using microarray gene expression datasets, the main 

target of  that systems is to get the highest accuracy when 

classifying   the samples using a small subset of informative 

genes. A combination of two gene selection techniques is 

introduced to solve the problem of the microarray high 

dimensionality. This combined technique presents high 

performance as it reduces the number of genes by 71.29%. 

[1] So the executing time will be reduced. 

The above observations motivate our research to 

find a method that annihilates reducing diversity. Stacking is 

an ensemble that uses different “type” of base classifiers for 

labeling new instance. So we have expected that by using 

stacking along with lazy learners, we can provide the desire 

diversity [8]. 

 
Fig. 2: LS Diagram; LS waits until a test instance arrived 

and make a set with k instances out of the NN subset and 

also another set with N− k instances out of the original 

dataset. Afterwards the class label of the test instance is 

defined by the majority vote from the output of the base 

learners [8]. 
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A. Classification Accuracy Comparison 

 
Fig 3: Classification Accuracy on 10 Numeric Datasets 

Selected From the UCI Data Repository. For each dataset. 

The accuracy of the method with the high accuracy is 

marked with bold face [9]. 

V. CONCLUSION 

Ensemble learning is a powerful machine learning paradigm 

which has exhibited apparent advantages in many 

applications. By using multiple learners, the generalization 

ability of an ensemble can be much better than that of a 

single learner. [7] 

No single ensemble generation algorithm or 

combination rule is universally better than others. 

Effectiveness on real world data depends on the classifier 

diversity and characteristics of the data. In future, The 

algorithm can be modified to deal with mixed value type 

dataset. 
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