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ABSTRACT: Increasing popularity of feature selection in bioinformatics has led to the development of novel algorithms 

using neural networks. The objectives of the adaptation of neural networks architectures are proposed on efficient and 

optimal model for feature classification and selection. A competitive end   unique approach in feature selection is adopted 

here using a convolutional neural network (CNN). Deep learning approach on feature selection is the novel idea which can 

contribute to the evolvement of identification process, diagnostic methods etc. The experimental work has given good result 

of ranking the attributes by building a CNN model. The traditional concept of CNN for classification has transformed to a 

modern approach for feature selection. Handling millions of data with multiple class identities can only be classified with a 

multi layers network. The CNN models are trained in completely supervised way with a batch gradient back propagation.  

The parameters are tuned and optimized to get better build type. 
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1. INTRODUCTION 
  

Big data analysis is a primary area in data mining with large prospects in data intelligence, cyber security, marketing and 

medical informatics. Research works are been carried out in medical sector in many diagnostic experiment for extracting 

disease patters and features. The role of deep learning algorithms persists in such studies for analysing high dimensional data 

which perform distributed computing. Models have to be build and scaled for data sampling to final results. It needs a lot 

of activities like semantic indexing, semi supervised learning and active learning. 

  

The bridging of symbolic aspect of biometric data to a feature model is the core challenge in data mining. Pattern mining is 

a classical solution that generated better result in previous studies. Some other techniques used with frequent pattern mining 

is sub tree mining, perception collector, semantic feedback, Twig join etc.  The frequent patterns item sets, sub sequence, 

sub structures that has a common characteristic in its frequency. A multilevel rule mining with apriority and tree based 

approach using a sequential pattern were the initial tools. The challenge in the form of memory efficiency was still pursuing 

all the present methods. It is observed that modelling different algorithms to work collectively is not been implemented so 

far.  This work focuses the frequent pattern based classification intended for deep understanding and interpretation of 

patterns. The research issue related with deep insight in data can be resolved with deep learning algorithms. 

 

2. RELATED WORKS 
  

The researchers in data mining started with associated rule mining. Associates rules are usually required to satisfy a user 

specified support and confidence level. Some usual association rule mining algorithm like Apriority, Eclat and FP growth. 

The Apriority algorithm designers to operate on a given item set by finding the subsets. Output of Apriority is also a set of 

rules [1], there are improvement added to apriority for reducing query frequencies and stage resources. One such algorithm 

that doesn’t need candidate generation is given [2].  
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Another improvement in apriority which remove infrequent items sets is named ODAM (Optimized distribution 

Association rule mining) [3]. The Eclat algorithm performs the computation by intersection of Tid sets of the corresponding 

K-item sets. The classes are solved from bottom to top, according a reverse lexicographic order. There is transaction caching 

is introduced in Bi-Eclatalgorithm [4].  The frequent pattern mining without with candidate generation is introduced in [5] 

  

Mining of data with complex structures is resolved by frequent sub tree mining is very important in bioinformatics, XML 

document mining etc. to handle hierarchical structures in an effective way. There are different types of trees – bottom up 

sub tree, induced sub tree and embedded sub tree. Mining frequent sub trees can be done by tree miner algorithms [6]. The 

free tree miner algorithm is introduced to find induced sub trees [7]. An analysis of various sub tree mining methods is given 

on [8]. 

  

When data mining researches are restricted on large collection of text data, the utterances of semantic data are considered 

for mining. Data classification, clustering and prediction systems, clustering and link prediction are given [9]. Classification 

with a set of relations defined in the ontology is the main task of semantics data mining.Research by Balcan[10] indicates 

that the ontology annotated classification includes handling large number of unlabelled data.  Ontology based clustering took 

advantage of thesaurus based and corpus based ontology for text clustering with the enhanced conceptual similarity [11]. 

  

Twig joins are the key building blocks in indexing systems based on XML. The efficiency of a Twig join algorithm is critical 

with indexing and node encoding. Twig stack was the first Twig join algorithm [12], which achieved the complexity for 

queries. Twig join was a specialized approach for accessing multiple useful sources which support any partition schemes. It 

reduces the amount of clocking when more find grained partitions are used [13]. 

  

The scope of deep learning in data mining is significant in present scenario where knowledge discovery is the key objective 

in big data transactions resulted on social networking, E-commerce, bio informatics hectare facing issues with data 

complexity and feature complexity. New approaches are required to resolve both these issues by adopting deep learning 

based algorithm. 

 

3. PROPOSED MODEL 
  

Learning large array of features has implementation problems which lead to computation cost and lack of efficiency. 

Decomposing large feature arrays is a significant method to address the above issue. Detecting the code word and data 

point,those are highly correlated in a typical scenario. This work identifies on important property of data that is implicitly 

assumed in sparse representation problems. It is better to develop a frame work dictionary features. This construction is 

similar to the formulation in [14]. The key difference in paper is the sparse representation stage wise in layers. 

 

All data points and code works represented by a feature set can be normalized ∥ �� ∥2= ∥ �� ∥2= 1 I≤ � ≤ �, 1 ≤ � ≤ � 

x1 and x2 are two points in the region X.. An optimal solution for reducing the dictionary size is done with the code word 

formation. A code word collectively represents multiple data points. A geometrical solution for eliminating irrelevant regions 

is represented on figure (Page No.3 Learning sparse). A feasible region is extracted from the geometrical formulation which 

conducted spheres test. To maximize the objective a feasible solution� is to be derived which is closes to 
�

�
  where �is the 

highest threshold, which yield a better test. 

  

The proposed frame work has highlighted on learning with reduction of data to control information flow. There may be 

random projection on data that has to be normalized with careful examinations. Learning a hierarchical dictionary with 

enriched information of biometric data is a complex process, which is the key subject for this study. Fig 3 shows the 

architecture of proposed model aimed at feature prediction from complex data. 
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4. DEEP LEARNING FRAME WORK 
 

Strategy for developing deep structure learning or hierarchical learning with features generated from other technologies like 

twig join and N-list is the key objective of the new frame work. It should also consider handling of data from multiple 

sources. The solution should allow learning and understanding in terms of hierarchy of concepts. The performance of deep 

learning algorithms deepens heavily on representation of data. Each piece of information should be treated as a feature. This 

depends on representation in a general phenomenon that appears throughout deep learning. 

  

Representation of data in the form of partition coordinate and polar coordinate is given on figure 2. When designing features 

or algorithms for machine learning, our goal is usually to identify and separate the factors that make variations in feature 

classifications. These factors mainly depends the sources of data and the methods used to generate data also.  

 

5. CONVOLUTIONALNEURAL NETWORK 
 

The basic functionality of CNN is presented in Fig. 1. 

 
 

The main task of the convolutional layer is to detect local conjunctions of features from the previous layer and mapping 

their appearance to a feature map. As a result of convolution in neuronal networks, the image is split into perceptions, 

creating local receptive fields and finally compressing the perceptions in feature maps of size m2 × m3. 

 

Thus, this map stores the information where the feature occurs in the image and how well it corresponds to the filter. 

Hence, each filter is trained spatial with regard to the position in the volume it is applied in each layer, there is a bank of 

m1filters. The number of filters applied in one stage is equivalent to the depth of the volume of output feature maps. 
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6. EXPERIMENTAL SETUP 
 

The data set used for experiment is raised from a study to examine EEG correlates taken from electrodes placed on subject’s 

scalps. The test data used has 15 attributes corresponding to various parameters from EEG test. The identification of eye 

response is studied with the experiment by analysing a large data set 14980 instances. The main characterizes of data sets are 

the data is multivariate, sequential and time series based, hence large number of experiments is possible with the given set.  

This study focuses on the classification task which generates  different types of readings that are classified in to two categories 

– 1 indicates closed eye and 0 – indicates open eye state this biomedical data analysis is to be conducted through the 

convolutional  neural network after processing with a series of other techniques- Twing join, FP mining. The processing 

performance along with classification accuracy is analysed in detail. Data sets used for experimental study where taken from 

lymph graphic study. The data set contains diagnosing features that are categorized into four types. There are 18 attributes 

and 148 instances are taken to study. Third data set used for study is related to lung cancer detection which is classified into 

3 types 57 attributes were chosen for study.  

 

Experiments where preformed on a desk top computer with Intel Core i5 processor @ 2.66 GHz running on windows 

operating systems. All algorithms where implemented in object oriented concepts using C# language. The performance of 

algorithms where depended on the parameters used in CNN and other native algorithms. It is performed with the most used 

data mining tool Weka 3.8.1 version. The basic version of Weka doesn’t support for classification using neural networks. A 

Java program is developed for implementing the core objective of the work is CNN. The proposed CNN is implemented 

with dropout regularization and rectified linier units. Training is done with multi-threaded batch processing. The CNN 

pregame is converted to a Weka plug in that can accept parameters like number of features, patch width, patch height, pool 

height, pool size, for example “20-5-5-2-2, 100-5-5-2-2” for two conventional layer, both with patch size 5 x 5 and pool size 

2 x 2, each with 20 and 100 feature maps respectively.  Also parameters should be specified for hidden layers, batch size, 

and number of threads, maximum iterations and weight penalty.  

 

7. RESULT AND DISCUSSION 
 

The data sets selected for study are fed to the CNN based classifier through Weak tool. Feature selection is made with other 

algorithms like FP growth, sequential pattern mining and they are composed with CNN based attribute selection. The 

statistics of data sets used in experiment are given in Table -1. 

 

Table.1 

Data 

Set 

Domain No. of 

features 

No. of 

instances 

EEG Bio medical 15 14980 

Lymph Bio medical 19 148 

Lung Bio medical 57 32 

 

 The EEG data set has fed to the CNN function of Weka which has performed the CNN filter with classification 

correctness of 55.62%. Other output measures is given on Table 2. 

 

Table 2. 

 PREC

ISIO

N 

RESULT F-MEASURE 

Class -1 0.55 1.0 0.715 

Class -0  0 0 0 

Weighted 

average 

0.309 0.556 0.398 
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The accuracy of CNN on EEG data is plotted on graph-1. The attribute selection performed on the correctly classified 

instances has given 14 attributes with the rand order as shown in table-3. 

 

Table 3. 

Attribute Rank 

01 0.0598 

P7 0.0572 

AF3 0.05493 

AF4 0.046 

F8 0.0323 

F4 0.0257 

P8 0.0223 

T8 0.0216 

FC6 0.0194 

T7 0.01174 

02 0.015 

FC5 0.013 

F7 0.0129 

F3 0.0124 

 

The ranks are assigned to each attribute and is plotted on Fig.2 

 
The CNN based attribute selection is also tested on lymph data set which represents the lymphography relation. 

The attribute selection is made with a classification process using CNN model. The accuracy average is analyses in terms of 

precision, recall an F-measure. The results are tabulated on Table – 4. 

 

Table 4. 

 Precision Recall F-Measure 

Class – 1 0.8249 0.793 0.806 

Class – 2 0.914 0.804 0.855 

 

The time complexity of the process is measured using the time taken to build the CNN model. The complexity for 

different data sets in given on Table – 5. 

Table 5. 

Data Set Time 

Taken 

Time 

Complexity 

No. Attributes Accuracy 

EEG 9.01 0.110 14 81.23 

LYMPH 1.27 0.097 19 87.23 

LUNGS 

CANCER 

16.95 0.058 57 85.3 

  

Fig3 Shows the graphical comparison of the data captured from Table-5 
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Fig 3. 

 
 

Table 6 Shows the Comparison of Different Algorithms using different datasets. 

Table 6. 

Dataset Algorithm Accuracy% 

EEG Autoencoder 

SVDD  

ELM  

CNN+FPG  

 

52.6 

55.7 

52.8 

70.78 

Lymbh Hybrid 

BPNN+GA  

CNN+FPG  

 

 

85.65 

 

81.25 

Lung Cancer aRBm 

DBN  

Hybrid 

BPNN+GA  

CNN+FPG  

 

86.1 

98.6 

89.33 

 

81.58 

 

The performance of various algorithms is plotted on Fig.4, Fig5 and Fig6 

 

Fig.4 
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Fig.5 

 
Dataset: Lymph 

Fig.6 

 
Dataset: Lung Cancer 

 

 

8. CONCLUSION 
  

In this work, we have proposed a novel deep learning based convolutional neural network approach for feature detection. 

The work has contributed an efficient method in bioinformatics based diagnosis and identification results. The data set 

utilized in the experiment is taken from UCI sources which has a large instance of numerical features. Proper hyper 

parameters were selected from a series of experiments with selected data sets. A successful deep learning model was built 

with 5 convolutional layers, 3 filters and 3 fully connected layers. The learning rate was observed with a drop out values. 

Better accuracy was obtained and proportionality of build time with regard to the number of features is studied. Being an 

excellent classification and attribute selection method, the proposed work can face many challenges in medical field. The 

outstanding performance and results establish the proposed concepts experimentally and theoretically with the chosen data 

sets. 

 

9. FUTURE ENHANCEMENT 
 

The paper has proposed an efficient way for modelling feature list with the help of CNN. Still as a future scope of this work, 

there are possibilities to modify the model for handling noisy data. The noisy data may be identified as anomalies with in 

any of the layers used in CNN. This can make revolutionary changes in input data used for CNN. The noise identification 

layer may be run in separate processing threads so that we can make the overall classification in an efficient way.  
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