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Abstract— Data mining algorithms play a vital role to classify 

Gene expression data, for the prediction of diseases. With the 

help of gene expression data obtained from microarray 

technology, heterogeneous cancers can be classified into 

appropriate subtypes but accurate Cancer classification based 

on the DNA microarray data is still a difficult problem 

because there are huge numbers of genes relative to the 

number of training samples and it is a difficult task to create 

an optimal classifier for DNA analysis that deals with only a 

few samples with large number noisy features. Since it 

become difficult to human to see all those parameter in a short 

type of time span. The failure in diagnosing of right type of 

cancer, become inevitable to avoid, that may cause delay in 

treatment. It may cause causality also. We can use AI to sort 

out the problem. Here we reestablish the fact that a string 

matching based feature selection technique for finding most 

informative genes then we test the effectiveness of the 

proposed approach using a neural network based classifier on 

leukemia benchmark gene expression data sets. The obtained 

results are encouraging. 
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I. INTRODUCTION 

Gene expression is the process by which information from a 

gene is used in the synthesis of a functional gene product [7, 

17].These products are often proteins. In our body the state 

of a cell consists of all those parameters -both internally and 

externally- which determine its behavior. 

A. What is microarray? 

Microarrays are a technology that basically miniaturizes 

processes that have been used in molecular genetics 

laboratories for years. They allow detection of DNA or RNA 

molecules by hybridizing or sticking to target DNA 

molecules or RNA molecules on a glass slide, with detection 

of that adherent DNA or RNA molecule by various labels or 

dyes that allow them to be seen under a microscope. 

 Following the Central Dogma of molecular biology, 

the activity of a cell is determined by which of its genes are 

being expressed or not [5, 17]. As stated in the research paper 

if a particular gene is being expressed, its DNA is transcribed 

into complementary messenger RNA (mRNA), which is then 

translated into the specific protein the gene codes for. We 

can measure the level of expression of each gene by 

measuring how many mRNA copies are present in the cell. 

DNA microarray is a widely used technology which allows 

biological researchers to monitor thousands of genes 

simultaneously [1]. Before the appearance of microarray 

technology, one traditional molecular biology experiment 

usually works on only one gene, which makes it difficult to 

have an overview of an entire genome. With the help of DNA 

microarray, it becomes possible to monitor, analyze and 

compare the expression profiles of thousands of genes 

simultaneously. This microarray is a glass slide, onto which 

single-stranded DNA molecules are attached at fixed spots. 

There may be tens of thousands of spots on an array, each 

related to a single gene. Analysis and handing of such data is 

becoming one of the major tasks in the utilization of the 

microarray technology. Because, cancers are usually 

reflected in the change of the expression values of certain 

genes [2, 17]. From all these spots Gene expression data sets 

are formed. 

 DNA microarrays are created by robotic machines 

that arrange thousands of gene sequences on a single 

microscope slide. Actually in our body the entire cell 

contains identical genetic material, but the same genes are 

not active in every cell. The active and inactive genes in 

different cells help scientists to understand normal and 

abnormal functioning of the genes. When a gene is activated, 

cellular machinery begins to copy certain segments of that 

gene [16, 17]. The resulting product is known as messenger 

RNA (mRNA), which is used for creating proteins. The 

mRNA produced by the cell is complementary; therefore, it 

binds itself to the original portion of the DNA strand from 

where it was copied. To determine which genes are turned 

on and which are turned off in a given cell, it is required to 

collect the mRNA molecules present in that cell, then label 

each mRNA molecule by using a reverse transcriptase 

enzyme (RT) which generates a complementary cDNA to 

the mRNA [7, 17]. During that process fluorescent 

nucleotides are attached to the cDNA. The tumor and the 

normal samples are labeled with different fluorescent dyes. 

The two fluorescent dyes which are mixed are red-

fluorescent dye   Cy5   and green-fluorescent   dye   

Cy3. After the hybridization of the sample an image 

scanner is used to measure fluorescence intensity of each dye 

[14, 16, 17]. A red spot indicates that the specific gene is 

more expressed in tumor, a green spot indicates that the 

specific gene is more expressed in the normal tissue and a 

yellow spot means that the specific gene is equally expressed 

in normal and tumor [7, 17]. The log ratio between the two 

intensities of each dye is used as the gene expression data 

[6, 7, 12, 16, 17]. After calculating the log values of both 

intensities a gene expression data set can be represented by a 

real-valued expression matrix M ={ Wij | 1 ≤ i ≤ M, and 1≤ j 

≤ N}, where the column Gene1 Gene2 . . ., GeneN is the 

expression patterns of genes, the rows S1, S2, . . ., SM   

represent the expression profiles of samples, and each cell wij 

is the measured expression level of gene j in the sample i 

[2,16,17] (refer, Fig. 
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Fig. 1: Process of forming DNA Microarray and acquiring 

gene expression data 

II. PROPOSED METHOD 

Our proposed work for cancer classification consists of three 

stages 

1) Define an ideal feature vector for each cancer class. 

2) Select informative genes based on similarity with the 

ideal feature vector using string matching. 

3) Now trained the neural network classifier using all these 

informative genes and test the class on test data set. 

From M x N training microarray dataset, where M is the 

number of input data vectors (samples) and N is the 

number of       features (dimensionality of each input data 

vector) 

The ith gene vector can be expressed as 

gi (e1,i e2,i e3,i . . . eJ ,i eJ1,i . . . eM,i ) 

Where eki is the ith gene expression of the kth sample. Usually, 

the class labels of the samples are known. 

A. Normalization and Pre-filtering 

First we extract gene expression data set and normalize it in 

the range of [0, 1] using min-max normalization ei=(ei-

min(ei)) /Max(ei) - Min(ei) where i=1 to N. Then apply co-

variance based filter technique to filter out the features which 

have nearly same values for all samples [1, 17]. For a gene gi 

that is continuous-valued, we create a new Boolean attribute 

gi’ that is true (1) if gi.=>.5 and false (0) otherwise. Just like 

the following example. 

 

 

 Gene1 Gene 2 Gene 3 Gene N 

Sample 1 1 0 1 1 

Sample 2 0 1 1 0 

Sample 3 0 0 1 0 

.     

.     

Sample M 1 0 1 0 

B. Ideal Feature Vectors 

In M x N training microarray dataset, where M is the number 

of samples and N is the number of genes, any geneth vector 

can be expressed in column matrix as 

gi=(e1,i e2,i e3,i . . . eJ ,i eM,i ) ,where i=1 to N 

 Ideal feature vector are depend upon the class of the 

sample. If in M samples J samples belongs to class “1” and 

others on class “0” then ideal feature vector can be defined as. 

IFVc1 =1 1 1 1 1 1 1 1 1... 1jth 0 0 0 0 0 0 0 M 

IFVc2=0 0 0 0 0 0 0 0 0…0jth 1 1 1 1 1 1 1 M 

 Where IFVc1 and IFVc2 are ideal feature vectors for 

class c1 and c2. It is obvious that these ideal gene vector are 

fully negative correlated [1, 17]. 

C. Feature Selection & Classification 

Here we use the concept of string matching we assume that 

the ideal gene set as a string and all the genes from microarray 

are as a pattern. And we will invent a string matching based 

algorithm which match string with pattern and count the 

number of 1 & 0 matching in all gene patterns. Then select 

the most informative genes based on increasing order of the 

matched count. 

 
Fig. 2: Feature selection and classification 

 After getting the most informative features for each 

class, we combined equal number of the top most informative 

features for both the class. These features are fully negative 

correlated to each other. Example for a two class sample it 

will be 10+10, 25+25 or 50+50 [6]. 

After finding the most informative sets of genes we follow 

the following steps 

1) Divide the data set in two part training data set and test 

data set. 

2) Then finally trained a feed forward neural network for 

the most informative features of training data set using 

back propagation algorithm. Backpropagation learns by 

iteratively processing a data set of most informative 

features, comparing the network’s prediction for each 

tuple with actual known target value. In training phase, 

the weights are modified so as to minimize the Mean 

Square Error (MSE) between the network prediction and 

the actual target values. And the learning of NN stops 

when MSE became negligible or close to zero [3]. 

3) Now estimate the accuracy of result using test data set. 

III. EXPERIMENTAL SETUP AND RESULTS 

Here we take Leukemia data set which is preprocessed by 

the min-max normalization then entropy based filter 

techniques are applied to reduce the dimensions of data set 

up to some level. The Leukemia dataset belongs to two types 
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of Leukemia cancers: Acute Myeloid Leukemia (AML) and 

Acute Lymphoblastic Leukemia (ALL). It consists of 72 

samples of 7129 gene expressions each. The training data has 

38 samples: 27 samples belong to ALL cancer class and 11 

samples belong to AML cancer class. The test data has 34 

samples: 20 samples of ALL class and 14 samples of AML 

class [9, 11, and 13]. 

 When we find the most informative features through 

string matching of ideal ALL feature vector to all the others 

features using the and trained the neural network from this 

informative features and test them from test sample, doing 

this we got only 88.23 % recognition rate and this rate is 

increases up to 94.11% for ideal AML based features vector. 

The numbers of genes selected can vary, there are no clear 

reports on the optimal number of gene selected, but usually 

25 to30 features are appropriate [9]. The two ideal features 

vector of ALL and AML classes are fully negative correlated 

and when we use negative correlated features from 10+10 

combination of both the classes then we got a better 97.05 

accuracy of classifier. When we trained the neural network 

with (100ALL+10 AML) sets in Mat-lab nntool then we got 

overall training performance are 97.68% as in fig.3. 

Gene Subsets 

Number of 

Test 

Samples 

Correct 

Samples 

Recognition 

Rate (%) 

ALL 34 30 88.23 

AML 34 32 94.11 

Negative 

Correlated 

Features 

 

10ALL+10 

AML 
34 33 97.05 

25ALL+25 

AML 
34 32 94.11 

50ALL+50 

AML 
34 32 94.11 

Table I: Leukemia Classification Results 

 
Fig.3. Training performance of informative features 

(10ALL+10 AML) 

IV. CONCLUSION 

In this paper a discussion done about a string matching based 

algorithm for selecting a group of relevant genes from 

Leukemia cancer microarray data. By using backpropagation 

the neural network get trained. Here Feed forward Neural 

network used and    algorithm based cancer classifier is built 

on top of these selected genes. During the Experiment, results 

indicate that the string matching based correlated features are 

giving a good classification results. Also the negative 

correlated genes are giving good results as compare to 

individual class and the accuracy rate of this approach is also 

nearly stable when the numbers of genes are changed. 

V. FUTURE SCOPE 

After the success rate achieved in this area, our proposal can 

be utilized in those computers machine which are taking the 

images of the patients and on the spot these machine give a 

general guidance to analyzing. If this approach get tuned fully 

it can be utilized in various other illness detection, which are 

right now seems to be non-detectable by the neural network. 

This technique can be use full in scanning machine. It will 

on-the-spot detect the suspicious area while scanning the 

area, now the operator can put more focus on the area where 

the illness is present, rather than focusing on the area which 

is healthy and do not require the intense/repeated scan. This 

avoids unwanted exposure to radiation like x-ray or 

electromagnetic radiation.       
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