
 
International Journal of Emerging Trends in Engineering and Development                     Issue 4, Vol.2 (March 2014)                                                                                                    

Available online on http://www.rspublication.com/ijeted/ijeted_index.htm                                         ISSN 2249-6149 
 

R S. Publication (rspublication.com), rspublicationhouse@gmail.com Page 758 
 

GGEENNEETTIICC  AALLGGOORRIITTHHMM  BBAASSEEDD  CCLLAASSSSIIFFIICCAATTIIOONN  FFOORR  

OOPPTTIIMMIIZZAATTIIOONN  OOFF  BBRRAAIINN  TTUUMMOORRSS  DDIIAAGGNNOOSSIISS    
  

MMrr..SS..DD..SShhiinnddee
  11

,,  MMrr..DD..BB..KKaaddaamm
22
,,  MMrr..KK..PP..PPaarrddeesshhii

33
  

11
DDeepptt..  ooff  EElleeccttrroonniiccss  &&  TTeelleeccoommmm  EEnngggg,,  PPVVPPIITT  BBuuddhhggaaoonn,,  88441122884444777700  

22
DDeepptt..  EElleeccttrroonniiccss  &&  TTeelleeccoommmm  EEnngggg,,  PPVVPPIITT  BBuuddhhggaaoonn..  88441111000011223300

  

33  
DDeepptt..  ooff  EElleeccttrroonniiccss  EEnngggg,,  PPVVPPIITT  BBuuddhhggaaoonn,,  99442222004400776677  

 

 

ABSTRACT 

 

Genetic programming (GP) has been applied to the classification of gene expression data. In its 

typical implementation, using training data, a single rule or a single set of rules is evolved with 

GP, and then it is applied to test data to get generalized test accuracy .Traditional time-frequency 

analysis is either limited to fixed window widths (short-time Fourier transform) or nonsinusoidal 

basis functions (wavelets). There is a fast-growing research and development effort underway to 

implement brain computer interfaces (BCI). We have developed a Tile basis to brain image at url 

at the highest level of resolution. It plots Topographic map from scattered data points on a head. 

A program for segmenting MRI images. In this paper we present analysis of MR images as well 

as a patient study to assess its performance. Brain tumour diagnosis generally requires a 

histological analysis, involving invasive surgery which can cause pain and discomfort to patients. 

In this paper, a new brain tumour diagnostic procedure is described using brain image. 

Topographic map from scattered data the MR images are preprocessed, using standardizing, non-

brain removal and enhancement. Brain tumour diagnosis is performed using genetic 

programming (GP) to search for classification rules. Classification results on a variety of MR 

images for different pathologies indicate this technique to be promising. Non invasive 

classification of tumor genotype could have significant impact in disease management and 

patient prognosis. Brain cancer is treated by modulating gene expression in cells of the cancer. 

 

INDEX TERMS--Brain tumour, diagnosis, MFU, brain image, genetic programming.  
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INTRODUCTION 

The Brain tumours are due to abnormal growths of tissue in the brain. Primary brain tumours 

account for only 1.5% of all cancers, however they are the third leading cause of cancer deaths 

among young male adults (ages 15-54) and the fourth leading cause of cancer deaths among 

women (ages 15-34). They are also the second leading cause of cancer deaths in children. Brain 

tumours are typically categorized by the tissue of origin. The most common group is gliomas, 
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followed by meningiomas [1, 2]. Magnetic resonance imaging (MRI) is currently an 

indispensable diagnostic imaging technique for the early detection of any abnormal changes in 

tissues and organs.    

 

 

 

Classification of Brain Tumors 

In 2000, the World Health Organization (WHO) revised the classification of neoplasms affecting 

the central nervous system, based on a century-old premise that each type of tumor originated 

from one specific cell type[3]. Purely on the basis of histologic features, this classification 

system relies almost entirely on visual assessment of the microscopic appearance of the tumour 

specimen, which raises the concern for subjectivity and interobserver variability. Moreover, the 

classification system does not take into consideration other important factors such as anatomic 

location and size of the tumor, both of which will determine surgical accessibility and degree of 

resectability. Despite its shortcomings, the WHO classification scheme of brain tumors remains 

the primary basis for guiding therapy and assessing overall prognosis in patients with brain 

tumor. The classification system also forms the basis for scientific study in brain tumor research, 

as well as the clinical understanding of tumor biology, clinical response, and patient prognosis. 

Although most malignant brain tumors are uniformly fatal, rare but distinct instances do occur in 

which tumors respond to therapy and cure is achieved. The current WHO classification, 

however, falls short of predicting therapeutic response of each individual tumor within the same 

histologic grade and cannot provide precise guidance of therapy, especially those targeting 

specific molecular or genetic pathways of tumour genesis. Clearly, a need exists for 

improvement in the brain tumor classification scheme to one that can guide therapy and assess 

early treatment response and is clinically significant in terms of providing clinical end points and 

outcome measures. It is unlikely that, on the basis of histologic classification alone, the grading 

of brain tumors will provide meaningful end points for therapeutic trials. To that end, surrogate 

or biologic tumor markers derived from neuro imaging hold much promise to fill that role by 

potentially providing novel information on biologic differences between 2 tumours of the same 

type and grade that respond drastically differently to therapy. 
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MRI PREPROCESSING 

A major problem with MRI is that its signal intensities do not have a fixed value - even in the 

same body region of the same patient obtained from the same scanner [8]. This indicates that the 

same tissue type may have a different scale of signal intensities for the different images. Due to 

such non-standard signal intensities in MRI, the intensities in different images cannot be 

compared with each other, which limits the usefulness of the technique. Therefore, a 

standardizing procedure is required, which ensures that the intensities are comparable and 

meaningful. 

GENETICS-BASED KNOWLEDGE INTEGRATION 

Here, we assume that all knowledge sources are represented by rules since almost all knowledge 

derived using knowledge acquisition tools or induced using machine- learning methods may 

easily be translated into or represented by rules.The proposed approach uses the genetic 

algorithm to maintain a population of initial rule sets and automatically searches for the best 

integrated rule set. It consists of two phases: encoding and integration. The encoding phase 

transforms each rule set into a bit-string structure. The integration phase chooses bit-string rule 

sets for “mating” and gradually creates good offspring rule sets. The offspring rule sets then 

undergo recursive “evolution” until an optimal or nearly optimal rule set is found. The proposed 

algorithm is presented below. 

KNOWLEDGE INTEGRATION ALGORITHM: 

Input: m rule sets from different knowledge sources and a set of test instances.  

Output: one integrated rule set that performs well. 

Knowledge Encoding Phase: 

Step 1: Collect multiple rule sets from multiple experts or using various machine learning 

methods. 
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Step 2: Transform each rule set into an intermediary representation. 

Step 3: Encode the intermediary representation as a bit string that will act as an individual in the 

initial population. 

Knowledge Integrating Phase: 

Step 4: Evaluate the fitness value of each rule set using an evaluation function and a set of test 

instances. 

Step 5: Select “good” rule sets upon which to perform the following genetic operations: 

a) Dynamic crossover on parent rule sets to generate offspring rule sets; 

b) Mutation on parent rule sets to generate offspring rule sets; 

Step 6: Evaluate the fitness value of each rule set using an evaluation function and a set of test 

instances. 

Step 7: If the termination criterion (such as a given number of generations, a given processing 

time, or convergence of fitness values) has been reached, then GO TO STEP 8; 

otherwise, GO TO STEP 5. 

Step 8: Select the best rule set from the population as the final knowledge base. The 504 cases 

[6] were first divided into two Groups, a training set and a test set. The training set was 

used to evaluate the fitness values of rule sets during the integration and refinement 

processes; the test set provided as input events which could be used to test the resulting 

rule set, and the percentage of correct predictions was recorded. In each run, 70% of the 

brain tumor cases (353 cases) were selected at random for training, and the remaining 

30% of the cases (151 cases) were used for testing. Ten initial rule sets were obtained 

from different groups of experts at VGH or derived using machine learning methods. 

Each rule was encoded into a bit string 105 bits long. The accuracy of the ten initial rule 

sets was measured using the test instances. The results are shown in Table I. 

 

TABLE I 

The accuracy of the ten initial rule sets. 

Rule 

Sets 

Accuracy No. of 

rules 

Rule 

Sets 

Accuracy No. of rules 

1 60.03% 52 6 77.89% 56 

2 79.81% 56 7 68.53% 52 

3 73.24% 56 8 72.83% 53 

4 64.74%   53 9 76.24% 56 

5 58.67% 52 10 70.19% 53 

Table 1. The accuracy of the ten initial rule sets. 

 

Although the ten initial rule sets were not accurate enough, they nevertheless could serve as a set 

of locally-optimal solutions that indicated useful information in the search space. Beginning with 

these rule sets, the proposed genetic knowledge-integration approach could then more rapidly 

reach the (nearly) optimal global solution than it could if it had nothing to refer to. 
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OPTIMIZATION USING GENETIC ALGORITHM 

Construction of roulette wheel is as follows [9][10][11]: 

Procedure: Roulette wheel 

Step 1.Calculate the fitness value for each chromosome. 

Step 2.Compute summations of all fitness values and calculate the total fitness. 

Step3. Divide each fitness value to total fitness and get the selection probability for each 

chromosome (noted by pk). Step4. Calculate cumulative probability qk for each 

chromosome 

qk = Σ pj. 

In selection process, roulette wheel spin 20 (population size) time. Each time a single 

chromosome is selected for a new population in the following manner: 

 

Procedure: selection 

Step1. Generate a random number r from the range [0, 1] Step2.If r<=q1, then select the first 

chromosome, otherwise select the k
th

 chromosome such that qk-1< r < qk. After selection 

part, a new population will produce that chromosomes with higher selection probability 

will remain and others will clear. Now, crossover and mutation operators produce new 

chromosomes. Consider probability of crossover is set to 0.2 and probability of mutation 

is set to 0.01(it means that 4 chromosomes from total population of 20 will change using 

crossover operator and 6 genes from 560 (28×20) genes will converted using mutation 

operator). 

Crossover procedure can describe as follows [9][10][11]: 

 

Crossover 

 

Begin 

0 → k; 

While (k<= population size) 

Do 

Random number from [0, 1] →rk 

If (rk<0.2) then select k-th chromosome as one parent for crossover. 

end 

k→k+1; 

end 

end 

MUTATION PROCEDURE: 

Step1.choose 6 genes from total 560 genes (we considered mutation rate is equal to 0.01).  

Step2. Change current value of selected genes (if they are one, alter them to zero and vice versa) 
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