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ABSTRACT: 

Brain tumor prediction is the most concerned research field in the bio medical research 

environment where the most of the people from all age categories caused by serious threats. 

Accurate brain tumour prediction requires analysis of large volume of health care data gathered 

from multiple users. However handling large volume of data would be more complex task which 

needs to be focused well for the accurate prediction rate. This is resolved in our previous research 

work by introducing the method namely Accurate Prediction of Brain Tumor Disease from Big 

Data Framework (APBTD-BDF). However this method might be reduced in its performance 

under presence of more inter communication between different parts of data. And also prediction 

accuracy might get reduced due to not providing preference on highly correlated features. These 

problems are resolved in the proposed research technique by introducing novel framework 

namely Network Cost aware Brain Tumour Prediction using Ensemble Classifier (NCBTP-EC). 

In this research method initially given input brain tumor data set is partitioned into multiple parts 

to make them execute in the multiple nodes with the concern of network communication cost. 

After allocating the data into multiple nodes, filtering is done by using Highly Correlated Filter 

which can remove the more repeated and similar data contents present in the system, thus the 

classification performance can be optimized. Finally Weighted Vote based Ensemble classifier 

involving Support Vector Machine (SVM), Adaboost and Random Forest classifier are applied to 

predict the brain tumour disease presence. The overall evaluation of the research method is 

conducted in the matlab simulation environment from which it is proved that the proposed 

research method leads to provide optimal outcome than the existing research techniques.  

Keywords: Brain tumour prediction, Filtering, Feature Selection, network cost, Ensemble classifier 
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[1] INTRODUCTION 

Brain tumour is a most found disease in people which occurs due to growth of abnormal 

cells within brain [1]. It requires continuous periodic treatment for many sessions for getting its 

effects. These effects would not be similar for every human. It’s because of their structural 

characteristics. It can be occurred in any location with varying intensity values which would reflect 

in their size and shape. It can be referred as two types such as malignant or benign based on their 

size and shape. Benign brain tumors would have similar structure which does not have cancer cells 

[2]. This can be cured by performing radiology treatment which can monitor patients continuously 

or else it can be removed by using surgical operation. Once it is removed, the possibility of 

growing back would be less. On the opposite malignant brain tumors would have different shapes 

and structure which would have cancer cells. This type of brain tumour requires classifying them 

for getting their required outcomes [3].  

It can be accomplished by introducing the automated classifier system which can correctly 

categorize the brain tumour presence based on their structural characteristics [4]. It required brain 

tumour MRI images features which is collected from many diseased patients that should be learned 

based on their structural characteristics. Based on this analysis, brain tumour presences would be 

confirmed [5]. However structure of dataset such as missing data values, representation of dataset 

requires some computational tasks to be performed for ensuring the accurate recognizing of brain 

tumour. This is focused in this research method for the successful task execution.  

In the proposed research technique by introducing novel framework namely Network Cost 

aware Brain Tumour Prediction using Ensemble Classifier (NCBTP-EC) is introduced for accurate 

brain tumour prediction. In this research method initially given input brain tumor data set is 

partitioned into multiple parts to make them execute in the multiple nodes with the concern of 

network communication cost. After allocating the data into multiple nodes, filtering is done by 

using Highly Correlated Filter which can remove the more repeated and similar data contents 

present in the system, thus the classification performance can be optimized. Finally Weighted Vote 

based Ensemble classifier involving Support Vector Machine (SVM), Adaboost and Random 

Forest classifier are applied to predict the brain tumour disease presence. 

The Overall flow of the research work is given as follows: In this section, general 

introduction about the brain tumor and the ways of prediction is given. In section 2, varying related 

research works that are proposed by various researchers are discussed in detail. In section 3, 

overview of proposed research method along with its merits and demerits are given. In section 4, 

experimental evaluation of the proposed research methodology is given which is implemented in 

the mat lab simulation environment. Finally in section 5, overall conclusion of the research work is 

given. 
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[2] RELATED WORKS 

In this section different related research works that are conducted to achieve the better 

classification and prediction brain tumor disease by various researchers has been discussed in 

detail. The research methods and its working procedure are mentioned in this section.  

J. Shreve, H. Schneider, O. Soysal [6] proposed a methodology for distinguishing the 

classification methods via the evaluation of the resistance of the model and effectiveness in the 

variable selection. The systematic model is provided in this research for individual performance 

of six classification methodology by making use of the Monte Carlo simulation and describes the 

process of variable by differentiating the methodologies to confirm the minimal bias, enhanced 

resistance and improving the performance. 

Sudha et al. [7] proposed the classification algorithm namely Naive Bayes, Decision tree 

and Neural Network for estimating the stroke diseases. The classification algorithm such as 

decision trees, Bayesian classifier and back propagation neural network were chosen for this 

research work. The records with inappropriate data will be eliminated from the data warehouse 

before initiating the mining process. Data mining classification technology has classification 

model and evaluation model. Tinghua, Wanga, Houkuan Huang, Shengfeng Tian, Jianfeng Xu 

[8] proposing the SVMs feature selection process is completed through the optimization of kernel 

polarization with Gaussian ARD kernels. This work concentrates mainly on the choosing the 

features effectively for Support Vector Machine (SVM). From the traditional searching 

methodologies, the feature selection is altered into the model selection of SVM.  

Syed Umar Amin et al. [9] implemented the genetic neural network hybrid system, which 

make the global optimization advantages of genetic algorithm for the neural network weights. A 

back propagation algorithm guides the networks with optimize initialization of synaptic weights. 

Ranjana Raut et al. [10] established and confirmed the dimensionally minimized MLP Neural 

Network method is fastest network. They noticed that that MLP NN is simple in design and 

synthesis, lowest average MSE, highest accuracy and ROC analysis is good. Experiments have 

been done with the Switzerland heart disease database on doing the comparison among the 

available and unavailable.  

Venkatesan P. et al. [11] investigated and distinguished the effective and three famous 

classification algorithms such as namely C4.5, ID3 and CART to classify Tuberculosis dataset. 

These were more helpful in medical research work to build the algorithms for estimating and 

classifying the disease. The notification result provides that C4.5 and CART performs better in 

terms of accuracy. L. Shen and E.C. Tan [12] proposed the penalized logistic regression for 

classification of cancer. The penalized logistic regression joined with the two-dimension 

reduction methods through this way; the accuracy classification and computational speed were 

enhanced. This process is known as Recursive Feature Elimination (RFE) which is utilizing the 

iterative gene selection, which attempts to select the gene subset and it is suitable for this cancer 

[13]. Based on this performance is computed, seven data sets are selected like breast cancer, 

central nervous system, colon tumour, Acute Leukaemia, Lung cancer, ovarian cancer and 

Prostate cancer. Linear SVM is utilized to distinguish the regression methods. Two software 

packages one was MATLAB by Schwaighofer and the other one was written by Gunn [14] were 
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utilized for executing SVM. The perfect performance will be accomplished by combining the 

Penalized logistic regression and PLS. 

[3] ACCURATE AND RELIABLE BRAIN TUMOUR PREDICTION 

Brain tumour prediction plays a greatest and most concerned role in various bio medical 

fields for the guaranteed and on time treatment to the patients. There are various techniques has 

been introduced earlier for the prediction of brain tumour. However accurate prediction depends 

on the number of samples learned where increased patients health care can increase the learning 

efficiency, thus the brain tumor can be predicted accurately. Handling large volume of data can’t 

be done efficiently on the single node due to its limited resource capacity. The input data needs to 

be separated, so that it can allotted to the multiple nodes which would increase the network 

performance. This is ensured in the proposed method by introducing novel framework namely 

Network Cost aware Brain Tumour Prediction using Ensemble Classifier (NCBTP-EC). The step 

followed in the proposed research method is listed as follows: 

 Input brain tumor data set is partitioned into multiple parts with the concern of 

network communication cost and Filtering is done by using Highly Correlated 

Filter  

 Weighted Vote based Ensemble classifier involving Support Vector Machine 

(SVM), Adaboost and Random Forest classifier are applied to predict the brain 

tumour disease presence 

The detailed explanation of the proposed research method is given in the following sub 

sections 

[3.1] DIVIDING AND FILTERING BRAIN TUMOUR DATA SET 

Network communication cost represents the network traffic cost where interchanging of 

results between different nodes would consume considerable cost. This research method 

implements the communication layer protocol based algorithm whose main goal is to divide the 

given input brain tumour dataset into multiple division so that it can executed in parallel. The 

detailed explanation of the proposed research method is given in the following sub sections.  

NETWORK COMMUNICATION COST AWARE PARTITIONING 

Assume network with N machines and large volume of dataset. This work adapts the 

MapReduce procedure for the proper implementation. Consider network communication cost 

between two nodes namely x and y is represented as dxy. When brain tumor data set is submitted 

into the network, overall task is divided into two divisions namely map (M) and reduce (R). And 

then submitted brain tumor dataset would be divided into multiple independent subsets which can 

be executed in parallel by mapper phase. After dividing them, key value pairs are generated for 

those independent divisions. Here key is represented as p  P for the mapper i  M and and  

denote the data volume of key/value pairs.  
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Here divided data set will be processed in the separate mapper node whose intermediated 

results are aggregated together using δ aggregators by sending them to reducers. These aggregation 

processes can be performed by any machine and its reduced aggregated values are denoted as α. 

The cost of delivering a certain amount of traffic over a network link is evaluated by the product of 

data size and link distance. The objective in this work is to minimize the total network 

communication cost of a MapReduce job by jointly considering aggregator placement and 

intermediate data partition. This work involved in three stages. Those are Map, Aggregate, Reduce 

stages. In the map stage, data would be partitioned, in the aggregator stage aggregation would be 

done, in the reducer stage data merging would be done.   

FILTERING USING HIGHLY CORRELATED FILTER 

After diving dataset and sent it to the mapper node, the required processed would be carried 

out those divided datasets. Initially filtering is done to remove the noisy and irrelevant features 

present in the data, so that optimal outcome can be ensured. Highly correlated filter finds the highly 

correlated columns present in the data set, and removes them. It is done because, highly correlated 

columns doesn’t have any new information for representing. In order to remove highly correlated 

data columns, first we need to measure the correlation between pairs of columns using the Linear 

Correlation node, then we have to apply the Correlation Filter node to remove one of two highly 

correlated data columns, if any. The Linear Correlation node calculates the correlation coefficient 

for all pairs of numerical columns in the data set, as the Pearson’s Product Moment Coefficient ρ, 

and for all pairs of nominal columns, as the Pearson's chi square value. No correlation coefficient is 

defined between a numerical and a nominal data column. The output table of the node is the 

correlation matrix, i.e. the matrix with the correlation coefficients for all pairs of data columns. The 

correlation coefficient referring to a numerical and a nominal column in the matrix has a missing 

value. The node also produces a color coded view of the correlation matrix (see figure below) 

where values range from intense blue (+1 = full correlation), white (0 = no correlation), to red (-1 = 

full inverse correlation). The matrix diagonal shows the correlation of a data column with itself and 

this is, of course, a 1.0 correlation. The crosses indicate a missing correlation value, e.g. for the 

combination of a numerical and a categorical column. The Correlation Filter node uses this 

correlation matrix as input, identifies pairs of columns with a high correlation (i.e. greater than a 

given threshold), and removes one of the two columns for each identified pair. The correlation 

threshold can be set manually by means of a slide bar in the configuration window of the 

Correlation Filter node. [Figure - 1] 
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Figure 1. High correlation based feature selection 

NETWORK PARTIONING AWARE HIGH CORRELATED FILTER 

The data would be partitioned based on the traffic migration cost and then the highly 

correlated filter based feature selection would be done. After selection of the feature, each mapper 

node output values would be forwarded to the aggregator node where the network cost aware 

aggregation would be done. Finally the reducer would be merging the result. The overall workflow 

is given in the following [Figure – 2]. 

Brain tumor data set 

Normalize the column values 

Find the linear correlation between columns 

Construct the correlation matrix 

Remove the highly correlated data columns 
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Figure 2. Overall view map reduce based filtering 

[3.2] ENSEMBLE BASED CLASSIFICATION FOR BRAIN TUMOR DISEASE 

PREDICTION 

In statistics and machine learning, ensemble methods use multiple learning algorithms to obtain 

better predictive performance that could be obtained from any of the constituent learning 

algorithms. Unlike a statistical ensemble in statistical mechanics, which is usually infinite, a 

machine learning ensemble refers only to a concrete finite set of alternative models, but typically 

allows for much more flexible structure to exist among those alternatives. In this research work, 
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this ensemble classification procedure is adapted to obtain the better prediction accuracy in terms of 

accurate diagnosis of brain tumour disease. This is achieved by introducing the weighted based 

ensemble procedure which attempts to combine the results of the different classifiers with their 

weight based on which accurate diagnosis would be done.  

We present a new weighted voting classification ensemble method, called WAVE, that 

uses two weight vectors: a weight vector of classifiers and a weight vector of instances. The 

instance weight vector assigns higher weights to observations that are hard to classify. The weight 

vector of classifiers puts larger weights on classifiers that perform better on hard-to-classify 

instances. One weight vector is designed to be calculated in conjunction with the other through an 

iterative procedure. That is, the instances of higher weights play more important role in determining 

the weights of classifiers, and vice versa. We proved that the iterated weight vectors converge to 

the optimal weights which can be directly calculated from the performance matrix of classifiers in 

an ensemble. The final prediction of the ensemble is obtained by the voting using the optimal 

weight vector of classifiers. The classifiers that are considered in this work for ensembling are, 

“SVM, Random forest, Adaboost”. 

Support Vector Machine Classification: SVM is supervised learning models with associated 

learning algorithms that analyze data and recognize patterns, used for classification and regression 

analysis. Given a set of training examples, each marked for belonging to one of two categories, an 

SVM training algorithm builds a model that assigns new examples into one category or the other. 

Formula  

To reduce the error minimization we can use given below formula 

         (2) 

Estimating function 

F(x) =          (3) 

Algorithm 

Given dataset X=(x1, y1),……,(xn, yn), C  // x and y –labeled sequence and C-class 

Initialize vector v=0, b=0; class // v-vector and b-bias 

Train an initial SVM 

For each  do  // xi is a vector containing features describing example i 

Classify  using f ( ) 

If  f ( ) < 1 // prediction class label 
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Find  for known data   //  for new data 

Add  to known data 

If the prediction is wrong then retrain 

Repeat 

End 

Error values are minimized using equation (1) 

Classify results using equation (2) 

AdaBoost Classification: AdaBoost (Adaptive Boosting),which was first introduced in Freund and 

Schapire (1996), is a popular ensemble algorithm that improves the simple boosting algorithm via 

an iterative process. The main idea behind this algorithm is to give more focus to patterns that are 

harder to classify. The amount of focus is quantified by a weight that is assigned to every pattern in 

the training set. Initially, the same weight is assigned to all the patterns. In each iteration the 

weights of all misclassified instances are increased while the weights of correctly classified 

instances are decreased. As a consequence, the weak learner is forced to focus on the difficult 

instances of the training set by performing additional iterations and creating more classifiers. 

Furthermore, a weight is assigned to every individual classifier. This weight measures the overall 

accuracy of the classifier and is a function of the total weight of the correctly classified patterns. 

Thus, higher weights are given to more accurate classifiers. These weights are used for the 

classification of new patterns. This iterative procedure provides a series of classifiers that 

complement one another. In particular, it has been shown that AdaBoost approximates a large 

margin classifier such as the SVM 

Algorithm: 

Require: I (a weak inducer), T(the number of iterations), S (training set) 

Ensure: Mt, αt; t = 1,…,T 

t 1 

D1(i) 1/m; i=1,..,m 

Repeat 

   Build classifier Mt using I and distribution Dt 
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   If  >0.5 then 

      T  t-1 

      Exit loop 

   End if 

    

   Dt+1 (i) = Dt (i) .  

   Normalize Dt+1 to be a proper distribution 

   T++ 

Until t>T 

Random Forest Classification: A Random Forest ensemble (also known as random subspace) 

uses a large number of individual, unpruned decision trees. The individual trees are constructed 

using the algorithm. The input parameter N represents the number of input variables that will be 

used to determine the decision at a node of the tree. This number should be much less than the 

number of attributes in the training set. Note that Bagging can be thought of as a special case of 

Random Forests obtained when N is set to the number of attributes in the original training set. 

Algorithm: 

Require: IDT (a decision tree inducer), T(the number of iterations), S(the training set), µ (the 

subsample size), N(number of attributes used in each node) 

Ensure: Mt; t=1,..,T 

t1 

repeat 

   St  sample µ instances from S with replacement 

   Build classifier Mt using IDT(N) on St 

   t++ 

Until t > T 

Weighted voting classification ensemble: When an ensemble of classifiers is constructed, the 

proposed method assigns unique voting 43 weights to each classifier in the ensemble. Specifically, 
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using an iterative process, a 44 weight vector for the classifiers and another weight vector for the 

instances will be 45 obtained in the learning phase of model formation. After the final iteration, 

hard-to-classify instances get higher 47 weights and, subsequently, better performing classifiers on 

the hard-to-classify in- 48 stances are assigned larger weights. The final prediction of the ensemble 

is obtained by the voting using the weight vectors of classifiers. 

Suppose that there are two classifiers. In simple majority voting, all classifiers have equal 

weights. Hence, if the two classifiers make different predictions for an instance, the final decision 

becomes arbitrary due to the tied votes. Now suppose the first one tends to classify more hard-to-

classify instances correctly, whereas the second classifier does easier instances correctly. If the two 

classifiers make different predictions on an unseen instance, it is reasonable to give more weight to 

the first classifier which classifies more difficult instances correctly. 

Iterative weight adjust algorithm: 

1. Set an initial instance weight vector 

  

Q0 takes higher instance weights for the rows of X with fewer 1's (i.e., hard- to-classify instances). 

The denominator is a normalizing factor for unit norm. 

2. For m = 1, 2,….. repeat (a) and (b). 

(a) Calculate a classifier weight vector 

  

Pm assigns higher weights on more accurate classifiers (i.e., columns of X with more 1's) after 

the instance weight Qm-1 incorporated. The denominator is a normalizing factor for unit norm. 

(b) Update the instance weight vector 

  

Qm assigns higher weights on hard-to-classify instances after incorporating the classifier 

weight vector Pm. The denominator is a normalizing factor for unit norm. 

3. Stop the step #2 when the weight vectors Pm and Qm become stable. Denote P* and Q* be the 

final weight vectors. 
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[4] EXPERIMENTAL RESULTS 

The experiments are conducted in the matlab simulation environment where the 

performance evaluation between the proposed method namely Network Cost aware Brain Tumour 

Prediction using Ensemble Classifier (NCBTP-EC) with our previous work APBTD-BDF and the 

existing methods namely Integrated feature Selection and Ensemble Classification (IFSEC), 

Artificial Neural Network based Prediction (ANN), Map reduce Based Partitioning (MRP) is done. 

The performance metrics that are considered in this research work for the comparison evaluation 

are, “Accuracy, Precision, Recall, F-Measure, Mean absolute error and computation time”. The 

performance evaluation are shown and explained in the following sub sections.  

[4.1] ACCURACY 

Accuracy is defined as the proportion of true positives and true negatives among the total 

number of results obtained. Accuracy is evaluated as,  

 

 

Figure.3. Accuracy 

From the above graph mentioned in [Figure-3], it is proved that the proposed method 

namely NCBTP-EC can provide better performance result than the existing research 

methodologies. From the analytical evaluation of the results, it can be proved that the proposed 

methodology NCBTP-EC shows 6% better than APBTD-BDF, 14% better performance than 

IFSRC method, 26% better performance than MRP method and 36% better performance than the 

ANN method.  
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[4.2] PRECISION 

Precision value is evaluated according to the relevant information at true positive 

prediction, false positive. 

 

 

Figure 4. Precision 

From the above graph it is proved that the proposed method namely NCBTP-EC can 

provide better performance result than the existing research methodologies in terms of precision. 

From the analytical evaluation of the results, it can be proved that the proposed methodology 

NCBTP-EC shows 13% better than APBTD-BDF, 17% better performance than IFSRC method, 

24% better performance than MRP method and 46% better performance than the ANN method.  

[4.3] RECALL 

Recall value is evaluated according to the retrieval of information at true positive 

prediction, false negative.  
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Figure 5. Recall 

From the above graph it is proved that the proposed method namely NCBTP-EC can 

provide better performance result than the existing research methodologies. From the analytical 

evaluation of the results, it can be proved that the proposed methodology NCBTP-EC shows 17% 

better performance than APBTD-BDF, 25% better performance than IFSRC method, 33% better 

performance than MRP method and 42% better performance than the ANN method.  

[4.4] F-MEASURE 

The F-Measure computes some average of the information retrieval precision and recall 

metrics  
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Figure 6. F-measure 

From the above graph it is proved that the proposed method namely NCBTP-EC can 

provide better performance result than the existing research methodologies. From the analytical 

evaluation of the results, it can be proved that the proposed methodology NCBTP-EC shows 16% 

better than APBTD-BDF, 23% better performance than IFSRC method, 35% better performance 

than MRP method and 44% better performance than the ANN method.  

[4.5] MEAN ABSOLUTE ERROR 

The mean absolute error (MAE) is a quantity used to measure how close forecasts or 

predictions are to the eventual outcomes. The mean absolute error is given by 

 

As the name suggests, the mean absolute error is an average of the absolute errors |ei| = |fi - 

yi|, where fi is the prediction and yi the true value. Note that alternative formulations may include 

relative frequencies as weight factors. 
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Figure 7. MAE comparison  

From the above graph it is proved that the proposed method namely NCBTP-EC can provide better 

performance result than the existing research methodologies. From the analytical evaluation of the 

results, it can be proved that the proposed methodology NCBTP-EC shows 20% better performance 

than APBTD-BDF, 35% better performance than IFSRC method, 41% better performance than 

MRP method and 49% better performance than the ANN method.  

[4.6] COMPUTATION TIME 

Computation time is defined as the total time consumed for the filtering and tagging process.  
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Figure 8. Computation time in second 
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From the above graph it is proved that the proposed method namely NCBTP-EC can 

provide better performance result than the existing research methodologies. From the analytical 

evaluation of the results, it can be proved that the proposed methodology NCBTP-EC shows 17% 

better performance than APBTD-BDF, 39% better performance than IFSRC method, 45% better 

performance than MRP method and 58% better performance than the ANN method.  

[5] CONCLUSION 

In the proposed research, novel framework namely Network Cost aware Brain Tumour 

Prediction using Ensemble Classifier (NCBTP-EC) is introduced for accurate brain tumour 

prediction. In this research method initially given input brain tumor data set is partitioned into 

multiple parts to make them execute in the multiple nodes with the concern of network 

communication cost. After allocating the data into multiple nodes, filtering is done by using Highly 

Correlated Filter which can remove the more repeated and similar data contents present in the 

system, thus the classification performance can be optimized. Finally Weighted Vote based 

Ensemble classifier involving Support Vector Machine (SVM), Adaboost and Random Forest 

classifier are applied to predict the brain tumour disease presence. 
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