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Abstract. Elman Recurrent Neural Network (ERNN) is a model that accommodates network output to be network input to produce the next network output. Genetic algorithms are computational approaches to solving problems that are modeled after the process of biological evolution. The purpose of this research is to classify brain cancer from Magnetic Resonance Imaging (MRI) brain with ERNN model. To improve the accuracy of the classification results, the ERNN model parameters are optimized with genetic algorithms. The data used in the model is the result of extracting MRI images using Gray Level Co-occurrence Matrix (GLCM) method, which consists of 13 variables, that is contrast, correlation, energy, homogeneity, entropy, sum of square variance, Inverse Difference Moment (IDM), sum average, sum entropy, sum variance, difference entropy, maximum probability, and dissimiliraity. Classification results are evaluated using accuracy, sensitivity, and specificity on training and testing data. The research have perfect results on testing data with no misclassification, while on the testing data the results are also very satisfying with sensitivity, specificity, and accuracy values is 100%, 93.33%, 96.43%.
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1. Introduction
Cancer is a body cell that mutations (changes) and grows out of control [1]. Cancer cells can’t die after they are old enough, but instead grow continuously and are invasive, so the body's normal cells can be repressed or even die. Cancer is one of the causes of death, according to the Ministry of Health of the Republic of Indonesia in 2012, there are about 8.2 million deaths from cancer. 
Cancer can occur in almost all parts of the body, including the lymph, blood, marrow, and brain [2].  The brain is one of the most important parts of the body that regulates the work of other body organs, so that if there any damage in the brain it can be harm the performance of other body organs. One of injury that can occur to the brain is brain cancer.
Brain cancer is a condition caused by abnormal cell growth in the brain and is malignant. Quoted from World Health Organization (WHO) in Indonesia there were 4,200 cases of brain cancer in 2012. Thus it is necessary to do early detection so that cases of brain cancer can be identified and handled appropriately.
There have been many studies to classify brain cancer, some of which are as follows : (1) Vaishnavi & Giraddi research [3] about cancer detection using Image Classification, (2) Heranurweni research [4] about the classification of brain cancer using backpropagation methods, (3) Zahran research [5] about the classification of brain cancer using neural network methods, and abadi, et al research [6] about the classification of brain cancer using the rbfnn method. This shows that the Neural Network architecture is quite reliable in classifying brain cancer.
Brain cancer classification research using neural network model can use feedforward network and the network model used using recurrent network. Like the research conducted by Derya [7] about diagnosing breast cancer using recurrent neural network method, Booldbatar [8] about the classification of breast cancer using elman recurrent neural network methods, and Wutsqa & Nurjanah [9] about the classification of breast cancer using the fuzzy elman recurrent neural network method. It is inevitable that the result of the classification will give rise to an error value, Thus, to get a smaller error value in the classification can be done by optimizing the model. One algorithm that can be used for optimization is a genetic algorithm.
The implementation of genetic algorithms for optimization problems is a very interesting subject to research, because genetic algorithms are very powerful and are optimization techniques that can work on many problems that are very difficult to solve with conventional techniques. [10]. This is supported by Zamani's research  [11] about the genetic algorithm method that’s implemented in the neural network method can produce a high accuracy value that’s 97.00% and Sugiyarto, et al [12] about the algorithm method on the backpropagation neural network to predict the national rice production.
Based on previous research on the classification of brain cancer, researchers want to classify brain cancer using a recurrent neural network model and then optimize it with a genetic algorithm.
2. Theoretical Review
2.1. Extraction
The image extraction process is one of the important characteristics used in identifying image objects or patterns. One of the image extraction methods is Gray Level Co-occurrence Matrix (GLCM). GLCM is an image extraction method used in image classification because it is able to provide detailed information about image texture [13]. The results of image extraction using the GLCM method resulted in 13 extraction features, the extracted features obtained in this study is: contrast, correlation, energy, homogeneity, entropy, sum of square variance, Inverse Difference Moment (IDM), sum average, sum entropy, sum variance, difference entropy, maximum probability, and dissimiliraity. Mathematical formulas [14] [15] [16] [17] [18] [19] of these features are:
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2.2. Elman Recurrent Neural Network (ERNN).
A recurrent network is a network that accommodates network output to become input on that network again in order to produce the next network output. There are 2 types of recurrent networks, Elman Network and the Hopfield Network [20]. The Hopfield network will store a set of points in a balanced position in such a way that given an initial condition, then the network will respond to design a point. The Elman network consists of N hidden layers, the first layer has the weights obtained from the input layer, every other layer will receive the weight from the previous layer. 
The architectural model used in this study is Elman Recurrent Neural Network (ERNN). On figure 1,    are neurons in the input layer,  are neurons in a hidden layer, and  are neurons in the output layer. are additional neurons which are feedback from the hidden layer.  is the feedback from  ,  is the feedback from , etc. The weight of the input signal to the hidden layer is denoted by , the weight of the additional neuron to the hidden layer is denoted by  and the weights from the hidden layer to the output layer are denoted by , the refractive weight of neuron k in the hidden layer is denoted by  and the refractive weight of the output layer neurons is denoted by where j = 1,2,3,…, l and k,k’ = 1, 2, 3, …, m, and Z is the output result.
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Figure 1. Recurrent Neural Network Model.

the RNN model on the Elman network can be formulated as follows:


2.3. Genetic Algorithm 
Genetic algorithms are a computational approach to problem solving modeled after the process of biological evolution [21]. The implementation of genetic algorithms for optimization problems is a very interesting subject to research, This is because genetic algorithms are very powerful and are optimization techniques that can work on many problems that are very difficult to solve with conventional techniques [10].
The use of algorithms that mimic the workings of living things in solving optimization problems has been introduced since the 1960s. The genetic algorithm was invented by John Holland and developed by David Goldberg, The concept developed in this algorithm is how to search for an approximate solution based on the natural evolutionary process [22].
The genetic algorithm process can be presented in the chart in Fig 2:
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Figure 2. Genetic Algorithm.
2.4. Procedure
The procedure used in the classification of brain cancer involves 6 steps, there are :
Step 1. Image processing 
Image processing is using Gray Level Co-occurrence Matrix (GLCM) method which produces 13 features.
Step 2. Defining the input and output variables.
The input is GLCM features and the output is brain condition.
Step 3. Determining the training and testing data
The GLCM features are divided into two data sets, 75% for training data and 25% for testing data.
Step 4. Build ERNN model
The ERNN model is built by selecting the number of neurons in the hidden layer which gives the highest accuracy for both training and testing.
Step 5. Optimizing ERNN with Genetic Algorithm
Genetic Algorithm optimizing the weights of ERNN model.
Step 6. Classification results
Evaluation of a classification is generally carried out using a set of unused test data in the training with a certain measure. There are a number of measures that can be used to assess the classification model, including sensitivity, specificity, and accuracy [23]. The mathematic formula is :
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with,	
	= correctly labeled positive observations.
	= correctly labeled negative observations.
	= incorrectly labeled positive observations.
	= incorrectly labeled negative observations.




3. Result and Discussion
The data used in this study are Magnetic Resonance Imaging (MRI) images of the brain extracted by the Gray Level Co-occurrence Matrix (GLCM) method, an example of MRI images can be seen in Figures 3 and 4.
       			  
 Figure 3. Normal Brain Image	 Figure 4. Brain Cancer Image
Next, after obtaining 13 extraction features, the Recurrent Neural network modeling begins by defining the input and output variables. The input variable used is the result of photo extraction of brain images using the Gray Level Co-Occurrence Matrix (GLCM) method. The output variable is a description of the condition of each brain image photo, namely brain cancer labeled 1 and normal brain labeled 2 Before the learning process is carried out the data is divided into testing and training data, the comparison in sharing the data used in this study is 75% for training data and 25% for testing data. The data that has been shared will be normalized with the help of Matlab with the prestd command. The complete syntax is as follows:
[Pn, meanp, stdp, Tn, meant, stdt]=prestd(P’,T’)
Table 1 is the results of trial and error using MATLAB's help to determine the number of neurons which is the MSE value for each experiment on many neurons from 1 neuron to 20 neurons.
Table 1. MSE Value
	Neurons
	MSE Training
	MSE Testing
	Neurons
	MSE Training
	MSE Testing

	1
	0.012124
	0.042842
	11
	5.5932e-06
	0.11202

	2
	6.9908e-06
	0.062324
	12
	6.0091e-06
	0.11333

	3
	0.011716
	0.14179
	13
	5.2362e-06
	0.070031

	4
	0.011704
	0.1369
	14
	4.8733e-06
	0.083108

	5
	6.3619e-06
	0.11946
	15
	5.8668e-06
	0.074058

	6
	6.4851e-06
	0.089294
	16
	5.1971e-06
	0.14145

	7
	6.5452e-06
	0.10319
	17
	5.6053e-06
	0.1351

	8
	5.5366e-06
	0.084839
	18
	5.6193e-06
	0.11975

	9
	5.5113e-06
	0.13423
	19
	5.8761e-06
	0.048624

	10
	6.3632e-06
	0.035316
	20
	7.0334e-06
	0.10457


From the experiment above, the best recurrent neural network model is obtained which consists of 10 neurons in the hidden layer, and 1 neuron in the output layer, which can be seen in Figure 5.
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Figure 5. Jaringan Recurrent Neural Network
Denormalization is intended to return data that has been normalized during the learning process. Denormalization is done with the posttd command. The syntax in Matlab for the denormalization process is as follows:

After obtaining the final weight of the recurrent neural network, the weight will be optimized with a genetic algorithm to produce a better weight. In this study, several experiments were carried out to obtain optimal weight. The following results of the experiments conducted can be seen in table 2:
Table 2. Hasil Algoritma Genetika
	Population Size
	Number of Generations
	Best Fitness

	10
	100
	0.156908209725547

	10
	250
	0.156950847743651

	10
	500
	0.157300421993546

	20
	100
	0.156914209267131

	20
	250
	0.157163308578209

	20
	500
	0.157345934259232


From the results of these experiments, the best fitness value is 0.157345934259232, the graph of the experimental results with MATLAB can be seen in Figure 6:
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Figure 6. Grafik optimasi algoritma genetika.
The weights obtained from the optimization results using genetic algorithms are then used for the ERNN process. Comparison of the MSE value of the Recurrent Neural Network and Recurrent Neural Network models with genetic algorithm optimization is shown in Table 3:
Table 3. Comparison of MSE Value
	Model
	Nilai MSE

	
	Training Data
	Testing Data

	Recurrent Neural Network
	6.363152824502501e-06
	0.035316406662910

	Recurrent Neural Network with genetic algorithm optimization
	6.34542319353782e-06
	0.035175696236476



[bookmark: _GoBack]In Table 3, it can be seen that the weight of the optimization results of the Recurrent Neural Network using the Genetic Algorithm provides a smaller MSE value than the weight of the Recurrent Neural Network without optimization with the Genetic Algorithm. The classification results certainly have errors and it is not uncommon to mistake brain cancer for normal brain cancer or otherwise. Therefore, it is necessary to test for sensitivity, specificity, and accuracy on the model results, the results of this test can be seen in Table 4.
Table 4. Classification Results
	
	Training Data (%)
	Testing Data (%)

	sensitivity
	100
	100

	specificitify
	100
	93.33

	accuracy
	100
	96.43



Based on table 4, it can be seen that the RNN model with genetic algorithm optimization provides good sensitivity, specificity, and accuracy values for training data and testing data by producing sensitivity, specificity, and accuracy values of 100%, 100%, 100% for the data, respectively. training, and 100%, 93.33%, 96.43% for testing data. The sensitivity of the RNN model is 100% meaning that a patient who does have a brain tumor has a 100% chance of testing positive for a tumor from a brain radiograph. The specificity of the RNN model testing data is 93.33%, meaning that patients who do not suffer from a brain tumor have a 93.33% chance of being negative for a tumor from the results of brain photographs. The accuracy of the RNN model testing data is 96.43%, which means that the diagnostic results are accurate for both positive and negative patients.

4. Conclusions
Based on the results of the classification of brain cancer using the Recurrent Neural Network (RNN) method which is optimized with a Genetic Algorithm, Then the following conclusions can be drawn: The results of the Recurrent Neural Network (RNN) optimized with the Genetic Algorithm for the classification of brain cancer provide the best model with 10 neurons in the RNN network, as well as a population size of 20 and the number of generations of 500 in the genetic algorithm. The Recurrent Neural Network (RNN) model optimized with the Genetic Algorithm for the classification of brain cancer yields sensitivity, specificity, and accuracy values, respectively 100%, 100%, 100% for training, and 100%, 93.33%, 96.43% for testing.
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