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Abstract

Every piece of information learned in human health has the potential to increase the length of patient life. However, the search for
more knowledge in the health informatics domain need to analysis vast quantities of data which cannot be easily processed by
researchers. Such data are handled by Big data is one of the latest technologies which have the potential for radically changing
healthcare data. The main aim of this paper is to introduce efficient data mining techniques for prediction of different diseases like
leukemia cancer, lung cancer and heart disease. Initially, a healthcare data is collected and it is divided into partitions and each
partition is loaded in a map. Then the firefly optimization algorithm process is carried out on each map which returns subgroups
for each partition. However, the subgroups have been obtained by considering best features of partition. In this paper, subgroup is
obtained by updating fireflies based on the global best features of each partition. This process reduces the number of features for
the classification of healthcare data which saves the time and speed of classifiers without affecting the classification accuracy. The
selected features are get into three different classifiers are Naive Bayes, C4.5 and Random forest which predicts the lung cancer,
leukemia cancer and heart disease effectively. The experimental results are conducted to prove the effectiveness of the proposed
method in terms of accuracy, precision, recall and F-measure.
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I. INTRODUCTION

Nowadays the technology has changed a lot such that the field of health informatics has started to handle the knowledge of big
data (Kamesh, D. B. K., 2015). Big data is one of the emerging technologies which can handle huge volume and variety of data
effectively. By utilizing data mining techniques, treating, helping, diagnosing and healing all patients in health care as become
easy. This will lead to an improvement in healthcare output. The healthcare output is the quality of care can provide to end users.
Health informatics is a combination of computer science and information science deals with various fields like clinical informatics,
image informatics, translational bio informatics and public health informatics.

Data mining with big data (Wu, X., et. al., 2014) is the process of extracting valuable information from the huge volume of data.
It involves various processes like pre-processing, feature selection, feature extraction, clustering, regression and classification. The
health care data are processed by data mining techniques to provide proper diagnosis for patients. Nowadays the number of human
death is increased due to the late prediction of lung cancer, leukemia cancer and heart disease. Data mining techniques is employed
to predict these types of diseases from healthcare data. But the existing techniques (Bhattacharya, B., et. al., 2016) diseases were
predicted from healthcare dataset with high time and speed complexity.

So in this paper, data mining techniques are proposed for prediction of different diseases like lung cancer, leukemia cancer and
heart disease from the collected healthcare data with low time and speed complexity. A healthcare data is collected and it is splitted
into number of partitions. These partitions are assigned to each map in MapReduce. Then subgroups are discovered by selecting
more relevant features from the dataset using firefly optimization algorithm which reduce the time and speed of classifier. The
firefly optimization algorithm selects the most relevant features from the global best values of each map. The selected features are
fed into Naive Bayes, C4.5 and Random Forest (RF). It predicts the lung cancer, liver cancer and heart diseases effectively.

Il. LIERATYURE SURVEY

A heart disease prediction system (Sonawane, J. S., & Patil, D. R. 2014) was presented using linear vector quantization neural
network algorithm. It was analysis and predicts the heart disease based on Artificial Neural Network (ANN), which process the
information in the similar manner as the biological nervous system process. It has the ability to derive meaning from imprecise or
complicated data which was utilized to extract unique features or patterns and detect trends which are more complex noticed by
humans. The proposed system accepts the 13 clinical features as input and the training of network is done by using linear vector
quantization algorithm. It returns either presence or absence of heart disease. But the accuracy of this method is low.

A user friendly lung cancer disease prediction model (Chauhan, D., & Jaiswal, V. 2016) was developed based on Principal
Component Analysis (PCA) and Linear Discriminant Analysis (LDA). Initially a canny edge operator was processed along with
pre-processing and post processing steps in the collected dataset. Then optimized features were extracted by using PCA feature
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extraction method which was utilized to classify the infected and non-infected diseases. The classification process was carried out
by using LDA method. The proposed model offered improved user-friendliness, as feature extraction was performed in an easily
editable. As a direct implication, intermediate results were more easily accessible.

A neural network was developed (Zeinalzadeh, A., et. al., 2017) for classification of liver cancer patients as low-risk groups and
high risks groups using genomic data. It provided a novel technique to classify big datasets suing neural network models. First the
data were preprocessed before training the neural network models. The data were expanded using wavelet analysis then those
wavelet coefficients were compressed by mapping the wavelet coefficients onto a new scaled orthogonal coordinate system. Then
neural network was utilized to train the data which provides the classification of low risk and high risk patients of lung cancer.
But it predicts only lung cancer disease.

A prototype lung cancer prediction system (Bharathi, H. & Arulanath, T. S. 2017) was developed using data mining classification
techniques. It extracted hidden pattern from a historical lung cancer database. Self-Organizing Map (SOM) was introduced in
explanatory phase of data mining. It is an excellent tool which projects the input space on the prototype of a low dimensional
regular grid that was effectively utilized for visualization and explored the properties of the data. Here, the prediction system was
processed in two stages. In the first stage SOM was used to produce the prototypes and those prototypes were clustered. The
clustered data returns the presence of lung cancer and absence of lung cancer disease patients. But this system involves high time
complexity.

A decision tree (C4.5) based data mining techniques (Boukenze, B. et.al., 2016) was introduced to predict the chronic kidney
disease. In this paper, an overview on the evolution of big data in the healthcare system was presented and applied data mining
algorithm on a set of medical data to predict the chronic kidney disease. A chronic kidney disease dataset was collected from UCI
Machine Learning Repository which contains 400 instances and 24 integers attributes. These features were given as input to
decision tree (C4.5) algorithm which classified the data as classes are chronic kidney disease and not chronic disease. C4.5is a
powerful classifier in terms of execution time and accuracy. But C4.5 constructs empty branches which is the most crucial for rule
generation.

A Liver cancer prediction system (Vijayarani, S., & Dhayanand, S. 2015) was proposed using Support Vector Machine (SVM)
and Naive Bayes classification algorithm. SVM classified both linear and non linear data where the data were separated by a
hyperplane with an appropriate non linear mapping to sufficiently high dimensions. The naive bayes classifier classified the data
based on applying bayes theorem with strong independent assumption. Both the classification algorithm has major disadvantages
are Naive Bayes classifier has low classification accuracy and the SVM classifier has high execution time.

A modified differential evolutionary prediction with integrated fuzzy AHP and fuzzy neural network method (Vivekanandan,
T., & lyengar, N. C. S. N.) was proposed for feature selection of heart disease. The modified differential evolution was adapted
for selection of optimal features. Moreover, an integrated model of fuzzy AHP with a feed forward neural network was adapted to
predict the heart disease. The reduced subset of attributes was produced by modified differential evolutionary algorithm which was
given as input to integrated model which predict the heart disease. But the error minimization will not be carried out in the
prediction of heart disease.

A frequent feature selection method (Saravanakumar, S., & Rinesh, S. 2014) proposed for feature selection of efficient heart
disease prediction. This method shows good performance by using fuzzy measure and the relevant non linear integral. The non-
additively of the fuzzy measure reflects the importance of the feature attributes as well as their interactions. Using medical profiles
such as age, sex, blood pressure and blood sugar it can predict the likelihood of patients getting a heart disease. But still the
accuracy of this method is low.

I11. PROPOSED METHODOLOGY

In this section, the proposed efficient data mining techniques with big data is explained in detail. The collected healthcare dataset
is splitted into number of partitions. The partitioned data are distributed to number of mapper nodes in MapReduce. Each mapper
analysis the healthcare and discovered subgroups by feature section technique. The feature selection process is carried by using
firefly optimization technique. The selected features are processed by three classifiers Naive Bayes, C4.5 and Random forest. It
classifies three different diseases are lung cancer, liver cancer and heart disease effectively.

A. Firefly based Feature Selection from Healthcare Data:

The prediction of lung cancer, liver cancer and heart disease process is started with collecting gene expression data from healthcare.
The subgroup is discovered by optimal feature selection process. The main objective of subgroup discovery task is to discover
subgroups whose behavior is different from that of the complete set. Here, subgroups are discovered by feature selection process
which means it defines whose set of features will provide better classification accuracy than other features. The feature selection
process is carried out by firefly optimization algorithm. The dataset is splitted and distributed to number of mappers and firefly
optimization technique is processed in each map. The firefly optimization algorithm is utilized to discover the optimal features by
using the objective function of given optimization problem. The objective function for a given optimization problem is depends
upon the light intensity. This objective function is used to move the fireflies towards brighter and more attractive locations for
obtaining the optimal solutions. The whole fireflies are illustrated by the light intensity with the related objective function. Each
firefly is altered its position iteratively to attain the best solution.
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In this phase, initially the population of fireflies (features) are initialized in each mapper. In firefly algorithm, two significant
points such as the variation in light intensity and formulation of the attractiveness are considered. The attractiveness is determined
by the brightness of the fireflies in which the objective function is associated. Also, the objective function is used to determine the
brightness (1) of the firefly in a specific position. The objective function is to maximize the fitness value which is given as follows:

F(P") = 5.% +(1-68).4 o)

Where F represents fitness value, P’ denotes the subset of selected features, B denotes the boundary factor per features and A

denotes the classification accuracy.
The intensity of the fireflies is given as:

I1(x) = Max(F) 2
The attractiveness function of the firefly is given by:

B(r) = By.ew™ (3)

In equation 3, B, denotes the attractiveness value of the firefly at r=0. T" refers the media light absorption coefficient. The
estimation of the distance between the two fireflies | and j at the positions x; and x; is defined as follows:

T = ||Xi - X,-|| = JZﬁﬂ(Xi,k ~ X))’ (4)

In equation 4, X; , denotes the k*"element of the spatial coordinates X; in the i*" firefly and d refers the number of dimensions.
The movement of firefly (i) is characterized as:
xi=x_i+B0*exp(—yr_ij*2)*(x_j—x_i)+ax(rand —1/2) (5)
In equation 5, the movement of the firefly is determined if the intensity value of the firefly is high. In this equation, the first term
indicates the current position of the firefly I, the attractiveness of the firefly is denoted in the second term and last term refers the
movement of the firefly if there is no any brighter firefly. In some of the cases, a € (0,1) and 8, = 1. The light absorption
coefficient varies from 0.1 to 10.

H. Feature Selection using Firefly Optimization Algorithm:

Input: Features of healthcare dataset
Output: Optimal threshold value
1) Step 1: Begin
2) Step 2: Select number of features randomly in each map node
3) Step 3: Formulate light intensity I in each map so that it is associated with f(x) i.e. I = f(x)
4) Step 4: While (Stopping criterion satisfied)
5) Step 5: Fori=1ltondo
6) Step 6: Forj=1ltondo
7) Step 7: Find I (x) using equation (1 and 2)
8) Step8:If(I; > I;)
9) Step 9: Calculate attractive fireflies using equation (3)
10) Step 10: Compute the distance between the fireflies using equation (4)
11) Step 11: Move all firefly to the global best solution of each map using equation (5)
12) Step 12: End if
13) Step 13: End for
14) Step 14: End for
15) Step 15: Move best solution at random
16) Step 16: Find the best solution from the new population
17) Stepl7: End while
Thus the optimized features are obtained by selecting and updating features based on global best features using firefly
optimization algorithm.

(. Different Classifier for Classification of Data:

The optimized features are given to three different classifiers are Naive Bayes, C4.5 and Random forest. Naive Bayes classifier is
based on the bayes theorem which can predict the class membership probabilities. The Bayes theorem is represented as:
P(clr) = 2EQ (6)
In Equation 6, P denotes the probability and ¢ denotes the class variable (presence of lung cancer or absence of lung cancer or
presence of liver cancer or absence of liver cancer or presence of heart disease or absence of heart disease), F =
(f1, fo, - f) denotes the optimized features of a map F, P (c) denotes the marginal probability, P(F) is constant for all classes,
P(c|F) and P(F|c) represents the posterior probability and conditional probability respectively. This classifier consists of two stages
are training and testing stage. In the training stage the healthcare dataset is trained and based on the result of this the testing data
is classified.
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. Naive Bayes Classifier based Classification Algorithm:

Input: Healthcare dataset, optimized features
Output: classified dataset
1) Step 1: for each map do
2) Step 2: Calculate P(c|F)
3) Step 3: end for
C4.5 classifier classifies the data by producing decision trees by way of gain ratio. The forms of C4.5 algorithm is given as
follows:

Entropy is a measure of the disorder of the data. The Entropy of D is calculated by iterating overall possible values of D.

Entropy (5) = Z;l:l%log % )
In equation 7, n represents the total partition of attribute. The conditional entropy is
Entropy (x|5) = %log % (8)
Gain is represented as follows:
Gain (B,x) = Entropy (5 — Entropy (x|5)) 9)

The aim is to maximize the gain, dividing by overall entropy due to split argument D by value x.
E. C4.5 based Classification Algorithm:

Input: healthcare data, optimized features
Output: classified dataset

1) Step 1. Computing Entropy, conditional entropy and gain from each variable of training data using equation 7,8 and 9.

2) Step 2: Creating the root node of the selection of features involving the greatest gain ratio

3) Step 3: Calculating Entropy, conditional entropy and gain from each attribute by removing the attributes which had been

chosen previously

4) Step 4: Creating an internal node of selecting attributes that have the greatest gain

5) Step 5: Checking whether all attributes have been set in the tree

6) Step 6: If all attributes are not set in the tree then repeat step 3 and 4 and the continuing the process.

Random Forest classifier classifies data by constructing decision trees, each decision tree will be full growth, it need not to cut

processing, the more tree it has the more accurate the result will be and it will not over fitting. The steps involved in random forest
based classification are given as follows:

F. Random forest based Classification Algorithm:

Input: healthcare data, optimized features
Output: classified dataset
1) Step 1: Draw ng.., boostrap samples from the healthcare dataset
2) Step 2: For each bootstrap samples, grow an un-pruned classification tree with the modifications are at each node, rather
than choosing the best split among all predictors, randomly sample m;,., of the predictors and choose the best split from
among those variables.
3) Step 3: Predict disease by aggregating the predictions of the n,...trees that is majority votes for classification.
4) Thus the healthcare dataset is classified by using Naive Bayes, C4.5 and Random forest classifiers. The final classification
results are collected from the reducers.

IV. EXPERIMENTAL RESULTS

In this section the experimental results are conducted in three datasets are leukemia cancer, lung cancer and heart disease dataset.
The leukemia dataset was taken from a collection of leukemia patient samples reported by Golub. The dataset consisted of 72
samples: 25 samples of AML, and 47 samples of ALL. Each sample is measured over 7,129 genes. The lung cancer dataset
contains 181 tissue samples (31 MPM and 150 ADCA). The training set contains 32 of them, 16 MPM and 16 ADCA. The rest
149 samples are used for testing. Each sample is described by 12533 genes. Both leukemia cancer dataset and lung cancer dataset
are available in http://cilab.ujn.edu.cn/datasets.htm link. The heart disease dataset is Cleveland database which consists of 76
attributes and it is available in http://archive.ics.uci.edu/ml/datasets/heart+Disease link. The performance of proposed existing
methods is evaluated in terms of accuracy, precision, recall and F-measure.

A. Accuracy:

The accuracy is the proportion of true results (both true positives and true negatives) among the total number of cases examined.
Accuracy can be calculated from formula given as follows
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4 True positive + True negative
CCUTACY = True positive + True negative +
False positive + False negative
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Fig. 4.1: Comparison of Accuracy

Figure 4.1, shows the comparison of accuracy between existing Modified Differential Evolution (MDE) and proposed Firefly
Optimization Algorithm with Naive Bayes (FOA-NB), FOA with C4.5 (FOA-C4.5) and FOA with Random Forest (FOA-RF)
methods for leukaemia cancer dataset, lung cancer dataset and heart disease dataset. X axis represents the datasets and Y axis
represents the accuracy value. From the figure 4.1, it is proved that the proposed FOA-RF has better prediction accuracy than the

other methods for three datasets.

H. Precision:
Precision value is evaluated according to the prediction of disease at true positive prediction, false positive.
o Truepositive
Precision = — —
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Fig. 4.2. Comparison of Precision

Figure 4.2, shows the comparison of precision between existing MDE and proposed FOA-NB, FOA-C4.5 and FOA-RF methods
for leukaemia cancer dataset, lung cancer dataset and heart disease dataset. X axis represents the datasets and Y axis represents the
precision value. From the figure 4.2, it is proved that the proposed FOA-RF has better precision than the other methods for three

datasets.
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C. Recall:
The Recall value is evaluated according to the prediction of disease at true positive prediction, false negative.
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Recall = — :
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Fig. 4.3: Comparison of Recall

Figure 4.3, shows the comparison of recall between existing MDE and proposed FOA-NB, FOA-C4.5 and FOA-RF methods
for leukaemia cancer dataset, lung cancer dataset and heart disease dataset. X axis represents the datasets and Y axis represents the
recall value. From the figure 4.3, it is proved that the proposed FOA-RF has better recall than the other methods for three datasets.

. F-measure:

F-measure is a measure of a test's accuracy. It considers both the precision and the recall of the test to compute the score. It is
defined as follows:
Precision . Recall

‘Precision + Recall

F — measure = 2
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Fig. 4.4: Comparison of F-measure

Figure 4.4, shows the comparison of f-measure between existing MDE and proposed FOA-NB, FOA-C4.5 and FOA-RF methods
for leukaemia cancer dataset, lung cancer dataset and heart disease dataset. X axis represents the datasets and Y axis represents the
f-measure value. From the figure 4.4, it is proved that the proposed FOA-RF has better f-measure than the other methods for three
datasets.
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V. CONCLUSION

In this paper, different diseases are predicted effectively by using efficient data mining techniques with big data. It started with
collection of healthcare data and then collected data is partitioned and distributed to number of mappers. The features of healthcare
data are optimized by using firefly optimization algorithm which is done in each mapper. In which the optimized features are
selected from global best features of map. The selected optimized features are get into the three different classifiers are Naive
Bayes, C4.5 and Random forest classifier. The experimental results are conducted in three datasets are leukemia cancer dataset,
lung cancer dataset and heart disease dataset and it shows that the proposed method has better accuracy, precision, recall and F-
measure.
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