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Abstract: Big data analytics is a process of gathering large 

volume of data and organizing the present and past events to 

predict future events. Analyzing such a huge volume of data is not 

a simple task. Therefore, processing large data is a challenging 

one to predict an accurate event. The conventional techniques 

handling the large volume of data but the accurate prediction was 

not obtained since it failed to progressively learn the higher level 

features from raw inputs. An efficient Dice similarity based 

Gaussian Deep Recurrent Neural Learning Classifier 

(DS-GDRNLC) model is developed to enhance the prediction 

performance in terms of prediction time, prediction accuracy with 

big data. Initially, DS-GDRNLC model gathers huge volume of 

data from the big dataset (DS). After that, the gathered data are 

trained with several layers such as input layer, two hidden layers 

and output layer. The numbers of data are given to the input layer 

for performing the classification. Then the proposed 

DS-GDRNLC model uses two hidden layers to repeatedly learn the 

input data using a regression function. The regression function 

uses the dice similarity coefficient to find the relationship between 

the data and the predicted class. Then the analyzed results at the 

hidden layers are fed into the output layer. The Gaussian 

activation function is used at the output layer to verify the 

similarity value and mean of class. If the similarity value is closer 

to the mean of class, then the data are classified into that specific 

class. In this way, all the input data are accurately classified into 

the different classes resulting improves the Prediction Accuracy 

(PA).  Finally, the training error rate is calculated for each 

classification results for obtaining the higher PA. This process 

repeated until the minimum error is obtained.  Experimental 

evaluation is performed with big DS using different metrics such 

as PA, precision, recall, F-measure and Prediction Time (PT). 

The observed results confirm that the DS-GDRNLC model 

efficiently increases the PA, precision, recall as well as F-measure 

and minimizes the PT than the state-of-the-art methods. 

 

Keywords: Predictive analytics, big data, Gaussian Deep 

Recurrent Neural Learning Classifier, regression, dice similarity 

coefficient, Gaussian activation function 

I. INTRODUCTION 

With the increase of big data, the prediction is a part of 

statistics that extracting more relevant information from the 

large volume of data and predict the future and behavior 

patterns. In recent days, big data is the fastest and more 
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broadly used in several application fields such as, healthcare, 

weather, agriculture, business, marketing, banking and so on. 

Recently, several research works have been developed for 

predictive analytics with big data. However, it faces several 

challenges for accurate prediction.  

 The support vector trained multilayer neural network 

(SVM- trained MNN) was developed in [1] for classifying 

the big data with the help of map-reduce function. The 

method minimizes the PT but the accurate classification was 

not achieved. In [2], a CNN-based multimodal disease risk 

prediction (CNN-MDRP) algorithm was presented with big 

data. The designed algorithm increased the PA but it has 

higher time to predict the disease.   

 A statistical assessment model of the healthcare 

information system was presented in [3] for predictive 

analysis with big data. Though the accuracy and F-measure 

were improved, the time consumption was not minimized 

using statistical assessment model. Artificial Intelligence 

(AI) methods were developed in [4] to predict disease with 

Big Data. But the methods failed to perform accurate disease 

prediction.  For predicting malaria disease, an artificial neural 

network (ANN) was introduced in [5]. But the error rate of 

the prediction was not minimized.  A deep learning paradigm 

was developed in [6] for increasing the health prediction 

using big data. But the repeated data learning was not 

performed to achieve higher accuracy.   

 In [7], an ensemble multi-label classification technique 

was designed to identify the disease risk at an earlier stage. 

But the designed technique failed to minimize the error. A 

spark based machine learning technique was developed in [8] 

for remote health status prediction. The designed technique 

failed to predict a variety of diseases.  

 A machine-learning-based diagnosis scheme was 

introduced in [9] to predict heart disease with minimum 

computation time. But the performance of disease prediction 

was not improved while considering the large volume of data.  

A decision tree classification technique was developed in 

[10] to improve the performance of heart disease prediction. 

But, the false positive rate (FPR) was not minimized.  

 Abovementioned issues are overcome by presenting a 

novel DS-GDRNLC model.The major contribution of the 

proposed DS-GDRNLC model is summarized as follows 

 To improve the PA, DS-GDRNLC model is introduced by 

repeatedly learning the input data in the hidden layers. In 

the hidden layers, the input data are analyzed using the 

regression function. To find the relationship between 

dependent variable (i.e. data) and independent data (i.e. 

predicted class), the regression function uses the dice 

similarity coefficient.Based 

on the similarity values, the 

data are classified at the 
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output layer.  This helps to improve the precision, recall 

and F-measure. 

 To minimize the PT, the Gaussian activation function is 

used at the output layer for analyzing the similarity value 

and mean value of the predictive class. The similarity value 

which is closer to the mean is classified into the particular 

class.    

 The rest of the paper is structured into five different 

sections. Section 2 reveals the related works. In Section 3, the 

proposed DS-GDRNLC model is explained with the 

architecture diagram. In Section 4, experimental evaluation is 

performed with big data. The experimental results are 

discussed with different parameters in Section 5. Section 6 

provides the conclusion of the paper. 

II. RELATED WORKS 

Machine learning methods with rule-based classification 

were introduced in [11] for forecasting a variety of liver 

diseases. But the accurate prediction was not achieved with 

minimum time. A deep neural network (DNN) and 

long-short-term memory (LSTM) learning models were 

developed in [12] for predicting various infectious diseases. 

But the prediction performance was not increased.   

 A big data analytics-enabled transformation method was 

introduced in [13] and applied to the healthcare organization 

for predicting the disease. The performance of accuracy and 

time complexity remained unsolved. An efficient and 

privacy-preserving disease risk prediction (EPDP) system 

was developed in [14] for disease risk prediction. The system 

failed to improve the accuracy of diagnosis results at an 

earlier stage.    

 A probabilistic data acquisition technique was designed in 

[15] to predict the future health status of the patients. Though 

the designed technique improves the PA, the PT was not 

minimized. The three machine learning classification 

techniques were developed in [16] to predict diabetes at an 

early stage. The algorithms failed to predict or diagnose other 

diseases. 

 A distributed association rule-based classification method 

was developed in [17] based on MapReduce for big data 

analytics. The method improves the accuracy but the error 

rate was not minimized.  A predictive analysis algorithm 

using Hadoop/Map Reduce was developed in [18] to forecast 

different types of diabetes with high accuracy. But the PT 

was not minimized.  

 Predictive analytics with big data in emergency care was 

developed [19] to predict the disease. But the performance of 

the disease prediction remained unsolved.  A recurrent 

convolutional neural network (RCNN) was developed in [20] 

to evaluate the disease risk. The disease risk prediction time 

was not minimized.  

Major issues in big data predictive analysis are less 

prediction accuracy, high prediction time and error rate. 

These existing issues are overcome by presenting a novel 

DS-GDRNLC model. The brief explanation of DS-GDRNLC 

model is presented in the next section. 

III. METHODOLOGY 

The DS-GDRNLC Model is developed for predicting 

future events with a large volume of data. The management 

and analysis of big data are the most significant emerging 

needs as the huge volume increasing the complexity of data 

being created or collected. Therefore, deep recurrent neural 

learning is introduced to effectively perform predictive 

analytics.  The "deep learning" in the proposed DS-GDRNLC 

model refers to use the number of hidden layers for deeply 

analyzing the input data through which the data is 

transformed to obtain better outcomes. 

 

 
More precisely, deep learning is the sequence of 

transformations from the input to output. The normal neural 

learning uses the one input layer, one hidden and one output 

layer for processing the input big data. But the deep learning 

includes one input layer, two or more hidden layers and one 

output layer. The different hidden layers are used to deeply 

learn the input data and provide accurate prediction results at 

the output layer by using regression function. A function of 

the independent variables called the regression function is to 

be estimated. Regression fuction focus is on the relationship 

between a dependent variable (i.e. Class) and one or more 

independent variables (i.e. data') Regression Fuction helps 

one understand how the typical value of the dependent 

variable (i.e. Class) changes when any one of the independent 

variables is varied, while the other independent variables are 

held fixed.  The processing diagram of the proposed 

DS-GDRNLC model is shown in figure 1. 

Figure 1 depicts the architecture of the proposed 

DS-GDRNLC model to obtain better prediction results with 

minimum time complexity. Initially, the big DS is considered 

for predictive analytics. The number of data is taken from the 

big DS. Using deep recurrent neural learning, the data 

analysis is performed with the input data. The input data is 

fed into the input layer of the deep architecture. Then the 

incoming data are analyzed in the hidden layers. Finally, the 

results are obtained at the output layer.  The structural 

diagram of the deep recurrent neural leering technique is 

shown in figure 2.   

https://en.wikipedia.org/wiki/Function_(mathematics)
https://en.wikipedia.org/wiki/Dependent_variable
https://en.wikipedia.org/wiki/Independent_variable
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Figure 2 illustrates the structure of the deep recurrent 

neural learning with the one hidden layer, two hidden layers 

and output layer.  The numbers of big data are given to the 

input      layer                at time‘t’ . The deep 

recurrent neural learning includes the neurons-like the nodes 

into different layers and interconnected directly into the next 

successive layers with adjustable weights  ,  . The nodes in 

the one layer are fully connected to the consequent layers and 

repetitively perform the deep learning of input data hence the 

name is called as Recurrent Deep neural network. The inputs 

are transformed into the hidden layers. The adjustable 

weights between the input and hidden layer is represented as 

   as shown in figure 2. The input layer of the deep learning is 

expressed as, 

              
         (1) 

 

In (1),     represents the input,       denotes a big data at a 

time‘t’,    denotes an adjustable weights between the input 

and hidden layer. In the proposed deep learning, there are two 

hidden layers are used for predicting the future results with 

big data. The regression is used in hidden layers to analysis 

the input data. The similarity between dependent variable 

(i.e. input data) and one or more independent variables are 

evaluated by the regression analysis. The variable whose 

values to be predicted is known as dependent variable and 

independent variable is number of input data. The 

relationship is measured based on the similarity function. The 

dice similarity is employed for finding relationship between 

dependent variable and independent variable which is 

computed as follows, 

    
     

         
  (2) 

 In (2),   represent the regression coefficient,      

represents the independent variable (i.e. data),    denotes a 

predicted dependent variable (i.e. class).               
represents the cardinalities of the two sets (i.e. a number of a 

elements in each set). The dice similarity is equals to the ratio 

of the mutual independence between the two variables and 

the sum of the number of elements in each set. The dice 

similarity coefficient (  ) provides the similarity value 

between 0 and 1. Based on the regression analysis, the output 

of the hidden layer is represented as ‘    ’. 

                               (3) 

 In (3)     denotes a hidden layer output at a time‘t’. Here, 

‘       ’ represents a unit time delay output from hidden 

layer 2 to hidden layer 1 and ‘  ‘ denotes a weights of the 

hidden layer,    represents a weight between input and 

hidden layers,       represents the input. The output of the 

second hidden layer is feedback into the input of the first 

hidden layer and repeatedly learning the input data and given 

to the output layer.  

 Then the similarity values are transformed into the output 

layer where the similarity values are verified and predict the 

results. The hidden layer output is transformed into the output 

layer.   

                   (4) 

 In (4),      represents the output of the deep recurrent 

neural learning,     represents the adjustable weights 

between the hidden layer and output layer,       denotes an 

output of the hidden layer.    denotes a activation. The 

proposed DS-GDRNLC model uses the Gaussian activation 

function to classify the data into a particular class uses the 

mean and deviation.   

     
  

      

    
    (5) 

 In (5),   denotes a similarity value,   denotes a mean of 

the class, ‘σ’ represents the deviation from the mean. If the 

similarity value is closer to the mean, the activation function 

returns ‘1’. It means that the data are classified into the 

particular class.  Otherwise, the similarity is deviated from 

the mean of a particular class and the activation function 

returns ‘0’.  In this way, all the data are correctly classified 

into the particular class. After the classification, the error rate 

is computed for obtaining the higher PA. The error rate is 

calculated based on the difference between the squared 

difference between the actual and predicted results. It is 

mathematically formulated as follows, 

                   (6) 

 In (6),  denotes an error,       denotes an actual output, 

      represents the predicted result. Based on the error rate, 

the weights of the connection between the layers are adjusted 

and the process is repeated until it reaches the minimum 

training error. 

             (7) 

In (7),                                               

denotes an argument of the minimum function,   represents 

the error. This process minimizes the incorrect prediction of 

the future events and enhances the prediction accuracy. The 

algorithmic process of the DS-GDRNLC model is described 

as follows, 
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Algorithm 1 describes the DS-GDRNLC for predictive 

analytics with higher accuracy and minimum time. The 

numbers of input data are given to the input layer. The input 

data are transferred into the hidden layer for analyzing the 

input data and their predicted classes. For each data, the 

similarity between the input data and their respective 

predicted classes are calculated in the hidden layers. The data 

are repeatedly learned in the two hidden layers. The 

similarity values are fed into the output layer. In the output 

layer, the similarity values are verified with the class mean 

value. The proposed classifier uses the Gaussian activation 

function. The activation function effectively verifies the 

similarity value and mean of the particular class.  The 

similarity which is close to the mean is classified into a 

particular class.  Finally, the training error is calculated for 

each result and the processes are continued until the 

minimum error is attained. Thus, deep learning enhances PA 

and lessens the FPR. 

IV. EXPERIMENTAL SETTINGS 

To validate the DS-GDRNLC technique, the comparison is 

made with existing methods SVM-trained MNN [1], 

CNN-MDRP [2], RCNN (recurrent convolution neural 

network) [3] are implemented in Java Language to predict the 

diseases at an earlier stage. Big data (i.e. patient’s 

information) are gathered from Cardiovascular Disease DS 

(https://www.kaggle.com/sulianova/cardiovascular-disease-

DS) and   Pima Indians Diabetes Database 

(https://www.kaggle.com/uciml/pima-indians-diabetes-datab

ase).   

 Cardiovascular Disease DS comprises 70,000 records of 

patient’s data with 13 attributes. This DS is used to identify 

the conditions that involve blocked blood vessels that direct 

to a heart attack, chest pain (angina) or stroke. The attributes 

are id, age, gender, height, weight, ap_hi (systolic blood 

pressure), ap_lo (diastolic blood pressure), cholesterol, 

glucose, smoke, alco, active and cardio.  

 

 The Pima Indians Diabetes Database is used to predict 

the patient affected by diabetes or not, based on certain 

analytical measurements information’s. In this DS, all the 

patients here are females with 21 years old of Pima Indian 

heritage. The DS comprises the 9 attributes such as 

pregnancies, Glucose, blood pressure, skin thickness, insulin, 

BMI, diabetes pedigree function, age, and outcome.   

 The experimental evaluation is done with the above said 

medical DSs for predicting the two diseases with the patient 

information’s.  The different parameters such as PA, 

precision, recall, F-measure and PT are evaluated with 

number of patient files. 

V. RESULTS AND DISCUSSION 

In this section, Results and discussion of DS-GDRNLC 

and existing methods namely SVM-trained multilayer neural 

network (MNN) [1], CNN-MDRP [2], RCNN [3] are 

described. Various metrics namely PA, precision, recall, 

F-measure and PT with number of files are presented to 

validate the DS-GDRNLC technique in healthcare industry. 

 

A. Performance analysis of prediction accuracy 

PA is measured as ratio of number of patient files are 

correctly predicted as disease or not to total number of input 

files taken for the experimental. PA is formalized as follows, 

                    

                                                          

 
      (8) 

 In (8),  denotes a number of the patient files. The PA is 

measured in terms of percentage (%).  

 

 PA of three different methods is computed with number 

of patient files. While considering 20 patient files, the 

DS-GDRNLC technique correctly predicts 17 patient files as 

disease or not and PA is 85%.  The PA of the other two 

methods is 75% and 70% respectively. Followed by, the nine 

runs are carried out with a number of patients’ files. The PA 

of the proposed DS-GDRNLC technique is improved when 

compared to existing SVM-trained MNN [1] , CNN-MDRP 

[2] and RCNN [3] respectively. The ten different results are 

shown in figure 3. 

Table 1. Tabulation for prediction accuracy 

Number 

of 

patient 

files 

Prediction accuracy (%) 

DS-GDRNLC 
SVM-trained 

MNN 
CNN-MDRP RCNN 

20 85 75 70 50 

40 90 80 73 55 

60 92 83 72 57 

80 91 80 70 61 

100 94 82 76 63 

120 92 83 75 65 

140 91 86 75 68 

160 94 81 75 70 

180 91 82 74 73 

200 95 84 80 75 

 

https://www.kaggle.com/sulianova/cardiovascular-disease-dataset
https://www.kaggle.com/sulianova/cardiovascular-disease-dataset
https://www.kaggle.com/uciml/pima-indians-diabetes-database
https://www.kaggle.com/uciml/pima-indians-diabetes-database
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Figure 3 simulation results of number of patient files vs 

prediction accuracy 

Figure 3 portrays results of PA versus number of patient 

files which is ranges from 20 to 200. Patient information’s is 

gathered from big DS. The numbers of patient files is taken as 

input in ‘x’ direction and PA is obtained at ‘y’ direction. The 

above graph clearly shows that the DS-GDRNLC technique 

improves PA than the existing classification techniques. This 

improvement is achieved by applying a deep recurrent neural 

network to effectively learn the patient information’s such as 

systolic blood pressure, diastolic blood pressure, cholesterol, 

glucose, insulin, BMI and so on. This patient information’s 

are fed into the input layer.  Then the input data are 

transformed into the hidden layers and repetitively learned 

using regression analysis and transferred to the output layer. 

The output layer uses the Gaussian activation function to 

correctly classify the patient files as cardiovascular disease 

and Diabetes disease. In this way, the diseases are correctly 

predicted with higher accuracy.  

 The ten different results of PA are compared with the 

existing classification techniques. Therefore, DS-GDRNLC 

technique enhances the PA by 12%, 24%  and 45% as 

compared to existing [1], [2]and [3] respectively. 

B. Performance analysis of precision  

Precision is measured as number of patient files is accurately 

predicted as disease to the total number of input files taken 

for experimental evaluation. Precision is formulated as 

follows, 

          
  

     
      (9) 

 In (9),   denotes a true positive,    represents the false 

positive. True positive is numbers of files are correctly 

predicted as disease and FPR is numbers of files are 

incorrectly predicted as disease. Precision is calculated in 

percentage (%). 

 

 

 

Table2. Tabulation form precision 

Number 

of 

patient 

files 

Precision (%) 

DS-GDRNLC 
SVM-trained 

MNN 
CNN-MDRP RCNN 

20 87 77 67 60 

40 94 86 74 63 

60 96 88 71 65 

80 95 87 78 67 

100 97 88 83 70 

120 95 89 84 73 

140 93 85 81 75 

160 96 88 80 77 

180 95 87 79 79 

200 97 89 85 82 

 

 

 

Figure4. Simulation results of number of patient file vs 

precision 

 Table 2 portrays the results of precision with number of 

patient files. Totally ten different results are described in 

table 1. For each iteration, the various precision results are 

obtained. The results show that the DS-GDRNLC technique 

improves precision when compared to the SVM-trained 

MNN [1], CNN-MDRP [2] and RCNN [3] respectively. The 

proposed DS-GDRNLC technique efficiently predicts 

cardiovascular disease and Diabetes disease at an earlier 

stage. By utilizing the deep learning classifier, the disease 

prediction is performed. Through the regression analysis, the 

incoming patient files are analyzed. The regression function 

analyzes the patient data and predicted class using the Dice 

similarity coefficient. Based on the similarity value, the 

Gaussian function classifies the disease types in an accurate 

manner. The error rate is calculated after the classification to 

reduce the FPR and enhances 

the true positive rate.   
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  The ten different precision results of DS-GDRNLC 

technique is compared with the precision of the conventional 

classification techniques. The comparison results clearly 

show that the precision is significantly increased by 9%, 21% 

and 33% than the existing SVM-trained MNN [1], 

CNN-MDRP [2] and RCNN [3] respectively. 

C. Performance analysis of Recall   

Recall is measured as ratio of the true positive to the sum 

of true positive and false negative results from the input files. 

The recall is formulated as follows, 

 

        
  

     
  (10) 

 

 In (10),   denotes a true positive,    represents the 

false negative. True positive is the numbers of files are 

correctly predicted and false negative is the numbers of files 

are incorrectly predicted as normal.   Recall also measured in 

terms of percentage (%).  

The above table values are described that the evaluation 

results of recall using three different classification techniques 

namely DS-GDRNLC technique, SVM-trained MNN [1], 

CNN-MDRP [2] and RCNN [3]. For the experiential 

purposes, the number of patient’s files taken as input in the 

range of 20 to 200 to compute the recall. The reported result 

confirms that the recall using proposed DS-GDRNLC 

technique is higher as compared to other classification 

techniques. The DS-GDRNLC technique performs deep 

learning with the patient data and predicts the disease 

affected by the patient at an earlier stage based on the 

similarity coefficient value. This in turn helps for increasing 

the patient files are correctly predicted at the output layer and 

minimizing the true negative rate. Therefore, the 

DS-GDRNLC technique improves the recall then the 

conventional technique. Because the conventional techniques 

failed to deeply analyze the patient data for accurate 

prediction. 

Table 3. Tabulation for recall 

Number 

of 

patient 

files 

Recall (%) 

DS-GDRNLC SVM-trained 

MNN 

CNN-MDRP RCNN 

20 93 83 73 60 

40 94 86 83 62 

60 95 92 84 65 

80 96 91 83 67 

100 97 90 87 70 

120 96 91 86 72 

140 98 87 85 75 

160 97 90 84 77 

180 97 88 87 79 

200 97 92 88 81 

 

Let us consider the 20 patient files as input, true positive rate 

of DS-GDRNLC technique is 13 and the false negative rate is 

1, then the percentage of recall is 93%. But the true positive 

rate and the false negative rate of SVM-trained MNN [1], 

CNN-MDRP [2] and RCNN [3] are 10, 2 and 8, 3 

respectively. Then the percentages of a recall are 83% and 

73% respectively. Similarly, nine different results are 

obtained with a number of patients files.  The ten different 

results of DS-GDRNLC technique is compared to the 

existing techniques. The results confirm that the recall is 

considerably increased by 8%, 15% and 36% then the 

state-of-the-art methods. 

 

Figure 5. Simulation results of number of patients vs 

recall 

D. Performance analysis of F-measure  

F-measure is a measure of an evaluation accuracy of the 

classification algorithm and it is the average of the precision 

and recall. The F- measure is mathematically calculated as 

follows, 

             
     

     
       (11) 

 

 From equation (11),    represents the precision,    

denotes a recall. F- measure is measured in percentage (%).  

Table4. Tabulation for F-Measure 

Num

ber of 

patie

nt 

files  

F- Measure (%) 

DS-GDR

NLC 

SVM-trai

ned 

MNN 

CNN-M

DRP 

RC

NN 

20 90 80 70 63 

40 94 86 78 65 

60 95 90 85 67 

80 95 89 80 70 

100 97 89 85 72 

120 95 90 85 75 

140 95 86 83 78 

160 96 90 82 80 

180 96 87 83 82 
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200 97 90 86 84 

 

 Table 4 demonstrates the results of F-measure versus 

number of patient files ranges from of 20-200. For predicting 

the disease at an earlier stage, patient information’s are 

gathered from DS and maintained in the file format.  From 

the table value, it is proved that the proposed DS-GDRNLC 

model provides better F-measure results as compared to 

existing classification techniques.  This is because of 

DS-GDRNLC model increases the precision as well as recall 

in the disease prediction analysis with big patient data. The 

F-measure is a measure of a test's accuracy of the 

DS-GDRNLC model which is obtained both precisions as 

well as recall. 

 

 

Figure 6 Simulation results of number of patient files vs 

F-Measure 

 While considering the input count of the patient file is 20, 

the precision and recall of DS-GDRNLC model are 87% and 

93%. Then the percentage of F-measure is 90%. Similarly, 

the F-measure of the other two techniques is 80%and 70% 

respectively. Similarly, the patient files counts are increased 

for each run and the results are obtained. The performance 

results show that the DS-GDRNLC model outperforms well 

and the F-measure is improved by 8%, 17% and 30% than the 

SVM-trained MNN [1], CNN-MDRP [2] and RCNN [3] 

respectively.  and 70% respectively. Similarly, the patient 

files counts are increased for each run and the results are 

obtained. The performance results show that the 

DS-GDRNLC model outperforms well and the F-measure is 

improved by 8%, 17% and 30% than the SVM-trained MNN 

[1], CNN-MDRP [2] and RCNN [3] respectively. 

E. Performance analysis of prediction time 

Prediction time is measured as amount of time taken to 

predict the disease type based on patient current information 

(i.e. file). PT is mathematically calculated as follows, 

 

                                            (12) 

 In (12),  represents a number of files,   denotes a time for 

predicting the disease. PT is measured in terms of 

milliseconds (ms).  

Table 5. Tabulation for Precision Time 

Number 

of 

patient 

files  

Precision time(%) 

DS-GDRNLC SVM-trained 

MNN 

CNN-MDRP RCNN  

20 17 20 24 26 

40 22 24 28 29 

60 25 29 31 31 

80 30 34 37 38 

100 34 38 42 43 

120 37 43 47 49 

140 40 45 49 52 

160 44 48 51 54 

180 47 50 54 58 

200 50 54 58 60 

Figure 5 portrays the results of PT of proposed and existing 

methods with number of patient files. The above graphical 

result shows that the PT is said to be minimized when 

compared to the existing methods. By increasing the number 

of patient files, with the time taken to predict the disease also 

increases. But comparatively, the PT is found to be lesser 

usingDS-GDRNLC model due to the application of 

DS-GDRNLC. This classifier analyzes the input patient data 

at the two hidden layers and prediction results are obtained at 

the output layer. In that layer, the Gaussian activation 

function is used for analyzing the similarity value and mean 

value of the predictive class. If the similarity value is more 

close to the mean value, then the patient file is classified into 

the specific class. The classification results are used for 

predicting the disease with minimum time.  The results of the 

PT of DS-GDRNLC model is minimized by 11% compared 

to the SVM-trained MNN [1] and 19% compared to 

CNN-MDRP [2] and 28% compared to RCNN [3]. 

 

Figure 7 simulation results of number of patient files vs 

precision time  
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  The above discussion of the various performance metrics 

clearly shows that the DS-GDRNLC model effectively 

improves the disease prediction with higher accuracy and 

minimum time. 

VI. CONCLUSION 

An efficient model called DS-GDRNLC is introduced to 

achieve higher PA and minimal time with the big data. The 

data are collected from the big DSs and given to the input 

layer of the recurrent deep neural learning classifier. Then the 

inputs are learned repetitively in two hidden layers using the 

regression analysis with dice similarity coefficient. The 

learned data are transferred to the output layer.  In the output 

layer, the Gaussian activation function is used for classifying 

the data based on the similarity and mean value. Finally, the 

training error is calculated and the process is repeated until 

the minimum error is found.  This helps to improve the 

accuracy and minimizes the FPR. Experimental evaluation is 

carried out using healthcare big DSs with the parameters such 

as PA, precision, recall, F-measure and PT. The observed 

result clearly shows that DS-GDRNLC model improves the 

disease PA, precision, recall, F-measure   and minimizes the 

PT when compared to the state-of-the-art methods. 
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