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Abstract: Electronic Health Records (EHRs) are the digital form of patients’ medical reports or records. EHRs facilitate advanced analytics and aid in better decision-making for clinical data. Medical data are very complicated and using one classification algorithm to reach good results is difficult. For this reason, we use a combination of classification techniques to reach an efficient and accurate classification model. This model combination is called the Ensemble model. We need to predict new medical data with a high accuracy value in a small processing time. We propose a new ensemble model MDRL which is efficient with different datasets. The MDRL gives the highest accuracy value. It saves the processing time instead of processing four different algorithms sequentially; it executes the four algorithms in parallel. We implement five different algorithms on five variant datasets which are Heart Disease, Health General, Diabetes, Heart Attack, and Covid-19 Datasets. The four algorithms are Random Forest (RF), Decision Tree (DT), Logistic Regression (LR), and Multi-layer Perceptron (MLP). In addition to MDRL (our proposed ensemble model) which includes MLP, DT, RF, and LR together. From our experiments, we conclude that our ensemble model has the best accuracy value for most datasets. We reach that the combination of the Correlation Feature Selection (CFS) algorithm and our ensemble model is the best for giving the highest accuracy value. The accuracy values for our ensemble model based on CFS are 98.86, 97.96, 100, 99.33, and 99.37 for heart disease, health general, Covid-19, heart attack, and diabetes datasets respectively.
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1  Introduction

EHRs make medical data available for authorized uses. It contains patient’s reports, history, diagnoses, x-rays, and medications. The developed medical approaches in critical care field make the patients protected from future critical situations. Several infections, such as pneumonia, bloodstream infection, and catheter-associated urinary tract infections, may be associated with persistent devices used in intensive care units (ICUs). Infections due to previous procedures undertaken are also possible, such as surgical site infection. All of the previous collected data from different sources and in different structures forms what is called medical data. Searching for medical information without a classification is the same as searching for a needle in a haystack. The haystack is huge with big data. Big data sources are not obvious, so the data forms are difficult to predict [1–3].

Analytics of big data needs complicated structures and complex methods for obtaining good output information from raw data. Analyzing this data required accurate techniques and technologies [4]. The ascending gap between the costs and benefits of healthcare leads to poor patient diagnosis and treatment. Fig. 1 shows the different sources of collecting what is called big data. It also shows the different forms of medical data or EHRs. It may come in a report, fingerprints, images as x-rays or scans, and face recognition form. The National Institute of Health (NIH) suggested for all US citizens to collect and store patients’ data in a computerized form as EHR. The EHR includes medical images, diagnoses, healthcare reports, and treatments. EHRs provide fast restoring for medical data, make medical reports easier, and enhance health inspection by reporting the disease outbreak directly [5].
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Figure 1: The variant sources of big data

The EHRs have many challenges we explain it as follows:

Quality: The underlying difficulty of receiving high-quality, reliable data in support of public health functions is not solved by just reporting laboratory data online rather than on paper. According to several researches, EHR does not increase data completeness. These findings show that there are still significant problems for the public health monitoring and informatics community to overcome beyond EHR implementation [6]. Improving poor data quality is one of these issues. Poor data quality is a widespread problem that affects all businesses and organizations that rely on information technology. Inaccurate data, inconsistencies between data sources, and inadequate or missing data necessary for operations or decisions are all common data quality challenges. The completeness of data in EHR systems has been shown to range from 30.7 percent to 100.0 percent in health care [7].

Costs and Time: Both the practices and the providers are burdened by the implementation of EHRs. EHRs are costly for practitioners, particularly individual practices that do not have the same resources as bigger health systems. Practices must not only purchase EHR software, but they must also hire professional IT personnel to provide support and training [8]. Training and the learning curve associated with EHR adoption consume a significant amount of time from physicians and personnel, time that could be spent on patient care. Errors are more likely to occur when employees are having difficulty adapting to or comprehending the system [9].

Accessibility: Because EHRs are kept electronically, they can be accessed at any time by different providers from various places. Providers can see a patient’s whole medical history, track treatment plans, and plan the course of care more efficiently. The accessibility of EHRs in a life-threatening situation can be lifesaving. Treatment decisions can be determined swiftly by reviewing a patient’s complete medical history, including allergies, blood type, and previous medical issues [10].

There are many methods for analyzing medical big data. These compile massive volumes of health and medical data in order to compare treatment efficiency, identify medicine and device safety issues, speed up medical research, and study shifting trends of patient features and diseases. Machine learning can be used to help automatic data inconsistency correction and data extraction from images, numeric, and textual data, such as reading text and extracting quality metrics or problems that were not previously on a patient’s problem list [11].

Our proposed method achieves a better result in comparison with other algorithms, which has two benefits, the reduction of data by decreasing the number of features and enhancing the classification accuracy. The goals of this paper are:

•   Prediction and classification of different diseases occurrence using the proposed method.

•   Using feature selection algorithm in combination with MDRL proposed algorithm to increase the accuracy.

•   Presenting an ensemble approach with higher accuracy.

The rest of this paper is as follows: Section 2 shows the related work, Section 3 discusses the used methodologies, Section 4 displays our proposed ensemble model, Section 5 discusses the results and evaluation of our model and Section 6 includes the conclusion of our work.

2  Related Work

Disease prediction is an important issue so, many researchers did their best to enhance the classification or prediction of medical data, we review it as follows. Subasi et al. [12] proposed a model using the M-health dataset. The Results explained that the proposed model with RF and SVM classification algorithms has the highest accuracy and is highly effective. The RF algorithm is most efficient with a high amount of data. The RF algorithm results in a high accuracy value. The resulted accuracy is 86%.

Baitharua et al. [13] experimented with many decision detection algorithms on liver disease dataset to predict decisions. They concluded Naïve Bayes is the least classifier algorithm and the Multilayer perceptron is the largest classifier algorithm with a 71.59% accuracy value. The MLP is good with a low volume of data but with big data, it is not efficient. Hafeez et al. [14] used the COVID-19 dataset. The prediction is performed by a classifier. They implemented a new classifier based on DT for enhancing performance accuracy and time. The supervised machine learning techniques including TSODT were developed to diagnose the COVID-19 illness victimization using the clinical information of the patients. The results expose that the suggested classifier algorithm provides the highest performance for medical applications with a 98% accuracy value.

Musa [15] applied the LR algorithm for different datasets. The LR classification algorithm is used to deal with the data with a single data point and expand to deal with data whose parameters are numbers and uncertain. The accuracy measurements vary from 76.3 to 95.2 by percent.

Botalb et al. [16] applied the MLP algorithm. The model was implemented on the EMNIST dataset which was used as 50% and 100% of its size. The models were trained with a fixed and flexible number of epochs in two runs. Using 100% of the dataset; for the fixed run, MLP achieved test accuracy of 31.43%, whereas the flexible run the MLP with 89.47% accuracy. Using 50% of the dataset; the accuracy for the MLP was 33.75%, wherein the flexible run of MLP was 88.20%.

Ramadhan et al. [17] applied a comparative analysis of accuracy for different algorithms using the K-Nearest Neighbor (KNN) and DT algorithms for the detection of the DDoS attacks dataset. The results explained that the accuracy of DT was higher than the KNN value, the accuracy of DT was 99.91%, and KNN has 98.94% of accuracy. KNN is not efficient with big data, the DT is more efficient.

Sathiyanarayanan et al. [18] used the DT algorithm under the supervised learning mechanism to detect breast cancer. Breast cancer recognition is conducted, which splits the data for the preparation and testing process. The result is compared between the algorithms KNN and DT. The results showed that the accuracy of KNN is 97%, while DT reaches the maximum accuracy of 99%. Therefore, a DT algorithm can predict the type of cancer efficiently.

Also, Osi et al. [19] examined and evaluated the execution of three various supervised machine learning techniques which are Linear Discriminant Analysis (LDA), RF, and Support Vector Machine (SVM) on the COVID-19 dataset. The best accuracy between these three algorithms was compared by some metrics for predictive performance such as accuracy, sensitivity, specificity, and F-score. The results showed that RF was the best algorithm with a 100% accuracy value in comparison with LDA and SVM with 95.2% and 90.9% respectively.

Benjamin et al. [20] executed three extremely general data mining techniques which are RF, NB, and DT to make a prediction system to predict the opportunity of heart diseases. Their basic aim was to detect the best classification algorithm which provides maximum accuracy. The UCI dataset of VA Long beach includes 270 instances and 13 heart disease attributes were used for training and testing processes. The dataset was split into 80% and 20% for training and testing respectively. Their results displayed that the RF classifier achieved better than NB and DT in the heart disease prediction. The RF is an efficient classification algorithm for medical big data.

Sridhar et al. [21] classified a heart disease model based on machine learning techniques depending on NB and DT algorithms in Python. The heart disease dataset was obtained from the Kaggle website, which includes 13 heart disease attributes. Another dataset used for simulation was collected from the UCI machine learning repository. The experimented model was done on the Scipy environment. Form their experimentations, the results displayed that the DT algorithm achieved better than the NB in the prediction of heart diseases.

Yahaya et al. [22] developed a heart disease prediction model to make an efficient diagnosis. They investigated many clinical systems for heart disease prediction. The classification algorithms such as the NB, DT, and Artificial Neural Network (ANN) have been implemented to detect heart diseases and evaluated to test the accuracies. Hence, only a minor achievement is done in the design of such predictive models for heart disease patients, therefore; there is a need for more complicated models that includes multiple different data sources to increase the accuracy of predicting the early occurrence of the disease. DT is the best predictive algorithm.

In our work, various classifier techniques are proposed that involve a combination of ensemble-based machine learning algorithms to detect the redundant features to enhance the accuracy and quality of heart disease, heart attack, covid-19, General health, and diabetes disease classification. We display an evaluation for the various diseases classification using five algorithms including our proposed model. The classifiers are evaluated by cross-validation with 4 folds method, and then we study the performance of MLP, DT, RF, LR, and our ensemble model (MDRL) classifiers. The basic role of this research is to find the best accuracy for the prediction of the different diseases by using major factors based on different classifier algorithms.

Tab. 1 shows a comparison between the related works of our work. It displays the tested data set, the implemented technique or techniques, the resulting accuracy value, and the comments on their works.
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3  Methodologies

3.1 Classification

Classification is a data mining technique that classifies unstructured data into structured form. The classification has two main phases, the first is called the learning phase and the second phase is the prediction or test phase. The main role of classification in data mining is to predict the objective class from the training part of the dataset [23].

3.1.1 MLP Neural Network

Neural Network (NN) simulated the human brain. It can learn the relationship of data. NN is based on a set of neurons. We implement the MLP classifier for NN. MLP is composed of at least three nodes layers input layer, hidden layer, and output layer. MLP used the backpropagation training technique [24]. The value of multipliers, often known as “weights,” across neurons of different layers is optimized during neural network training. The significance of these weights will be determined in order to eliminate errors in the output layer, of each interaction between the neurons [25].
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Figure 2: The MLP neural network structure [26]

We used some parameters to enhance the MLP accuracy as follows:

•   hidden_layer_sizes (i,j) parameter which indicates the ith neuron’s number in the jth hidden layer.

•   solver parameter which indicates the weight optimization may take one of the following values (lbfgs’, ‘sgd’, ‘adam’). We use ‘adam’ value; it is the best choice for a large dataset.

•   random_state parameter indicates the random value for weights and bias initialization, and batch sampling when the solver is ‘sgd’ or ‘adam’.

3.1.2 Decision Tree

Data is divided into hierarchical groups by DT. It’s a decision-making aid algorithm. Each internal node is a test property, the endpoint is a response or the class label, and each branch represents the classification rule, similar to a flowchart [27]. The following parameters are used to increase the decision tree’s performance:

•   The max depth variable represents the tree’s maximum depth. Without this variable, the tree can be trapped in an infinite loop until all of the leaves have been expanded.

•   A criterion parameter that represents the quality of such split. Entropy is a metric used to determine the amount of information gained.

Entropy=∑i=0npi log2 pi(1)

Mutual information is a measure of information gain that is used for segmentation. This indicates how much information about a variable’s value you have. It’s the polar opposite of entropy, with a greater value indicating better performance. The data gain (S, 𝐴) is defined as the following on the definition of entropy, as shown in Eq. 2.

Gain=∑i=1n(|sv||v|)entropy(s)(2)

where the range of attribute 𝐴 is (𝐴), and 𝑆ν is a subset of set 𝑆 equal to the attribute value of attribute ν.

3.1.3 Random Forest

RF is an ensemble classification method that is ready to use. It’s a collection of trees, each of which is based on random factors [28]. The input value and a random variable are represented by the vector X = (X1, X2,…, Xn) T. The used joint distribution is PXY, and Y represents the response or forecast values (X, Y). Predicting Y from a prediction function f(X) is the goal [29]. The majority vote is used to forecast the class, which is defined as the most common class prediction between trees, so the voting takes place at the class probability level. The class with the highest class probability is chosen by the forecasts as shown in Fig. 3.
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Figure 3: Random Forest prediction [30]

To improve our accuracy, we use the following RF parameters:

•   The number of trees we need to generate before voting was represented by the n estimator’s option. The higher the number of trees, the better the accuracy, but it comes at the expense of performance time. For efficient classification, we use 50-100 tree numbers.

•   The maximum depth of the trees is represented by the max depth option. It’s possible that if we don’t set a value for max depth, we’ll end up with endless nodes.

The random state parameter, allows easy replication of performance accuracy. Using random sample selections, the sub-trees can be repeated multiple times. These replications are controlled by random state’s initial value.

3.1.4 Logistic Regression

In the medical field, LR is a statistical technique. Each predictor was given a coefficient via LR. If the label is yes, the Y variable takes the (1) value, and if the label is no, the Y variable takes the (0) value. Binary logistic regression is used when the label has two values. When there are more than two values, however, the multinomial logistic regression is applied. [31].

The following parameters and attributes are used for accuracy enhancement:

•   max_iter parameter which represents the maximum number of iterations until converge.

•   random_state parameter which represents the random values used in shuffling.

•   Classes attribute which represents the list of class labels to be obvious to the classifier.

3.2 Ensemble Learning

Medical data are extremely complex and using one algorithm for classification to reach good results is difficult. For this reason, we use a combination of learning techniques to reach an efficient and accurate learning technique [32]. An ensemble is an asset of various algorithms which are running in parallel or sequentially, we run our algorithms parallel. The ensemble begins with inputting the training data to the base algorithm then voting is used to decide the best classifier in the ensemble. The voting classifier sums all the predictions of class labels, then the class label with the major value is chosen as the predicted class label. The voting classifier leads to better performance than any other model for the ensemble.

4  The Proposed Ensemble Model

Our main challenge is to predict new medical data with high accuracy value and save processing time which is important to medical systems as it requires an accurate result. Medical data classification is a process that requires the following main steps: (i) data acquisition (ii) data preprocessing, (iii) feature extraction, and (iv) ensemble classified model as shown in Fig. 4. In the following sub-sections, we discuss these steps.
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Figure 4: The Ensemble classification model for medical big data

4.1 Data Acquisition

The datasets are collected from different data resources. We collect data from different five sources. We use the following datasets heart disease dataset [33], Diabetes dataset [34], Health Care General Data [35], Covid-19 dataset [36], and Heart attack dataset [37]. These raw data have many problems. In the following phases, we explain and solve these problems.

4.2 Data Preprocessing

The raw data is collected with different issues as missing values, noisy data, and redundant data that lead to bad accuracy results. Thus, it is necessary to remove noisy and redundant data and replace the missing values with the mean of its feature for numeric data and the “unknown” value for textual data. In addition, we use encoding as a preprocessing step. We use the One-Hot encoding mechanism. In One-Hot encoding, categorical variables are converted to numbers to be understood by the model. So, we use encoding to unit all the data forms to be able to run on different algorithms without any difficulties or problems. After this phase, the data used in training is more precise and accurate.

4.3 Feature Selection

The data is collected with a wide variety of features that may not be useful and result in poor mining accuracy. Thus, it is important to use suitable features in the training step. Feature selection is an important step for data reduction. It removes irrelevant or redundant features. This step can improve classification accuracy. We use the most famous reduction algorithm which is the principal component analysis algorithm (PCA) and the correlation feature selection algorithm (CFS). For the PCA reduction algorithm, the basic variables are converted and projected onto a group of independent variables increasing the total variance in the system: the principal components [38]. The PCA is calculated as follows:

Calculate the mean of each feature by the equation:

m=∑xn(3)

Calculate the scatter matrix(S) by:

S=∑k=0n(x−m)(x−m)t˙(4)

where m is the mean value

Calculate the covariance matrix with the eigenvector

∑ν=λν(5)

where Σ is the Covariance matrix, v is the Eigenvector, and λ is the Eigenvalue

The CFS enhances classification accuracy and effectiveness. The CFS runs as follows: assume X is the set of all the features of the dataset with a large number of features {f1, f2, f3,….., fn} where n is the number of dataset’s attributes or features. The process of feature selection is selecting fi which generates x set of features with a smaller number of features [39]. As for a set of variables (X, Y), the linear correlation coefficient ‘r’ is calculated by:

r=∑(xi−xi′)(yi−yi′)∑(xi−xi′)2∑(yi−yi′)2(6)

4.4 Ensemble Data Classification

The data is divided into two sets the training data and the testing data. We divide it into 70% and 30%. We implement an ensemble model which is a set of four classification algorithms run parallel. These algorithms are LR, DT, RF, and MLP. We use the voting approach for deciding the best accuracy from all the classification algorithms. The voting value is hard. Finally, we use k-fold cross-validation for accuracy evaluation. The k-fold split’s number is four splits.
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5  Results and Discussion

The experiments are done parallel on Windows 10, 64-bit operating system; processor Intel(R) 16 GB of RAM Core(TM) i7-7500 U CPU@ 2.70GHZ 2.90 GHz. We test the different techniques on five different datasets. We use Radoop, Weka, and Python 3.7 for implementation.

5.1 Dataset Description

Tab. 2 shows the details of each dataset. The description of each dataset from the number of attributes, the instances numbers, is there a missing data or not, is there a missing data or not, is there a redundancy and noise or not. It shows if we use the encoding or feature selection on data or not.
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Tab. 3 shows the characteristics of the five datasets after preprocessing and feature selection steps. It displays which dataset is encoded and which one does not need encoding. Also, it displays whether the dataset needs feature selection or not. Adding, it explains the number of attributes after applying the CFS feature selection algorithm.
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5.2 Results and Evaluation

Tab. 4 shows the performance comparison of the different algorithms on the five datasets. Before implementing the classification, we apply a preprocessing and PCA feature selection algorithm on all datasets. We compare the accuracy, precision, recall, f-score, and time for the four classification algorithms and our proposed ensemble algorithm.
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Tab. 4 shows the performance comparison for the different algorithms and our proposed model based on the PCA reduction algorithm on Heart Disease, Health General, Diabetes, Heart Attack, and Covid-19 datasets. The proposed model gives high accuracy values for all datasets. But, in comparison with Tab. 5 results, the CFS with our proposed model gave high-performance values than PCA with the model. Tab. 5 displays a comparison between the performances of the different algorithms when applied to the five datasets. The CFS feature selection algorithm is implemented on all datasets before applying the classification algorithms. The table’s comparison shows the accuracy, precision, recall, f-score, and time for each algorithm.
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Python is the most accurate and efficient machine learning tool for big data classification. The classification is done in two steps: the training and predicting steps. Our experiments with big data classification by different five algorithms on five different datasets result in many consequences. Tabs. 4 and 5, and figures from 5 to 14 show that our ensemble model is efficient with variant datasets. The accuracy of our ensemble model is the best with Heart Disease, Health General, Heart Attack, and Covid-19 datasets. For the heart disease dataset, the accuracy of our ensemble model is 98.86%. The accuracy of our ensemble model for the Health General Dataset is 97.96%. For the Diabetes dataset, the highest accuracy is the RF algorithm with a 99.8% accuracy value. For the Heart Attack dataset, our ensemble model has the highest accuracy value with 99.33%. For the Covid-19 dataset, the best algorithm is our ensemble model with a 100 % accuracy value.

These formulas are used to compute the performance results:

Accuracy=TP+TNTP+TN+FP+FN(7)

Precision =TPTP+FP(8)

Sensitivity, Recall (TP rate)TPTP+FN(9)

F−Measure=2*Precision*RecallPrecision+Recall(10)

The TP refers to the true positive value, TN is the true negative value, FP is the false positive value, and FN is the false negative value. To insure our approach efficiency, the accuracy is measured by using Eq. (7). The septicity is used to validate our model ability to detect negative patterns by using Eq. (8). The recall is measured to validate a classifier’s ability to detect positive patterns by Eq. (9). The F-score test’s accuracy, it is measured by Eq. (10).

Fig. 5 represents the comparison of accuracy, precision, recall, f-score, and time respectively for the heart disease dataset.
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Figure 5: The accuracy, precision, recall, F-score, and time comparison of different algorithms for Heart Disease dataset

Fig. 6 represents the accuracy comparison between different algorithms applied on heart disease dataset based on PCA reduction algorithm and another test based on CFS reduction algorithm. Figs. 5 and 6 show that the accuracy of MDRL is the best with both PCA and CFS. The accuracy of MDRL with a combination of PCA is 98.8 and the accuracy of MDRL with a combination of CFS is 98.86. However, there is a little difference between both accuracy results but the combination with CFS is the best. The MDRL model with a combination of CFS gives the high performance results with 98.86 accuracy value, the precision value is 97.61, the value of recall is 97.91, and f-sore value is 97.71. The time consumption of the ensemble model for heart disease dataset is less than the time consumption of the four classification algorithms due to the parallel implementation. Hence, the time consumption of the ensemble model is 6.1s but the time of the four algorithms implementation is 16.6 s.
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Figure 6: The accuracy comparison of different algorithms for Heart Disease dataset based on PCA and CFS algorithms

Fig. 7 represents the comparison of accuracy, precision, recall, f-score, and time respectively for the health general (M-Health) dataset. Fig. 8 represents the accuracy comparison between different algorithms applied on health general (M-health) dataset based on PCA reduction algorithm and another test based on CFS reduction algorithm. For a general dataset, when the size of the data increases, the accuracy of MDRL with a combination of PCA decreases. The accuracy of our model with PCA is 82.4 and for the model with CFS is 97.96. The performance time of the ensemble model for the Health General Dataset is 3.6 s but the time of the four algorithms implementation is 9 s. The MDRL model with a combination of CFS gives the high performance results with 97.96 accuracy value, the precision value is 91.63, the value of recall is 91.67, and f-sore value is 93.7.
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Figure 7: The accuracy, precision, recall, f-score, and Time comparison of different algorithms for Health general dataset
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Figure 8: The accuracy comparison of different algorithms for Health general dataset based on PCA and CFS algorithms

Fig. 9 represents the comparison of accuracy, precision, recall, f-score, and time respectively for the Diabetes dataset. Fig. 10 represents the accuracy comparison between different algorithms applied on Diabetes dataset based on PCA reduction algorithm and another test based on CFS reduction algorithm. The time consumption of the ensemble model is 5.6 s but the time of the four algorithms implementation is 12.5 s. The ensemble model saves time consumption.
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Figure 9: The accuracy, precision, recall, F-score, and time comparison of different algorithms for Diabetes dataset
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Figure 10: The accuracy comparison of different algorithms for Diabetes dataset based on PCA and CFS algorithms

From Fig. 9, we conclude that all algorithms with combination of CFS give high accuracy values than the combination with PCA. For our model the MDRL with PCA gives accuracy with 82.4 and for this combination with CFS the accuracy is 99.6. For the diabetes dataset, the MDRL model with a combination of CFS gives the high performance results with 99.37 accuracy value, the precision value is 99.6, the value of recall is 99.22, and f-score value is 99.49. But, the DT algorithm gives higher performance values with 99.8 accuracy value, the precision value is 99.6, the value of recall is 99.2, and the f-score value is 99.4.

Fig. 11 represents the comparison of accuracy, precision, recall, f-score, and time respectively for the Heart Attack dataset. Fig. 12 represents the accuracy comparison between different algorithms applied on Heart Attack dataset based on PCA reduction algorithm and another test based on CFS reduction algorithm. The time consumption of the ensemble model for Heart Attack Dataset is 7 s but the time of the four algorithms implementation is 16.5 s. From Figs. 11 and 12, it is shown that the MDRL with PCA and with CFS have the best accuracy than for other algorithms. The MDRL with CFS outperform the MDRL with PCA. The MDRL with CFS has best performance values with 99.33 accuracy value, 100 precision value, 99.7 for recall value, and 100 for f-score.
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Figure 11: The accuracy, precision, recall, f-score, and time comparison of different algorithms for Heart Attack dataset
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Figure 12: The accuracy comparison of different algorithms for Heart Attack dataset based on PCA and CFS algorithms

Fig. 13 represents the comparison of accuracy, precision, recall, f-score, and time respectively for the Covid-19 dataset.
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Figure 13: The accuracy, precision, recall, f-score, and time comparison of different algorithms for Covid-19 dataset

Fig. 14 represents the accuracy comparison between different algorithms applied Covid-19 dataset based on PCA reduction algorithm and another test based on CFS reduction algorithm. The accuracy of MDRL with PCA is 91.66 and with CFS is 100. Thus the accuracy of MDRL with CFS is the best. The time consumption of the ensemble model Covid-19 Dataset is 5.5 s but the time of the four algorithms implementation is 15.9 s. The ensemble model implementation saves time. From Fig. 13, the MDRL with CFS gives best performance values with 100 accuracy value, 99.74 precision value, recall value is 100, and 99.8 for f-score.
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Figure 14: The accuracy comparison of different algorithms for Covid-19 dataset based on PCA and CFS algorithms

Tab. 6 compares the accuracy value of the M-health, Heart disease, Diabetes dataset when it is tested by the related work’s algorithm, our model based on PCA as feature selection algorithm, and our model based on CFS as feature selection algorithm.

[image: images]

For the M-health, Heart disease, and Diabetes datasets, Tab. 6 shows a comparison between our proposed model MDRL based on PCA and CFS algorithms and the previous works. As indicated in the Tab. 6, our proposed model MDRL outperforms the other works for all datasets. This is done as we used a feature selection stage before classification step. We apply two different feature selection algorithms, the first one is the PCA and the second is CFS. From our table which compares the results, we conclude that the CFS algorithm is better in reduction of the data. From Tab. 6, the first three datasets explain that the MDRL based on CFS have the highest accuracy value than our model based on PCA and the previous works. The other two datasets, Covid-19 and Heart attack, are used to validate that our proposed model MDRL exceeds the current classification algorithms.

5.3 Discussion

Experiments reveal that the suggested model produces results that are equivalent to those of alternative categorization techniques. We compare the results of four existing classification algorithms and our proposed ensemble model. The comparison done for five different datasets to insure the efficiency of our approach than others. The results show that our approach provides a high accuracy results than the traditional data classifications algorithms. Adding, we compare the results of our model with PCA and another time based on CFS. Then we compare these results with the accuracy of previous related works to insure the efficiency of our approach. The combination of MDRL with CFS gives the best performance values for variant datasets. We conclude that the CFS is a good reduction algorithm with high volume of data.

The potential issues of our approach

–   The preprocessing aids in improving the accuracy as the good quality of data result in good performances.

–   The applying of CFS data reduction algorithm decreases the processing time of the classification.

–   The implementation of ensemble model increases the accuracy of most datasets.

The limitations of our approach

–   Time complexity. However the ensemble model gives a high accuracy values, but it takes long time for execution.

–   CPU processing complexity as the data has high volume size.

–   Setting the parameters’ value take high effort and time as it is a try and error assignments.

The goal of this work was to introduce a methodology that had high recognition accuracy while avoiding the normal computational restrictions found in most existing research.

6  Conclusions

Ensemble learning is the implementation of multiple models, such as classifiers which are combined to solve a specific problem. Ensemble learning is used to enhance classification and prediction. Encoding is a very important step as we can use different data with different structures together without any difficulties. The feature selection is used for data reduction which improves the accuracy of the used dataset. The CFS reduction algorithm has the highest performance accuracy values with our ensemble algorithm in comparison to PCA with the same algorithm. Medical big data has special characteristics so; many traditional or well-known classification algorithms are not sufficient or accurate with it. From our experiments, we conclude that the ensemble model is efficient and gave a high accuracy value for variant datasets. Our ensemble model has high accuracy values of 98.86%, 97.96%, 100%, 99.33%, and 99.37% for heart disease, health general, covid-19, heart attack, and diabetes datasets respectively. For a comparison between our model with the previous works, we find that our model outperform the accuracy for all datasets. In the future, we intend to enhance our ensemble model to save the time processing as the ensemble model takes long time than the traditional algorithms. We aim to apply a feature selection algorithm with an ensemble model to enhance the processing time. Also, we suggest making a hybrid technique from our ensemble with another algorithm to increase the accuracy. Adding, we intend to make integration between the different types of data including medical images.
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Table 3: Dataset characteristics after preprocessing and feature selection

Data set Encoding(Y/N) Feature Selection =~ Number of Number of
(Y/N) Attributes (PCA)  Attributes (CFS)

M-Health N Y 19 12

Diabetes Y Y 28 19

Heart Discase Y Y 10 10

Heart Attack N Y 11 10

Covid-19 N Y 16 12
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Table 4: The performance comparison of the different algorithms using the PCA algorithm

Dataset Algorithm Accuracy Precision Recall F-score Time
LR 81.1 94.8 89.5 91.4 1.56
DT 98.6 93.45 90.9 91.91 4.8
Heart Disease RF 90.9 94 87.5 89.66 6.7
MLP 89.77 79.58 63.44 63.22 3.18
Proposed Model 98.8 98.88 97.91 98.37 6.8
LR 67.9 77.58 73.5 75.03 3.12
DT 81.99 64.17 49.5 53.93 11.42
Health General RF 82.17 74.96 51.25 65.73 12.13
MLP 82.2 64.18 49.59 54.01 9.4
Proposed Model 824 63.97 49.28 53.66 12.86
LR 77.2 77.24 72.58 73.87 22
DT 85.79 86.1 89.8 79.2 4.1
Diabetes RF 73.69 76.7 65.02 65.66 1.56
MLP 65.1 32.7 50 39.5 3.8
Proposed Model 86.06 91.38 80.3 83.02 5.2
LR 67.54 45.5 49.73 47.37 1.5
DT 58.6 38.2 41.13 39.57 1.58
Heart Attack RF 76.49 50.91 54.79 52.77 9.01
MLP 46.68 37.62 33.33 30.18 1.56
Proposed Model 76.82 50.71 55.23 52.82 10.12
LR 90.9 89.61 84.82 79.81 3.22
DT 75 73.5 50 42.85 3.33
Covid-19 RF 78.57 87.93 82.78 82.74 10.47
MLP 66.66 63.38 53 40.9 9.07
Proposed Model 91.66 86.06 85.5 74.9 13.9
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MDRL Ensemble Model Pseudocode

Input: Dataset D

Partition the dataset to Training t and Prediction parts p

for all t in dataset do{
Define modell then Apply the Logistic Regression code
Define model2 then Apply the Decision Tree Classifier code
Define model3 then Apply the Random Forest Classifier code
Define model 4 then Apply the MLP Classifier code
Define An ensemble model then Apply voting classifier for the four models with a voting value
equal hard}

Repeat it until all the data run out

for all p in dataset dof
Predict the class value for all the prediction data

}

Measure the accuracy with K-fold cross-validation
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Table 1: A comparison between some current studies

Reference

Dataset

Year

Technique/s

Accuracy Comments

Baitharua
etal. [13]

Botalb et al.
[16]

Benjamin et al.

[20]

Sridhar et al.
[(21]

Subasi et al.
[12]

Liver disease

EMNIST

Heart
Disease

Heart
Disease

M-health

Sathiyanarayanan Breast

etal. [18]

Ramadahan
etal. [17]

Osiet al. [19]

Yahaya et al.
[22]

Hafez et al.
[14]

Cancer

DDoS
attacks

Covid-19

Heart
Disease

COVID-19

2016

2018

2018

2018

2018

2019

2020

2020

2020

2021

Naive Bayes,
MLP

MLP

REF, NB, DT

DT, NB

SVM, RF

KNN, DT

KNN, DT

Linear
Discriminant
Analysis
(LDA), RF,
SVM.

NB, KNN,
DT

DT

71.59%

89.47%

81%

95.49%

86%

99%

99.91%

100%

NA

98%

Naive Bayes is the least
classifier algorithm and
the Multilayer
perceptron is the largest
classifier algorithm. The
MLP is good with the
low volume of data but
with big data, it is not
efficient.

The models were trained
with a fixed and flexible
number of epochs in two
runs. Using 100% of the
dataset; for the fixed run,
MLP achieved test
accuracy of 31.43%,
whereas in the flexible
run the MLP with
89.47% accuracy. Using
50% of the dataset; the
accuracy for the MLP
was 33.75%, wherein the
flexible run of MLP was
88.20%.

The results displayed that
the RF classifier achieved
better than NB and DT
in the heart disease
prediction.

From their
experimentations, the
results displayed that the
NB algorithm achieved
better than the DT in the
prediction of heart
diseases.

The RF algorithm is
most efficient with a high
amount of data. It results
in a high accuracy value.
The results showed that
the accuracy of KNN is
97%, while DT reaches
the maximum accuracy
of 99%. Therefore, a DT
algorithm can predict the
type of cancer efficiently.
DT was higher accuracy
than the KNN value, the
accuracy of DT was
99.91%, and KNN has
98.94% of accuracy.
KNN is not efficient with
big data, the DT is more
efficient.

RF was the best
algorithm with a 100%
accuracy value in
comparison with LDA
and SVM.

Only a minor
achievement is done in
the design of such
predictive models for
heart disease. DT is the
best predictive algorithm.

The enhanced DT
(TSODT) was developed
to diagnose the
COVID-19 illness
victimization using the
clinical information of
the patients.
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Table 6: The accuracy comparison between the tested dataset’s by related work and our model

Dataset Related work MDRL with PCA MDRL with CFS
M-health 86% [12] 82.4 97.96
Heart Disease 95.49 [21] 98.8 98.86
Diabetes 82% [40] 86.06 99.37
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Table 2: The description of the five datasets

Data set Number of Number of Missing Redundancy Noise(Y/N)
Attributes Instances Data(Y/N) (Y/N)

M-Health 24 161281 Y Y Y

Diabetes 50 101797 Y Y Y

Heart Disease 19 59077 Y N Y

Heart Attack 12 3033 Y Y N

Covid-19 18 316801 N Y N
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Table 5: The comparison of different algorithms’ performance on the five different datasets using the
CEFS algorithm

Dataset Algorithm Accuracy Precision Recall F-score Time
LR 81.81 90 89.58 88.63 1.5
DT 97.8 91.81 93.45 98.43 4.8
Heart Disease RF 98.8 97.6 97.9 97.7 4.6
MLP 72.72 72.22 60 61.3 5.7
Proposed Model 98.86 97.61 97.91 97.71 6.1
LR 67.98 77.14 72.16 82.6 3
DT 96.51 96.73 84.77 95.6 3.1
Health General RF 81.99 76.57 65.19 69.19 1.7
MLP 67.87 54.77 62.16 53.95 1.4
Proposed Model 97.96 91.63 91.67 93.7 3.6
LR 77.47 76.36 72.13 73.37 1.4
DT 99.3 98.2 100 89.23 3.2
Diabetes RF 99.8 99.6 99.2 99.4 3.1
MLP 77.47 78.86 74.92 76.26 4.8
Proposed Model 99.37 99.6 99.22 99.49 5.6
LR 84.76 83.23 83.27 82.76 4.2
DT 99.2 99.8 99.2 100 1.5
Heart Attack RF 69.83 50.2 51.17 52.7 4.6
MLP 65.89 50.2 49.56 49.4 6.2
Proposed Model 99.33 100 99.7 100 7
LR 66.66 53.33 50 54.4 4.8
DT 92.6 86.66 79.43 75.5 24
Covid-19 RF 96.75 99.6 97.2 96.83 3.5
MLP 80 66.14 65.04 63.39 52

Proposed Model 100 99.74 100 99.8 5.5
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