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Abstract 

In the past decade, the chronic kidney disease (CKD) leads to increased global mortality rate 

and creates a need of intelligent system to identify the presence of the diseases. It has been 

observed that many researches in medical data mining uses numerous classifier systems for 

the analysis of CKD for efficient diagnostic and prediction accuracy. To resolve the curse of 

dimensionality, feature selection methods find useful. Numerous feature selection techniques 

have been implemented to get valuable information from the healthcare dataset. In this paper, 

we present an optimal feature selection based classification model for CKD. For feature 

selection purposes, particle swarm optimization (PSO) is employed and ant colony 

optimization (ACO) algorithm is used for the classification of medical data. A benchmark 

CKD is used to test the proposed model under several measures. The experimental outcome 

verified that the present model effectively identifies the presence of CKD. 
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1. Introduction 

Recently, there is a significant need arise in the medical field to analyze the chronic kidney 

disease (CKD) which endure for a long time. The diabetes, stokes, cardiovascular disease, 

arthritis, cancer, hepatitis C are the top most chronic diseases. Initial recognition of the 

chronic diseases benefits the patients to start the preventive action and to take viable 

treatment for the patient in the beginning stage. At present, maintaining the clinical database 

in the medical field becomes a critical assignment. The patient data containing several 

features and diagnostics associated diseases should be handled with high care to afford 

eminent services. The mining of the medicinal data becomes absurd due to the missing values 

and unrelated medical data stored in the medical database. The above causes affect the 
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mining results, so it is necessary to have data exploration phases such as data preprocessing 

and data reduction in prior to building data mining approaches. If the data is reliable, specific 

and noise free, the prediction of the disease is fast. In data mining, feature selection is an 

effective data preprocessing process for the dimensionality reduction of data [1-3]. Feature 

selection is an efficient task which gives importance to the most significant attributes for the 

analysis of diseases. So, it helps to identify the risk related factors. It helps to remove the 

repeated and unwanted data from the disease dataset for the best predictive results. The given 

dataset is split by the training and testing data and in which the model is build on the training 

data and the resulted model has been tested with test data to identify the accuracy in 

prediction process. Classification and prediction [4, 5] are the popular data mining 

techniques. The results and analysis of the chronic diseases are found to be predicted after 

applying several classification algorithms in the diseases dataset. In order to simplify and to 

advance the analysis of the CKD, novel classification techniques have to be proposed. In the 

new era of data eruption, the large quantity of medicinal data is created and gets updated 

continuously. The technology helps to post the clinical data in social media such as tweets 

[7], blogs, etc. The Electronic Health Records (EHR) has Healthcare data consists of medical 

reports of patients, health insurance medical data, diagnostic test reports, doctor’s 

prescription, pharmacy related data, and so on. To evaluate and manage high volume of 

health care data, a well-organized data handling system for CKD Diagnosis systems [8] has 

been implemented. It offers 24/7 healthcare services to the patients and also observe their 

health using continuous assistance from the physicians. 

 

In data mining, the fundamental technique is data preprocessing which is used for 

dimensionality reduction of data where it removes unrelated data and redundant attributes 

from the dataset [9]. This technique upgrades the data clearly and removes the noise between 

the data. Visualization of the training dataset decreases the training time of learning algorithm 

and improves the performance of prediction. Feature selection also known as variable 

Selection. There exist various related feature identification techniques in health care sector 

such as embedded methods, ensemble methods and wrapper methods. In data mining, it 

always better to remove the redundant and noisy data before the model is build for better 

prediction results in less time. In this new data era, dimensionality reduction of the dataset 

plays a major part in real-world applications. The reliable attributes reduce the complexity in 

selection of important features. Numerous feature selection techniques have been 

implemented to get valuable information from the healthcare dataset. The prediction of 
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various chronic diseases like thalassemia, hypertension, strokes, heart disease, and diabetes 

has been identified by feature selection in the clinical databases. The reliable and most 

efficient medical dataset produce the most accurate results by implementing various learning 

algorithms. The Vibro arthro graphic (VAG) signals is an extremely precise diagnostic 

system for the knee joint disorder and it has been suggested in [10]. The above methodology 

uses the novel based feature selection and classification method. The apriori algorithm and 

genetic algorithm (GA) has been used for the selection of the firm and significant features, 

where the random forest (RF) and least square support vector machine (LS-SVM) classifier is 

used to estimate their performance. Moreover, the theory of wavelet decomposition is used to 

classify normal VAG signals from abnormal ones. The evaluation metrics suggests that the 

LS-SVM using apriori algorithm predicted with a high accuracy of about 94.31% in the 

comparison results. The initial diagnosis of Knee joint disorders by the proposed 

methodology helps the patients to undergo treatment at the early stages. 

 

A basic classification of feature selection and numerous gene selection techniques were 

revised in [11]. The Authors classifies feature selection under three categories –supervised, 

semi-supervised and unsupervised. The author also specify numerous challenges and 

difficulties in extracting information from gene related data. Some of the elementary 

problems are (1) Dimensionality reduction of data from hundreds to thousands of features (2) 

how to handle mislabeled, inaccurate data (3) how to deal with extremely unreliable data (4) 

determining the gene relevancy/redundancy and extracting relevant biological information 

from the gene expressions. An experimental evaluation stated that, the classification accuracy 

by semi supervised and unsupervised methods are reliable as the supervised feature selection 

for gene selection. The backward search technique using SVM ranking was proposed by the 

author in [12] as the novel approach for the feature selection in the ideal subset of features on 

type II diabetes dataset. The Naïve Bayes (NB) classifier increases the predictive accuracy. 

The above mentioned approach is more effective and simple method which helps the 

physician and medical professionals for the early analysis of the Type 2 diabetes. A reliable 

and effective feature identification algorithm is presented [13]. The symmetric uncertainty 

(SU) with the ideal value of threshold was probably found. The minimum spanning tree was 

organized after applying SU. The evaluation metrics of the proposed method from the 

comparison results implies that the correlation based feature selection (CFS) based on 

classification accuracy and percentage of features designated confirmed that presented 

approach is the reliable and provides high accuracy among other algorithms. 
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It has been observed that many researches in medical data mining [4-6] uses numerous 

classifier systems for the analysis of CKD for efficient diagnostic and prediction accuracy. To 

analyze the CKD, numerous classifiers like SVM, DT, NB, etc. [14] have been implemented. 

An automated system has been used for the proper diagnosis and prediction of accuracy for 

numerous diseases. The traditional systems are not dynamic in which it increases the time for 

making the final prediction of CKD. Nowadays, an adaptive classification technique has been 

implemented to overcome the limits in conventional classification methods, where it takes 

more time for the prediction analysis with less success rate. The adaptive classification is 

more reliable and would predict the disease with high accuracy. Nowdays, it has been 

observed the parallel classification is used to enhance the accuracy level of the results. The 

authors [15] analyzed the diseases by adding adaptive feature to SVM. To get the improved 

results, bias value is added in the standard SVM. The proposed classifier output follows ‘if-

then’ rules for the analysis of diabetes and breast cancer. It has given 100% prediction 

accuracy for all the applied both diseases. In future, new methods have been proposed to 

change the bias value in standard SVM. Clustering followed by classification is a hybrid 

method proposed in [16] for the prediction of type-2 diabetes. The new hybrid model uses K-

means clustering and C4.5 classification algorithm with k-fold cross-validation for prediction. 

This hybrid approach produces the reliable classification accuracy of about 92.38% which 

helps the physicians to take efficient clinical decisions related to diabetes. Most efficient 

method has been proposed in the future for the analysis of diseases in the initial state. 

Multiclass SVM with error correcting output codes (ECOC) in had been proposed for the 

diagnosis of erythemato-squamous diseases [17]. Some of the learning algorithm such as the 

recurrent neural network (RNN) and multilayer perceptron (MLP) has been suggested for the 

analysis for the above said diseases. The optimum approach of classification is the main 

objective to detect the six erythemato-squamous diseases. The comparative study evaluates 

that the performance of Multiclass SVM. It reports the best accuracy of about 98.3% and 

RNN achieves 96.6% accuracy. But, the classification accuracy had been drastically reduced 

of about 85.4% by the MLP. In [18], SVM is used to identify the existence of diabetes in 

patients. The hybrid intelligible model produces high prediction accuracy which uses the key 

rules in the proposed method and it has been extracted from SVM. Adaptive SVM (ASVM) 

uses the adaptive classifiers to the different data [19]. This proposed method was able to 

increase the efficiency of classifiers by adding the adaptivity feature to the traditional SVM 

classifier. The adaptive nature means that it can adapt the classifier technique to any kind of 
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dataset. The above process was done by inclusion of ‘delta function’ in standard SVM. The 

predicted accuracy says that the performance of ASVM is better than the ensemble approach 

and the other adaptation techniques. Tsipouras et al. [20] proposes a decision support system 

for the automated analysis of coronary artery disease (CAD). The proposed techniques 

consist of four phases. The proposed techniques assist the doctors to take reliable decisions 

related to presence or absence of CAD disease. 

 

In this paper, we made an attempt to introduce an intelligent CKD prediction model by 

integrating the feature selection and classification process. For feature selection, the particle 

swarm optimization (PSO) algorithm is used. For classification of feature reduced data, ant 

colony optimization (ACO) algorithm is presented. The application of PSO algorithm will 

improvise the classification results in a significant way. A detailed experimental analysis is 

made with the state of art methods to analyze the feature selection and classification results. 

The impact of feature selection process in the classifier results is also thoroughly studied.  

 

The remaining paper is arranged as follows: Section 2 elaborates the proposed model for 

CKD with the experimental analysis part in Section 3. In Section 4, conclusions are provided. 

 

2. Proposed model 

The structure of the overall model is demonstrated in Fig. 1. The algorithm works under three 

phases in the projected model: preprocessing, feature selection and classification. The initial 

process is preprocessing that is needed because the database might comprises of noise and 

redundant information. Various procedures will be done while data examination named as 

missing value filling, cleaning data, eliminated additional data with a view to enhance the 

performance, if the excessive and missing value might decrease the performance. With the 

support of PSO-FS, a sum of 24 attributes present and only some of them are chosen.  

 

 

 

 

 

 

 

Fig. 1. Block diagram of the proposed algorithm 

PSO-FS 

Optimal Features 

 

ACO data classification 

 

 

 

 

 

 

Training data 

Testing data 

 

CKD 

Dataset 

Data  

Pre-processing 

  Metrics 

 FPR 

 FNR 

 Sensitivity 

 Specificity 

 Accuracy 

 F-Score 

 AUC 

 MCC 

 Kappa 

 

Tierärztliche Praxis

ISSN: 0303-6286

Vol 39, Issue 11, November - 2019

61



 

For data classification of CKD, classification method used is ACO algorithm. The user can 

predict and diagnose CKD by employing their own medical data by combining PSO and 

ACO for feature selection and data classification. Enhanced classification performance is 

attained with some features and reaches optimal performance measures using the projected 

PSO-FS.  

 

2.1. Preprocessing  

The high quality data will definitely give efficient outcome with reduced cost for data mining 

approaches. In the complete CKD dataset, the missing values have to be filled in the 

database. While consequent features present in few circumstances, the approach can be 

synchronized to construct discrete traits. In every sample, these data may contain few missing 

and noisy values. The actual data is preprocessed to enhance the medical data nature.  

 

2.2. PSO based feature selection 

A population-based heuristic optimization method named PSO is initiated by Kennedy and 

Eberhart. In search space, the possible solution for candidate is encoded called particle 𝑃𝑖 by 

employing a finite-length string. From the gained swarm, every particle uses their respective 

memory and knowledge in search an optimal solution. Each particle modify its direction of 

search with a view to discover best solution based on two characters named as its own best 

previous experience (𝑝𝑏𝑒𝑠𝑡) and best experience of its flying companions (𝑔𝑏𝑒𝑠𝑡). Each 

particle shift over a n-dimensional search space S with a main function  

𝑓: 𝑆 ⊆ ℜ𝑛 → ℜ                                                       (1) 

Every particle has a fitness function 𝑓(𝑥𝑖,𝑡) and has a location 𝑥𝑖,𝑡 with a velocity 𝑣𝑖,𝑡. While 

comparing to 𝑧2 ∈ 𝑆 if 𝑓(𝑧1) < 𝑓(𝑧2), a new position is known better as 𝑧1 ∈ 𝑆. Based on the 

knowledge shared with closer particles, particle enhances consequently to explore a optimal 

solution; it uses its own memory and knowledge extracted by the complete swarm process. 

With the t iteration and its last experience 𝑝𝑏𝑒𝑠𝑡, the best search space position particle i has 

visited. Subset of particle is allocated to their closer particle to each particle. The better 

previous experience of whole neighbor is called as 𝑔𝑏𝑒𝑠𝑡. Each particle comprises a 

proportion of old velocity. The particle changes its velocity and position with the consequent 

PSO algorithm as expressed by the below equation.  

𝑣𝑝𝑑
𝑛𝑒𝑤 = 𝜔∗𝑣𝑝𝑑

𝑜𝑙𝑑 + 𝐶1 ∗ 𝑟𝑎𝑛𝑑1() ∗ (𝑝𝑏𝑒𝑠𝑡𝑝𝑑 − 𝑥𝑝𝑑
𝑜𝑙𝑑) + 𝐶2 ∗ 𝑟𝑎𝑛𝑑1() ∗ (𝑔𝑏𝑒𝑠𝑡𝑑𝑑

− 𝑥𝑝𝑑
𝑜𝑙𝑑)          (2) 
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𝑥𝑝𝑑
𝑛𝑒𝑤 = 𝑥𝑝𝑑

𝑜𝑙𝑑 + 𝑣𝑝𝑑
𝑛𝑒𝑤                                                (3) 

The particle preceding flying velocity is represented in primary part of Eq. (2). The 

subsequent part is “cognition” part, which it is particle personal thinking itself, individual 

factor is C1. The next part is “social” part which represents the particle cooperation, where 

C2 is the societal factor. The constant here is acceleration coefficients (C1) and (C2) that 

shows the heuristic acceleration weighting that pull each particle to the 𝑔𝑏𝑒𝑠𝑡 and 𝑝𝑏𝑒𝑠𝑡 

locations. There is a restriction in particle velocity with a maximum velocity, 𝑉𝑚𝑎𝑥. If 𝑉𝑚𝑎𝑥 is 

very small, particles can get stuck into local optima. At the same time, particle may fly prior 

to optimal solution if 𝑉𝑚𝑎𝑥 is too high. From the gathered and personal better experience, and 

with the Eq. (1), the modified particle's velocity is computed with a view to distance from 

current location and velocity. With the Eq. (3), the particle might fly to a new location. Each 

particle performance is evaluated in order to preset fitness function. 

 

2.3. ACO based data classification 

To derive the classification rules out of data that depends on data mining ideology and the ant 

colony nature, ACO approach is employed in this study. From the fixed set of class, the main 

focus of this method is to allocate each sample to a class employing few attribute rates. 

Commonly, the explored knowledge is demonstrated in the form of if-then rules in the 

classification task as given in Eq. (4).  

IF < 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑠 > 𝑇𝐻𝐸𝑁 < 𝑐𝑙𝑎𝑠𝑠 >                                      (4) 

The rule antecedent (IF part) contains a condition sets generally relevant through a logical 

conjunction operator (AND). Subsequently, the rule consequent (THEN part) demonstrates 

the predicted class for cases, predictor attributes fulfill the entire terms involved in the rule 

antecedent. The below steps are included in the classification process of ACO algorithm.  

 Structural representation 

 Rule generation 

 Heuristic function 

 Rule pruning  

 Pheromone updation 

 Usage of discovered rules  

2.3.1. Structural representation 
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In Fig. 2, ACO algorithm structural representation is given. Let attributei be the attribute of 

the instance where i denotes the attribute series and non-consequent attribute rate is 

demonstrated by Valij. The continuous attribute level is set to a class and the class value is 

demonstrated by Ck, where k is a sequential class rate. From the source, the ant starts 

traversal and selects a rate for every attribute. In the below figure, the selected path is 

demonstrated through solid lines: Val1, 2, Val2,1, Val3,3, C3, destination. As given below, 

adequate ant must follow the similar path for discovering a rule.  

 

Fig. 2. Structural representation of ACO algorithm  

 

2.3.2 Rule generation 

Sequential covering method is used to the discovery of classification rule list. Primarily, the 

discovered rule number is set as zero and the discovered rules are contained by training set. 

For each iteration, while the classification rules are discovered, that rule would be moved to 

list of classification rule and removed out of training set. While any criteria given are met, the 

discovered rule is implemented.  

 

 The minimum_cases_per_rule is the rule that has to be incorporated with some rate 

low when compared to the predefined rate.  

 The generation of rule procedures will come to an end once the ant discovers the 

entire attributes. To choose an attribute rate to generate rule, the ants employ 

probability function (Pij) as demonstrated in Eq. (5).  
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                          Pij =
ηij.τij

∑ (xi)𝑎
𝑖=1 .∑ (ηij.τij(t))

𝑏

𝑗=1

                                             (5) 

where ηijis the problem dependent heuristic function and τij denotes the sum of pheromone. 

 

 

2.3.3. Heuristic function 

ACO algorithm estimates the rate η ij
of a heuristic function that denote the term quality for 

each termij, that can be inserted to the current rule which demonstrate the term quality in 

accordance with the capability for improving the rule prediction accuracy. Especially, the rate 

η ij
 for termij implicates an entropy measure linked with the term. For each termij, the entropy 

is estimated and provided in Eq. (6). 

 

        𝐻(𝑊|𝐴𝑖 = 𝑉𝑖𝑗) = − ∑ (𝑃(𝑤|𝐴𝑖 = 𝑉𝑖𝑗). 𝑙𝑜𝑔2 𝑃(𝑤|𝐴𝑖 = 𝑉𝑖𝑗))𝑘
𝑤=1                 (6) 

where W demonstrates the class attribute, k is the number of classes and 𝑃(𝑤|𝐴𝑖 = 𝑉𝑖𝑗)is the 

empirical probability of observing class w conditional on comprising observed 𝐴𝑖 = 𝑉𝑖𝑗. 

 

2.3.4. Rule pruning 

In data mining domain, Rule pruning is an extensively employed approach. The main focus 

of this is to remove unnecessary terms that exist already within the rule. It supports to avoid 

the overfitting issue of the training data and it majorly enhances the rule predictive capability. 

But, it improves the rule simplicity, where a short rule is simple to understand when 

compared to other one. The procedure of rule pruning will begin while the ants go under the 

procedure of rule construction. In every step, this procedure eliminates the unwanted rules 

produced through ants that enhance the quality of the rule. The rate of rule quality (Q) lies 

0 ≤ 𝑊 ≤ 1 as expressed in Eq. (7). 

                          𝑄 =  
𝑇𝑃

(𝑇𝑃 +  𝐹𝑁)
∗

𝑇𝑁

(𝐹𝑃 +  𝑇𝑁)
                                           (7) 

where TP- True positive, TN- True Negative, FN- False Negative and FP- false positive. 

 

2.3.5. Pheromone updation 

In practice, the process of pheromone updation pointed out to ant pheromone volatility. Due 

to the process of positive feedback, the heuristic measure error would be cleared which it 

Tierärztliche Praxis

ISSN: 0303-6286

Vol 39, Issue 11, November - 2019

65



outcomes to classification accuracy. The ants use this process to discover better and easier 

rules for classification. With the similar total pheromone, primarily, the entire trails are 

provided and expressed in Eq. (8). 

 

                        τij(𝑡 = 0) =
1

∑ 𝑏𝑖
𝑎
𝑖=1

                                                          (8) 

where ai denotes the sum of attributes and bi is the probable rates of ai.. The sum of 

pheromone over the nodes that have been discovered through the current rule would be 

modified due to the artificial ant pheromone deposition while discovering the path. On the 

other hand, the vanishing of pheromone requires to be simulated. Subsequently, the repetitive 

operation is done depending on Eq. (9). 

 

                                 τij(t) = (1 − ρ)τij(t − 1) + (1 −
1

1+Q
) τij(t − 1)                                   (9)                  

 

Where ρ is the rate of pheromone evaporation, Q is the quality as provided in Eq. (7) and t is 

the iteration number. On the other side, the nodes that have not been employed through the 

current rule will have only pheromone evaporation and is equated in Eq. (10). 

                                             τij(t) =
τij(t−1)

∑ ∑ τij(t−1)
bi
j=1

a
i=1

                                                    (10) 

where a is the attributes number, bi is the number of rates in the attibutei and t denotes the 

iteration sequence number. Eq. (10) equates that the sum of pheromone of undiscovered 

nodes will be decreased as it continuous.  

 

2.3.6. Usage of discovered rules 

The explored rules are used in the series as they explored for classification of novel test cases 

hence, they are saved in ordered list. The primary rule that covers the novel case is 

demonstrated and denotes that the case is allocated to the predicted class through the 

continuous rules. In few cases, no rule will cover the novel case. The novel cases get 

classified through a standard rule that predict the main class in the uncovered training cases 

set in some situations. 

 

3. Experimental analysis 
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To validate the proposed PSO-FS and ACO based classification algorithm for CKD, a 

detailed experimentation part takes place on MATLAB R2014a. The dataset description, 

measures and the results are analyzed in the following subsections.  

 

3.1. Dataset used 

For analyzing the effect of proposed algorithm on CKD, a benchmark dataset from UCI 

repository is employed. The description of the CKD dataset is provided in Table 1. From this 

table, it is shown that the CKD dataset contains a total of 400 instances where 250 instances 

indicates the presence of CKD and the remaining 150 instances indicates the absence of 

CKD. In addition, a total of 24 attributes are present in the dataset.  

Table 1 Dataset Description [21] 

Dataset Source 
No. of 

instances 

No. of 

attributes 

No.  of 

classes 
CKD/NOT_CKD 

CKD UCI 400 24 2 250/150 

 

3.2. Evaluation parameters  

For assessing the goodness of the presented method, a set of evaluation parameters namely 

false positive rate (FPR), false negative rate (FNR), sensitivity, specificity, accuracy, F-score, 

area under curve (AUC), Mathew correlation coefficient (MCC) and kappa value. While 

measuring the classification results, the concept of confusion matrix is mandatory. The 

confusion matrix contains a total of 4 elements indicating TP, TN, FP and FN. In addition, 

the performance of the feature selection methods are determined by means of best cost. 

 

3.3. Results analysis 

Figs. 3-5 shows the cost attained under several rounds by different methods. Table 2 tabulates 

the attained feature selection performance of the PSO-FS with SA and GA based feature 

selection methods. In addition, another comparative analysis with different methods namely 

principal component analysis (PCA), CFS, gain ratio and information gain (IF) interms of 

best cost is made in Table 3. 
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Fig. 3. PSO-FS for CKD Dataset 

 

 

 

Fig. 4. SA-FS for CKD Dataset 
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Fig. 5. GA-FS for CKD Dataset 

Table 2 tabulates the attained feature selection performance of the PSO-FS with SA and GA 

based feature selection methods interms of number of chosen features, best cost and 

percentage of features reduced. From the table, it is obviously shown that the PSO-FS attains 

an average of 13 features selected whereas the SA-FS and GA-FS achieves an average of 16 

and 5.3 features. But, in terms of best cost, the proposed PSO-FS reaches a best cost of 

0.2399 on the 20th round. But, the SA-FS and GA-FS achieves a cost of 0.25919 and 0.31291 

respectively. From these values, it is apparent that the PSO-FS attains the best with 13 

number of chosen features.  

 

Table 2 Feature Selection Results on CKD Dataset 

No. of 

Iteration 

Total 

No. of 

Features 

PSO-FS SA-FS GA-FS 

Selected 

Features 
Cost 

% of 

Features 

Reduced 

Selected 

Features 
Cost 

% of 

Features 

Reduced 

Selected 

Features 
Cost 

% of 

Features 

Reduced 

1 24 13 0.28927 45.8 16 0.26652 33.3 6 0.31695 75 

2 24 13 0.27984 45.8 16 0.26652 33.3 6 0.31695 75 

3 24 13 0.27984 45.8 16 0.26652 33.3 6 0.31695 75 

4 24 13 0.27312 45.8 16 0.26652 33.3 6 0.31695 75 

5 24 13 0.27312 45.8 16 0.26652 33.3 6 0.31695 75 

6 24 13 0.27312 45.8 16 0.26652 33.3 6 0.31695 75 

7 24 13 0.25389 45.8 16 0.26652 33.3 6 0.31695 75 
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8 24 13 0.25389 45.8 16 0.26652 33.3 6 0.31695 75 

9 24 13 0.25389 45.8 16 0.26652 33.3 6 0.31695 75 

10 24 13 0.25389 45.8 16 0.26652 33.3 6 0.31695 75 

11 24 13 0.25389 45.8 16 0.26652 33.3 6 0.31695 75 

12 24 13 0.25389 45.8 16 0.26652 33.3 5 0.31488 79 

13 24 13 0.25389 45.8 16 0.26652 33.3 5 0.31488 79 

14 24 13 0.25389 45.8 16 0.26198 33.3 5 0.31488 79 

15 24 13 0.25389 45.8 16 0.26198 33.3 4 0.31419 83 

16 24 13 0.24697 45.8 16 0.26198 33.3 4 0.31419 83 

17 24 13 0.24697 45.8 16 0.26198 33.3 4 0.31419 83 

18 24 13 0.23990 45.8 16 0.26198 33.3 4 0.31419 83 

19 24 13 0.23990 45.8 16 0.25919 33.3 4 0.31319 83 

20 24 13 0.23990 45.8 16 0.25919 33.3 5 0.31291 79 

 

 

 

Table 3 Comparative analysis of existing feature selection with proposed method for CKD 

Dataset 

Methods Best Cost Selected Features 

PSO-FS 0.23990 8,11,15,9,6,7,10, 4,13, 2,17, 3, 1 

SA-FS 0.25919 9,12,13,15,11, 8, 1, 5,16, 7,17, 3, 2, 6,10, 4 

GA-FS 0.31291 1,5,11,15,16 

PCA 0.03820 1,2,3,4,5,6,7,8,9,10,11,12,13,14,15,16,17,18,19,20 

CFS 0.69600 2,3,4,6,10,12,13,14,15,16,17,19,20,22,23,24 

Gain Ratio 0.49800 12,4,15,19,20,3,16,11,10,22,2,23,7,24,5,18,6,8,21,13,17,9,14,1 

IG 0.51750 15,12,3,16,4,19,20,18,11,10,13,2,22,7,23,14,6,5,24,1,17,8,21,9 

 

From this table, it is clear that the proposed method achieves a best cost of 0.23990 whereas 

the existing method CFS and IG achieves a minimum cost of 0.696 and 0.5175 respectively. 

In addition, SA-FS tries to manage to perform well with a cost of 0.25919. But, it fails to 

show better results over PSO-FS. Fig. 6 shows the average number of features selected by 

various methods on the applied CKD dataset. From this figure, it is clear that the gain ratio 

and IG achieves a maximum of 24 features. Though GA selects only a minimum of 5 

features, it fails to show better results interms of best cost. Hence, the PSO-FS with 13 

features and best cost will be considered as the effective method to select features on CKD 

dataset.  
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Fig. 6. Number of selected features for various methods 

 

Next, the classification results of the proposed ACO algorithm are discussed. The rules 

generated by the ACO algorithm on the applied dataset are given in Table 4. 

 

Table 4 Rule generation by ACO 

Rule Antecedent Consequent 

1 
IF rbc = normal AND hemo> 

13.05 
Not_CKD 

2 IF hemo<= 12.8 CKD 

3 IF sg <= 1.0175 CKD 

4 IF wbcc<= 10150.0 Not_CKD 

5 IF age > 48.5 CKD 

6 IF ba = notpresent CKD 

 

Table 5 provides the classification results of different methods under several performance 

measures. Fig. 7 shows the classifier results interms of FPR, FNR and MCC. Furthermore, 

Fig. 8 shows the classifier results interms of sensitivity, specificity, accuracy, F-score, AUC 

and Kappa. The proposed ACO algorithm undergoes comparison with several classifiers 

namely Olex-GA, stacking, NB and RT. 

 

Table 5 Performance Evaluation of PSO-FS with various classifiers for CKD Dataset 
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Classifier FPR FNR Sensitivity Specificity Accuracy F-score AUC MCC Kappa 

ACO 0.69 2.35 97.65 99.31 98.25 98.61 98.47 0.96 94.06 

OlexGA 0.71 3.86 96.14 99.29 97.25 97.84 97.71 0.94 94.06 

NB 7.97 0 100 92.02 96.75 97.33 96.01 0.93 93.18 

RT 5.22 2.02 97.97 94.77 96.75 97.38 96.37 0.93 93.09 

Stacking - 37.5 62.50 - 62.50 76.92 - - 0 

 

From the table 5, it is clear that the NB attains the maximum FPR value of 7.97. These values 

indicate that the NB classifier fails to show supreme performance on the applied CKD 

dataset. Similarly, RT also attains higher FPR and FNR values of 5.22 and 2.02 respectively. 

Next, Olex-GA handles well with a nominal FPR and FNR values of 0.71 and 3.86 

respectively. But, the proposed ACO algorithm achieves minimum FPR and FNR values of 

0.69 and 2.35 respectively. This enhanced result can also due to the removal of unwanted 

features to improvise the classification performance.  

 

Fig. 7. Comparative results of different classifiers interms of FPR, FNR and MCC 

 

Fig. 5 stated that the proposed ACO algorithm shows maximum classifier results under 

various evaluation measures. It is noted that the proposed classifier attains a maximum 

sensitivity and specificity of 97.65 and 99.31 respectively. From this figure, it is apparent that 

the Olex-GA obtained the sensitivity value of 96.14 which is much lower than the compared 

classifiers. In addition, NB and RT exhibits identical results with accuracy of 96.75. Even 

though these two classifiers showed better performance than stacking, they failed to show 
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better performance than the Olex-GA and ACO algorithm. The Olex-GA classifier shows 

better results with an accuracy of 97.25. But, the ACO algorithm showed superior 

performance with a maximum accuracy of 98.25.  

 

Next, among the compared classifiers interms of F-score, the stacking achieves a lowest F-

score of 76.92 which implies the worse classification performance. But, the NB and RT 

shows competitive performance over one another with the F-score values of 97.33 and 97.38 

respectively. Though these classifiers outperform stacking, it is not superior over ACO and 

Olex-GA. The highest F-score of 98.61 is attained by ACO algorithm representing the 

efficient results on the applied CKD dataset. In line with, the proposed method achieves a 

maximum AUC of 98.47 representing the better classifier performance over the compared 

ones. Finally, in terms of kappa, the NB and RT shows poor results with kappa values of 

93.18 and 93.08 respectively. Likewise, the Olex-GA and ACO algorithms achieve a 

maximum kappa value of 94.06. Interestingly, the proposed ACO algorithm outperforms the 

compared classifiers in several aspects.  

 

Fig. 8. Comparative results of different classifiers interms of various measures 

 

To further validate the impact of feature selection on the classifier results, a comparative 

analysis of the ACO algorithm with and without PSO-FS is made. Table 6 shows that the 

classifier results of the ACO algorithm is enhanced by the inclusion of feature selection 

methodology. It achieves maximum predictive performance with FPR of 0.69, FNR of 2.35, 
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sensitivity of 97.65, specificity of 99.31, accuracy of 98.25, F-score of 98.61, AUC of 98.47, 

MCC of 0.96 and kappa value of 93.03.  

 

Table 6 Performance Evaluation of ACO with and without Feature Selection for CKD 

dataset  

Classifier FPR FNR Sensitivity Specificity Accuracy F-score AUC MCC Kappa 

With FS-ACO 0.69 2.35 97.65 99.31 98.25 98.61 98.47 0.96 94.06 

Without FS-ACO 5.42 4.72 95.27 94.52 95.00 96.03 94.89 0.89 93.09 

 

Fig. 9 shows the comparison of ACO results with and without the inclusion of the PSO-FS 

methodology. From this figure, it is perhaps interesting that the classifier performance is 

enhanced by the use of feature selection techniques. In overall, the PSO-FS along with the 

ACO based classification algorithm shows superior results over ht compared methods on the 

applied CKD dataset under several performance measures. From the above tables and figures, 

it can be concluded that the feature selection methods have strong influence over the 

classification performance.  

 

 

Fig. 9. Comparative results of ACO with and without feature selection 

Finally, the results of different classification algorithms on CKD dataset interms of various 

performance measures revealed that the proposed algorithm is found to be efficient on the 

classification of CKD dataset.  
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4. Conclusion 

In this paper, we have presented an optimal feature selection based classification model for 

CKD. For feature selection purposes, PSO algorithm is employed and ACO algorithm is used 

for the classification of medical data. The proposed algorithm works under three phases in the 

projected model: preprocessing, feature selection and classification. To assess the goodness 

of the presented method, a set of evaluation parameters namely false FPR, FNR, sensitivity, 

specificity, accuracy, F-score, AUC, MCC and kappa value are used. In addition, the 

performance of the feature selection methods are determined by means of best cost. The 

simulation outcome indicated the superiority of the proposed method over the state of art 

methods under several performance measures.  
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