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Abstract: k-nearest neighbor (K-NN) is a well-known classification algorithm, being feature space–
based on nearest-neighbor training examples in machine learning. However, K-NN, as we know, is 
a lazy learning method. Therefore, if a K-NN–based system very much depends on a huge amount 
of history data to achieve an accurate prediction result for a particular task, it gradually faces a 
processing-time performance-degradation problem. We have noticed that many researchers usually 
contemplate only classification accuracy. But estimation speed also plays an essential role in real-
time prediction systems. To compensate for this weakness, this paper proposes correlation 
coefficient–based clustering (CCC) aimed at upgrading the performance of K-NN by leveraging 
processing-time speed and plurality rule–based density (PRD) to improve estimation accuracy. For 
experiments, we used real datasets (on breast cancer, breast tissue, heart, and the iris) from the 
University of California, Irvine (UCI) machine learning repository. Moreover, real traffic data 
collected from Ojana Junction, Route 58, Okinawa, Japan, was also utilized to lay bare the 
efficiency of this method. By using these datasets, we proved better processing-time performance 
with the new approach by comparing it with classical K-NN. Besides, via experiments on real-
world datasets, we compared the prediction accuracy of our approach with density peaks clustering 
based on K-NN and principal component analysis (DPC-KNN-PCA).     
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1. Introduction 

Nowadays, access to huge amounts of data from many 
areas (including medicine, biology, and transportation) is 
providing classification and prediction algorithms with an 
important role in environmental awareness systems. K-
nearest neighbor (K-NN) is a semi-supervised learning 
algorithm that requires training data and a predefined k 
value to find the k nearest data based on distance 
computations [7]. While k-nearest neighbor can learn in 
the presence of irrelevant information, it requires more 
training data to do so, and the amount of training data 
needed to reach or maintain a given accuracy level is high. 
Furthermore, K-nearest neighbor is slow to execute due to 

the fact that examples to be classified must be compared to 
each of the stored training samples in turn [6]. 

To overcome this issue, this paper introduces a 
preprocessing stage before the classification step. In this 
work, we divide the system into three stages: filtering 
noisy features, preprocessing, and classification. In the 
preprocessing stage, the data that have very similar 
characteristics are assembled together by utilizing a 
clustering technique: K-means clustering. To measure the 
similarity between objects, a Euclidean distance method is 
applied. K-means is a typical clustering algorithm. It is 
attractive in practice, because it is simple and generally 
very fast. It partitions the input dataset into k clusters. Each 
cluster is represented by an adaptively changing centroid, 
starting from some initial values, named seed points [3]. 
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However, from our experimentation experience, a weak 
correlation between attributes makes for wrong decisions 
in grouping the data into the same category. To select the 
features that have a strong enough correlation to each other, 
this paper uses Pearson’s correlation coefficient to measure 
the relationship between features. We assume that the 
system calls this preprocessing function every three hours. 

After the preprocessing stage, the system classifies an 
observed instance by using density-based K-NN in the 
classification stage to overcome misclassification of 
outliers caused by K-means clustering. 

There are many kinds of problems with clustering 
having a variety of requirements, for example, dealing 
with different types of attributes (arbitrary shapes, noise, 
and so on). The proposed approach has a strong enough 
classification skill for one part of the clustering problems 
in some datasets, for example, the iris, heart disease, breast 
tissue, breast cancer, and traffic data. However, it may 
properly classify some datasets with no higher accuracy, 
for example, the DNA dataset, Helix.  

The rest of this paper is organized as follows. Section 2 
describes related works. Section 3 presents the proposed 
correlation coefficient–based clustering and plurality rule–
based density for K-NN. Section 4 details the 
experimentation with the new model on five datasets, and 
compares the processing time performance and prediction 
accuracy of the new approach with classical K-NN and 
DPC-KNN-PCA. Finally, Section 5 is the conclusion. 

2. Related Work 

Machine learning is a kind of algorithm that 
automatically forecasts a future occurrence based on past 
experience and improves the prediction performance with 
those experiences. That also means the more data, the 
more accurate the prediction. However, from the 
processing-time performance point of view, it needs to set 
much more processing time on large amounts of 
voluminous data. One of the machine learning approaches, 
K-NN, is a classification approach based on a heuristic 
search strategy, and it needs to invest a lot of time in this 
search function, with most of the energy in the matching 
scheme. 

Tang and He [1] proposed a system that extended the 
nearest-neighbor method for pattern recognition, but 
considered not only who the nearest neighbors of the test 
sample are, but also considered the test samples as nearest 
neighbors. By iteratively assuming all the possible class 
memberships of a test sample, extended nearest neighbor 
(ENN) is able to learn from the global distribution; 
therefore, it improved pattern reorganization performance. 
Chomboon et al. [2] studied the performance of k-nearest 
neighbor classification by applying different distance 
measurements: Euclidean, standardized Euclidean, 
Mahalanobis, dirty block, Minkowski, Chebyshev, cosine 
correlation, Hamming, and Jaccard and Spearman. Nazari 
and Kang [3] proposed a density-based support vector 
machine (SVM) to reduce the effect of outliers, aiming at 
improving classification ability. Their paper shows the 
efficiency of this method by comparing it to the standard 

SVM through experiments on real high-dimensional 
benchmark datasets on liver and heart disease. Du et al. [4] 
also designed a system that improved k-nearest neighbor’s 
prediction performance by applying density peaks 
clustering and principal component analysis to overcome 
the generation of a wrong number of clusters from real-
world datasets. Doshi and Chaturvedi [5] proposed a 
system that predicts student performance by utilizing a 
correlation-based feature selection technique. They 
conducted experimentations with their system by using 
NBTree, multilayer perceptron, naïve Bayes and instance-
based k-nearest neighbor. Zhang et al. [6] designed a 
system that predicts short-term traffic flow by applying a 
k-nearest neighbor model. Utilizing the Shanghai urban 
expressway section, they measured traffic flow data. Tran 
et al. [7] presented a system that is density-based 
clustering for high-dimensional multivariate data by 
applying a K-NN kernel called KNNCLUST. The purpose 
of the paper is to overcome difficulties with high-
dimensional data and clusters of very different densities. 

The systems described above only emphasized 
prediction accuracy with K-NN, support vector machine, 
and clustering of multivariate data. To get complete 
performance, the processing time is also vital in machine 
learning. For this purpose, this paper considers not only 
improved accuracy, but also promotion of prediction time 
performance by using correlation coefficient–based 
clustering and plurality rule–based density. 

3. Proposed Correlation Coefficient–
based Clustering and Plurality Rule–
based Density for K-NN  

The K-NN algorithm is a supervised lazy classifier that 
has local heuristics. For each observation instance, it 
computes the distance for the observed instance to each 
training data in space S to find the closest distance. 
Because of that, K-NN becomes lazy. In general, the time 
complexity of a K-NN classifier in Big Oh notation is n2 

where n is the number of training examples. Therefore, 
when the amount of data increases, classical K-NN usually 
becomes slow in its computations. Finally, this lazy 
computation significantly kills the performance of k-
nearest neighbor. To address this issue, we propose an 
approach aimed at improving the processing time of k-
nearest neighbor by introducing a density-based K-NN 
approach using a plurality rule, as shown in Fig. 1. In this 
figure, there are two stages: preprocessing and 
classification. The following sections will go into detail 
about three main functions: filtering noisy features, k-
means clustering, and classification. Also, the 
responsibilities of these functions will be discussed, step 
by step, as illustrated in algorithms 1 to 3. 

3.1 Filtering Noisy Features 
As we know, clustering is grouping objects with 

similar characteristics and similar properties by making a 
decision on their relationships. However, some weak 
features make the algorithm arrive at a wrong decision. To 
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prevent this problem, we measure the strength of the 
relationship between attributes by utilizing Pearson’s 
correlation coefficient, denoted by cr. The absolute value 
(cr) can be between -1 through 0 to +1. The sign (+ or -) of 
the correlation defines the direction of the relationship. 
When the absolute value is positive (cr>0), it means that as 
the value of one variable increases, so does the other. If the 
relationship is negative (cr<0), it shows that when one 
variable increases, the other variable declines. This 
specifies there is an inverse relationship between the two 
variables. If the absolute value is equal to zero, there is no 
correlation between variable x and y. It can be defined by 
Eq. (1): 

X dataset contains {x1,...,xn} where n =1,2,3, . . .,n, and 
Y dataset contains {y1,...,yn} where n= 1, 2, 3, . . . , n. 
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random variable. crxy means the correlation coefficient of 
variable x and y, and -1≤ crxy ≤ 1.  

The Pearson correlation coefficient formula gives 
values between -1 through 0 to 1. To normalize any set of 
numbers to between 0 and 1 and guarantee biases, N(CR) 
is defined as follows: 

 

 N(CRx,y) = 
( )  –   

2
xycr β

                         (2) 

 
where N(CR) is the normalization of the correlation 
coefficient. β  is the minimum bound; in this case, the 

minimum is -1, the maximum is +1, and the range is 2. In 
this paper, if an attribute has an absolute value greater than 
0.30, the attribute is assumed having a strong relationship 
with the relevant class. 

The following algorithm, called FilteringNoisy 
Attribute, shows the processes in finding a feature to be 
good if it is more relevant to the class based on Pearson’s 
correlation coefficient. 

Table 1 shows the correlation coefficient of four 
datasets (breast cancer, traffic data, breast tissue, and the 
iris). Breast cancer has nine attributes, but all nine 
attributes are active, because the values of the attributes 
are over 0.30. Traffic data has seven attributes, but one 
attribute, SpecialDay, is not active because the correlation 
coefficient is under 0.30. For breast tissue, there are nine 
attributes, but only eight are available. For the iris, only 
one attribute is not active. 

3.2 Preprocessing Stage 
After filtering noisy attributes, the next step is 

clustering. The main focus of this stage is to upgrade the 
processing time of K-NN by grouping training examples 
that have similar characteristics in order to access the most 
relevant data by ignoring irrelevant ones. In this system, 
the filtering process can occur in two places. The first is 
classifying an observed instance, which cannot be 
noiseless data and needs to pass through the filtering 
process; and the second is for training examples that are 
directly associated with the clustering process. This paper 
utilizes a k-means clustering technique that defines the 
centric of each cluster by taking the mean of the same 
objectives and assigns each object to the nearest cluster 
according to distance vector space D. For measuring the 
distance between two objectives, x and y, a Euclidean 
distance formula is utilized. The distance equation for N-
dimensional space is described as follows: 
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where d(x,y) is the distance between object x and y. The 
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Fig. 1. Flow Diagram of Proposed Approach. 
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detailed processes of clustering are shown in Algorithm 2, 
named Correlation Coefficient-based Clustering. In this 
algorithm, before the clustering process, it calls the 
filtering noisy attributes function in order to remove the 
weakness features, preventing it from wrongly assigning 
data points. Then, this optimal dataset returned from the 
filtering function is used for clustering. The key idea of the 
k-means algorithm is to define k centroids and assign the 
nearest object to each cluster according to distance. 
Initially, the algorithm allocates random values to the 
centroid and then the data points xi, which have the 
minimum distance, are assigned to the correspondence 
centroid mi. For measuring the distance between each data 
point, xi, and the cluster centroid, mi, Euclidean distance is 
utilized. Until there are no more changes in clusters Ck, it 
recalculates the new cluster center, measures the distance 
between each point and the centroid, and reassigns the 
cluster center. After the clustering stage, it is ready to 
classify an observed instance in the classification stage. 
The detailed discussion about classification is in the next 
section. 

3.3 Classification Stage 
In the classification stage, we classify an observed 

instance that belongs to a certain category by applying a 
plurality rule–based density to K-NN. To follow this 
process, the system previously measures the distance 
between an observed instance and each cluster centroid by 
using Eq. (3), which gives a distance space for all clusters. 
In Fig. 2, it is obvious that the observed instance belongs 
to Cluster 1 because the distance between the observed 
instance and Cluster 1 is the shortest. As discussed in 

previous sections, we applied k-means clustering for K-
NN. K-means is simple to understand and can be 
practically implemented, but the algorithm does not have 
notation for removing outliers from a cluster; therefore, the 
proportion of outliers sometimes leads to a wrong 
classification for an observed instance. In Fig. 3, it can be 
seen that the system will choose Cluster 2 as the right 
cluster for an observed instance based on distance. To 
overcome this problem, it also needs to consider the 
clusters that have very similar distances to the shortest one, 
and assign the classification process to those clusters by 
applying the voting method, plurality rule.  

Let us apply this voting system to the classification 
approach by assuming it has three clusters for a dataset, 
with three class types. The voting function for each cluster 
is defined as follows: 
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Fig. 2. Sample Graph for Finding Shortest Distance 
Cluster. 

 

Fig. 3. Sample Graph for Finding Similar Distance 
Clusters. 
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where V ( )ic  means voting for clusters, 

it
V  is the number 

voting for class types,  ε  defines the distance between an 
observed instance and the targeted class, and iN  is the 
number of voters or objects in clusters. In this work, the 
threshold is defined as less than 0.6. 

If the distance  ε  between an observed instance and a 
cluster is less than the threshold, it classifies the points by 
applying K-NN. Then, it calculates the voting percentage 
of each class type and selects the class type that has the 
maximum votes. After that, it repeats the steps discussed 
above until there are no more closest clusters. 

 
 Predicted Class Type= max

1 2 3
, ,c c cV V V⎡ ⎤⎣ ⎦             (7) 

 
Finally, the predicted class type is defined by using the 

above equation, where it chooses the cluster with the 
maximum votes as a targeted class type. The detailed 
processes are shown in Algorithm 3. 

4. Experimentation 

This section is going to demonstrate and prove the 
efficiency of the new approach on five datasets: traffic data, 
breast cancer, breast tissue, heart, and the iris. Moreover, 
we compared the processing performance of the new K-
NN with the classical one. The predicted accuracy was 

measured by using k-fold cross validation. 

4.1 Graphical Representation of Real 
Datasets before Applying Correlation 
Coefficient 

Figs. 4-8 show the former shapes of the datasets traffic 
data, breast cancer, breast tissue, the iris, and the heart, 
respectively. This paper also uses principle component 
analysis to analyze the relationships among objects for 

Table 1. Features and Absolute Values of Five Datasets.

Breast Cancer Traffic Data Breast Tissue Iris Heart 
Attribute 

Name 
Absolut
e Value 

Attribute 
Name 

Absolute
Value

Attribute
Name

Absolute
Value

Attribute
Name 

Absolute 
Value Attribute Name Absolute 

Name
Clump Thickness 0.85 Rush Hour Time 0.67 I0 0.88 Sepal Length 0.82 Age 0.60 
Uniformity of Cell 

Size 0.90 Number of Car 0.99 PA500 0.17 Sepal Width 0.23 Sex 0.65 

Uniformity of Cell 
Shape 0.90 Current Time 0.65 HFS 0.42 Petal Length 0.96 Chest Pain Type 0.70 

Marginal Adhesion 0.84 Kind of Day 0.63 DA 0.76 Petal Width 0.96 Resting Blood 
Pressure 0.58 

Single Epithelial 
Cell Size 0.84 Special Day 0.04 Area 0.66   Serum Cholesterol 0.56 

Bare Nuclei 0.90 Weather Condition 0.56 A/DA 0.62   Fasting Blood Sugar 0.49 

Bland Chromatin 0.87   Max IP 0.76   Resting 
Electrocardiograph 0.59 

Normal Ucleoli 0.85   DR 0.73   Maximum Heart Rate 0.29 
Mitoses 0.71   P 0.87   Exercise 0.70 

        Old peak 0.70 
        ST segment 0.84 
        Vessels 0.85 
        Thal 0.76 
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visualization purposes. Looking at Fig. 3 in detail, it has 
three traffic conditions (Green, Yellow, and Red). Green 
means no traffic tie-ups, Yellow is an awareness situation, 
and Red shows that there is a heavy traffic jam. In Fig. 4, 
we can see that there are two states: benign and malignant. 
Red means no breast cancer, and blue means a person has 
cancer. Fig. 5 is about breast tissue. It has six conditions: 
Red is car, pink means Fad, yellow defines Mas, blue is 
Gla, green is Con, and purple represents Adi. Fig. 6 talks 

about the iris dataset, which has three conditions. Those 
are Iris-setosa, Iris-versicolor, and Iris-virginica. The last 
dataset is on the heart, as shown in Fig. 7 with two class 
types: Absence and Presence. 

4.2 Graphical Representation of Real 
Dataset after Applying Correlation 
Coefficient 

Figs. 9-13 illustrate the structure and shape of the five 
datasets after applying the correlation coefficient. The 
most obvious dataset is traffic data. It is obvious that the 
new dataset is clearer than the old one. The second obvious 
one is the iris dataset. Some noisy features are removed, 
which makes the clustering process provide the right 
decisions and the right classifications for the same 
counterparts. 

4.3 Graphical Representation of Correct 
Classifications of Observed Instances 

Figs. 14-18 are scatterplots for visualizing the 
classification of observed instances into the right class. In 
these figures, there are two kinds of circle: filled and 
unfilled. A filled circle denotes the training dataset, and an 

 

Fig. 4. Traffic dataset before applying correlation 
coefficient. 

 

 

Fig. 5. Breast cancer dataset before applying
correlation coefficient. 

 

  

Fig. 6. Breast tissue dataset before applying
correlation coefficient. 

 

 

Fig. 7. Iris dataset before applying correlation 
coefficient. 

 

 

Fig. 8. Heart dataset before applying correlation 
coefficient. 
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unfilled circle indicates an observed or predicted instance. 
Different colors signify the different class types.  

We see in Fig. 14 a green, filled circle represents traffic 
in the Green state; a yellow, filled circle is traffic in the 
Yellow state; and a red, filled circle indicates traffic at Red 
status. In the lower left corner, an unfilled circle with a 
green border is mostly close to a green, filled circle. That 
means an observed instance, which belongs to class type 
Green, was correctly classified as traffic at Green status. 

4.4 Performance Comparison of the 
Proposed Approach 

In this section, we prove the performance of the 
proposed approach by comparing it with classical K-NN in 
processing-time performance as well as with density peaks 
clustering based on K-NN and PCA proposed by Du et al. 
in 2016 [4] for prediction accuracy. However, the core 
objective of this paper is emphasizing processing time 
enhancement as a reason for balance between the 
efficiency of the algorithm only being in classification 
accuracy and the lack of processing-time efficiency. For 
this weakness in the K-NN algorithm, this paper has 

successfully filled it by making a speedy decision. Table 2 
illustrates this and compares the processing-time 
performance of our new approach with classical K-NN. 
We can clearly see that the processing-time performance 
of the proposed approach for breast tissue was 5.8 times 
faster (588%) than the old one. For traffic data, the 

 

Fig. 9. Traffic dataset after applying correlation
coefficient. 

 

 

Fig. 10. Breast cancer dataset after applying
correlation coefficient. 

 

 

Fig. 11. Breast tissue after applying correlation 
coefficient. 

 

 

Fig. 12. Iris dataset after applying correlation 
coefficient. 

 

 

Fig. 13. Heart dataset after applying correlation 
coefficient. 
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proposed approach can estimate about 4.19 times 
faster(419%) than the old one. In this case, there is a 
reason why the system could predict at a different 
processing time rate because that dataset is formed with 
different shapes, different attributes, different attribute 
values, and different properties. Therefore, in prediction 
speeds for breast tissue, traffic data, the iris, and the heart, 
breast tissue and iris datasets were faster than for breast 
cancer. Based on these facts, the processing times of each 

dataset are different from each other. Breast cancer has 
nine attributes, but the iris dataset has only four attributes. 
Additionally, the proposed approach could improve 
processing-time performance of the K-NN algorithm 
without decreasing prediction accuracy.  

After demonstrating the system’s processing-time 
performance, the prediction accuracy was also measured 
by using four-fold cross validation, precision, recall value, 

 

Fig. 16. Illustration of correct classification of breast 
tissue data. 

 

 

Fig. 17. Illustration of correct classification for iris data.
 

 

Fig. 18. Illustration of correct classification for heart 
data. 

 

Fig. 14. Illustration of correct classification for traffic 
data. 

 

  

Fig. 15. Illustration of correct classification for breast 
cancer data. 

 
Table 2. Comparison of Processing-Time Performance 
of Classical and New K-NN. 

Dataset Amount of Data 
(KB) 

Processing Time  
(Milliseconds) 

  
Amount  

×  
No: of instance 

Classical 
K-NN 

Proposed 
K-NN 

Improvement
Ratio 

Breast Tissue 58× 122 94 16 588% 
Traffic Data 81× 600 134 32 419% 

Iris 221× 150 94 31 303% 
Heart Statlog 55× 271 141 47 300% 
Breast Cancer 92× 700 282 185 152% 
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and F-measure. Tables 3 and 4 show a comparison 
between classical K-NN and our new approach by utilizing 
k-fold cross validation on the five datasets: breast tissue, 
traffic, the iris, the heart, breast cancer, and traffic data. It 
can be clearly seen that the new K-NN unexpectedly did 
better in each prediction of the five datasets, compared 
with the old one. By exploring detailed analysis, the four-
fold cross validation of breast tissue shown in Table 3 with 
100% points out how the new approach could predict 
exactly right, compared with the average accuracy for 
breast tissue in Table 4 at 76%. Another big improvement 
with the new K-NN can be seen in the experiment with the 
breast cancer dataset, with 100% accuracy, whereas the old 
one estimated with 95% exactness. According to these two 
tables, the density-based K-NN could estimate four 
datasets at 100% and one dataset at 95%, but the classical 
one was able to predict only three datasets at 100% and 
two datasets at 76% and 96%. The most obvious evidence 
is the average accuracy of the five datasets, shown in the 
last row of Tables 3 and 4. The average accuracy of 
density-based K-NN is 99.2%, whereas the classical K-NN 
is 94.4%. 

After verifying the efficiency of the new approach by 
applying four-fold cross validation, other measurements 
(precision, recall, and f-measure) were also utilized as 
more evidence for prediction capability. As shown in Fig. 
5, these measurements also demonstrate the correctness of 
the new approach for the five datasets, with 100% 
accuracy. 

Besides, we compare the performance accuracy of 
Plurality Rule-based Density (PRD) with Density Peaks 
Clustering based on K-NN and Principal Component 

Analysis (DPC-KNN-PCA) by measuring the average 
accuracy of five different UCI datasets as shown in Table 
6. In this comparison, it is obvious that PRD algorithm has 
a better performance than DPC-KNN-PCA algorithm has a 
better performance than DPC-KNN-PCA. By looking at 
details in average accuracy, PRD has a better estimation 
with 99.2% accuracy, whereas DPC-KNN-PCA can 
predict with 81.05 accuracy. 

5. Conclusion 

In this study, we propose a new classification approach, 
correlation coefficient–based clustering and plurality rule–
based density for K-NN, aimed at upgrading the 
processing-time performance and prediction accuracy of 
the classical K-NN algorithm. The efficiency of the new 
approach was demonstrated by comparing its prediction 
speed with the old one. In this case, the new approach 
could speed up the prediction process by five times, four 
times, three times, three times, and two times for breast 
tissue, traffic data, the iris, the heart and breast cancer, 
respectively. Besides, the density-based K-NN could 
maintain, as well as increase, the prediction accuracy of 
classical K-NN to 99.2% from 94.4% by taking advantage 
of density properties. Moreover, we proved the efficiency 
in prediction accuracy of our new approach by comparing 
it with the DPC-KNN-PCA algorithm. Thus, the evidence 
discussed above points out that the new approach 
significantly improves the capability that K-NN needs to 
be a smart algorithm. For future work, we are going to 
focus on obtaining higher processing speed for each 
processing phase, providing a more accurate estimation 
capability for a variety of datasets. 

 

Table 5. Plurality rule-based density for K-NN 
measured by precision, recall and F-measure. 

Dataset Precision Recall F-measure 
Breast Tissue 100% 100% 100% 

Traffic Prediction 100% 100% 100% 
Iris 100% 100% 100% 

Heart  100% 100% 100% 
Breast Cancer 100% 100% 100% 
 

Table 6. Performance Comparison of PRD-KNN and DP-
KNN-PCA over five different data sets. 

PRD-KNN DPC-KNN-PCA 
Data set Accuracy Data set Accuracy

Iris 100% Iris 88% 
Heart 100% Heart 82.59% 

BreastCancer 96% IED Digits 67% 
TrafficData 100% Seeds 91.43% 
BreastTissue 100% Pen-based Digits 76.23% 

Average 
Accuracy 99.20% Average 

Accuracy 81.05% 

Table 3. Accuracy of density-based K-NN using four-
fold cross validation. 

Dataset Exp1 Exp2 Exp3 Exp4 Overall 
Accuracy

Breast Tissue 100% 100% 100% 100% 100% 
Traffic 

Prediction 100% 100% 100% 100% 100% 

Iris 100% 95% 95% 94% 96% 
Heart  100% 100% 100% 100% 100% 

Breast Cancer 100% 100% 100% 100% 100% 
Average 
Accuracy     99.2% 

 
Table 4. Accuracy of classical K-NN using four-fold 
cross validation. 

Dataset Exp 1 Exp 2 Exp 3 Exp 4 Total 
Accuracy

Breast Tissue 50% 100% 100% 52% 76% 
Traffic Data 100% 100% 100% 100% 100% 

Iris 100% 100% 100% 100% 100% 
Heart  100% 100% 100% 100% 100% 
Breast 
Cancer 90% 95% 98% 99% 96% 

Average 
Accuracy     94.4% 
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