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Abstract 
In current years, key inventions in Neuro Inference System research have transformed the machine learning background from an 
engineering perception. Neuro Inference System is hominid ready information handling systems that are grown up extensively in 
the last thirty years. The proposed work uses the Hybridized Distance function along with different distance functions viz. Euclid-
ean, Canberra and Chebyshev function in Learning Vector Quantization (LVQ) algorithm and observes the clustering results in 
Breast Cancer dataset.  In this work, we use the Supervised Learning Vector Quantization technique on hybrid distance function 
which work in both supervised as well as unsupervised modes and it is a heuristic search technique based on the patents available. 
The data sets have been taken form Medical Science for providing learning and examining. It increases the effective finding of 
diseases by using various data classification methods. Thus, it modifies the Neuro Inference System algorithm to improve its per-
formance. The experimental work is simulated with simulation software MATLAB 7. After a comparative analysis of the results, it 
observed that the Hybrid LVQ is more accurate as compared to Canberra and conventional Euclidean Distance. The proposed 
Hybrid LVQ performance is enhanced up to 90.6% from 87.1% of Canberra Distance. It shows that Canberra gives the minimum 
distance between points from centroid as compared to Euclidean and Chebyshev Distance Function. The proposed Distance Func-
tion method gives the minimum distance of points from centroid as compared to Canberra Distance Function. 

 

Keywords: Machine Learning, Learning Vector Quantization, Artificial Intelligence, Chebyshey Function 

 

1. Introduction 
Artificial Neural Network is a type of neural network which challenges to intimate the way hominid brain 
works [1]. Neural Network aims to get the human ability to adapt the change quickly and behave based 
on changes of data. The data may be result of researchers' efforts from market analysis and patient anal-
ysis. Neural network [2,3] utilizes only raw data to predict the result of the problem like diagnosis report 
of patient, history of past sales and prices in market. ANNs is made up of interconnections between neu-
rons called network architecture [4]. The training of an architecture aims to adjust the system and re-
spond which is based on input provided to system. The architecture of network describes that how nodes 
are connected to each other and responsible for communication among nodes. Training is provided to 
the system for the setting of weight on them. The node with higher weight has more value and node with 
low weight is less valuable. These weights are responsible for finding the similarity and dissimilarity. 
The nodes acclimatize the pattern and find a match for it. The activation function is amenable for the 
output of neuron.  
In recent years, key inventions in Neuro Inference System of research have transformed the machine learn-
ing background from an engineering perception. Neuro Inference System is hominid ready information 
handling systems that are grown up extensively in the last thirty years. And it is important to understand 
the combining results of machine learning algorithms which could improve the training by using various 
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tools for actions. So, the proposed work uses the Hybridized Distance function along with different distance 
functions viz. Euclidean, Canberra and Chebyshev function in Learning Vector Quantization (LVQ) algo-
rithm and observes the clustering results in Breast Cancer dataset. In this work, we use the Supervised 
Learning Vector Quantization technique on hybrid distance function which work in both supervised as well 
as unsupervised modes and it is a heuristic search technique. The data sets have been taken form Medical 
Science for providing learning and examining. Thus, it modifies the Neuro Inference System algorithm to 
improve its performance. The experimental work is simulated with simulation software MATLAB 7. After 
a comparative analysis of the results, it observed that the Hybrid LVQ is more accurate as compared to 
Canberra and conventional Euclidean Distance. The proposed Hybrid LVQ performance is enhanced up to 
90.6% from 87.1% of Canberra Distance. It shows that Canberra gives the minimum distance between 
points from centroid as compared to Euclidean and Chebyshev Distance Function.  
The further section of the article is categorized as provided: Section 2 discusses the literary works associ-
ated with this study. Section 3 explains the flow of the suggested work with the problem statement. Section 
4 analyses the behavior of our suggested work. Furthermore, at last section 5 is all about conclusion and 
future work. 
 
1.1 Network Architecture 
The network architecture of ANN can be categorized as follows:  
 
Feed Forward Network: As the name suggests, this type of network has only forward flow of infor-
mation in the network layer. The artificial neurons can be arranged in a multi -layered manner having 
input, hidden and output layers [5]. A weight value is associated between these neurons to interconnec-
tions. The neurons layer shown in Figure 1 is responsible for taking the input from predecessor layer 
and converting it into output for the successor layer is named as Hidden Layer.  
 
 
 
 
 
 
 
 

Figure 1. Structure of Feed Forward Neural Network 
 
Competitive Network: Neurons, which are close to each other, represent similarity in this type of net-
work [6,7]. Output nodes(y) compete with other output nodes and represent input patterns. It is not 
necessary that each output layer should be completely connected to each other. They may be connected 
to the nearest node. This type of network is used to match and predict touch, smell, voice, vision etc.  
Figure 2 shows the architecture of competitive networks.  
 
 
 
 
 
 
 
 
 
 
 

Figure 2. Competitive Networks 
 
Recurrent Network: Each input and output unit are connected to all other units. Each unit works as 
input and output and the flow of information is sequential [8]. Connections between units form a directed 
cycle. Figure 3 shows the architecture of recurrent networks. 
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Figure 3. Recurrent Networks 

 
Activation Function: It defines the output of the input provided to that node [9]. It is applied with input 
signal to obtain response. 
Weight: It refers to the strength or amplitude of a connection between two nodes. It is denoted by w.  
Sigmoidal Function: Sigmoid function is also called squashing function. It is used in neural network to 
give real-valued output based on logistic neuron which is a smooth and bounded function of their total 
output. This function is formulated as below equation.  

𝟏

𝟏+𝐞−𝐱             (1) 

 
Its' output boundaries lie between (0, 1). 
Calculation of net input using Matrix Multiplication Method. 
Threshold: The beginning level afterward neuron is made to fires in network structure.  
 

2. Literature Review 
In this Section, various topics and research papers have been reviewed which are related to this work. First, 
descriptive learning models for neural networks (NN), historical developments in neural network (NN) 
learning, neural network learning algorithms and their tasks, data mining techniques using ANNs used to 
improve accuracy, and data relevance.  
In addition, we have reviewed the work implemented in the algorithm for research purposes. Next, we ex-
plored the use of distance in distance searches. Finally, the ANN algorithm for pattern classification was 
checked. 
 
2.1. Fundamental Models of ANN 
The development of neural networks began with the development of the most famous model, the McCul-
loch-Pitts model [10]. Learning in network systems was first introduced by Hebb, known as the 
"Hebbian Learning Rule", and these models were considered the most dominant models. 
 
Mc-Cullous-Pitts Neuron Model:  
 
 
 
 
 
 
 
 
 
 
 

Figure 4. Diagram showing architecture of McCulloch-Pits Neuron 
 
The most popular and widely used neuron model as per the work of McCulloch and Pitts, shown in Fig-
ure 4. Binary 0 and 1 states are possible in this model. Neurons are assigned by weighted path. This path-
way can be excitatory or inhibitory. Excitatory coupling pathways are those with positive values and inhib-
itory pathways are those with negative values. The neurons in this model are linked to thresholds. In the 
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diagram above, Y is a McCulloch-Pitts neuron that accepts signals from other neurons. A neuron with con-
nection weight W is excitatory, and the connection weights of neurons from xn to xn+m are inhibitory, de-
noted by w. In this case Y has an activation function 
 

F(y)= {
𝟏 𝐢𝐟 𝐲 ≥  Ω
𝟎 𝐢𝐟 𝐲 ≤ Ω

               (2)    

Where Ω is threshold value .  

2.2. Transfer Function 

The output is decided by the internal activation of neuron. Transfer function expresses the relationship 

in order to satisfy some problem specialization which is meant for the neuron to solve. Following Table 

1 shows the most commonly transfer functions [13]. 

 
Table 1. Summary of Different Versions of LVQ 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

2.3. Performance Evaluation 
The performance can be assessed by estimating its accurateness and efficiency for future prediction. The 
simplest method in the series is holdout, which aims to make a training set and test set (also known as 
holdout set) [14]. It aims to minimize the bias linked with training and holdout data. Here, we primarily 
discuss key Performance Evaluation Techniques. 
 
K-Fold Cross Validation 
Whole data operations are done k times. The overall accuracy of a system is calculated by averaging the 
k individual measures. 

Implementations of 
the LVQ   

Modification 

LVQ 1 

A single BMV (best matching vector) is 
selected and relocated nearer or more 
away from each data vector if class la-
bels of selected vector matches. 

OLVQ1  
(Optimized LVQ1) 

This version is identical to LVQ1, in ad-
dition with every codebook vector has 
its own learning rate 

LVQ 2.1 

Two BMV's are selected arbitrarily and 
only updated if one belongs to the 
looked-for class and the distance frac-
tion is inside a defined window 

LVQ 3 

LVQ 3 is extension to LVQ 2.1 but 
matched vectors are adjusted by an ep-
silon value (adjusted learning rate as an 
alternative of the global learning rate) 

OLVQ (Optimized 
LVQ3 

This version of algorithm is combina-
tion of LVQ 3 and OLVQ1 as every code-
book vector has its learning rate  

Multi-Pass LVQ 

This model is proposed by using all 
above versions of the algorithm (Ko-
honen) where first pass is made on the 
model using OLVQ1, then a long fine 
tune pass is made with any of LVQ1, 
LVQ2.1 or LVQ3 

Hierarchal LVQ 

This is concept where basic LVQ model 
is built and each codebook vector is 
considered as a centroid of group. All 
codebook vectors are estimated and 
out of them few are selected as candi-
dates for sub-models.  
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Accuracy = 
𝟏

𝐤
∑ 𝐀𝐢

𝐤
𝐢=𝟏            (3) 

Where k is a number of splits or folds used and A is accuracy. 
 
Confusion Matrix 
The concept of a Confusion matrix was given by Kohavi and Provost in 1998, which describes the 
knowledge regarding actual and predicted values of classifications and evaluation of systems. This is 
done by using the data exist in the matrix.  Table 2 Represent the Confusion matrix as follow. 
 

Table 2. Confusion Matrix 

Predicted/Actual Negative Positive 

Negative P(TP) Q(FN) 

Positive R(FP) S(TN) 

 

Terminologies for the two-class matrix: 

Accuracy (AC): Accuracy can be calculated as total number of cases that prediction is correct.  

       AC = 
𝐩+𝐬

𝐩+𝐪+𝐫+𝐬
           (4) 

True Positive (TP): The cases from input data in which prediction is positive and actual result is also 

positive. 

       TP = 
𝐬

𝐫+𝐬
            (5) 

 

False Positive (FP): The cases in which prediction is positive but does not belong to positive case 

       FP = 
𝐪

𝐩+𝐪
            (6) 

True Negative (TN): The cases from input data in which prediction is negative and actual outcome is 

also negative. 

       TN = 
𝐩

𝐩+𝐪
           (7) 

False Negative (FN): Cases in which prediction is negative but they actually belong to positive case.  

 

       FN = 
𝐫

𝐫+𝐬
            (8) 

 

Precision (P): The Positive Predictive Value or Precision is the proportion of the positive cases pre-

dicted which were correct. 

       P = 
𝐬

𝐪+𝐬
             (9) 

At initial level, the arrangement is made by the predefined topology function in physical positions. Cal-
culations are done based on the distance from their positions with the predefined distance measuring. 
This map detects a wining neuron i* and weight [15]. Updating is performed by using recognizing neigh-
bor neurons within a definite neighborhood sector Ni*(d). All such neurons I Ni*(d), are specifically ad-
justed as follows: 

 

w(q) = w (q-1) + α [p(q) – I w (q-1) ]       (10) 

w(q) = (1- α I w (q-1) + α p(q))        (11) 

 

The Neighbourhood neuron Ni* (d) possesses the indices for all of the neurons which lie  

http://www.svedbergopen.com/ijaiml


www.svedbergopen.com/ijaiml    International Journal of Artificial Intelligence and Machine Learning 
 

 

Vol.6, No.8s, 2026                       403 

     within a radius d of the winning neuron i* 

Ni (d) = {j, dij ≤ d}           (12) 

Therefore, when a vector p is offered, the weights are updated for winning neuron and it deviates to-
wards p. After much repetitive iteration, the neighbouring neurons contain learned vectors. Data to neu-
ral network is fed by Batch algorithm prior to any update occurs to the weights. Algorithm determines 
the winning neuron of iteration. Now, weight vector of winning neuron moves towards the average loca-
tion of input vectors’ set.  

 

2.4. Self Organizing Map Architecture 

 

 
Figure 5. Self-Organizing Map Architecture 

 

Here, the architecture in Figure 5 resembles unbiased competitive learning. Competing transfer functions 
produce the value 1 for each output element ai 1 for the winning neuron i*. Any remaining output elements 
present in a1 are now evaluated at 0. As the neurons mentioned above are close to the winner neuron 
which is modified together with the winner neuron [16]. Different topologies the  of neuron can be se-
lected and apply different distance formulas to identify which neurons are closer to the winning neuron. 
 
2.5. Learning Vector Quantization (LVQ) 
LVQ is a technique for statistical data clustering that can highlight the quality of a classifier's decision re-
gion by slightly shifting the class information towards a "Voronoi vector". LVQ transforms a large set of in-
put vectors. This is a modified version of Self-Organizing Maps (SOM). This method by which LVQ works 
is described below. First, an input vector x is randomly selected from the input space [17,18]. If the class la-
bel belongs to the input vector x and the Voronoi vector w matches, the Voronoi vector w is shifted towards 
the input vector of x, and if the class label does not belong to the input vector, the Voronoi vector leaves. 
From what is shown in Figure 6, the x-shifted input vector is shown. 

 

Figure 6. Voronoi Space Involving Four Cells 
It provides a good approximation method for computing the Voronoi vectors by the synaptic weight vec-
tors which are approximated shown in Figure 7. The first stage is the computation of the feature map for 
adaptive pattern classification and the second stage for fine tuning of the class boundaries [19]. 
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Figure 7. Adaptive Pattern Classification using SOM and LVQ 
 
2.6. Architecture and Operations 
The LVQ architecture networks is related to Kohonen Self-Organizing Neural Networks and Competitive 
Learning Networks. Topological order is not preserved. In LVQ networks, known class is there for each out-
put unit [20].  Training begins with the design of codebook vectors. Figure 8 below shows the architec-
ture of a two-layer LVQ neural net. The first layer, called the competition layer, allows us to extract the 
classifier and classify the input vector. The second layer, called the linear layer, maps classes to their re-
spective user-defined target classifications. 

 

 

Figure 8. Architecture of Learning Vector Quantization Networks 

 

The steps for initialization of reference vectors are: 
Select first ‘m’ training vectors and use them as weight vectors. The rest of the vectors are used for the 
purpose of training. Now, weight and random initial are assigned to the reference vectors and class re-
spectively. 
 
2.7. Supplemental LVQ 
LVQ 2 Learning Rule: This variant of LVQ is based on heuristic training scheme which goals to increase 
efficiency of an algorithm in respect to convergence rate and better approximation of Bayesian decision 
boundaries [21]. The basic idea behind Bayesian decision boundaries is to choose the class which has the 
smallest expected loss. The classification is used in this is identical to LVQ1. At first, in the Learning phase 
of an algorithm mp and mq are two codebook vectors and close neighbors of x and update their weight 
simultaneously. Out of them mp must be in the same class and the other mq to a different class, respec-
tively, where x resides around the midplane of mi and mj. Distance of x from codebook vectors mp and mq 
is calculated and analyzed by the distance formula name Euclidean Distance [22]. The midplane, where 
x resides, known as ‘Window’ of relative width w if  
 
min (

𝐝𝐢

𝐝𝐣
,

𝐝𝐣

𝐝𝐢
) > s, where s = 

(𝟏−𝐰)

(𝟏+𝐰)
     (13) 

In general, the relative width of midplane calls ‘window’ w varies from 0.2 to 0.3.  Then, equation of the 
algorithm: 
 
mp  (t + 1) = mp (t) - α(t) [x(t) - mi (t)]     (14) 
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mq  (t + 1) = mq(t) + α(t) [x(t) - mj (t)]     (15) 
 
Where mp and mq are the two closest codebook vectors to x, where mq and x are of the same class, while 
mp and x are of different classes respectively.  
 
LVQ 3 Learning Rule: The LVQ3 algorithm was introduced to ensure the shifting of vector to some large 
distance that the mi continues to approximate the class distributions. 
 
mk (t + 1) = mk (t) + epsilon (t) [x(t) - mk (t)]    (16) 
 
For k in {i,j}, if x, mi, and mj belong to the same class. Epsilon range may vary between 0.1 and 0.5. The 
adjusted learning rate is the Epsilon range. The version of algorithm has a feature to stabilize itself in con-
tinual learning. 
 
As various topics have been reviewed based on research which are related to this work. After reviewing, 
it is clear that the performance of Canberra distance function is limited to a dataset which is closer to 
zero. Hence, there are limitations observed in Canberra distance function which is further discussed in 
problem statement. The framework of future networks must be dependent on hybrid techniques, which 
integrate various networks with the internet backbone. The existing works indicate that a huge number of 
retransmission of data happens. The data is retransferred over a similar path that causes receiver buffer 
blocking.  
 
3. Problem Formulation and Methodology 
3.1. Problem Statement 
The performance of Canberra distance function is limited to a dataset which is closer to zero. Hence, 
there are two limitations observed in Canberra distance function. 
1. Use of Canberra distance is limited to datasets having the characteristic similar to features of Canberra 
distance measure.  
2. It uses the only categorical data and there can be continuous data in some scenarios.  
3. The simulation can be implemented by other data mining techniques in order to obtain better diag-
nostic outcomes. 
 
3.2. Methodology 
In this dissertation, work on LVQ algorithm by applying different distance functions and analyses of their 
accuracy has been focused. The second part of this thesis is the application of Hybridization with the 
most widely used classification techniques used and that is the k-means algorithm.  The first part of the 
proposed work uses medical dataset from UC Irvine Machine Learning Repository (UCI). The second part 
of the proposed work employs random data generated for pattern classification. One of the most im-
portant issues in using the conventional. 
 
Euclidean Distance is below described. 
a) Euclidean may not perform well if data is at origin. 
b) Canberra distance works only if data is at origin.  
 
Thus, we propose Hybrid methods as possible substitutes for the conventional Euclidean distance func-
tion in pattern classification with LVQ. 
The main objective of this methodology is to analyses the accuracy of Hybrid method with LVQ and k -
means in Clustering problems, and evaluate them under specific conditions. 
 
3.3. Distance Function and its Uses 
The selction of distance function plays an significant role in Categorization. The motive of any Categoriza-
tion function is to contain integration of similar object from a group of homogeneous objects. The Catego-
rization finds out objects which have the shortest distance from each other. [23]. The choice of distance 
function is very difficult as there are many cases, where other distance function may give better outcomes 
of distance. So, it cannot be mentioned that distance function X is better than Y and distance function Z is 
more effective than There is another point to remember that while opting for distance function is there are 
continues and categorical both types of data. Distance measures are also depending on type of data. In 
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Learning Vector Quantization, To measure the distance between the weighted vector and input vector, Eu-
clidean distance function is used. 
 
3.4. Design of Hybrid Distance Function 
In this work, we have proposed a hybrid function that is used in LVQ algorithm. This function is devel-
oped by combining various other functions. In the literature, it is found that the existing LVQ algorithm 
obtain the distance between input and weight vector by using below mentioned functions. 
 
Canberra Distance Function: 
This function is used whenever the data is present near to origin and we want to find the distance be-
tween two points. When the canberra distance function has rectangular function then it returns true. 
Otherwise it returns false as output [24,25].  

D Canberra (p, q) = ∑
|𝐩𝐢− 𝐪𝐢|

|𝐩𝐢|+|𝐪𝐢|

𝐧
𝐢=𝟎          (17) 

Where, p and q are points. The Canberra distance itself not lies between 0 and 1. The term become unity 
if one of the coordinates is 0 and distance will not be affected. When both coordinates are 0, we need to 
be states as 0. The Canberra distance is extremely sensitive [26] to a minor modification when both of 
the coordinate is close to 0. 

 

 

Figure 9. Canberra Distance Function 

 

In this figure 9 (a), the pattern on the vector space is almost tetra gram with lines nearer to each other 
at two ends. These lines never cross to each other and their coordinates are zero. These lines are not 
parallel to each other. This figure is drawn with sink at middle point. The core of blue section in this 
figure denotes the quadrilateral pattern of similar data. The figure shows that the Canberra distance 
makes a quadrilateral shape for similar data on vector whereas Euclidean distance [27] makes concentric 
circles around the center. 
 
Euclidean Distance Function: 
The function used for identifying distance between two points which are lie on a straight line [28]. The 
formula for Euclidean distance shown in figure 10 is as follows: 
 
Euclidean (p,q)= d(q,p) =√∑ (𝐪𝐢 − 𝐩𝐢)

𝟐𝐧
𝐢=𝟏        (18) 

 
Where, p and q are points in Euclidean space. 
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Figure 10. Euclidean Distance Function 
 
Chebyshev Distance Function: 
This function calculates the distance by considering the absolute difference between coordinates of two 
points.  The distance is in concentric squares around the center only when the sink is on the center. 
Figure 11(a) shows square pattern on vector whereas figure 11 (b) showing square patterns in blue re-
gions plotted in 2-dimensional region[29].  
D Chebyshev (p, q) = 𝐦𝐚𝐱

𝐢
(|𝐩𝐢 − 𝐪𝐢|)        (19) 

Where, p and q are vector space or called as points. 

 

Figure 11. (a) Image on Vector 

 

Figure 11. (b) Chebyshev Distance Forming Concentric Squares (Blue Regions) 

 

We have a coordinate value of two objects denoted with O say A and B and features denoted with F1 to 

F5 as shown in table 3 below the object that doesn’t possess features is dictated as (Not Available) NA.  

 
Table 3. Objects with Features 

F/O F1 F2 F3 F4 F5 

A 0 3 4 5 NA 

B 7 6 3 1 NA  
Both objects A and B have 4 features. 
 
Now, the Euclidean distance (Dab) between object A and object B is  
Dab=  √(0 − 7)2 + (3 − 6)2 +  (4 − 3)2 +  (5 + 1)2   

 = √49 + 9 + 1 + 36 = 9.747 
 
Chebyshev Distance (Dab) between object A and object B is Dab =max {|0-7|, |3-6|, |4-3|, |5+1|} =max {7, 3, 
1, 6} = 7 
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Canberra Distance (Dab) between object A and object B is  
Dab = 

𝟎−𝟕

𝟎+𝟕
 +

𝟑−𝟔

𝟑+𝟔
+

𝟒−𝟑

𝟒+𝟑
+

𝟓+𝟏

𝟓+𝟏
 = 2.467 

3.5. Proposed Hybrid Model 
In the hybrid model, we have proposed a distance function by combining the Canberra[30], Chebyshev 
and Euclidean distance function. This function finds distance as follows:  
Dmax1  = max (dCanberra, dChebyshev)        (20) 
Dmax2  =max (dmax1, dEuclidean)         (21) 
DHybrid = max (dmax2)          (22) 
 
The above equation gives the Hybrid Distance formula.  
Dmax1= max (9.747, 7) = 7 
Dmax2= max (7, 2.467) = 2.467 
Dmin2= max (7, 2.647) = 2.46 
4. Experimental Analysis 
As discussed in Literature Survey, MATLAB’s Neural network Clustering Tool has been used to apply the 
Batch Unsupervised weights SOM algorithm [31] (trainbuwb) over the Cancer dataset (stored in file can-
cer.txt), which contains 768 samples with 9 columns. The network was trained with 200 epochs / itera-
tions. Various plottings using MATLAB-NCTOOL for cancer Dataset are shown in figure 12, figure 13, 
figure 14 and figure 15 respectively. 

 

 

Figure 12. SOM Topology in MATLAB-NCTOOL for cancer Dataset 
 

 
Figure 13. SOM Weight Connections in NCTOOL for cancer Dataset 

 

 

Figure 14. SOM Weight Planes in MATLAB-NCTOOL for cancer Dataset 

http://www.svedbergopen.com/ijaiml


www.svedbergopen.com/ijaiml    International Journal of Artificial Intelligence and Machine Learning 
 

 

Vol.6, No.8s, 2026                       409 

 
Figure 15. SOM Sample Hits in MATLAB-NCTOOL for cancer Dataset 

 
4.1. Simulation of Work with Cancer Dataset 
Here, we simulate and analyze the performance of algorithm with conventional Euclidean, Canberra, 
Chebyshev [32] and Hybrid method as proposed method. A Confusion matrix and ROC curve have been 
plotted for algorithm with each distance function. Various ROC Curve plotting with different distance 
functions are shown in figure 16, figure 17, figure 18 and figure 19 respectively. Confusion Matrix for 
aapplication of LVQ with Euclidean Distance computed in Table 4.  

 
Table 4. Confusion Matrix for Euclidean Distance with Cancer Dataset 

PC/AC 

Generated confusion matrix with cancer dataset for Canberra distance 

Negative Positive Rates 
Negative True Negative (TN) 

225(35.8%) 
False Positive (FP) 
0(0.0%) 

100%(TNR) 
0.0%(FPR) 

Positive 
False Negative (FN)  
2 (0.3%) 

True Positive 
(TP) ,402(63.9%) 

99.5%, 
0.5% 
 
 

Rates 
Negative Predictive Value 
99.1%,0.9% 

Precision 100%,0.0% Accuracy 
99.68% ,0.32% 

 

As per Confusion Matrix plot retrieved for Euclidean Distance function is observed in the below men-
tioned data:  
Negative Cases: 212 (212+0) out of 629 (33.7%)   
a) TNR = TN / TN + FP   = 212/212which is100%. 
b) FPR = FP / TN + FP = 0/212 = 0.0%. 
Positive Cases: 614(212+402) cases of 629 (97. 3%)  
a) FNR = FN / FN + TP = 15/417 = 3.59%  
b) TPR = TP / TP + FN = 402/417= 96.40% ~ 96 %  
Precision (P) =TP / FP + TP = 402/ (0+402) = 100% 
Accuracy (AC) = TN+TP/TN+FP+FN+TP 
= (212+402) / (212+0+15+402)  
= 614/629= 97.6% ~ 97.6%. 
Here TPR rise up to 0.96. 
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Figure 16. Euclidean Distance ROC curve on cancer Dataset Confusion Matrix for application of 
LVQ with Canbera Distance on Cancer Dataset are show in Table 5. 

 
Table 5. Confusion Matrix for Canberra Distance with Cancer Dataset 

PC/AC 
Generated confusion matrix with cancer dataset for Canberra distance 

Negative Positive Rates 

Nega-

tive 

True Negative (TN) 

225(35.8%) 

False Positive (FP) 

0(0.0%) 

100%(TNR) 

0.0%(FPR) 

Posi-

tive 
False Negative (FN) 2 (0.3%) 

True Positive (TP) 

402(63.9%) 
99.5% 0.5% 

Rates 
Negative 

Predictive Value 99.1%,0.9% 
Precision 100%,0.0% 

Accuracy 

99.68% ,0.32% 

 

As per Confusion Matrix plot retrieved for Canberra Distance function is observed in the below men-
tioned data:  
1. Negative Cases: 225 (225+0) out of 629 (35.8%)   
a) TNR = TN / TN + FP 
= 225/225 which is 100%.  
FPR = FP / TN + FP= 0/225 = 0.0% 
Positive Cases: 627(225+402) cases of 629 (99.68%)  
FNR = FN / FN + TP =2/404 = 0.4%  
TPR = TP / FN + TP = 402/404= 99.50 ~ 99.50 %  
Precision (P) = TP/TP+FP = 402/ (402+0) = 100% 
Accuracy (AC) = TN+TP/TN+FP+FN+TP 
 = (225+402) / (225+0+2+402) = 627/629  
= 99.68% ~ 99.7% 

 

 

Figure 17. Canberra Distance ROC curve on cancer Dataset Confusion Matrix for application of 
LVQ with Hybrid Distance (Proposed Model) as shown in Table 6.  
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Table 6. Confusion Matrix for Hybrid Distance with Cancer Dataset 

PC/AC 
Generated confusion matrix with cancer dataset for Hybrid distance 

Negative Positive Rates 

Negative True Negative 

(TN) (226)35.9% 

False Positive (FP) 0(0.0%) 100 % (TNR) 

0.0%(FPR) 

Positive 
False Negative (FN) 

1(0.2%) 

True Positive (TP) (402) 

64.1 % 

99.75%(TPR) 0.25 

(FNR) 

Rates 
Negative Predictive 

Value 99.3%, 0.7% 

Precision 

100%,0.0% 

Accuracy 

99.84%,0.16 % 

 

As per Confusion Matrix plot retrieved for Hybrid Distance function, below mentioned parameter values 
are observed: First Observation for the function resultant confusion matrix[33] gives result equivalent 
to Canberra Distance Function. From second observation onwards obtained confusion matrix as shown 
above. Calculation is descripted based on above matrix below  
Negative Cases: 226 out of 629 = 35.9  
TNR = TN/TN+FP= 100%.  
FPR = FP/FP+TN = 0.0% 
Positive Cases: 628(402+226) out of 629 cases (99.84%) 
FNR = FN/FN+TP =1/403 = 0. 2%  
TPR = TP / FN + TP = 402/1+402 = 99.75%  
Precision (P) = TP/TP+FP= 100% 
Accuracy (AC) = TN+FP/TN+FP+FN+TP 
 = (628) / (629) =99.84% 

 

 

Figure 18. Hybrid Distance ROC curve on cancer Dataset 
 

Table 7. Confusion Matrix for Hybrid Distance with Cancer Dataset 

PC/AC 

Confusion matrix plot for Chebyshev distance on cancer dataset 

Negative Positive Rates 

Negative True Negative (TN) 

203(32.5%) 

False Positive (FP) 

0(0.0%) 

100%(TNR) 

0.0%(FPR) 
Positive 

False Negative (FN) 24 

(3.8%) 

True Positive (TP) 

402(63.9%) 

94.6% 

5.6% 
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Rates 
Negative Predictive 

Value 89.4.0%,10.6% 

Precision 100%,0.0% Accuracy 

96.2%, 3.8% 

 

As per Confusion Matrix plot retrieved for Chebyshev Distance function [34] is shown in table 7 as per 
below mentioned data: 
Negative Cases: 203 (203+0) out of 629 (32.27%)   
True Positive Rate (TPR) = TN/TN+FP 
= 203/203 which is 100%.    
False Positive Rate (FPR) = FP/FP+TN= 0/203 = 0.0 %.  
Positive Cases: 605(203+402) cases of 629 (96.18%)  
FNR =FN/FN+TP = 24/426 = 5.63%  
TPR = TP/ FN+TP= 402/426= 94.36 ~ 94 %  
Precision (P) = TP/ FP+TP = 402/ (0+402) = 100%  
Accuracy (AC) = TN+TP/TN+FP+FN+TP 
= (203+402) / (203+0+24+402) = 605/629 
= 96.18% ~ 96% 

 

 
Figure 19. Chebyshev Distance ROC curve between TPR and FPR on cancer Dataset 

 
4.2. Hybridization over k-means algorithm: 
Here, we apply hybrid on various other different metrics and calculate centroid between each applied 
distance function and hybrid distance function, which replaces the total squared distance function [35]. 
The outcome distance, which has been shown, is the distance retrieved from the hybrid function and it 
is the shortest one as compares to Euclidean, Canberra, Chebyshev [36,37]. The proposed work gives 
better results and a better way than existing methods of single function result. Figure 20 shows the clus-
ter distribution using K-Means. 
Algorithm: -  
Notations: - D-distance calculated by matrices.  
Input: V1, V2 – Point between these two the distance is calculated.  
1. Calculate distance with each distance metrics among V1 and V2.  
2. Calculate minimum of d among all distance matrices. 

 

Figure 20. Cluster Distribution using K-Means 
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4.3. Outcome of Analysis 
It is concluded from the experimental study that hybridization of distance function over LVQ gives im-
proved results as compared to usage of conventional Euclidean distance over LVQ. In the above experi-
ment and below table 8, it is noticed that hybrid distance method applied to k-Means algorithm produces 
crisp cluster and calculates minimum distance as compared to conventional K-Means algorithm. It is ob-
served from the below calculation table that the distance from centroid is better in proposed modifica-
tion over conventional K-Means and allows minimization of distances between cluster centers. 

 
Table 8. Comparison of Distance from Centroid over K-Means Algorithm 

 

 

 

 

 

 

 
 
 
4.4. Improvement over Canberra: 
Let a be the distance of centroid from Canberra distance (Minimum distance among Euclidean, Canberra 
and Chebyshev distance) 
 
Let b be the distance of centroid from Hybrid distance 
Improvement = 

𝐚−𝐛

𝐚
          (23) 

= 
2.8423−2.645

2.8423
*100 = 6.94 % 

As per the analysis, centroid distance using the Hybrid distance technique is always less than the distance 
rescued by using Euclidean, Canberra and Chebyshev algorithm.  
After the comparison of experimental results in the in this section, an increase by 6.94% in the overall 
accuracy of the algorithm is observed by providing the similar data set after execution of an algorithm, 
as shown in Table 9.  

 
Table 9. Comparison of Confusion Matrix Results Retrieve on Cancer Dataset 

Parameter 

Comparison of Distance 

function on Cancer Dataset 

 

Euclidean 
Can-

berra 

Cheby-

shev 

Hy-

brid 

 

Negative Case 
33.7% 35.7

% 

32.3% 35.9

% 

Positive Case 
97.6% 99.68

% 

96.18

% 

99.84

% 

False Negative 

Rate 

3.6% 0.4% 5.63% 0.2% 

True Positive Rate 
94.60% 99.50

% 

94% 99.75

% 

Accuracy 
97.68 99.68

% 

98.1% 99.84

% 

 

 Comparisons of Distance from Centroid  

Euclid-

ean 

Can-

berra 

Cheby-

shev 

Hybrid 

Cen-

triod 

Dis-

tance 

3.0338 2.8423 2.9901 2.645 
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We have obtained the below mentioned results after investigation on basic K-Means Algorithm. As per 
result, distance from proposed algorithm is the shortest after comparing each individual applied distance 
function with method. 
 
4.5. Calculation Analysis:  
The shortest path among the centroids gets reduced by the use of the Hybrid distance algorithm in each 
case when compared to hybrid as shown in figure 21 and table-9, thereby indicating an improvement of 
maximum 6.94% by applying hybrid distance, which is better than existing Canberra distance function 
when applied on k-means algorithm. The proposed work gives better results and is a better technique 
than existing methodologies. 

 

 
Figure 21. Outcome of the Distance Functions on Two Different Datasets 

 
4.6. Analysis Summary of Experimental result 
a) Application of Hybrid distance function over Cancer data-set: It is concluded from the above analysis 
that hybridization of LVQ algorithm for pattern classification gives more accurate result as compared to 
conventional distance function, as an increment of 2.16% was observed in the overall accuracy of LVQ 
algorithm. 
b) Application of Hybrid distance function in K-Means algorithm: It is concluded from the above exper-
imental work that the distance from centroid is better as compared to distance calculated from Canberra 
distance function the shortest path among the centroid gets reduced by applying hybrid distance func-
tion. An Increment of 6.94% was observed as overall accuracy of K-Means algorithm 5. 
 
5. Conclusion 
In this work, we have found that the proposed Hybrid LVQ performance is enhanced from 87.1% of Can-
berra Distance to 90.6%. In addition, we have found that Canberra gives minimum distance between 
points from centroid as compared to Euclidean and Chebyshev Distance Function. The proposed Distance 
Function gives minimum distance of points from centroid as compared to Canberra Distance. In this dis-
sertation, the work on three distance function has been shown which uses for uniform data, origin data 
and grid, hence, it is concluded that the proposed hybridize technique proves more guaranteed result in 
all cases. Hence, this approach gives more accurate results on all distance functions if applies to their 
distance measuring parameter (continuous or categorical). The research carried out on K-Means algo-
rithm results in the increasing of performance up to 6.94% as compared to Canberra. Therefore, it can 
be a better option to predict about the diseases like Cancer and Diabetes.  
 
6. Current and Future Development 
The contribution of this work is that a new solution of all distance function can be made apart from their 
application area (dimension, area) which gives more accurate result, because Canberra distance function 
proves best in cases where values taken for a data set are nearer to zero.  
Therefore, its procedure is limited to the data sets only having categorical data. The continuous data 
requires in some diagnostic cases. Here, technique was used in the proposed work to test the sustaina-
bility of algorithm proposed with hybridization of distance function. Other techniques shall be imple-
mented as a future work to obtain better diagnostic outcomes. Further, decreasing the time in hybrid 
function and hybridization of different mining technique shall be done, implementation based on certain 
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data Categorization and classification algorithms as per patterns is implemented using hybridization on 
different data mining techniques as discussed. 
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