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Abstract- Lymph metastases and malign lymph are those 
diseases which late diagnosis can cause leukemia, but 
timely diagnosis has a great effect on their treatment. In 
this paper, data collected from the lymphogram are used to 
classify them by using four different methods include the 
Bayesian method, K-Nearest Neighbour method (KNN), 
Perceptron Neural Network and RBF Neural Network, 
Where Bayesian and KNN are known as old methods and 
Neural Network is a new method. In the KNN method 
changing the value of K and in Perceptron Neural 
Network, changing the number of neurons and the type of 
transfer function and in RBF Neural Network, changing 
the number of Radial Basis functions changes the value of 
CCR. Given the available data and classifications 
performed by each method and the comparison of the times 
and the obtained CCRs, the RBF Neural Network method 
can perform the most desirable answer for the data 
classification and the KNN method performs classification 
as quickly as possible. 
 

Keywords: Lymph, Lymphography, Classification, 
Bayesian, K-Nearest Neighbor, Artificial Neural Network. 
  

1. INTRODUCTION 
Lymph contains specific white blood cells called 

lymphocytes, which plays an essential role in immunizing 
the body. Lymph is a fluid that flows through lymphatic 
system. The lymph system is composed of lymphatic 
vessels, lymph nodes, and the like. The function of this 
system is like intravenous system, which causes fluid to 
return from the tissue to central circulation system [1, 2]. 

Lymphography is a medical imaging technique in 
which a radioactive substance is injected into the body to 
create contrast. Then, X-rays are used to illustrate the 
structures of the lymphatic system (lymph nodes, 
lymphatic channels, etc.). The lymphogram figures issued 
to locate the vessels and identify the obstruction [3, 4]. 

Metastases and malign lymph can be cited for 
problems that can occur for the lymphatic system. The 
features of lymphogram can be used to classify these 
problems. The 18 features have been investigated, some of 
these features are as follows: 

• lymphatics: normal, arched, deformed, displaced 

• block of affair: no, yes 

• by pass: no, yes 

• extravagates: no, yes 

• early uptake in: no, yes 

• changes in lymph: bean, oval, round 

• special forms: no, chalices, vesicles 

• no. of nodes in: 0-9, 10-19, 20-29, 30-39, 40-49, 50-59, 

60-69, >=70 

  
Figure 1. Lymph metastases 

 

In this paper, the features from the lymphogram 

obtained by the University Medical Centre, Institute of 

Oncology, Ljubljana, Yugoslavia, have been used. 
 

2. METHODOLOGY 
To implement a classifier between benign and 

malignant lymph, by using the above mentioned collected 
data, various methods include: KNN, Bayesian and Neural 
Network (Perceptron and RBF) have been used. The data 
are categorized in two classes of metastases and malign 
lymph and the accuracy of each method is compared with 
each other. 
 

2.1. Bayesian Method 

Bayesian is a statistical model that by assuming the 
existence of a Gaussian distribution between the data, 
measures the probability of placing the test data in each 
class. Then, the class with the highest probability is 
considered as the test data class [5, 6]. 

The Gaussian function, along with its basic parameters, 
is depicted in Figure 2. 
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Figure 2. Gaussian function form along its basic parameters 

 

Given the Gaussian Equation (1), the probability of the 

test data in each class is measured, and then the class with 

most P is considered as class on the test data. 
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where, P is probability of test data in class 2 is variance 

and µ is mean of the training data from that class. 

 

 
 

 

Figure 3. Flowchart of Bayesian classifier 

 

In accordance with the flowchart shown in Figure 3, 

the Bayesian classifier was implemented and evaluated on 

lymph data. The obtained CCR has been reported as 

follows:  CCR=9.09% and elapsed time was 0.48 seconds. 

(The computer used for this simulation has a 2.9 GHz Core 

i7 CPU and 8 GB of RAM). Also, diffusion matrix has 

been simulated as following. This matrix is used to 

indicate the number of correct answers in each class, in 

which the main diameter members indicate the correct 

answers and the other members indicate the wrong 

answers. 

1 10

10 1

 
 
 

 

The diffusion matrix of this algorithm shows that in 

each of the two classes, only one data is correctly classified 

and the other 10 are classified in wrong class. 

The reason why the results are not desirable is that our 

data form is not fully Gaussian shaped. To improve the 

results, whitening of the data is suggested. 

 

2.2. K-Nearest Neighbor Method 

KNN is a way to find class of a test data by using the 

closest points in metric squares. In this method, the 

Euclidean distance of the test data is compared with the 

train data. Data with less distances are chosen as 

neighbours, then from class types of selected neighbours, 

class of the test data is reported [7, 8]. 

 

 
 

Figure 4. Flowchart of K-Nearest Neighbour classifier 

 

In accordance with the flowchart shown in Figure 4, 

the KNN classifier was implemented and evaluated on 

lymph data. The obtained CCR has been reported as 

CCR=90.91% and Elapsed time for this classification is 

0.03 seconds. Also, diffusion matrix has been simulated as 

following. 

9 2

0 11

 
 
 

 

 

Creating changes in K (the number of nearest 

neighbours) causes changes in the obtained CCR. Effect of 

changing in the number of K is summarized in Table 1. 
 

Table 1. Effect of changing of K in performance of KNN classifier 
 

K CCR (%) Time (s) Diff 

3 77.27 0.017 
9 2

3 8

 
 
 

 

5 90.90 0.039 
9 2

0 11

 
 
 

 

7 81.81 0.021 
8 3

1 10
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By studying the CCRs in different values of K, it can 

be seen that K has a great influence on the value of the 

obtained results. Therefore, it is possible to achieve the 

desired result by changing the value of K, which in this 

paper the best result is for K = 5. In the KNN algorithm 

(with K = 5) in the first class, there are 9 correct answers 

and in the second class, all of answers are classified 

correctly.  
 

2.3. Artificial Neural Network 

The main philosophy of ANN is to model the 

processing of the human brain to approximate 

computational methods with the biological processing 

method [9, 10]. 

Several neural networks have been introduced for 

using in classification. In this paper Multi-Layer 

Perceptron and Radial Basis Function Network have been 

used to classify between lymphography dataset. These two 

methods have been studied and implemented in the 

following. 

 

2.3.1. Perceptron Neural Network 

Perceptron is a type of neural networks suggests an 

algorithm for learning under the supervision 

classifications. This classification can decide if an input 

represents a vector of numbers belonging to a particular 

class. In the Perceptron neural network, a vector of weights 

with real values is produced in the input vector, and the 

bias task is to move the decision boundary from the origin, 

and its value does not depend on the inputs, the 

relationship is as follows [11, 12]. 

1

. .   
m

i i
i

w x w x b
=

= +
 

(2) 

In which b is bias, x is the input vector and w is the 

vector of weight with real values. 

 

 
 

Figure 5. Perceptron neural network form 

 

In the Perceptron neural network, different results can 

be obtained by changing the number of layers, the number 

of neurons, and the type of transfer function. 

     According to Figure 6, the simple single-layer 

perceptron neural network with different transfer functions 

has been simulated to classify the data. 

The transfer function is one of the factors that can 

affect the CCR. Figure 7 shows four types of transfer 

functions. 
 

 
Figure 6. A double-layer perceptron neural network form 

 

 
 

Figure 7. Form of some transfer functions 

 
 

The (tan sig) and (log sig) are considered as two types 

of transfer functions, which their relationships are as 

follows. 
( 2 )tansig( ) 1/ (1 ) 1xx e −= + −  (3) 

( )log sig( ) 1/ (1 )xx e −= +  (4) 

The regression line and the values of CCR of the multi-

layer Perceptron neural network with the (tan sig) transfer 

function and different number of neurons in the hidden 

layer are shown in Figure 8. 

According to the CCR values shown in Table 2, the 

best answer is in the range of 10<NN<20. The values of 

CCR and the Regression line shown in Table 3 and Figure 

9 are obtained by changing the transfer function from (tan 

sig) to (log sig). 

According to Tables 2 and 3, as well as Figure 9, it can 

be concluded that changing the number of neurons in the 

(log sig) transfer function does not have much effect on the 

CCR, but increasing the number of neurons in (tan sig) 

transfer function decreases the CCR. Changing the transfer 

function does not have much impact on the average 

elapsed time. 

 

2.3.2 Radial Basis Function Neural Network 

The RBF neural network is composed of neurons that 

use Radial Basis Functions. This network uses Gaussian 

functions to separate classes. In other words, the separator 

line is created by a linear combination of Gaussian 

functions. The variance and the mean of Gaussian 

functions are arranged to model the separator line [13, 14].  
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(a) 

 

 
(b) 

 

 
(c) 

 

 
(d) 

 

Figure 8. Regression line of different values of CCR:  

(a) NN=15; (b) NN=25; (c) NN=35; (d) NN=45 

 
Table 2. Different results of neuron numbers of (tan sig) transfer function 

 

Figure 8 a b c d 

NN 15 25 35 45 

CCR (%) 99.59 98.82 96.34 95.53 

the average elapsed time is 1.29 seconds 

Table 3. Different results of neuron numbers of (log sig) transfer function 
 

NN 15 25 35 45 

CCR (%) 99.21 99.72 99.54 99.23 

the average elapsed time is 1.28 seconds 

 

 
 

Figure 9. Regression line for (log sig) and (tan sig) transfer functions 

with N=45 

 

The Regression line and the chart of different values of 

CCR with different number of Radial Basis Function are 

shown in Figures 12 and 13. 

According to Figure 11 neurons with Radial Basis 

Functions in the hidden layer has been used for simulation. 

According to Figure 13, with increasing the number of 

Radial Basis Function, the increase in CCR occurs, and it 

is seen that in the case the number of Radial Basis Function 

of 40, CCR has reached its highest value. The amount of 

CCR has remained constant since then. 

According to Figure 14, it is seen that with the increase 

of the number of Radial Basis Function, the error rate has 

decreased and in the number of Radial Basis Function of 

40 it has reached its lowest error. 

According to Table 4, the results obtained are 

improved by increasing the number of Radial Basis 

Function. When reaches 40, the CCR reaches its 

maximum, and then its value stays constant. Also, with the 

changes in number of Radial Basis Function, the Elapsed 

time changes. The greater the amount of Radial Basis 

Function, the longer the Elapsed time will be. 

 
 

Figure 10. RBF Neural Network 

 

 
 

Figure 11. Radial Basis Function form 
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Figure 12. Regression line of Radial Basis Function of 40 

 

 
Figure 13. The chart of different values of CCR 

 

 
 

Figure 14. Performance 

 
Table 4. Results from different numbers of Radial Basis Function 

 

NRBF 10 20 30 40 50 60 

Time (s) 0.98 1.14 1.35 1.88 2.08 2.17 

CCR (%) 99.95 99.97 99.98 100 100 100 

 

2.3.3. Support Vector Machine 

Support vector machine is a supervised machine 

learning approach that can be used in regression and 

classification to classify data into two categories. SVMs 

enhance the accuracy of prediction while avoiding data 

overfitting using machine learning theories [17, 18]. 
 

 
 

Figure 15. SVM classification plot [18] 
   

A support-vector machine builds a hyperplane (H) to 

maximize the boundary between the two classes, which 

can be used for classification, regression, or other tasks 

such as detecting outlier samples. 

By assuming that our dataset is linearly separable, the 

selection of two hyperplanes which separate the data, have 

to be done in a way that the margin or distance between 

hyperplanes (m) reach the maximum value. 

The equation of hyperplane can be written: 

. 0
T

w x b+ =  (5) 

. 1
T

w x b+   (6) 

. 1
T

w x b+  −  (7) 

( . ) 1
T

y w x b+   (8) 

where, x represents the Input vector of each class, w is the 

normal vector to the hyperplane and b depicts the bias 

vector. 

According to Figure 15 and by considering d as the 

distance between each hyperplane we have: 

1 2d d=  (9) 

1 2m d d= +  (10) 

( 1)
2

b b
m

w w

− − −
= −  (11) 

The goal is maximizing the distance between negative 

and positive hyperplanes m. In order to Maximizing the 

margin, the norm of w have to be minimized (12). 
2

m
w

=  (12) 

To be confident of classification accuracy, a relaxing 

factor 0i  , 1,2,...,i n=  is introduced, so 

optimization problem can be written as follow:  

2

1

1
min  , 0

2

( . ) 1  , 1,2,...,  , 0
T

n

i i
i

i

w c

y w x b i n c

 



=

+ 

+  − = 


 (13) 

https://en.wikipedia.org/wiki/Statistical_classification
https://en.wikipedia.org/wiki/Regression_analysis
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In which c is the penalty factor. To achieving a low 

training and testing errors to generalize the most 

appropriate classifier to unseen data, the parameter c must 

be acted as a penalty factor which controls the trade-off 

between errors of the SVM on training data and margin 

maximization. Small c leads constraints to be easily 

ignored while large c makes them hard to ignore, setting c 

equal to infinity (c=∞) causes to the hard margin SVM and 

enforces all constraints [18]. 

Finding the optimal hyperplane requires to choose the 

best value of w in Equation (14). To achieve this goal, 

Lagrange multipliers are used Equation (15). 

1

n

i i i
i

w y x
=

=  (14) 

By using terms α and w, Lagrange function can be 

written as below: 

1 1 1

1

1
( ) ( . )

2

 , 0  , 1,2, ,

n n n
T

i i j i j i j
i i j

n

i i i
i

L a y y K x x

y c i n

  

 

= = =

=

= −

  =

 



 (15) 

In which ( . )T
i jK x x  represents a kernel function and 

equals to ( ) ( )( . ) .T T
i j i jK x x x x = , where   is a 

nonlinear function and is usually unknown which the inner 

product operation can be replaced with so-called kernel 

function that satisfies Mercer’s condition [17].  

The final classification results of data points will be 

calculated by decision function of y which written as below 

and eventually the model have to build a hyperplane to 

separate two classes completely. 

( )
1

sign ,
n

T
i i i j

i

y y K x x b
=

 
= + 

 
  (16) 

The most popular kernel functions are: linear, 

polynomial, Gaussian radial basis function (RBF) [11]. 

( ) ( ), .T
i j i jK x x x x=  (17) 

( ) ( ), 1 .
p

T
i j i jK x x x x= +  (18) 

( ) 2

2

1
, exp

2
i j i jK x x x x



 
= − − 

 
 (19) 

In this paper, the classification accuracy of three above 

mentioned kernel functions with different penalty factors 

c have been measured.  

According to the testing results in Figure 16 , it can be 

seen that the CCR value changes in response to the type of 

kernel function in a way that, in Linear kernel function, 

CCR value equals to 95%, in Polynominal kernel function 

it equels to 90% and it is 82% in RBF kernel function.It 

can indicated that by choosing  different values for penalty 

factor c, there is no changes occur in CCR value but the 

elapsed time changes respectively.  

The results and elapsed time for each function are 

plotted as follow. 

 
(c) 

 
(b) 

 
(a) 

 

Figure 16. Accuracy bar chart of (a) RBF kernel function,  

(b) Polynominal kernel function, (c) Linear kernel function 

 

3. CONCLUSIONS 

The correct classification of the data obtained by the 

lymphogram has a great influence on detecting metastases 

and malign lymph. Data are classified by using Bayesian 

method, K-Nearest Neighbour method, Perceptron Neural 

Network and RBF Neural Network. 

In the Bayesian method, the result is not desirable due 

to low amount of data and the form of data which is not 

fully Gaussian shaped. The solution obtained from the 

KNN method is better than the Bayesian method. In this 

method, it was observed that changing the value of K 

changes the value of the CCR. Because of the old method 

of KNN, the Neural Network method is used to obtain 

more favorable responses. Two methods of Perceptron 
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Neural Network and RBF Neural Network for data 

classification have been used. The Perceptron method 

changes the value of CCR by changing the number of 

neurons and the type of transfer function. In the RBF 

Neural Network, Radial Basis functions are used, which 

increases the value of CCR by increasing the number of 

Radial Basis functions. 
 

Table 5. Time and CCR of each method  
 

Method Bayesian KNN Perceptron RBF 

CCR (%) 9.09 90.91 99.72 100 

Time(s) 0.48 0.03 1.28 1.88 

 

According to the Table 5, the best CCR obtained from 

the RBF method, but in comparison with the time, the 

KNN method is obtained in the shortest possible time. 

 

NOMENCLATURES 

 

A. Acronyms  

KNN K-Nearest Neighbor 

CCR Correct Classification Rate 

RBF Radial Basis Functions  

NRBF Number of Radial Basis Functions  

NN              Number of Neurons 

Diff            Diffusion Matrix 

ANN           Artificial Neural Network 

 

B. Symbols / Parameters 

P: Probability of each test data 

2: Variance 

: Mean 

w: Weight 

b: Bias 
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