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ABSTRACT 
Social Network Analysis (SNA) and Artificial Neural Networks (ANN) are too important techniques within the 
network science. Attempting to bring the learning features of the biological network models to the computers, the 
ANN has recently been frequently used not only in the engineering science but also in the social sciences. The SNA 
has become a technique gaining widespread use especially by the increasing interest in the social networks over the 
internet in the last 10 years.  
It seems that the ANN is widely used when there is non-linear, multi-dimensional, noisy, complicated, indefinite and 
missing data and especially when there is no mathematical model and algorithm for the solution of the problem. 
However, all studies on the ANN reveal that the network behavior is not explainable. It is generally accepted that -
When a solution is generated for a problem through the ANN, it is not possible to find any information to 
understand how and why this solution is generated-which is also called "black box". This reduces the reliance on the 
result of the network.  
This thesis is intended to analyze whether the results from the SNA, the working principle of which is explainable 
by the direction and weights of the connections in the network, are associated with the weights and connections of 
the ANN and, in this way, try to understand and explain the working process of the ANN.  
 
Keywords: artificial neural networks; social network analysis; multilayer perceptions; measure of centrality; 
weights and connections 
 
1. INTRODUCTION 
Learning machine has a wider utilization area in the 
various applications. Artificial Neural Networks 
(ANN), one of the methods of learning machine is also 
quite strong to execute the tasks such as classification, 
estimation, and optimization. It is expected that when 
ANN is understood better by the users, it would be 
used in more common. In general, the users would like 
to know how a decision is passed and how the cost/ 
performance could be managed in a better way. 
An important subject related to the neural networks is 
how the customized structure is developed by creating 
the primary information in designing of neural 
networks. However, there are not well-defined rules in 
order to do this; the provisional procedures such as 
‘classification of network architecture’ or 
‘classification of synaptic weight selection’ that are 
obtained by using the local connections, which are 
known as the perceptive areas that it is known that they 
rather produce the beneficial results, are used [7]. 
When any solution is produced in ANN for a problem, 
it is not possible to find any information how and why 
it is produced. This weakens the trust to the result of 
network [12]. Not knowing the internal processes of 
neural networks is called as “black box problem” in 
literature, because it is quite difficult to explain how a 
network learns and why it recommends a certain 
decision. In order to facilitate this explanation process, 
a number of neural network producer works on the 
programs which explain which inputs affect the 

decision-making process by using which node. It is 
expected that the experts would explain why a certain 
data piece is important upon developing such 
information [1].  
It is very difficult to provide a comprehensive 
explanation related to the process of obtaining the data 
in the neural networks [2]. The classification (or 
estimation) data through the network training can be 
obtained as the synaptic weights in the network and 
can be stored indirectly in the digital forms. In contrary 
to the regression functions’ parameter, the coefficients 
of independent variables in the Regression model show 
clearly their effects on the dependent variable. 
However, for example, it is very difficult to determine 
the effects of input variables on the output analytically 
in MLP (Multi-layer Perceptions) [5]; -such weights 
don’t have any clear meaning in many cases-. Due to 
their complex qualifications, interpreting such weights 
is very difficult, even impossible [13]. 
Due to such reasons, the “hidden” layers of neural 
networks are blamed to be the “black box” which hides 
the correlation between the inputs and outputs in the 
weights of neurons [3]. As a result, since there is not 
any explanatory information related to the data set 
characteristics, it is not possible for us to understand 
the problem in the hand. Due to same reason, it is not 
possible to get benefit from the expertissing of network 
creator in order to simplify, accelerate and develop the 
network performance, because any neural network 
must always learn from the beginning [13].  
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In the literature, in order to facilitate understanding of 
the operating procedure of the Artificial Neural 
Network, articles under the title ‘opening the black 
box’ have been published in general.  
One of these articles is from Hector et.al. [8] In this 
article, a dedicated recurrent neural network design and 
a model approach were proposed in order to improve 
the balance between complexity and quality of black 
box nonlinear system identification models, since the 
model quality is defined in terms of the model 
complexity and the capacity to reoccur the system 
behavior. This method ensured that it is possible to 
have ready to use models with a reduced number of 
parameters in the black box approach. The neural 
network design, based on three-layer architecture, 
helps to reduce the number of parameters of the model 
after the training phase without any significant loss of 
estimation accuracy. This reduction achieved by a 
convenient choice of the activation functions and the 
initial conditions of the synaptic weights is developed 
in two steps. The first step is to train the proposed 
architecture under two reasonable assumptions. Then 
the recurrent three-layers neural network is 
transformed into a representation of two-layer with less 
number of neurons, that is, a significant reduced 
number of parameters. The constructed architecture 
provides models with reasonable reduced number of 
parameters with convenient estimation accuracy [8].  
Another study in this subject is from Qui and Jensen, 
2004. Qui and Jensen [13] have underlined that unlike 
the neural networks, in which it is extremely difficult 
to understand how a specific decision is reached; the 
fuzzy systems have the capability to represent the 
classification decisions explicitly in the form of fuzzy 
“if-then” rules. This research has developed a new, 
improved neuron-fuzzy image classification system 
based on synergism between neural networks and 
fuzzy expert systems. The learning algorithms of 
neural networks developed in this research were used 
for the if-then rules in a fuzzy expert system. The rules 
obtained, in a symbolic form, facilitate the 
understanding of the neural network based image 
classification system. In addition, this research has 
shown that the image classification accuracy obtained 
from the improved neuron-fuzzy system was 
significantly superior to those of the back-propagation 
based neural network and the maximum likelihood 
approaches [13]. 
Tzeng and Ma [14] have experimented with several 
information visualization designs and generalized the 
results thereof since there was no a set of well defined 
criteria for choosing a neural network and it was not 
possible to explain how learning from input data was 
done or how performance could be consistently 
ensured. The said paper presents how properly 
designed visualizations could give a sense of the 
network behaviors, how the input data is used in the 
decision and the level of uncertainty. It is shown that 
the designs and visualizations help to design more 
efficient neural networks by explaining the relations 
between the input date and output date of a neural 
network and contribute to the process of using the 
neural networks solving problems. Although the 

visualizations cannot explain the learning, it effectively 
provides pointers to the users for redefining their 
problem solving strategies using machine learning 
[14].  
As predicted from the studies in the literature, the 
different techniques, which their processes can be 
explained, have been used in order to explain the 
process procedure of ANN. Despite of all these 
executed studies, it was not possible to have the certain 
information about the internal dynamics of ANN, and 
the works in this area are currently carried out. With 
this article, it will be examined the results from SNA 
which the locations of nodes (actors) in the network 
can be explained with their connection direction and 
weights, and its process principle is based on this logic, 
and whether the ANN weights and connections are 
correlated with each other. With this method, it is 
aimed to analyze the ANN operation process using 
SNA.  
 
2. DATA AND METHOD 
 
2.1. Artificial Neural Networks  
ANN is the computer systems which can learn the 
events by using the examples from the humans 
(examples which are the products of real brain 
functions), and can determine which reaction it can 
produce against the events from the environment. They 
are successfully applied in the subjects such as 
learning, association, classification, generalizing, 
determining the characteristic, optimization similar as 
the human brain’s functional characteristics. ANN 
creates its own experiences with the information from 
the examples and then, gives the similar decisions in 
the similar events. ANN consists of the artificial 
neurons which are connected to each other 
hierarchically and run in parallel. The most 
fundamental task of ANN is to determine the output set 
which may corresponds to an input set that is shown to 
it. In order to do it, the capability of generalizing is 
provided to it by training it with the relevant event’s 
examples (learning). The output sets are determined 
which correspond to the similar events through this 
generalizing. In particular, it may be seen as a 
decision-making tool and calculation method that may 
be used very efficiently in the cases where the 
information about the events is not available but the 
examples [12]. 
It is observed that the ANN is used widely in the cases 
that the non-linear, multi-dimensional, noisy, complex, 
uncertain, missing information is available and 
especially, the mathematical model and algorithm are 
not available to solve the problem. ANN performs the 
learning machine.  
ANN has the capability to adapt the synaptic weights. 
As being in the other programs, the data is not 
embedded in a database or program. The information is 
hidden on a network and it is difficult to reveal and 
interpret it. On the other hand, in order to operate 
ANNs reliably, first, they should be trained and their 
performances should be tested. When the data is 
entered, only it operates with the numerical 
information. ANN has the organizing itself or learning 
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capabilities. One of its significant advantages is to 
process the ambiguous, fuzzy information. Its error 
tolerance is higher. The most important disadvantage is 
to not guarantee the best solution and not explain the 
network behavior (black box problem), since the 
determination of network structure suitable for the 
problem is generally made with trial-and-error method [7, 

12]. In some networks, another problem is that there is 
not any rule to determine the parameter values of network 
(e.g., learning modulus, number of process element 
(artificial cells) that must be available in each layer, 
number of layers etc.). Determining of such parameters 
depends on the experience of user. 

 
 
 

 
 

FIG. 1. Non‐linear neuron model 
 
The structure of a neuron is as shown in the Figure 1. 
Where, x1, x2, …, xm are the input signals; wk1, wk2, …, 
wkm k are the relevant neuron’s synaptic weights; bk is 
the threshold value (deviation); φ(.) is the activation 
function; and yk is the neuron’s output signal. uk (not 
shown in the Figure 1) is the output of adding function 
due to the input signals (sigmoid), and in this article, 
the formula is shown in the equation 1 as to be 
expressed as ‘net input’.  

j

m

j
kjk xwu 




1

    (1) 

Here, especially, xj signal in the input of j synapse, 
which is connected to k neuron, is multiplied by wkj 
synaptic weight. The first sub-symbol in wkj denotes 
the neuron in question; the second sub-symbol denotes 
the input at the end of synapse which expresses the 
weight. Different from the weight of a synapse in the 
brain, the synaptic weight of artificial neuron extends 
to a range involving the negative values as well as the 
positive values. Adding function calculates the net input 
which comes to a cell. It is the addition of relevant 
synaptic forces of neuron by input signals in weight. 
The activation function is also expressed as the 
compressing function which compresses (limits) the 
allowable expansion range of output signal to a certain 
value [7]. 
The artificial neurons come together and form ANN. The 
neural cells are not coming together randomly. In 
general, the cells form the network by coming together in 
3 layers and in parallel in each layer. These layers are: 
Input layer; the process elements in this layer are 
responsible for acquiring the information from external 
world and transferring it to the hidden layers. In some 
networks, there is not any information processing in the 
input layer.  

Hidden layers; the information from the input layer is 
processed and transferred to the output layer. Processing 
of such information is performed in the hidden layers. 
There may be more than one intermediate layer for one 
network. The number of hidden neurons is selected in 
order to minimize the network deviation and exchange 
between the variance [4] 
Output layer; The process elements in this layer 
process the information from the intermediate layer 
and produce the output which they should produce for 
the input set (example) presented from the input layer 
of network. The produced output is transferred to the 
external world. 
 
Multi-Layer Perceptions  
This is the most used network type among ANN 
models. The input signal in these networks is processed 
progressively throughout the layers and the output 
value is produced. In such type of network, the 
information is transferred forward from three layers, 
respectively. The data in the input layer is transferred 
to the hidden layer without being processed. The 
neurons in the hidden layer process the data in the 
addition function and transfer to the next layer, output 
layer. The output layer processes this data that is 
transferred to it in the activation function and produces 
the output. The obtained output is compared with the 
requested output value. Occurring error margin is 
spreading back to the weights throughout the network. 
The data set is presented to the network again by 
making arrangements, the process described initially is 
repeated and the output is re-obtained, and is compared 
with the requested output value. This process is 
repeated until the requested output closes to the 
allowable error value. The most widely recognized 
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algorithm for this process is the back spreading 
algorithm. 
MLP networks operate according to the supervised 
learning strategy. Namely, both inputs and (expected) 
outputs that should produce the responses to such inputs 
are introduced to these networks during the training. The 
task of the network is to produce the output which 
corresponds to each input. Learning rule of MLP network 
is the generalized manner of Delta Learning Rule based 
on the least squares method. Therefore, the learning rule 
is also called as Generalized Delta Rule. As some of the 
data is used to train the network, other parts is used to 
test it. According to the Delta Rule, first of all, the 
network’s output is calculated, and then, the weights 
are changed so that they will minimize the error ratio. 
 
2.2. Social Network Analysis 
The Social Networks (SNs) are the networks which the 
human or sometimes, human groups take place at the 
corners and some forms of social interactions such as 
friendship between them are represented by the edges. 
The corners represent the human, i.e. actors and edge 
connections. As the edges may represent the friendship 
between the individuals, they may represent the 
professional relations, money or product barter or other 
different connections [11]. 
Statistics always recommends us to focus on the 
analyses such as variance, correlation and regression, 
mean, entire forest rather than trees. In contrary to this, 
the new approaches such us network science allows us 
to focus both on the interactions between the units and 
characteristics of units (trees), and in one sense, 
establishes a bridge which provides the passage 
between the micro and macro [6]. 
The fundamental difference between the network 
analysis and other approaches in the social sciences 
should focus on the relations between the actors rather 
than on the personal characteristics of actors. 
According to the network analysis approach, the 
presence or absence of relationship types and patterns, 
which occur due to the individual correlativity, has the 
impact on the network and network components. For 
example, when the performance of one person in a 
scientific community is evaluated, the conventional 
social scientific approach is interested in the personal 
qualifications of the researcher such as his/her age, 
publication number etc. Then, the statistical analyses 
are executed on this collected data. In the network 
analysis, it is focused on the connections and 
relationships within the scientific community. For 
example, it is concentrated on the relationships of the 
researchers in this community, and the potential 
advantages and disadvantages of such relationships in 
the study.  
 
2.2.1. Centralization Criteria 
Many questions that may be asked related to the corner 
in a network diagram are to understand the 
“significance” of it in the network. Which do the actors 
“hold the power” in a social network, which is the page 
of an internet site evaluated as an authority? Which do 
the gens in a regulation network become fatal for the 
relevant organism upon deleting them? Which is the 

router critical for the flow or traffic in an internet 
network? The centralization criteria are designed to 
qualify such important notions and thus, to facilitate to 
give answer to such question [10]. 
 
2.2.1.1. Betweenness Centralization 
The concept of betweenness centralization is related to 
how the relationships between the dual elements that 
are not connected directly are controlled or how they 
are directed by other actors. The actor betweenness 
centralization measures the availability of other actors 
in the network in the shortest distance in which ratio 
with the actor pairs in the network. The betweenness 
centralization is an important indicator of excessive 
information change or source flow in a network [9].  
The betweenness centralization is calculated as 
follows, as ni

st shows the number of (shortest) geodesic 

ways passing from s to t via i, and stg shows the 

number of geodesic ways from s to t,  


st st

i
st

i g

n
B     (2) 

 
2.2.1.2. Closeness Centralization 
The closeness centralization is developed in order to 
reflect how one loop closes to other loops in a social 
network. The closeness and distance show how fast the 
actors establish the interaction with others. The 
closeness centralization of actors is a function of the 
shortest path distances of them for all other loops [9]. 
As the closeness centralization is calculated as follows, 

as ijd shows the geodesic distance from i to j, 
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3. CONCLUSION 
It cannot be mentioned about symmetry of network 
weights in the networks where the connections of each 
individual are directional with of other individuals, 
because it is not arbitrary that the weights, which come 
to and go from each loop, are equal to each other in the 
directional networks. So that if the friendship of person 
A with person B is defined as 2, then the friendship of 
B with person A may be different number than 2. This 
reveals the individuals who have the higher authority 
in the network.  
From this point, the connections, which come to and go 
from the loops in SN, will be trained with ANN in 
order to form each input and output layer. Since each 
information, comes to the neurons in the input layer at 
the end of training, will be connected with the coming 
and going connections of the individuals, relationship 
of each net input that comes to the neurons will be 
measured with the centralization criteria that are 
obtained in the network. 
Based on the aforesaid aim, the first five persons, 
whom are most frequently called by 20-person group 
through mobile phone during a month, and mean 
speaking periods are recorded. The data is obtained 
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through questionnaire and ‘snowball sampling’ 
technique. Accordingly, the calling by the individuals 
is deemed as ‘outgoing call’ and incoming calls to the 
individuals are ‘incoming call’. The ‘outgoing call’ 
matrix is given in the Annex 1.  
 
3.1. Results of Social Network Analysis 
Monthly average calling frequency of each individual 
is indicated in the Annex 1 that shows the data used for 
SNA. For example, as the individual, no. 1 calls the 
individual no. 2 for mean 20 min. monthly; he/she calls 
the individual no. 6 for 50 minutes. As the individual 
no. 2 calls the individual no. 1 for 25 minutes, the 
individual, no. 6 never calls the individual, no. 2. As 
seen, the ‘outgoing call’ matrix is not symmetrical, 
because the outgoing and incoming calls of the 
individuals are different from each other. The view of 
Annex 1 in SN is given in the Figure 2. Figure 2 is 
drawn with Pajek program.  
 

 
 

FIG. 2. Social network view (outgoing call frequency) 
 
As seen in the Figure 2, when the outgoing call 
frequency of individuals is shown, the network gives a 
directional network. Again, when we look at the Figure 
2, it is noted that some loops are more called than other 
loops in the network, i.e. they are more popular in the 
network.   
The betweenness and closeness centralizations of each 
individual in the network are obtained by the help of 
Pajek program using the ‘outgoing call’ matrix in the 
Annex 1. The results are indicated in the Table 1. 
 

TABLE 1. Social network centralization criteria 
 

Observed 
data no. 

Betweenness 
Centrality 

Closeness 
Centrality 

1 0.0914984 0.5937500 
2 0.1097454 0.5937500 
3 0.0587406 0.5428571 
4 0.0408626 0.5428571 
5 0.0285575 0.5135135 
6 0.0485450 0.4418605 
7 0.0871415 0.5135135 

Observed 
data no. 

Betweenness 
Centrality 

Closeness 
Centrality 

8 0.0579342 0.5277778 
9 0.0428061 0.5757576 
10 0.0489116 0.4871795 
11 0.0631892 0.6333333 
12 0.0421436 0.5277778 
13 0.0419347 0.5428571 
14 0.0645526 0.5937500 
15 0.1033649 0.6333333 
16 0.0396999 0.5588235 
17 0.0834470 0.5937500 
18 0.0385025 0.5588235 
19 0.0525190 0.5757576 
20 0.0430382 0.5428571 

 
When we look at the betweenness centralizations in the 
Table 1, we see that the individual’s no. 2 and 15 have 
higher betweenness grade than others with the values 
0.1097454 and 0.1033649, respectively. This can be 
interpreted that the individuals, no. 2 and 15, act as the 
bridges in higher degree in the network. It means that 
the individuals, who meet the higher betweenness 
criterion, are the highly active key players and the 
connections are established with those individuals in 
the higher degree.  
When we look at the closeness centralization of 
individuals, the individuals, no. 11 and 15 have the 
highest closeness degree (0.6333333) and accessing to 
information by those individuals is higher than other 
units. This shows that the loops, no. 11 and 15 are the 
most central loops. The loop, which the closeness 
centralization is lowest (0.4418605), is the loop, no. 6, 
and it means that this loop, no. 6, is the farthest loop of 
network.  
 
3.2. Artificial Neural Network Results  
As the Multi-Layered Sensor is introduced, it is stated 
that the input layer of ANN structure consists of the 
hidden layer/layers and output layer. It is clear that 
‘outgoing call’ matrix in our application will form the 
input layer. When the Annex 1 is examined in detail, 
the transposition of ‘outgoing calls’ matrix, i.e. matrix, 
which will be obtained by making lines the column and 
columns the line, gives the ‘incoming call’ frequency 
of the individuals. ‘Outgoing calls’ matrix is not 
symmetrical, and thus, ‘incoming calls’ matrix will not 
be symmetrical too. Transposition of matrix in the 
Annex 1, i.e. ‘incoming call’ frequency, is shown in 
the Annex 2, and the output layer of ANN is the 
‘incoming calls’ matrix.  
The data, acquired until now, brings us to two 
problems which we can solve with ANN. First, when 
we train the ‘incoming calls’ data with ANN, is it 
possible that the network may estimate the ‘incoming 
calls’ data? That is, when we use the ‘outgoing calls’ 
matrix (20x20 matrix) as the network input, and 
‘incoming calls’ matrix (20x20 matrix) as the network 
output, may the network estimate correctly? If the 
network estimates correctly, then is there any 
correlation between the net inputs which come to each 
neuron in the output layer at the point where the 
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network gives the lowest error, and centralization 
criteria which we obtain through SNN analysis? 
In order to give answer to this question, first, ANN is 
created. The details of created ANN model are given in 
the Table 2. ANN is analyzed with MATLAB 2011. 
MATLAB program is chosen, since it allows for open 
source coded software. 
 

TABLE 2. Details of artificial neural network model 
 

Training Type Supervised Learning 
Function Type Multi-Layer Perceptions 

(Back-Propagation 
Algorithms) 

Performance 
Function 

(Mean Square Error) 
MSE  

Number of Hidden 
Layer 

2 

Number of Neuron 20 
Transfer Function Logistics Sigmoid 

Function 
Momentum 0,5 
Learning Rate 0,3- 0,4 - 0,5 
Scaling Linear Scaling 
Error When the error drops 

under 0, 01, the training is 
ceased. 

 
It is seen that the established network has 2 hidden 
layers in the Annex 6. As stated before, since the 
process principle of hidden layer is not known, the 
functions running here are defined as ‘black box’.  
As seen in the Figure 2, the weight matrices of the 
connections between each layer and other layer (W1, 
W2 and W3) and net input matrices, coming to each 
neuron in each layer, are obtained separately. Net input 
consists of simply the total of multiplication of all 
inputs coming to a neuron by their weights. They are 
shown as v1__net_input, v2_net_input and 
v3_net_input. Now, it should be stated that the 
transpositions of matrices are handled individually for 
conformity to ANN structure. Hence, the search 
features of an individual are transformed to the 
classical ANN structure, because each line indicates 
one individual and each column one feature in the 
classical ANN structure. Upon making transposition of 
matrices, it is transformed to this structure. 
First of all, the network output and performance will be 
examined. In this context, the network output is shown 
in the Annex 3.  
Annex 3 should be compared with Annex 2 which 
‘incoming call’ matrix that is used as the network 
output is available. When it is looked at the output 
values that are produced by the network given in the 
Annex 3, it is seen that almost perfect estimation is 
made. The performance graphic of network shown in 
the Figure 3 also supports this. Now, we should state 
that very good estimation by the network is highly 
affected by zero values in the input matrix and scaling 
that is made in order to not reduce the network 
performance. 

0 2000 4000 6000 8000 10000 12000 14000 16000 18000
0

0.5

1

1.5

2

2.5

 
FIG. 3. ANN performance graphic 

 
As seen in the Figure 3, the network came to error 
almost zero between 16000 and 17000. Iterations 
(16870). The error dropped under 1%. This shows that 
the network performance is very high. 
Correct estimation by the network allows us to move to 
the next stage. As seen in the network structure in the 
Annex 5, the net input, coming to each neuron in the 
output layer, is measured. Net input is calculated with 

the following formula j

m

j
kjk xwu 




1

 shown in the 

equation 1. 
Net input, coming to each neuron in the output layer is 
given in the Annex 4. Since there are 20 individuals, 
the net inputs for each individual show 20x1 column 
vectors. There are 20 column vectors for such 20 
individuals.  
 
3.3. Comparison of Results of the Artificial Neural 
Network and Social Network Analyses  
The correlations between the net input vectors, 
obtained in the Annex 6, and centralization criteria, 
obtained as a result of SNA are acquired separately 
through Spearman Correlation Analysis (SCA). SCA 
results are obtained with SPSS 11. The results are 
given below. 
The correlation coefficients between the betweenness 
and closeness centralization given in the Table 3 and 
line averages of each net input vector (net input 
averages of individuals) are given in the Table 4.  
 
TABLE 3. Spearman correlation analysis data (mean) 
 

Betweenness 
Centrality

Closeness 
Centrality 

Mean of Net 
Inputs 

0,0914984 0,5937500 -2,9700 
0,1097454 0,5937500 -2,5165 
0,0587406 0,5428571 -2,7008 
0,0408626 0,5428571 -3,5879 
0,0285575 0,5135135 -2,9530 
0,0485450 0,4418605 -3,7329 
0,0871415 0,5135135 -4,2676 
0,0579342 0,5277778 -2,6257 
0,0428061 0,5757576 -3,4306 
0,0489116 0,4871795 -3,3606 
0,0631892 0,6333333 -2,3252 
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Betweenness 
Centrality 

Closeness 
Centrality 

Mean of Net 
Inputs 

0,0421436 0,5277778 -3,3907 
0,0419347 0,5428571 -3,7874 
0,0645526 0,5937500 -3,38902 
0,1033649 0,6333333 -2,4259 
0,0396999 0,5588235 -2,7299 
0,0834470 0,5937500 -2,9635 
0,0385025 0,5588235 -3,8637 
0,0525190 0,5757576  -3,4969 
0,0430382 0,5428571 -3,8472 

 
TABLE 4. Spearman Correlation Test Result (Mean) 
 
Correlations 

   closeness mean 

Spearman’s 
rho 

closeness Correlation 
Coefficient 

1,000 ,451* 

Sig. (2-
tailed) 

. ,046 

N 20 20 

mean Correlation 
Coefficient 

,451* 1,000 

Sig. (2-
tailed) 

,046 . 

N 20 20 

*. Correlations are significant at the 0.05 level. (2-tailed). 

Correlations 

   between
ness mean 

Spearman’s 
rho 

betweenne
ss 

Correlation 
Coefficient 

1,000 ,409* 

Sig. (2-
tailed) 

. ,073 

N 20 20 

mean Correlation 
Coefficient 

,409* 1,000 

Sig. (2-
tailed) 

,073 . 

N 20 20 

* Correlations are significant at the 0.05 level. (2-tailed). 

0H : No relationship between the variables. 

1H : Relationship between the variables. 

 
The zero hypotheses are refused according to 5% 
importance level. Accordingly, there is a positive 
directional meaningful and good correlation between 
the betweenness and closeness centralization and mean 
of net inputs entering to output layer.   
The correlation coefficients between the betweennness 
and closeness centralization given in the Table 5 and 
line averages of absolute values of each net input 
vector are given in the Table 6.  
 

TABLE 5. Spearman correlation analysis data 
(mean of absolute values) 

 
Betweenness 
Centrality 

Closeness 
Centrality 

Mean of 
Absolute 
Values of Net 
Inputs 

0,0914984 0,5937500 4,4255 
0,1097454 0,5937500 4,3351 
0,0587406 0,5428571 4,2947 
0,0408626 0,5428571 4,4965 
0,0285575 0,5135135 4,1442 
0,0485450 0,4418605 4,4556 
0,0871415 0,5135135 4,2738 
0,0579342 0,5277778 4,3711 
0,0428061 0,5757576 4,2801 
0,0489116 0,4871795 4,4446 
0,0631892 0,6333333 2,3937 
0,0421436 0,5277778 4,4589 
0,0419347 0,5428571 4,4701 
0,0645526 0,5937500 4,5805 
0,1033649 0,6333333 2,4014 
0,0396999 0,5588235 2,3538 
0,0834470 0,5937500 2,4123 
0,0385025 0,5588235 4,4387 
0,0525190 0,5757576 4,3635 
0,0430382 0,5428571 4,3839 

 
TABLE 6. Spearman Correlation Test Result 

(mean of absolute values) 
 
Correlations 

   between
ness 

positive 
mean 

Spearman’s 
rho 

between
ness 

Correlation 
Coefficient 

1,000 -,462* 

Sig. (2-tailed) . ,040 

N 20 20 

positive 
mean 

Correlation 
Coefficient 

-,462* 1,000 

Sig. (2-tailed) ,040 . 

N 20 20 

* Correlations are significant at the 0.05 level. (2-tailed). 

Correlations 

   
closeness 

positive 
mean 

Spearman’s 
rho 

closenes
s 

Correlation 
Coefficient 

1,000 -,575* 

Sig. (2-tailed)  ,008 

N 20 20 

positive 
mean 

Correlation 
Coefficient 

-,575* 1,000 

Sig. (2-tailed) ,008 . 

N 20 20 

*. Correlations are significant at the 0.05 level. (2-tailed). 

0H : No relationship between the variables. 

1H : Relationship between the variables. 
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The zero hypotheses are refused according to 5% 
importance level. Accordingly, there is a negative 
directional meaningful and good correlation between 
the betweenness and closeness centralization and mean 
of net inputs entering to output layer. 
Each of SCA results is meaningful and there are higher 
correlations. This means that it is proved that the 
process principle of ANN, qualified as ‘black box’, 
may be solved relatively, because SNA process 
principle is explained based on the power of 
connections. Correlation between the ANN results and 
SNA results means that ANN may also be interpreted 
in the same manner. Association of net data, coming to 
output layer in ANN with the connection weights will 
allow for understanding the structure in the hidden 
layer of ANN and also allow us to remove the most 
important disadvantage of ANN. In addition to this, 
when the internal dynamics of ANN are explored, it 
will lead to new methods to be developed in order that 
the network will give better result. 
It is predicted that when both ANN and SNA are 
applied onto the dynamic system in the further studies, 
more efficient results will be obtained, because when 
the static data is used, the momentarily photograph of 
the relationships is taken. Since the relationships 
between the loops always change, SN and ASN are 
more suitable for the dynamic systems.  
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Addition 1. Matrix of ‘incoming call’ 

 

Observed 
Data No. 

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

1 0 25 0 0 0 50 0 0 0 0 70 0 0 0 15 0 0 0 55 0 

2 25 0 0 0 60 0 0 50 0 0 0 80 0 0 50 0 0 0 0 0 

3 0 0 0 30 0 0 50 0 0 0 0 70 0 0 0 60 0 0 0 0 

4 0 0 45 0 0 0 0 40 0 0 0 15 0 0 0 0 50 0 0 0 

5 0 35 0 0 0 0 0 0 15 0 0 0 0 15 0 0 0 0 0 15 

6 30 0 0 0 0 0 0 0 0 60 0 0 0 0 0 0 0 70 0 0 

7 0 0 20 0 0 0 0 30 0 0 0 0 40 0 0 0 0 0 10 0 

8 0 50 0 30 0 0 10 0 0 0 0 0 0 0 0 0 0 0 0 60 

9 0 20 0 0 40 0 0 0 0 10 0 0 0 10 0 0 10 0 0 0 

10 0 0 0 0 0 10 0 0 60 0 0 0 0 10 0 0 0 0 0 0 

11 50 0 0 0 0 0 60 0 0 0 0 0 0 0 80 0 0 0 0 60 

12 0 30 30 15 0 0 0 0 0 0 0 0 0 10 0 0 0 0 15 0 



НОВО ЗНАНИЕ ISSN 1314-5703 

ИЗДАНИЕ НА ВИСШЕ УЧИЛИЩЕ ПО АГРОБИЗНЕС И РАЗВИТИЕ НА РЕГИОНИТЕ 88 

Observed 
Data No. 

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

13 0 0 0 0 0 0 30 40 0 0 10 0 0 0 10 0 0 10 0 0 

14 0 0 0 0 10 0 0 0 0 10 10 0 0 0 0 10 10 0 0 0 

15 15 30 0 0 0 0 0 0 0 15 40 0 0 0 0 50 40 0 0 0 

16 0 0 30 0 0 0 0 0 0 0 30 0 0 0 60 50 0 0 0 20 

17 0 0 0 0 30 0 0 0 20 0 0 0 0 50 30 0 0 0 30 0 

18 15 0 30 0 0 20 0 0 10 0 0 0 10 0 0 0 0 0 0 0 

19 30 0 0 10 0 0 15 0 0 0 10 0 0 0 0 0 0 0 0 0 

20 0 0 0 0 0 0 0 60 0 0 50 0 0 0 10 10 10 0 0 0 

 
 

Addition 2. Matrix of ‘outgoing calls’ 
 

Observed 
Data No. 

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

1 0 25 0 0 0 30 0 0 0 0 50 0 0 0 15 0 0 15 30 0 

2 25 0 0 0 35 0 0 50 20 0 0 30 0 0 30 0 0 0 0 0 

3 0 0 0 45 0 0 20 0 0 0 0 30 0 0 0 30 0 30 0 0 

4 0 0 30 0 0 0 0 30 0 0 0 15 0 0 0 0 0 0 10 0 

5 0 60 0 0 0 0 0 0 40 0 0 0 0 10 0 0 30 0 0 0 

6 50 0 0 0 0 0 0 0 0 10 0 0 0 0 0 0 0 20 0 0 

7 0 0 50 0 0 0 0 10 0 0 60 0 30 0 0 0 0 0 15 0 

8 0 50 0 40 0 0 30 0 0 0 0 0 40 0 0 0 0 0 0 60 

9 0 0 0 0 15 0 0 0 0 60 0 0 0 0 0 0 20 10 0 0 

10 0 0 0 0 0 60 0 0 10 0 0 0 0 10 15 0 0 0 0 0 

11 70 0 0 0 0 0 0 0 0 0 0 0 10 10 40 30 0 0 10 50 

12 0 80 70 15 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

13 0 0 0 0 0 0 40 0 0 0 0 0 0 0 0 0 0 10 0 0 

14 0 0 0 0 15 0 0 0 10 10 0 10 0 0 0 0 50 0 0 0 

15 15 50 0 0 0 0 0 0 0 0 80 0 10 0 0 60 30 0 0 10 

16 0 0 60 0 0 0 0 0 0 0 0 0 0 10 50 50 0 0 0 10 

17 0 0 0 50 0 0 0 0 10 0 0 0 0 10 40 0 0 0 0 10 

18 0 0 0 0 0 70 0 0 0 0 0 0 10 0 0 0 0 0 0 0 

19 55 0 0 0 0 0 10 0 0 0 0 15 0 0 0 0 30 0 0 0 

20 0 0 0 0 15 0 0 60 0 0 60 0 0 0 0 20 0 0 0 0 
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Addition 3. Networks output 
 

0,0306  25.0100 -0.1077 -0.1806 0.0135 29.9870 -0.0009 -0.0143 -0.0310 -0.1626 49.9710 -0.0587 0.1435 0.0062 15.0260 0.0710 0.0723 15.0420 30.0350 -0.1040 

25.0790 -0.8862 0.4509 0.1518 35.5284 0.1289 0.0267 49.9460 19.9860 -0.1286 0.3841 29.9800 -0.1223 0.0432 29.8660 0.1371 -0.0109 -0.0090 0.0515 0.2028 

-0.1679 0.0267 0.0798 45.0860 -0.3605 -0.0041 20.0100 0.0168 0.2191 0.3815 0.8958 29.9900 0.2168 -0.0411 0.3886 29.8260 -0.0045 29.8820 -0.2545 0.3433 

0.5164 0.0235 30.0490 -0.0518 0.4359 0.0146 0.0360 29.9400 -0.2806 -0.3592 -0.3046 14.9580 0.1465 0.0605 -0.5077 0.2536 0.1149 0.1295 10.0600 0.3374 

0.9982 59.8710 0.1367 0.3004 0.0684 0.5563 0.0803 0.1142 39.8940 0.1339 1.2568 -0.2112 -1.0796 9.9791 -0.3076 0.2121 30.0190 -0.3051 -0.1037 0.8800 

50.1500 0.0494 0.0892 -0.0175 0.2979 0.5862 -0.0610 0.0950 -0.2849 9.8626 0.4462 -0.1271 -0.2256 0.0154 -0.5383 0.9583 0.1893 19.9220 0.0833 0.2037 

0.4428 0.1951 49.8530 0.1624 -0.0318 0.3860 0.0127 10.0250 -4.9398 0.3154 60.0165 -0.1171 29.7220 -1.2479 -0.1818 0.4276 -0.2412 -0.3316 15.0000 0.4170 

0.4124 49.9120 0.0378 39.9880 0.1513 0.2190 30.0040 0.0319 -0.0280 -0.2519 -0.0957 -0.0746 39.8590 -0.0060 -0.3095 0.5176 -0.0511 -0.0269 0.0348 59.9210 

0.1832 -0.2243 0.0665 -0.0167 15.0880 -0.0538 0.0412 -0.3527 0.0520 59.6390 0.9639 -0.0890 -0.0305 0.0352 -0.1739 -1.8855 20.0690 10.0820 0.0274 0.3949 

-0.4900 0.4718 -0.9682 0.0522 -0.1824 59.8790 0.0460 -0.0378 10.0560 0.2890 0.2674 -0.3050 -0.3288 9.8714 14.8800 1.2933 -0.7832 -0.2323 0.0770 -0.1675 

69.3250 0.3854 0.2471 0.2031 -0.5615 -0.2443 0.0179 0.0580 0.2151 0.7852 0.6319 0.2057 9.9560 9.9762 40.3010 29.7360 0.0095 -0.1646 9.8987 50.0970 

-1.7768 80.1960 69.9290 14.9590 -0.4770 -0.5171 -0.0773 -0.0548 0.2165 0.3452 0.0038 0.1595 0.3818 -0.0352 0.6152 -0.2947 -0.1281 0.0211 -0.1063 -0.2147 

-0.3109 -0.0922 0.3534 0.0549 0.0460 -0.2311 39.9840 0.0022 -0.0642 0.1554 -0.2681 0.1626 0.1701 0.0344 -0.0562 -0.0702 -0.0223 9.9784 0.0507 -0.2514 

-0.9944 0.7274 -0.3319 -0.0881 14.7830 -0.2634 -0.0744 0.2480 10.0490 10.4370 -0.6213 10.0730 0.1721 -0.1304 0.6171 1.0900 49.7020 -0.3227 -0.2326 -0.6049 

14.9960 49.8580 0.5328 0.0867 0.4373 -8.6510 0.0306 -0.2321 -0.0667 -0.3871 79.6030 0.0329 10.0960 0.0773 -0.6264 59.8650 30.0280 0.1916 0.1543 9.8512 

0.6326 -0.5281 60.1330 -0.0209 0.2175 0.2058 -0.0388 -0.0919 -0.1092 -0.5771 0.6786 -0.0855 -0.2656 10.0210 49.6210 49.9860 0.0699 0.0916 0.0210 10.1710 

0.1958 0.2365 -0.2287 49.8920 0.2476 0.1127 0.0142 0.1260 9.9218 -0.1613 -3.0508 0.0592 0.2529 10.0690 39.8900 0.1709 0.1846 0.0775 0.2029 9.7784 

-0.0147 -0.5700 0.97856 0.0249 -0.0585 70.0440 -0.0460 0.1168 0.1012 -0.2663 0.0781 0.3179 10.1970 0.1185 0.3495 -4.1246 0.5323 0.3233 -0.1886 -0.1481 

55.1800 -0.2179 -1.0677 -0.3579 0.1318 -0.3935 10.0120 -0.1203 -0.0557 -0.7537 -0.7533 14.9200 0.1582 -0.0231 -0.1024 0.1145 30.0540 0.2978 0.2832 0.1049 

-0.2890 0.5567 -0.6350 -0.1463 14.8290 -8.7132 -0.0188 60.1710 0.1821 0.2227 60.0470 0.0084 0.0729 -0.0851 0.6753 19.9000 0.0114 -0.0258 -0.1755 0.0356 
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Addition 4. Matrix of net input (v3_net_input) 
 

-4,386 -1,237 -4,422 -4,459 -4,387 -0,46033 -4,3948 -4,398 -4,408 -4,443 0,808 -4,429 -4,331 -4,3834 -1,322 -4,373 -4,368 0,008 4,415 -4,425 

-0,923 -4,599 -4,282 -4,341 4,543 -4,3619 -4,3826 2,371 -0,001 -4,432 -4,310 4,382 -4,449 -4,3188 0,627 -4,354 -4,398 -4,399 -4,364 -4,335 

-4,437 -4,335 -4,374 3,0515 -4,584 -4,3955 0,001 -4,389 -4,298 -4,283 -4,202 4,388 -4,492 -4,4687 -4,259 -0,0186 -4,396 4,325 -4,550 -4,294 

-4,266 -4,399 -0,454 -4,412 -4,182 -4,3907 -4,378 -0,006 -4,522 -4,503 -4,463 -0,008 -4,330 -4,289 -4,581 -4,320 -4,353 -4,318 -1,079 -4,496 

-4,152 1,682 -4,360 -4,289 -4,359 -4,257 -4,359 -4,360 4,348 -4,355 -4,129 -4,522 -4,928 4,3576 -4,506 -4,332 0,6480 -4,582 -4,456 -4,144 

1,444 -4,383 -4,371 -4,400 -4,247 -4,2498 -4,422 -4,366 -4,524 -2,399 -4,495 -4,470 -4,496 -4,3671 -4,593 -4,125 -4,462 1,075 -4,345 -4,455 

-4,284 -4,351 1,414 -4,337 -4,410 -4,2983 -4,388 -2,375 -13,441 -4,302 1,710 -4,464 1,642 -17,38 -4,459 -4,270 -4,481 -4,599 0,000 -4,273 

-4,291 0,8035 -4,384 2,090 -4,318 -4,3394 1,695 -4,385 -4,406 -4,470 -4,415 -4,439 4,332 -4,4053 -4,507 -4,245 -4,412 -4,410 -4,373 4,371 

-4,348 -4,444 -4,377 -4,400 -0,442 -4,4082 -4,376 -4,501 -4,371 4,289 -4,188 -4,447 -4,408 -4,3325 -4,457 -5,028 -0,636 -1,074 -4,378 -4,280 

-4,522 -4,291 -4,653 -4,376 -4,488 2,5822 -4,374 -4,405 -1,684 -4,310 -4,335 -4,582 -4,545 4,1757 -1,343 -4,037 -4,689 -4,536 -4,349 -4,444 

4,228 -4,310 -4,332 -4,323 -4,697 -4,4573 -4,386 -4,377 -4,300 -4,171 -4,257 -4,275 -1,703 4,3524 2,142 -0,028 -4,391 -4,494 -1,116 2,393 

-4,893 4,438 4,376 -1,332 -4,649 -4,5294 -4,429 -4,410 -4,300 -4,294 -4,393 -4,301 -4,230 -4,4579 -4,184 -4,483 -4,440 -4,382 -4,458 -4,458 

-4,474 -4,415 -4,306 -4,375 -4,371 -4,4538 4,387 -4,393 -4,423 -4,348 -4,454 -4,299 -4,320 -4,334 -4,414 -4,415 -4,402 -1,098 -4,364 -4,470 

-4,660 -4,237 -4,480 -4,426 -0,499 -4,4623 -4,427 -4,322 -1,685 -2,314 -4,536 -1,076 -4,319 -4,638 -4,184 -4,090 4,290 -4,593 -4,536 -4,580 

-1,975 0,799 -4,262 -4,363 -4,181 -0,13567 -4,380 -4,464 -4,424 -4,511 4,307 -4,375 -1,676 -4,2606 -4,627 4,354 0,649 -4,283 -4,304 -2,401 

-4,238 -4,514 2,616 -4,401 -4,286 -4,3427 -4,411 -4,421 -4,443 -4,571 -4,248 -4,445 -4,515 4,4319 4,263 2,377 -4,369 -4,340 -4,382 -2,353 

-4,345 -4,342 -4,453 4,356 -4,271 -4,366 -4,388 -4,357 -1,709 -4,442 -5,189 -4,359 -4,284 4,5209 2,073 -4,344 -4,329 -4,348 -4,277 -2,412 

-4,398 -4,524 -4,157 -4,385 -4,424 4,4056 -4,415 -4,360 -4,349 -4,474 -4,377 -4,212 -1,657 -4,192 -4,273 -6,109 -4,212 -4,209 -4,508 -4,438 

1,995 -4,443 -4,681 -4,525 -4,328 -4,4965 -1,692 -4,430 -4,419 -4,628 -4,567 -0,001 -4,325 -4,435 -4,431 -4,360 0,652 -4,223 -4,232 -4,363 

-4,469 -4,273 -4,561 -4,447 -0,490 -15,545 -4,402 4,445 -4,314 -4,329 1,699 -4,389 -4,362 -4,550 -4,165 -1,104 -4,390 -4,409 -4,500 -4,383 
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Addition 5. Structures of ANN 
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