
American Journal of Intelligent Systems 2012, 2(6): 148-156 
DOI: 10.5923/j.ajis.20120206.02  

 

Dynamic Analysis of Social Networks 

Kristína Machová*, Tomáš Rakuščinec 

Department of Cybernetics and Artificial Intelligence, Technical University, Košice, 04200, Slovakia 

 

Abstract  This document deals with social networks, their types, analysis of their behaviour and properties. The main 
focus is on dynamic analysis of social networks taking several points of views. First, it is the analysis of frequency of 
network usage in  various day hours. Second, it  is the analysis of changes (growing, reduction or restructuring) with the aid 
of network visualizat ion. At the end, it is analysis of selected structural characteristics: the distribution of the average nodes 
degrees for the purpose of authoritative user searching and clustering coefficient for the purpose of user’s relations 
monitoring. The paper describes the results of the dynamic analysis of the data, which were collected from social network 
Internet Relay Chat (IRC) and private discussion channel Kyberia (www.kyberia.sk).  
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1. Introduction 
The social web can be considered as an upgrade of the 

classic web. The classic web can be illustrated with an idea 
of a word-wide billboard –  anybody can publish some 
informat ion piece or make it accessible fo r public 
inspection on the billboard (anybody who has necessary 
skills in web page creation – but considerably greater 
amount of web users have abilities only for reading 
published informat ion). On the other hand, the social web 
or web 2.0 reinforces social interactions among users and 
provides an opportunity for great majority of web users to 
contribute to web content. It can be said, that it increases 
the number of web content providers. Social interactions 
among users are enabled by communicat ion within social 
networks, by the possibility to contribute to web discussions, 
and so on. Our work focuses on social networking. 

The concept “social network” is frequently used and it 
represents one important form of social on-line life of many 
people. Modern social networks help  users to maintain 
connections and contacts to other users without dependency 
on a geographical locality. The social network cannot be 
mapped in its entirety. Mapping of some of well known 
social network (for example Facebook) is a d ifficu lt task, 
when we want to visualize it  in a way, which guarantees a 
readability of the visualization. So, our work concentrates 
particularly on s mall networks and so as on network 
dynamics visualization. 

2. Social Networks 
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A Social network is a set of entities (nodes, actors), 
which are connected. This connection can be represented by 
one or more types of relationships. According[6] social 
network is heterogenic and mult i-relat ional data set 
represented by graph. Nodes and edges of this graph have 
attributes. Objects (nodes) can be classified into defined 
categories. The relations can be oriented and need not to be 
only binary. Social networks can be considered not only in 
social, but also in technological, economic o r bio logic 
context. Examples of such networks can be electrical 
distribution networks, telecommunication networks, 
(computers) viruses spreading, collaborative networks 
(co-authors), citing networks, web networks and so on. 
According[13] the main concepts in social networks 
analysis are: actor, relation, dyad, triad, subgroup, group 
and network .  

An actor is social entity in a network. The aim of social 
network analysis is to make sense of relations between 
these entities and to analyses consequences of these 
relations. Actor can be discrete individual, organization or 
simply group of social entities. The actors represent basic 
units of social network in the process of its analysis.  

Individual actors are connected each other by social ties. 
Such social tie can be: friendship, respect, preference, 
association, affiliation, interaction and so on. Collection of 
social ties between actors (entities) is titled relation. The 
relation Rv⊆{(A x A) x R} between actors of the same 
type is binary relation, where A is the set of actors, R is the 
set of relations and vx is intensity of relat ion.  

The tie between two actors is called dyad. A triad arises 
by extension of the dyad by one more actor. A subgroup is 
extension of the triad. The subgroups play important role in 
the social networks dynamic analysis. The network 
dynamics represents moving of actors with in the social 
network that is format ion and exp iration of subgroups. A 
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group is such set of actors, which belong to common and 
fin ite set and which are connected with measurable ties. So 
network N can be defined as pair of the set of actors S and 
the set of all relations R over the set of actors: N=(A, R); 
A={A1,…,AX}; R={R1,…,RY}.  

2.1. Social Networks Types 

The social networks can be divided into types according 
various points of view. For example accord ing number and 
type of edges (directed, undirected networks, networks with 
cycles and networks with mult i-edges), according way of 
edges evaluation (weighted, un-weighted, marked and 
temporal networks), according number of actor types 
(monoecious networks – contain only  one type of actors, 
dioecious networks – contain more types of actors) and 
according number of relation types (one-relation networks, 
multi-relation networks). During real networks modelling 
various network types can be distinguished: small-word 
phenomenon networks, scale-free networks, social cycle 
networks, random and lattice networks.   

Real networks are networks, which  rise in process of 
self-organization. This self-organizat ion process can 
optimize: conservation of a network local structure, 
conservation of a good communication between network 
nodes and good resistance against random erro rs. An 
example of the real network is Internet or network of 
professional contacts or telecommunication networks.  

The great majority of nodes of the small-word 
phenomenon networks[7] are not connected to other nodes 
directly, but they are achieved from other nodes via small 
number of edges. The small-word networks have concise 
shortest paths, high clustering coefficient and small node 
separation (mentioned structural characteristics will be 
described in the next section). Interesting property of these 
networks is tendency to contain cliques and n-cliques 
(because of high clustering coefficient) and many nodes 
with high degree (see next section). Great number of nodes 
with h igh degree can lead to  high distribution. The scale 
free networks distribution of a degree is minimally 
depended on Power Law. More details can be found in[1]. 
The random and lattice networks have clustering coefficient 
close to zero. It creates node separation, which is grown 
slowly with node number growing[11]. The social cycle 
network  model represents networks with feedback[4]. 
Active nodes (actors) of the feedback network communicate 
through this network to coordinate the process of joining of 
new actors and to create new relations. For realizat ion of 
this process, three parameters are needed: level of actor 
activity, distance shorting (how soon the actor fails in the 
effort to find suitable partner for new relation) and range of 
searching within the network.   

2.2. Structural Characteristic of Networks 

Some properties of some social networks can  be 
researched with the aid of its structural characteristics. The 
most important and useful characteristics are: node degree, 

shortest paths and clustering coefficient[3].  
Node degree k represents total number o f its connections. 

In the literature, this characteristic is usually called 
“connectivity”. Connectivity has different meaning in graph 
theory. The node degree consist of “in-degree” and 
“out-degree” k=ki+ko. The in-degree is the number of 
incoming edges of a node and out-degree is the number of 
outgoing edges. It holds: 
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where: P(k) is the degree distribution and P(ki,k0) is the 
joint in-degree and out-degree distribution. The in-degree 
distribution Pi(k i) and the out-degree distribution P0(k0) 
(more obvious are notations P(ki) and P(k0)) can be stated 
according formula (2): 
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If given network has no connections to exterior space, 
then the average in-degree is equal to the average 
out-degree (see formula (3)). 
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The node degree is a  local characteristic, but we shall see 
that a degree distribution can  determine some important 
global characteristics of random networks. The average 
node degree within  the whole network represents network 
connectivity. 

Shortest path is defined as geodetic distance of two 
nodes u and v. This distance represents the shortest path 
from all possible paths between these two nodes luv. The 
shortest path luv need not be the same as lvu. The average 
shortest path between all node pairs within the entire 
network is often called the d iameter of a network. It  is 
related to an average separation of pairs of nodes.  

This node separation represents one another global prop
erty of a network – closeness of nodes. Node separation l is 
averaging shortest distance dmin(a,b) of the nodes a and b. 
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Let us consider a network with undirected edges. Then 
the number of all possible connection between the nearest 
neighbours ki of a node u is: 

 .            (5) 

Let on ly Ei are present. Then clustering coefficient of 
the node u can be counted according formula (6). 

.              (6) 

Averaging clustering coefficient over all nodes of a 
network is network clustering coefficient C. 
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This clustering coefficient represents probability that two 
nearest neighbours of a node are also nearest neighbours of 
one another node. 

Other parameters using on social networks analysis are 
node numbers, edges number, nodes (edges) number in the 
larger weakly (strongly) connected component in the 
network, number of triangles and effective average of 90 
percentile, which is 90 percentile of the distribution of all 
shortest paths lengths.  

2.3. Network Data and their Representation 

Social networks are sources of structural, composition 
and temporal data. The structural data are obtained from 
connections between actors (for example friendships 
between people, business transactions between firms  and so 
on). The structural data can be represented by quadratic 
binary matrix (1 represent connection and 0 represent 
absence of connection). The composition data introduce 
attributes of network actors, which can be direct (for 
example interests, age, nation, country and so on) and can 
be indirectly obtained in the process of network analysis by 
counting (for example node degree, node centrality  and so 
on). These data are static and they can be represented by 
orthogonal matrix. Sometimes we are interested in 
dynamics of these data, which can be research in the 
process of dynamic analysis of social networks. This 
dynamic analysis uses temporal data, which       
describe dynamic propert ies of social network. The 
temporal data represent some time change and the time 
evidence.  

3. Dynamic Analysis of Social Networks 
The dynamic analysis is focused on time changes in a 

researched social network. So, the t ime d imension must be 
added into static data. Within  dynamic analysis, we monitor 
the network development to some d irection. The dynamic 
analysis uses visualization methods, structural characteristic
s determination, mach ine learn ing methods, multi-agents 
modelling and their combination. The main  problems of the 
dynamic analysis according[13] are: 

• searching suitable metric for dynamic analysis 
• prediction of changes in social networks 
• developing of algorithms for social networks 

monitoring 
• dynamic visualizat ion of social networks 
• research of social networks and their characteristics in  

time. 
Our work is focused on the last two problems. The static 

and dynamic analysis searches for suitable metrics on 
network description. These metrics can be used for solving 
very actual problem of searching and identificat ion of 
authoritative actors in social network or in some group of 
the given networks. 

In general, dynamic changes represent creation and 
destruction of nodes. In real networks, the destruction of 

node is often inappreciable. Such network is called growing 
network[2]. The network growing can be realized by 
random adding of actors and by preferential adding of 
actors.  

The random adding of actor is process starting from one 
actor. One another actor is adding to an existing actor by 
creating one connection to it in each  time unit. So, the 
actors can be marked by the t ime of their coming into a 
network. In the time t, the network has exact ly t actors. So 
the average node degree of the node, which came to 
network at the time s and we monitor it at the time t+1 is: 

        (8) 

This equitation can be solved and the result of its solving 
is formula (9). 

            (9) 

The preferential adding of actors similarly starts from one 
actor. In each time unit, some new actor is connected to 
existing actors by creating  one or more connections to old 
existing actors of the network. New actor selects such old 
actor for connection, which has the highest node degree (the 
highest number of existing connections). Each existing 
connection contributes to node degree increasing of two 
actors. Average node degree of the node, which came to 
network at the time s and we monitor it at the time t is: 

              (10) 

The distribution function of node degrees is: 
     (11) 

The network with this distribution function has actors 
with low number of connection so as actors with high 
number of connections to other actors. Such network is 
called scale-free network[1] and is described by 
Barabasi-Albert  model. 

3.1. Dynamics of Discussion Channel  

During dynamic analysis of network, our attention was 
focused on social network IRC (Internet Relay Chat), which 
was created on the basis of interactions between users of 
discussion channel located on web. The advantage of this 
selection is, that users of this discussion channel 
continuously communicate between  each other long time, 
because of themes of their communication is always actual 
for them. These themes are related also to technical problem 
solving, to technical news discussion or to common 
communicat ion. The IRC social network is created 
continuously in the process of communicat ion between 
users per running time. So it is naturally dynamic system 
suitable for dynamics analysis. The dynamics of this system 
is created by emergency. The dynamics of discussion 
channel is not created purposelessly by user but it is related 
to actual load of this channel according to real need to solve 
some problems, which have arisen.  
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Figure 1.  Average percentage of discussion channel IRC loading. Each column represents one hour of the day. Data were collected during 211 days 

Our tests were from the beginning concentrated on 
percentage of load of researched discussion channel during 
particular phases. Each phase is represented by one hour of 
a day. “Figure 1” illustrates percentage of average loading 
of discussion channel in particu lar hours of the day from 
00:00 to 24:00. 

The Figure 1 shows, that the highest activity on 
discussion channel IRC was noticed at night hours and at 
early evening hours. Table 1 introduces exact number of 
spotted iterations. The iterat ions represent communication 
activities between users per certain day hour. These data 
were co llected during 211 days.  

Table 1.  Number of users communications in certain time period – one 
hour of the day 

Day 
hour 

00:00 
00:59 

128242 

01:00 
01:59 

106138 

02:00 
02:59 
68807 

03:00 
03:59 
40686 

04:00 
04:59 
28396 

05:00 
05:59 
17086 Number 

Day 
hour 

06:00 
06:59 
13563 

07:00 
07:59 
12391 

08:00 
08:59 
23755 

09:00 
09:59 
35083 

10:00 
10:59 
44776 

11:00 
11:59 
56598 Number 

Day 
Hour 

12:00 
12:59 
61863 

13:00 
13:59 
71047 

14:00 
14:59 
70561 

15:00 
15:59 
72301 

16:00 
16:59 
66927 

17:00 
17:59 
66373 Number 

Day 
hour 18:00 

18:59 
85975 

19:00 
19:59 
94583 

20:00 
20:59 

105862 

21:00 
21:59 

122248 

22:00 
22:59 

137262 

23:00 
23:59 

141740 Number 

The whole number of users’ communications within all 
211 days was 1672263 iterat ions. Activities on this 
discussion channel were observed with the aid of 
autonomous robot Eggdrop[5]. The robot fu lfils a  ro le of 

manager of users. It provides some added functionalities for 
operators, moderators and functionalities for safety 
measures. 

3.2. Visualisation of Social Network  

We have tried to visualize the IRC social network in  
graphical way. The graphical visualizat ion of social 
network represents view on actually running discussion. 
Each fin ished discussion is removing from the graph and 
each new discussion is added to graph by new nodes and 
edges adding. Running discussions are depicted by 
darkening flow - line. 

Dynamic view on the social network has high computing 
complexity  and growing t ime increases its demands on 
space complexity. One possible solving of this problem is 
such animat ion creation, which reflects only changes in 
time. The graph visualization is modified only in discrete 
times, when some change was noticed. In  this way, we 
transformed  the mentioned animation “czechoslovakia.wmv”  
into series of 8497 graph visualizations. The figures from 
Figure 2 to Figure 5 were selected from this series. 

The dynamics of social network o r its evolution can be 
divided into two  phases: initializing phase and phase of 
monitoring.  

The initializing phase starts the social network d iagram 
building. The first interaction between two first actors is 
denoted into diagram, as can  be seen in  the Figure 2. At the 
beginning of the social network diagram building, the 
greatest changes in social network structure are denoted. 

The phase of social network monitoring is characteristic 
with oscillat ion around stabilized graph. The oscillations 
depend on setting value of parameter, which controls the 
time, non-active nodes are removed from graph after its 
expirat ion. 
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Too low value of this parameter enables to social 
network monitoring nearly on-line, because the process of 
network developing is accelerated. In this case, a node is 

removed strictly, after very short period of inactiv ity. On 
the other hand, too high value o f this parameter causes, that 
a node is removed after very long period of inactivity. 

 
Figure 2.  The first  iteration of the visualization process (initializing set of social network diagram with two entities from October 09, 2009) 

 
Figure 3.  The 42nd iteration of the visualization process (the social network diagram is growing up - October 09, 2009) 
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Figure 4.  The 44rd iteration of the visualization process (the social network diagram is disintegrated into two isolated parts - October 09, 2009) 

 
Figure 5.  The 1778rd iteration of the visualization process (the social network diagram is more complicated - Jun 09, 2010) 

Extremely high value of the parameter can cause that no 
node is removed from graph and such graphical 
visualizat ion provide to us the global view on all 

interactions between users from the first interaction to the 
actual – last one. But such complex visualization gradually 
loses its information value and readability, what is 
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illustrated in the Figure 6. 
The graphical visualizat ion of a social network and also 

its dynamic analysis based on graphical v isualization can be 
too complex and complicated. It was reason for our 
focusing on analysis of social network properties.  

 
Figure 6.  Too massive visualization of social network (passed from Ryze 
Business Networking) 

3.3. Dynamic Properties of Social Network  

Some structural characteristics of network were 
introduced within the section 2.2. These static properties 
can be studied in their dynamics.  

3.3.1. Distribution of the Average Node Degree 

We concentrated our attention on one of them - the node 
degree k , which is based parameter of the investigated point 
(node, entity, user or actor). The node degree k  represents a 
number of all the nearest neighbours of the given node (see 
section 2.2).  

 
Figure 7.  The distribution of the average node degree of the social 
network in dependency on time 

Our experiments are related to closed social network –  
discussion channel IRC. A ll nodes communicate only to 
other nodes of the same network. The average in -degree of 
some node is equal to the average out-degree of the same 
node (see formula (3)), because investigated network is 

discussion channel, which works on a bases “question – 
answer”. A set of users, which did not get an answer is 
small and can be neglected.  

We tried to research average user – discussant and came 
to average distribution of the node degree depending on 
time. This node degree distribution is illustrated in the 
Figure 7.  

It can be seen in the Figure 7 that average node degree 
oscillates between values 2 and 8. It is relatively common 
value, which represents communicative ab ilities of one user 
(actor, discussant). This value depends also on discussion 
channel load and an average number of act ive users - 
discussants during the day. 

3.3.2. Clustering Coefficient  

Some experiments were performed using the private 
discussion channel Kyberia (www.kyberia.sk). Three types 
of data were considered: who is an initiator of a given 
friendship, who was added as a friend and time of every 
action. The whole data base of this social network can be 
characterized by the fo llowing properties: 

Number of nodes: 5852 
Number of edges: 150392 
Time interval: 25.2.2004 – 16.3.2009 
Average network degree: 51, 3984  
It is clear, that visualizat ion of the network with 5852 

nodes is difficu lt and it cannot to serve to valuable dynamic 
visualizat ion what is illustrated in Figure 8. Thus, the part 
of this network in  the time interval of 30 days was selected. 
This selection has the following properties: 

Number of nodes: 233 
Number of edges: 291 
Time interval: 25.2.2004 – 27.3.2004 
Average network degree: 5, 78623  

 
Figure 8.  The clustering coefficient for the whole Kyberia social 
network, collected within the time interval: 25.2.2004 – 16.3.2009 

Figure 8 and Figure 9 illustrate the difference in the 
development of the clustering coefficient in the whole 
social network and in one-month selection. 

So, decomposition of the whole network on a given 
number of smaller parts – time part itions – can give us 
statistically more transparent data. 
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Figure 9.  The clustering coefficient for one-month selection of the 
Kyberia social network, collected within the time interval: 25.2.2004 – 
27.3.2004 

4. Conclusions 
A social network usually represents connections between 

various entities in two or three dimensions. Adding another 
dimension – time – enables us to investigate the network 
dynamics. Insertion of dynamics into the social network 
visualizat ion process gives us a new point of view 
applicable on this problem. 

The purpose of this work was a research of dynamics of 
the IRC social network and Kyberia social network. We 
have analysed data from IRC, which were collected by 
PieSpy[12]. The whole number of co llected screens was 
181310. It takes 5 GB of disc space. The social network 
was monitored during enough long time (since October 9, 
2009 to December 05, 2010) to trace permutations in the 
social network organization. Clusters creation, central nodes 
creation and small isolated islands of small number of 
nodes were denoted.  

Dynamic processes in this social network orig inate from 
emergency. It means that network users do not 
communicate with other users only for purpose of social 
network bu ild ing or for purpose of connections gaining, but 
also because of technical problem solving. This social 
network is a result of independent communication on public 
level. Like in any common society also in this social 
network the central nodes are more interesting. The central 
nodes – hubs – are typical with high number of connections 
to other nodes - entities. These central nodes represent very 
active actors, which spend more time on the discussion 
channel or authoritative users, which are the most orientated 
in problem domains. The identificat ion of just authoritative 
actors is attractive problem for us for future research. 

We have analysed also data from the Kyberia social 
network, which were collected within the time interval: 
25.2.2004 – 16.3.2009. This analysis was focused on the 
evolution of clustering coefficient.  

The dynamics in social networks illustrates processes 
created by people. Within the given network, friendships 
are created and also deleted. Increasing number of users 
leads to network growing and to speeding up of the network 

dynamics. Studying of the network dynamics can discover 
developing of local trends, network popularity developing 
and user reactions on many impulses. It can be also very 
interesting to compare a speed of creation of some clusters, 
which develop in the surrounding of the central nodes 
(authoritative users). Mapping of a social network dynamics 
has multifunction usage and so there are many forms of 
application of data mining of such type. 

Another promising research field is discussion 
analysis[9]. This problem is related to discussion channels 
too, but it concentrates on opinion analysis not dynamics 
analysis. This opinion analysis can be semantically 
enhanced, what can  create hybrid  access to semantic and 
social web  re-approach[10]. This access represents the 
social web  mining from content. Interesting can be also 
social web min ing from a structure, which is introduced 
in[8] with focusing on social network of authors and 
tracking influential concepts spreading down this network. 
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