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Abstract. In recent years, there has been considerable lgrofadifferent kind

of networks. From physics and computer scienceittodpy and the social
sciences, researches have found that a great wasfetsystems can be
represented as networks. Network evolution has fedthe extensive
investigations in order to understand and explatwaork effects. The main
advantage is that graph theoretic concepts can $&ed uas principal
mathematical language for describing propertiesnefworks. One of the
continuously and rapidly evolving fields in the dyuof networks and complex
systems is structural reasoning based on Socialdyle Analysis (SNA). The
purpose of the paper is to discuss about the irapoet and possibilities of
structural reasoning based on SNA and to showphécation of SNA for non-

typical social network. In this article particulamterest is devoted to the
relational analysis of network.
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1 Introduction

In recent years, there has been considerable grafvdifferent kind of networks in
economics, mathematics, sociology, computer sci@mcea number of other fields
(there are computer networks, social networksticitanetworks, hyperlink networks
and countless more). From physics and computenaei¢o biology and the social
sciences, researches have found that a greatyafistystems can be represented as
networks, and that there is much to be learned thglyjng those networks [1].
Network evolution has led to the extensive invedtans in order to understand and
explain network effects [2]. Internet has amplififie power of many existing
networks and sustains a large collection of newworks. Increasingly, there is
recognition that network analysis can tell us aagréeal about the relationships
between people and between entities. The studyaaadl/sis of networks can be
spread to many tasks from interdisciplinary invgetions. First of all, networks have
to be built, which means that empirical studiesnefworks are necessary. The key
aspect here is knowledge acquisition and reprei@mtalhe goal of this stage is
representation of a network as a model appropf@atéormal analysis. Afterwards,
models have to be read and processed using maibameat statistical analysis.
Finally, it is very important to capture the insig obtained from observational data



and quantitative analysis so that one can creatielmosuch as mathematical models
or computer models of processes taking place iwaréed systems. Modeling work
of this type allows to make predictions about tbéadvior of network as a function of
the parameters affecting the system. Every stagiisfstudy requires appropriate
tools and knowledge from a certain branch of s@eietwork theory is compatible
with systems theory and complexity theory.[Bherefore ability to take a look on the
structure from the qualitative (relational) as wadl from the quantitative (systemic)
point of view is very useful and important. Qudlite/relational analysis gives an
insight on the individual actors and their propestiwhile the quantitative/systemic
analysis let us compare different kind of structur€he aim of such comparative
analysis is to make a set of properties to meath@ecomplexity of networks. This
article discusses structural reasoning based oialsoetwork analysis (SNA). The
particular interest is devoted to the process latimal analysis of network.

2 Structural reasoning based on SNA

The task of structural reasoning is to understamdpgrties of structural
environment, and how these structural propertilsence observed characteristics
and associations among characteristics. The maiansaige of structural reasoning is
mathematical description based on graph theoreticepts of network. Graph theory
provides both an appropriate representation aret afsconcepts that can be used to
study formal properties of networks. It gives ustmeanatical operations and ideas
with which different kind of properties can be qtified and measured. There are
many sources of literature where to read the maaply theoretic concepts and
effectiveness of using graphs in network analysis?, 4, 5, 6, 7, etc.]. There are
several key concepts at the heart of network asalymt are fundamental to the
discussion of social networks. These concepts artar, relational tie, dyad, triad,
subgroup, relation, and network [5]. In SNA graghused as a model of network,
where nodes serve as actors and links are relatisbetween them. In the network
analytic framework, links may be any relationshipséng between units (material
transactions, flow of resources or support, kinshghavioral interaction, information
exchange, citation etc.). The patterns of connestisetween nodes form a network
and it is intuitively clear that the structure oich networks must affect the pattern of
different transactions where the certain networkiste. There are three primary
components in the study of networks [2]:

e empirical studies of networks, when network streetis probed using a
variety of techniques such as interviews, quesaoes, direct observation
of individuals, use of archival records etc. Thealgof such studies is to
create a picture of the connections between objects

e applying mathematical or statistical analyses fonedawork, namely the
guantitative analysis of network data. This is dleenain of classical social
network analysis, which focuses on issues suclis:are the most central
members of a network and who are the most peripgh&vhich people have
most influence over others? Does the communitykbne® smaller groups



and if so what are they? Which connections are nuostial to the
functioning of a group?

e mathematical modeling of networked systems — bugidon the insights
obtained from observational data and its quantiéaginalysis, one can create
models, such as mathematical models or computereisiodf processes
taking place in networked systems. Modeling workhi$ type allows us to
make predictions about behavior of a community afuraction of the
parameters affecting the system.

Structural reasoning points out two perspectivemfvhich one can make analysis
of network, namely qualitative/relational and quiatitve/systemic point of view. Of
course, quantitative and qualitative approachesiatenutually exclusive - contrary,
they must be considered as two supplementary agipesaMany complex systems in
the real world can be modeled as social network&iab network analysis is a
continuously and rapidly evolving field, and is obench of the broader study of
networks and complex systems. The concepts arfthitrees of social network
analysis are informed by, and inform the evolutidrihese broader fields [8]. Social
network is characterized by a distinctive methodgglencompassing techniques for
collecting data, statistical analysis, visual repraation, etc. [3]. SNA techniques
discover patterns of interaction between sociabracin social networks. However,
one of the SNA's advantages is that it can in factover subtle, unrecognized
relationships between actors, and thus can aittdndevelopment of more accurate
classification schemes in the future. Common SNa#cedures include [8]:

e information flow analysis (to determine the diient and strength of
information flows through the network);

e calculation of centrality measures (to determindiviidual roles within a
network);

e hierarchical clustering (to uncover cliques whosemhers are fully or
almost fully connected);

e the block modeling (to discover key links betweéifiedent subgroups in a
network);

e calculation of structural equivalence measuresdgatify network members
with similar characteristics);

Freeman defined the basis for a whole family ofencdntrality measures: local
centrality (degree), betweenness, and global déptricloseness) [4]. Centrality
measures address the question “Who is the mostrtenr central person (actor) in
this network?" Centrality measures are some ofntlost fundamental and frequently
used measures of network structure. They showdleeaf individuals and also the
whole population in a network [8].

Due to the scope and goal of this paper the relaktianalysis of basic centrality
measures proposed by Freeman is made. The apphicaitiSNA and the results of
analysis are in the following chapter 3. It shoblel admitted that the process of
analysis can be widened to very deep level accgrttinthe interests and the aim of
the person who makes analysis.



3 Therelational analysis of network

The application of SNA was taken to analyze thevondt which depicts some
streams of systemic thoughts. This network reptesanfamily tree of systemic
thinking and it was elaborated by Internationatitote for General Systems Studies
(IIGSS) during the period 2000 — 2001 (IIGSS 2009des and links of the digraph
are colored according to its major scientific realthere are twelve groups of nodes
in this diagram: general systems, cybernetics, iphyssciences, mathematics,
computers & informatics, biology & medicine, symicokystems, social systems,
ecology, philosophy, systems analysis, engineerffigure 1 shows the network
elaborated by IIGSS. There is a visualization dfwoek as a digraph in Figl{re 2.
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Figure 1. Some streams of systemic thoughts Figure 2. Visualization of network using
[10]. NetDraw [11].

Digraph describes the interdependence of differdinections of science and
research. The relationships between nodes dejichthual exchange of information,
where the node can serve as a sender and/or agereckinformation, where a node
is influenced by or has an influence on anotherenibdgraph. The core disciplines
play the most important role (like mathematics, teys theory etc.), but it is
interesting to know also the origin and the follogiigrowth of different kind of
directions, namely which branch of science wasugriced by another one or which
one has a mediate impact on the development ohanone. Also it is interesting to
think about the common evolution of scientific flenand directions, while in
comparison to the previous version of this netw@kaft update in 2000) many
subjects from social and symbolic systems are adbed network can not be treated
as a typical social network where nodes are humaimgb and links show
relationships between them. But still using SNA cae think and discuss about the
causes and consequences of processes surroundiSgaial network analysis was
made using SNA analysis tool UCINET 6.0 [12]. Dietdi explanation of
mathematical background for each measure one cahafiso in [5, 6]. The core
information about the network is given in table 1.



Table 1. The core information about the networks under itigation.

M easure Value

Number of nodes 615
Number of links 1288
Number of isolated nodes 37
Number of internal nodes 409
Number of input nodes 50
Number of output nodes 119
Number of strongly related subcomponents (withi hore members) 24

Actually, the goal of this analysis is twofold: dir to ensure that SNA can be
applied to such kind of structure, and seconaiygdt interesting and useful results to
better understand systemic thoughts depicted snstiiicture.

3.1 Degree (local centrality)

A degree of node is the number of nodes adjaceibt{éh As our graph is directed
it is necessary to distinguish between the ‘intadity’ and the ‘out-centrality’. In
typical social network one quantifies it as thedemcy of actors to make ‘choices’
and the other quantifies the tendency to recei@ites’. It depends on a specific
network under investigation. Table 2 lists the tiogortant nodes according to their
direct connectivity, namely in-degree and out-degoé node is taken into account.
The more links an actor (node) has, the more palaeyr may have. If an actor/node
receives many ties, they are often said to be prentj or to have a high prestige.
Actors who display high out-degree are often saibe influential actors [5].

Table 2. Nodes with the highest in-degree and out-degree.

In-Degree Out-Degree
InD = 13: Classical mathematicsg(ninformatics | OutD = 31: General systems,{i
(Computer Science&Engineering)gy); OutD = 23: Operations research@y
InD = 12: Management cybernetics {) ; OutD = 21: Rational philosophy 41);
InD = 11: Structuralist mathematics;(n Modern theoretical physics4g);
InD = 10: Natural evolution@gg; Human| OutD = 16: Informatics(Computer
science(pg;); Rational philosophy @g); | Science & Engineering) ¢py); etc.
Geometrodynamics  {g); Classical physicg
(Nsgy); etc.

The results show thatClassical mathematicsand Informatics (Computer
Science&Engineeringare nodes with the highest in-degree. These neeieg as
point of reference for another one to be valualné abservable. One can see that
nodeGeneral systemBas the greatest out-degree and therefore it nhightegarded
as the most influential node in the network. Thigesce has initiated many other
investigations in different scientific realms. Thather branches share information
with these three would seem to indicate an inteoesthe part of others to exert
influence.



3.2 Closeness (global centrality)

Importance of a node can be exerted by directémibe and information (or some
other value) exchange, but it can also be seen“sfeaence point” by which actors
judge themselves, and by being a center of attemtioo’s views are heard by large
number of actors. Freeman’s measure of global akgtis expressed in terms of the
distances among the various nodes. A node is djolsantral if it lies at short
distances (geodesics) from many other points [Bis T the most common approach,
alternatively one may focus on reciprocal tiespoall paths or all trails in a network.
The measure focuses on how close an actor is tthalbther actors in the set of
actors. The idea is that an actor is central dfaib quickly interact with all others.
Actors who are able to reach other actors at shpaéh lengths, or who are more
reachable by other actors at shorter path lengilkie favored positions [8]. Table 3
shows results of closeness centrality analysis.

Table 3. Nodes with the highest in-closeness and out-clesen

In-Closeness Out-Closeness
Systemic Perspectivism 443); Topology of | Astronomy  (ngg; Philosophy  of
Meaning (n7¢); Cyber-semiotics @g); | Regularity (ns9); Philosophy
Socio-Cybernetics 02); General| (Anaxagoras) (f2); Naturalism (B40);
Systemology (fvp); Social Cybernetics Heroic Legends (@); Law (rsa);
(ni79;  Teleonics  (Ry);  Cybernetic| Reciprocities (gsg); Unity & Stasis (Be);
Epistemology (rsJ); etc. Apocalyptic Dualism (gg;); etc.

Actually here some kind of ranking also must beliapp while it is important to
distinguish the quantity of nodes from which noda de reached (as well as node
can reach) and the sum of geodesics. While theaadiference if a node can reach a
lot of other nodes with larger geodesics in totaif @ has less reachable nodes with
smaller sum of geodesics. What one suggests asimpogtant: the number of nodes
or the sum of geodesics? The process of analysisshawn that nodéystemic
Perspectivism (g’ is reachable from the 381 other nodes on the ¢@@atlesic paths
of 1621, while analysis of out-closeness pointsthatnodeAstronomy (gg)’ from
which 476 nodes are reachable on the geodesic®18. Interestingly, both these
nodes f,ssand nsgg) have additional characteristic — they are ougnd input nodes,
respectively. Also distance matrix shows that thenme 3 different paths connecting
them. The analysis of results here can be widemadvery deep level.

3.3 Betweenness centrality

Betweenness is the third basic concept of centrdéfined by Freeman [4]. This
concept measures the extent to which a particudale lies ‘between’ the various
other nodes in the graph: a node of relatively ldegree may play an important
‘intermediary’ role and so be very central to trework [6]. That is, the more other
nodes depend on certain node to make connectiotis ather nodes, the more
important the certain node is. If there are seveoahections through this node, then
the importance decreases. In typical social netsitinkse nodes are called ‘brokers’



or ‘gatekeepers’ with a potential for control owghers. Betweenness centrality also
is calculated based on geodesic distances whidhrgagh the certain node. Table 4
shows the results of analysis of betweenness diéntra

Table 4. Betweenness centrality of nodes.

Betweenness (SNA)

Classical mathematics djp Mathematical logic(g); Operations Researchg(g); General
systems (§); Mechanistic Physics ¢r;) ; Mathematical Nominalism §g); Informatics
(Computer Science & Engineering),4#; Rational Philosophy fag); Logical Positivism
(n33); Sructuralist Mathematics {n etc.

The results of analysis show that the highest betwess characterizes nodes
Classical mathematics ¢/ Mathematical logic(g); Operations Research {53 etc
These nodes/actors play the most important rolatasmediaries. Author explains it
so, that many directions, researches cannot be maitleout mathematical
background. It would be interesting also to makepae analysis to find subsets of
nodes which go through these ‘gatekeepers’. Betaessis one of the most complex
of the measures of node centrality to calculate [6]

4 Conclusions

In this paper we have described the main ideastrattaral reasoning
based SNA approach. The application of structieasoning based on SNA
was made to the network depicting streams of systémughts. Due to the
scope and aim of this paper and also due to theifgp@etwork under
investigation the most well-known measures of rete process of analysis
were discussed here, while the depth and the ppafemnalysis can be spread
according to the aim of analysis and knowledgerésearcher or the person
who makes analysis has. The main conclusion isSN&% can be applied to
analysis of specific, non-typical social structuré€ke results of analysis can
be treated as ‘short-term’ and ‘long-term’ perspectlf we speak about the
meaning of scientific researches and directionsfitee present point of view,
when a huge amount of new investigations are madigh are mostly based
on fundamental theories, then such nodeSlassical mathematics, Computer
Science&Engineering, General systems, Operationse&eh etc. are the
most important. But, from the ‘long-term’ perspgetpoint of view, when we
think how the things have originated, such nodefkasonal Philosophy,
Fluxation&Unified Opposites, ldealistic philosoplye the most significant,
while these nodes have the highest connectivityotiter nodes in the
structure. Does it mean that today we have to gak®k on events around us
from the philosophical point of view? Maybe deepealysis of this structure
could give us an answer to this question. Althouble, relational point of
view was stressed here, it would be useful to nslstemic or macro level



analysis,to form a set of properties to measure the comiylexdi networks. It is
obvious thatboth views — relational and systemic — can be wsedutually
complementary approaches. Future research will dmised on deeper
analysis of this structure to find new measures amy interesting
consequences and also on analysis of other ‘ndoatypsocial network
structures. Special interest will be devoted to tise of social networks
analysis in software engineering, where it is reddy unexplored and holds
much promise for future applications.
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