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Abstract

Social interaction is an important component in our lives. Social
Network Analysis is a technique used today to describe and
model the social interaction. The purpose of this study was to
map the patterns in the learning process in the LPIA Tambun
using Social Network Analysis. To identify the relationship of
the actors and central actors in the network, this study analyse the
density and eigenvector of ties as well as Freeman's centrality
metrics of network. Analysis and visualization is done using
Ucinet 6.0 and Netdraw. From the results of analysis, this study
finds that the relationship of the actors in the network is
categorized as a weak ties. Erly Rimianty become a central and
influential actor in the network.

Keyword : Social Network Analysis, density and eigenvector of
ties, Freeman’s centrality metrics.

1. Introduction

Learning is a system composed of several elements that
interact to form a union. Elements of a learning system is
student, faculty, facilities, materials, learning objectives,
learning environment. Learning is a process of interaction
between instructors and students. In the learning process
students will gain about something they do not know, they
will learn the knowledge in a more efficient, than the
process will be a link on the new knowledge in a more
stable cognitive structures, which can be obtained in the
study [7]. The purpose of learning more emphasis to
expand or add a student's knowledge, so that the student
has the ability to express again the knowledge and
understanding that have been studied, both within a short
time or long time, which is obtained through a variety of
ways in the learning process [4] .

Development of educational institutions is rapidly
increasing nowadays, requires each institution to be able to
fix the quality of education so as to maintain, enhance
stakeholder satisfaction and confidence. LPIA (Indonesian
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American Education Institute) that stood since 1995 and
has 65 branches spread across several regions in Indonesia.
LPIA is an educational institution that provides services to
the stakeholders, namely students from elementary through
high school, especially in the subjects of English Language
and Computers. LPIA quality improvement efforts are also
conducted every year by organizing training courses for all
instructors. In addition to instructors skills, learning is also
influenced by the success of teaching methods and student
learning. Student relationship with the instructor can be
used as a basis for assessing the success of a learning
process.

SNA (Social Network Analysis) is a technique to study the
social relations among members of a group of people. This
study is intended to provide an overview of social
networking that occurs between student and instructor in
the learning process in LPIA Tambun, so it can help
leaders to know the development of the learning process
and make efforts in improving the performance and quality
of the learning process in LPIA Tambun.

2. Research Questions

The research conducted is designed to answer the

following questions :

1. How the map relations in social networks of the
learning process at LPIA Tambun?

2. Which actors have an important role and influence in
social networks of the learning process at LPIA
Tambun?

3. Aim of The Research

The purpose of this study was to use social network
analysis to map relationships within social networks in the
learning process and to know the actors that have an
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important role in the social network in the learning process
in LPIA Tambun

4. Theoritical Foundation

Network is a set of relations, networks have multiple
objects (nodes) and the mapping or description of relations
between the objects (nodes) [3]. To understand the
approach used in network analysis, there are three types
graph of networks: Star, Line, Circle [2]. To more clearly
the three graph of network can be seen in Figure below

N

Ring Star

o6 0660606

Line

Fig 1. Three types graph of network

A graph or sociogram is composed of nodes or actors or
points connected by edges or relations or ties. A graph
may represent a single type of relations among the actors,
or more than one kind of relation. Each tie or relation may
be directed, or it may be a tie that represents co-
occurrence, co-presence, or a bonded-tie between the pair
of actors. Directed ties are represented with arrows,
bonded-tie relations are represented with line segments

[2].

Social Network is a field that has been researched and
developed in the Ist few years as it has direct influences to
ways of thinking, conveying ideas either in web
development or in other network structures [5]. One
method to analyze a network is Social Network Analysis
(SNA). SNA is a mathematics- based and could be
implemented in many fields such as Computer Science,
Geography, Information Science, Psychology, Biology,
and many more [1][5]

Social netowrk Analysis is a technique for studying the
social relationships between members of a group of people
[8]. Social Network Analysis is used to understand the
relationships (ties / edge) of the actors (nodes / points) that
exist in a system with a second focus, the actors and the
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relationships between actors in a particular social context.
The focus is to help the understanding of how the position
of the existing actors can affect access to existing
resources such as goods, capital, and information [6].

Social Network analysis aims to visualize the relationships
between different actors, which interact in a specific place.
From the results of the visualization, there is some use of
Social Network Anlysis :

1. Identify individuals, groups and units which play a
major role.

2. Distinguish the information breakdown, bottleneck,
structural holes, and also the individual, group and
isolated units.

3. Advantage of the opportunity to accelerate the flow of

existing  knowledge, both  functionally and

organizationally.

Increase awareness of and reflection on the importance

of informal networks and ways to improve

organizational performance.

Strengthens the efficiency and effectiveness of existing

formal communication channels.

6. Increasing support among the actors in the organization
through relationships built in the network

7. Enhance innovation and learning for all members of
the organization.

8. Find new strategies to be implemented in the
achievement of organizational goals [6].

&

o

In performing measurements of the Social Network
Analysis can be used terminology density and eigenvector,
centrality and power. Density is a comparison between all
the networks of existing relationships with all relationships
that may exist. The density of a network can tell us about
how information moves between the points in the network
and also where the actor has a high social capital.
Eigenvector approach is an effort to find out the most
central actor in the network. Eigenvector investigates the
global distance between actors in one dimension or ties
pattern [2].

Social network analysis using the paradigm of 'centrality
and power' can identify the central actors in a network that
has the status / position in a more benefit, it can be said
more powerful than the other actors in the network [2].
Analysis of centrality in a social network can provide
knowledge about the role of an individual in its
environment. The degree centrality (Degree centrality),
closeness centrality (Closeness centrality) and the
centrality of the Intermediary (Betweenness centrality).

Degree centrality is the degree of presence and position of
actors in a social network. Consists of 2 types:
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a. In degree: an actor with a high degree in shows that
the actor has an important role. This is because many
actors are trying to get in touch with them.

b. Out degree: actors who have a high degree out shows
that the actor was very influential position in a social
network. This demonstrates the ability of an actor
who is able to exchange information with other
actors.

Closeness centrality is a measure of how much
information can be spread from one actor to other actors.
Moreover, Closeness centrality can also show the distance
between one actor to another actor in a network. The
higher the value the proximity of the actor, indicating the
easier for the actor to disseminate information in the
network. Instead, if the value of proximity is low, then the
distance the actor with other actors far enough, so that the
dissemination of information from informants is quite
difficult actor to another actor.

Betweenness centrality is a measuring that includes how
much a node / actor is able to control / control the flow of
information between actors in the network. Betweeness
high centrality of an actor showing the actor has a great
capacity to facilitate interaction among the actors that are
connected. In addition, Betweenness centrality: can also be
used to measure how well does an actor, can facilitate
communication with other actors in a network.

5. Research Method

In mapping the social networks for the learning process,
there are stakeholders who are involved as research
objects. This study uses the research object as the target
population. Purposive sampling of data applied in this
study. This research included in survey research. It uses
questionnaires and interviews for data collection.
Interviews were conducted by asking questions directly or
indirectly to the respondent in the form of questionnaires.
The number of respondents is 24 people consisting of 20
students and 4 instructors LPIA Tambun. Litelatur study
was also conducted for the data collection process by
reading litelatur-litelatur, books and references related to
Social Network Analysis.

Social Network Analysis using the Full Network Method
approach. Methods or procedures of this data collection is
one of four possible methods in Social Network Analysis
[2]. Data collected by gathering the information
relationships between actors. This approach ties in the
population census actors. Full Network of data makes it
possible to obtain a description and a very strong social
structure.
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In data processing and analysis in the assessment process
was conducted with Ucinet 6.0 and Netdraw . Both
applications were developed by Borgatti, S.P. in 2002 at
Harvard University as an Analytic Technologies. Ucinet
6.0 is used to create or compile a matrix of interaction
between nodes / actors along with their attributes, which
then visualized on Netdraw applications. In addition, to
perform data analysis to look at the role of actors in a
network, carried out by using theAnalysis tools that exist
in the application Ucinet6.0.

6. Analysis and Discussion

Trough the data processing using Ucinet 6.0 and Netdraw,
the visualization of the social netwrok and its statistic
description of the actors in the learning process at LPIA
Tambun could be seen in the figure below.

Damarz Anandi

Tabeh Parind.ngan

NS

N, Iiu: ta
1. Adber

Fig. 2 Sociogram social network of 24 actors

To see the depth of the visualization of social networks, as
shown in figure 2, the following will discuss the
relationship and interaction of the actors, as seen from
some of the tools in Social Network Analysis, such as
Density, Eigenvector and Freeman's Centrality Analysis.

6.1 Density

There are 88 ties that occur in the network which could be
seen from the sum coefficient in univariate statistic (see
figure 3). Total ties that may be sent or recieved from all
actors is 552 ties (from N of Obs) and the mean of the ties
in the network is 15,9% which is under 50%. With the
significant difference beetwen the ties made and the total
ties that might occur, then it can be concluded that ties
between actors in the network are weak.
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UNIVARIATE STATISTICS

Dimension MATRIX
Diagonal valid? NO
Input dataset actors (C\Users\sony\Documents\Ucinet LPIA\actors)
Descriptive Stafistics
1

1 Mean 0.159

2 Std Dev 0.366

3 Sum 88.000

4 Variance 0.134

5 8§sQ 88.000

6 MCSSQ 73971

7 Euc Nom 9.381

8 Minimum 0.000

9 Maximum 1.000

10 NofQbs §52.000

11 N Missing 0.000

94

BONACICH CENTRALITY Bonacich Eigenvector Centralities
Method Slow 1 2
Input dataset actors (G \Usersisony\Documents\Ucine! Eigenvec nEigenvec

EIGENVALUES

FACTOR VALUE

PERCENT CUM% RATIO

Anisa zafirah

0318

45.040

1
2 Brian Ramadan 0216 30500
Th i e wa i 3 Diana Febriant 0222 31449
4 Zaenal Arifin 0.156 21.9%

2z 28683 93 261 1084
3 24 85 s 11w 5 M. Fadhi 0121 17428
oo 18 42 i 6 Meulia Bestanisa 0183 25834
5 1710 58 481 157 7 Bella Saparina 01%6 2199
& 1113 38 520 1307 8 TabahPadindungan 0032 4517
7079 28 M7 104 9 Aulia Nindysari 0330 46730
& 0I5 26 573 1% 10 Damara Anandi 0043 6036
9 0870 23 597 1738 11 Tiara Ayu 0242 34212
10 13 610 778 12 M. Akbar 014 2042
11 612 13 Alika zahra 0093 13202
12 812 14 Dwi Rahmadi 0154 21825
13 812 15 Ichsan Malik 0.084 11.899
1 601 16 Pulri Cila 0197 27925
15 584 17 Yeni Sarah 0032 4517
% 568 18 Dwi Ayunitias 0119 16872
1; fgf 19 Icih 0082 11619
b o 20 Yani Suryani 0117 16567
% P 21 Edy Rimiant 0426  80.176
o pooe 22 Lia Nurafiyani 0212 20072
» »3 23 Sn Febriyant 0123 17435
— 24 Johanes 0399 56470

28958

23

Statistics saved as dataset

Descriptive Statistics

actors-Uni (C:\Users\sony\Documents\Ucinet LPIA\actors-Uni)

Running time: 00:00:01

Fig. 3 Univariate Statistics of Density Matrix
6.2 Eigenvector

Based on figure 5, actor 21 (Erly Rimianty) is the actor
with the highest eigenvector point wich is 0,426. So the
central actor in the whole network is actor 21 (Erly
Rimianty). Beside actor 21, another central actor that
could be identified in the network are actor 22 (Johanes)
and 9 (Aulia Nindysari) with eigenvector point 0,399 and
0,330.

Meanwhile the highest eigenvalue from the factor analysis
is 4.860 and 16,8% of percentage pattern. This indicates
that 16,8% of the ties has global pattern distance to the
network of 4,860. The local pattern distance of the
network is 2.683 with 9.3%. The next pattern will be a
more local pattern.

Fig. 4 Sociogram Eigenvector of 3 Central Actor in Network
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1

2

Eigenvec nEigenvec

1 Mean 0175 24.761

2 Std Dev 0.105 14.840

3 Sum 4.202 594.258
4 Variance 0011 220239
5 ssa 1.000 19999.998
6 MCssQ 0.264 5285.729
7 Euc Nom 1.000 141421
8 Minimum 0.032 4517

9 Maximum 0426 60.176
10 Nof Obs 24000 24000
11 NMissing 0000  0.000

Network centralization index = 46.69%

okl e sk ESROGIC
Fig. 5 Bonacich Eigenvector Centralities

6.3 Centrality Actor in the Network

6.3.1 Degree Centrality

Based on figure 8, actor 21 (Erly Rimianty) is the actor
with the highest out-degree point wich is 10. This indicates
that the actors are the central actors in the network. 10
point means that they send and recieve the information to
10 other actors. While actor with the highest in-degree
point is actors 21 (Erly Rimianty), with 10 points. This is
the central or focus actor as well as prominent actor. It
indicates that many other actors try to send or receive ties
from her. The 10 points means that this actor receive
information form 10 other actors.

Fig. 6 In-Degree Centrality Sociograms of
central actors in the network
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6.3.2 Closeness Centrality

Based on figure 9, the Closeness Centrality measurement,
actor 21 (Erly Rimianty) and 24 (Johanes) has the highest
in-closeness point wich is 16,00. These two actor is more

- easily spread information compared to other actors in the
1 network. Compared to the in-closeness Mean which is
l . 11.514, shows that actor 21 (Erly Rimianty) and 24

(Johanes) receives information more than the average of
the actors in the network.

CLOSENESS CENTRALITY
Input dataset actors (C:\Users\sony\Documents\Ucinet LPIA\actors)
Method Reciprocal Geodesic Distances
. . . Qutput dataset Closeness (C:\Program Files (x86)\Analytic Technologies\Clo
Fig. 7 Oout-degree Centrality Sociograms
of central actors in the network Closeness Centralty Measures

1 2
Closeness nCloseness

From result in figure 8, the average of out-degree and in-

. . . . e 21 Ery Rimiant 16000 69565
degree points of actors in this network is low, it is: 3,67, 24 Johanes 600 69565
This indicates that each actors send and receive ties to and ool - - <
from 1 actors based on the total number of actors in the 22 Lia Norafyani 000 5652

23 $n Febriyant 12667 55072
network. 11 Tiara Ay 1208 525%
3 Diana Febrianti 12.000 52174
14 Dwi Rahmadi 183 51449
2 Bnan Ramadan 11.667 50.725
FREEMAN'S DEGREE CENTRALITY MEASURES 6 Meuta Bestanisa 1417 49638
16 Putr Cita 1167 48561
Diagonal valid? NO 12 M. Akbar 11.000 47.82%
Model ASYMMETRIC 7 Bella Saparina 10.583 46.014
Input dataset actors (C\Users\sony\Documents\Ucinet LPIA\actors) 13 Alika zahra 10.583 46.014
4 Zaenal Adfin 10583 46014
i 2 3 4 16 lchsan Malik 1050 45652
OuiDegree InDegree  NmOuiDeg NeminDeg 18 Dwi Ayuniias 10500 45852
Azt 5 M. Fadhil 10417 45200
21 Erly Rimianti 10.000 10000 43478 43478 .
24 Johanes 9,000 9000 39130 39130 20 Yani Suryani 02 A
9 Aulia Nindysari 7.000 7.000 30435 30435 19lch 9.667 42029
1 Anisa zafirah 6,000 6,000 26.087 26.087 10 Damara Anandi 9583 41667
23 Sri Febriyant 5,000 5.000 2739 21739 8 Tabah Parlindungan 8833 33406
22 Lia Nurafiyani 4.000 4.000 17.391 17.391 17 Yeni Sarah 8833 38.406
14 Dwi Rahmadi 4000 4,000 17.391 17.391
1M Tiara Ay 4000 4000 17,391 17.391 —
3 Diana Febrianti 4.000 4.000 17.391 17.391
16 Puti Cita 3000 3000 13043 13,043 1 2
2 Brian Ramadan 3.000 3.000 13.043 13.043 Closeness nCloseness
5 M. Fadhi 3000 3000 13,043 13,043
6 Meutia Bestanisa 3.000 3.000 13.043 13.043 1 Mean 11514 50.060
12 M. Akbar 3000 3.000 13,043 13,043 2 Sd Dev 1854 8062
15 Ichsan Malik 3000 3000 13,043 13,043
7  Bella Saparina 2000 2000 86% 86% 3 S closy AL
13 Alika zahra 2000 2000 869 8696 4 Variance 3438 64.999
4 Zaenal Arfin 2,000 2000 86% 869 5 88Q 3264195  61705.000
8 Tabah Parlindungan 2,000 2,000 8696 8696 6 MCSSQ 82523 1559.983
10 Damara Anandi 2.000 2000 86% 8.696 7 Euc Norm 57133 248 405
20 Yani Suryani 2.000 2000 8.6% 8.696 8 Minimum 8833 38.406
17 Yeni Sarah 2.000 2000 8.69% 8.696 :
18 Dwi Ayunitas 2000 2000 86% 8696 JiMadun; | 16500 kel
19 Ich 1.000 1000 4348 4348 10N of Obs 24.000 24.000
DESCRIPTIVE STATISTICS Network Centralization = 41.63%
1 2 3 4
OutDegree  InDegree NrmOutDeg  NrminDeg Output actor-by-centrality measure matrix saved as dataset Closeness (C:\Program Files (x86,
1 Mean 3.667 3.667 15.942 15.942
§ 2‘:’;’*’“ 3:330 af 5033 33296%%5 383 235 Fig. 9 Measurement Result of Closeness Centrality
4 Varance 4972 4972 93.993 93.993
5 8sQ 442000 442000 8355.388 8355.388 .
6 MCSsQ 119.333 119.333 2255829 2255829
7 Euc Norm 21024 21024 91.408 91.408 633 Betweeness Centrallty
8 Minimum 1.000 1.000 4348 4348
9 Maximum 10.000 10.000 43478 43478 - -
ONOIObs 24000 26000 24000 24000 Based on figure 10, the variance of betweeness among
Network Centalization (Ouldegree) = 28.733% actors in the network is 0 — 98.43. The betweeness

Network Centralization (Indegree) = 28.733%

centrality point is more than one, seen from the standard
deviation compared to the mean (26.195 compared to

15.583). This indicates the big possibility of an actor to be
Fig. 8 Measurement Result of Fremman’s Degree Centrality in a pair of connected actors.

Actor-by-centrality matrix saved as dataset FreemanDegree
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FREEMAN BETWEENNESS CENTRALITY

Input dataset actors (C\Users\sony\Documents\Ucinet LPIA\actors)
Important note: this routine binanzes but does NOT symmetnize
Un-normalized centralization: 1988.400

1 2
Betweenness nBetweenness

24 Johanes 98.433 38.906
21 Ery Rimianti 84,550 33419
23 Sn Febriyant 59.600 23557
9 Auha Nindysan 28.700 11344
22 Lia Nurafiyani 19.117 7.556
14 Dwi Rahmadi 12.367 4888
1 Anisa zafirah 12.200 4822
3 Diana Febrianti 10.117 3.999
15 Ichsan Malik 8733 3452
13 Alika zahra 8417 3.321
11 Tiara Ayu 7.667 3.030
12 M. Akbar 6.517 2576
10 Damara Anandi 5500 2174
6 Meuta Bestanisa 4017 1.588
5 M. Fadhil 3.083 1.219
16 Puti Cita 2117 0.837
20 Yani Suryani 2033 0.804
2 Brian Ramadan 0.833 0.329
7 Bella Sapanna 0.000 0.000
19 Icih 0.000 0.000
8 Tabah Parlindungan 0.000 0.000
4 Zaenal Anfin 0.000 0.000
17 Yeni Sarah 0.000 0.000
18 Dwi Ayunitias 0.000 0.000

DESCRIPTIVE STATISTICS FOR EACH MEASURE

1 2
Betweenness nBetweenness

1 Mean 15.583 6.159
2 Std Dev 26.195 10.354
3 Sum 374.000 147.826
4 Variance 686.193 107.203
5 88Q 22296.799  3483.385
6 MCSSQ 16468.631 2572.862
7 Euc Norm 149.321 59.020
8 Minimum 0.000 0.000
9 Maximum 98.433 38.906
10 N of Obs 24.000 24.000

Network Centralization Index = 34.17%
Output actor-by-centrality measure matrix saved as dataset FreemanBetweenness

Fig. 10 Measurement Result of Freeman’s Betweeness Centrality

Based on figure 10, the level of network centralization
index is low (34.17%). This shows that structurally there is
no big power in the network. Actor 24 (Johanes), 21 ((Erly
Rimianty), 23 (Sri Febriyanti) and 9 (Aulia Nindysari)
seem to have structural power to be the communication
facilitator in the network.

Actor who have the highest betweeness point is Actor 24
(Johanes) and 21 ((Erly Rimianty) wich is 98,43 and
84,55. This value indicates that these two actors have a big
capacity to facilitate interaction between actors who are
not connected to each other. Meanwhile actors with low
betweeness point means that they do not have the capacity
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to facilitate interaction between actors who are not
connected to each other.

7. Conclusion

From the result of analysis and discussion it could be
concluded that the ties made in the social network in the
learning process at the LPIA Tambun are weak. Actors
who have a role in the network is Erly Rimianty
(Instructor), Johanes (Instructor) and Aulia Nindysari
(Students). These actors have considerable potential as an
influential actor in the network, because they have the
capability to exchange information. In addition, Erly
Rimianty (Instructor), an actor who has the ease of
disseminating information to other actors, so that could be
categorized as an actor who plays an important role as an
information center. While the actors who have a structural
strength to be a facilitator of communication in the
network is Johanes, Erly Rimianty, Sri Febriyanti and
Aulia Nindysari. Based on the mapping done using social
network analysis, there are some suggestions that can be
done for the social network of learning process. The
suggestions considering the low influence of the actors in
the network : first, it needs to increase the intensity and
frequency of interactions (ties) of all the actors in the
network. Second, considering the weak ties in the network,
it needs to optimize the roles of the central actors in the
network. Erly Rimianty (Instructor), the central actor,
should be empowered existence.
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