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Longitudinal analysis of online
community dynamics

Seung Ik Baek
School of Business, Hanyang University, Seoul, Republic of Korea, and

Young Min Kim
Hyundai AutoEver, Seoul, Republic of Korea

Abstract
Purpose – The purpose of this paper is to explore the dynamics of an online community by examining its
participants’ centrality measures: degree, closeness, and the betweenness centrality. Each centrality
measure shows the different roles and positions of an individual participant within an online community.
To be specific, this research examines how an individual participant’s role and position affects her/his
information sharing activities within an online community over time. Additionally, it investigates the
differences between two different online communities (a personal interest focussed community and
a social interest focussed community), in terms of the interaction patterns of participants.
Design/methodology/approach – For this research, the authors collected log files from Korean
online discussion communities (café.naver.com) using a crawler program. A social network analysis
was used to explore the interaction patterns of participants and calculate the centrality measures of
individual participants. Time series cross-sectional analysis was used to analyze the effects of the roles
and the positions on their information sharing activities in a longitudinal setting.
Findings – The results of this research showed that all three centrality measures of an individual
participant in previous time periods positively influenced his/her information sharing activity in the
current periods. In addition, this research found that, depending on the nature of the discussion issues,
the participants showed different interaction patterns. Throughout this research, the authors explored
the interaction patterns of individual participants by using a network variable, the centrality, within
a large online community, and found that the interaction patterns provided strong impact on their
information sharing activities in the following months.
Research limitations/implications – To investigate the changes of participant’s behaviors, this
study simply relies on the numbers of comments received and posted without considering the contents
of the comments. Future studies might need to analyze the contents of the comments exchanged
between participants, as well as the social network among participants.
Practical implications – Online communities have developed to take a more active role in inviting
public opinions and promoting discussion about various socio-economic issues. Governments and
companies need to understand the dynamics which are created by the interactions among many
participants. This study offers them a framework for analyzing the dynamics of large online
communities. Furthermore, it helps them to respond to online communities in the right way and in the
right time.
Social implications – Online communities do not merely function as a platform for the free exchange
and sharing of personal information and knowledge, but also as a social network that exerts massive
influence in various parts of society including politics, economy, and culture. Now online communities
become playing an important role in our society. By examining communication or interaction
behaviors of individual participants, this study tries to understand how the online communities are
evolved over time.
Originality/value – In the area of online communities, many previous studies have relied on the
subjective data, like participant’s perception data, in a particular time by using survey or interview.
However, this study explores the dynamics of online communities by analyzing the vast amount of
data accumulated in online communities.
Keywords Information sharing, Online community, Social network analysis, Centrality,
Time series analysis
Paper type Research paper
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1. Introduction
The internet has provided us with a variety of brand new experiences. The most
notable change in our daily lives is the way people interact and communicate with each
other. The internet has helped many of us communicate more effectively and economically
on a two-way basis and has resulted in the formation of online communities. An online
community can be defined as a group in which individuals come together around
a shared purpose, interest, or goal on the internet (Preece, 2000). In the past, online
communities merely served as an unofficial, passive form of media to share trivial
concerns or rumors among individuals. However, they have developed to take a more
active role in inviting public opinion and promoting discussion about various
socio-economic issues that used to be discussed by using traditional media such as
newspapers, television, and radio (Chua et al., 2007; Xu and Zhang, 2009). Now online
communities do not merely function as a platform for the free exchange and sharing of
personal information and knowledge, but also as a social network that exerts massive
influence in various parts of society including politics, economy, and culture. The influence
of online communities derives from the facilitation of online communication among
individuals in their daily lives, empowered by the growing use of social networking
services such as Facebook or Twitter, online discussion groups such as Google or
Yahoo, and a variety of message boards. Now, governments and companies begin
to recognize the importance of online communities. In order to respond to online
communities effectively, they need to understand online communities as complex
evolving social networks in which connections between individuals are established and
changed over time (Panzarasa et al. (2007)). In other words, they need to understand the
complex social behaviors that take place in online communities from a dynamic rather
than static view.

In the area of online communities, many previous studies have focussed on
identifying individual’s motivations to actively participate in online communities
(Ardichvili et al., 2003; Bateman et al., 2011; Ehrlich et al., 2014). Since the participation
in online communities is voluntary, it is very important for community leaders or
managers to understand the motivations of participants. However, the governments
and the companies, who need to respond to anti-communities as well as friendly
communities, are eager to know about the participants who are active in sharing
information (Watts and Dodds, 2007). Because participants in online communities are
physically distant and unfamiliar with each other, the social influences of the active
participants are much stronger in online settings than in offline settings. However,
there are few existing research works which focus on understanding the active or
influential participants (Huffaker, 2010). This study, by analyzing communication
behaviors and social networks of individual participants, tries to examine who will be
the active or influential participants in sharing information.

As many interactions among people have been performed on the internet, the
interactions have been recorded in chronological order, generating an immense amount
of data. The thorough analysis of this data will help us better understand communication
and social networking behaviors of participants within online communities. In order to
examine the behaviors of individual participants, many previous studies have relied on
subjective data, like a participant’s perception data, at a particular time by using
survey or interview (Hansen, 2002; Song et al., 2007; Wu et al., 2012). However, this
study tries to explore the dynamics of online communities by analyzing the vast
amount of data accumulated in online communities. In particular, by using the social
network analysis (SNA), the study investigates changes in the interactive patterns
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among the individual participants over time. Furthermore, by using time series
cross-sectional (TSCS) analysis, it tries to investigate impacts of the interaction
patterns on the participant’s information sharing activities in a longitudinal setting.
This study focusses on the below two research questions:

RQ1. Investigating dynamics of online communities by examining interaction
patterns of individual participants over time.

RQ2. Investigating impacts of interaction patterns of individual participants on
their information sharing activities in the future.

2. Dynamics of online communities
In an offline-based community, the presence of physical and restricted space among
participants has played an important role in building more active and vibrant
communities. To form a community in an offline setting, every participant has to be
close to each other in the same place at the same time. In an online community, the basic
principle of physical space no longer applies, because communication on the internet
goes beyond temporal and spatial limits, prompting more active interactions among
a greater number of participants than in an offline setting. Lea et al. (2006) define
an online community as “a place where a group of people drawn together by an
opportunity to share a sense of community with like-mined strangers having common
interest.” If an online community supports interactions that provide valuable
information, the community’s participants are going to feel a strong sense of
community, thus devoting much their time and effort in the online community (Butler,
2001; Jones, 2000). However, as many new entrants join and start making mass
interactions in an online community, the quality of information might decrease.
Consequently, the participants lose a sense of community and ultimately leave the
online community. Under the given situation, maintaining a sense of community
among participants can prove to be very difficult (Jones, 2000). In order to investigate
methods to maintain a sense of community, several studies have conducted to
understand the dynamics within online communities.

Jones and Rafaeli (1999), by examining the numbers of participants and messages,
suggest a dynamic model of online communities. They state that, in order to initiate
interactive communication within an online community, there must be a minimum
number of participants, known as “Critical Mass.” Normally, larger and more active
online communities attract more new participants. However, beyond a certain number
of participants, additional participants can create a significant adverse effect on
information sharing among them. Jones and Rafaeli (1999) try to explain this
phenomenon by using two factors: social loafing and information overload. Social
loafing can be observed in the situations where a large majority of participants can
equally enjoy benefits without offering any contributions. Social loafing in an online
community is where a small number of participants tend to post a large portion of
messages while a large number of participants simply read the messages without
posting any messages. Another factor is information overload. Because participants
have to search, filter, or process large amounts of information in a large online
community, they have a tendency to experience the high communication load, resulting
in fewer active participants and interactions. They find that social loafing and
information overload affect the numbers of participants and messages. Butler (2001)
and Jones et al. (2004) try to prove the effects of social loafing and information overload
in online communities without considering communication behaviors of individual
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participants. The active participants who post many messages play more critical roles
in the dynamics of online communities than other participants. After analyzing 1.03
million messages by 33,315 participants, Schoberth et al. (2003) find that “the 10%most
active participants contribute about 70% of the message.” They also find that, as time
passes, the active participants dominate the online communities. By triggering
message replies and spark conversation, the active participants play a crucial role in
sustaining online activities (Butler et al., 2002). In order to investigate the online
community dynamics, it is necessary to analyze communication activities at the
individual level, as well as the aggregated activity level.

Few studies explore characteristics of the active participants (Huffaker, 2010;
Sudweeks and Simoff, 2005). This study considers an online community as an
interpersonal social network, and tries to identify characteristics of the active
participants from their roles and positions within the network to which they belong.
According to Carboni and Ehrlich (2013), their roles and positions within a social
network are determined by their communication patterns and affect the ability of
participants to communicate with others.

3. SNA and model development
In order to examine the interactions among online community participants and their
changes, this study uses SNA to examine a large amount of user-generated online
messages. SNA was first conceived and developed in the 1930s by social science
scholars, it but did not receive much scholarly attention until the late twentieth century
when numerous notions, such as Sociometry, Graph Theory, Dyads, Triads, Subgroup,
and Blockmodels, were theorized. Currently, SNA is applied to a wide range of studies
including sociology, business administration, and economics (Kane and Alavi, 2005;
Mutuswami and Winter, 2002). The primary concern of SNA-related research has been
the “interpersonal connections” through “interactions.” Researchers have attempted to
quantitatively analyze the structure of such connections, mostly using Graph Theory
that describes the links (interactions) among the nodes (participants) within a network.
This theory enables researchers to explain the structure of social networks by
transforming them into numerical indicators showing the various graphical features
displayed by the push and pull between the nodes and the links (Wasserman and
Faust, 1994). SNA helps us to have a better understand of participants’ interactions
and information sharing activities (Sitko-Lutek et al., 2010). Table I is a summary of the
social network indicators at the level of individual and network.

This study tries to explore the dynamics of online communities by examining
interaction activities of participants. In order to investigate the interaction activities, it

Unit of analysis Network indicators Explanations

Individuals Centrality Power/popularity of individual participants
Networks Density Frequency of interactions among the participants within

a community
Centralization Degree of centralization of an individual participant within

a community
Reciprocity Degree of mutual interactions among participants within

a community
Core-periphery Number of sub-groups within a community

Table I.
Typology of social
network measures
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utilizes an individual-level network indicator, centrality. Centrality indicates how well
positioned an individual participant is to retrieve and disseminate information within
a community (Wasserman and Faust, 1994). A large body of research has shown that
people who are centrally located in a network can access more information easily, leading
to more opportunities and advantages in performing tasks than people who are peripheral
in the networks (Ahuja et al., 2003; Chung and Hossain, 2009; Maria, 2010). Depending on
the communicative positions in a network, Freeman (1979) identified three different
centrality measures: degree centrality, closeness centrality, and betweenness centrality.

(1) Degree centrality
Degree centrality is an indicator that accounts for the number of direct links an
individual participant has with others, thus indicating the influence of a certain
individual in a network. In other words, degree centrality implies how active
a particular participant is. An individual with a high degree centrality might be the
leader or the hub in his/her group or network. Since he/she has many direct links with
other members, he/she can easily access more information and be reached by others
easily. There are two types of degree centrality depending on the direction of the links:
out-degree centrality and in-degree centrality. If an individual participant initiates his/
her interactions by posting messages to many other participants, he/she has a higher
out-degree centrality. On the other hand, if an individual participant receives many
messages from other participants because of his/her popularity and knowledge,
he/she has a higher in-degree centrality. While a participant’s in-degree centrality
is a good indication of his/her popularity in a network and accessibility to information,
a participant’s out-degree centrality is a good indication of his/her control over
a network and the dependence of the network upon him/her (Loosemore, 1998). Based
on the formula shown below, we can calculate the degree centrality of participants:

CD Pkð Þ ¼
Pn

i¼1 Pi;Pkð Þ
n�1ð Þ

where CD(Pk) is the degree centrality of Pk; Pk is a participant; (Pi, Pk)¼ 1 (if a link exists
between Pi and Pk); and (Pi, Pk)¼ 0 (if a link does not exists between Pi and Pk).

Since the participants who have high in-degree or out-degree centrality are in direct
contacts with many other participants within the networks, the participants are
immediately recognized by others as a hub, increasing their status, reputation, and
ability to influence others (Butler et al., 2002; Huffaker, 2010). Preferential Attachment
Theory states that “participants with more existing links have a higher probability of
receiving additional links than participants with fewer existing links” (Lu et al., 2013):

H1. In-degree centrality of a participant in previous time periods provides a positive
impact on the number of his/her messages made in the following time periods.

H2. In-degree centrality of a participant in previous time periods provides a positive
impact on the number of his/her messages received in the following time periods.

H3. Out-degree centrality of a participant in previous time periods provides a positive
impact on the number of his/her messages made in the following time periods.

H4. Out-degree centrality of a participant in previous time periods provides
a positive impact on the number of his/her messages received in the following
time periods.

665

Online
community
dynamics

D
ow

nl
oa

de
d 

by
 T

A
SH

K
E

N
T

 U
N

IV
E

R
SI

T
Y

 O
F 

IN
FO

R
M

A
T

IO
N

 T
E

C
H

N
O

L
O

G
IE

S 
A

t 0
1:

38
 0

9 
N

ov
em

be
r 

20
16

 (
PT

)



(2) Closeness centrality
Closeness centrality is the sum of the length of the geodesics between a particular node
and all the other nodes in a network. It measures how far away one node is from the
other nodes and is sometimes called “farness” (Freeman, 1979). Higher closeness
implies shorter, less expensive, and more efficient paths in receiving or providing
information (Song et al., 2007). It focusses on the extent of influence over the entire
network (Yang and Ding, 2009). The participants with higher closeness are likely to
directly monitor and control a great number of other participants, and to quickly
disseminate decisions and ideas to a wider range of participants. Depending on the
direction of the links, there are two types of closeness centrality: out-closeness
centrality and in-closeness centrality. While a participant with high in-closeness
centrality might listen to many other participants through either direct or indirect
links, a participant with high out-closeness centrality might post messages to many
other participants through either direct or indirect links. Wasserman and Faust
(1994) argue that, while the degree view of centrality represents being influential
and respectable, the closeness view focusses on the economic considerations
of communication. Based on the below formula, we can calculate the closeness
centrality of participants:

Cc Pkð Þ ¼ 1
Pn

i¼1 d Pi;Pkð Þ

where CC(Pk) is closeness centrality of Pk; Pk is a participant; and d(Pi, Pk) is length of
the shortest path between Pi, and Pk.By definition, the participants who have high
closeness centrality can quickly interact with participants who are not first
neighbors (Latora and Marchiori, 2008). In other words, they can reach all the other
participants in as few steps as possible. Like the degree centrality, the closeness
centrality allows them to access more information easily. In addition, because the
participants with high closeness centrality have many direct and indirect
connections with others, they can exert influence on more participants than the
participant with high degree centrality (Dogan et al., 2013). However, Ibarra and
Andrews (1993) insist that the high closeness always does not guarantee strong
power. Although participants have low closeness centrality, if they have the closest
relations (direct or short indirect links) with many central participants, they can have
strong power in a network. Therefore, this study hypothesizes that:

H5. In-closeness centrality of a participant in previous time periods provides
a positive impact on the number of his/her messages made in the following time
periods.

H6. In-closeness centrality of a participant in previous time periods provides
a positive impact on the number of his/her messages received in the following
time periods.

H7. Out-closeness centrality of a participant in previous time periods provides
a positive impact on the number of his/her messages made in the following time
periods.

H8. Out-closeness centrality of a participant in previous time periods provides
a positive impact on the number of his/her messages received in the following
time periods.
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(3) Betweenness centrality
Betweenness centrality measures the extent to which a particular node lies between the
other nodes in a network or a group. The betweenness centrality of a node is defined as
the number of geodesics (shortest paths between two nodes) passing through it.
In other words, this score represents the number of times that a participant needs
another given actor to reach any other participant by the shortest path. A participant
with higher betweenness centrality may act as a gatekeeper or broker in a network.
According to Freeman (1979), the participants with higher betweenness are likely to
have the potential to control others by controlling and filtering information flows
within a network. Based on the formula below, we can calculate the betweenness
centrality of participants:

CB Pkð Þ ¼
P

so tnst Pkð Þ� �
=nst

n�1ð Þ n�2ð Þð Þ=2

where CB(Pk) is betweenness centrality of Pk; Pk is a participant; nst(Pk) is number of the
shortest paths between node s and node t (s≠ t) passing through Pk; nst is number of all
shortest paths between node s and node t; and (n− 1)(n− 2) / 2 is maximum betweenness.

People who have high betweenness centrality are located at the intersections
between two non-adjacent points, allowing for the control of information between two
points (Latora and Marchiori, 2008). Unlike degree centrality and closeness centrality,
the betweenness centrality provides participants with diverse resources located in
multiple sub-groups (Cho et al., 2007). Having the ability to access weakly connected
sub-groups create a powerful and influential position for the brokers. Although they
are not at the center of the networks, they play a crucial role in disseminating and
regulating information at their will. Park and Suh (2013) provide an empirical evidence
that the betweenness centrality can be used for indicating influential participants in an
online social networking service. In addition, Abbasi et al. (2012) find that, by examining
structural changes in a scientific co-authorship network, new entrants prefer to attach to
the participants who have higher betweenness centrality rather than those with higher
degree or closeness centrality. Therefore this study hypothesizes that:

H9. Betweenness centrality of a participant in previous time periods provides
a positive impact on the number of his/her messages made in the following time
periods.

H10. Betweenness centrality of a participant in previous time periods provides
a positive impact on the number of his/her messages received in the following
time periods.

As the participants establish new relations with others by posting messages, their
social positions, roles, and power may change accordingly. These node dynamics
resulting from relation changes can be captured by three centrality measures.

4. Research methodology
The communication structure within online communities keeps evolving, driven by
the constant interactions among the participants. Online communications in the
communities primarily take the form of commenting on an internet bulletin board.
An analysis of the commenting process offers a better grasp of the interactive
characteristics of the community participants. Therefore, this study looks closely into
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the commenting behaviors among the online community participants, exploring how
their behaviors change over time.

In order to investigate how the different issues of online communities affect the
participants’ information sharing behaviors, this study chose two online communities
from a popular Korean popular portal site (www.naver.com). As a personal interest
focussed community, we chose an online community for digital cameras. In the
community, participants shared various information about new digital cameras or
shooting methods. As a social issue focussed community, we chose an online community
in which participants discussed public lies about one of the Korean pop artists.

The discussion boards in Naver are organized in the following structure: a participant
raises an issue by posting on the bulletin board, triggering others to interact by replying
to each other’s writings on the topic. Figure 1 illustrates how an initial post-branches
out into a series of messages. If a participant starts a thread and receives three direct
replies (Replies 1-3), this study assumes that he/she make direct interactions with
three reply posters. Furthermore, because Replies 1a and 1b are associated with an
initial thread through Reply 1, a participant who initiates the discussion interacts
with posters of Replies 1a and 1b indirectly. The interactive patterns among
participants are analyzed through the SNA method by scrutinizing the structure of
the replies. In order to use the SNA method, at first we need to construct an adjacency
matrix, in which both the columns and rows represents participants and a “1” in the
cells represents the presence of interaction between the two participants (refer to
Figure 2). With the help of the adjacency matrix, three centrality variables – degree,
closeness, and between centrality – are calculated using NetMiner. Finally we
construct adjacency matrixes among the 112,616 participants from the personal
interest focussed community and among the 102,452 participants from the social
issue focussed community. Table II summarizes the data collection strategy for this
study. In order to investigate the changes in interaction among the participants
over time, we collected an activity log data of the participants over the course
of 15 months.

For this study, we collected log files from two online communities operated by
a Korean internet portal site, Naver (café.naver.com) (refer to Table II). Naver, one of the
top Korean internet portal sites, currently operates 10,000,000 communities in various
areas. In some of these communities, people have shared their own opinions against
government policies or companies beyond personal interests. Online communities in
Naver are the most active communities in Korea.

Thread start

Reply 1

Reply 2

Reply 3

Reply 1a

Reply 1b

Reply 2a

Reply 2aa

Figure 1.
Interaction
structures in
discussion board
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A SNA was used to calculate the centrality measures of the individual participants, and
TSCS analysis was used to analyze the effects of centralities of participants on their
future information sharing activities.

5. Data analysis
(1) Number of participants
Figure 3 shows the number of participants in two online communities. While the
number of participants in the personal issue focussed community was been very stable
over 15 months, the number of participants in the social issue focussed community
fluctuated. In the social issue focussed community, many participants joined

Figure 2.
Adjacency matrix

Type Community Period Data sources Data collected

Personal
issue

Cannon DSLR
Club

15 months http://cafe.naver.
com/canon450dclub

From discussion board

Social issue Public Lies about
a Celebrity

15 months http://cafe.naver.
com/tajinyo3

IDs of participants
No of participants
No of issues and replies

Table II.
Data collection

strategy

Social Issue Focussed Community

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

Personal Issue Focussed Community

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

6,000

5,000

4,000

3,000

2,000

1,000

0

6,000

5,000

4,000

3,000

2,000

1,000

0

Figure 3.
Number of
participants
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the community from the beginning, but lost their interests in the issue rapidly as the
discussions continued. Many participants shared information with others most actively
during the first two months.

(2) Network structure analysis
Based on the adjacency matrixes, 15 network diagrams (one network diagram for each
month) were created for each community. Figure 4 shows the changes in the interaction
patterns over 15 months. Within a social issue focussed community, all the participants
actively interact with others from the beginning. However, as time passes, the
interactions between the participants become weak. In contrast, within a personal
interest focussed community, as time passes, the interactions become strong.
The darker areas in the network diagrams indicate intensity of interactions among
participants. Both communities have one similarity: several opinion leaders or hubs
have appeared as the discussion has progressed.

(3) Correlation analysis
Before conducting a time series analysis, we investigate the multicollinearity problems
by analyzing the correlations among the variables. Tables III and IV show the results of

Personal Issue Focussed Community Social Issue Focussed Community

2>1 2>13>1 3>1

4>1 4>15>1 5>16>1 6>1

7>1 7>18>1 8>19>1 9>1

10>1 10>111>1 11>112>1 12>1

13>1 13>114>1 14>115>1 15>1

1>1 1>1

Figure 4.
Network diagrams

(1) No. of
messages
received

(2) No. of
messages
posted

(3)
In-degree
centrality

(4) Out-
degree

centrality

(5) In-
closeness
centrality

(6) Out-
closeness
centrality

(7)
Betweenness
centrality

(1) 1.00
(2) 0.495** 1.00
(3) 0.548** 0.248** 1.00
(4) 0.285** 0.418** 0.431** 1.00
(5) 0.324** 0.188** 0.711** 0.322** 1.00
(6) 0.251** 0.302** 0.409** 0.777** 0.376** 1.00
(7) 0.358** 0.395** 0.549** 0.804** 0.297** 0.545** 1.00
Note: **to0.01

Table III.
Correlation matrix of
a personal interest
focussed community
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the correlation analysis. As shown in the tables, all five centrality measures were
significantly correlated with two information sharing activities in both communities.
In particular, in-degree centrality had the strongest correlation with the number of
messages being received, and out-degree centrality had the strongest correlation with
the number of messages being posted. This means that the participants with many
direct links to other participants play a hub by leading the discussions within the online
communities. To check the multicollinearity problems among the independent
variables, this study uses variance inflation factor (VIF). Tables V and VI show VIFs of
the two communities. Since all VIFs are less than ten, the independent variables of the
study appear not to have multicollinearity problems.

(4) Time series analysis
To examine the hypotheses that the centrality measures (positions and roles) of each
participant in previous time periods (t− 1) do affect his/her information sharing
activities in the current time periods (t), a time series analysis was conducted. The data

(1) No. of
messages
received

(2) No. of
messages
posted

(3) In-
degree

centrality

(4) Out-
degree

centrality

(5) In-
closeness
centrality

(6) Out-
closeness
centrality

(7)
Betweenness
centrality

(1) 1.00
(2) 0.648** 1.00
(3) 0.520** 0.281** 1.00
(4) 0.309** 0.310** 0.517** 1.00
(5) 0.268** 0.131** 0.626** 0.343** 1.00
(6) 0.271** 0.210** 0.514** 0.648** 0.522** 1.00
(7) 0.384** 0.310** 0.698** 0.778** 0.319** 0.426** 1.00
Note: **to0.01

Table IV.
Correlation matrix

of a social issue
focussed community

Independent variables VIF

Intercept 0
In-degree centrality 2.61154
Out-degree centrality 5.17491
In-closeness centrality 2.07523
Out-closeness centrality 2.79093
Betweenness centrality 3.53871

Table V.
VIFs of a personal
interest focussed

community

Independent variables VIF

Intercept 0
In-degree centrality 3.52052
Out-degree centrality 4.29729
In-closeness centrality 2.06468
Out-closeness centrality 2.48279
Betweenness centrality 4.59539

Table VI.
VIFs of a social
issue focussed

community
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set of this study consists of time series observations (three centrality measures and the
numbers of messages received/posted by each participant over 15 months) on each of
the cross-sectional units (individual participants). This type of data is called the panel
data. The data includes multiple entities, each of which has repeated measurements at
different times. The panel data set has both a cross-section variable and a time-series
variable. This study uses online community participants as cross-section variables and
one month as a time-series variable. Given the structure of our data, we use a panel data
analysis technique, the time series cross-section regression (TSCSREG) procedure in
SAS (Parks, 1967; SAS, 1993). Table VII summarizes the results of TSCSREG.
According to the results, in-degree centrality, out-degree centrality, and betweenness
centrality provide a statistically significant impact on the numbers of messages
received and messages posted in both communities. In particular, in-degree centrality
offers the strongest impact on the number of received messages. In terms of
the number of posted messages, out-degree centrality offers the strong impact (in the
social issue focussed community, there is a relatively small difference between
in-degree centrality and out-degree centrality). The existing studies showed that,
because the participants who have high degree centrality (in-degree and out-degree)
have direct links with many participants, they are the hub of communication activity
(Ahuja et al., 2003; Song et al., 2007). On the other hand, in-closeness centrality and
out-closeness centrality show mixed results (some are negative relationships and
some are non-significant relationships). For the unexpected results from previous
studies, we have a possible explanation. The existing studies investigated the
relationship between closeness centrality and work performance in offline settings,
not in online settings (Hansen, 2002; Song et al., 2007). However, this study analyzes
network structures from the discussion boards of online communities. Since the
discussion boards show messages in the order of posting, there is a possibility that
participants responded to the recent postings without considering the influence of
message contributors or message contents. While the effect of direct links (degree
centrality) is likely to be overestimated, one of indirect links (closeness centrality) is
likely to be underestimated. Based on the result, we find that the effect of local
centrality (degree centrality) is much stronger than one of global centrality (closeness
centrality) in discussion board-based communities. If this study is conducted with
Twitter or Facebook, in which messages are organized by contributors as well as
topics, it might have different results.

In order to look closely at individual relationships between each centrality measure
and information sharing activities, we conducted a time series analysis for each
centrality measure one by one. Tables VIII-X summarize the results of the time series
analyses. The results show that all three centrality measures of a participant in

Independent variables (t− 1 period)
IN-D OUT-D IN-C OUT-C BET R2

Personal interest
Focussed comm.

No. of messages received 65.36** 2.4** −12.45** 3.91** 16.6** 0.475
No. of messages posted 8.3** 24.98** 6.74** −6.7** 19.67** 0.305

Social issue
Focussed comm.

No. of messages received 69.03** 11.92** −6.89** −0.49 9.35** 0.433
No. of messages posted 15.99** 14.08** 4.48** −1.58 6.4** 0.256

Notes: IN-D, in-degree centrality; OUT-D, out-degree centrality; IN-C, in-closeness centrality; OUT-C,
out-closeness centrality; BET, betweenness centrality. **to0.01

Table VII.
Results of TSCSREG
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previous time periods (t− 1) provide a positive impact on the numbers of messages
posted and received during current time periods (t). They even show the significant
impact of closeness centrality. In terms of the effects of three centrality measures on the
number of messages received and received between the two communities, they do not
show any significant differences.

6. Conclusions and implications
This study tries to understand the dynamics from a social network perspective.
In particular, it focusses on identifying who lead and show one creates the dynamics.
The study finds that, as the discussion progresses, interactions among participants
rapidly change. In addition, it demonstrates that participants actively interact
with others in the beginning, but most interactions converge among a few active
participants eventually. Interestingly, it shows that certain participants emerge to lead
the dynamics of online communities by actively participating in information sharing.

Independent variables (t− 1 period)
In-degree
centrality

Out-degree
centrality

Dep. variables
(t period)

Personal
interest

No. of messages received 94.52** 21.95**
No. of messages posted 26.44** 63.34**

Social issue No. of messages received 88.48** 9.91**
No. of messages posted 29.51** 28.98**

Note: **to0.01

Table VIII.
Relationships

between degree
centrality and
information

sharing activity

Independent variables
(t− 1 period)

Betweenness centraility

Dep. variables (t period) Personal interest No. of messages received 84.2**
No. of messages posted 81.77**

Social issue No. of messages received 65.6**
No. of messages posted 48.98**

Note: **to0.01

Table X.
Relationships

between
betweenness

centrality and
information

sharing activity

Independent variables (t− 1 period)
In-closeness
centrality

Out-closeness
centrality

Dep. variables
(t period)

Personal interest No. of messages received 49.64** 35.15**
No. of messages posted 22.17** 44.54**

Social issue No. of messages received 33.65** 28.48**
No. of messages posted 16.78** 20.53**

Notes: **to0.01

Table IX.
Relationships

between closeness
centrality and
information

sharing activity
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This study offers three theoretical implications for researchers. First, it provides
a new perspective in understanding the dynamics of online communities. Existing
studies have tried to understand a dynamic model of online community by examining
communication activities at an aggregate level, not an individual level (Butler, 2001;
Jones and Rafaeli, 1999; Schoberth et al., 2003). By aggregating individual communication
activities, they explored various dynamic changes in online communities (e.g. the
numbers of participants, active participants, new participants, and messages). Unlike
the existing studies, this study focusses on analyzing individual participant’s activities.
Second, this study considers a time factor to examine dynamics of online communities.
Previous studies in the area of SNA have explored the relationship between
participant’s centrality and his/her work performance without considering a time factor
(Carboni and Ehrlich, 2013; Song et al., 2007; Wu et al., 2012). Previous studies have
validated the existence of strong links between centrality measures and work
performance in various settings. However, previous studies have ignored the fact that
the network structures in online communities change rapidly over time. The third
theoretical implication is in the area of leadership in online communities. Sudweeks
and Simoff (2005) categorized online leadership into two types: assigned leadership and
emergent leadership. Sudweeks and Simoff (2005) defined an emergent leader as “an
individual who is not assigned to a leadership position initially, but gradually emerges
as a leader throughout the support and acceptance of other participants.” Lu et al.
(2013) and Yoo and Alavi (2004), by examining communication activities of the
emergent leaders, tried to distinguish emergent leaders from non-leaders. This study
tries to suggest a predicator of emergent leaders by using SNA.

This study provides some practical implications for companies or governments
managing online communities. As many people continue to use online communities
as major channels to share their opinions and interact with others, companies, and
governments can no longer ignore the influence of online communities. Online communities
have played critical roles in forming public opinions. As various social media services are
supporting activities in online communities, public opinions from online communities
can threaten the survival of companies and governments. Given the situation, companies
and governments may need to monitor the activities of online communities closely.
However, they lack any guidelines in how to respond to online communities (Elberse,
2008). In addition, they need to identify active or influential participants who post many
messages and receive attention from other participants. Recently, many research has
been trying to propose methods of identifying possible influential participants (Lu et al.,
2013; Sung et al., 2013). This study proposes three network measures as predicators to
distinguish influential participants.

7. Limitations
This study has two limitations. First, it focusses on examining two online communities
on a Korean portal site. Although the research site is one of the largest and the most
popular sites in Korea, the study still has the problem of generalizing the findings of
this research. Cultural factors could possibly affect the attitude of participants in
sharing their opinions on the internet (Jiacheng et al., 2010). Therefore, we can
generalize the findings of this study in a very limited way and scope.

The second limitation is closely related with the problem of SNA as a research
methodology. SNA is considered a set of powerful techniques among researchers who
are interested in various online related issues, because it allows them to harness a large
amount of data without having to collect extra data (Howison et al., 2012). Since many
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SNA based studies in IS areas normally use the system-generated log data, it is very
difficult to verify its quality and reliability. To investigate the changes of participant’s
behaviors, this study simply relies on the numbers of messages received and posted
without considering the contents of the messages. Future studies might need to analyze
the contents of the messages exchanged between participants, as well as the social
network among participants. In addition, there is high possibility that personal
perceptions and beliefs affect information sharing behaviors (Bateman et al., 2011;
Ehrlich et al., 2014). If we could include the participants’ personal information with the
SNA, we could get a more comprehensive view of online community dynamics.
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