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[ Abstract]

To facilitate an online community and lead it to success, community administrators, managers, and
facilitators must have adequate knowledge of the current state of the community. For online development
and socialization communities, in particular, recognizing the leadership levels is valuable for
administrators, since the leadership level in an online community is known to strongly affect the success
of the online community. Therefore, in this paper, we propose a method to infer the strength of leadership
in an online community as a whole by using betweenness centrality, which is obtained from a social
network. We also examine the effectiveness of the proposed method by utilizing log data of the activities
in SourceForge, a major forum for online development communities. Consequently, we show that (1) the
leadership level of a participant can be accurately inferred from his/her betweenness centrality; (2) the
proposed index called LSI (Leadership Strength Index), which estimates the level of
leadership in an online community, has sufficient positive correlation (correlation coefficient ~0.3) with
the software maturity and productivity of a medium community (ie., community where the number of
participants is 50-150), and is applicable for comparative purposes; and (3) an eight month observation of a
community’s communication history is adequate for inferring the leadership of a medium community.
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1. Introduction

In recent years, social activities have rapidly shifted into networked environments. As a result, several types
of online communities have been formed, such as socialization communities (e.g., Facebook for networking
with others), knowledge-sharing communities (e.g., Wikipedia for Web-based knowledge sharing), and
development communities (e.g., SourceForge for open-source software development) [1].

In this paper, we focus on the online development community.

To facilitate an online community and lead it to success, community administrators, managers, and
facilitators must have adequate knowledge of the current state of the community [2, 3]. For an online
community to be successful, community administrators are required to understand the participants’ needs and
to take appropriate action in order to satisfy those needs [3]. Furthermore, success is dependent on
community administrators frequently monitoring the progress of a task toward completion [2].

Since leadership, information quality, system quality, and pro-sharing norms are reported to be major
factors in the success of an online community [4—6], knowing the current state of these factors is useful for
community administrators. Thus, online community administrators can take appropriate action if they know
the leadership levels of participants, the quality of the information exchanged, the quality of the service system,
and the norm of participants in the community.

For online development and socialization communities, in particular, recognizing the leadership levels is
valuable for administrators, since the leadership level in an online community is known to strongly affect the
success of the online community [4, 5]. Hence, as a first step in inferring the current state of an online
community, we concentrate on estimating the level of leadership in an online development community. There
exist several leadership roles and definitions of leadership. In this paper, as the leadership roles, we focus on
leaders' activities such as monitoring progress and supporting participants for problem solving since such
activities are found to be important for community success [5]. Our definition of leadership of a participant
follows Osborn's [25]:"Leadership is not only incremental influence of a boss toward subordinates, but most
important it is the collective incremental influence of leaders in and around the system." We therefore define
the leadership level in an online community as the collective amount of influence from who play central role
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(i.e., leaders) to the other participants (i.e., followers).

In the literature, by studying the topology of social networks in both online and offline communities, several
techniques have been proposed to discover the leaders in a group [7, 8], as well as to infer the influence of one
participant on others [9-11]. For instance, Shetty et al. reported that leaders can be discovered based on graph
entropy, which is obtained from a social network’s topology [7]. In contrast, to infer the influence of one
participant on others, Freeman proposed three indices called degree centrality, closeness centrality, and
betweenness centrality that measure structural centrality in a social network [9].

Significant positive correlation has been reported to exist between the level of leadership of a participant and
his/her betweenness centrality [12—14]. Thus, we expect that the leadership of participants in an online
development community can be inferred from betweenness centrality. In those studies [12—14] the relation
between leadership levels and centrality measures have been investigated under different environments by
using a number of methods.

However, betweenness centrality and other conventional techniques cannot be applied directly to infer the
state of an online community itself, since these techniques focus on the influence of an individual on the other
participants in a community. Namely, they cannot be simply applied for comparing leadership of different
online communities. The purpose of existing techniques is to discover participants who play a central role or to
infer the influence of a participant on other participants in a community.

Therefore, in this paper, we propose a method to infer the strength of leadership in an online community as a
whole by using betweenness centrality in order to compare the leadership among different online communities.
Specifically, we propose using the leadership strength index (LSI), which estimates the level of leadership in
an online community and is applicable to performing a comparison of leadership in different online
communities. LSI is obtained through three steps: (1) build a social network from the communication history
among online community participants, (2) calculate betweenness centrality of each participant from the
topological structure of the obtained network, and (3) derive graph centrality of the whole social network based
on betweenness centrality values found for each participant.

We examine the effectiveness of the proposed method by utilizing log data of the activities in SourceForge
[15], a major forum for online development communities. First, we investigate the relation between
betweenness centrality of a participant obtained from the generated social network and the participant’s role
(i.e., administrator, developer, or user) in 507 SourceForge communities. This investigation then reveals the
effectiveness of betweenness centrality for inferring a participant’s leadership level in each development
community. Second, to show the value of our method, we study the correlation between the strength of
leadership in a community inferred by the proposed method and several standard indices for measuring a
community’s success. Consequently, we discuss the implications of using LSI to infer the current state of an
online community.

The organization of the remainder of this paper is as follows. In Section 2, we present our method for
inferring the strength of leadership in an online development community. In Section 3, we examine the
effectiveness of our proposed method by utilizing log data of the activities in SourceForge. Finally, Section 4
concludes this paper and discusses future work.

2. Method for Inferring Leadership in an Online Community

To estimate the strength of leadership in an online community, we propose using LSI obtained through the
following three steps: (1) build a social network from the communication history among online com-
munity participants, (2) calculate betweenness centrality of each participant from the topological structure
of the obtained social network, and (3) derive graph centrality of the whole social network based on
betweenness centrality values found for each participant.

(1) Build the Social Network
First, a social network is built from the communication history among online community participants.
Since participants in an online community communicate with each other over a network using electronic
tools, such as character-based or voice-based chat applications and bulletin boards, a social network
representing the social ties among participants can be generated from the history of these communications.
A social network can be represented as a weighted undirected graph (see Fig. 1), where a vertex in the
graph denotes a participant, an edge denotes a social tie between participants, and the weight on an edge
denotes the strength of the social tie. The social network is thus a graphical representation of the social
relations among participants in the online community. We deliberately use an undirected social network,
since such networks have commonly been used in social network analysis and analytical tools for social
network, such as centrality measures (e.g., betweenness, closeness, and degree centralities), are defined for
undirected social networks [9, 16].
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Figure 1: A social network (weighted undirected graph) built from the communication history among participants
in an online community

An edge (i, j) is generated when communication exists between participants i and j in observation
period T'. The weight w; ; on the edge (7, j) is then defined as communication frequency. Hence, for a
given observation period 7', we can build a social network from the communication history in that period.

(2) Calculate Betweenness Centrality of Each Participant

Next, to infer the leadership level of each participant, each participant’s betweenness centrality is
calculated from the topological structure of the social network. Our method infers the strength of leadership
of an entire online community based on the leadership of each participant.

Betweenness centrality measures the centrality of a vertex in a graph through an index that represents the
proportion of shortest paths between all other vertices passing through the target vertex [9]. Specifically,
betweenness centrality of vertex k in graph G = (V, E) is defined as

23 Xici by (k)

G == 3m )

where b; ;(k) is the proportion of shortest paths from vertex i to vertex j that pass through &, and n is the number
of vertices in G. In this paper, since a social network is described as a weighted undirected graph, the distance
betweeni and j is definedas d; ; = 1/w;; [17].

(3) Infer the Leadership in the Community Using Graph Centrality

Finally, LSI is obtained as the graph centrality of the whole social network, which is calculated based on
each participant’s betweenness centrality. Whereas betweenness centrality is a measure of the centrality of a
vertex, graph centrality measures the centralization of a network. We therefore infer the strength of
leadership in a community from an index for measuring the centralization of the community’s social
network.

Several definitions of graph centrality exist, such as those based on the distance between vertices [18, 19]
and those based on each individual’s centrality (i.e., degree, closeness centrality, or betweenness centrality)
[9]. Distance-based graph centrality attains a large value when the distances between vertices are short. In
contrast, graph centrality defined based on each vertex’s centrality attains a large value when the relative
differences between the centrality of the most central vertex and that of all other vertices are large.

In this paper, we use graph centrality based on betweenness centrality [20]. It is defined as
the sum of the relative differences between the betweenness centrality of the vertex having the largest
betweenness centrality and those of other vertices normalized by the total number of vertices in the network.
Hence, graph centrality based on betweenness centrality of a graph G = (V, E) is

_ZiCa(p")-Ca(d

n-1

Cp )

where p*is the vertex with largest betweenness centrality, and » is the number of vertices in G.  Note

that graph centrality based on betweenness centrality is applicable for comparing online communities with
different numbers of participants, since this measure of graph centrality is independent of the size (number
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of vertices) of a graph [20].

Our proposed method is thus based on the notion that if a participant who plays leadership role (i.e.,
he/she has high betweenness centrality) is at the center of a social network, then the leadership in that
community is strong. Namely, we assume that the level of leadership in a community is high when a
participant who influences others plays a central role in the community.

3. Experiment

3.1. Method

We examine the effectiveness of the proposed method for inferring the strength of leadership in an online
community by utilizing log data of the activities in SourceForge [15], a major forum for online development
communities. Since a number of statistics on the activities in SourceForge communities (known as
“projects”) are publicly available, we can examine the efficacy of our method using these data. For our
experiments, we use data from the SourceForge Research Data Archive [21], which is a public archive of
SourceForge.net maintained by the University of Notre Dame.

We first examine the effectiveness of using betweenness centrality to infer the leadership levels of
participants in SourceForge communities by investigating the relation between a participant’s betweenness
centrality obtained from a generated social network and his/her position (i.e., administrator, developer, or
user) in the community. In a SourceForge community, participants are either registered or unregistered to the
community, and three types of participant positions exist [22]. A limited number of registered participants
will be classified as administrators with administrative privileges, who have the authority to release
software, recruit developers, and create/delete bulletin boards, as well act as developers. Other registered
participants are developers who contribute to software development and can update software repositories.
Finally, unregistered participants are users who can merely exchange messages on bulletin boards. Source-
Forge has no explicit rules or guidelines for the functions of administrators, developers, and users [15], and
so the style of community management typically differs by community. In general, however, administrators
are most likely to play a leadership role in a community. Conversely, developers will only sometimes play a
leadership role, whereas users are unlikely to have such a role. We therefore examine the effectiveness of
betweenness centrality for inferring leadership levels of participants through analyzing the relation between
their positions in the community and their betweenness centrality scores obtained from a generated social
network.

Secondly, we examine the applicability of the proposed LSI for comparing the strength of leadership in
different SourceForge communities. To this end, we explore the correlation between the leadership levels
of SourceForge communities inferred by LSI and several existing indices for measuring the success of
online communities. To the best of our knowledge, an objective index does not currently exist for measuring
the strength of leadership in online development communities; however, strong leadership has been reported
to be one of major factors of a successful community [5]. Although measuring the leadership in an online
development community is possible through a subjective evaluation determined by participant
questionnaires or interviews, performing reproducible and large-scale experiments using subjective
evaluation is non-trivial. We therefore compare the leadership levels of different SourceForge communities
inferred using LSI, and investigate the correlation between these levels and the success of the communities.

Table 1:  Means and standard deviations of the numbers of administrators, developers, users, and
messages, and the success indices two years after each community’s creation

standard

average deviation

number of administrators 1.5 09
number of developers 5.6 7.7
number of users 59 106.6

number of messages 568.5 1264
software status 4.2 1.1

number of releases 19 30.1
number of downloads | 84458.2 399366.8
number of bug reports 774 363.8
mean bug fixing time [days] 71.2 1394
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To evaluate their success, we use a number of indices that measure the activity, quality, and quantity of a
community’s open source software: the number of developers, software status, the number of software
releases (i.e., initial and version upgrades), the number of software downloads, the number of bug reports
posted in a bug tracker system, and the mean time taken to fix a bug after a report has been posted [23].
Software status is expressed in six stages— planning, pre-alpha, alpha, beta, stable, and mature—and in this
experiment, we use an integer score of one to six, respectively, to denote each stage. If multiple software
statuses are assigned to an open source software, we take the average of those scores.

We infer the strength of leadership in SourceForge communities created between February 2003 and June
2008 from their communication history during the first 7 months after community creation, and obtain
their success indices after two years. We examine 507 communities in which a minimum number of
communications had been performed (i.e., at least 100 messages had been exchanged) in SourceForge. In
the following experiments, which monitor long-term communication, the observation period 7 is 24 months
unless explicitly stated. Namely, we build a social network from communication history for the 24 months
after community creation. We also obtain the aforementioned success indices relating to the end of this 24
month period.

Since participants in SourceForge communities usually communicate with each other by exchanging
messages on bulletin boards, we determine the relations among participants from the structure of message
threads on those boards [16, 24]. We identify that communication from participant i to j occurred when
participant i replied to a message posted by j. We ignore the original posts, since ascertaining to whom the
original posts were sent is generally difficult. To exclude participants who did not directly contribute to
development, we removed bulletin boards named “Help”” and anonymous bulletin boards.

Means and standard deviations of the numbers of administrators, developers, users, and messages, and the

success indices two years after each of the 507 communities’ creations are shown in Tab. 1.

3.2. Result: Relation between Betweenness Centrality and Participant’s Position

First, we classified 29,889 participants in the 507 SourceForge communities into three categories based
on their positions in the communities (i.e., administrator, developer, or user) [22]. Histograms showing
betweenness centrality distributions for the participants in each category are given in Fig. 2, and
betweenness centrality means and standard deviations for each category are listed in Tab. 2. The numbers of
participants (samples) placed into each category are also shown in the table.

From these results, the leadership level of a participant can clearly be inferred from his/her betweenness
centrality. The betweenness centralities of administrators, who generally play leadership roles, are large,
whereas those of user, who generally do not play leadership roles, are small in comparison. While the
standard deviation of the administrators’betweenness centrality is relatively large at 0.34, that of users is
much smaller at only 0.038. Although the number of participants in each category is considerably different,
the betweenness centrality scores of most users are low (typically less than 0.1). This result suggests that we
can distinguish users who have low leadership from others positions in development communities by using
betweenness centrality.

3.3.Result: Relation between LSI and Success Indices of Communities

Next, we calculate the rank correlation coefficients between the leadership levels in the 507 SourceForge
communities inferred by using our proposed method and the indices for measuring the success of these
communities (Fig. 3). Here, nonparametric rank correlation coefficients are employed since several indices,
such as the inferred leadership of a community and the number of downloads, have biased distributions. For
comparative purposes, the rank correlation coefficients between each success index and the number of
participants who have exchanged any message on bulletin boards, the ratio of administrators (i.e., number of
administrators/number of participants), the ratio of developers (i.e., number of developers/mumber of
participants), the number of messages on bulletin boards, and the number of message per participant (i.e.,
number of messages/number of participant) are also shown.

From the results in Fig. 3, we see that LSI has a significant positive correlation with the maturity of the
software (i.e., the software status) and the productivity (i.e., the number of releases). Positive correlations
with statistical significance of less than 1% exist between LSI and the software maturity and LSI and the
productivity. In contrast, LSI is negatively correlated or has a statistically insignificant correlation with the
activity (i.e., number of developers, number of bug reports, and mean bug fixing time) and popularity (i.e.,
number of downloads) measures. One of the causes of the low correlation between LSI and popularity and
activity measures is that these measures are greatly dependent on the number of users of the software. Hence,
leadership is considered to have little influence on the popularity and activity.
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Figure 2: Betweenness centrality distributions for all participants in each position category

Table 2: Means and standard deviations of betweenness centrality for participants in each position category

number of standard

samples average deviation

administrator 737 0.51 0.34
developer 868 0.07 0.15
user 28,284 0.008 0.038
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Figure 3: Rank correlation coefficients between indices measuring the states and success of the 507 communities

22



THHRILRFREE Vol.7 Nol REFIRX Inferring Leadership of Online Development Community
using Topological Structure of its Social Network
/~/wwr v =7 DMRuHEEZ WA T 232 =T DY —=F 2y T HEE

number of par‘tlclpants
ratio of administrators ===
ratio of developers
o.8 number of messages -
- messages per particlpant e=—>=>
LS| (Leadership Strength Index) ESSSSSSY
0.6 - -
=
-2
=
;]
= 0.2 | -
2
1=
S
°r 5@'% T
0.2 |
_0.a s s s s
number of software status number of number of number of
developers releases downloads bug reports bug f'xlng time

Success indices

Figure 4: Rank correlation coefficients between indices measuring the states and success of
119 communities having 50—150 participants

Note that the number of participants and the number of messages have a stronger positive correlation with
the success indices than LSI. This high correlation is primarily due to the size of a community strongly
affecting its success. Namely, communities with a large number of participants or with participants that
actively communicate with each other have a natural tendency to be successful compared with other com-
munities. Therefore, effects resulting from the size of a community must be eliminated when analyzing the
correlations between LSI and the success indices.

Following the above experiment, we thus calculate the rank correlation coefficients between LSI and
success indices of only those communities (119 in total out of 507) having 50—150 participants (Fig. 4).

The number of participants, the ratio of administrators, the ratio of developers, the number of messages,
and messages per participant are not significantly correlated to software status. Only LSI has a sufficient
positive correlation with the software maturity. In addition to LSI, the number of messages and the
messages per participant have significant positive correlation with the productivity. However, as a result
of eliminating community size effects, other than LSI, the correlations among status and success indices are
weakened. Conversely, the correlations between LSI and software maturity and between LSI and
productivity are strengthened. Note that the values of correlation coefficients related to the activities of
leaders in an online community and the community’s success are approximately 0.3-0.6 [5]. We therefore
conclude that LSI has sufficient positive correlations with software maturity and productivity.

These observations suggest that the proposed LSI is applicable for comparing the strength of leadership in
different online communities. Our experiments reveal that LSI is positively correlated to two of the
success indices, suggesting that we can analyze the success of online communities through a comparison of
their leadership levels by using LSI.

3.4. Result: Effect of the Size of Community

We now examine precisely how the correlations between LSI and the success indices change with the size
of the community. In Section 3.3, we found that the correlations when all 507 communities were
considered were different from those when only 119 communities in a certain size range were included in
the analysis. From this result, we expect that correlations between LSI and the success indices change with
the size of the community.

We classify the 507 communities into three classes based on their number of participants: small com-
munities (with < 49 participants), medium communities (with 50—150 participants), and large communities
(with <151 participants).

The rank correlation coefficients for these communities calculated between each of the status and the
success indices are shown in Fig. 5, where only those combinations with significant positive correlations in
Section 3.3 are presented. Namely, we use the number of messages, messages per participant, and LSI as
indices representing the state of a community, and the software maturity and productivity as indices
measuring the community’s success.

The positive correlations between LSI and each of the software maturity and productivity in small com-
munities are weaker than those of medium communities. Moreover, for large communities, LSI is
negatively correlated to productivity, whereas LSI is positively correlated to software maturity. Thus, the
correlations between LSI and the success indices change with the size of the community, with the strongest
positive correlations found for medium communities. Hence, LSI is considered to be particularly effective
for inferring the state of medium-sized communities. The styles of the software development are generally
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different in different size communities. We therefore expect that the development style affects the
effectiveness of the LSI to infer the current state of the online development communities. For instance, in
small-sized communities, software development could be completed without any leaders. In large-sized
communities, the leadership styles could be different from those in medium-sized communities.
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3.5. Result: Effect of Observation Period

Finally, we investigate the relation between LSI scores and the observation period of communication
history utilized for building the social networks.

As we discussed in Section 3.1, an observation period 7' of 24 months was used in the above experiments.
Specifically, we built each social network using the communication history of the 24 months following a
community’s creation, and analyzed the correlations between LSI and the success indices at the end of this
period.

In Section 2, we stated that LSI is one of the indices for measuring the state of a community. In contrast,
success indices such as software maturity and productivity are determined by the accumulation of the
activities of a community. Namely, whereas the level of leadership in a community represents the goodness
of a short-term state of the community, the success indices represent the goodness of long-term activities of
the community.

However, studies have shown that the communication structure in a community does not change
frequently [16]. Therefore, we expect that the strength of leadership in a community can be inferred to an
extent, even if the observation period of the communication history is not that long.
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Figure 6: Rank correlation coefficients between LSI and Figure 7: Rank correlation coefficients between LSI and

software  maturity for 119  medium-sized productivity for 119 medium-sized communities
communities (with 50-150 participants) when (with 50—150 participants) when changing the period
changing the period 7" of observing communication T of observing communication history

history

Rank correlation coefficients between LSI and each of the software maturity and productivity for changing
T between one and 24 months are shown in Figs. 6 and 7, respectively. To eliminate community size effects,
medium communities (with 50-150 participants) from Section. 3.4 were again selected as sample
communities.

We see that LSI has significant positive correlations with both software maturity and productivity when 7
is greater than eight months. These results suggest that eight months need to pass from a community’s
creation in order to infer the strength of leadership in the community. Conversely, the results also suggest
that an observation period exceeding one year contributes little to improving the accuracy of inferred
leadership levels.

Although we cannot generalize based on only our experiments, the results indicate that the state of a
community (in particular, the strength of its leadership) can be accurately estimated eight months after its
creation.

Hence, we conclude that (1) the leadership level of a participant can be accurately inferred from his/her
betweenness centrality; (2) the proposed LSI has sufficient positive correlation (correlation coefficient
~ 0.3) with the software maturity and productivity of a medium community, and is applicable for
comparative purposes; and (3) an eight month observation of a community’s communication history is
adequate for inferring the leadership of a medium community.

4. Conclusion and Future Works
In this paper, we have proposed a method that uses LSI to infer the strength of leadership in an online
community as a whole in order to compare the leadership among different online communities. We

examined the effectiveness of our proposed method by utilizing log data of the activities in SourceForge, a
major forum for online development communities. Consequently, we have shown that (1) the leadership
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level of a participant is accurately inferred from his/her betweenness centrality; (2) LSI has sufficient
positive correlation (correlation coefficient ~0.3) with indices measuring the software maturity and the
productivity of the medium community, and LSI is applicable for comparative purposes; and (3) an eight
month observation of an online community’s communication history is adequate for inferring the leadership
of the medium community.

As future work, we plan to investigate the properties of LSI when applied as an index for not only
development but also other types of online communities. As we have discussed in Section 1, leadership is
also a major factor in the success of online socialization communities. Hence, the leadership of such
communities will be explored using LSI.
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