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Abstract  

Virtual Communities (ViCs) are subject of interest for quite some time now [Hagel and Arm-
strong, 1997, Garton, et al., 1997, Rheingold, 1993]. Recently, ViCs in the form of Social Net-
work Services like MySpace or StudiVz received a lot of attention. Though, fairly little is known 
about the temporal evolution of virtual communities and the changes in the communication activ-
ity of its users. The research described here is an explorative study examining the communication 
activity of members of two virtual communities on a longitudinal basis. 

For that purpose, a graph theoretical model by Pennock et al. [2002] is used which unites “Ran-
dom Network Theory” and “Scale-free Networks”. This model allows the operationalization of 
the empirical distribution functions of the communication activity in ViCs with only one free 
parameter. That parameter – the mixing factor α – represents the ratio between the antagonists 
heterogeneity and homogeneity.  

The nonlinear curve fitting of the empirical distribution functions shows a predominance of 
preferential over uniform binding in both communities. Participants prefer to communicate with 
community members having already a lot of communication partners, while members with low 
activity are less attractive. This phenomenon is less strong in the smaller ViC B. The members of 
ViC B have almost twice as many connections as those of ViC A. ViC B represent a tighter net-
work which might lead to the more homogeneous distribution of its activity. In both communities 
the mixing factor α and therefore the level of heterogeneity shows quite stable over time. 

 

References: virtual communities, social network analysis, degree, communication activity, het-
erogeneity, preferential binding, uniform binding, random graph theory, scale-free networks. 
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1 Introduction 

The term Virtual Community (ViC) was introduced as early as 1968 by the Internet pioneers 
J.C.R. Licklider and Robert W. Taylor [1968]. ViCs reach back to the emergence of the Internet. 
ViCs appeared as mailing lists in 1975 and as newsgroups in 1979 [Zakon, 2003]. They were 
used at first by scientists for thought and information exchange, a fact that shaped the understand-
ing of ViCs as social communities without commercial focus [Rheingold, 1993]. With the diffu-
sion of the Internet and its accompanied commercialization, ViCs were also discovered for eco-
nomic interests [Hagel and Armstrong, 1997]. Brown et al. [2001] showed for example that visi-
tors of websites, appearing as active members of these communities, visited these sites nine times 
more often and bought nearly twice as much there, compared to those, who did not use these 
communities. 

Virtual communities are overt phenomena. They assemble by communication, and leave behind 
multiple artifacts such as listserv postings, web site structures, Usenet content, user logs etc. 
These artifacts are available for scrutiny and research [Jones and Rafaeli, 1999], and should be 
viewed as a challenge for researchers. Despite the accumulation of artifacts, surprisingly little is 
known about how community activity develops over time. There exists scant theoretically and 
empirically supported explanation of this communication activity. Most extant empirical studies 
are static cross-sectional analyses. This paper therefore aims to give impulses to theory by em-
pirically examining the communication activity of two exemplary virtual communities in the 
context of a comparative longitudinal profile study [Schoberth, et al., 2006]. 

It is often pointed out in literature [Jones and Rafaeli, 1999, Jones et al., 2004, Light and Rogers, 
1999, Nonnecke and Preece, 2000a, Schoberth, 2002, Schoberth, et al., 2003, Stegbauer, 2001, 
Whittaker, et al., 1998] that a small number of participants are responsible for the majority of 
messages in ViCs, while most write only one or few messages. Although such a strong imbalance 
seems to be important, this effect has been given little formal and empirical expression in the 
literature. Therefore, the goal of this paper is to quantify this skewed distribution in participation 
and observe it over time. 

1.1 Research topic 

1.1.1 Virtual Communities 

ViCs are the main research object in this article. Despite a multiplicity of attempts [Rheingold, 
1993, Hagel and Armstrong, 1997, Figallo, 1998, Schoberth and Schrott, 2001], there exists no 



Introduction 5 

 

5 

   

generally accepted definition for ”community”, much less for “virtual community” [Preece, 
2000]. Here, the term ViC is used to represent ongoing communication gatherings and social 
interaction of groups and larger aggregates of individuals in the Internet that use tools such as 
web-based forums, list servers, newsgroups and chats. 

The literature provides a set of categorization attempts for ViCs. Hagel and Armstrong [1997] 
differentiate between “communities of interest“, “communities of relationship“, “communities of 
fantasy“ and “communities of transaction”. It is assumed that communities of different types and 
different objectives differ strongly [Preece, 2000, Rheingold, 1993]. However, there are also 
references for common characteristics of ViCs [Whittaker, et al., 1998, Stegbauer, 2001, Preece, 
2000, Brunold, et al., 2000]. 

1.1.2 Attributive vs. Relational Communication Activity 

Since ViCs consist of humans who use electronic platforms as means for communication and 
meeting and not as ends or goals [Preece, 2000], the communication activity of these users should 
be the main focus of an examination of ViCs. According to Stegbauer [2001], we can differenti-
ate between attributive and relational characteristics of users. 

Relational activity focuses on the interaction among the participants and may also be called inter-
activity. The interactions of users in ViCs assume the form of discussion threads. These specified 
“threads“ are a tree-like visualization of the discussion topics and represent the sequence and 
dependencies of the messages. Social Network Analysis is used as a tool for the analysis of these 
relations [Wellman, et al., 1996, Wellman, 1997]. Analog to Pennock et al. [2002] as well as 
Albert and Barabási [Albert and Barabási 1999, Albert and Barabási 2002, Albert, et al., 1999] 
and Holme et al. [2004], the relational activity can be operationalized with the help of the aver-
age degree, that is in the context of ViCs the average number of communication partners per 
active user. 

Individual characteristics of the users will be represented by attributive activity. These character-
istics refer to the level of the individual. However, to research a lot of users at a time, they are 
typically aggregated over all actors. According to Whittaker et al. [1998], the average number of 
messages per active user will be utilized in the following. 
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1.1.3 Virtual Communities examined 

 

Illustration 1: Course of the number of active users N of the two ViCs A and B. 

The two virtual communities examined in this paper use web-based forums as communication 
platform. In contrast to other basic types of asynchronous platforms (mainly email-based list 
servers and newsgroups), web-based forums are located on central servers and their data is usu-
ally archived in a coherent form for a longer period of time. Despite this advantage, web-based 
forums have rarely been subject of empirical research; presumably, because they are run and 
owned by enterprises or organizations. For this reason, it is more difficult to access and obtain 
their data compared to public newsgroups and list servers that are easily traceable via subscrip-
tion. Web-based forums have not been investigated as frequently as other public, open interaction 
spaces [Jones et al., 2004], but they are widespread and popular. For example, parsimony.net 
hosts more than a thousand forums and more than two hundred of them have at least a thousand 
page views per day [Parsimony, 2004]. We consider web-based forums to be a useful target for 
researching the longitudinal behavior of ViC participants. 

The first forum (“ViC A“) is operated by a German financial service provider. The financial 
service provider hopes to stimulate stock trade volume and achieve a higher rate of customer 
retention by the use of this forum. The available data covers 1.03 million postings from 33,536 
active members in a period of nearly three years (140 weeks). 

The second Virtual Community (“ViC B“) discusses stocks and securities as well. However, this 
community is part of a website whose operator performs as a financial expert, selling information 
about the occurrences in the German and international financial marketplace. The website’s 
archive, accessible via the World Wide Web, covers more than three years (169 weeks) of data 
and contains 188,000 messages from 1,456 posters. 

Illustration 1 shows the course of the number of active users N per monitored week. Nonnecke 
and Preece [2000b] state that users, who are not posting but do merely reading, may understand 
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themselves as part of the community. Though, it is not possible here to include those users be-
cause of the lack of traceable data. Therefore, a user is seen as active, if he is writing a message 
and thereby leaves an artifact, which can be analyzed. 

Time axes of both ViCs were superimposed on the same figure. Since the two communities 
started their operations at different points of time (ViC A: 10/1998 and ViC B: 2/2000), “week 
100“ for example refers to the temporal distance of a hundred weeks after the foundation of the 
ViC but not to the same absolute point of time. A centered five-week average illustrates the time 
series more transparently as an added thin solid line (Illustrations 1, 3, 6, and 8). 

Considering the logarithmic scale of Illustration 1, it becomes evident that ViC A is substantially 
larger than ViC B (in the temporal means, NA/NB = 9.6 ± 0.5). In ViC A, up to 3,405 users per 
week are active, whereas in ViC B there were at most 228 users. Up to week 75, the number of 
participants within ViC A rose strongly and dropped just as sharply thereafter. ViC B in contrast 
displayed a clearly weaker rise which continued over the entire observation period. 

1.2 Research Questions and Course of Action 

The following research questions are raised: 

1. How can the distribution of the user’s activity be quantified? 

2. How do the obtained indicators change over time? 

By investigating these questions, we expect to give useful impulses for the theory building on 
ViCs. The development of quantitative measures allows the comparison and evaluation of differ-
ent communities. A suitable model for the quantitative description of the heterogeneity in ViCs is 
expected to provide first evidence for its causes. The investigation of the longitudinal perspective 
might give further clues. 

Virtual communities will be mapped as social networks to assess their relational level (section 2). 
After the operationalization of the relational communication activity (section 3), three graph-
theoretical models are introduced. The models’ suitability for the description of heterogeneity in 
virtual communities is compared. In section 4 the results are adopted to the attributive communi-
cation activity. Then, in section 5, the development of the heterogeneity of the two ViCs is exam-
ined over time. Last, a summary is given. 
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2 Virtual Communities as Social Networks 

According to Wellman et al. [1996] and Wellman [1997] ViCs can be considered as social net-
works. In a graphic visualization, the members are represented by nodes; the edges symbolize 
relations between the members (Illustration 2). This view of virtual communities as networks 
allows the utilization of Social Network Analysis (SNA) methods. The SNA methodology pro-
vides from a macro-perspective insights into the internal structure of virtual communities. It 
supports the analysis of social structures as a whole, where an investigation of the behavior and 
surroundings of community members, e.g. the micro-perspective, is not feasible within large 
communities. 

For network analysis, the investigation of relations between individuals is fundamental. Relations 
can be characterized by means of contents, direction and strength [Garton, et al., 1997, Jansen, 
1999, Wellman, et al., 1996, Wellman, 1997, Yoshioka, et al., 2001]. In the context of virtual 
communities, different kinds of information are exchanged, like administrative, private, profes-
sional as well as social information. Letters or emails represent directional messages which can 
be precisely assigned to a sender and a receiver. In contrast, the directionality of relations be-
tween persons is frequently difficult to determine through the reciprocity of sending and receiv-
ing messages. The strength of relations can be determined according to Jansen [1999, p.53] by its 
frequency, its importance for the individual, and according to the amount of resources transferred. 
A relationship between two participants will be called binary, if it is modeled by the two states 
“existing“ or “non-existing“. 

In this paper, relations between participants are regarded as binary and non-directional. For sim-
plicity’s sake, they are also observed as non-cumulative. The contents of relations [Yoshioka, et 
al., 2001] were not considered due to the vast number of messages. To enable examination of 
temporal changes in the social network, data were collected weekly.  

In Illustration 2 the entire social network of ViC A at the fourth week after its establishment is 
visualized as a graph. At that time ViC A was still small. At later times with some hundreds or 
thousands participants it would be hard to represent the network graphically. The nodes represent 
the active (writing) members. The connections between these nodes, e.g. the edges, are based on 
the members’ meeting in one or more discussion threads. 
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Illustration 2: Visualization of the social network of ViC A in the fourth week after its estab-
lishment (created with UCINET VI). The nodes represent active members; the digits on the 

edges represent the number of discussion threads in which connected members were commu-
nicating which each other. 

3 Relational Activity 

The Social Network Analysis approach provides a set of metrics that describe the relational struc-
ture of networks [Garton, et al., 1997, Jansen, 1999, Wassermann and Faust, 1994]. However, 
these instruments are mainly suitable for the description of small networks (orders of magnitude 
of approximately 10 persons), since they focus on the relations of individual members (see e.g. 
Aviv et al. [2003]). Other methods, like Block Model Analysis (see e.g. Stegbauer [2001]), pos-
sess a limited suitability for the investigation of temporal changes since its complexity and multi-
layerdness. For a longitudinal study a suitable indicator should be measurable on a metric scale 
and should be useful as indicator for the individual as well as for the community as whole.  

Here the degree centrality k is used as an individual’s measure of relational activity [Wassermann 
and Faust, 1994]. The degree k of a network node is defined as the number of edges k that a node 
possesses. In the context of an online community, k represents the number of actors a member 
communicates with via messages in one or more threads. 

In order to transfer this individual indicator into indicators for the community as whole, first, the 
average degree is introduced and its changes over time will be investigated. Subsequently, three 
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graph-theoretical approaches are examined in order to identify a suitable analytical model which 
is able to represent the extremely skewed distribution of the degree of network. 

3.1 Average Degree 

Aggregating the degree k leads to the average degree <k> representing the level of connectedness 
in the network or the community as whole. The average degree is calculated adding the individ-
ual’s degree ki or simpler, by dividing the total sum of non-directional connections K by the size 
of the network N (number of the active users) as shown in Equation 1. 

Equation 1: average degree  

 

 

Illustration 3: Plot of the average degree <k> of the ViCs A and B. 

The comparison of the two time series in Illustration 3 indicates that the level of interconnected-
ness and, thus, the relational communication activity of ViC B, are clearly higher than in ViC A. 
The participants of ViC A have on temporal means an average degree <kA> = 7.4 ± 0.2. In con-
trast, ViC B has an average degree <kB> = 15.2 ± 0.3. On temporal means <kB>/<kA> = 2.13 ± 
0.07 and so the average degree in ViC B is about twice as large as in ViC A. In the course of both 
communities, <k> first rises and seems to stabilize after approximately week 40. 

3.2  Degree Distribution 

In Illustrations 4a and b, the degree distribution of the two communities is represented by one 
exemplary week for ViC A (week 129) and ViC B (week 145). For each degree k found, the 
value of the empirical probability function P(k) = N(k)/N [Bronstein and Semendjajew, 1989, 
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p.678ff] is plotted. N(k) is the number of participants which have k edges. N is the total number of 
the participants in these two weeks (NA = 147 and NB = 447). In other words: P(k) is the empirical 
probability that any member of the community communicates with k other members during one 
week.  

One recognizes that the distributions are extremely skewed. A small portion of members possess 
a large number of connections. At the same time, the majority of the participants hold only very 
few connections. In the following, graph-theoretical approaches will be examined in order to 
identify a suitable analytical model able to fit these distributions as well as to explain their 
causes. This will be conducted on the basis of the fundamental theorem of the mathematical 
statistics which denotes that for large samples, the empirical function converges towards the 
actual distribution function [Bronstein and Semendjajew, 1989, p.79]. The terms distribution and 
probability function are used synonymously in this context. 

  

Illustration 4: Histograms of the degree distributions in the 129th week of ViC A and the 145th 
week of ViC B. P(k) = N(k)/N with NA = 147 and NB = 447. The solid lines represent distributions 

of Poisson (Equation 2) according to the empirical average values of the two distributions  
(<kA> = 9.4 and <kB> = 13.3). 

 

3.2.1 “Random Graph Theory“ 

The Random Graph Theory assumes a network developing completely randomly. In such a case, 
all nodes of the graph would have the same probability to obtain k connections (“uniform attach-
ment“) [Albert and Barabási, 2002]. For large N, this would lead to the distribution of Poisson as 
defined in Equation 2. Such a distribution can be regarded as homogeneous, since its values are 
randomly (homogeneously) distributed around the mean value <k>. 
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Equation 2: Poisson distribution  

In Illustration 4, distributions of Poisson are plotted as solid lines according to Equation 2 with 
the empirical average degrees of <kA> = 9.4 and <kB> = 13. The clearly visible deviations of the 
ideal distribution to the empirical ones indicate that the assumption of a uniform attachment 
cannot be maintained. In other words, the probability of community members to be connected 
with a large number of communication partners is neither equally distributed nor homogeneous. 

3.2.2 “Scale-free Networks“ 

An approach which bases on non-uniform attachment of edges to the nodes, e.g. a scheme that 
assumes heterogeneity, originates from Albert and Barabási [2002], who developed the “Scale-
free Networks“. This typology starts with n0 nodes. In each step t, a node with m edges is added 
until n0 + t = N. The probability Π(ki) that the new node is connected with an already existing 
node i, depends on its degree ki according to Equation 3. This scheme is called preferential at-
tachment. 

Equation 3: Connection probability with 
preferential attachment 

 

As a consequence, community members who already maintain many communication links pos-
sess a high probability to attain further ones. This converges for t>>n0 (i.e. for large N) asymp-
totically to probability functions which adhere to power laws (Equation 4) and, thus, to distribu-
tions of member activities which are highly heterogeneous. 

Equation 4: Probability function degree k 
for scale-free networks 

 

Albert and Barabási [2002] as well as Ravid and Rafaeli [2004] have been able to observe this 
pattern within different kind of networks, like the World Wide Web (websites connected through 
links), the topology of the Internet (physical connections between computers and other network 
devices), a network of movie actors (connected by common movie appearances), networks of 
scientists (connected by common publications), ecological networks (connection between hunters 
and bounty), a network of dating partners (connected by dates), and online discussion groups. 
The attribute “scale-free“ has been chosen, because due to the form of the distribution function – 
in contrast to the distribution of Poisson or Gauss – the mean value (or scale) <k> does not ap-
pear to be meaningful for characterizing the network. 
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In the double logarithmic representation of Illustration 5, it becomes evident that the typical 
straight lines of “Scale-free Networks“ only evolve asymptotically for large k. For small k, how-
ever, the plot of the empirical probability distributions is obviously flatter. This observation is 
according to the findings of Holme et al. [2004] in a dating community. Thus, the assumption of 
mere preferential attachment cannot be maintained here, as well. 

  

Illustration 5: Histograms of Illustration 4 in double logarithmic representation. The solid drawn 
curves (created with DataFit 6.0) represent distribution functions according to Pennock et al. (Eq-

uation 6) with <kA>=9.4, αA=0.77 and <kB>=13.3, αB=0.71. The straight lines correspond to 
distributions according to Albert and Barabási [2002] (Equation 4) with λ=1+1/ α. 

3.2.3  Mixed Model of Pennock et al. 

Consequently, the third model of Pennock et al. [2002] is a combination of the two approaches 
discussed earlier. Here the network emerges from a mixture of preferential and uniform attach-
ment. The probability that a new node connects with an existing node i is: 

Equation 5: Probability of connection 
with mixed preferential and uniform 
attachment 

 

The first term in Equation 5 can be interpreted, that new participants prefer to attach themselves 
to popular participants with many communication partners (preferential binding). The second 
term is independent of the popularity of participants and corresponds to individual reasons of the 
new participants for choosing communication partners, which – from a macroscopic view – can 
be regarded as randomly (uniform binding). So, the first term represents connection probability of 
the scale-free networks (Equation 3), while the second term represents the constant probability of 
a random network.  
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The mixing factor α controls the ratio of the two kinds of binding forms. The factor α can be 
regarded as a measure for the heterogeneity in the network. For instance, if α = 0, exclusively 
uniform attachment takes place (maximum homogeneity). If α = 1, only preferential attachment 
takes place (maximum heterogeneity). For t>>n0 (i.e. large N), Equation 5 leads to the probability 
function of Equation 6, where <k> is the average degree, again. 

Equation 6: Probability function of the 
degree k according to Pennock et al. 

 

In this paper relationships between members of virtual communities are analyzed and not rela-
tionships between web pages as in Pennock at al. [2002]. Though, the application of their model 
leads to compelling results. The curve adjustments shown in Illustration 6 provide first evidence 
that the model fits nicely with the data of our two communities. Moreover, Table 1 indicates the 
statistical significance of this model by the significance of its single free parameter the mixing 
factor α.  

Parameter Fit of α 

ViC A; Week 129: <k> = 9,4 α = 0,77±0,03; (T = 25; R2
adj = 0,986) 

ViC B; Week 145: <k> = 13,3 α = 0,71±0,05; (T = 13; R2
adj = 0,962) 

Table 1: Fit of the heterogeneity measure α from Equation 6 to the degree distribution 
from Illustration 6 using the empirical average degree <k>. T is the value of the t-Test 

on significance of α ( level of significance < 0.1%). 

The model of Pennock et al. is able to describe the distribution of the degree k with only two 
parameters, the mixing factor α and the average degree <k>. The average degree can be calcu-
lated directly from the network and so, only the mixing factor has to be fitted. Therefore, the 
model is very parsimonious and suited for longitudinal observations. Furthermore, it provides an 
indicator for the level of heterogeneity by means of the mixing factor α. 

4 Attributive Activity 

The attributive communication activity focuses on individual characteristics of community mem-
bers. The relationships between participants are not considered in this context. In order to analyze 
the attributive activity of the two communities, the average number of messages <s> will be 
examined in a manner reminiscent to the use of the average degree <k>. Subsequently, a reinter-
preted Pennock et al. model will be applied. 
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4.1 Average Number of Messages 

The average number of messages <s> can be calculated from the sum of the individuals’ mes-
sages or the division of total sum of messages S by the number of active users N according to 
Equation 7. 

Equation 7: Average number of 
messages 

 

Illustration 6 shows the time series for the two communities. In both communities, values of up to 
approximately 15 average messages per participant are reached. However, ViC B indicates a 
steep rise of the average message number until approximately week 38 which is then followed by 
a decline. In contrast, ViC A shows an almost linear increase of <s>. However, the range of the 
average number of messages does not differ between the two communities as clearly as they 
differed in their average degree in Illustration 3. 

 

Illustration 6: Plot of the average number of messages <s> for the ViCs A and B. 

4.2 Message Distribution 

As indicated by Illustrations 7a and b, the empirical distribution function of the number of mes-
sages is extremely distorted, again. A minority of participants writes the majority of the mes-
sages, whereas the majority of participants show little attributive activity. This disparity has been 
frequently reported as a typical and remarkable behavior in virtual communities [Jones and Ra-
faeli, 1999, Light and Rogers, 1999, Nonnecke and Preece, 2000a, Stegbauer, 2001, Whittaker, et 
al., 1998]. However a suitable formal quantification for this phenomenon is not yet available. 
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Due to the similarity of Illustration 7 with the empirical distribution function of the average de-
gree in the Illustration 5, it is straightforward to apply the model of Pennock et al., again. In 
Equation 5 and Equation 6, the number of edges ki of a node i and the average number of edges 
<k> are substituted by the number of messages si of a user i and the average number of messages 
<s>. Table 2 and the curve adjustment lines in Illustration 7 show, that the adjustment of the 
heterogeneity measure α on the basis of the empirical <s> leads to statistically and visually satis-
fying results, again. 

  

Illustration 7: Histograms of the number of messages in ViC A (84th week) and ViC B (82nd week). 
P(k)=N(k)/N with NA=1,865 and NB=139 (double logarithmic representation). The adjusted 
curves (created with DataFit 6.0) represent distribution functions according to Pennock et al. 
(Equation 6) with <sA>=6.3, αA=0.85 and <sB>=11.2, αB=0.79. The straight lines correspond to 
distributions according to Albert and Barabási [2002] (Equation 4) with λ=1+1/ α. 

 

Parameter Fit of α 

ViC A; Week 84: <k> = 6.3 α = 0.85±0.01; (T = 59; R2
adj = 0.995) 

ViC B; Week 82: <k> = 11.2 α = 0.79±0.02; (T = 35; R2
adj = 0.992) 

Table 2: Fit of the heterogeneity measure α from Equation 6 to the empirical distribu-
tion of the number of messages from Illustration 8. The parameter <s> is the empirical 

average message count of the users. T is the value of the t-Test on significance of α  
( level of significance < 0.1%). 

 

The applicability of the model of Pennock et al. in this context may surprise at first sight, since 
the attributive communication activity does not allow constructing a network of relations, which 
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is the base of their model. Instead, the definition of attributive activity explicitly excludes the 
relation between the actors while looking at the individual’s characteristics.  

But, the model of Pennock et al. may be reinterpreted in a different way. Again, see Equation 5: 
At each point of time t, not a new node with m edges is added to the network, but now m new 
messages are composed, which will be attached to users in either preferentially or uniformly way. 
The first term in Equation 5 now represents the probability that a user i, who already “possesses” 
si messages, writes another one (preferential binding). The second term is the basic probability 
that user i will write a new message independently of the number of messages he “possesses” 
(uniform binding). Again, the mixing factor α is the ratio of the two forms of binding and there-
fore is an indicator of heterogeneity.  

5 Heterogeneity Evolution 

If in Equation 6 the mixing factor α is varied, while the average degree <k> is kept constant, the 
following may be recognized: With declining values of the mixing factor α, the probability func-
tion gets more flattened for small k and for large k the asymptotically decline of the probability 
function gets steeper (see the slope of lines in Illustration 5 and Illustration 7). Thereby, a smaller 
value of α means a more homogeneous communication activity of the users vice versa a less 
heterogeneous communication activity. 

  

Illustration 8: Evolution of the heterogeneity measure αk for the relational acitivity (a)  
and αs for the attributive activity (B) of ViC A and B. 
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In order to examine the evolution of the heterogeneity measures of the two ViCs, we calculated 
for every week of observation the empirical averages and adjusted for each weekly dataset the 
mixing parameters to Equation 6. The results are shown in Illustration 8. 

First, it can be stated that the heterogeneity measure for both the relational activity (αk) and the 
attributive activity (αs) is associated substantially closer to α = 1 than to α = 0. Thus, the hetero-
geneity in both communities is remarkable (see also Table 3).  

According to Equation 5, this indicates from the relational perspective that participants mostly 
communicate with such actors who already have many communication partners (preferential 
binding). Pennock et al. term this phenomenon the “rich get richer“. In agreement with Albert and 
Barabási, they observe a purely preferential binding of “Scale-free Networks” within the whole 
World Wide Web. But, similar to our investigation, Holme et al. [2004] find, that the degree 
distribution in a dating community cannot be explained by preferential attachment solely. Illustra-
tion 8a shows that the mixing parameter α, albeit near 1, is obviously smaller than 1. Therefore, 
uniform (“random“) attachment plays a small, but nevertheless clearly measurable role, which 
manifests itself in the flattening of the distribution for small k in relation to the asymptotical 
straight line in Illustration 5. 

From the perspective of the attributive communication activity (Illustration 8b), it can be argued 
that participants possess a higher probability of writing new messages, the more postings they 
have already made. The probability that previously less active users will be writing is smaller due 
to the low influence of uniform binding. Though, the influence of uniform attachment is also seen 
here. 

ViC A ViC B Mean Difference 

<αk>= 0.819±0.003 <αk>= 0.667±0.005 <Δ>=0.158±0.006 

<αs>= 0.856±0.003 <αs>= 0.792±0.003 <Δ>=0.066±0.004 

Table 3: Temporal mean values of the heterogeneity measure αk for the relational 
activity and αs for the attributive communication activity  

and their temporal mean differences. 

As Table 3 and Illustration 8 indicate, the relational and the attributive communication activity 
were more heterogeneous in ViC A compared to ViC B, since its values of α were closer to 1. 
This means that the uniform or homogeneous portion of ViC B was larger than in ViC A due to 
the smaller preferential or heterogeneous portion. In addition one recognizes – contrary to ViC A 
– within ViC B a larger discrepancy between <αk> and <αs>. The heterogeneity of the relational 
activity is obviously smaller than the attributive one. Thus, the relationship of participants among 
each other is more homogeneous in ViC B than their attributive communication activity. 
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The temporal stability of the heterogeneity measure αk and αs and their independence from fluc-
tuations of the average degree (Illustration 3), the average message count (Illustration 6) and the 
size of the communities (Illustration 1), point out that the heterogeneity measure α may represent 
a characteristic constant for specific ViCs. In any case, it is a useful measure for analyzing the 
communication behavior in virtual communities. However, we are fully aware that the validation 
of this finding requires additional testing efforts since our two communities served primarily as a 
basis for exploration. 

6 Summary and Overview 

The analysis of virtual communities as social networks according to Wellman et al. [Garton, et 
al., 1997, Wellman, et al., 1996, Wellman, 1997, Rafaeli, 2004] proves to be extremely useful for 
a rich quantitative description of the communication activity of the members of ViCs. The litera-
ture frequently refers to a strong heterogeneous distribution of the number of messages of the 
individual members [Jones and Rafaeli, 1999, Light and Rogers, 1999, Nonnecke and Preece, 
2000a, Schoberth, 2002, Schoberth, et al., 2006, Stegbauer, 2001, Whittaker, et al., 1998]. This 
heterogeneity was found to be significant not only for the attributive, but also for the relational 
communication activity. This investigation provides further empirical support to the notion com-
munication in virtual communities is not evenly distributed. Instead of homogeneity, a dominance 
of a few communicating participants who face many less active participants can be assumed 
[Nonnecke and Preece, 2000a, Nonnecke and Preece, 2000a, Stegbauer, 2001]. 

Three graph-theoretical models have been examined for the description of these skewed distribu-
tions. Purely uniform attachment (“Random Graph Theory“) and purely preferential attachment 
(“Scale-free Networks“) [Albert and Bararbasi, 1999, Albert, et al., 1999, Albert and Barabási, 
2002] have not been able to deliver satisfying results. The model of Pennock et al. [2002], com-
bining both types of attachment, was found to be able to describe the empirical distribution func-
tions. By reinterpreting, the model could also be applied for modeling the distribution of the 
number of messages sent/posted by the users. The model of Pennock et al. is very parsimonious 
as it needs just two parameters. The first, the average degree or the average number of messages, 
can be calculated directly from the community. The second, the mixing factor α, has to be ob-
tained by nonlinear curve fitting. 

Pennock et al.’s model offers a basis for the explanation of the strong imbalance of the communi-
cation activity in ViCs. The mixing factor α represents a suitable measure for the quantification 
of this heterogeneity. At α = 0, merely uniform attachment takes place (maximum homogeneity), 
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whereas at α = 1, merely preferential attachment occurs (maximum heterogeneity). Both ViCs 
show mixing factors close to 1 (see Table 3 and Illustration 8), which corresponds to a stronger 
tendency to preferential than to uniform attachment. This indicates that the probability that a 
participant will write further messages or develop new relationships grows with the number of 
messages or connections he already has. This “rich get richer” phenomenon [Pennock, et al., 
2002] leads in the long run to the emergence of the strong heterogeneity of the activity of mem-
bers of the communities observed here. 

The heterogeneity measures αk belonging to the relational activity and αs belonging to the attribu-
tive activity prove to be quite stable over time for the two exemplary ViCs. This fact denotes 
inherently stable characteristic of the respective communities. Since such stability is of interest, 
but cannot be sufficiently validated on the basis of two examples, there is a challenge to explore 
additional communities in future research. Such data may provide insight into the range of het-
erogeneity in virtual communities. Also interesting for future investigations would be the influ-
ence of different community interests and different community platforms might show on the 
distribution of activity. 

Besides these commonalities, interesting differences between the two ViCs could be found. Dur-
ing the whole observation period, the smaller ViC B revealed less heterogenic (<αk>= 
0.667±0.005 and <αs>= 0.792±0.003) than ViC A (<αk>= 0.819±0.003 and <αs>= 0.856±0.003). 
This difference is particularly prominent in the heterogeneity αk of the relational communication 
activity. An explanation for this finding could be the high relational activity of ViC B, reaching 
almost twice the levels of ViC A. ViC B represents a tighter network of relations between par-
ticipants which seems to lead to a more equal distribution of the activity. However, this contin-
gency cannot be finally verified on the basis of the available data. 
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