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Abstract

The internal dynamics of content-based Web communities
depend on a range of forces that shape how these commu-
nities grow over time in content and population. In this work
we present an analysis of the evolution of a large set of groups
from Flickr, a popular photo sharing Web service. We show in
particular the influence that a number of factors (such as so-
cial network structure, demographic profile and governance
structure) may have on the growth of these communities and
suggest a number of research directions on the relation be-
tween the dynamics of Web communities and their underly-
ing social network.

Introduction
Social networking services have been thriving since the ad-
vent of the so-called Web 2.0 and have started attracting a
considerable attention in academic research in recent years.
This is partly due to the explosion of interest that such ser-
vices have generated in popular culture and in the media, and
partly (and most importantly) to the massive availability of
data on the social behavior of Web users that these services
can provide. Social scientists have extensively started us-
ing data available via such services as a way to empirically
validate hypotheses on social networks and their evolution
over time (see for example Adamic and Glance, 2005; Ku-
mar, Novak, and Tomkins, 2006; Kossinets and Watts, 2006;
Ali-Hasan and Adamic, 2007; Golbeck, 2007; Mislove et al.,
2007, 2008; Leskovec et al., 2008).

The social Web, however, affords much more than an in-
frastructure for the creation of links among individuals. It
has become an extraordinary vehicle for the support of on-
line communities. The specificity of services supporting on-
line communities, as opposed to “pure” social networking
services, is that they provide an infrastructure where users
are not only able to create new social links but also to share
content, whether in the form of collaborative content pro-
duction (such as in wikis or open source communities), con-
tent sharing (such as in photo, music or video sharing ser-
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vices), content annotation (such as in social bookmarking
websites) or content-driven discussion (as in discussion fo-
rums or review-based services). Examples of popular social
networking services supporting “pure” social networks in-
clude LinkedIn, Facebook, MySpace, Bebo. Services host-
ing content-based communities, in contrast, are often de-
signed to meet the collaborative requirements of specific
kinds of content, such as music (Last.fm), photography and
videos (Flickr, Ipernity, YouTube), open source development
(Ohloh), just to mention a few.

The possibility of studying social interaction mediated by
content raises new challenges for social science. If, broadly
speaking, the growth of a social network follows dynamics
that depend on patterns of interaction and link creation be-
tween agents, in the case of content-based online communi-
ties these dynamics are also affected by patterns of interac-
tion between agents and content, by group affiliation effects
and by norms that regulate social interaction and content
sharing within these communities. In spite of an increas-
ing interest for online Web communities as a source for the
study of social networks, relatively little effort has been put
into the study of processes at play in the dynamics of simple
online social networks as opposed to content-based social
networks and full-fledged content-based online communi-
ties. In the present work our aim is to start bridging this gap,
by focusing in particular on the relations between social net-
work properties and community dynamics. Before delving
into the question of why study content-based Web commu-
nities, we need to introduce a few caveats and conceptual
distinctions.

Defining “communities”
When using the term “communities” we should distinguish
between the social-network notion of a community and the
full-fledged notion of a community such as the one that we
will be referring to in the present work.

Social network research has defined a number of formal
properties that allow the characterization of particular struc-
tures in a network as “communities” or cohesive groups (see,
inter alia, Alba, 1973; White, Boorman, and Breiger, 1976;
Wasserman and Faust, 1994; Girvan and Newman, 2002;
Freeman, 2003; Newman, 2006). These formally defined
communities are extracted in a bottom-up way by looking
at network properties and can be used to make predictions



on the behavior of specific sets of agents (e.g. authors mas-
sively citing each others, users using similar tags to annotate
content, agents that are implicitly related with each other
with respect to a given range of interests and preferences
and so on).

In contrast, when using the term of Web communities,
we refer to online social structures that obey to stronger
constraints than those described by social network science.
Web communities typically require users to establish an ex-
plicit link of affiliation to the community and include norms
on participation and social behavior that every community
member should comply with.

Most online networking services support the creation of
this kind of communities. Web communities in online net-
working services may form, in particular, for reasons that are
extrinsic to content (and where content sharing is only indi-
rectly supporting interactions among members of the group)
whereas other communities can be said to be content-based
in a strong sense (as is the case of groups of interest where
social interaction is primarily driven by content sharing or
creation). Web communities as defined in this stronger,
top-down sense, allow us to characterize the notion of a
community-centered social network that we can define as
the network of explicit links between agents that fall within
the scope of a given Web community.
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Figure 1: A. Social network and group membership: solid
arrows represent directed agent-to-agent links, dashed ar-
rows represent agent-to-group affiliation links; highlighted
nodes represent agents with at least one group affiliation.
B. Group-centered social network: highlighted nodes and
links represent the subset of the global social network inter-
nal to group G2.

This distinction between user-centered vs. group-centered
social networks as well as the bottom-up vs. top-down char-
acterization of communities allow us to formulate a number
of research questions calling for empirical clarification.

• How does the structure of group-centered social networks
affect the overal growth dynamics of groups in terms of
content and population?

• What is the respective contribution of user-centered and
group-centered social networks in the dissemination of
content in Web communities?

• Are there measurable biases on the kind of contributions
selected for inclusion in a content-based Web community
(e.g. a highly moderated photo community) that depend
on the structure of its underlying social network?

The present work focuses on the first of these questions by
looking at macroscopic community dynamics in a popular
content-based Web service.

Flickr as a case study
Flickr.com, one of the most popular photo and video sharing
services, represents an ideal case for the study of the mutual
effects of content-dependent interaction, community affilia-
tion and social network dynamics: its user model allows the
creation of (user-to-user) “contact” links that can provide a
direct insight into user-centered social networks; it also al-
lows interactions among users that are mediated by content
(such as commenting on a picture or marking a picture as
a “favorite”), hence offering the opportunity to study social
behavior mediated by user-to-content links; finally, by sup-
porting with a dedicated infrastructure the creation of com-
munities of interest or ”groups”, it represents an extraordi-
nary testbed for studying the role of user-to-group affiliation
links. Thanks to a rich and extensively documented API1,
Flickr allows the extraction of large datasets relevant for the
study of all of these levels of description (content, individual
users, groups).

Related work
Flickr attracted a fairly large attention (compared to its rela-
tive small age) in the research community. Most studies used
Flickr as a large data source to study tagging behavior and
folksonomy (Marlow et al., 2006; Nov, Naaman, and Ye,
2008; Plangprasopchok and Lerman, 2008; Sigurbjörnsson
and van Zwol, 2008). A smaller number of works, more rel-
evant to the present analysis, focused on social interactions
and group-related social behavior.

Social network research on Flickr
If we leave aside studies attempting to model “pure” social
network evolution in Flickr (Mislove et al., 2008; Leskovec
et al., 2008), the effects of social networks on content pop-
ularity and dissemination are one of the most prominent
areas of research for which Flickr has been studied. Ler-
man and Jones (2007) studied patterns of browsing behav-
ior, showing how contact links form the social backbone of
content-sharing services such as Flickr and that a consider-
able amount of content-related activity (such as viewing a
photo, commenting a photo, marking a photo as a favourite)
is indeed mediated by social networks of “friends” (or “con-
tacts” as they are referred to in Flickr).

1http://flickr.com/services/api



A similar conclusion is reached by Cha et al. (2008), who
investigated the role of social cascades in Flickr, looking
at how the social network of members mediates the rapid
spreading of popularity in content. Their findings support
the idea that (1) online social networks are extremely effi-
cient at spreading content at a very rapid rate (in particu-
lar, they are considerably more efficient at spreading content
than social networks at spreading infective diseases) and (2)
social network structure can help predict patterns of popular-
ity of content. This is also consistent with van Zwol (2007)’s
analysis of the factors affecting the dynamics of popularity
of content in Flickr (i.e. the temporal profile of the number
of views a photo receives) which confirms that user-centered
social networks are the most prominent vehicle of content
dissemination among Flickr users.

Research on Flickr groups
Surprisingly, a central social feature of Flickr, i.e. groups,
has not attracted a considerable attention in the literature,
even though it is estimated that a large part of content-
mediated interactions and social interactions happen via
groups.2 Flickr groups (as many other communities of in-
terest that flourish on online networking services) have a
particular status because, as opposed to purely user-centered
social networks, they can be described as communities of
interest driven by shared content. The study of content dis-
semination in the works cited above focuses on aspects that
are social, in that they are mediated by social connections,
although not strictly speaking collaborative. Flickr groups,
on the contrary, are specifically designed to enable collabo-
rative content dissemination. In order to share content with
the members of a group, a user is explicitly required to sub-
mit it to the group. In most cases (public groups), being
member of a group is a necessary condition for being able to
share content.3 Private groups further restrict participation
by requesting that users join the group in order to be able
to see the content of a group. Groups can also be by invita-
tion only, so that users can only upload content if they are
explicitly invited by other group members. Groups have a
governance structure made of at least one administrator (by
default, the group creator) and an optional number of mod-
erators. Group admins and moderators can control the rate
and type of submitted content that is shared in the group, via
moderation tools, post-submission pruning or throttling (i.e.
limiting the number of posted items over a given period of

2There is disagreement on estimates of group participation with
respect to the whole Flickr user base. Mislove et al. (2007) men-
tions that the fraction of users that use group features based on
their sample is 21%. Prieur et al. (2008) suggest that the number of
users that are members of at least one group is approximately 8%
(but up to 49% if considering only users with paying accounts).
Negoescu and Perez (2008) note that 50.9% of the users in their
sample shared at least one photo with at least one group. None
of these studies seems to consider in these estimate the potentially
large number of users contributing to private groups only.

3This may not be true any more, since Flickr introduced photo-
specific invitation links that allow group administrators to request
to a non-member to contribute a picture to the group pool without
the requirement of joining the group.

time).
Mislove et al. (2007) conducted a general analysis of

Flickr groups in the context of a comparison of high-level
statistics of similar social networking services. In spite of
large discrepancies in group use across these services, the
same global trends were identified, showing in particular
that (1) groups represent communities of users characterized
by highly dense networks (as opposed to users with lower
than average group participation), (2) that members of small
user groups tend to be more clustered than those of larger
groups and (3) that the most sociable users (those with a
high outdegree) tend to be members of a larger number of
groups.

Prieur et al. (2008) focused on the relation between group
topicality (as the dispersion of tags used to describe pictures
in the group’s pool) and social density of groups and found
a variety of group typologies along these two dimensions.
This variety makes it possible, for instance, to use social
density to tell apart geographic groups with occasional con-
tributions by tourists (highly topical groups with low social
density) by equally topical groups by residents (with higher
social density). Groups with high social density may also
affect the evolution of tag dispersion by inducing the use
of more similar tags than groups with looser social ties, al-
though no direct evidence is provided in support of this in-
triguing idea.

A first extensive analysis on group participation based on
a static snapshot of Flickr groups was conducted by Ne-
goescu and Perez (2008). Their analysis illustrates in par-
ticular statistics on the loyalty of group contributions by the
same users. The results indicate that users tend to systemati-
cally share a limited amount of photos with the same, limited
number of groups. However a very high variability in user
behavior suggets that users sharing large sets of photos per
group tend do so in only a few groups, and conversely users
who are more selective about what photos to share are likely
to contribute them to a higher number of groups.

Unfortunately, all of these studies are based on static
snapshots of Flickr groups and some of the most interest-
ing research directions they hint at may not be empirically
settled without data on the evolution over time of groups and
their underlying social networks. The present study is a first
step in this direction, aiming at understanding the macro-
scopic forces behind group dynamics and calling for similar
studies on more specific aspects of group-driven online so-
cial interaction.

Method
Dataset
The data used for this study consists of a sample of 7,500+
Flickr groups whose variations were tracked on a daily basis
for a period of 8 months between 2007 and 2008.

The data was obtained via Flickr Group Trackr4, a free
web service that we developed in order to allow group mem-
bers to track the evolution of their group over time. For each
Flickr group registered to the service, Group Trackr pulls

4http://dev.nitens.org/flickr/group trackr.php



a series of data calling the Flickr API on a daily basis, in-
cluding: size of the pool (or number of pictures uploaded to
the group), population, privacy level, moderation features,
throttling type and level. Changes along any of these vari-
ables can hence be identified with a precision of 24hrs.

The Flickr Group Trackr dataset was complemented with
a static snapshot of the same set of groups providing detailed
information relative to the beginning of the tracking period
on: (1) user-to-group affiliation links (2) user-to-user con-
tact links.5

Sample restrictions
The dataset was filtered in a number of ways to obtain a
more homogeneous sample:
• we limited our analysis to a set of medium-to-large groups

with a population range of 100 to 100, 000 members; this
restriction was introduced to avoid biases in the analysis
due to the presence of small groups (p < 100), whose dy-
namics are too dependent on the behaviour of individual
members to allow generalizations;

• to capture the natural dynamics of these groups we in-
troduced a capping on the maximum daily growth rate in
content and population, excluding those groups display-
ing an instantaneous growth of more than 5% of their pool
size or population.

• groups that switched to private access control mode dur-
ing the tracking period were also excluded from the sam-
ple.

As a result of these restrictions, the final dataset used for the
present study consists of 3, 024 groups.

Analysis
Global regression model. To shed light on the joint con-
tribution of various quantitative and macroscopic factors on
the demographic evolution of Flickr groups, we first intro-
duce regression models of growth rates over the whole ob-
servation period as a dependent variable. We check several
model designs, based on various factors belonging to a main
set of observed independent variables. These variables in-
clude:

1. demographic variables such as the number of users (U ),
the quantity of pictures (P );

2. structural variables related to basic topological features of
the underlying social network, namely the average degree
(k̄), the density (d), and the reciprocity index (r).
The degree measures the connectivity of a user, i.e. their
total number of contacts. The density of a group is defined
as the ratio between the number of existing links and the
total possible number of links within the group-centered
social network (i.e. [group size] ∗ ([group size] − 1)/2).
The reciprocity index is the proportion of reciprocated or
symmetrical contact links within the group and per group
user, averaged over the whole group.

5This snapshot was made available from the TAGora project
(Flickr user and group membership dataset, http://www.tagora-
project.eu/data/#flickrgroups).

3. governance values, such as the existence of a moderation
filter M and indices based on throttling when this notion
is quantifiable, i.e. when a definite upload limit is set up
such that a limited number of pictures can be uploaded per
user per time period (day, week or month). This defines
the throttling index θ.
We considered a linear regression of the logs of each vari-

able, when possible. For instance, the regression equation
underlying the first model on Tab. 3 is:

log(
Uend

U0
) = λ0 + λ1 log(U0) + λ2 log(

U0

P0
)

+ λ3 log(k̄) + λ4 log(d) + λ5 log(1 + r) (1)

Growth landscapes for single factors. To complement
the results based on this global model, we additionally ex-
amined and measured the individual impact of each factor on
the growth of groups. To this end, we followed a method-
ology similar to the one adopted in Roth, Taraborelli, and
Gilbert (2008) for the study of the dynamics of a large sam-
ple of wikis. Two snapshots for each group were compared
at the beginning (t0) and at the end (tend) of the tracking
period and group growth rates were calculated as the ratio
in population and content sizes between tend and t0. We
then ranked groups along a given variable in 6 quantiles,
each containing therefore approximately 15% of our com-
plete dataset. For each quantile, we calculated and plotted
growth rate means for content and population. Contour plots
eventually represent growth rates along a further dimension:
group population, as a control for group size.

Thus, while such a framework admittedly does not render
joint correlations which may occur between the various in-
dependent variables, it allows a finer, more precise observa-
tion of the potential contribution of each individual dimen-
sion.

Dynamic regression for individual groups. The previous
models are meant to reveal the impact of various factors at a
macro-scale, aggregated for all groups. Yet, it is impossible
to tell from these results the shape of the (short-term) demo-
graphic behavior of each of these groups. To provide group-
centered predictions of the possible demographic paths, we
examined the peculiar growth dynamics of each Flickr group
with respect to several of the above-mentioned factors.

In order to do so, we relied on information containted in
group histories spanning over 8 months by applying a re-
gression on the daily dynamics of the groups. More pre-
cisely, we appraise the impact of individual factors on the
local growth between t and t + ∆t through a group-based
regression model which accounts for the daily variation in
content and population as a linear combination of factors. In
other words, in the case of user growth for each group we fit
a model of the kind:

log(
Ut+∆t

Ut
) = λ0 + λ1 log(Ut) + λ2 log(Pt) + ... (2)

From this kind of regression we are able to assign a sig-
nature vector σi = (λ1, λ2, ...) to group i. We distinguish



signatures of user growth and picture growth by using σU
i

and σP
i respectively.

Each group is thus defined by a compact signature de-
scribing the effects of the various factor on its daily dynam-
ics, and it may be represented in a parameter space by a point
of coordinates σU

i and σP
i , respectively. It is next possi-

ble to determine which regions of the space are occupied by
which groups, and notably make inferences on the relation-
ships between the various estimates — for instance by ex-
hibiting that when group dynamics are positively influenced
by some factor, they are also generally negatively affected
by some other factor. Note that by reason of a restriction in
the scope of our dataset, social-network related data is not
available on a day-to-day basis and could not be integrated
in the signature computation.

Results
Regression analysis
We examined three models aiming at exhibiting the ef-
fect of (i) group-centered social network-related variables,
(ii) moderation-related variables, and (iii) a combination of
both. We also generally kept user and population sizes as
controls in the models (see Table 3 for the detailed list of
variables for each model). It should be noted that the pa-
rameter attached to the ratio of users per picture U/P is lin-
early dependent of those attached to U and P because of the
use of logarithms; therefore, we dit not feature these three
variables together.

We first notice that social-network features have a sensi-
ble and significant effect (models #1 & #3), to the contrary
of moderation variables which display almost no correlation
(models #2 & #3) — a point we will explore further below
with growth landscapes. In more details, both the average
degree and the reciprocity index induce a negative correla-
tion with growth. This suggests that group cohesiveness,
as measured distinctly by these two variables, tends to limit
growth. The role of density, which is positively correlated, is
more difficult to interpret as this value also partly depends on
group size. Second, parameters linked to moderation vari-
ables exhibit a surprisingly small significance (both in terms
of magnitude and statistical evaluation), a fact further evi-
denced by the negligeable R2 values for the model where
moderation variables alone are tested (model # 2).

Global growth landscapes
Growth landscapes based on the consideration of individ-
ual factors display a number of significant effects. The
first striking feature is the strong correlation of growth land-
scapes for content and population with respect to the same
indicators. With the only exception of groups with high val-
ues of reciprocity (quantiles 4 and 5 in fig. 6) that appear
to have a fairly different impact on content and population
growth, all variables seem to affect growth rates with the
same strength. This may not come as a surprising result
as growth rates in content and population for content-based
communities appear to be very tightly interdependent (see
for analogous results in the case of wikis: Roth, Taraborelli,
and Gilbert, 2008).
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Figure 2: Growth landscapes as a function of the ratio of
users per photo.
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Figure 3: Growth landscapes as a function of throttling in-
dex.

Still, the breakdown by population of the impact of these
variables indicates that effects are very unevenly distributed
across population sizes: particularly high growth rates ap-
pear to be confined to large groups in some cases (as for den-
sity, see fig. 5, top right quantile) or conversely slow growth
rates be tied to groups with a small population (e.g. users
per photo, see fig. 2, bottom right quantile). Additionally,
the particular “flat” profile of some indicators (especially for
groups of medium size) provides evidence in support of the
hypothesis that individual social network properties cannot
be taken as reliable predictors of particularly strong group
growth.

Growth signatures
Signatures of both user growth and content growth were
computed for a series of models, including raw demographic
variables (U and P ), (delayed) growths on these variables
(Ut/Ut−∆t

and Pt/Pt−∆t
), and governance-related vari-
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Figure 4: Growth landscapes as a function of average de-
gree.
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Figure 5: Growth landscapes as a function of density.

ables (moderation, throttling) — as said before, dynamic so-
cial network data was not available.

Signatures were generally based on significant estimates
in a manner consistant with the global analysis: that is, de-
mographic variables exhibited significant effects, whereas
governance factors seemed to yield largely less significant
estimates.

In particular, we focused on the following models:

log(
Ut+∆t

Ut
) = λ0 + λU log(Ut) + λP log(Pt) (3)

which provided particularly significant correlations between
the estimates. A scatterplot of the corresponding user
growth signatures σU (λU , λP ) is drawn on Fig. 7. A similar
scatterplot can be observed for picture growth signatures σP

(correspondingly based on the same set of dependent vari-
ables), not plotted here. As can be seen, the negative cor-
relation between the two variables is sensible, with Pearson
correlation coefficients of −.69 and −.53, respectively.
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Figure 6: Growth landscapes as a function of reciprocity.
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Figure 7: Scatterplot of user growth signatures (σU ) in a
(λU , λP ) parameter space.

As a result of the negative correlation, it is possible to
roughly dichotomize groups into two classes, depending on
the sign of λU , generally opposite to that of λP . These find-
ings tend to suggest that, in terms of instantaneous growth,
the roles of both underlying demographic variables U and P
are mutually exclusive: the more the population size is pos-
itively correlated with growth, the more the content size af-
fects growth negatively — and conversely. In other words, if
a group tends to grow with higher population values, it tends
to correspondingly grow less with higher content sizes. Ad-
ditionally, averages of (λU , λP ) are (−0.19, 0.09) for user
growth and (−0.85, 0.84) for picture growth, which is there-
fore more significantly affected by this effect.

Conclusions
Content-based online communities and their relation to so-
cial networks represent a promising new area of investiga-
tion for social scientists that can benefit from a range of
data sources available from online networking services. The
specific nature of interactions afforded by these communi-
ties (i.e. content-dependent agent-to-agent interactions and
group affiliation links) calls for the development of new
models to account for the evolution of these communities,



beyond those that traditionally apply to the explanation of
social network dynamics. This is, in particular, a challenge
for research attempting to understand the processes behind
collaborative knowledge production as well as community-
based participatory decision making.

We presented an empirically assessment of the intertwine-
ment of demographic factors, social network properties and
governance structure among the forces jointly driving the
macro-level growth of Web communities. Further research
will need to investigate the specific role of social network
features in the micro-evolution of such communities.
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Quantile 1 2 3 4 5
Users per 0.052 0.095 0.15 0.26 3.43picture
Average 1.11 2.66 4.58 8.25 23.6degree

Reciprocity 0.29 0.44 0.53 0.63 0.78

Density 0.0031 0.008 0.015 0.027 0.089

1 2 3 4 5 6
Throttling 0.57 1 2 3 5 10index

Table 1: Mean values of quantiles.

Effect Model 1 Model 2 Model 3
param. s.e. param. s.e. param. s.e.

Intercept 0.20 (0.04) 0.32 (0.04) 0.20 (0.06)
Users 0.22 (0.01) -0.006 (0.01) 0.25 (0.01)
Users per photo -0.04 (0.00) — -0.03 (0.01)
Average degree -0.22 (0.01) — -0.28 (0.01)
Reciprocity -0.18 (0.07) — -0.11 (0.10)
Density 0.21 (0.01) — 0.25 (0.01)
Moderation -0.02 (0.02) 0.00 (0.02)
Throttling index 0.03 (0.01) 0.01 (0.01)

R2 0.27 0.01 0.33

Table 2: Regressions for population growth.

Effect Model 1 Model 2 Model 3
param. s.e. param. s.e. param. s.e.

Intercept 0.17 (0.05) 0.46 (0.04) 0.12 (0.06)
Pictures 0.28 (0.01) -0.01 (0.00) 0.32 (0.01)
Users per photo -0.25 (0.01) — -0.30 (0.01)
Average degree -0.32 (0.01) — -0.37 (0.01)
Reciprocity -0.38 (0.08) — 0.56 (0.11)
Density 0.28 (0.01) — 0.32 (0.01)
Moderation -0.06 (0.02) -0.07 (0.02)
Throttling index 0.04 (0.01) 0.02 (0.01)

R2 0.30 0.02 0.40

Table 3: Regressions for picture growth.


