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Abstract. - Web sites where users create and rate content as well as form networks with other
users display long-tailed distributions of user activity. Using data from one such community
site, Essembly, we propose and evaluate mechanisms for these distributions that rely only on
information actually available to users. For Essembly, we describe the scale-free degree distribution
of the social network as a result of users’ shared interests, manifested by their content rating
activity. We find the long tails in network properties arise from user activity rates that are
broadly distributed, as well as the extensive variability in the time users devote to the site.

Introduction. – Participatory web sites facilitate
their users creating, rating, and sharing content. Exam-
ples include Digg[.com] for news stories, Flickr[.com] for
photos, and Wikipedia[.org] for encyclopedia articles. To
aid users in finding content, many such sites employ col-
laborative filtering [1] to allow users to specify links to
other users whose content or ratings are particularly rel-
evant. These links can involve either people who already
know each other, or people who discover their common in-
terests through participating in the web site. In addition
to helping identify relevant content, the resulting networks
enable users to find others with similar interests and es-
tablish trust in recommendations [2].

The availability of activity records from these sites has
led to numerous studies of user behavior and the networks
they create. Observed commonalities in these systems sug-
gest general generative processes leading to these observa-
tions. Examples include preferential attachment in form-
ing networks and multiplicative processes leading to wide
variation in user activity. Moreover, observed behavior
can arise from a variety of mechanisms [3, 4].

Identifying information readily available to users on a
participatory web site can suggest plausible causal mech-
anisms. The simplest such approach considers average be-
havior of users on a site [5]. Such models can indicate how
system behavior relates to the average decisions of many
users. By design, such models do not address a promi-
nent aspect of observed online networks: the long tails in
their distributions of links and activity. Models including
this diversity could be useful to improve effectiveness of

the web sites by allowing to focus on significantly active
users or especially interesting content, and enhancing user
experience by leveraging the long tail in niche demand [6].

A key question with respect to the observed diversity is
whether users and the networks are reasonably viewed as
behaviors arising from a statistically homogeneous popula-
tion, and hence well-characterized by a mean and variance.
Or is diversity of intrinsic characteristics among partici-
pants the dominant cause of the observed wide variation
in behaviors? Moreover, to the extent user diversity is
important, what is a minimal characterization of this user
variation sufficient to produce the observed long-tail dis-
tributions?

This paper considers these questions in the context of
a politically-oriented web community, Essembly1. Un-
like most such sites, Essembly provides multiple networks
with differing nominal semantics, which is useful for dis-
tinguishing among some models. We consider plausible
mechanisms users could be following to produce the ob-
served long-tail behaviors both in their online activities
and network characteristics. In the remainder of this pa-
per, we first describe Essembly and our data set, then sep-
arately examine the network formation of users and then
their highly variable behaviors, respectively. We suggest
models to describe the observed characteristics of the net-
work and the users.

Essembly. – Essembly is an online service helping
users engage in political discussion through creating and
voting on resolves reflecting controversial issues. User

1Essembly LLC at http://www.essembly.com
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activities consist of creating resolves (users can post re-
solves publicly), voting (expressing their opinions on re-
solves on a 4-point scale ranging from strong disagreement

to strong agreement), and forming links (linking to other
users through three kinds of links, see next).

Essembly provides three distinct networks for users: a
social network, an ideological preference network, and an
anti-preference network; called friends (those who know
each other in person), allies (those who share similar ide-
ologies), and nemeses (those who have opposing ideolo-
gies), respectively. The type of connection is indicated by
the users when they create a link on the web interface.
The resulting networks have structure similar to that seen
in other social network web sites [7].

The distinct social and ideological networks enable users
to distinguish between people they know personally and
people encountered on the site with whom they tend to
agree or disagree. Network links are formed by invitation
only and each link must be approved by the invitee. Thus
all three networks in Essembly are explicitly created by
users. Essembly provides on each user’s personal page a
ranked list of ideologically most similar or dissimilar users
based on voting history, thus users can identify potential
allies or nemeses by comparing profiles. With regards to
voting activity, the Essembly user interface presents sev-
eral options for users to discover new resolves, for instance
based on votes by network neighbors, recency, overall pop-
ularity, and degree of controversy.

The data set of 15424 users consists of anonymized vot-
ing records for Essembly between its inception in August
2005 and December 2006, and the users and the links they
have in the three networks at the end of this period. Es-
sembly presents 10 resolves during the user registration
process to establish an initial ideological profile used to
facilitate users finding others with similar or different po-
litical views. To focus on user-created content, we consider
the remaining 24953 resolves, with a total of 1.3 million
votes.

Links. – Users’ decisions of who to link to and how
they attend to the behavior of their neighbors can signif-
icantly affect the performance of participatory web sites.
A common property of such networks is the wide range
in numbers of links made by users, characterized by the
degree distribution of the network. The structure of the
three networks in Essembly is typical of those seen in
online social networking sites: the degree distributions
are close to a truncated power law [8], with the num-
ber of users in the network with degree d proportional
to d−τe−d/κ. Fig. 1 shows the distribution of degrees in
the networks.

These long-tailed degree distributions are often viewed
as due to a preferential attachment process, which, com-
bined with a limitation on the number of links a user
has, gives truncated power-law degree distributions [9,10].
However, users in Essembly have no direct access to the
number of links of other users, thus we need to identify
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Fig. 1: The number of users in the Essembly social network
who have a given number of links of the indicated type (plus
symbols are for the friends, circles for the allies, and squares
for the nemeses networks, respectively). The parameters of the
best fits of truncated power laws on the three sets of data are
given in the text.

a mechanism users could use, based on information avail-
able to them. It is plausible to assume that Essembly users
find each other through shared interest in societal matters,
and establish links not considering how many connections
they already have (as would be the case in structure-based
models), but instead on similarities between their voting
activities. In particular, we show in the following that
hidden-variable models may give rise to the observed de-
gree distribution of the social and ideological networks.

The number of links a user forms is a combination of
his activity rate and how long the user remains at the site.
The wide variation in activity times and rates among users
(see Fig. 5 and 6 later) give rise to a wide distribution of
the number of links. While the most common mechanisms
designed to reproduce the observed power-law degree dis-
tributions in most natural networks use growth rules and
the degree of vertices in link formation [11], in the follow-
ing we propose a mechanism that only takes into account
the extent to which two users share interests to describe
link formation between two users.

We take the friends network to primarily reflect a pre-
existing social network, one that does not arise as a result
of users’ activity on the website. We ignore the possibility
that users who do not know each other in real life can also
form friendship links, since this is explicitly discouraged
by the site rules presented at signup. For the ally/nemesis
networks, however, we take the linking choices to depend
on the voting activity of the users forming connections.
This assumption is motivated by the fact that Essembly
prominently highlights ideologically similar and dissimilar
users on one’s personal page, which is a list that is in-
ferred from votes on the same resolves by two users. This
makes it particularly easy for users to make connections
with people who share many common votes.

People thus most likely form ideological links based on
similarities in their voting patterns, and only users active
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Fig. 2: Distribution of user votes. Plus symbols. The distri-
bution of the number of users vs. the number of votes a user
made. The solid curve indicates a power-law distribution fit to
the values, with exponent ν = 1.45 ± 0.01. In this and other
figures the range given with the parameter estimate is the 95%
confidence interval. The parameter estimates and confidence
intervals in this and the other figures are maximum likelihood
estimates [14,15] assuming independent samples. The plot does
not include the 2984 users with zero votes. Dots. The same
distribution, but considering only users who have at least one
network connection. The exponent of the indicated power-law
fit is ν = 1.26± 0.008. The inset shows the cumulative version
of the normalized distributions (so that they are probability
distribution functions), summed up from the right.

at the same time can form links. The first factor gives
more links for those who vote a lot (due to being more
likely to have votes in common with others). This leads to,
in effect, preferential attachment for forming links (those
with more links are likely to be users with more votes,
hence more overlap with others), while the attachment
probability does not explicitly depend on degrees, simi-
larly to network generation models where hidden variables
determine link formation [12, 13]. The activity constraint
limits the link growth, corresponding to descriptive mod-
els giving truncated power-law degree distributions [9].

To make a connection between voting activities and link
formation, consider Fig. 2, where we measured the num-
ber of networked users that voted on a given number of
resolves. About a fifth of users have no votes on noninitial
resolves. For the rest of the users, the figure shows the
distribution of votes among users who voted at least once
for noninitial resolves. These votes are close to a power-
law distribution in the number of votes, with the number
of users with v votes proportional to v−ν . Suppose that
user A voted on NA resolves, while user B voted on NB re-
solves, where NA and NB are drawn from the probability
distribution corresponding to Fig. 2 (dots). The corner-
stone of the linking model we propose is the assumption
that A and B form a link with a probability proportional
to the product NANB (justification is given below).

Caldarelli et al. [12] have introduced a model of net-
work formation where vertices possess intrinsic “fitnesses”,

which are assigned to the vertices randomly, but are drawn
from a probability distribution function given by a power
law φ(·). Links are then made between vertices with a
probability that depends on the fitnesses of the nodes to
be linked; if the functional form of the linking probabil-
ity is given as the product of the two fitness values, then
the resulting network will have a degree distribution that
is the same as the power-law distribution associated with
the node fitnesses, φ(·).

Fitting truncated power laws to the degree distribu-
tions with exponents τ and cutoffs κ of the three networks
shown in Fig. 1, we find the parameters τF = 1.25± 0.04,
κF = 27 ± 4; τA = 1.20 ± 0.04, κA = 59 ± 9; and
τN = 1.44 ± 0.11, κN = 18 ± 6 for the friends, allies, and
nemeses networks, respectively. On the other hand, if we
consider the number of votes for users who have at least
one network link (Fig. 2) as playing the role of fitnesses
above, we expect that a network that is formed as through
the fitness model will have the same degree exponent as
the exponent of the votes per user distribution. Indeed,
according to our measurements this distribution follows a
power law with an exponent of −1.26, closely matching
the exponent of the ally (−1.20) network, and differing
slightly from that of the nemesis network (−1.44). The
truncation of the power laws seen in the degree distribu-
tions is most probably the result of the finite size of the
network or of vertices gradually becoming inactive in time.
While the friends network does not supposedly arise as a
result of voting activity, its degree exponent −1.25 is close
to −1.26 as well. All three networks exhibit significant
positive correlation between degree and number of votes,
which is largest for the allies network [7].

Ally and nemesis networks are thus most likely in close
relation to voting activity. Since the network links are
provided as a snapshot at the end of the data collection
period only, we cannot rule out the possibility that at the
time when a given link was formed the vote per user dis-
tribution looked different from what is observed at the end
as is shown in Fig. 2, and thus the reasoning above would
not apply for the degree distribution. For this reason we
checked the votes per user distributions at four different
times that were spaced equally within the whole data set
comprising of 497 days. To decide whether the first three
samples are identically distributed as the last one, we per-
formed a Wilcoxon rank sum test on these [16], resulting
in p-values of 0.0065, 0.29, and 0.91, in time order of the
samples, respectively. Thus at the 5% confidence level,
only the earliest sample can be rejected as not coming
from the same distribution. This suggests that whenever
a link was formed, the vote count frequency distribution
could be described by the same power-law form as at the
end of the data set.

A likely mechanism that we referred to above that leads
to the linking probability being proportional to the prod-
uct of users’ vote counts is the following: this product is
naturally connected to the expected number of common
resolves that two persons A and B vote on, assuming that
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Fig. 3: The relationship between the product of vote counts
for every pair of allies, and the number of their common votes.
A power law has been fitted to the data indicated by the guide
line, with an exponent of 0.825 ± 0.005. The prefactor to the
power law is (1.1± 0.096) · 10−3. The pairs of allies are binned
by the product of their vote counts, and the overlap is averaged
in the bins; the average number of common votes may thus be
less than 1.

they choose the resolves randomly from the pool of all
available resolves. In this case, if we have R resolves and
the choices are independent of each other and uniformly
distributed among the resolves, the expected number of
common votes on resolves will be NANB/R (the notations
are as before).

To see this, with random selection the number of ways
a pair can pick NA and NB resolves is

(

R

NA

)(

R

NB

)

. (1)

The number of ways these selections can have C resolves
in common is expressed by the multinomial coefficient,
accounting for the number of ways to pick the common
resolves, and the remaining NA − C and NB − C each
person picks that are distinct:

R!

C!(NA − C)!(NB − C)!(R − NA − NB − C)!
. (2)

The ratio of these quantities is the probability a pair of
users, with NA and NB resolves, have C resolves in com-
mon. While this distribution of common votes depends
separately on both NA and NB, the expected value of C
is yielded as NANB/R, and depends only on the product
of the number of votes by the two users.

To check this model of common votes, we plotted the
average number of common resolves as a function of the
product NANB for every pair (A, B) in the ally network
in Fig. 3. The relationship is close to linear, insofar as
the best power-law fit has an exponent of 0.825 ± 0.005.
The results for the nemesis network are very similar, and a
least-squares fit yields an exponent of 0.829±0.01 as well.
We also checked the scaling for a large number of uncon-
nected pairs of users, finding an exponent of about 0.9. It
is thus plausible that voting on common resolves is a main

reason for network formation, and the deviation from a lin-
ear relationship may be due to the fact that after links are
formed, the observed number of common votes for a pair
(A, B) does not scale any longer as NANB, since the pair
sees each other’s resolves and thus their choices will be bi-
ased. However, because our data set does not contain the
times when links were formed, we only know if two users
were connected or not at the end of the data collection
period. Thus the challenge to evaluating this mechanism
is causation: resolves voted on by network neighbors are
highlighted in the user interface, making them more visi-
ble and hence more likely to receive votes. On the other
hand, the Essembly website makes it easy to find similar
users to link to based on common votes. These two facts
limit our capacity to separate voting activity that leads

to ideological link formation and the voting on observed
common resolves that is the result of the presence of a
link. Thus common votes increase the chances of forming
a link by providing information to form a profile, and links
increase the chance of common votes through visibility of
resolves.

Moreover, the best fit to the observed relationship
shown in Fig. 3 indicates that c(A,B) ≈ 0.0011(NANB)0.83,
where c(A,B) is the number of common votes of link (A, B).
The prefactor 0.0011 can be interpreted as being related
to the average effective size Reff of the set of resolves that
users choose resolves from when they vote, as elucidated
by the relationship for the expected number of common
votes c(A,B) = (NANB)/Reff. While the total number of
resolves is 24953 at the end of the data collection, the fact
that Reff ≈ 902 is smaller than that may be because of
the following: (i) that we consider an average over the
whole duration of the data set, for which the number of
available resolves to vote on is not constant, but grows in
time; (ii) and more importantly, that users mostly vote
on recent resolves only, virtually decreasing the scope of
possible resolves that may result in an overlap between a
pair’s choices.

Fig. 4 shows that the types of links vary depending on
user activity. For this plot, users with at least one network
connection are grouped into quantiles by their number of
votes. Each point on the plot is the average fraction of link
types among users in that quantile, with the error bar indi-
cating the standard deviation of this estimate of the mean.
Users with few votes tend to have most of their links to
friends only, so do not participate much in the ideological
networks. On the other hand, users with many votes tend
to have most of their links in the ideological networks and
to people who are not also friends. One way to quantify
the trends shown in the figure is through the correlation
coefficient between number of votes and fraction of each
link type of all users with at least one network connec-
tion: −0.24±0.02, −0.003±0.01 and 0.27±0.03 for “only
friends”, “friends & ideological” and “non-friends” link
types, respectively, with the ranges showing the 95% confi-
dence interval of the correlation from a bootstrap test [17].
The signs of these correlations correspond to the trends
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Fig. 4: Fraction of link types vs. number of votes on noninitial
resolves. A linked pair of users are denoted “only friends”
when their only link is in the friends network, “non-friends”
when they are not linked in the friends network, and “friends
& ideological” when they have a friends link as well as a link
in the allies or nemeses networks.

seen in Fig. 4, with the fraction of “friends & ideological”
links consistent with no correlation with number of votes.
The same trend in link types occurs as a function of other
measures of user activity, such as the time a user is active
or the number of links a user has.

Users. – In this section we are going to study the indi-
vidual users’ activities. Fig. 5 shows most users are active
for only a short time (less than a day), as measured by the
time between their first and last votes (this includes votes
on the initial resolves during registration—users need not
vote on all of them immediately). The 4762 users active
for at least one day account for most of the votes and
links, and we focus on these active users for our model.
For these users, Fig. 5 shows an exponential fit to the ac-
tivity distribution for intermediate times. Thus users who
have sufficient interest in the system to participate for at
least a few days behave approximately as if they decide
to stop participating as a Poisson process. The additional
decrease at long times (above 200 days) is due to the finite
length of our data sample (about 500 days).

The distribution of number votes per user arises from
two factors: how long users participate before becoming
inactive, and how often they vote while active.

New users arrive in the system when they register, and
we model this as a Poisson process with rate α, and users
leave the system (i.e., become inactive) with a rate 1/τ .

User activity is clumped in time, with groups of many
votes close in time separated by gaps of at least several
hours. This temporal structure can be viewed as a se-
quence of user sessions. We measured the averaged dis-
tributions for interevent times between activities of indi-
viduals, which show long-tail behavior, similarly to other
observed human activity patterns, such as email commu-
nications or web site visits [18]. To model the number of
votes per user in the long time limit where we are only
interested in the total number of accumulated votes for a
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Fig. 5: Distribution of activity times for users. The line shows
an exponential fit to the values between 10 and 200 days, pro-
portional to e

−t/τ where τ = 124 days.

particular user, this clumping of votes in time is not im-
portant. Specifically we suppose each user has an average
activity rate ρ while they are active on the site (cf. Fig. 5),
given as ρU = eU/TU , where ρU is user U ’s activity, eU

is his/her number of events (i.e., votes, resolve creations,
and links), and TU is the time elapsed between her first
and last vote. We suppose the ρU values arise as indepen-
dent choices from a distribution Puser(ρU ) and the values
are independent of the length of time a user is active on
the site. These properties are only weakly correlated (cor-
relation coefficient −0.06 among active users).

We characterize user activities by fractions q and λ for
creating resolves and forming links, respectively. The rate
of voting on existing resolves for a user is then ρU (1 −

q − λ), which is by far the most common of the three
user activities. For simplicity, we treat these choices as
independent, and take q and λ to be the same for all users.
Thus in our model, the variation among users is due to
their differing overall activity rates ρU and amount of time
they are active on the site TU .

We estimate the model parameters from the observed
user activities, and restrict attention to active users. Ta-
ble 1 shows the estimates for the parameters, governing
participation (α and τ) and activity (q and λ) choices.
Fig. 6 shows the observed cumulative distribution ρU val-
ues and a fit to a lognormal distribution.

The distributions of activity times and rates presum-
ably reflect the range of dedication of users to the site,
where most users are trying the service for a very limited
time, but active users are also represented in the heavy
tail. Such extended distributions of user activity rates
is also seen in other activities, including use of web sites
such as Digg [5] and scientific productivity [19]. We treat
the distribution of user participation as exogenous, but it
could also depend on a user’s experience with the site [20].

Finally, our model also describes the significant fraction
of users who form no links as due to a combination of
low activity rate ρ and short activity time t. Specifically,
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Fig. 6: Cumulative probability distribution function of activity
rates, ρU , for the 4741 users who were active at least one day
and voted on at least one noninitial resolve or formed at least
one link. Plot includes a curve for a lognormal distribution fit,
which is indistinguishable from the points and with parameters
µ = 0.03 ± 0.05 and σ = 1.70± 0.04. The ρ values are in units
of actions per day. The inset shows a quantile-quantile plot
comparing the observed ρU values with the fitted lognormal
distribution, which displays an excellent match.

in our model the probability that a user has no links is
e−λρt. For active users, whose activity time distribution
is roughly exponential with time constant τ , the values in
Table 1 and the distribution of ρ values in Fig. 6 give the
probability for no links as the average value of e−λρt equal
to 23%. This compares with the 1242 out of 4762 active
users (26%) who have no links in our data set.

Discussion. – We centered our investigations around
two areas: how online social networks form around topi-
cal interests, and the wide range in user activity levels in
online service participation.

In particular, first, we gave a plausible, quantitative ex-
planation of the long-tailed degree distributions observed
in online communities, based on only the activity patterns
of users and the underlying collaborative mechanisms.
This involved showing that peer selection to form ideo-
logical relationships is explicable by the scope of shared
interests, and moreover that the interface through which
potential contacts learn about each other may play a cru-
cial part in this. Therefore the need to build ideological
profiles suggests votes on common resolves is key to the
number and type of links. Also, a user forming a link is
more likely to have many common votes with other users
who are very active (and hence have many votes). Thus
forming links based on common votes is likely to lead peo-
ple to link preferentially to highly active users, who will in
turn tend to have many links. We also found, second, that
most users try the online services only briefly, so most of
the activity arises from a relatively small fraction of users
who account for the diverse behavior observed.

The implications may extend beyond the scope of purely
online societies to describe other societal connections as

parameter value
new user rate α = 9.3/day
activity time constant τ = 124 days
resolve creation q = 0.018 ± 0.0002
link creation λ = 0.043 ± 0.0003

Table 1: User activity parameters.

well where shared interests motivate relationship forma-
tion. Our model, however, does not address other sig-
nificant properties of the networks, such as community
structure and assortativity, and why they differ among the
three networks; for a discussion of some of these points,
see Ref. [7]. Nor does our model address detailed effects
on user behavior due to their network neighbors.
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