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Figure 15: Distribution (CCDF) of cascade sizes on random
baseline with real ordering of warm and cold signups (color)
and empirical distribution of cascade sizes (black).

5. RELATED WORK

There are three lines of research related to our work here: the dy-
namics of cascades; the growth and evolution of online social net-
works; and analyses of homophily, the tendency of people to con-
nect to others who are similar to them.

Cascades. Our work builds on the rich literature that studies diffu-
sion and adoption of new ideas, products, and behaviors [33]. Early
cascade research in the social science literature was based on fo-
cused empirical studies [9] as well as mathematical models [6, 16,
38]; only relatively recently have scientists have able to observe and
measure large-scale diffusion events. Online cascades served as
sources of detailed data about such events; studies drawing on this
type of data have considered settings such as blogging [1, 17, 26],
e-mail [15, 27], product recommendations [22], and the sharing of
information in social sites such as Facebook, Flickr, and Twitter [7,
8, 11, 13, 14, 19, 21]. In work that aligns more closely with our
focus on signup cascades, researchers have also studied cascades
of group formation [4] and adoption of online services [3, 5, 34,
36]. Much of this previous work has the property that even the suc-
cessful cascade events in the data were much smaller in scale [8,
22] than the signup cascades we consider here.

We compare the structure of LinkedIn’s signup cascades with
several datasets from [14]. In that work, Goel et al. characterized
the structure of online diffusion networks in several domains, and
observed that most cascades on the Web are shallow and small. In
contrast, we find that LinkedIn signup cascades tend to be deeper
and larger, and grow steadily over long periods of time. Our case
study of the LinkedIn signups forest, an extreme example of on-
line adoption, complements the general picture of online diffusion
structures drawn in [14] by filling in what one of the largest online
diffusion structures looks like. In addition, we apply the structural
virality measure introduced in [13] and find that the correlation be-
tween size and structural virality is very high for LinkedIn sign-
ups, in contrast to the very low correlations found for information-
sharing cascades in [13].

Growth and evolution of social networks. A second line of re-
lated work is on mechanisms for the evolution of online social net-
works, using data covering the growth of social networking ser-
vices including Facebook [37], Flickr, [20, 30], LinkedIn [24], and
others [25]. This line of work investigates the evolution of network
structure assuming an underlying arrival process for new nodes.
Our work, on the other hand, focuses on the mechanisms that un-
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derpins this arrival process, through the new members who join the
network and the ways in which cascades of invitations spread.

Homophily in social networks. Homophily—the tendency of peo-
ple to associate with others like themselves—is one of the most
important forces shaping the structure of social networks [29]. Re-
cent work using online data has considered the challenges in dif-
ferentiating homophily from influence [2, 10, 34], and has estab-
lished links between the evolution of social network structure and
the emergence of homophily [18]. We focus here on a distinct is-
sue that is particularly well-suited to analysis via our signup cas-
cade data—the ways in which local patterns of homophily between
pairs of individuals translate into more global forms of homophily
at the level of an entire cascade, and how cascade-level homophily
can transcend homophily observed at local levels.

As we discuss in Section ??, part of our analysis of this local-
global link involves developing an intriguing connection with a
body of mathematical work that has developed separately from the
homophily literature—namely, research on phylogenetic tree re-
construction [12, 31]. That problem is formulated in terms of a
process in which information (e.g., a binary attribute) is recursively
transmitted from a root node down a tree. At every step the attribute
can mutate with some given probability, and the goal is to recon-
struct the attribute of the root given the values of the attributes of all
the children at depth d [32, 35]. The connection we develop begins
with the observation that a homophilous attribute in a cascade can
be thought of as analogous with a genetic trait that propagates down
an evolutionary tree, changing to a new value with some probabil-
ity. The extent to which genetic information can be reconstructed
about ancestors then turns into the question of inferring proper-
ties of a cascade’s initial starter from the properties of its eventual
adopters. We show how this inference depends intimately on the
structure of the cascade tree and the homophily of the attribute, and
we argue that the type of Markov modeling assumption needed in
the social context appears to differ from what is relevant in the ge-
netic context.

6. CONCLUSION

By analyzing the global spread of LinkedIn, we have been able
to formulate and address a broad set of questions about signup
cascades—large diffusion events in which users become members
of a Web site and invite friends to join as well. We found that the
trees of signups arising from this process have characteristic struc-
ture and growth dynamics that look very different from the large
information-sharing cascades that have been studied extensively in
recent work. We also provide a new framework for analyzing ho-
mophily in these types of processes, identifying connections be-
tween the way homophily operates at multiple levels of scale.
Several points from our earlier discussions are worth drawing out
in greater detail. First, while the cascading adoption of LinkedIn
has reached a very large user population, it is important to empha-
size that the structural properties of its spread are not due to scale
alone. Indeed, recent work demonstrated that the virality of the
cascade trees can be roughly independent of their size [13]. The
massive signup cascades we study here show that very different
kinds of diffusion are possible—in which virality increases with
tree size, coupled with persistent linear tree growth over time.
Second, the interaction between local and global similarity in
the cascade trees points to deeper issues about the nature of ho-
mophily. While we tend to think of homophily patterns as arising
from the accumulation of local similarity along the links of a social
network, our Markov-chain analysis shows that the cascade trees
exhibit a higher level of global similarity than would follow from



these purely local effects—members of signups cascades have a
certain coherence to them that is not explainable via simple models
of pairwise interaction. One possibility, suggested by the analogies
to genetic models and the corresponding limitations we identify in
these analogies, is that one needs a richer type of “social genome”
to characterize each individual in the cascade—in essence, a profile
detailed enough that knowing the profile of an individual’s parent
provides sufficient information to estimate properties of the indi-
vidual. Identifying the bases for such profiles, and for the mecha-
nisms by which these characteristics propagate through social net-
works, could provide a new way of reasoning about the processes
by which large groups on the Web come together and adopt new
products and innovations.
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