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Abstract—Each user of the MySpace social network can
designate a small subset of her friends a3op Friends, placing
them in a rank-ordered list displayed prominently on her profile.
By examining users’ #1 (best) and #2 (second-best) friendsje
discover that MySpace users are nearly indifferent to theseéwo
friends’ popularities when choosing which to designate asheir
best friend. Other pairs of ranks (e.g., #1-vs.-#3, #2-vs#3, ...)
also reveal no marked preference for a popular friend over a
less popular one. To the extent that ranking decisions form a
window into broader decisions about whom to befriend at all,
these observations suggest that positing individuals’ tefency
to attach to popular people—as in network-growth models lile
preferential attachment—may not suffice to explain the heay-
tailed degree distributions seen in real networks.

Introduction: choosing among friends. Different social rela-
tionships have different priorities. Implicitly or expiity, we
choose one friend over another: we anstinat email first; we
find time for coffee withthis person after telling another we
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them #1 through & (The user chooses the cardinafitynearly

all users choosé < 40, andk = 8 is common.) Friendship
ranking—unlike rating or friendship existence—is a settof
scarce resources; after all, Alice can only have one #lewdnk
friend. Accepting a distant acquaintance’s friend reqbesirs
minimal cost—a mild reputational risk and mental strain for
tracking the relationship—as does “grade inflation” in mgti
one’s friends (seen in CouchSurfing [12], e.g.). But theditar

of high friendship slots means that the ranking environment
may shed a different light on potentially awkward social
decisions. Some users work hard to avoid publicly declaring
the ranking of their friendships [3], but enough MySpacersise
do provide rankings of real profiles that we can begin to pose,
and answer, some interesting structural questions.

Preference for popularity? We are most interested in a user’s
choice as to which of two individuals will be her #1-ranked
friend and which will be her #2-ranked friend [5]. (We also

were too busy. The way we prioritize one friend over anotheconsider #versus-# decisions for all othet, j € {1,...,8}.)
is an interesting, and important, question about our socidPrevious work [5] has shown that a usehas preference for
relationships; it reflects the way in which a social networkhomophily [9], and for those friends who rankbetter [4]. But

is used and constructed. And our prioritization decisiorsy m
also offer a window into friend-making in general.

when Alice chooses how to prioritize two friends, does she
prefer the popular Bob or the unpopular Charlie? Intuitivel
Charlie is a more “committed” friend because he has fewer

Computational research on social interactions has blosjistractions, but Bob is a more “valuable” friend because

somed recently, though the preponderance of this workstreahe knows more people. Which of these competing intuitions
ties as binary: we are friends; we are not friends. But theyffects Alice’s decision more?

importance of tie strength, and indeed the importanceaak

ties, has long been studied by social scientists—most promi

nently in Mark Granovetter’s “The Strength of Weak Ties”.[7]

Consider a MySpace user who names a best friend,
and a second-best friend,. Erase the ranking labels from

An expanding body of computational research explores relahe edges from: to v, andw,; our central task is to predict

tionship strength, too; a nonexhaustive sampling incluetas

which of {vq,v2} is u’s #1 friend. We study predictors that

on mobile phone users [11], trust in CouchSurfing [12], self-2r€ based on the popularity (i.e., degreej of, v, }, using an

reported vs. behavioral tie strength in email [13]; “atient

~11M-user sample of MySpace from 2007-2008 [5]. Here,

across Facebook friends [1]; and predictive models of per’€ concentrate on three measures of popularity for a user

ceived tie strength built using profile similarity and measu

(1) total indegree, the number of thex11M MySpace users

of interaction [6,14]. Perhaps most similar to our work isWho list v as a friend; (2)rank; indegree, the number of
Kahanda and Neville’s effort to classify edges as “strong” o in-Sample users who list as their kth-best friend, and (3)
“weak” (as represented by a friend’s presence/absence in 'ghked indegree, given by ), (rank, indegree ofv). These
Facebook app listing close friends) using the same type djuantities all exhibit heavy-tailed distributions; anyotvef

structural and transactional properties [8].

these measures (including rank) are strongly positively
correlated (and, with one minor exception, rardnd rank

Here, we address a fine-grained question of prioritizationindegree are more strongly correlated|as- k| gets smaller).

rather than therating of friendships on an absolute scale
(“distant” to “close”), we consideranking of friendships on
a relative scale, using MySpacéep Friends. Each MySpace
user may designate of her friends as “Top Friends,” ranking
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We filter the ~11M profiles to identify~1.36M focal
individuals u for which u's #1- and #2-ranked friends also
appear in the sample. For each measuref popularity, we
count the users: whose #1-ranked friend is more popular
under i than u’s #2-ranked friend (awin for p); the users
whose #1- and #2-ranked friends are equally populaigja
and the users whose #2-ranked friend is more populbosé



(We always compute popularity ignoring the edge fram
including this edge would “bake in” the right answer.)

our MySpace results, coupled with the simulations of RPA,
suggest that a preference for popularity may not provide a
full explanation for empirically observed heavy-tailedydee

Bistributions: when a user is choosing which of two friends
she prefers, the popularity of the two candidates is at best

sure %ssentially uninformative about which will be chosen byttha
rank; (51.4%) and rank (49.3%) indegrees: there is a mild ;
tendency for the #1-ranked friend to be ranked #1 more ofter%lser’ and at worst she actually prefers the less populardrie

by others, and for the #2-ranked friend to be ranked #2 Perhaps the analogy between friendship existence choices
more often by others. All other predictors perform betweerand ranking choices is a weak one; perhaps people choose
49.5% and 50.2%. (Each hasn > 732414 data points; “to friend or not to friend” fundamentally differently from
viewing eachu as am-trial binomial distribution, the standard the way they choose best friends (and thus our results do not
error for eachu is < 0.0012.) Even the most informative Speak to unranked friendship decisions). It is an intengsti
measures give only weak information, and indeed the varioudirection for future research to assess this analogy'sigtre
measures of popularity even differ in directionalifyof the10 ~ an understanding of why, and how, a pair of individuals decid
predictors say that individuals (weakly) prefer others veine  to assign a “friend” label to their relationship is geneyall
less popular. For comparison, the geographic distance pradictdnissing from the computational literature on social nekger

(“u prefers the friend who is geographically closer) has ~ and this understanding is obviously crucial to properlgiint

success rat@.564 and the relative rank predictor«(“prefers ~ preting the edges. But to the extent that the analogy holds, o
the friend who ranks: better”) has success rafe689 [5]. observations suggest that network-growth models based on a

. . preference for popularity miss important behavioral praps;

The qualitative pattern of the #1-versus-#2 comparisoyye will need a different explanation to account for empiri-
remains true for other pairs of ranksaandj > i. The fraction  c4|ly observed heavy-tailed degree distributions. Andneife
of individuals who in the #versus-# decision prefer the more ranking and befriending decisions are fundamentally cffé
popular candidate friend is generally close to or beld30,  the heavy-tailed degree distribution for rankdegree seems
and only rarely greater than half. Generally, the fractidn oty require an explanation fundamentally different from PA.
individuals whose best friend is more popular than their # \jtzenmacher [10] argues compellingly that, as a research
friend decreases with We do see the hints of one exceptionto community, we must move toward the necessary future di-
this trend: out of two candidate friends of an individualthe  rection ofvalidation (or, at least, invalidation) in research on
one with a higher rankindegreeis generally (slightly) more  heayy-tailed degree distributions. We hope that the ptesen
likely to bew’s #i friend. (That is, some users are “particularly \work can serve as a small step forward in that enterprise.

Every popularity-based predictor has a success rat
(Wistosssd Within 0.014 of 0.5—i.e., random guessing. Mea-
y deviation from 50%, the two most successful ar

good #: friends” for a single fixed value of.)

Discussion: indifferent attachment?A number of network-
growth models—most prominenthypreferential attachment

(PA) [2]—are designed to account for the heavy-tailed degree
distribution of real social networks based on a “prefereioce  [2]
popularity”: that is, given a choice between two candidate
friends, the more popular candidate tends to be preferredI3]
While the basic form of PA (see [2] for details) does not speak
directly to rankings of friends, the underlying prefererioe (4]
popularity does. PA can be most straightforwardly adapbed t
the ranked setting by modeling a node as ranking its neighbor (5]
in the order in which edges form. (So the #1-ranked friend for

u is the friendu chose when joining the networky’s #2- [6]
ranked friend is the first node # w that choseu when v
joined the network; etc.) We simulated this Ranked-PA (RPA) [7]
network growth model, and observed that friend ranking is
much better predicted by popularity in RPA than in MySpace; [8]
over 95% of RPA nodes had a best friend who was more
popular than their second-best friend, and between 59% ande]
61% of nodes had ai#anked friend more popular than their
#(i+ 1)-ranked friend fori € {2,3,4,5}. (In PAIRPA, the age [10]
of a node and the node’s degree are positively correlateg; th
the edge formed earlier is more likely to have been formed'Y
from a neighbor that would eventually become more popular.
The #1-ranked friend is special, because it was chosen witf 5
explicit preference towards high degree instead of by age.)

The empirical and modeling observations of Barabasi an§®
Albert [2] sparked a large body of literature, empirical and
theoretical—particularly as a hypothesis of the origin loé¢ t
apparently ubiquitous heavy-tailed degree distributioBst

[14]
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