Citation: Scott A. Golder and Sarita Yardi. “Structural Predictors of Tie Formation in Twitter: Transitivity and Mutuality.” Proceedings of the Second IEEE International Conference on

Social Computing. August 20-22, 2010. Minneapolis, MIN.

Structural Predictors of Tie Formation in Twitter:
Transitivity and Mutuality

Scott A. Golder

Department of Sociology
Cornell University
Ithaca, NY, 14850

sag262@cornell.edu

Abstract — New ties are often formed between people who
already have friends in common. Though the sociakgences have
addressed the effects of existing structural patteis on the
formation of new ties, less attention has been gineto ties in
directed networks. Drawing from the microblogging ervice
Twitter, we conducted a web-based experiment in wbh subjects
were asked to rate their interest in forming ties & other people,
blind to existing network connections between themWe show
that two structural characteristics, transitivity and mutuality, are
significant predictors of the desire to form new tes. Our findings
shed light on tie formation, especially in online atworks.
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l. INTRODUCTION

Social life, whether online or offline, presentsopke with a
problem — how to meet other people, make new feeadd
build professional contacts.

People form new social ties for many reasons amumany
conditions. Exposure to people of similar age, @@obnomic
status, or education level in neighborhoods, schoahd
workplaces means that people are likely to encouniteers
who share interests or opinions. We evaluate othesgively
when they have characteristics in common with duese
thus driving the strengthening of these connectidhss is the
principle of homophily that “similarity breeds connection”
[18] and that people’s social networks are theeefalatively
homogenous with respect to personal characteridtieiéefs,
and values. Homophily can be seen as a psycholagcaell
as structural phenomenon;
predisposition to forming ties to those like ust Authe same
time we are also structurally more likely to encmurthose
people in our everyday lives, both online and oéli

Homophily arises through the procesdratdic closure or the
formation of new ties to people who are friendsegisting
friends. That is, when A and B are friends, andridl & are
friends, triadic closure occurs when A and C bectneeads.

In many circumstances, it is enough to say “A andar®
friends.” This is because the relationship can besidered
symmetricglif A is friends with B, B must be friends with A.
However, many times it is useful to think of retetships as

we have a psychologic
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Symmetrical relationships can be modeled with waded
graphs, and asymmetrical relationships with dirdcpeaphs.

We are interested idirected triadic closurgor triadic closure
when individuals’ relationships are asymmetric. ad@iic
closure has been examined extensively in undiraudégdorks,
but less in directed networks. In Section Il wekdo develop
an understanding of how homophily and triadic cteswork
in directed networks.

Following this, we describe our web-based experiman
which we measured how the structural propertiesutifects’
networks could predict their interest in other geojve found
that, despite having no knowledge about the tietsvden
themselves and those they were asked to rate,cssihjatings
of others were significantly associated with theuctural
characteristics of their egocentric networks.

This study was conducted using the microblogginise
Twitter. Begun in 2006, Twitter supports postingwshort
messages (“tweets”). A person’s tweets are visibléis or
her “followers,” or those others who have chosenpty
attention to that person.

Subjects in the experiment were shown sequencesthefr

Twitter users who they did not already follow, amere asked
to rate their interest in following each of theskers. We used
a hierarchical regression model to estimate thectff of

structural characteristics on subjects’ appraisalsgd also
elicited descriptive feedback from the subjects.

Il.  TWITTER

a1lwitter is aconversational microblaga service for posting

short, quasi-public messages up to 140 charaatelsnigth.
People create lists of others and are shown a gever
chronological list of all of the posts of those pko The
substantive nature of the social tie on Twitteratgention-
based. In addition to paying attention to one amothy
“following,” Twitter users canaddresstweets to other users
and cammentionothers obliquely in their tweets [13]. Another
common practice is “retweeting,” or rebroadcastiogneone
else’'s message (with attribution) so as to direitengion
toward that person’s tweets [1].

Twitter differs from other online social networkisgrvices in

asymmetrical This may be because the actors have differenthat ties are asymmetric. Consider friendship itiekinkedin,

roles (employee-employer) or because the powerrdigsain
the relationship call for it (e.g. B would like b@ good friends
with A, but A is content having B as an acquain&gnc

Facebook, or MySpace; in these services, when teaplp
share a friendship tie, the tie is symmetrical; éinlg friends
with B implies B is friends with A. This is not $o Twitter; A
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can “follow” B, but B need not follow A.People who are
popular, such as basketball player Shaquille O’N&alitter
name: @He_REAL_SHAQ or actor Ashton Kutchet@pl usk),
can be “followed” by millions of others, but canypattention
to as many or few as they like.

Ill.  SOCIAL TIES

Modeling ties as directed networks introduces caxipt but
offers significant analytical benefits. When aiiesymmetric,
there are only two states: the tie is present sewth When ties
are asymmetric, there are four states. Three aosvrshn
figure 1: A is connected to B, B is connected tmAA and B
are mutually connected. The fourth state, not showrthe
absence of a tie between A and B.

If A has a directed tie to B and B does not hawehsutie to A,
we might say B has a power or status advantageAveince
B is more important to A than A is to B [6]. In tleentext of
Twitter, A follows and pays attention to B, but Ba$ not
follow — and therefore pays no attention to — A.

In many cases, the directed link is an indicatathefdirection
in which attention flows. Prominent cases includee t
hyperlink graph of the web, in which directed edgentify
authoritative pages [17], and citation networks vitich
scholarly articles reference those that came béidike

Another way of thinking about the directed tie gttit is a
conduit of information. In a sense, all social netks are
information or communication networks [10, 2, 20his is
why “too much homophily” can result in networks which
there is a lack of access to diverse viewpoinsltieg in an
“echo chamber” (e.g. [24]) or provincialism.

Though we use arrows to indicate the flow of attemntsuch

Figure 1. Directed Ties.

1 4 7
0-»®=0 QO=¥=0 O=-%~0
2 5 8
Q-0+=0Q0 0#»®¥=0 OQO~¥~0
3 6 9
0-0=0 Q00X =0 O~®~0

Figure 2. Directed two-step paths.

with X and X is friends with B, then what do we meatf the
relation between A and B? If A is friends WitB then the
triad is “balanced.” If A is not friends with B, iis

“unbalanced.” As the strength of the A-X and X-Bsti
increase, the likelihood of the A-B tie existingogs; a
configuration lacking the A-B is empirically ledstely and

has been called a “forbidden” triad [10]. If the B\tie does
form, it is an example of triadic closure, or tleeniation of an
A — X — B triangle in which all three “legs” aregsent.

The concept of balance is connected to the idea of
psychological strain being placed on unbalanceatiogiships.
In everyday social life, if X's two friends A and Bere
openly hostile to one another, then A or B mighffesu
emotionally when the other shows up at X’'s partyXamight
suffer from having to choose which friend to exauth order

as A-B when A follows B, such an arrow can be readto bring about balance in the network, X might havesever

backwards, because information flows from B, tofblkower

A. We can think of any social tie as representingeachange
relationship: when A follows B, A is in effect exafging his
attention, a valuable resource, for B’s informatiarhich is

presumably of value to A. For a social tie to bentaned, it
must berewardingto the parties involved [12, 6].

We now move from dyads to triads, or from structuné two
actors to structures of three actors. Directed tjesatly
increase the number of configurations availablgraups of
three actors. As detailed in figure 2, instead o¢ &ind of
path connecting A to a neighbor X to the targetABX-B),
there are nine such paths.

A. Structural Balance & Triadic Closure

Starting with the observation that friendship clesicare
interdependent, early work in sociometry and nekwaoralysis
examined the prevalence of various configuratidrtsiads.

Heider's theory of cognitive balance (see [3,12 fbt]further
discussion) describes how stability and consistesrgge in
network configurations. Consider three individualet us call
them A, X and B — in an undirected network. If Afiiends

* To clarify: “friends” is the Twitter term to desbe the people who the
individual in question is following, or those whhet individual's outlinks

point towards. “Followers” are those who are foliogy the individual in

guestion, whose outlinks point into him.

his tie to either A or B, or A and B would havectrange their
opinions about one another.

In the context of Twitter, the strain of unbalan¢edds might
be due to the presence of diverse fractions of exmations
rather than unified, coherent ones. It may alsateefo having
to choose carefully what to tweet when distinct up® of
followers make mutually inconsistent normative deds(e.g.
both conservative and liberal followers).

Holland and Leinhardt [11] considered closure imectied
rather than undirected networks using directiotieofo model
choice, the A>B tie indicating A’s choice to be friends with
B. They examined the presence of transitivity,har degree to
which, when A-X and X—B, the A—B tie was present.
They considered transitivity to be an essentiamelat of
structure; since social life does not map perfeciiyo the
expectations of mathematical models, they relaxbd t
transitive/intransitive distinction by proposing andex of
transitivity. Empirical social networks do not elhiperfect
transitivity (when all triads are transitive), lbey also exhibit
far less intransitivity than expected in randomararks.

More recently, Romero and Kleinberg [23] made the
observation that determining whether or not travisjtplays a

2 We can replace “is friends with” with “has positiieelings towards,”
“evaluates favorably,” or some other positivelyeraded relation.
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role in directed triadic closure in Twitter requrknowledge
of the temporal ordering of the ties. For exampte,the
example in the previous paragraph, if the>K tie formsafter
the A—B tie does, then transitivity could not play a rdance
the path from A to X to B did not exist at the tiee A—B
tie formed. Romero and Kleinberg showed that tlesgnce of
directed triadic closure is higher than chance €gocentric
networks, further supporting the idea that tramiitiis an
important precursor to directed triadic closure.

B. Attention-Information Networks

One of our goals is to describe a way to think atibe real-
world meaning behind the numerous structural caméitions
given in Figure 2. The conceptual categories wecrites
below each draw on the observation that social oedsvare
inherently directed, regardless of how they are etext] and
that all social networks arattention-informationnetworks in
which attention is exchanged for information. Tliere, the

relationships between people can be described ag th

positions with respect to flows of information aattention.
1) Shared Interests

Social ties can be established around shared stgere
organizations, and activities [7]. Sharing manyeiasts with
another person is one kind of similarity, and fortihe basis
for collaborative filtering algorithms, such as koand movie
recommendations. In network terms, a shared intéseisest
represented by the A» X « B triad, where A and B each pay
attention to X. This is calledutlink equivalence- A and B are
equivalent in who their outlinks point towards, ttee extent
that the sets of out-neighbors overlaps [25]. Asa#d B
become more outlink-equivalent, the likelihood leérn being
interested in one another is expected to increase.

2) Shared Audiences

An analogous argument can be made for people whecesh
inlinks in common. The kind of tie A~ X — B describes a
scenario in which some person X is interested ith #o and
B. A and B are thereformlink-equivalentto the extent that
the set of people who link to A overlaps with tbaB [25].

We may say that the people called X form dlueiencepaying
attention to A and/or B. If a large number of peofsthd both
A and B worthy of attention, A and B may have soshared
traits driving this, such as tweeting about the esamn similar
topics. It is entirely possible that for a given X,and B are
interesting for different reasons; perhaps X antivA in the
same city, but X and B share an interest in conaickb or
moose hunting. Nevertheless, as the number of Xwsg, the
likelihood of A and B being interested in one armoths
expected to grow as well.

3) Transitivity & Filtration

Twitter users perform a valuable service as cusattey read
the tweets of those who they follow, and pass thedgones
along to their own followers by “retweeting” theri][ If A
follows X, then A sees the tweets by B which X tlasught
high enough quality (along any of a number of gussi
dimensions) to rebroadcast it.

Considering the path A~ X — B, A may thennot want to
follow B, because he already receives the best'sftBeets

without doing the filtering work that X does. Hovezy this is
predicated on A’s belief that X is doing a good @filtering
and rebroadcasting B’s tweets.

In contrast, suppose many such people X are fotigvB. A
may then be susceptible to the influence of higlmsbrs and
likewise follow B. The idea is that X's providecial proof[4]
that it is a good idea to follow B. That is, peojldge actions
as good, prestigious, or valuable to the extent thay see
others doing them. Indeed, A finding it valuablefétiow B
would indicate attention is transitive and beinguaator is of
comparatively little value.

4) Mutuality & Reciprocity
Reciprocity means behaving toward someone in thenerain

which they behave toward you. Paying back a favor o

returning a smile with a smile are examples of pexial
behavior. Reciprocity is a source of social cohe$fj; when
two individuals attend to one another, the boneisforced in
each direction and both people will find the tigvaeding [6].
Reciprocal exchange relationships, in which indiald give
something of value (e.g. attention) to one anotheturns —
also leads to stronger affective ties [19], andrgj\support is
strongly associated with receiving it [22].

Though the B— A tie could be evidence of some basis for an

A — B tie, there are two reasons why this may nohkeectse.
First, the cost of feigning attention is low. Sinfmlower

count is one visible metric by which people measstegus,
spam bots are known to add spurious “follower” tietes in

the hope that others will follow back. This is amempt to

gain legitimacy. Second, status differentials ysithe

essence of popularity is that attention is a scegseurce, and
more people pay attention to a popular person trecould
possibly reciprocate to.

IV. METHOD

We ran a web-based experiment from July-August 20019

randomly-selected active Twitter users. This sectescribes
the experimental design, including the suggestienegation
process, subject recruitment process, and frontrgedace.

In brief, our study invited each subject to rate tirofiles of
14 randomly-selected people in their 2-degree nedsvon a
1-5 Likert scale, in terms of how much the subjsould be
interested in following that person. For the pugmsosef clarity,
we will refer to these 14 other people as “altetsgugh they
are actually only potential alters.

The alters were selected at random from the 20@lpeaith
the most 2-step paths to the subject, provided thene not
already followed by the subject. Selecting randorfriym
these 200 did not necessarily produce many highhnrected
alters; the Twitter network is sparse, and by tBé"2anked
person, the number of connections was often quitalls
Nevertheless, these people are by design more ctathéhan
people chosen at random from the 2-degree netw\t.
conducted a pilot run of the experiment in whictera were
selected at random. The results were inconclusive th
sparsity of network data and are not discussetidurt

We deliberately did not allow subjects to rate ameyawith
more than 5,000 friends or followers. Our intentsvia filter
out celebrities, news outlets, and others who mighfound
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through a broadcast medium. In any case,

followingof friends and followers in our subject pool wad 4hd 500,

@HE_REAL_SHAQ is unlikely to be evidence of a substantive respectively, and some 2-degree networks contagwed 1

social tie. Note that in this respect our populatd interest is
different from that of Romero and Kleinberg [23],heov
focused specifically on high-indegree individualghwiens of
thousands of followers, or “micro-celebritiés.

We also excluded as alters those whose accounts setrto
“private” because our experimental interface resgiithat
individuals’ tweets be visible to the subject sattthe subject
can decide whether the target person is interestgr

estimates suggest that, at the time of the expetin8el4% of
Twitter accounts were privafe.

A. Subject Recruitment

Our sample frame consisted of all Twitter userseappg at
least once in the public timeline during the lagteWw of May
2009. The public timeline is an RSS feed of twefetsn
randomly-selected Twitter users, updated every teifu
Though users may appear multiple times in the publi
timeline, we sampled by name, not by tweet, soliigltive
users had no additional selection advantage.

By sampling from the public timeline, we are moailely to
sample on active users than if we had sampled faim
accounts; like most web sites, many Twitter accoané used
rarely or even abandoned, and such accounts ardikely to
exhibit social behavior of any kind. It is not dleahether
active users are more likely to want to follow sesgjgd others
(desire for new contacts growing with use) or lidssy (they
are, in some sense, saturated already).

Using an account specifically created for this @ctj we sent
recruitment messages to 2,085 users:

@user Hi! Would you be willing to help us with ashTwitter
experiment? It's easy and takes less than 5 mintitesiks!

Over 250 people responded to our initial requesmé&agreed
to participate immediately, others asked for cleaifion first.

We generated back-end data (next subsection) ssslvpads
for 157 subjects and sent each a tweet containiink do the

experiment and their password.

Of these 69 fully completed the experiment, 32ipigated in
the pilot and, as detailed in the Results sec8dmnparticipated
in the actual run of the experiment. Though ovethi
attrition rate was high, it is not out of the oraip for
unsolicited web experiments [5], but it is worth gmasizing
that our subjects are likely fairly active Twittese

B. Back-end Data Collection

Before running subjects in the experiment, we neglitheir

profile data and a comprehensive map of their Zeakeg
networks: all their friends and followers, all teopeople’s

friends and followers, and all the links among them

Despite excluding high degree individuals, crawlixgegree
networks was computationally intensive — the avenagmber

% Incidentally, @heReal Shaq is a mega-celebrity, one of the small number
of Twitter users who has multiple millions of faNers.

4 This estimate is derived from random samplingadidvUser IDs.
® Every person (subjects and alters) in our study d&gublic account. Data
collection involved white-listed accounts and thuble data API.

million edges — requiring us to run the back-enfiveare as a
separate intermediate step, rather than doing iteal time
when subjects visited our site. Our back-end softwaad
subjects’ 2-degree networks into memory and contpthe
number of each kind of 2-degree path for each peirsdhat
network, as seen in Fig. 2. It then generated lergfages for
14 alters who were 2 steps from the subject.

C. Experimental Interface

Subjects were given an introduction to the expentmon the
login page and a brief set of directions:

In the next few pages, we will show a series demifit
Twitter users. We want to know if you think you ravant
to follow the user and why. We will first ask youtake a
look at the user's most recent tweets and tell bstw
characteristics you find interesting or not. Thee would
like you to rate whether or not you want to follthe user.

After logging in, they were shown each of the 14gasted
alters in succession and asked to rate them atidnafly, to
give a free-response explanation for their ratiBgch page
showed the alter's username, profile picture, liocatind bio
(if present), and friend, follower, and tweet caunthis was
followed by a list of their 20 most recent tweetsd Fig. 3).

At the top of the page, subjects were given a ltikating
scale to respond to the question: “Would you wantotlow
this person?” The wording choice “would you” waséad on
wording used in common large survey polls (e.g])[1%he
response options provided were labeled, “Definitely
“Probably”, “I'm not sure”, “Probably Not” and “Défitely
not!”, and a button to report missing or brokenrige Subjects
were given a text box for the optional free resgorubjects
were shown only the profiles of the suggested peoihiey
were not shown any information about the network ties that
link them to these people.

D. Validity Check
Subjects’ stated preferences in laboratory experisndo not

Take alook at the profie below. What pasts about this person do you find interesting or not?

Would you wast to Follow this person? (3 / 14)

Definitelyl | | Probably | | Imnotsue | | Probabiyret | | Definitely natl (this item is

— - pixelette

e N0, V|
N el

2> 4|

Pixelette
Location:Melbourne
Bio:The way to my heart is with good kerning (and perhaps a cup of tea, some great hand-
lettering, and graphic ephemera from a century aga)

Following: 86 Followers: 117 Updates: 552

do | use margin, or pqddmg? margin or padding, margin or padding
Junior Wints + Peppermint tea. A pretty naice little break
Wed Aug 1912:34:44 +0000 2009

Ahal Anonymous slander at riskl | Court rules Google must expose identity of slanderous blogger
http:/ibit.lyfZ Jjpa (via @meetmeatmikes)
Wed Aug 19 12:3411 0000 2009

mack mock mockitup

Remember Clag? ¥vhat an awesorme name for a product. The logo sure is somethin' too
rjttp HriminBe

A iret i

Figure 3. The experimental interfa
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always match their subsequent real-world behavibo. test
the validity of responses, at the conclusion of ékperiment,
we offered subjects the opportunity to actuallidal with

their own Twitter accounts the 14 alters that they just
rated. Given a list of alters’ photos and nameskiclg on the
alter's “follow” button made an API call to add th#er to the
subject’s followees. This last step allows a corngoer of
subjects’ self-reported and actual behavior.

E. Model Specification

A problem in the analysis of networks is that ter® not
independent; individuals’ friendship choices aréeekd by
the choices their friends make, and therefore egémin the
resulting models are subject to bias. We controltfis by
using a hierarchical regression model in whichghlgjects are
clusters, and the 14 people they rated are castsdhwithin
those clusters. We estimate a random intercept efich
subject, reflecting the variation in their basiteiest in adding
new friends. Since the subjects (and the peoply tre
shown) are chosen at random and the graph is spaesdid
not expect alters to appear in the data for moen thne
subject, and indeed none did.

The response data are on a five-option scale, mgnfyjom
very positive to very negative, but are analyzedaginuous,
since the underlying construct, desire to followttherson, is
continuous. This requires an assumption that thgamses are
evenly spaced [16]. If we were not willing to makas
assumption, the appropriate model would be a hikreal
ordered logistic regression model. We ran all medalbwn in
Table 2 both as linear and ordered-logistic modatg] the
results are qualitatively similar.

V. RESULTS

37 subjects completed the web-based experimentje&sb
were considered to have completed the experimeatréting
was given for at minimum 9 of the 14 alters. Dua &oftware
bug, responses for the “4alter were never recorded, so
subjects have a maximum of 13 responses. Sincaltiérs are
chosen randomly, we do not expect any systematizseare
introduced by leaving the final one out.

For both subjects and alters, the number of friefakwers,
and statuses (“tweets”) is log-normally distributéithat is,
each distribution has a long right-hand tail suwdt twhen the
log is taken, the resulting transformed distribatids
approximately normal. Therefore, in all the datalgsis and
statistical models, the logs of these counts véluked.

Table 1 presents some descriptive statistics atheusubjects
and alters. For some characteristics, 2-tailedststevere
performed to examine whether any appreciable diffees
exist between the subjects and their alters. Alteeye
significantly more well-connected than subjectsthwinore
friends as well as followers. This is to be expdrteeld [8]
points out that highly-connected people are bynitédin more
likely to appear in lists of alters since they havere chances
to be selected; to put it another way, friends lke&ly to be
friendlier than average [21]. Likewise, subjectsrevenore
prolific than alters, which was also to be expectette, as
described earlier, our recruitment method biaseditd active

Twitterers. However, longevity did not vary sigoditly
between subjects and alters.

We examine the results incrementally, by fittingurfo
regression models: subject characteristics alonker a
characteristics alone, subject and alter charatiesitogether,
and all characteristics plus network structure (@ad).® In
general, coefficients are stable across models.altees-only
model (Model 2) performs least-well; besides tlygtodness
of fit (pseudo-R) increases as additional predictors are
included, and the model that considers network ctire
(Model 4) performs considerably better than theiexjant
model without those predictors (Model 3).

The results of the validity check suggest that ects]
responses were consistent with their ratings. 13hef 37
subjects chose to follow one or more alters; fer dther 22,
we cannot tell if they actively chose not to follanyone, or if
they stopped participating at this stage becausastoptional.
The 15 subjects who chose to follow one or morersilt
followed a total of 32 alters. Of the 32, 18 haegmeiven a
rating of 5, and 12 a rating of 4. Since the altel® were
followed were generally given high scores, we ayafident
that higher ratings are a good measure of moreatsisy.

A. Subject-Specific Predictors

We begin with subject-level predictors, which measaspects
of the subjects’ networks, irrespective of theraliae question.

Subjects’ interest in adding new friends does mear to
satiate. There is not a significant relationshigween the
number of friends subjects already have and traings of
alters. A commonsense belief is that adding newntls
imposes a cost of time and attention; this is beeamore
friends generate more tweets which requires mare to read
or filter them all, and because new friends’ tweatght draw
one’s attention away from existing friends. Sulgeetho
already feel they have enough friends might theecfie less
inclined to add new friends and thus impose mori@gent
standards. However, we did not find such a resubjects
with many and few friends were not significantlyfeient in
their ratings of alters.

Another commonsense belief is that Twitter usemsstract
their egocentric network early in their time on Tei and,
having done so, do not seek to add more friendénding
consistent with this belief would require a negatisignificant
effect to account age. However, we did not findhsaaesult;
new and old subjects were not significantly différen their
ratings of alters.

However, more active subjects do appear to beifessested
in adding friends. The number of tweets a subjast \uritten
is significantly negatively associated with the ideg¢o add
new friends; a one standard-deviation increaskeridg count
of tweets written is associated with a decreasent gdting of
about 0.3. Note that this is net of the effectafaunt age, and
that account age and number of tweets have a lokelation,

® We used standardized coefficients for each coatisuvariable, and the
outcome variable is subjects’ rating of alter frars. Coefficients should be
interpreted in the manner of the following examplecording to Model 4, a
one standard deviation increase in the log-counarofalter's followers is
associated with an increase in the estimated rafitigat alter by 0.258.
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TABLE 1.SUBJECTS AND ALTERS CHARACTERISTICS

3

TABLE 2. ESTIMATED EGO AND ALTER EFFECTS

SUBJECTS ALTERS p ON EGO' SRATING OF ALTER.
M SD M SD PREDICTORS' MODEL1 MODEL2 MODEL3 MODEL4
Friends 5228 0068 5958 1512 0.004 (Intercept 3.078 »+ 3.385x 3.399 =+ 3.364
: ! : : : 0.102 0.278 0.259 0.266
F0||0WEI'§ 5.424 0.982 6.170 1.440 0.002 Subject’s Frienc2 (0.13])_ ¢ ) 0(.148) _(0.03‘9
Tweetd 7.146 1.241 6.421 2.000 0.031 (0.219) (0.215' (0.228'
Default Photd 0.005 S.’s Follower? 0.799 *** 0.730**  0.803 **
. (0.247) (0.250 0.273
Includes a Bib 0.849 S’s Tweet? -0.30¢ * 0293 0245t
Includes a Locatioh 0.896 (0.147) (0.148) 0.147
Account Age (days)  326.149231.231 320.367 247.415 0.891 S.’'s Network Densit | 0.357 ** 0.360 **  0.354 *
N 37 243 (0.125) (0.125) (0.149
S.’s Account Ag -0.024 -0.02¢ 0.02¢
Notes: (0.131 (0.133) (0.139
(1) natural log Alter’s Friend? -0.120  -0.16€*  -0.222*
(2) Coded 1/0. The mean is interpretable as aifracf subjects. i 2 (0.0¢6) (0.084 (0.098
(3) For each 2-tailed t-testf=478. Nupjecie37, Narer=443. A’s Follower: 0.273* 0.23t**  0.258*
(0.0¢4) (0.093' (0.103'
o - ) ] A’s Tweet? 0.045  -0.01¢ 0.002
so it is activity and not longevity that generattais effect. In , (0.081) (0.080; (©.079,
short, more active Twitterers are less interesteaidding new 'S ACCOUNtAG: %.87773 (8-0%9 (8.6073-
friends, as demonstrated by lower ratings of aItEieaIIy,' A’s order in exp! -0.033° -0.03¢* -0.016
network densityand number of followers both had positive, A has default pho (8-(2)15; g-glé'% (0-818111
significant effects on alter ratings. - . (0.881) ©675) (0.847
Since we would expect individuals’ egocentric netgato be A includes bic 0(-0315;; Okg’?gs’g oz
more sparse the larger they grow, if subjects V\maop@pulgr A. includes locatio 042:1 -040(t -0.439*
(many followers) and subjects who are part of aldsdt i (0.226 (0.225 (022,
communities (more dense) are both associated wigheh  SubjecAlter Path: -

. . Reciprocity (A— S) 0.348
ratings of others, then two separate processes tniigh (0221
underlying these effects, and further investigattoneeded. (1) S—»X— A* -0.053

(0.067
B. Alter-Specific Predictors (2) S= XA 0(.142 *
0.067
1) Friend and Follower Counts (3)S—> XA 0.068
. (0.087
Alters were rated more desirable to the extent tey more (4)s—x— A -0.132
followers and fewer friends. That is, people whe popular (0101
: . (5)S> X — A 0.222°
already appear more likely to draw new followergisTwas (0107
consistent across models. (6) S X — A -0.155 t

. . . , (0.091
It is worthwhile to take a moment and reflect Qrs.t_h\lters (7)S—> X o A 0.215 **
number of followers is a signal of status, of bedtagirable to 0072
many others. The key to being popular is havingatention =~ &) S—X<A o
of many other people, more than one can pay abternth (9)So X o A 0.249 *
oneself; this may be why having many followers @sipive, . (0.108,
but having many friends (following many othershegative Random componer

: Randorreffec 0.51¢ 0.793 0.516 0.4¢€6
It cannot be the case that high-indegree altersiarply more Resid fi‘:ﬁ f-f_sé (10383)3 fi&g

H . H . esiaue R LA . N
active; number of tweets is arguably a better pifoxyactivity © (0042 (0041 (0041 0,040
and was not significant. We observed that more [aolters o5 Tikefihooc 729017 732.74( 72038€ 685754
are rated more highly simply because they are mopeilar. LR vs Model - - 17.41° 86.56 *+*

. : ) : . LR vs Model : - - 2554 %% Q4,69
Popularity has a cumulative effect; social psychuits call g \c model - ) ] . 69.15 ***
this social proof[4] and network analysts call ||1ref_erent|al_ Pseud-R 0.20¢ 0.07: 0.237 0.301
attachmen{23]. However, these models imply social learningCluster: 37 37 37 36°
— that people observe what others do and choose those N . __pds 44 443 432
actions; more algorithmically, they select a nodelitk to Lgt;o'l‘ p<0.0f™p<0.01"*p<0.001

randomly, weighted by the in-degree. Instead, winat
observe is a status effect; it is not the caselilgit-indegree
people were more likely to be seen, but ttiet very factof
their high in-degree accounts for some of theirirdégity.

" “Density” here is the clustering coefficient ofetH.5-degree network; it
measures the proportion of possible ties that exigt*(n-1))

(1) Standard errors shown in parentheses. Starzeéardoefficients for all
predictors except A’s order, photo, bio, location.

(2) Natural log.

(3) Binary-valued predictor (1/0)

(4) All tie types are measured as the number dfgat that type from
Subject (S) througkome other person X to Alter (A), divided by thenie!
of people in Subject’s network.

(5) The subject-level random effects and alter{lessiduals are

normally distributed.

(6) One case was dropped due to missing
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The mass media-driven claim that having more fodimsathan
friends is socially desirable in Twitfeturns out to be true.

2) Self-Presentation

Self-presentation-related predictors, such as Igaiéia default
photo, including a bio or a location, had mixedeef§ for
alters. Using the default photo (rather than uplogda
personal profile photo) had a non-significant effdat was
nearly zero; however, as noted in Table 1, only®0d& alters
had the default photograph, so perhaps there isenotigh
variation in the data to pick up any effect. Thowdfout 85%
of alters included a bio and 90% of alters includeldcation,
having a bio did not have a consistently signiftceffect, and
location had a consistenthegativeeffect, associated with a
drop in rating by about 0.4.

One reason why location might have a negative effahat it
highlights a salient difference between subject alter. We
turn to free-response data to examine why. Theoviotig
subjects were motivated by shared geographic regjmng
4’s and 5’s in these cases:

Definitely, from houston where I'm from. tweets thaeading.
In same city as me, Dallas. That's why | will felltiim.
He's funny, lives in my area... Definitely addirignh

The fact is, more people live far away from anyegiyperson
than live near that person. We suggest that alfecsition
makes geographic distances salient to the subjectvaen the
locations match the effect is positive, but in ager number
of mismatched cases, the differences between tudnjelcalter
are highlighted, and the expected score decreases:

| would follow this if | were interested in New ¥ot could see
following a twitter dedicated to my neighborhooddhicago.

C. Relational Predictors

We now turn to the predictors of greatest importanthe
existing network connections between subject arst.al

1) Reciprocity

Let us start by considering reciprocity, or theedted tie from
alter to subject. That is, is the alter followiniget subject
already? We did not observe a statistically sigatiit effect.

The meaning of this is both counterintuitive andtki In
other studies of reciprocity, it has been uncleaetiver the
existence of the network tie {AS) is motivating S’s desire to
link to A, or whether S is motivated to link to Aiel to the
same reasons A linked to S, namely, interpersandlasity.
Note that in our experiment, S was not aware oftighéo A,
so any desire to link to A cannot be based on thectsiral
existence of the incoming tie. Therefore, we camctude that
in studies in which the AS tie has a significant effect on the
formation of the S.A tie, the visibility of the AsS tie is
having a positive effect on S’s choice to link to geparate
from any choice based on similarity or attraction.

In short, because we do not observe an effechi®iA-S tie
when it is not visible to the subject, we suppb# hypothesis
that S-A ties form dueto reciprocity for its own sake: the

8 http://iwww.techcrunch.com/2009/08/26/twitters-galdatio-that-no-one-

likes-to-talk-about/

establishment of a tie to the alter, specificakbgéuse the alter
linked to the subject first.

2) Mutuality and Transitivity

We now turn to the nine two-step path types. Eaohbered
item in the “Subject-Alter Paths” section in Tab2
corresponds to a kind of path from the subjecthi alter’
Each is normalized by dividing by the number of e®¢h the
subjects’ network. The reason for this is simpl@paths from
S to A would be a lot more meaningful if S has betghbors
than if S has 10,000.

Following Holland and Leinhardt [11], we call the-X tie
mutual In ties exhibitingmutuality, the two actors mutually
attend to one anoth&tWe observe that all of the two-step
paths with at least one mutual tie (5-9 in Figujehdve a
statistically significant effect on the rating, atitbse that do
not have a mutual tie (1-4) do not, with the exiapof (2).

A dyad exhibiting mutuality is one in which eachacpays
attention to and receives information from the oth&s
described earlier, such behavior leads to moreakaohesion
[9] and stronger affective ties [19]. Crucially matity affords
Twitterers the ability to engage in conversatiorhici may
also be a proxy for relational strength. Since egoles
attention to the other, mutuality may also be ayprfor equal
status. More investigation is needed. In any case,results
show that mutuality of at least one of the two stepthe path
is an important criterion in determining whethguagh will be
influential to the subject.

Notice that, of the paths exhibiting mutuality, 1®) have
positive coefficients and (6,8) have negative doigffits.
Paths (6,8) do not exhibit transitivity — therenis directed
flow of attention from S to A — while paths (5,7@). That is,
transitivity is associated with an increased desirorm a tie;
this supports findings by Holland and Leinhardt ][Xhd
Romero and Kleinberg [23]. The finding that lack of
transitivity has a significant, negative effecttfler than no
effect) has not, to our knowledge, been observéarbe

Again, status offers an explanation. A transitivathp like

S—X—A indicates a consistent status hierarchy; A ishérg
status than X, who is equal status to S. SincetAgBer status
than S, S might like to pay attention to A. In gast, paths
like (6) and (8) indicate A is lower status thanASis either
lower status than someone (X) who is a status exfud or A

is the status equal of someone (X) lower status 81€8).

An illustrative example is a request for an introin.
Suppose, given a relationship like (5) or (7), Sulddike to
know A, and would like X to introduce them. Exangle
include a graduate student asking her advisor for a
introduction to a senior scholar, or one entrepnerasking
another for an introduction to a potential invesfidiough the
“S” would be happy to know the “A”, flipping the raws
around we see that status differences indicate'Ahamight

not be interested in meeting the “S”.

9 Instead of the A-X—B notation used in Figure 2,refer to paths like S—X—
A to denote (S)ubject and (A)lter.

10 Note that our use of “mutuality” is unrelated t® uise in [21], which uses it
to describe incidence of having friends in common.
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VI. DISCUSSION

Earlier, in trying to develop an intuitive senséipe directed
two-step paths, we identified concepts like sharediences,
shared interests, transitivity and filtration.

Paths (3) and (4), which describe shared intemstisshared
audiences, respectively, did not have statisticaignificant
effects. Therefore, simply sharing a neighbor Xhiese ways
do not appear to be sufficient bases for new tien&tion.
However, the conditions of (3) are satisfied by7{6and the
conditions of (4) by (5,8). Paths (5,7) also sstisfutuality
and transitivity, and we can think of (5) as a $glecase of a
shared audience tie, and (7) as a special case stfaged
interest tie. In future work, we hope to use temalgsis to
examine how text content affects closure in thetedrof the
(5) and (7) path types.

Regarding transitivity, we considered two alteweti
outcomes: first, that the middle individual in the-X—B

triad would filter B’s tweets, which would redound the

benefit of A; in effect X is a curator for B. Sechrm would

learn about B via X and, taking X's link to B asvate of

confidence, begin to follow B himself; this is tlek-copying

mechanism behind preferential attachment [23]. \&e wle
out filtering as a mechanism, since filtering woduldply

negative, not positive coefficients for (5,7,9).

However, we can rule out link copying as well. Our
experimental design made subjectdind to existing
connections, thus ruling out observational learnemy an
underlying mechanism. We can also rule out purtrlyctural
effects (i.e. increased exposure); though our seleprocess
selected for alters two steps away, after thactele all alters
were equally likely to be selected.

Though positive coefficients for (5,7,9) would beected if a
copying mechanism were in effect, we have founditipes
effects for (5,7,9) even in an experimental dedigrwhich
copying is deliberately impossible. Though preféen
attachment generates similar results, we cautioat th
different underlying mechanism may be at work.

VII.

We designed our experiment so that subjects woeildlibd to
the connections between them and the alters they ra¢ing.
We wanted to isolate the psychological and strattaffects
of homophily and our results show that while stuoetis a
good proxy for measuring the desire to form tiesces
subjects could not see that structure, it could betthe
mechanism driving the desire. Though all the selestmade
by our subjects were driven purely by choice, itnportant to
recognize that structure provides a useful mearestfating
choice-driven results.

We have thus been able to observe that recipraitigs not
appear to take place when the ties individuals doloé
reciprocating are not visible, and that transiiviand
mutuality are important conditions which, togethere
associated with an increased desire to form ties;suggest
that a consistent status hierarchy and some |\ strength
drive this effect.

This experiment is suggestive rather than defiejtand future
work is called for — examination of these pattemmsother

CONCLUSION

domains, and in naturalistic in addition to expeittal data.
For those doing applied work and system designwauk can
inform the improvement of recommendations offereg b
“friend suggestion” algorithms.
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