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ABSTRACT duce these complex relationship to the existence of simple

Relations between users on social media sites often reflectpairwise links. Itis a fundamental research problem todwid

a mixture of positive (friendly) and negative (antagomisti  the gap between the richness of the existing relationshigs a

interactions. In contrast to the bulk of research on so@tl n  the stylized nature of network representations of these rel

works that has focused almost exclusively on positive inter tionships.

pretations of links between people, we study how the inter-

play between positive and negative relationships afféms t The main focus of our work here is to examine the inter-

structure of on-line social networks. We connect our anal- play between positive and negative links in social media —

yses to theories of signed networks from social psychology. a dimension of on-line social network analysis that has been

We find that the classical theory of structural balance tends largely unexplored. With relatively few exceptions (e[d,,

to capture certain common patterns of interaction, butithat 15, 16]), research in on-line social networks has focused on

is also at odds with some of the fundamental phenomena wecontexts in which the interactions have largely only pusiti

observe — particularly related to the evolving, directed na interpretations — that is, connecting people to their fign

ture of these on-line networks. We then develop an alternatefans, followers, and collaborators. But in many settings it

theory of status that better explains the observed edgs sign important to also explicitly take negative relations intme

and provides insights into the underlying social mechasism sideration, especially when studying interactions in @oci

Our work provides one of the first large-scale evaluations of media: discussion lists are filled with controversy and dis-

theories of signed networks using on-line datasets, as wellagreement, and social-networking sites harbor antagonism

as providing a perspective for reasoning about social mediaalongside amity. The richness of a social network in such

sites. cases generally consists of a mixture of both positive and
negative interactions, co-existing in a single structure.

Author Keywords ) .
signed networks, structural balance, status theory, ipesit We aim to develop a better understanding of the role that net-

edges, negative edges, trust, distrust. work structure plays when some links between people are
- positive while others are negative. For instance, in oa-lin
ACM Classification Keywords o rating sites such as Epinions, people can give both positive
H.5.3 Information Systems: Group and Organization Inter- gnd negative ratings not only to items but also to other sater
faces—W\eb-based interaction. In on-line discussion sites such as Slashdot, users can tag
General Terms other users as “friends” and “foes”. Our approach here is
Human Factors, Measurement, Design. to adapt and extend theories from social psychology to an-
alyze these types of sighed networks as they arise in social
INTRODUCTION computing applications. These theories enable us to char-

acterize the differences between the observed and prddicte
configurations of positive and negative links in on-line so-
cial networks. We also use contrasts between the theories to
| draw inferences about how links are being used in particular
social computing applications. In addition to insightsoint
the applications themselves, our studies provide, to tisé be
of our knowledge, some of the first large-scale evaluations
of these social-psychological theories via on-line datase

Social network analysis provides a useful perspective on a
range of social computing applications. The structure 6f ne
works arising in such applications offers insights into-pat
terns of interactions, and reveals global phenomena asca
that may be hard to identify when looking at a finer-grained

resolution. At the same time, there is an ongoing challenge
in adapting such network approaches to the study of social
computing: users develop rich relationships with one an-

other in these settings, while network analyses generly r ” o . .
g yses generaily Positive and negative links in on-line data.To carry out

such an investigation, we need two fundamental ingredients
(i) large-scale datasets from social applications wheee th
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Structural balance theory has been developed extensively i
the time since this initial workZ1], including the formula-
tion of a variant —weak structural balance — proposed by
T = = Davis in the 1960s as a way of eliminating the assumption
triad T triad T} triad T triad T, that “the enemy of my enemy is my friend7][ In partic-

) ) ) ] - ular, weak structural balance posits that only triangleth wi
Figure 1. Undirected signed triads. Based on the number of mitive

edges we label triads with odd number of pluses asalanced (75, T}), exaCtIy two pOSItIV_e edges ‘?‘re |mplau5|ble in real n.etv.v’orks
and triads with even positive edgesTs, T) asunbalanced. and that all other kinds of triangles should be permissible.

We investigate social network structures from three Wldely Theories of Signed networks: StatusBalance theory can
used Web sites. The first is the trust network of EpinionS, be viewed as a model of likes and dislikes. However, as

where users create signed directed relations to each otheri Guha et al. observe in the context of Epinioh8][ a signed
dicating trust or distrust. The second is the social netvabrk link from A to B can have more than one possibie inter-

the technology blog Slashdot, where users designate othergyretation, depending or’s intention in creating the link.
as “friends” or “foes.” The third is the network defined by In particuiar’ a positive link fromA may mean, B is my
votes for Wikipedia admin candidates. When a Wikipedia friend,” but it also may mean, “l think3 has higher status
user is considered for a promotion to the status of an ad-than | do.” Similarly, a negative link frord to B may mean
min, the community is able to cast public votes in favor of B js my enemy” or “I thinkB has lower status than | do.”
or against the promotion of this admin candidate. We view
a positive vote as corresponding to a positive link from the Here we develop this idea into a new theorystus, which
voter to the candidate, and a negative vote as a negative link provides a different organizing principle for directed -net
The Epinions and Slashdot networks are explicitly presente works of signed links. In this theory of status, we consider
to users as social networking features of the sites, whéreas 3 positive directed link to indicate that the creator of ih& |
the case of Wikipedia the network interpretation is implici  views the recipient as having higher status; and a negative
) N ] . ] directed link indicates that the recipient is viewed as hgvi
The meanings of positive and negative signs are different jower status. These relative levels of status can then kg pro

across these settings, and this is precisely the point: wle Wi agated along multi-step paths of signed links, often ledin
to use theories of signed edges to evaluate how the posi+o different predictions than balance theory.

tive and negative edges are being used in each setting, and
to identify commonalities and differences in the underyin - Comparing the two theories. To give a sense for how the
networks in relatively different application contexts. Me  differences between status and balance arise, consider the
over, while the current work focuses on domains in which sjtuation in which a used links positively to a usef3, and
the signs of edges are overtly denoted (either explicitly by B in turn links positively to a usef’. If C then forms a link
direct linking, or implicitly through actions such as vadin  to A, what sign should we expect this link to have? Balance
on Wikipedia), we believe the underlying issues reach more theory predicts that sinc€' is a friend of A’s friend, we
broadly into any application where positive and negative at should see a positive link froifi to A. Status theory, on the
t!tudes_between users can be conveyed, such as through sersther hand, predicts thatregards3 as having higher status,
timent in text 0. and B regardsC' as having higher status — €6 should
regardA as having low status and hence be inclined to link

Theories of signed networks: BalanceWe analyze these  npegatively toA. In other words, the two theories suggest
on-line signed networks using two different theories, and a gpposite conclusions in this case.

central issue in our study is the extent to which each of these
theories provides a plausible explanation for the strectur Thus balance theory predicts that certain types of triads su

and dynamics of the observed networks. as all-positive cycles should be overrepresented compared
] o ) chance, whereas status theory makes predictions that often
The first of these theories s uctural balancetheory, which differ. We Study all the possibie types of Signed triads and

originated in social psychology in the mid-20th-centurg. A the predictions made by the different theories. In doing so
formulated by Heider in the 194044], and subsequently  we consider several experimental conditions, includirtibo
cast in graph-theoretic language by Cartwright and Harary directed and undirected networks, as well as both resgectin
[4], structural balance considers the possible ways in which and ignoring the order in which edges were created. For
triangles on three individuals can be signed, and posits tha each such experimental condition we consider whether the
triangles with three positive signs (three mutual frierkdg; observed number of triads of each type is overrepresented
urel73) and those with one positive sign (two friendswitha or underrepresented compared to chance, and contrast that
common enemy, Fidl 71) are more plausible — and hence jith the predictions made by the balance and status theories
should be more prevalent in real networks — than triangles Thjs analysis give us a picture of the aggregate patterns of
with two positive signs (two enemies with a common friend, |inks in the social networks, and the degree to which they
T5) or none (three mutual enemiek,). Balanced triangles  are explained in terms of each theory.

with three positive edges exemplify the principle that “the

friend of my friend is my friend,” whereas those with one  Summary of Findings: Comparison of Balance and Sta-
positive and two negative edges capture the notions that “th tus. Both of these theories concern relationships between

friend of my enemy is my enemy,” “the enemy of my friend people; by adapting them to our on-line network datasets,
is my enemy,” and “the enemy of my enemy is my friend.”



they provide potentially informative perspectives on thé& | tion of our network data, while status is more consistent wit
structures we find there. the directed representation, shows that it possible féerdif
ent theories to be appropriate to different levels of resmtu
Balance theory was initially intended as a model for undi- in the representation of a single network.
rected networks, although it has been commonly applied to
directed networks by simply disregarding the directions of In the final part of the paper, we describe further structural
the links R1]. When we do this, we find significant align-  investigations that provide insight into ways in which sdn
ment between the observed network data and Davis’s notionlinks are used in these applications. First, we find that as-
of weak structural balance: triangles with exactly two posi pects of the theory of balance hold more strongly on the
tive edges are massively underrepresented in the datxeelat subset of links in these networks that aeeiprocated —
to chance, while triangles with three positive edges are mas consisting of directed links in both directions between two
sively overrepresented. In two of the three datasetsglgsn  users. This suggests that reciprocal link formation may fol
with three negative edges are also overrepresented, which i low a different pattern of use in these systems than unrecip-
at odds with Heider’s formulation of balance theory. These rocated link formation. However, it is important to notettha
findings are already intriguing, since it has traditionakgen such reciprocal relations account for only a small proparti
difficult to evaluate the predictions of structural balatioe- of the links between people on these sites.
ory on large network datasets. Rather, empirical investi-
gations to date have generally focused on small networks Second, we find a connection between the sign of a link and
where social relations can be observed through direct-inter the extent to which it issmbedded [12], i.e., with the two
action with the individuals involved (see e.@]). The trou- endpoints having links to many common neighbors. A link
ble with assessing structural balance at small scales is thais significantly more likely to be positive when its two end-
one expects its predictions to be aggregate rather than absopoints have multiple neighbors (of either sign) in common.
lute — that is, one expects to see certain kinds of triangles This observation is consistent with qualitative notions@f
as statistically more abundant or less abundant in the datacial capital B, 5] — users with common neighbors have rela-
and the significance of such biases towards certain kinds oftions that are “on display” in a social sense, and hence have
triangles can stand out much more clearly when they are ac-greater implicit pressure to remain positive. Indeed in the
cumulated over a large amount of data. three different social applications that we study, thisetffs
strongest in the case of voting for Wikipedia admins, which
Ultimately, however, we would like to understand the net- is the setting that makes the relations most prominently vis
works in these on-line systems as directed structures thatble to users. This suggests some of the ways in which the
evolve over time. When we view the network data in this presence of common neighbors, and more overt forms of
way, our main conclusion is that the theory of status is more public display, can have an effect on the use of signed links.
effective at explaining local patterns of signed links, &t
it naturally extends to capture richer aspects of user behav These findings about aggregate structural properties also b
ior, including heterogeneity in their linking tendenciér gin to address a broad and largely open issue, which is to
example in the case offered as an illustration above, whereunderstand the sources of individual variation in linkireg b
userA links positively to useB and useB links positively havior. While reciprocation and embeddedness are only two

to userC, we find that negative links fror@' to A are mas- dimensions along which to explore such variation, we be-
sively overrepresented relative to chance, with positivies! lieve that the definitions and analysis pursued here can help
correspondingly underrepresented. in framing further investigation of questions regardindiin

vidual variation.
Implications. There are several potentially interesting im-
plications of our results. First, the comparison of balance
and status provides insights into ways in which people use RELATED WORK _ o
linking mechanisms in social computing applications. In Thereis by now a large and rapidly growing literature on the
particular, there are important domains such as rating re-analysis of social networks arising in on-line domaihg|{
viewers on Epinions and voting for admins on Wikipedia in as We noted at the outset, this line of work has almost exclu-
which such links appear, in aggregate, to be used more dom-sively treated networks as implicitly having positive sign

inantly for expressions of status than for expressionsesli ~ Only. For example, portions of our analysis can be viewed
and dislikes. as variants on the problem &hk prediction [17] and tie-

strength prediction [10], but in each case adapted to take the
The contrast between balance and status is also relateel to thsigns of links into account.
distinction between undirected and directed interpretasti ) ) ] .
of links. Our findings suggest that it is important to under- Two recent papers in the analysis of on-line social networks
stand the roles of different theories in both undirected and stand out as taking the signs of links into account. Brzo-
directed representations of networks. Indeed, the thebry o zowski et al. study the positive and negative relationships
status only makes sense with directed links — since it posits that exist on ideologically oriented sites such as Essembly
a status differential from the creator of a link to its reeipi ~ [1], but with the goal of predicting outcomes of group votes
— while the theory of balance has been applied in both undi- rather _than the broader organization of _the S(_)C|al network.
rected and directed settings (e.@1]). The fact that (weak) Kunegis et al. study the friend/foe relationships on Slash-

balance is broadly consistent with the undirected reptasen  dot, and compute global network properti&S]| but do not
evaluate theories of balance and status as we do here.



|| Epinions| Slashdot| Wikipedia TriadT; || T3] | p(T3) | po(T3) | s(T3)

Nodes 119,217 82,144 7,118 Epinions
Edges 841,200\ 549,202\ 103,747 Ts | +++ || 11,640,257| 0.870| 0.621| 1881.1
+ edges 85.0% 77.4% 78.7% T | +—- 947,855| 0.071| 0.055| 249.4
— edges 15.0% 22.6% 21.2% Ty | ++— 698,023| 0.052| 0.321| -2104.8
Triads 13,375,407| 1,508,105 790,532 To | — — — 89,272 | 0.007 0.003 2275
Table 1. Dataset statistics. Slashdot
Symbol | Meaning T3 | +++ 1,266,646| 0.840 | 0.464 926.5
T; Signed triad, also the number of triads of type |+ - 109,303| 0.072| 0.119| -175.2
A Total number of triads in the network T | ++ - 115,884| 0.077| 0.406| -823.5
D Fraction of positive edges in the network To | ——— 16,272 0.011| 0.012 -8.7
p(T3) Fraction of triadsT;, p(T;) = T /A Wikipedia
po(T;) | A priori prob. of T; (based on sign distribution) 5 | +++ 555,300 0.702| 0.489 379.6
E|T;] Expected number of triads;, E[T;] = po(T;)A | +-—- 122,358 882(7) 8%86 282.%
, : N _ (T _ BT ST = (T T | ++— 425 0. 395 | -572.
s(T) | Surprises(Ts) = (T. — BIT]/ v/ Apo(Ti)(1 = po(T2)) To | - —— 8479 | 0.011| 0010| 108

Table 2. Table of symbols.

Table 3. Number of balanced and unbalanced undirected triad.

There are also large bodies of work involving negative rela-
tionships in on-line domains that pursue directions déffer into account. In this context, we can evaluate the predistio
from our network focus here. One line of work focuses on Of structural balance theory by considering the frequencie
norms to control deviant behavior in on-line communities Of different types of signettiads — sets of three nodes with
(e.g. 6] and the references therein). In a different direction, signed edges among all pairs.
a large body of recent work igentiment analysis [20] has . . ) )
studied on-line textual data in which individuals can esgre ~ Table 3 gives the counts of the four possible signed undi-
both positive and negative attitudes toward one anothér, bu rected triads, while Tabl2 summarizes the symbols we use
without addressing the consequences for network structure throughout the paper. Letdenote the fraction of positive

edges in the network. The four possible signed undirected
The datasets we study here have also been investigated byfiads are denoted, 71, 73, andT5 (Figurel). Among all
researchers for other purposes. Guha et al. study the trustriads in the data, the number that are of types denoted
network of Epinions13]. Lampe et al. study the user rating  |7:| and the fraction of typd; is denotedy(7;). Now, we
mechanisms on Slashddtf]. Burke and Kraut study the  would like to compare how this empirical frequency of triad

voting process that produces our Wikipedia signed network types compares to the corresponding frequencies if edgs sig
[2], but with the goal of modeling election outcomes. were produced at random from the same background distri-

bution of positive and negative signs. Thus, we shuffle the
Finally, the notion of status plays a role in many lines of signs of all edges in the graph (keeping the fracji@i pos-
work in the social sciences, such as the role that behavior-itive edges the same), and we ig{(7;) denote the expected
status theory plays in social exchange the@y2P]. How- fraction of triads that are of typE; after this shuffling.
ever, these notions are distinct from the ways in which we _
formulate definitions of status as a counterpart to balamce i If p(73) > po(7}), then triads of typd’; are overrepresented
signed directed networks. in the data relative to chance;pfT;) < po(T;), then they
are underrepresented. We also want to measure how signif-
icant this over- or underrepresentation is. Thus, we define
the surprise s(7;) to be the number of standard deviations
by which the actual quantity of typé; triads differs from
the expected number under the random-shuffling model.

DATASET DESCRIPTION

As described above, we consider three large online social
networks where links are explicitly positive or negativg: (
the trust network of the Epinions product review Web site,

where users can indicate their trust or distrust of the revie . ety 1
= ) Due to the Central Limit Theorem the distribution fT’;)
of others; (i) the social network of the blog Slashdot, veher approximately a standard normal distribution and so we

a signed link indicates that one user likes or dislikes the-co Id t ; the order of tens to already be sia-
ments of another; and (iii) the voting network of Wikipedia, mi‘)igan?)(;p(gs) s:urg rési\?e(;na pefv(;rlueer c?iz elr(l)s_8()) al-rlﬁ\?ve%ef Si9
where a signed link indicates a positive or negative vote by yhe yalues of surprise we find in our data are typically much

one user on the promotion to admin status of another. larger. This means that due to the scale of the data and the
large number of triads almost all our observations aresstati

Table1 gives statistics for all three datasets. Our networks tically significant with p-values practically equal to zero

have on the approximate order of tens to hundreds of thou-

sand nodes, and less than a million edges. In each networky, fing that the all-positive triady is heavily overrepre-
the edges are inherently directed, since we know which USErsanted in all three datasets, and the tifagdonsisting of two

created the edge. In all networks the background proportion oo mies with a common friend is heavily underrepresented
of positive edges is about the same, with roughly 80% of the Based on the relative magnitudes;gfl;) and po(T}), we '
edges having a positive sign. see thafl’; tends to be over represented by about 40% in all

three datasets. Similarly, the unbalanced tflads under-
ANALYSIS OF UNDIRECTED NETWORKS represented by about 75% in Epinions and Slashdot and 50%
We begin by analyzing the network data in an undirected in Wikipedia. These observations so far fit well into Heider’
representation, where we do not take the directions of links original notion of structural balance.



However, the relative abundances of triad tyfiggsingle is produced in this situation isore likely to be positive than
positive edge) and|, (all negative edges) differ between the generative baseline df, but at the same timiess likely

the datasets, and none of the datasets follow Heider'syheor to be positive than the receptive baselingbfBalance the-

in both havindl'; overrepresented ariy underrepresented.  ory, of course, makes a much more naive prediction: sihce
Thus, the picture is more consistent with Davis’s weaker no- and B are both friends o, they should be friends of each
tion of balance, wher@&5 is viewed as implausible but there  other. Can status theory explain this dual and opposite pair
is noa priori reason to favor one d@f; or 7, over the other. of deviations from the baselines dfand B?

We now show that in fact it can, and explaining how this

ANALYSIS OF EVOLVING DIRECTED NETWORKS _ works forms the motivation for a theory of how status effects
We now consider the networks in these systems as directedcan influence the signs of directed links.

graphs, incorporating the fact that the links being cregted
from one user to another, with the sign of a link frofnto
B being generated byl. In the introduction, we discussed Formulating a Theory of Status
how the theories of balance and status offer competinginter Since the phenomenon we are trying to capture is subtle but
pretations for how we should expect such directed links to in the end familiar from everyday life, we begin with a hy-
be signed. For example, as noted theuesitive cycles — pothetical example to motivate the subsequent definitions.
that is, directed triads with positive links frorito B to C
to A — are underrepresented in the data. This conflicts with A Motivating Example. Suppose we were to interview the
balance theory, but is consistent with status theory. players on a college soccer team: for certain playgrand
certain teammateB of A, we ask, “How do you think the
Timing and Diversity: Generative and Receptive Base-  skill of player B compares to yours?” Suppose further that
lines. Beyond just the directionality of links, there are ad- the players roughly agree on a ranking of each other by skill,
ditional features of the data that we take into account when which serves as an approximate (though not perfect) ranking
evaluating these models. First, links are created at specifi of the team members by status. From the results of these
points in time, so rather than thinking of directed triads as interviews, we could produce a signed directed graph whose
existing in a static snapshot of the network, we consider the nodes are the players, and with a directed edge #otm B
order in which links are added to the network. Thus, we if we askedA for her opinion ofB. A positive link fromA to
study how directed triads form, as follows. When a uder B would indicate thatd thinks highly of B’s skill relative to
links to a user3, suppose there is already a uséwith the her own, while a negative link would indicate thatthinks
property thatX has links to or from4, and also to or from  she is better thais.
B. This means there is a two-stegmi-path from A to B
through X (a path in which the directions of the edges do If we were just given this signed directed graph, and knew
not matter), and the formation of thé B link adds a short- ~ nothing else about the soccer team, then we could still make
cut to this path, producing a directed triad 4nB, and X . inferences about the signs of links that we haven’t yet ob-
served, using theontext provided by the rest of the network.
Second, different users make use of positive and negativeSuppose for example that we are about to ask player
signs differently. At the most basic level, some users pro- opinion of another playei3, but we don'’t currently have
duce links almost exclusively of one sign or the other, while A’'s answer and hence don’t yet know the sign of the link
others produce a relatively even mix of both positive and from A to B. We can nonetheless make predictions about it
negative links. We will refer to the overall fraction of pesi  from the links whose signs we do know, as follows. Suppose
tive signs that a user creates, considering all her linkegas  that we know from the data already collected tHaand B
generative baseline. Similarly, some users receive links that have each received a positive evaluation from a third player
are almost exclusively of one sign or the other, while others X. Here is a pair of facts we could conjecture about the link
receive a mix of signs. We will refer to the overall fraction from A to B, given the positive links fronk to A andB.
of positive signs in the links a user receives asrbigptive
baseline. Given this, we should compare the abundance of ® Since B has been positively evaluated by another team
positive and negative links to the generative and receptive member,B is more likely than not to have above-average
baselines of the users producing and receiving these links.  skill. Therefore, the evaluation thatt gives B should be
more likely to be positive than an evaluation given Ay
Once we incorporate these aspects of the data, we discover to arandom team member.
further mysteries — beyond just the scarcity of positive cy- e Since A has been positively evaluated by another team
cles — that seem to call for alternatives to balance theory. member,A is also more likely than not to have above-

For example, consider the casgaiht positive endorsement average skill. Therefore, the evaluation thhigives B
— a situation in which a nod&’ links positively to each of should be less likely to be positive than an evaluation re-
two nodesA and B. Suppose that in this casé,now forms ceived byB from a random team member.

alinkto B (i.e., triadtg of Figure2); should we expect there

to be an elevated probability of the link being positive, or a There are several subtleties here. First, we're using tthie in

reduced probability of the link being positive? rection provided by a third part){ to make inferences about
the relation betweer and B, based on assumptions about

In fact, in our data, the question turns out to have a more status. Second, the context providedbyauses the sign of

subtle answer than either of these alternatives. The liak th the A-B link to deviate from a random baselinedifferent



directions depending on whether we're looking at it frdra
point of view or B’s point of view. More precisely, sincB

has above-average skill, will likely give B a higher evalu-
ation thanA would give to a random team member. On the
other hand, sincel has above-average skil is less likely

to receive a positive evaluation from than she would re-
ceive from a random team member. Despite the complexity
of these conclusions, they reflect genuine and natural prop-
erties of status ordering among a group of people. They also
agree with our observations about joint positive endorsgme
in the data mentioned above.

We turn now to the data, where we will find that the users

of these on-line networks create signed links in ways that
correspond closely to the behavior of the players on our hy-

pothetical soccer team. But extracting this finding from the
data will require formulating a sequence of definitions that
captures the intuition suggested by this example.

Contextualized Links. The first portion of our definitions
capture the idea that we will evaluate the sign of a link cre-
ated fromA to B in the context of A and B’s relations to
additional nodesy with whom they have links. (For exam-
ple, the nodeX in our example who jointly endorsesand
B.) Thus, we define @ontextualized link (more briefly, a
c-link) to be a triple(A, B; X) with the the property that a
link forms from A to B after each ofA and B already has a
link either to or fromX. Overall there are sixteen different
types of c-links, as the edge betwe&rand A can go in ei-
ther direction and have either sign yielding four posdiiei,
and similarly for the edge betweex and B, for a total of

4 -4 = 16. For each of these types of c-links we are inter-
ested in the frequencies of positive versus negative ldbels
the edge from¥ to B. Figure2 shows all the possible types
of c-links, labeled;—t1¢.

Now, for a particular type of c-link, we look at the set of all
c-links (4, B; X) of this type, and ask: what fraction of the
links from A to B in this set are positive? Moreover, how
does this fraction compare to what one would expect from
the generative baselines of the nodésand the receptive
baselines of the nodeB that are involved in the creation
of theseA-B links? If we can quantify the answer to this
guestion in our data, we can look for effects like we saw in
our motivating example — there, in the case of positive links
from X to A and B, we believed the likelihood of a positive
A-B edge should exceed the generative baselind ot
should lie below the receptive baseline®f

Let's consider a particular typeof c-link, and suppose that
(A1, B1; X1), (A2, Ba; X2), ..., (Ax, Bi; X ) is alist of all
instances of this type of c-link in our data. We define the
generative baseline for this typet to be the sum of the gen-
erative baselines of all nodes. This quantity is simply the
expected number of positive edges we would ifjete let
each A;-B; link form according to the generative baseline

of A;. We then define thgenerative surprise s, (t) for this
typet to be the (signed) number of standard deviations by
which the actual number of positivé;- B; edges in the data
differs above or below this expectation. In other words, if
the context provided by the nodé and its links withA and

t1 to t3 14
a i
BH—0 B—0 O— O—X
s le 7 is
H—0 O—0 O— O—
to tio t11 12
B0 G0 GO+—" @O—
t13 t14 15 li6
B0 G0 GO+ G-
t; count P(+) Sg sr | B4 Br Sgq Sr
t1 178,051 0.97 959 1978 vV v v Y
to 45,797 0.54 -151.3 -229.9 v v v o
t3 246,371 0.94 89.9 1959 Vv v o v
ta 25,384 0.89 1.8 449 o o v Y
ts 45,925 0.30 181 -3337 o v Vv YV
te 11,215 0.23 -155 -193.6 o o v Y
tr 36,184 0.14  -53.1 -357.3 v v vV
ts 61,519 0.63 1241 -2256 v o v Y
to | 338,238 0.82 207.0 -239.5 v o v Y
tio 27,089 0.20 -110.7 -4496 Vv v vV
t11 35,093 0.53 -74 -260.1 o o v Y
ti2 20,933 0.71 172 -1134 o v Vv YV
ti3 14,305 0.79 235 24, o o v Y
t1a 30,235 069 -128 -53.6 o o Vv o
tis 17,189 0.76 6.4 240 o o o v
ti 4,133 0.77 11.9 28 Vv o Vv o
Number of correct predictions 8 7 14 13

Figure 2. Top: All contexts (A, B; X). Red edge is the edge that closes
the triad. Bottom: Surprise values and predictions based orthe com-
peting theories of structural balance and statusz; refers to triad con-
texts above; Count: number of contextst¢;; P(+): prob. that closing
red edge is positive;s,: surprise of edge initiator giving a positive edge;
sy surprise of edge destination receiving a positive edge3,: consis-
tency of balance with generative surprise;B,.: consistency of balance
with receptive surprise; Sy: consistency of status with generative sur-
prise; Sy.: consistency of status with receptive surprise.

B had no effect on the sign of thé- B link being formed,

so that each nod4; simply drew the sign of her link t@s;
according to her generative baseline, then we should expect
to see a generative surprise(ofor this typet.

We set up the corresponding definitions for the noBleas

the recipients of the links. We define theceptive baseline

for this typet of c-link to be the sum of the receptive base-
lines of all nodesB;, and we define theeceptive surprise
s-(t) to be the (signed) number of standard deviations by
which the actual number of positivé; - B; edges in the data
differs above or below this expectation.

Incorporating the Role of Status. Finally, we bring the role
of status into this theory. For this, it is useful to returrcen
more to our motivating example. When a playéron our
hypothetical soccer team gave positive evaluations to Hoth



and B, we concluded — in the absence of any further infor- Structural balance is a much weaker fit to the data: balance is
mation — thatA and B were likely to have above-average consistent with generative surprise for only 8 of the 16 $ype
status. We would have concluded the same thingAadd of c-links, and consistent with receptive surprise for only
B given negative evaluations t&§. On the other hand, if  of the 16. We also evaluated consistency of generative and
X had evaluatedl and B negatively, or had they evaluated receptive surprise with respect to Davis’s weaker notion of
X positively, then we should have concluded tHaand B balance, with similar results. The one subtlety in evaluat-
were more likely than not to have below-average status. ing the data with respect to Davis balance is that Davis’s
theory does not predict the sign of the B edge in c-link
This reasoning provides a way to assign status values to types where the two existing edges withare both negative
and B in any type of c-link, as follows. We first assign the (¢, s, t14, andtyg): for these triads, either a positive or a
node X a status of). Then, if X links positively to A, or negativeA-B link would be consistent with Davis’s theory,
A links negatively toX, we assignA a status ofl; other- and so no prediction can be made. Thus, we evaluate consis-
wise, we assign a status of-1. We use the same rule for  tency of Davis balance with respect to generative and recep-
assigning a status df or —1 to B. Thus we say that the tive surprise only on the remaining 12 c-link types; here, we
generative surprise for typds consistent with statusif B’s find consistency in 6 and 7 of the 12 cases respectively. This
status has the same sign as the generative surprise: in thisoo is much weaker than the predictions of status.
case, high-status recipiensreceive more positive evalua-
tions than would be expected from the generative baseline ofWe also consider the structure of the cases in which status
the noded producing the link. We say that the receptive sur- theory fails to make a correct prediction, analyzing thespos
prise for typet is consistent with status il’s status has the  ble strengthenings of the theory that this might hint atst-ir
opposite sign from the receptive surprise: high-status gen we observe that one of the two c-link types where status is
erators of linksA produce fewer positive evaluations than inconsistent with generative surprise is the configuraition
would be expected from the receptive baseline of the nodewhich A and B each link positively toX (typets). This
B receiving the link. is one of the most basic settings for structural balance in
Heider’'s work: if two people each like a third party, then
one should expect them to have positive relations. It thus
suggests where users of these systems may be relying on
balance-based reasoning more than status-based reasoning

Results

We now evaluate the predictions of these theories on the two
networks, Epinions and Wikipedia, for which we have data
on the exact order in which the links were created. We focus
our discussion on Epinions, for which the data is an order of
magnitude larger; the results are quite similar on the small
Wikipedia dataset, with differences that we note below.

We can get further insights from the cases where status the-
ory is inconsistent with the data. In particular, the 16rd«li
types can be divided into four groups of four each, based on
whetherA has high or low status relative 6, and whether

B has high or low status relative t8. In looking at where
status theory makes mistakes, it is almost exclusively en th
c-link types whered and B are both posited to havew sta-

tus relative toX. This corresponds to the types ts, t14,
andt;5; we observe that with respect to generative surprise,
both of status theory’s mistakes occur on types of this form,
and with respect to receptive surprise, two of status thgory
I_three mistakes occur on types of this form.

We consider four theories to explain the signs of the links
that are produced. The first two are the consistency of sta-
tus with generative and receptive surprise, as just defined.
The other two theories are the analogous forms of consis-
tency with Heider’s original notion of balance. Specifigall
we say that Heider balance is consistent with generative sur
prise for a particular c-link type if the sign of the generati
surprise is equal to the sign of the edge as predicted by bal
ance. Analogously, we say that Heider balance is consisten
with receptive surprise for a particular c-link type if thgrs

of the receptive surprise is equal to the sign of the edge as
predicted by balance.

tEven further, the mistakes of status with respect to genera-
tive and receptive surprise on these types constitute alatur
“duals” to each other. Note first that if we reverse both the
direction and the sign of an edge, we preserve the status re-
lation of the two endpoints (e.g. a positive link framto

X or a negative link fromX to A both suggest thatl has
lower status tharX'). With this in mind, we observe that if
we take the typess andt¢;5 on which status theory makes
its two mistakes with respect to generative surprise, and we
reverse the directions and signs of both edges involwing

we get the c-link types, andt;, — these are the other two
and c-link types whered and B have low status relative t&,

and they are two of the three types on which status theory
makes mistakes with respect to receptive surprise.

We find that the predictions of status with respect to both
generative and receptive surprise perform much bettenagai
the data that the predictions of structural balance. Indeed
status is consistent with generative and receptive s@rpns

the vast majority of c-link types; as shown in Figieit

is consistent on 14 and 13 types respectively. This includes
the case of joint endorsement (tyfein Figure2) — which
is in fact the most abundant type of c-link in the data —
also includes the natural counterpart of joint endorsenient
which A and B each link negatively toX (typets). It also

includes the case of a positive cycle (type), discussed ¢, "+, "andt.s, and one moret,. We find this close alignment

earlier as welf quite surprising given the very different kinds of actiegithat the

Epinions and Wikipedia links represent. On Wikipedia, s$as
10on the Wikipedia dataset, the results for receptive supsi® also consistent with generative surprise on 12 of the 16 tyipes,
almost identical; status is consistent with receptive ssepn all c- though here the types where there Is inconsistency diffeeritom

link types except for the same three exceptional cases asoBpj Epinions:t14 (as in Epinions)¢s, ts, andtqe.



Epinions | Count | Probability
P(+]+) 38,415 0.969
P(—|+) 1,204 0.031
P(+|-) 1,192 0.692
P(—|-) 560 0.308
Wikipedia | Count Fraction
P(+[+) 2,509 0.945
P(—|+) 145 0.055
P(+]-) 193 0.706
P(—]-) 80 0.294

Table 4. Edge reciprocation. Given that the first edge was ofign X
P(Y'|X) give the probability that reciprocated edge isY .

Itis thus natural to conjecture that the use of signed lirdks d
viates most strongly from status theory whéiis predicted

to impute low status to both herself aid Now that this be-
havioral asymmetry has been identified in the data, via ou
formulation of this theory, developing a more refined theory
of status that takes this asymmetry into account is an inter-
esting direction for further work.

r

RECIPROCATION OF DIRECTED EDGES
Thus far we have found that balance theory is a reasonabl
approximation to the structure of signed networks when they

are viewed as undirected graphs, while status theory bet-
ter captures many of the properties when the networks are

viewed in more detail as directed graphs that grow over time.

To understand the boundary between these two theories an
where they apply, it is interesting to consider a particular

subset of these networks where the directed edges are use

to create symmetric relationships. This subset is the colle
tion of edges that areeciprocal: cases in which there are
two nodes4 and B such that4 links to B and B also links

to A. (If the B-A link forms after theA-B link, we say that

B reciprocates the link to A.) In our data, only about 3-5%
of the edges represent the reciprocation of an existing link
so this is far from being a dominant mode of link creation on
these systems. But it is an interesting mode of link creation
in that it represents a directly mutual relationship betwee
two individualsA and B, which is the setting in which bal-
ance theory has been more relevant to our earlier analyses.

Our findings for this type of linking suggest the following
intuitively natural picture: in the relatively small paoti
of these networks where mutual back-and-forth interaction

Epinions Triads | P(RSS | P(+|+) | P(—|-)
Balanced 348,538 0.929 0.941 0.688
Unbalanced|| 74,860 0.788 0.834 0.676
Wikipedia Triads | P(RSS | P(+]+) | P(—]-)
Balanced 53,973 0.912 0.934 0.336
Unbalanced|| 13,542 0.661 0.878 0.195

Table 5. Edge reciprocation in balanced and unbalanced trids. Tri-

ads: number of balanced/unbalanced triads in the network where ae

of the edges was reciprocated.P(RSS): probability that the recipro-
cated edge is of the same sigrP(+|+): probability that the + edge is
later reciprocated with a plus. P(—|—): probability that the — edge is
reciprocated with a minus.

tion, as shown in Tabld. When aB-A link reciprocates a
positive A-B link, this B-A link is positive well over 90%
of the time — much higher than the roughly 80% fraction of
positive links in the system as a whole.

Reciprocation of a negativé- B link, on the other hand, dis-
plays ingredients of both theories. Whdrinks negatively

to B and B subsequently links tal, balance theory predicts

a negative link while status theory predicts a positive one
(since A should have higher status). In the data, sl

dinks are positive roughly 70% of the time. This shows that

users respond to a negative link with a positive link a major-
ity of the time, but still at a rate below the 80% fraction of
positive links in the system as a whole, suggesting a devia-
tion in the direction of the balanced-based interpretation

Jrrom Tabled, it is also interesting to observe how similar the

probabilities for all kinds of reciprocation are betweee th
fyvo systems Epinions and Wikipedia. This is particularly
striking given how different the level of public display of
link signs is on these systems; it suggests that these rates o
alignmentin the signs are being driven by forces that may be
relatively robust to the way in which link signs are presdnte

The Role of Triadic Structure in Reciprocation

We now consider how reciprocation betwednand B is
affected by the context oft and B’s relationships to third
nodesX. Specifically, suppose that atr B link is part of

a directed triad in which each of and B has a link to or
from a nodeX. Now, B reciprocates the link tel. As in-
dicated in Tablé&, we find that theB-A link is significantly
more likely to have the same sign as theB link when the
original triad onA-B-X (viewed as an undirected triad) is
structurally balanced. In other words, when the initlaB-

takes place, the principles of balance are more pronouncedX triad is unbalanced, there is more of a latent tendency for

than they are in the larger portions of the networks where
signed linking (and hence evaluation of others) takes place
asymmetrically. In other words, users treat each otheediff
ently in the context of back-and-forth interaction than whe
they are using links to refer to others who do not link back.

We summarize the results in Table First, we find that
the reciprocation of positivel-B edges is closely consis-
tent with balance rather than status, while the reciproaoati
of negative edges seems to follow a hybrid of the two prin-
ciples. Specifically, ifA links positively to B, then balance
predicts thatB3 should link positively toA, while status pre-
dicts thatB has the higher status and should therefore link
negatively toA. For the two systems in which we have data
on the order of edge creation — Epinions and Wikipedia —
we find that the data clearly supports the balance interpreta

B to “reverse the sign” when she links back4o The effect
holds in all cases; it is more pronounced in Wikipedia than
in Epinions, which is interesting given the difference imho
public the edge signs are.

This result further indicates how balance-based effeesise

to be at work in the portions of the networks where directed
edges point in both directions, reinforcing mutual relatio
ships. We conjecture that this tension between mutualitly an
asymmetry in different parts of the network will be relevant
in understanding more deeply the interplay between status
and balance effects in shaping the formation of links.

FURTHER STRUCTURAL ANALYSIS OF SIGNED LINKS
Finally, we explore some additional connections between
network structure and the signs of links, focusing on the em-



ot Size Clustering Component
bed_d.edn.ess of edges and on the sybgraphs consisting only of Nodes| Edges| Real| Rnd|| Real| Rnd
positive links and only of negative links. For these struatu

. Epinions:— || 119,090] 123,602 0.012] 0.022 ]| 0.308 | 0.334

results, we analyze the networks as undirected graphs. Epinions:+ || 119.090| 717.027 || 0.093 | 0.077 || 0.815| 0.870
Slashdot— 82,144 | 124,130 0.005 [ 0.010| 0.423| 0.524

Embeddedness of positive and negative ties Slashdot+ 82144 425072)) 0.025] 0.022 || 0.906 | 0.909
We begin by trying to characterize the parts of the network Wikipedia: — 71151 21,9841) 0.028 1 0.031 1/ 0.583 | 0.612
gin by trying p Wikipedia: + 7,115| 81,705|| 0.130| 0.103| 0.870| 0.918

in which positive ties are more likely to occur. Roughly, we Table 6. Networks composed of only positive (negative) edgeReal:

fiﬂd that pos_itive.ties are more likely to l?e clur_nped together network induced on the positive (negative) edgesind: network where
while negative ties tend to act more like bridges between edge signs are randomly permuted.Clustering: fraction of closed tri-

islands of positive ties. ads (closed triads divided by number of length 2 paths)IComponent:
fraction of nodes in the largest connected component.

We explore this issue in Figui2 by plotting the probabil-  Table 6 summarizes several structural properties of these

ity that an edge is positive as a function ofétabeddedness networks and their randomized variants. First, we consider

, i.e., the number of common neighbors that its endpoints the amount otlustering, defined as the fraction oi-B-C
have [L2], or equivalently, the number of distinct triads the paths in which thed-C' edge is also present (thus forming
edge participates in. For each dataset we plot two curves.a “closed’triadA-B-C). In all three datasets, we find that
In green, we show the results of a random-shuffling base- the all-positive networks have significantly higher cluste
line — the sign probability we would get as a function of ing than their randomized counterparts, and the all-negati
embeddedness if edge signs were determined randomly anghetworks have significantly lower clustering. This further
independently with probability for each edge. As is clear, reinforces the observation that positive edges tend toroccu
there is no dependence here between an edge’s sign and itik clumps, while negative edges tend to span clusters.
embeddedness, so the green curve is approximately flat.

Interestingly, both the all-positive and all-negativewatks
However, in the real data (red) we see a completely different are less well-connected than expected, in the sense that the
picture. Edges that are not well embedded (with endpoints largest connected components are smaller than those of thei
having fewer than around 10 shared neighbors) tend to berandomized counterparts. While this may seem initiallyrtet
more negative than expected based on the background probintuitive, one possible interpretation is as follows. Tlieng
ability p of positive ties. However, as an edge is more em- components of real social networks are believed to consist
bedded (participating in more triads) it tends to be increas of densely connected clusters linked by less embedded ties
ingly positive. That is, a link is significantly more likelpt  [11, 19]. The all-positive and all-negative networks in the
be positive when its two endpoints have multiple neighbors real (rather than randomized) datasets are each biased to-
(of either sign) in common. These findings are consistent ward one side of this balance: the all-positive networkshav
across all three datasets. This suggests that positivesedgedense clusters without the bridging provided by less embed-
tend to occur in better embedded (densely linked) groups ofded ties, while the all-negative networks lack a sufficient
nodes, while negative edges tend to participate in fewer tri abundance of dense clusters to sustain a large component.
angles, which indicates that they act as connections betwee
the well-embedded sets of positive ties. We also consider the fraction of nodes that are outliers with

respect to in- and out-degree in the all-positive and ajjatige
As mentioned in the Introduction, this observationis not pa networks — with degrees exceeding twice the mean for the
of the formulation of balance theory (and does not follow network. (For reasons of space, these numerical results are
from it), but it is consistent with the notion from social- not shown in the table.) These outlier fractions remainrdbrg
capital theory of embedded edges being more “on display” unchanged when the edge signs are randomized, with two
[3, 5]. Moreover, among our three datasets, this phenomenonexceptions that each hint at interesting conclusions fer th
is most pronounced for the Wikipedia voting data. This is effects of displaying signed edges to users. First, the frac
also the only one of the three sites where the social relation tion of outliers for positive in-degree is higher than exjeec
are explicitly displayed to a broad set of users — thus pgittin - on Wikipedia, where edge signs are more public. This sug-
the relations even more highly on display. Thus these @sult gests a possible tendency for an excess of users to conform
are particularly well explained in terms of implicit pressu  to already positive voting outcomes. Second, the fraction

to remain positive. of outliers for negative out-degree is lower than expected
on Epinions and Slashdot, where edge signs are less pub-
All-Positive and All-Negative Networks lic. This is a bit more surprising; it suggests that desyiee t

To explore further the different roles played by positivelan /€SS public nature of the signs, there are fewer people who
negative links in these networks, we study the sub-networksare prohflc_ in their negative evaluations — either because
composed exclusively of the positive links and exclusiedly ~ the dynamics of these sites suppresses this type of peaple, o
the negative links. That is, we define the all-positive netwo ~ Pecause they are not attracting people who engage in it.

to be the subgraph consisting only of the positive links, and

the all-negative network to be the subgraph consisting only CONCLUSION

of the negative links. We also compare these to randomizedSocial networks underlying current social media sitesrofte
baselines, in which we first randomly shuffle the edge signs reflect a mixture of positive and negative links. Here we
in the full network, and then extract the all-positive anld al  have investigated two theories of signed social networks —
negative networks from these shuffled versions. balance and status. Balance is a classical theory from so-
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Figure 3. Embeddedness of positive ties in the network. Morembedded edges tend to be more positive.

cial psychology, which in its strongest form postulateg tha 2
when considering the relationships between three peadple, e
ther only one or all three of the relations should be positive
Status is a theory dlirected signed networks which postu-
lates that when persat makes a positive link to persas,
then A is asserting thaB has higher status — with a neg-
ative link from A analogously implying thatl believesB

has lower status. These two theories make different predic-
tions for the frequency of different patterns of signed $ink

in a social network. On networks derived from Epinions,
Slashdot, and Wikipedia, we find that each model predicts
certain kinds of social relationships, and that there isrgjr
consistency in how the models fit the data across these three 7
relatively different settings. Moreover, differences @sults
between the datasets highlight some interesting aspects of 8
how the sites present information.

9.

We have discussed the central interpretations of our firsling
and here we briefly review some of the most salient. When

the networks are viewed as undirected graphs, we find strongj .

evidence for a weak form of structural balance, observing
that in all three datasets triangles with exactly two puesiti
signs are massively underrepresented in the data relative t
chance, while triangles with three positive edges are over-
represented. We further find that a link is significantly more
likely to be positive when its two endpoints have multiple
neighbors (of either sign) in common — a finding that con-

nects balance with notions from the theory of social capital 13.

This is particular pronounced for Wikipedia, where the sign
of edges are also the most publicly prominent.

When the networks are viewed as directed graphs, on thel5.

other hand, incorporating the fact that each link is crebted
one individual to point to another, we find that many of the

basic predictions of balance theory no longer apply. Irtstea  16.

the signs of directed links closely follow the predictiorfs o

the theory of status we develop, in which inferences about 17
the sign of a link fromA to B can be drawn from the mutual
relationships thatl and B have to third partieX . The signs
and directions of these relationshipsXoprovide informa-

tion about the status levels af and B, which in turn accu-
rately predict the deviations in the sign of their interanti
from broader background distributions. Investigatindentif

ent contexts for links, and the differences between one-way
and reciprocated links, sheds further light on the subtigswa

in which users of these systems draw on behaviors rooted in

both balance and status when they link to one another. 20
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