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Abstract—The classic influence maximization problem finds a etc. Often, online campaigns have limited budgets and can-
limited number of influential seed users in a social network sch ot afford to directly reach to all members of their target
that the expected number of influenced users in the network, population. In such scenarios, it is desirable to minimize t

following an influence cascade model, is maximized. The préd&m . . .
has been studied in different settings, with further generézation number of seed users as permitted by the budget, while still

of the graph structure, e.g., edge weights and polarities,arget Maximizing the spread of the campaign in the target audience
user categories, etc. In this paper, we introduce a unique ftuence Furthermore, due to the existence of subgroups with dif-
diffusion scenario involving a population that split into two fering views, relationships between social network uséss a
distinct groups, with opposing views. We aim at finding the tp-k include negative ones, such as foe, spite, and distrusioreda

influential seed nodes so to simultaneously maximize the apiion Indeed si d ial networksontaining both it d
of two distinct, antithetical opinions in the two groups, respec- ndeed,signed soclal networksontaining both posiuve an

tively. Efficiently finding such influential users is essentil in a Negative relationships are ubiquitous [21]. For examplehe
wide range of applications such as increasing voter engagemt explicit category, users can directly tag the polarity (s
and turnout, steering public debates and discussions on setal or negative) to the relation between two users, €&ginions
issues with contentious opinions. We formulate this novelpblem SlashdotEbay, and other online review and news forums. In
with the voter model to simulate opinion diffusion and dynamics, . . : . . e . )

and then design a linear-time and exact algorithmCOSiNeMax, the |mpllq|t Category, the relationship polarities Can"blﬂe‘d
while also investigating the long-term opinion characterstics in  from the interaction data between users, such a3piitter a

the network. Our experiments with several real-world datagts useru may support some users whom she follows (positive)
demonstrate the effectiveness and efficiency of the propase and be against the others (negative). Following commonesens
algorithm, compared to various baselines. and past literature on signed networks (including $eic-

|. INTRODUCTION tural balance theory[4], [17], [18], we assume that positive

A central characteristic of social networks is that it facil relations carry the influence in a positive manner, that is, a
tates rapid dissemination of information among large gsoupser would more likely trust and adopt her friends’ opinions
of individuals [6]. Online social networks, such Bacebook ©On the other hand, negative relations tend to carry influémce
Twitter, LinkedIn Flickr, and Digg are used for spreading?@ reverse direction, i.e., if a user’s foe chooses some @mini
ideas and messages. Users’ behaviors and opinions arg high¢ user would more likely be influenced to select the opposit
affected by their friends in social networks, which is defineone. Ignoring such relationship polarities between users a
as thesocial influence Motivated by various real-world ap- treating signed social networks as unsigned ones wouldtresu
plications, e.g., viral marketing [9], social and polificam- in over-estimation of positive influence spread, therebylieg
paigning [8], social influence studies have attracted esiten t0 lower-quality solutions.Social influence can be further
research attention. The classic influence maximizatiohlpro  complicated when competing campaigns are simultaneously
[15], [9] identifies the topk seed users in a social network suci§Pread over a signed social network. Therefore, influenck an
that the expected number of influenced users in the netwodRinion dynamics in a signed social network is a critical
starting from those seeds and following an influence diffusi Problem that, unfortunately, remains pretty much apen
model, is maximized. The budgét on the seed set size In this work, we investigate anovel influence diffusion
usually depends on how many initial users the campaigner ddi@blem: COSiNe (Contrasting_®inions Maximization in a
directly influence by advertisements, re-tweets from “hotsSigned Social Newvork). We find a limited influential seed
free samples and discounted prices. nodes which maximize the adoption of two distinct, antithet

In reality, societies are complex systems, and polarize in§al opinions in two non-overlapping user groups with oppgsi
groups of individuals with dramatically opposite perspext. Views. The objective behind such influence maximizatiomis t
This phenomenon is also evident in online social network&eate awareness in a population by improving the quality of
based on political affiliations, religious views, contresial the debate on naturally contentious issues.
topics, personal biases and preferences [12]. Therefany e® Applications. An ideal application of our problem would
campaign is generally launched and promoted with certdd§ to increase awareness about infrequently discusseesissu
target audience in mind, e.g., all Republican voters, peophat are nonetheless controversial (such as capital pueist

who prefer jazz over metal music, or Android over iPhoneBuclear energy, or affirmative action) — in a target popaotati
that naturally splits into two distinct ideological groufssich

This work was done when the first author was intering at Nagyeechnological 55 democrats and republicans)' in a forum that extensi\&}Iy d
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expectations, polarization of opinions and increased mtnfleach other, leading to a decay in the influence strength on
can often be beneficial [14], [20], [11], [1], as discussed iany given user. Our model does not mandate that a user’s
the following. choice be frozen upon one-time activation, explicitly afiog

The benefit of conflicting opinions among collaboratoréie user to switch opinions at later times. Moreover, voter
has been clearly observed in Wikipedia. Controversiatiati model, being a stochastic one (it has a random walk based
such as those on the Syrian Civil War, Israel/Palestine, iterpretation, which will be introduced if II), can deal
George W. Bush attract a higher number of edits. High#fith signed networks that are not perfectly balanced. We
polarization in the contributing community is associateithw then define our novelOSiNe problem (contrasting opinions
higher article quality for a broad range of articles — fronnaximization), and design an efficient, exact solution.
politics to science and social issues [20]. Increased siyer ~ The main contributions of this paper are as follows.
is often correlated also with greater business performancees We study the novel problen€COSiNe) of finding the top-
Similarly, disagreements amongst co-workers have beamdfou & seed nodes that maximize the adoption of two distinct,
to improve the decision making capabilities at the orgditiaa antithetical opinions in two given non-overlapping sets of
level. Thus, encouraging different opinions about the same target users, respectively, in a signed social network. We
topic can be leveraged to improve the productivity of the adapt the voter model to formulate our problengin
organisation [11]. When dealt with correctly, such difices  « We design a linear-time, exact solutioG@SiNeMax)

in thought and opinions are a force for good. for our problem. We demonstrate its correctnes§lih
Lastly, we illustrate an example from the world of politics ¢ We further characterize two different long-term opinion
that is most similar to our “ideal” application scenario.ll4e dynamics in a signed social network under extreme

the American presidential system, in countries based upon Scenarios, and investigate how our proposed method,
the Westminster parliamentary system, there is an apmbinte COSiNeMax finds the seed nodes intelligently under
head of government, different from the head of the state, and Such extreme situationgly).

an appointed head of opposition. This balance between the We conduct a thorough experimental evaluation with sev-
government and the opposition is considered integral to the eral real-world signed social networks to demonstrate the
success of a functioning democracy in diverse countries suc ~ effectiveness and efficiency of our algorithm, compared
as in Britain and in India [1]. An equivalent analysis was tO various baseline method§\).

made for the political system in the United States of America Il. PRELIMINARIES

in 1950 by the American Political Science Association [14]

. : We model a social network as a signed, directed graph
which recommended a stronger two party system in order to ) ) .
strengthen the democratic process. Both these analyses p\évfth edge weights(; = (.V’ E,A), whe_reV is the set_of
) des (users)y C V x V is the set of directed edges (links,

to the importance of o_pposmo.n in_political dlsc_ourse, ang%nnections, follower/followee relations, etc.), aAdis the
go on to show that policies being enacted and implementéd. . . .
W?lghted adjacency matrix withd;; # 0 when the edge

et RS Sesmnll) < w4, being the wegh o te odge. )
P q peop Pre e weight 4;; represents the strength g¢fs influence on

hold opposing beliefs on a given issue, and thus maximizing Moreover, as we consider a signed graph, the adjacency

opposing m_fluence_s can be beneficial for a_Ieg|sIat|ve bog?ﬁ/atrix A may contain negative entries. A positive entty;
from the point of view of the general population.

indicates a positive relation, i.e.,considers; as a friend or
e Challenges and contributions.Contrasting opinions max- ¢ trusts j, whereas a negative entyy;; denotes a negative
imization, as required in our problem setting, is a nonidliv relation, that is,i considers;j as a foe, or distrusts;. The
one. First, one must employ an influence cascade model thhsolute valugA;;| represents the strength of this positive or
has properties different from those for commerca@ig-time negative relation — the higher, the stronger. We furtherotken
product purchasingased marketing strategies. For exampléy A+ and A~ the (unsigned) matrices with only positive and
people’s opinions change over time; thus, activation bassdgative entries ofA, respectively. ThusA = A+ — A~.
models, such as independent cascade (IC) and linear thdesho |nformation Diffusion Model
(LT) models [15] are less appropriate in political contexts The voter model was first introduced in [13], [7] to in-
Second, in reality a signed social network might not bgestigate territorial conflicts between two species andemor
perfectly balanced [18], that is, there may not exist a parti abstractly, the properties of infinite systems of stochasti
Vi, V, of the node seV, such that all edges with; andVz  processes. It was then studied for maximizing influence in
are positive and all edges acrdgsandV» are negative. Such unsigned networks [10] and over signed networks [18]. We
a network does not follow the social balance theory, and adgisdate the model from prior attempts in order to more natu-
more complexity to the social influence cascade. rally simulate the spread @vo contrasting ideasD; andO,

In this work, we employ thesoter model[7], [13], [10], simultaneouslyn the same network.
[18] to characterize influence diffusion in the two popwdati  We associate with each node a floating point vaiuien
groups of a social network. We define our model such théite range[—1, 1], that probabilistically determines the node’s
opposite influences, when applied on the same user, carmgébpted ide&@; or O,. The diffusion happens at discrete time



steps, and th€ value at every node can change with each time
step. The opinion or idea adopted by nadat time stept is
represented b¢',(i): C(i) — 1 implies that the user is likely
to adopt the ideaD; at time stept, whereasC;(i) — —1
denotes that the user is likely to adopt the idea at time

The voter model can be described in matrix form in terms
of the opinion vector and &ransition matrixP = D~ 'A.
Here, D is a diagonal matrix that consists of all entries of
(AT 4+ A7) -1 in its diagonal. From Equation 1, we get:

+ —
stept. In particular, the probability of nodeadopting ideaD; Cyi) = % ‘EVAij — Az _1(5)
at time¢ is defined ag(0;) = *%% and the probability I SievlAal
: - N _ 1-G() Ay
of i adopting ideaO; at timet is p(O) = —3"2. The — C(i) = Syev 0, () 3)
two probabilities are defined so that they always sum up to Yiev|Aal
one. In our voter model, each node starts uninfluenced in the — Cy =D 'AC;_1 =PC;_1 = P'Cy

beginning, i.e.C; = 0 at timet = 0, except those nodes being - gjmilar to the opinion vector, we define a partition vector
influenced as seed nodes for idéasor O- by the campaigner. p to describe two target populatiol§ and Vz. We define

For seed nodesy = 1 andCy = —1, respectively. elementp; in this vector, for each nodec V, as below:
At every time stept, each node € V adopts the idea of

its outgoing neighbouy € V' with probability p = E';“‘X'” if B o ?f z.e i
A;; > 0, and adopts the opposite ideaAf; < 0. Formally, pi=y b if i€V )
C (i) 0 ... fieVAi¢g (VLU
+ A~ The effectiveness, of the advertising campaign across both
= Yjev <+Ct—1(j)> —Xjev <¢ t—1(J ) target populations can now be measured by using the scalar
Tiev|Aal iev|Ail T . 2
product formulae; = p* - C¢. This promotes opiniorO;
5 AL - A{jc ) in partition ¥, and opinionO, in partition Vs, while also
T I S evIAu] t-107) penalising the reverse situation, thatds, in V5 andO, in V;.

(1) The formulation correctly ignores the opinions of the nodes
There is also an alternativeandom walkinterpretation of that do not belong in eithe¥; or V5, that the campaigner is
this voter model [18]. In this interpretation, we consider agnostic towards. It is worth noting that is a function of
walk across the graph that starts at an arbitrary nedét three parameters. (1) Future time stefnput to the problem,
each time step, from the current nodean outgoing edge (2) p: which defines two non-overlapping target groups and is
i — j is chosen with probability = EI;?XJ” for the random provided as an input to the problem, and (3): the seed set
walk. This walk is deemed to terminate at timeon some that needs to be determined.
nodev. Then, according to the voter modél;(u) = Co(v) if We consider budget on the number of seed nodes, which
the pathu — --- — v has an even number of negative edges an input parameter. We are now ready to define our problem.
(a positive path, andC;(u) = —Cyp(v) if the path has an odd
number of negative edges (egative path Problem 1. [COSiNe] Given a signed, directed graph with
By defining the voter model this way, opposite influencegdge weightsGG = (V, £, A), a future time steg > 0, p
on a particular node tend to “cancel” out. The voter moded alyector which defines two non-overlapping target grolipsl,
allows the opinion of a user to flip between two contrastinipr two contrasting ideasD; and Oz, respectively, and a
ideas, based on her neighbors’ influences. Thus, our voetdgetk on the total number of seed nodes, find the top-
model is different from one-time, activation-based infloen seed nodes, together with their advertisement types (eetwe
propagation models (e.g., independent cascade (IC) aearlinO: and O.), such that the effectiveness= p” - Cy of the
threshold (LT) models [15]), and we employ it to study opimiocampaign is maximized.
diffusion and formation in online signed social networks.

IIl. ALGORITHM: SHORT-TERM OPINIONS MAXIMIZATION

B. Problem Statement In this section, we design an efficient aeglactalgorithm
Two non-overlapping group®:; and V> among the social for the COSiNe problem and with a given, finite time step

network users are given as an input to our problem, such that, o \we refer to this as “short-term” singecould be small

VinV, = ¢ andVy UV, C V. The campaigner aims atand we do not look for characteristics of the opinion dynamic
influencing all nodes irV; with the idea0O, and all nodes in g5t —s 0. The long-term case will be discusseds§inV.

V5 with the ideaO,. Clearly, the users outside both the groups our strategy for finding the most influential seed nodes
Vi and V> have no business value to the campaigner. is as follows. We compute the amount of influence of each
We define arppinion vectorCt, according to the opinions pnode on the rest of the network at timelt turns out that,

of all the nodes in our network at any specific timeThus, according to our voter model, selecting the tofndividually

for a network with|V| = n nodes: most influential nodes as the seed nodes is equivalent to the
C4(0) set of k nodes with the highest influence. The correctness of
L = Ce(1) 2) our algorithm is proved irg 111-A.

: Our complete algorithmCOSiNeMax is given in Algo-
Ci(n—1) rithm 1. To find the individual influence powefi) of each



nodei € V, we simulate random walks in the reverse directioflgorithm 1 COSiNeMax: Maximize Contrasting Opinions
of the actual influence diffusion (Lines 1-14). The number dfequire: Signed graptG = (V, E, A); time stept > 0; p vector to define two non-

walks terminating at a specific node can thus be used as ag‘fjg?t’,f'”g target groups’, V2 for two contrasting ideas);, Oz, respectively;
measure of the node’s ability to influence other nodes, basadure: setQ of topk nodes, with their advertisement types (betwe2n and O>),

that maX|m|zeSft = p - Cy
on our voter model. We next select the tbmodes having the ;. 5" "5%1'4

> Transition Matrix of G

maximum absolute influence power individually as the see:d €+ [0,0,0,...,0] > Initialise row vector of sizg V|
set (Lines 15-37). Furthermore, for a seed ngdé <(j) is 3 fm,}jelv‘lvﬂ‘}gﬁ

positive, it is influenced with ide@; ; otherwise the seed node 5: eli] + +1

is influenced withO, (Lines 29-33). g; e'see['lf.f S Vo then

A. Proof of Correctness 8. else

We prove the correctness of Algorithm 1 in two stepsl% enj[,if] <0

First, we show that the aggregate of the individual mfluendlé fnd for d
of k nodes is identical to the influence strength of the saf. ™ | < 1%

consisting of the samk nodes together (Theorem 1). Second;4: end fog ibution of | s at i
we demonstrate that the seed set formed by thektopdes 1s.%,,> Gorouion of reverse random walks at time wplesti € V. (i)

as selected by Algorithm 1 is indeed the best seed set glvle6n>f (1) de{wIt‘e;S‘ tge individual influence of node
or j <+ o

inputs G, t, k, andp (Theorem 2). 17 sieel) < then
Theorem 1. Lete; = p” - C; be the total influence of a seed!8: insert (2, (j, |e[]))
set() consisting oft nodes. We denote ley(i) the individual 2o: " Eg;;fﬂjg‘ O
influence of a node € Q. Then,e; = >, €:(7). g% elseopimm(j) o,
Proof. We denote by the seed set witlk nodes. The subset %‘315 | end if

of seed nodes influenced by the idéa is denoted af2*, 5 ese@yr(m  min(€) > min is based onr() values
whereas the subset of seed nodes influenced by the(geaZz6: it [e[j]| > 7(i) then

is denoted a)~. Clearly, 2, N Qs = ¢ andQ; U Qs = Q. §8§ {rfs”;‘r’t"&gf’{jfZl’ifj(ﬁ);))
Let ¢; be the total influence by the seed $&t whereas we 29: if €(j) > 0 then
represent by, () the individual influence when the seed sef: o P imion{d) = O
consists of the single nodec (. gg endOifpinion(j) — 02

Consider three vectorg,, ez, ande;, each having di- 3y ond if
mensionality[V|. They represent various subsets ©f e; 35 endif
consists Of|V| — 1 zeros, with Only thei-th element bemg gg ?:tgraorﬂ, Opinion(i : © € Q) > Optimal seed nodes, with their advertisement
+1 (depending on whether has been influenced with idea types betweerD; andO.
O, or O, respectively), representing the singleton $et.
Analogously,e; consists of+1 corresponding to all nodes in
the set();, ande, consists of—1 for all nodes in the sef,. following holds: ¢; > ¢; for all nodesi,j € V, such that

The rest of the elements i, ande, are zeros. Formally, Jj € 2 andi ¢ €.
0 {0 if j ¢ O o) {0 if j ¢ Qo We demonstrate that for any other seed Q&t such that
€1\J) = =

L O £ Q, || = |Q] cannot have more influence than that of
-1 e, Q. Let us defines’ = @'\ Q, w = Q\ &, ando = Q' N Q.
0 ifj#i Note that since the size of both and Q' is k, |w'| = |w|.
ei() =41 ifj=i je We_ prove by contradiction: Following Theorem 1, and if
1 =i je possible, we assume thacoe; > Xjcne;. Then, we get:

+1 |f]€Ql

(5) Yicare; > Yjcq€;
Thus,e = e; + ey is the vector denoting the seed s$et= = Yicw Uoki > XjcwUo;
Q4 U Q9. Next, we derive the following. — Vicw€i + Dicobi > Djcwej + Sjco;
e=p" - C,=p" - (Ple) > Following Equation 3 s Siewa > Sjeut @)
=p" Plle; + e3) = p~ - P! (Sica, (&) + Zica, (€)) — J(i ew’,j €w) suchthat ¢ > ¢;
= Siea(p’ P'e;) = Tica(p’ Cy(i)) > By Equation 3 — 3(i¢0jeQ) suchthat ¢ >¢;
= Yic€

6) This contradicts that Algorithm 1 selects the tejndividually
Hence, the theorem. most influential nodes into the seed SetHence, the theorem.
Theorem 2. The seed se&f, consisting of the top-individu- Time Complexity

ally most influential nodes as selected by Algorithm 1, is theThe slowest step in our method is random walk simulation

optimal seed set having size o (Lines 12-14), that require®(|E|t) time. Thus, the time
Proof. Notice that Algorithm 1 selects the tdpindividually complexity of our algorithm isO(|E|t), which is linear in
most influential nodes into the seed 4@t Therefore, the he size of the input graph. For details, we refer to [19].



IV. LONG-TERM OPINIONS FORMULATION influenced with opinionD;, and otherwise with opinioi®,.

We now turn our attention to the long-term scenario, thdtis concludes that the seed nodes@arwill only be selected
is, opinion dynamics as — oc. In particular, we consider from groupVi, and those foO, will be picked only fromVs.
two extreme scenarios with respect to the two non-overtappi  Secondfor socially balanced partitions, if all seeds 6k
groupsV; andVs in the signed social network. For simplicity,are from Vi, and all seeds foO, are fromVz, then att —
in this section we shall assume tHatUV, = V and the graph oo, nodes inV; will adopt opinionO; and nodes inVa will
is strongly connected. adopt O,. This holds because each path from any seed in
e Socially balanced partitions: With respect to partitions V1 to some other node ifr; will always be a positive path,
Vi, Vs, all intra-partition edges are positive, and all interthereby carrying the same opinion as that of the seed @9,
partition edges are negative.Socially anti-balanced parti- Whereas every path from a seediinto some other node i
tions: With respect to partition®?, V5, all intra-partition edges Will be a negative path, thereby carrying the opposite @pini
are negative, and all inter-partition edges are positive.  to that of the seed (i.e., alg0;).

Remarks. First, even though most real-world datasets d- Socially Anti-balanced Partitions
not exactly fall under the above two categories, a realavorl We show thatif all seeds ofO; are from Vi, all seeds
network could resemble one of them. For example, we obsef@é O2 are from V2, and whent — oo, then anti-balanced
that the Taggeddataset that we use in our experiments, h&artitions switch opinions betweeft; and O, at even and
more than three times as many positive inter-partition sedgedd time steps, respectivelfl) Even time stepst-or even
than all other kinds of edges combined, thereby making the§@e steps, we consider paths of even lengths. Among such
partitions close to socially anti-balanced partitions. &ya- Paths, all paths that begin and end in the same partition have
lyzing the long-term opinion dynamics for the two categsyiePOsitive signs (due to even number of negative edges), and al
we demonstrate how intelligently our algorithm finds thedsed®aths that begin and end in different partitions have negati
nodes even under such extreme situations. Second, we emsigjs (due to odd number of negative edges). Hence, this is
our algorithm,COSiNeMax in all scenarios, as its optimality identical to the situation in socially balanced partitipasd
has been proved ifilll-A irrespective of future time step, Similar results hold. In other word¢l) COSiNeMax will
graph structures, and node partitions. select all seed nodes @b; only from the users i/, and

For ease of discussion, we definsigned pathin a signed, all seeds forO; only from V4. (2) For socially anti-balanced
directed social network as a sequence of nodes with the edgaglitions, if all seeds o), are fromV;, and all seeds foD,
being directed from each node to the following one. Trgth are fromVs, then att — oo, with ¢ being even, nodes i,
of the pathis the total number of directed edges in it. Tsign Will adopt opinionO; and nodes i/, will adopt O,.
of a pathis positive if there is an even number of negative (2) Odd time stepsFor odd time steps (withh — oc), one

edges a|ong the path, otherwise the Sign of a path is nega‘[%n follow similar reasoning to show that the OppOSite case
arises. We now consider paths of odd lengths. Among such

_ L _.._paths, all paths that end in the same partition as they began
Recall that the campaigner’s objective is as follows: Atdimy, ;o negative signs (due to odd number of negative edges),

stept, all nodes inV; will adopt opinionO;, and nodes i, g g paths that end in the opposite partition as they began
will adopt opinionO,. We next show thatf the input partitions have positive signs (due to even number of negative edges).

are socially balanced, then by following our algorithm/at: s results in swapping of opinions for the two partitions,
oo, indeed nodes iv; will adopt opinionO; and nodes in 4 iative to the ones in an even time step.

V2 will adopt 0_2' To prove_this, it is easy t(_)_verify that aI_I_ Notice thatCOSiNeMax intelligently selects seed nodes:
p_aths that begin and end in the same partition have POSItR oh the objective is to maximize the adoptiorOgfat V;
signs (due to even number of negative edges on those pa‘ﬂﬁ)d 09 at V, in an odd time step, in anti-balanced partitions

Analogously, all paths that begin in one partition and end W+ s o0, COSINeMax will select all seed nodes @, only
the other partition must have negative signs because of the users iry, and all seeds foD, only from1;
number of negative edges on them. This has two implications. v E, R '

. EXPERIMENTAL RESULTS

First, COSiNeMax will select all seed nodes aP; only
from the users i, and all seeds fof), only fromVs. This We show empirical results to demonstrate effectiveness and
is because in Lines 4-7 of Algorithm 1, all nodesinstarts as €fficiency of our solution, and compare it with three bassin
positive, and in partitior?; all nodes starts as negative (at We analyze sensitivity 0ofCOSiNeMax by varying several
0). Now, repeated multiplications with the transition mafit ~parameters, e.g., number of seed and targets, time steps.
SrLrinesflz—M) can beb_consi?ered as a union”of rzndo_m walks. Environment Setup

eretore, ?t any ar itrary future time stepall nodes |nV_1 Our code (available at: github.com/COSiNeMax/COSiNe-
would remain positive, because all random walks starting ﬁ]t

X . o ax) is implemented in Python, using sparse matrix opematio
V1 and also ending at; must consist of only positive paths. ) plem y 9 Sp P
. : ) . from thescipylibrary, and the experiments were performed on
Similarly, at any arbitrary future time stefp all nodes inV;

would remain negative. Now, in Lines 29-33, the seed nod%g'ingle core of a 16GB, 1.8GHz, Intel i7-8550U processor.
are influenced based on their final sign, that is, if posithent ch experimental result is averaged over 10 runs.

A. Socially Balanced Partitions



TABLE |. Dataset characteristics

Dataset | #MNodes | #Edges | #Posifive Edges | #egative Edges Moreover, we disregard weakly influenced nodes, i.e., node
Epinions | 132585 701926 505854 (86%) 96072 (14%) » W gal y . ,1.e.,

GitHub 44914 | 44100700| 26185530 (59%)| 17915170 (41%)| ¢ € V; when itsp(0,) is less than a predefined threshold
Tagged 5607448 | 546799071] 443895613 (81%)| 102903458 (19%) (05)’ andi c ‘/2 when |tSp(02) is less than a predefined

1) Datasets: We summarize our datasets in Table I, anthreshold (0.5). Such a user is likely to be undecided betwee
more details about them are given in our extended versidn [1BV0 opposite opinions on a specific issue. Formally, we repor
(1) Epinions. This social network dataset is extracted from thExpected number of correctly influenced nodes

prod_uct review Webs_ite epinions.com,_where users may truitE 1+ Ci(id) . 1 —Ci(i)
or distrust others. It is a signed and directed network: A use- ~i€V1,C:(4)>0 9 + Zievs,Ci(i)<0 9
trusting another is represented with an edge of weightand Inf ‘ ¢ all t ) dave al
; ; ; ; ; nfluence percentage w.r.t. all targets as seeddVe also
distrusting another is denoted by weight. (2) GitHub. The measureampaign e#ecnveness constrained by a limited num-

dataset (blog.github.com/2009-07-29-the-2009-githabtest) ber of seedswith respect to the hypothetical scenario when all

is extracted from an anonymized dataset of user-repositegyget nodes can be employed as seeds. We recall tia,in
interactions on github.com, utilising information abowtets the effectiveness of the campaign was formulateg’as Cy.
“watching” other’s repositories. We connect any two usefBhis promotes opiniorD; in partition V; and opinionO, in

in the network with a bidirectional edge if they watch theartition Vs, while penalising the reverse situation, thatax,

same repository, with edge weight inversely proportioadhe in 75, and O, in ;.

number of watchers for that repository. The sign of this ddge To better compare the aforementioned campaign effective-
positive if both nodes view more single-language repog#or ness of each baseline and our proposed algorithm, we compare
(or, both view more multi-language repositories), and tiega it to the case when all target nodes are assigned as seed nodes
otherwise (3) Tagged.Our largest real-life dataset is collectedit time stept = 0, the seeds are influenced with the respective

from the online social network tagged.com. The nodes dftea of the target partition that they belong to. Accordiog t

partitioned intol; andV4 using anonymized gender metadatdh€ voter model, opposite influences on the same node cancel
each other out, thus there could be a decay with time in the

magnitude of influence. Let us denote iy the campaign
effectiveness at time stepn this scenario (i.e., when all target
nodes were seed no%estat 0).

Finally, we report(‘”T;tCt x 100)% as the influence percent-

2) Competing Methods: We compare the proposed
COSiNeMax method (Algorithm 1) with three baselingd.)
Random. Uniformly at random selection ¢f seed nodeg2)
Degree. The top4 nodes with the highest out-degre€s)
Individual InfMax. In this baseline approach, we follow theage w.rt. all target nodes used as seed nodes.
voter modelover signed networks [18], however we consideé_ Effectiveness Results
each target set separately. Thf'ﬂ is, we first compute the to'OWe present effectiveness results on three networks (Fig-
th]f é 2t£;\ rsgeeidpgft(ijt?osriio tlgen;?xvlvn(;I?i?\éh:nscgﬁe?dt:ﬁ;g?%{ii? d ure 1). We find that our design€&DSiNeMax achieves higher

oL ' . s expected number of influenced nodes than all three baselines
nodes that maximize the spread of the ideawithin the target Notice thatEpinions(Figure 1(a)) shows some reduction in the

setV,. Therefore, by comparing with thedividual Influence expected number of correctly influenced nodes with largee ti
Maximizationapproach as described above, we demonstr%@éP

; . . ) s till it saturates. Such reduction is not observedithlub
the improvements due to our algorith@OSiNeMax, which b

. . and Tagged This is due to higher sparsity d&pinions with
retwms the togf”’ opumal seed node_s considering the sprea}ﬁe presence of many separated components, each consisting
of two contrasting idea®; and O, simultaneously.

h baseli N d nodewith of a few nodes. In such a sparse network, random walks
: For egc' aseline, a'.[_ 0 v.ve'target a seed nodewith 5y seed nodes initially influence a large number of nodes.
ideaO; if ¢ € V4, and withO, if i € V5.

However, this influence is unable to sustain at later timpsste
3) Parameters SetupWVe vary the number of seed nodegy,e 1o sparsity of the graph. In other words, the sparsity of

from 1% to 5%, and by default consider all nodes in the n&fie network prevents long random walks from returning to the

works as targets. Sensitivity analysis experiments byigry same nodes, thereby reducing the influence over time.

the number of seeds and targets are given in [19]. We alsQyhen we compare the influence percentage (w.r.t. all targets

conduct experiments for both short-term and long-term with, seeds) of each algorith@OSiNeMax also outperforms

30 and 500 time steps, fespectively. _ all baselines (Figure 2). However, the peak value obtained i
4) Evaluation Metrics: We employ two metrics for the gach dataset is different, witBpinionshaving the highest at
effectiveness measure. 120%, GitHub having 55%, andlaggedat 40%. The sparsity

Expected number of correctly influenced nodesWe com- of Epinions dissipates the total influenc#, very rapidly,
pute the number of nodes influenced by id@a in target reducing it by almost 75 % in the first time step itself. This
partition V1, and byO in target partitionV>. Recall that the quick decrease in influence is prevented v SiNeMax by
probability of node: adopting ideeD; at timet is defined as selecting the seed nodes more intelligently, thus achigttie
p(O1) = %f(z) and the probability of adopting ideaD; at peak value at higher than 100%.

1-Cy (i)

timet is p(O2) = —~=. Here,C; (i) € [-1,1] is computed ~ The oscillatory plots of the baselines ifagged (Fig-

following Equation 3. ures 1(c), 2(c)) can be explained based on graph structure an
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Fig. 3: Running time to find seed nodes according to various algusth
node partitionsTaggedhas more than three times as mangver two smaller graphs. On the other hai@DSiNeMax
positive inter-partition edges than all other kinds of exlgeequires more time thandividual InfMax overTaggedwhich
combined, thereby making these partitions close to sgcials a larger dataset and the complexity of performing random
anti-balanced partitions. Thus, if the seed nodes in the twalks over entire graph dominates seed set finding time.
partitions are not targeted b§; or O intelligently, as it D. Longer-term Dynamics
is done in case of baselines (sgev/-A2), such oscillatory  We also study longer-term dynamics, with time steps from
behaviour in influence spread arises. This is similar to tleto 500 (Figure 4). We find that all algorithms, except
oscillatory behaviour discussed IV due to socially anti- the Random baseline, achieves saturation over time, with
balanced graph partition€OSiNeMax is able to circumvent no further variation in influence. The expected number of
this problem by targeting all seed nodeslih as O; when correctly influenced nodes and the influence percentage. (w.r
maximizing influence for even time steps, and @s when all targets as seeds) in this saturated state are both Higher
maximizing influence for odd time steps. our COSiNeMax than the baselines.

C. Efficiency Results VI. RELATED WORK
We compare running time to find seed nodes by all algo-The classic influence maximization problem finds a limited
rithms in Figure 3. While time taken increases almost libearnumber of seed users that generate the largest expected influ
with time steps for botlCOSiNeMax andIndividual InfMax, ence cascade in a social network. Influence maximization in
it is evident that botrRandom and Degree are faster, and the presence of a negative campaign was investigated in [2],
their seed set finding times are independent of input time stevhich assumes that the later campaign has prior knowledge
In case ofindividual InfMax, the seed nodes are computedf rival side’s initial seed nodes. Bordin et. al. [3] anayz
in two stages: once for opiniad; in the target set;, and then the similar problem under theET model; while [5] attempts
for opinion O5 in the target sel’;. However,COSiNeMax at preventing the spread of an existing negative campaign
holistically identifies all seed nodes in the entire graphisT in the network. However, as competitive new products from
explains whyCOSiNeMax is faster thanindividual InfMax rival companies are often launched around the same time,
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[16] considered influence maximization in the presence wforld signed network datasets. Our analysis reveals theat th

multiple competing campaigners, who promote their proslughroposed algorithmCOSiNeMax finds the seed set with the

in a social network around the same time. highest expected number of influenced nodes, and has the
Our work is fundamentally different from prior literature highest relative total influence. This behaviour is dem@tstl

First, they generally consider activation based models (e.gver all datasets and for different variations of time steps

IC and LT) suitable foone-timeproduct purchase. In contrastseed set budget, and target population size parameters. In

our voter model allows users to switch opinions at latduture, it would be interesting to consider adaptive segdirs

times based on their neighbors’ opinions. Thus, voter modgbposed to one-time seeding, for even more effective short-

is more suitable to study opinion diffusion and formatioterm opinions maximization in a signed, social network.

in online social networksSecond although earlier works REFERENCES

. . - : : [1] A. Beteille, “Democracy and It's Institutions”, Oxfordniversity Press,
consider multiple competitive campaigns, different fronr o Chapter Government and Opposition, 2012,

study they do not consider diffusion with both positive and2] s. Bharathi, D. Kempe, and M. Salek, “Competitive InflaenMaxi-
negative edges in aigned social network.Third, due to mization in Social Networks”, WINE, 2007.

. . : - [3] A. Borodin, Y. Filmus, and J. Oren, “Threshold Models fdompetitive
the inherent complexity of IC, LT models and their variants,™ ‘|~ =" o0 o Networks”. WINE, 2010.

the problems investigated in those works are genefdl-  [4] D. Cartwright and F. Harary, “Structural Balance: A Geafization of
hard and alsg#P-hard, while the voter model can solve our[ | Heidehr’s Theorly"y Pstllchological Review, vol. 63(5), 1|956, 271;5193-
P : 5] W. Chen et al., “Influence Maximization in Social Netwerkvhen
prob_lemexactlyln linear t'me' . Negative Opinions May Emerge and Propagate”. SDM, 2011.
With the prevalence of signed social networks, recent workg] w. Chen, L. V. S. Lakshmanan, and C. Castillo, “Infornoati and
investigated the problem of finding the seed set that maxisniz _ Influence Propagation in Social Networks”, Morgan & Clayp@p13.

L C e 7] P. Clifford and A. Sudbury, “A Model for Spatial ConfliGtBiometrika,
positive influence, which is also known as positive influencé vol. 60(3), 1973, pp. 581-588.

maximization. [17] studied positive influence maximizatio [8] B. A. Conway, K. Kenski, and D. Wang, “The Rise of Twittar the
under different extensions of IC and LT models. Li et al. Political Campaign: Searching for Intermedia AgendaifigtEffects in

. . . . . the Presidential Primary”, Journal of Computer-Mediatezm@hunica-
[18] explored similar problem in a signed social networkhwit tion, vol. 20(4), 2015, pp. 363-380.

voter model. Unlike ours, they do not aim at maximizing two[9] P. Domingos and M. Richardson, “Mining the Network Val@us-
contrasting opinions in two non-overlapping target region  tomers”, KDD, 2001.

. . ] E. Even-Dar and A. Shapira, “A Note on Maximizing the &l of
Moreover, in [18] all seed nodes can be influenced by on Influence in Social Networks”, Internet & Network Econ”, 200

one type of idea, that is, for positive influence maximizafio[11] K. Ferrazzi, “The Benefits of Conflict at Work’, 2014,
all seeds will be influenced by the positive idea. However, as  http://fortune.com/2014/03/11/the-benefits-of-comiéitwork.

. . Lo . ] V. R. K. Garimella and |. Weber, “A Long-Term Analysis Bblarization
demonstrated in our experiments, maximizing each influenidé on Twitter". ICWSM, 2017.

separately(i.e., Individual InfMax) results in a sub-optimal[13] R. A. Holley and T. M. Liggett, “Ergodic Theorems for ey
solution Compared to ours (i.eCOSiNeMax): We return Interacting Infinite Systems and the Voter Model”, Ann. Rxbb vol.

. o . 3(4), 1975, pp. 643-663.
optimal seed nodes considering the spread of two ContgaStﬁh] A. Schlesinger JR, “Toward A More Responsible Two-pP&@ystem: A

ideassimultaneously Report”, American Political Science Association, 1950.
Due to lack of space, we discuss in [19] more related wolke] D. Kempe, J. Kleinberg, and E. Tardos, “Maximizing thpréad of

. .- . . Influence through Social Network”, KDD, 2003.
on signed networks and polarization in social networks. [16] A. Khan, B. Zehnder, and D. Kossmann, “Revenue Maxifitzaby

VIl. CONCLUSIONS Viral Marketing: A Social Network Host's Perspective”, |ED2016.

. . [17] D. Li, Z.-M. Xu, N. Chakraborty, A. Gupta, K. Sycara, ar@l Li,

We formulated and investigated the novel problem of con- " “polarity Related Influence Maximization in Signed Sociatiorks”,
trasting opinions maximization in two distinct target gpsu PLOS ONE, vol. 9(7), 2014, pp. 1-12.

. . . . 8] Y. Li, W. Chen, Y. Wang, and Z.-L. Zhang, “Influence Diffion
respecpvely, over a Slgne_d social network. Motivated H)]/ Dynamics and Influence Maximization in Social Networks whthend
scenarios such as INnCreasing voter engagement and turnout, and Foe Relationships”, WSDM, 2013.
steering public debates and discussions on societal issli€k K. Rawal and A. Khan, "Maximizing Contrasting Opinioms Signed

. : P Social Networks” (extended version),arXiv:1910.1201012
with gontent|ous_ op|n|ons,_we.adapted t_hg voter m0(_jel ] F. Shi, M. Teplitskiy, E. Duede. and J. A. Evans, “The Wém of
effectively study influence diffusion. We efficiently sotéhis Polarized Crowds”, Human Behaviour, 2019.
problem, and designed an exact algorithm. We then emgiricalR1] J. Tang, Y. Chang, C. Aggarwal, and et al., "A Survey afi&id Network

compared this algorithm with several baselines on threk rea  Mning in Secial Media’, ACM Comput. Surv., vol. 49(3), 2016



