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Abstract. We address the problem of detecting anti-majority opinionists using
the value-weighted mixture voter (VwMV) model. This problem is motivated by
the fact that some people have a tendency to disagree with any opinion expressed
by the majority. We extend the value-weighted voter model to include this phe-
nomenon with the anti-majoritarian tendency of each node as a new parameter,
and learn this parameter as well as the value of each opinion from a sequence of
observed opinion data over a social network. We experimentally show that it is
possible to learn the anti-majoritarian tendency of each node correctly as well as
the opinion values, whereas a naive approach which is based on a simple count-
ing heuristic fails. We also show theoretically that, in a situation where the local
opinion share can be approximated by the average opinion share, it is not neces-
sarily the case that the opinion with the highest value prevails and wins when the
opinion values are non-uniform, whereas the opinion share prediction problem
becomes ill-defined and any opinion can win when the opinion values are uni-
form. The simulation results support that this holds for typical real world social
networks.

1 Introduction

The emergence of large scale social computing applications has made massive social
network data available as well as our daily life much depends on these networks through
which news, ideas, opinions and rumors can spread [17, 16, 7, 5]. Thus, investigating the
spread of influence in social networks has been the focus of attention [14, 4, 20]. The
most well studied problem would be theinfluence maximization problem, that is, the
problem of finding a limited number of influential nodes that are effective for spreading
information. Many new algorithms that can effectively find approximate solutions have
been proposed both for estimating the expected influence and for finding good candidate
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nodes [9, 11, 15, 2, 3]. However, the models used above allow a node in the network to
take only one of the two states,i.e., either active or inactive, because the focus is on
influence.

Applications such as an on-line competitive service in which a user can choose one
from multiple choices and decisions require a different approach where a model must
handle multiple states. Also important is to consider the value of each choice,e.g., qual-
ity, brand, authority, etc., because this affects others’ choices. Opinion formation and its
spread fit in the same class of problems. The model best suited for this kind of analy-
sis would be a voter model [19, 8, 6, 4, 1, 21], which is one of the most basic stochastic
process models and has the same key property with thelinear threshold modelused
in information diffusion that a node decision is influenced by its neighbor’s decision,
i.e., a person changes his/her opinion by the opinions of his/her neighbors. In [12], we
extended the voter model to include opinion values, and addressed the problem of pre-
dicting the opinion share at a future time by learning the opinion values from a limited
amount of past observed opinion diffusion data. Interestingly, theoretical analysis for
a situation where the local opinion share can be approximated by the average opinion
share over the whole network, (e.g., the case of a complete network), revealed that the
expected share prediction problem is well-defined only when the opinion values are
non-uniform, in which case the final consensus is winner-take-all,i.e., the opinion with
the highest value wins and all the others die, and when they are uniform, any opinion
can be a winner.

The problem we address in this paper tackles the same problem, but from a different
angle. In the voter model including its variants, it is assumed that people naturally tend
to follow their neighbors’ majority opinion. However, we note that there are always
people who do not agree with the majority and support the minority opinion. We are
interested in how this affects the opinion share, and have extended the value-weighted
voter model with multiple opinions to include this anti-majority effect with theanti-
majoritarian tendencyof each node as a new parameter. We are not the first to introduce
the notion of anti-majority. There is a model called anti-voter model where only two
opinions are considered. Each one chooses one of its neighbors randomly and decides
to take the opposite opinion of the neighbor chosen. Röllin [18] analyzed the statistical
property of the anti-voter model introducing the notion of exchangeable pair couplings.
We have extended the simple anti-voter model to value-weighted anti-voter model with
multiple opinions, and combined it linearly with the value-weighted voter model with
multiple opinions. The model now has a new parameter at each node which is a measure
for the the anti-majoritarian tendency (weight for the value-weighted anti-voter model)
in addition to the original parameter (opinion value), and we call the combined model
thevalue-weighted mixture voter (VwMV) model.

Both the parameters, anti-majoritarian tendency and opinion value, can be effi-
ciently learned by an iterative algorithm (EM algorithm) that maximizes the likelihood
of the model’s generating the observed data. We tested the algorithm for three real world
social networks with size ranging over 4,000 to 10,000 nodes and 40,000 to 250,000
links, and experimentally showed that the parameter value update algorithm correctly
identifies the anti-majoritarian tendency of each node under various situations provided
that there are enough data. The anti-majoritarian tendency estimated by using a heuris-
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tic that simply counts the number of opinion updates in which the chosen opinion is the
same as the minority opinion turns out to be a very poor approximation. These results
show that the model learned by the proposed algorithm can be used to predict the future
opinion share and provides a way to analyze such problems as influence maximization
or minimization for opinion diffusion under the presence of anti-majority opinionists. A
similar analysis as in [12] revealed interesting results for the average behavior that the
opinion share crucially depends on the anti-majoritarian tendency and that the opinion
with the highest value does not necessarily prevail when the values are non-uniform,
which is in contrast to the result of the value-weighted voter model, whereas the share
prediction problem becomes ill-defined when the opinion values are uniform,i.e., any
opinion can win, which is the same as in the value-weighted voter model. The simula-
tion results also support that this holds for typical real world social networks.

2 Opinion Dynamics Models

We define the VwMV model. LetG = (V,E) be an undirected (bidirectional) network
with self-loops, whereV and E (⊂ V × V) are the sets of all nodes and links in the
network, respectively. For a nodev ∈ V, let Γ(v) denote the set of neighbors ofv in G,
that is,

Γ(v) = {u ∈ V; (u, v) ∈ E}.
Note thatv ∈ Γ(v). Given an integerK with K ≥ 2, we consider the spread ofK
opinions (opinion 1,· · · , opinionK) onG, where each node holds exactly one of theK
opinions at any timet (≥ 0). We assume that each node ofG initially holds one of the
K opinions with equal probability at timet = 0. Let ft : V → {1, · · · ,K} denote the
opinion distributionat timet, whereft(v) stands for the opinion of nodev at timet. Note
that f0 stands for the initial opinion distribution. For anyv ∈ V andk ∈ {1,2, · · · ,K}, let
nk(t, v) be the number ofv’s neighbors that hold opinionk as the latest opinion (before
time t), i.e.,

nk(t, v) = |{u ∈ Γ(v); ϕt(u) = k}|,
whereϕt(u) is the latest opinion ofu (before timet).

2.1 Voter and Anti-voter Models

We revisit the voter model, which is one of the standard models of opinion dynamics,
whereK is usually set to 2. The evolution process of the voter model is defined as
follows:

1. At time 0, each nodev independently decides its update timet according to some
probability distribution such as an exponential distribution with parameterrv = 1.1

The successive update time is determined similarly at each update timet.
2. At update timet, the nodev adopts the opinion of a randomly chosen neighboru,

i.e.,
ft(v) = ϕt(u).

1 This assumes that the average delay time is 1.
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3. The process is repeated from the initial timet = 0 until the next update-time passes
a given final-timeT.

We note that in the voter model each individual tends to adopt the majority opinion
among its neighbors. Thus, we can extend the original voter model with 2 opinions to
a voter model withK opinions by replacing Step 2 with: At update timet, the nodev
selects one of theK opinions according to the probability distribution,

P( ft(v) = k) =
nk(t, v)
|Γ(v)| , (k = 1, · · · ,K). (1)

The anti-voter model is defined in a similar way. In this modelK is set to 2 and
Step 2 is replaced with: At update timet, the nodev adopts the opposite opinion of a
randomly chosen neighboru, i.e.,

ft(v) = 3− ϕt(u).

We note that each individual tends to adopt the minority opinion among its neighbors
instead. The anti-voter model withK opinions is obtained by replacing Eq. (1) with

P( ft(v) = k) =
1

K − 1

(
1− nk(t, v)

|Γ(v)|
)
, (k = 1, · · · ,K). (2)

2.2 Value-weighted Mixture Voter Model

In order to investigate the competitive spread ofK opinions, it is important to consider
each opinion’s value because this affects others’ choices. In [12], we extended the voter
model withK opinions to thevalue-weighted voter modelby introducing the parameter
(opinion valueof opinionk) wk (> 0). In this model, Eq. (1) was replaced with

P( ft(v) = k) = pk(t, v,w), (k = 1, · · · ,K),

wherew = (w1, · · · ,wK) and

pk(t, v,w) =
wk nk(t, v)∑K
j=1 w j n j(t, v)

, (k = 1, · · · ,K). (3)

We can also extend the anti-voter model withK opinions to thevalue-weighted
anti-voter modelby replacing Eq. (2) with

P( ft(v) = k) =
1− pk(t, v,w)

K − 1
, (k = 1, · · · ,K). (4)

Further, we can define thevalue-weighted mixture voter (VwMV) modelby replacing
Eq. (4) with

P( ft(v) = k) = (1− αv) pk(t, v,w) + αv
1− pk(t, v,w)

K − 1
, (k = 1, · · · ,K), (5)

whereαv is a parameter with 0≤ αv ≤ 1. Note that each individual located at nodev
tends to behave like a majority opinionist if the value ofαv is small, and tends to behave
like an anti-majority opinionist if the value ofαv is large. Therefore, we refer toαv as
theanti-majoritarian tendencyof nodev.
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3 Learning Problem and Behavior Analysis

We consider the problem of identifying the VwMV model on networkG from observed
dataDT in time-span [0,T], whereDT consists of a sequence of (v, t, k) such that node
v changed its opinion to opinionk at timet for 0 ≤ t ≤ T. The identified model can be
used to predict how much of the share each opinion will have at a future timeT′ (> T),
and to identify both high anti-majoritarian tendency nodes (i.e., anti-majority opinion-
ists) and low anti-majoritarian tendency nodes (i.e., majority opinionists). Below, we
theoretically investigate some basic properties of the VwMV model, and demonstrate
that it is crucial to accurately estimate the values of the parameters,wk, (k = 1, · · · ,K)
andαv, (v ∈ V).

For any opinionk, let hk(t) denote itspopulationat timet, i.e.,

hk(t) = |{v ∈ V; ft(v) = k}|,
and letgk(t) denote its expectedshareat timet, i.e.,

gk(t) =

〈
hk(t)∑K
j=1 h j(t)

〉
.

We investigate the behavior of expected sharegk(t) for a sufficiently larget. According
to previous work in statistical physics (e.g., [19]), we employ a mean field approach.
We first consider a rate equation,

dgk(t)
dt

= (1− gk(t)) Pk(t) − gk(t) (1− Pk(t)), (k = 1, · · · ,K), (6)

wherePk(t) denotes the probability that a node adopts opinionk at time t. Note that
in the right-hand side of Eq. (6),gk(t) is regarded as the probability of choosing a
node holding opinionk at timet. Here, we assume that the average local opinion share
〈nk(t, v)/

∑K
j=1 n j(t, v)〉 in the neighborhood of a nodev can be approximated by the ex-

pected opinion sharegk(t) of the whole network for each opinionk. Then, we obtain the
following approximation from Eq. (5):

Pk(t) ≈ (1− α) p̃k(t,w) + α
1− p̃k(t,w)

K − 1
, (k = 1, · · · ,K), (7)

whereα is the average value of anti-majoritarian tendencyαv, (v ∈ V), and

p̃k(t,w) =
wk gk(t)∑K
j=1 w j g j(t)

, (k = 1, · · · ,K). (8)

Note that Eq. (7) is exactly satisfied whenG is a complete network and the anti-
majoritarian tendency is node independent,i.e., αv = α, (∀v ∈ V).

For the value-weighted voter model (i.e., α = 0), we theoretically showed the fol-
lowing results in [12]:

1. When the opinion values are uniform (i.e., w1 = · · · = wK), any opinion can become
a winner, that is, ifg1(0) = · · · = gK(0) = 1/K, thengk(t) = 1/K, (t ≥ 0) for each
opinionk.

2. When the opinion values are non-uniform, the opinionk∗ with highest opinion value
is expected to finally prevail over the others, that is, limt→∞ gk∗ (t) = 1.

We extend these results to the VwMV model below.
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Case of uniform opinion values: We suppose thatw1 = · · · = wK . Then, since∑K
k=1 gk(t) = 1, from Eq. (8), we obtain

p̃k(t,w) = gk(t), (k = 1, · · · ,K).

Thus, we can easily derive from Eqs. (6) and (7) that

dgk(t)
dt

= − α

1− 1/K

(
gk(t) − 1

K

)
, (k = 1, · · · ,K).

Hence, we have
lim
t→∞

gk(t) = 1/K, (k = 1, · · · ,K).

Case of non-uniform opinion values: We assume that the opinion values are non-
uniform. We parameterize the non-uniformity by the ratio,

sk =
wk∑K

j=1 w j/K
, (k = 1, · · · ,K).

Let k∗ be the opinion with the highest opinion value. Note thatsk∗ > 1. We assume for
simplicity that

wk = w′ (< wk∗ ) if k , k∗,

wherew′ is a positive constant. We also assume that

g1(0) = · · · = gK(0) = 1/K.

We can see from the symmetry of the setting thatgk(t) = g`(t), (t ≥ 0) if k, ` , k∗. This
implies that opinionk∗ is the winner at timet if and only if gk∗ (t) > 1/K. Here, suppose
that there exists some timet0 > 0 such that

gk∗ (t0) = 1/K.

Then, from Eqs. (6) and (8), we obtain

dgk∗ (t)
dt

∣∣∣∣∣
t=t0

= Pk∗(t0) − 1
K
, p̃k∗ (t0,w) =

sk∗

K
.

Thus we have from Eq. (7) that

dgk∗ (t)
dt

∣∣∣∣∣
t=t0

=
sk∗ − 1
K − 1

(
1− 1

K
− α

)
.

Therefore, we obtain the following results:

1. Whenα < 1− 1/K,
gk∗ (t) > 1/K, (t > 0),

that is, opinionk∗ is expected to spread most widely and become the majority.
2. Whenα = 1− 1/K,

gk(t) = 1/K, (t ≥ 0),

for any opinionk, that is, any opinion can become a winner.
3. Whenα > 1− 1/K,

gk∗ (t) < 1/K, (t > 0),

that is, opinionk∗ is expected to spread least widely and become the minority.
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(a)a = 2, b = 4, (α < 1− 1/3)
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(b) a = 4, b = 2, (α = 1− 1/3)
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(c) a = 18,b = 2, (α > 1− 1/3)

Fig. 1: Results of the opinion share curves for different distributions of anti-majoritarian tendency
in the Blog network.

Experiments: The above theoretical results are justified only when the approximation
(see Eq. (7)) holds, which is always true in the case of complete networks. Real social
networks are much more sparse and thus, we need to verify the extent to which the above
results are true for real networks. We experimentally confirmed the above theoretical
results for several real-world networks. Here, we present the experimental results for
K = 3 in the Blog network (see Section 5), where the opinion values arew1 = 2, w2 =

w3 = 1, and anti-majoritarian tendencyαv, (v ∈ V) is drawn from the beta distribution
with shape parametersa and b. Figure 1 shows the results of opinion share curves,
t 7→ hk(t)

/∑K
j=1 h j(t) , (k = 1,2,3), when the distribution of anti-majoritarian tendency

changes, where each node adopted one of three opinions with equal probability at time
t = 0. Note that

α = 0.33 (< 1− 1/3), if a = 2,b = 4,
α = 1− 1/3, if a = 4,b = 2,
α = 0.9 (> 1− 1/3), if a = 18,b = 2.

We obtained similar results to those in Figures 1a, 1b and 1c also for many other trials.
These results support the validity of our theoretical analysis.
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4 Learning Method

We describe a method for estimating parameter values of the VwMV model from given
observed opinion spreading dataDT . Based on the evolution process of our model (see
Eq. (5)), we can obtain the likelihood function,

L(DT ; w,α) = log


∏

(v,t,k)∈DT

P( ft(v) = k)

 , (9)

wherew stands for theK-dimensional vector of opinion values,i.e., w = (w1, · · · ,wK),
andα is the|V|-dimensional vector with each elementαv being the anti-majoritarian ten-
dency of nodev. Thus our estimation problem is formulated as a maximization problem
of the objective functionL(DT ; w,α) with respect tow andα. Note from Eqs. (3), (5)
and (9) thatL(DT ; cw,α) = cL(DT ; w,α) for any c > 0. Note also that each opinion
valuewk is positive. Thus, we transform the parameter vectorw by w = w(z), where

w(z) = (ez1, · · · ,ezK−1,1),
(
z = (z1, · · · , zK−1) ∈ RK−1

)
. (10)

Namely, our problem is to estimate the values ofzandα that maximizeL(DT ; w(z),α).
We derive an EM like iterative algorithm for obtaining the maximum likelihood

estimators. To this purpose, we introduce the following parameters that depend onα:
For anyv ∈ V andk, j ∈ {1, · · · ,K},

βv,k, j(α) =

{
1− αv if j = k,
αv/(K − 1) if j , k.

(11)

Then, from the definition ofP( ft(v) = k) (see Eq. (5)), by noting 1− pk(t, v,w) =∑
j,k p j(t, v,w), we can express Eq. (9) as follows:

L(DT ; w(z),α) =
∑

(v,t,k)∈DT

log


K∑

j=1

βv,k, j(α) p j(t, v,w(z))

 .

Now, let z̄andᾱ be the current estimates ofzandα, respectively. Then, by considering
the posterior probabilities,

qv,t,k, j(z,α) =
βv,k, j(α) p j(t, v,w(z))

∑K
i=1 βv,k,i(α) pi(t, v,w(z))

,

(v ∈ V, 0 ≤ t ≤ T k, j = 1, · · · ,K), we can transform our objective function as follows:

L(DT ; w(z),α) = Q(z,α; z̄, ᾱ) −H(z,α; z̄, ᾱ), (12)

whereQ(z,α; z̄, ᾱ) is defined by

Q(z,α; z̄, ᾱ) = Q1(z; z̄, ᾱ) + Q2(α; z̄, ᾱ), (13)

Q1(z; z̄, ᾱ) =
∑

(v,t,k)∈DT

K∑

j=1

qv,t,k, j(z̄, ᾱ) log p j(t, v,w(z)), (14)

Q2(α; z̄, ᾱ) =
∑

(v,t,k)∈DT

K∑

j=1

qv,t,k, j(z̄, ᾱ) logβv,k, j(α), (15)
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andH(z,α; z̄, ᾱ) is defined by

H(z,α; z̄, ᾱ) =
∑

(v,t,k)∈DT

K∑

j=1

qv,t,k, j(z̄, ᾱ) logqv,t,k, j(z,α).

SinceH(z,α; z̄, ᾱ) is maximized atz = z̄ andα = ᾱ, we can increase the value of
L(DT ; w(z),α) by maximizingQ(z,α; z̄, ᾱ) with respect tozandα (see Eq. (12)). From
Eq. (13), we can maximizeQ(z,α; z̄, ᾱ) by independently maximizingQ1(z; z̄, ᾱ) and
Q2(α; z̄, ᾱ) with respect toz andα, respectively.

First, we estimate the value ofz that maximizesQ1(z; z̄, ᾱ). Here, note from Eqs.(3)
and (10) that forj = 1, · · · ,K andλ = 1, · · · ,K − 1,

∂p j(t, v,w(z))

∂zλ
= δ j,λ p j(t, v,w(z)) − p j(t, v,w(z)) pλ(t, v,w(z)), (16)

whereδ j,λ is Kronecker’s delta. From Eqs. (14) and (16), we have

∂Q1(z; z̄, ᾱ)
∂zλ

=
∑

(v,t,k)∈DT

K∑

j=1

qv,t,k, j( z̄, ᾱ)
(
δ j,λ − pλ(t, v,w(z))

)
, (17)

for λ = 1, · · · ,K − 1. Moreover, from Eqs. (16) and (17), we have

∂2Q1(z; z̄, ᾱ)
∂zλ ∂zµ

=
∑

(v,t,k)∈DT

K∑

j=1

qv,t,k, j( z̄, ᾱ)
(
pλ(t, v,w(z)) pµ(t, v,w(z)) − δλ,µ pλ(t, v,w(z))

)
,

for λ, µ = 1, · · · ,K − 1. Thus, the Hessian matrix (∂2Q1(z; z̄, ᾱ)/∂zλ∂zµ) is negative
semi-definite since

K−1∑

λ,µ=1

∂2Q1(z; z̄, ᾱ)
∂zλ ∂zµ

xλxµ

=
∑

(v,t,k)∈DT

K∑

j=1

qv,t,k, j( z̄, ᾱ)




K−1∑

λ=1

pλ(t, v,w(z)) xλ


2

−
K−1∑

λ=1

pλ(t, v,w(z)) xλ
2



= −
∑

(v,t,k)∈DT

K∑

j=1

qv,t,k, j( z̄, ᾱ)


K−1∑

λ=1

pλ(t, v,w(z))

xλ −
K−1∑

µ=1

pµ(t, v,w(z)) xµ


2

+

1−
K−1∑

λ=1

pλ(t, v,w(z))




K−1∑

µ=1

pµ(t, v,w(z)) xµ


2

≤ 0,

for any (x1, · · · , xK−1) ∈ RK−1. Hence, by solving the equations∂Q1(z; z̄, ᾱ)/∂zλ = 0,
(λ = 1, · · · ,K − 1) (see Eq. (17)), we can find the value ofz that maximizesQ1(z; z̄, ᾱ).
We employed a standard Newton Method in our experiments.
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Next, we estimate the value ofα that maximizesQ2(α; z̄, ᾱ). From Eqs. (11) and
(15), we have

Q2(α; z̄, ᾱ) =
∑

(v,t,k)∈DT

(
qv,t,k,k( z̄, ᾱ) log(1− αv) + (1− qv,t,k,k( z̄, ᾱ)) log

(
αv

K − 1

))
.

Note thatQ2(α; z̄, ᾱ) is also a convex function ofα. Therefore, we obtain the unique
solutionα that maximizesQ(z,α; z̄, ᾱ) as follows:

αv =
1

|DT(v)|
∑

(t,k)∈DT (v)

(1− qv,t,k,k( z̄, ᾱ)),

for eachv ∈ V, whereDT(v) = {(t, k); (v, t, k) ∈ DT}.

5 Experimental Evaluation

Using large real networks, we experimentally investigate the performance of the pro-
posed learning method. We show the results of the estimation error of anti-majoritarian
tendency, and the accuracies of detecting nodes with high anti-majoritarian tendency
(i.e., anti-majority opinionists) and nodes with low anti-majoritarian tendency (i.e., ma-
jority opinionists), respectively.

5.1 Experimental Settings

We used three datasets of large real networks, which are all bidirectional connected
networks and exhibit many of the key features of social networks. The first one is a
trackback network of Japanese blogs used by [10] and has 12,047 nodes and 79,920
directed links (the Blog network). The second one is a network derived from the Enron
Email Dataset [13] by extracting the senders and the recipients and linking those that
had bidirectional communications. It has 4,254 nodes and 44,314 directed links (the
Enron network). The third one is a network of people derived from the “list of people”
within Japanese Wikipedia, also used by [10] and has 9,481 nodes and 245,044 directed
links (the Wikipedia network).

We drew the true anti-majoritarian tendencyα∗v of each nodev ∈ V from the beta
distribution ofa = b = 2, and set the true opinion values as follows:

w∗k = 5− 4(k− 1)
K − 1

, (k = 1, · · · ,K).

Note that the average value ofαv is expected to be 0.5, i.e., α = 0.5, and

w∗1 = 5, w∗2 = 5− 4
K − 1

, · · · , w∗K = 1.

For each of three networks, we selected the initial opinion of each node uniformly
at random, and generated the opinion diffusion dataDT of time span [0,T] based
on the true VwMV model. Then, we investigated the problem of estimating the anti-
majoritarian tendency from the observed dataDT .
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We measured the error in estimating the anti-majoritarian tendency by estimation
errorE,

E =
1
|V|

∑

v∈V
|α̂v − α∗v|,

where each ˆαv denotes the estimated anti-majoritarian tendency of nodev. We also
measured the accuracies of detecting the high and the low anti-majoritarian tendency
nodes by F-measuresFA andFN, respectively. Here,FA andFN are defined as follows:

FA =
2|Â∩ A∗|
|Â| + |A∗| , FN =

2|N̂ ∩ N∗|
|N̂| + |N∗| ,

whereA∗ andÂ are the sets of the true and the estimated top 15% nodes of high anti-
majoritarian tendency, respectively, andN∗ andN̂ are the sets of the true and the esti-
mated top 15% nodes of low anti-majoritarian tendency, respectively.

5.2 Comparison Methods

In order to investigate the importance of introducing the opinion values, we first com-
pared the proposed method with the same VwMV model in which the opinion values
are constrained to take a uniform value and the anti-majoritarian tendency of each node
is the only parameter to be estimated. We refer to the method as theuniform value
method. We also compared the proposed method with the naive approach in which the
anti-majoritarian tendency of a node is estimated by simply counting the number of
opinion updates in which the opinion chosen by the node is the minority opinion in its
neighborhood. We refer to the method as thenaive method.

5.3 Experimental Results

We examined the results for both a small (K = 3) and a large (K = 10) K. Figures 2a,
2b and 2c show the estimation errorE of each method as a function of time spanT.
Figures 3a, 3b and 3c show the F-measureFA of each method as a function of time
spanT. Figures 4a, 4b and 4c show the F-measureFN of each method as a function
of time spanT. Here, we repeated the same experiment five times independently, and
plotted the average over the five results.

As expected,E decreases, andFA andFN increase asT increases (i.e., the amount
of training dataDT increases). We observe that the proposed method performs the best,
the uniform value method follows, and the naive method behaves very poorly for all
the networks. The proposed method can detect both the anti-majority and the majority
opinionists with the accuracy greater than 90% atT = 1000 for all cases. We can
also see that the proposed method is not sensitive to bothK and the network structure,
but the other two methods are so. For example, although the uniform value method of
K = 10 performs well inFA for the Blog and Enron networks, it does not so inFA for the
Wikipedia network, and inFN for all the networks. Moreover, the uniform value method
of K = 3 does not work well for all the cases. These results clearly demonstrate the
advantage of the proposed method, and it does not seem feasible to detect even roughly
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(a) Blog network
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(b) Enron network
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(c) Wikipedia network

proposed (K=3)

proposed (K=10)

naive (K=3)

naive (K=10)

uniform (K=3)

uniform (K=10)

Fig. 2: Results for estimation errors of anti-majoritarian tendency.

the high anti-majoritarian tendency nodes and the low anti-majoritarian tendency nodes
without using the explicit model and solving the optimization problem.

Here, we also note that the proposed method accurately estimated the opinion val-
ues. In fact, the average estimation errors of opinion value were less than 1% atT =

1000 for all cases. Moreover, we note that the processing times of the proposed method
at T = 1000 forK = 3 andK = 10 were less than 3 min. and 4 min., respectively.
All our experiments were undertaken on a single PC with an Intel Core 2 Duo 3GHz
processor, with 2GB of memory, running under Linux.

6 Conclusion

We addressed the problem of how different opinions with different values spread over a
social network under the presence of anti-majority opinionists by Value-weighted Mix-
ture Voter Model which combines the value-weighted voter and the anti-voter models
both with multiple opinions. The degree of anti-majority (anti-majoritarian tendency)
is quantified by the weight of the two models, and is treated as a parameter. We formu-
lated the model in the machine learning framework, and learned the anti-majoritarian
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(a) Blog network
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(b) Enron network
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(c) Wikipedia network

proposed (K=3)

proposed (K=10)

naive (K=3)

naive (K=10)

uniform (K=3)

uniform (K=10)

Fig. 3: Results for accuracies of extracting nodes with high anti-majoritarian tendency.

tendency of each node and the value of each opinion from a sequence of observed opin-
ion diffusion such that the likelihood of the model’s generating the data is maximized.

The iterative parameter update algorithm is efficient and correctly identifies both the
anti-majoritarian tendency and the opinion value if there are enough data. We confirmed
this by applying the algorithm to three real world social networks (Blog, Enron and
Wikipedia) under various situations. We compared the results with the naive approach
in which the anti-majoritarian tendency is estimated by simply counting the number of
opinion updates such that the chosen opinion is the same as the minority opinion. The
naive approach behaves very poorly and our algorithm far outperformed it.

The opinion share crucially depends on the anti-majoritarian tendency and it is im-
portant to be able to accurately estimate it. The model learned by the proposed algorithm
can be used to predict future opinion share and provides a useful tool to do various anal-
yses. The theoretical analysis showed that in a situation where the local opinion share
can be approximated by the average opinion share over the whole network, the opinion
with the highest value does not necessarily prevails when the values are non-uniform,
which is in contrast to the result of the value-weighted voter model (winner-take-all),
whereas the opinion share prediction problem becomes ill-defined when the opinion
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(a) Blog network
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(b) Enron network
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(c) Wikipedia network

proposed (K=3)

proposed (K=10)

naive (K=3)

naive (K=10)

uniform (K=3)

uniform (K=10)

Fig. 4: Results for accuracies of extracting nodes with low anti-majoritarian tendency.

values are uniform,i.e., any opinion can win, which is the same as in the value-weighted
voter model. The simulation results support that this holds for typical real world social
networks. Our immediate future work is to apply the model to an interesting problem
of influential maximization for opinion diffusion under the presence of anti-majority
opinionists.
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