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Abstract

L 4

Taking the negative word-of-mouth as the content of the study, this paper co Mhe

evolution model of negative word-of-mouth on the basis of the theory and meth&% Fuzzy
0

Cellular Automata. Simulating experiments is preceded by MATLAB softwar ncluded
that: The negative publicity causes a surge in the number of ive word#of initially. If
the relevant units or enterprises make a positive respor%{ ce, .neg ord-of-mouth

discussion volume will rapid decline and continue to ere is n\;ponse the negative
word-of-mouth on volume will keep rising.

Keywords: Fuzzy Cellular Automata; Negatlve d-of- mou %\LAB Evolution

1. Introduction
Information communication betwe %’S be% ore frequent and more convenient

against the background of W|de se of th rk. If the consumer satisfaction of
certain product or service is WIII.n Ily win positive word-of-mouth publicity;
otherwise, users will complain a |t and nicate negative word-of-mouth. Moreover,
the anonymity of the Inter ables p I\Qdiscuss wider, by diverse channels, consumers
can spread negative w&out false rumor to more users and influence more
people in short run. called ' d news goes on crutches, bad news travels fast". The
breadth and dept rnet c ni€ation would make the negative news and pejorative
commentary eI’pI’IS nd which is involved in the scandal blot out the sky [1].
Thus, reputa d sale e of the enterprise would be very difficult to make up. For
example, with regard t fluence of botulinum storm, Tencent said in a report: Fonterra

Word-of-mout collection of consumer opinions, people influence with each other in
their opinions, ItS\formation is a collective phenomenon, and its evolutionary process also
shows the th,j,ex form [3]. Cellular automata is time, space and variables are all discrete

¢ of its wide adaptability, it is considered to be an effective tool for studying

imperils dairy, foreig ds didn't sell a tank of milk powder in three days [2].

their behavior and state in the next time according to the local information of their neighbors.
So this article attempts to use cellular automata to create a negative reputation evolution
model and run simulations by using MATLAB software.
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2. Fuzzy Cellular Automata

2.1. Cellular Automata

The Cellular Automata (CA) was introduced in the 1950s by the mathematician John
von Neumann [5], and was extended to a broader scientific field by Wolfram in 1986
[6].

Cell, cellular space, neighbor and rules are the most basic elements that make up CA [7].
Simply speaking, CA can be considered as consist of cellular space and the transformation
function defined on the space:

A=(L,,S,N,f)

where A represents a CA system; L is cellular space; and d is a positi
representing the cellular space dimension; S is a finite, and discrete cellular st %on N
represents the combination of all the neighborhood cellular (including the cer@r ellular),
that is a space vector which contains different cellyl tate; Ffe ts a local
transformation function that sn will be mapped to S ; all \ ated in ensional space,
their location can be determined by a d dimensional i Qﬁtrix Z.(\/

The five tuples of CA model is as follows: @

(1) Cell: all individual members of a particular space;
(2) Cellular Space: the network space formed@«he indiv@ members of organizational

structure;

(3) Neighborhood Form: Moore neigh r 1;

(4) Cellular State Space: Each mem atlon es the cellular state space.

(5) Rules: a combination of a hanges théxcellar’s next state according to certain
rules.

After the completion of de ] n of %eps CA simulation proceeds by updating
state variables of each cell ugh the S |tch|ng rules owing to these characteristic [8].
Since CA has been pro t is widely‘applied to the field of sociology, biology, ecology,
information scien uter m% mathematics, physics, chemistry, geography,
environment [9] ry scié For example, P.Kiran Sree investigated the

Nedunuri U Devi p a Linear Cellular Automaton to achieve efficient file
compression

In the practical a on of CA, due to the incomplete of the complexity of the system
and related infor there will be many fuzzy problems [12]. In order to solve this
problem better, introduce fuzzy theory.

2.2. Fuz ; erence Theory

oglc was first proposed by Zadeh (1965) in the mid-1960s for representing
in and imprecise knowledge [13]. The fuzzy controller essentially is a kind of
non-finear controller, the fuzzy control algorithms are built up based on intuition and
experience about the plant to be controlled [14]. The literature on uncertainty has grown
considerably during these last years, especially in the areas of system modeling, optimization,
control, and pattern recognition. Recently, several authors have advocated the use of fuzzy set
theory to address epidemiology problems [15-17] and population dynamics [18].
The membership function of fuzzy set reflects the degree of subordinate. Its definition is: if

any element x of the domain ofu , has a corresponding number ., (x) e [0,1], which gives

non-linear c’ CA pr |ct|ng heart attack [10]. Pokkuluri Kiran Sreel and
]
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by degree of membership from x tou . A is called the fuzzy set on the domain u . When x
is changing, A(x) isa membership function. ., (x) is closer to 1, saying the high belongs
to the degree; the more close to 0, which belongs to the lower level.

Fuzzy rule-based systems will play a key role in this paper, its” framework consists of five
parts: input variables, fuzzification, database and rule database, a fuzzy inference machine,
defuzzification and output variables.

Sel-Amind I Input . Inference Dl.ltpu.t= i
OTher-An —-—"- = mechanism |
Confidence E * =
] y *
— Fuzzv rule base %
Figure 1. Structure of Fuzzy Ru sed Sy [14]

Fuzzy cellular automata (FCA) is contn&cellular ata where the local rule is
defined as the “fuzzification’ of the local r a corre Boolean cellular automaton
in disjunctive normal form [18]. ThIS |ntr u Hongze S (2006) definition of
FCA [19]: assuming that L is a wi buted ; S represents the cell's fuzzy state
vector; N is a finite set of offs the ze is| N |= n); r is the neighbor radius;
f:s">s |sthefuzzytran sfe nctlo% esurethat'Vr elL,vceN,r+celL.

S

Fuzzy rules are the ke onvert t sical CA for fuzzy cellular automata. We can
determine the me é\functlou%the FCA according to the actual problem, and the
t

fuzzy rules can b on th ing fuzzy theory and the actual situation to establish.
Mechanism m is to o hout precise numerical results through the synthesis of
fuzzy set an y relati |ch is in accordance with the given mode of reasoning and

rules.

The integrative tion of FCA has popularized in many fields and has displayed a
wide prospect, sugh%as, geographical information science, environment planning and design,
Knowledg sed System, etc., [19 - 21].

3. Fuégodel for Evolution of Negative Word-of-mouth

%an use the fuzzy theory and the theory of CA to simulate the propagation of negative
word-of-mouth (WOM), and the inference system is as shown in Figure 2. The input
variables are described and explained as follows.
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2

- (x—a,)
f (x) = gaussmf A(X'O-A'aA) = exp[ —2] cee e e e e e (1)
20,
Data and rule base
input l l hd
Fuzzily Inference | Denazify "| output

U

Figure 2. Word-of-mouth Evolution Fuzz wce %ﬂ?

3.1. Variables of Negative Word-of-mouth

(1) Cell Attitude: cell attitude is recorded as A(i, ngmg?%yl ,1], fuzzy subset for
negative, neutral, positive. Using Gauss functi f (x) as the- membership function. 1 said
cell is in a positive manner, the more closer& ceII |s more positive; when -1,

said that the cell attitude is negative, clos d is more negative; 0 said cell
neutral. The membership functions of @ tude,d rated in Figure 3.
a,ando ,are the expected v the rd deviation of the membership

function. o, =05,a, € {Q and s@u]
Negattv. = = N ‘@7

. . —— 1 - Opinion leaders
sitive Divers Communicator P

. The Membership Function Figure 4. The Membership Function
of Cell Attitude of Cell Type
(2) Cell Types: according to the characteristics of cell to cell is divided into the following

three types: Divers, Communicators, Opinion leaders. Using the fuzzy concept to express the
cell characteristics, fuzzy membership function to select the Gauss functiong (x) , ranging

from [1, 3].

—(x—aA)2
g(x)=gaussmg ,(x,0,,a,)=exp[ ———— ] o (2)
20

A
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a, ando,are the expected value and the standard deviation of the membership

function. o, =0.5, a, € {1,2,3}, and xe[1,3]. A value of 1 indicates cell types for

divers, who are not very active community members, they accept the network opinion, but not
spread the word; value of 2 said cell type for communicators, who are more active, and will
actively participate in the expression of their personal views and opinions to participate in the
spread of word-of-mouth; value of 3 represents opinion leaders, who have a certain authority
and influence, word-of-mouth is usually spread by opinion leaders.

(3) Cell impact degree: cell attitude is not only affected by the neighbor cell, but also
affects the neighbors. Selecting the triangle function as fuzzy membership function, three
attributes are high, medium and low, ranging from [0, 1]. The value is closer to 1, the higher
the value of influence is, the closer to 0, the lower impact. The membership funétions, of

impact degree demonstrated in Figure 4. v

| S B E—

—_—
Lowe Medium. \* OHighp@

4o

Figure 4. The Membe@ip Func@l Impact Degree and Cell Confidence

gree

*

Cell attitudes \ typeml pact on the cell impact degree. More specifically,
negative word-efgolth has a gréater impact; and the effect of opinion leaders is supreme,
communicatr, div ly effect. So we can construct a fuzzy inference system, input
is the cell type*arid cell a e, the output is the cell impact degree. The fuzzy rules are listed
below.

If (type is Lead (impact degree is high);

If (type is Di en (impact degree is low);

If (Atti%go itive) and (type is Diver) then (impact degree is low);

If (Atti ositive) and (type is Purveyor) then (impact degree is high);
If (m is Negative) and (type is Purveyor) then (impact degree is high);
de is Neutral) and (type is Diver) then (impact degree is low);
%ell confidence degree: each cell has certain persistence on its own attitude, cell
confidence degree recorded ascqi, j). Selecting the triangle function ¢(x) as fuzzy
membership function, three fuzzy subsets are high, medium and low, ranging from [0, 1].
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(0 . X< a

(x—al)/(az—al) ,a, < x<a

o (x) = e (3)

|(a3—x)/(a3—a2) ,a,<x<a

[O , X > a

Here, left point(a,), central point(a,) and right point(as) determine the shape of membership,
[a2-al| = |a3-a2| = 0.4.
The value of ¢ (x) is more closer to 1, the cell confidence degree is much more higher,

the more close to 0, confidence lower. The membership functions of cell confidence
demonstrated in Figure 4.

V‘
3.2. Negative Word-of-mouth Evolution Fuzzy Rules ;

Through the above analysis and preparation, electronic ofemout iOn rules can
be built. In the initial period, set a few randomly selecte ttitudes Valyé€ toward -1, to
make sure that their attitudes were negative. It can beptierstoo Iike\@l ese cells release
negative word-of-mouth and influence other cell aro '@ to SQ%? titudes.

Starting fromT = z, randomly select certain cells;*ahd set thellattitudes value to 1, said
that the relevant units or enterprises make a itive res;%e and disseminate positive
word-of-mouth. In the whole cycle of negati d-of-mou ssemination, per unit of time,
each cell receives the word of mouth in on. So, iterative evolution of FCA is one
time unit of information communicatioﬂ‘ al lifee®

The next station of the cell is af by four&s: the cell current attitude, neighbors’
attitude, neighbors” influence and ] conf%e degree. Some rules are listed below.

If (Attitude is Negative) and -Attitu \ gative) then (Next-Attitude is Negative);

If (Attitude is Neuter) a ei-AttitL&!egative) then (Next-Attitude is Negative);

m udenis’ Neuter) then (Next-Attitude is Neuter);

If (Attitude is Neu}er ei-Attit
If (Attitude is l\ and (No&%ttitude is Positive) and (Confidence is high) then
(Next-Attitude is ;

If (Attitude=is, Wegative) .and Nei-Attitude is Positive) and (Confidence is low) and
(Impact degr iddle @ext—Attitude is Negative);

If (Attitude 1s Negati nd (Nei-Attitude is Positive) and (Confidence is high) then
(Next-Attitude is Negdtj

If (Attitude is e) and (Nei-Attitude is Negative) and (Confidence is high) and
(Impact degree isWiddle) then (Next-Attitude is Positive);

If (Attit is Positive) and (Nei-Attitude is Negative) and (Confidence is Middle) and
(Impact d is high) then (Next-Attitude is Negative);

As r of fact, there can be 3 =3 =3=3 rules. Otherwise, between some rules there is
i elation, or some rules can be reduced. For example, if the cell current attitude is
ne e, and the neighbor attitude is negative, then no matter how much the confidence and
neighbor influence is cell next time still negative attitude. The final 35 rules are not recounted
one by one with the limit of space. From Mamdani inference method and defuzzification of
the center-of-gravity, the system has obtained the new Attitude of current netizen.
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4. Simulation and Analysis

According to the established model, aso x 50 matrix was set for the cellular space. Cell’s
neighbor form was Moore type neighborhood and the radius was 1. The cell character matrix
P, attitude matrix A, confidence degree matrix C was random assignment. And the influence
matrix | can be obtained by the sub fuzzy system based on the value of P and A.

4.1. Evolution of Negative Word-of-mouth

In the initial period, set 5 randomly selected cell attitudes value toward -1, to make sure
that their attitudes were negative. Starting fromt = 2, randomly selected several cells, and set
their attitudes value to 1. Negative word-of-mouth evolution experiment can be done after
setting the parameter values, and then we can show the variations of the ive

word-of-mouth quantity in Figure 5. ?\
&\\.\/@0
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Figure B ativ%) of-mouth Quantity Tendency
Figure 5 show, rocess gative word-of-mouth propagation. Initially, there is a
surge in the of negatie word-of-mouth, and it takes a short period of time to peak. If
the relevant or ente made a positive response at once, negative word-of-mouth

decline and continue to fall.
experiments conclusions, we grabbed 5764 posts date up to
general discussion in Weiwei network [24]. In general, the more
part in the information sharing, the more of an impact he can make. So

discussion volume wo

In order to veri
2013-8-31 from i
actively netizens

we can sa he hypothesis ‘Effect of opinion leaders is supreme, communicator order,
divers ha ffect” mentioned in Section 3.1 is true. Most of the posts are about price,
config information, hardware, system upgrades, and software applications and so on.
T, of posts does not reflect the likes or dislikes emotion, and can be regarded as

word-of-mouth. Posts like ‘iPhone5 is a frustrating product” which express distinct
personal aversion are regarded as negative word-of-mouth; while another kind of posts
clearly reflects the praise attitude likes ‘2012 of ten products: iPhone5 champion’ are
regarded as positive word-of-mouth. By statistical analyzing the content of all posts, we can
know that the number of negative WOM is 676, which is 3 times more than that of positive
word-of-mouth. So negative word-of-mouth can attract more attention and spread more
widely than positive word-of-mouth. Figure 6 reflects the changing tendency of negative
word-of-mouth.
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Figure 6. Tendency of Negative Word-of-Mouth
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There were 2 peaks in the chart of changing tendenc gatlve mouth, this
mainly due to the inconsistency between iPhone 5 re h date on the
mainland. It can be seen from Figure 3 that negativ of-mo th q ty reached a peak
in a short period of time, and then the discussing v dropp y and continued low
volume. This trend confirms the conclusions from.Figure 5

4.2. Effect of Response Time on Word-of vqu \

In last section, we simulated the evi ord of-mouth, and raised another
guestion: when is the most appro\ég me to ene the spread of word-of-mouth?
Therefore, this section introduce Ie t reSent negative (positive) word-of-mouth
proportion. Considering that a rativi n of CA is one time unit of information
communication in real lif in the %nt we only need to change the value of the
intervention time. G@

When the inter ime |s , T=5, T =10, simulation experiments were
carried out to get& 7- Fig he absmssa represents the iteration number and the
ordinate rep egativ p0| e) word-of-mouth proportion. The followings are
respectlvely graphl he description and analysis.

@ . . positives
a7 7= -negative
Ok 0Bl

@)
& 1

5 10 15 0 5 30 x5 40 45 50

Figure 7. T=2, Changes of the Proportion of WOM
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As Figure 7 shows, when the response time was T = 2, negative word-of-mouth would be
on the rise in a short period of time, but soon began to fall; while the positive word-of-mouth
accounted for the overall trend was rising. When reaching the final state, positive
word-of-mouth occupied the dominant position, the proportion reached 70%. At this time the
brand reputation was positive.

0.85

——M—. . positive.

bEp ) .
St f U= L A

0851

n5F
past |
Gl
0.35¢

b3

&\\

0.25

mz L i L
[ [] 10 1% z: 2!- 3#

Figure 8. T=5 Changes e Propo@of WOM

word-of-mouth changed. We coul ge of positive word-of-mouth and
negative word-of-mouth proport hift in the state. After reaching steady
state, the negative word- of- was sf hlgher than the proportion of positive
word-of-mouth, but the dlfﬁémce was K hIS time the brand voice gets both praise and

NN
o

Figure 8 shows that when the e @T -5, how the proportion of
r‘&ally

* pegatived

“ﬂ il 'Ilﬂ 1'5 ?I'.'I ?I:n Jll.'l Sli -llﬂ a3 =]
Figure 9. T=10, Changes of the Proportion of WOM

Figure 9 showed that when the response and intervention time was T =10 , although in a
short time the volume of negative word-of-mouth would rise in volatility, but eventually the
negative word-of-mouth occupied the dominant, and the ratio reached more than 70%.
Therefore, if the negative word-of-mouth response is not timely, it is likely to cause outbreaks
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of netizens negative emotions, even result in boycott behavior. For example, in 2012
February the Guizhentang extract bear bile incident, because of its failure to take timely
measures to make positive network response, the netizen to boycott Guizhentang volume ratio
reached 98%.

5. Conclusion

From this experiment we can conclude that: The negative publicity causes a surge in the
number of negative word-of-mouth initially. If the relevant units or enterprises made a
positive response at once, negative word-of-mouth discussion volume rapid decline and
continued to fall; if there is no response or respond in a way that is not appropriate, the
negative word-of-mouth on volume will keep rising. .

Therefore, enterprises should immediately respond, or clarify the facts me
responsibility as soon as the negative electronic word-of-mouth appears on a %&Jlletin
board. If the corporate could guide the media's reporting trend actively,,itim ecome a
golden opportunity to build their image and advertise prod ¢

And it would be so worse to hide, escape and shift th ponsibility, orce to delete
negative electronic word-of-mouth information, or hj

network NavyYaraise yourself, that it

can only cause more consumer dissatisfaction, annd its tive effects. Moreover,

negative electronic word-of-mouth information ’%Ta &ment shoulthnot be a short-term burst
b

of activity, it should not be isolated, but shou the nor anagement combined with
other business activities of enterprises. Spec@ , the entelgrise can invest manpower and

material resources to set up relevant depg?he S, € h@users' information files, real-time
tracking and collecting dynamic infor‘ of ¢ attitude tendency about products

Or Services.
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