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Abstract: We use a general cellular automata model to study the consumer decision-making process. Within
this generalmodelweuse threedi�erent rules governingword-of-mouthcommunication (w-o-m), onemajority
rule and two unanimity rules, and ask the question if di�erences between these three w-o-m rules, introduced
on the microscopic level, will manifest on the macroscopic level. We show that in the model with the majority
rule the neighborhood plays a significant role in terms of themarket shares whereasmovement (interpreted as
seeking for information inother sources) is almost negligible. Exactly theopposite phenomenaareobserved for
models inwhich unanimity, instead ofmajority, is needed to convince agents. We also introduce amodification
of the unanimity rule, based on the Latane theory of the social influence, and show that on the macroscopic
level this modification is indistinguishable from the simple unanimity rule. We conclude the paper with a rec-
ommendation which rules are more appropriate to model particular marketing phenomena.
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Introduction

1.1 Consumerbehavior is a very complexprocess and it is o�ennot feasible to study it using conventional analytical
or empirical approaches (Gilbert et al. 2007). In this situation, agent-basedmodels (ABM), in particular cellular
automata (CA), are extensively used in this field (Rand & Rust 2011; Squazzoni 2012; Bianchi & Squazzoni 2015).
ABM provide a bridge between themicro andmacro levels, and therefore are used to study themechanisms of
social behavior (Macy & Willer 2002; Squazzoni 2008). Moreover, the CA approach allows to test the paradigm
of macro-collective behavior based on local relationships in a particularly straightforward way (Moldovan &
Goldenberg 2004). There aremany examples of applications of CA to study consumer behavior, e.g. investment
behavior in the stock market (Wei et al. 2003), interactions between customers and suppliers of medical and
cosmetic products (Zimbres & de Oliveira 2009), e�ects of network externalities on the growth rate of a new
product (Goldenberg et al. 2010), introduction of new products in the mobile and desktop phones market in
China (Ma & Chao 2011) and innovation di�usion (Goldenberg et al. 2001b; Goldenberg & Efroni 2001).

1.2 One of themost important factors influencing consumer behavior is interpersonal impact. An individual’s deci-
sion to purchase a certain product depends on the experience of other buyers (Teraji 2003). These are informal
networks of contacts, which have long been seen as a key source of influence in social systems (Brass 1984). The
basic mechanism of these informal contacts is word–of-mouth communication (w-o-m). As shown by Golden-
berg et al. (2001a); Peres et al. (2010), a�er an initial stage – when advertising can be more e�ective – w-o-m
is the main propelling mechanism for launching a new product in the market. In addition, many studies show,
thatw-o-mhasa significant impacton thedemandcurves for innovativeproducts (Campbell 2013;Maciejowska
et al. 2016) and the resulting consumer choices (Mahajanet al. 1984; Brown&Reingen 1987;Hennig-Thurauet al.
2004; Ste�es & Burgee 2009). In certain circumstances, this type of communication is more e�ective than any
other form of advertising (Goldsmith & Horowitz 2006). Furthermore, w-o-mmarketing exerts a significant im-
pact on sales. For example, w-o-m can increase the box o�ice revenues of a movie (Liu 2006), increases beer
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(Clemons et al. 2006) and book sales (Chevalier & Mayzlin 2006). Therefore, in this paper we use a CAmodel to
study the consumer decision-making process based solely on word-of-mouth communication.

1.3 Wefollowhere ideas introduced in the famousSchellingmodel (1971) andourpreviouspaper (Kowalska-Styczen
& Sznajd-Weron 2012). In the Schelling model each agent belongs permanently to one of two types andmoves
to an empty place if he/she is in an unhappy situation, i.e. if the fraction of the neighboring agents of the same
type is too low (below threshold T ). Therefore in the Schelling model a movement can be interpreted as a
search for happiness. In our model, agents are not permanently assigned to one of the types and can change
their states due to w-o-m, because the agent type describes an individual’s decision, like in many other ABM
models in marketing (Rand & Rust 2011). However, similarly as in the Schelling model, they can also move to
an empty place and the movement is now interpreted as a search for information. In this paper we generalize
the previously proposed model (Kowalska-Styczen & Sznajd-Weron 2012) by introducing three di�erent types
of w-o-m: (1) based on the absolute majority, like in the previous paper, (2) based on the unanimous majority
with the probability of social influence depending on the size of the group, as in Latane’s theory, and (3) based
on the unanimous majority independently of the group size, like in (Nyczka & Sznajd-Weron 2013).

1.4 Usingmajority and unanimity rules seems to be a reasonable choice because empirical studies show that peo-
ple tend to group together, as seen in the stock market, online auctions (Teraji 2003) or during mass events
(Becker 1991). The cues that elicit herd behavior and influence consumer choices have been also studied in
(Huang & Chen 2006). Furthermore, consensus could influence interpersonal communication more than lack
of consensus (Burnkrant & Cousineau 1975; Pincus & Waters 1977).

1.5 The aim of this paper is to answer the question if di�erences between these three w-o-m rules, introduced on
themicroscopic level, will manifest on themacroscopic level. The results of our simulations togetherwithwell-
known social theories provide a basis for recommending rules, which are appropriate for modeling particular
social phenomena.

The General Model

2.1 In the previous paper (Kowalska-Styczen & Sznajd-Weron 2012) we have introduced a simple CA model of con-
sumer behavior inwhichdecisionsweremade solely on thebasis of person-to-person communication. Herewe
extend our previous study by testing di�erent rules tomodel theword-of-mouth process. Nevertheless, still the
only source of changes is w-o-m. Our assumption goes in line with the observation that in a variety of decision-
making scenarios individuals may be influenced more by the exposure to each other than the external factors
like mass media (Watts & Dodds 2007; Nolan et al. 2008). Moreover, limiting dynamical rules of the model to a
single source (w-o-m), allows for an in-depth comparative analysis of the di�erent versions of the model.

2.2 In our generalized model, as in (Kowalska-Styczen & Sznajd-Weron 2012), cells are arranged in a two dimen-
sional square latticeLxLwith periodic boundary conditions and a vonNeumann neighborhood of range r = 1
or r = 2 (see Figure 1). Each i-th cell (i = 1, ..., L2) can be in one of three states: empty (Si = 0), occupied by
an agent of type A (Si = 1) or occupied by an agent of type B (Si = −1). At each time step t the number of
agents of type A, denoted by NA(t), and the number of agents of type B, denoted by NB(t), can be changed
according to the rules described below, but the total number of agentsNA(t) +NB(t) = N ≤ L2 is preserved
and thus an average concentration of occupied cells p = N

L2 ∈ [0, 1] is constant. Initially agents are distributed
randomly on the lattice, i.e. with probability p a randomly chosen cell is occupied and with probability 1 − p
it is empty. In (Kowalska-Styczen & Sznajd-Weron 2012) probability p, that a randomly chosen cell is occupied,
was interpreted as access to information inword ofmouthmarketing and the agent type (A or B) as a consumer
of one of two competing brands or products. Representing agents in the market by binary variables is not a
new idea. For example, in Bouzdine-Chameeva &Galam (2011) A andBwere interpreted as two competingwine
brands. In general, binary variables can represent a much wider set of concepts (Watts & Dodds 2007) and are
o�en used as a more robust representation of polytomous-format data (Kaiser & Byrka 2015).

2.3 Like Kowalska-Styczen & Sznajd-Weron (2012) we consider here random initial conditions, which means that
initially the spatial distribution of agent types is homogeneous – each occupied cell is of type Awith probability
c0 ≡ c(0) = NA(0)/N and B with probability 1 − c0. At each time step t all cells i = 1, ..., L2 are updated
simultaneously according to the following general rules:

1. An agent (i.e. an occupied cell, Si(t) = 1 or Si(t) = −1) can change its state to the opposite one (Si(t+
1) = −Si(t)) due to the social influence of its neighbors. In the original version of the model, a cell
changed its state to the state represented by the majority of the neighborhood. In this paper we will
introduce also other possibilities.
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Figure 1: The von Neumann neighborhood of range r is defined as a set of cells surrounding a central cell such
that each cell has a distance to the central cell not larger than r. In this paper we use r = 1 and r = 2 (Gray
2003).

2. If an agent cannot make a decision on the basis of the state of its neighborhood (for example, in the ab-
sence of amajority in the original version of themodel) thenwith probability q he/shemoves to the near-
est empty cell in a randomly chosen direction (N, E, S or W).

2.4 We consider two extreme cases of the model, i.e. with movement (m) which corresponds to q = 1 and without
movement (wm), i.e. for q = 0. It should be also stressed here that the second rule does not have to be inter-
preted as a physical movement but also as the act of seeking information from di�erent sources, for instance,
the Internet (Kowalska-Styczen & Sznajd-Weron 2012).

Modifications of the Model

3.1 In Kowalska-Styczen & Sznajd-Weron (2012) we have assumed that the absolutemajority is su�icient to change
the state of an agent. However, inmany real-world situations the absolutemajoritymay not be su�icient. It has
been observed in a number of experiments that a small unanimous group may be more e�icient than a much
larger group with a non-unanimous majority (Bond 2005). In a classical series of experiments on conformity,
Solomon Asch found that the presence of a social supporter reduced conformity dramatically - participants of
the experiment were far more independent when they were opposed by a seven person majority and had a
partner sharing the same opinion thanwhen they were opposed by a three-personmajority and did not have a
partner (Asch 1955). Influence of a consistentminority on the responses of amajority has been also reported by
(Moscovici et al. 1969). Also recent neurological experiments suggest that unanimous opinions may be critical
for normative influence (Campbell-Meiklejohn et al. 2010). Therefore one can imagine that the majority rule
can be replaced by the unanimity rule as in the q-voter model (Nyczka & Sznajd-Weron 2013; Castellano et al.
2009). In fact both rules are just a special case of the famous threshold model (Granovetter 1978; Granovetter
& Soong 1986; Watts & Dodds 2007). Within the general threshold rule individuals will switch from A to B only if
at least a threshold fraction φ of its neighboring nodes are in state B. Therefore the majority rule considered in
(Kowalska-Styczen & Sznajd-Weron 2012) can be described by the threshold φ = 0.5 and the unanimity rule by
φ = 1. As noticed inSinghet al. (2013) the threshold condition ismoreeasily satisfied if thenumberof neighbors
k is smaller. On the other hand, it is well known that the social influence increases with the size of the group
(Asch 1955; Latané 1981; Bond 2005; Myers 2013). According to the famous theory of social influence by (Latané
1981) the impact increases with size k of the group as kα, with α = 2 for most reported experiments. Latane’s
principle is not easy to be introduced for an arbitrary threshold, but it can be easily done for the unanimity rule
(φ = 1).

3.2 Summarizing, there are three interesting rules describing social influence (word-of-mouth) that areworth to be
considered and compared:

1. Majority rule (MR): Anagent changes its type fromAtoBwithprobability 1 if themajorityofoccupiedcells
in his/her neighborhood are in state B and otherwise does not change. Analogously, an agent changes its
type from B to A with probability 1 if the majority of occupied cells in his/her neighborhood are in state
A. In the absence of majority, an agent moves with probability q to the nearest empty site in a randomly
chosen direction. This rule has been used in Kowalska-Styczen & Sznajd-Weron (2012).

2. Unanimity rule (UR): Anagent changes its type fromA toBwithprobability 1 if all occupiedcells inhis/her
neighborhood are in state B and otherwise does not change. Analogously, an agent changes its type from
B to Awith probability 1 if all occupied cells in his/her neighborhood are in state A. If not all occupied cells
in the neighborhood are in the same state an agent moves with probability q to the nearest empty site in
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Figure 2: Unanimity Latane rule (ULR): An agent changes its type fromA to B if all occupied cells in the neighbor-
hood are in state B with probability which is, according to Latané (1981) proportional to the square root of the
number of occupied cells k. If not all occupied cells in the neighborhood are in the same state an agent moves
with probability q to the nearest empty site in a randomly chosen direction.

a randomly chosen direction. The unanimity rule is inspired by the Sznajd and q-voter models (Nyczka &
Sznajd-Weron 2013; Castellano et al. 2009).

3. Unanimity Latane rule (ULR): An agent changes its type from A to B if all occupied cells in his/her neigh-
borhood are in state B with probability f(k) which is, according to Latané (1981), proportional to the
square root of the number of occupied cells k. In order to ensure that f(k) ∈ [0, 1] we have to choose a
rescaling constant and therefore for the von Neumann neighborhood of range r = 1 the probability of
change equals f(k) =

√
k
2 , where k ∈ {0, 1, 2, 3, 4}, whereas for r = 2 we have f(k) =

√
k√
12
, where

k ∈ {0, 1, ..., 12}. If not all occupied cells in the neighborhood are in the same state an agentmoves with
probability q to the nearest empty site in a randomly chosen direction. An illustration of the Unanimity
Latane Rule (ULR) is presented in Figure 2. To the best of our knowledge, such a rule has not been used
before in ABM, in spite of the firm social basis.

3.3 The ULR rule is definitely more complicated than UR, yet it seems to be more realistic from the social point of
view. The question that naturally arises is the following: Will di�erences between the MR, UR and ULR rules,
which are details on the microscopic scale, manifest on the macroscopic level?

Implementations of the Model

4.1 We have prepared two programs that allow to simulate all three variants of the model. The first one, imple-
mented inDelphi, canbedownloaded fromIDEAS/RePEc: https://ideas.repec.org/c/wuu/hscode/zip16001.
html. Thesecondone,written inNetLogo, canbedownloaded fromhttp://modelingcommons.org/browse/
one_model/4597#model_tabs_browse_info. The Delphi implementation is faster, allows to simulate larger
systems and generally is more suitable for scientific simulations. On the other hand, the NetLogo implemen-
tation is more user friendly and allows to visualize step by step the evolution of the system. Finally, as usually,
NetLogo allows not only to read but also to modify the code.

Results

5.1 In Kowalska-Styczen & Sznajd-Weron (2012) we have already investigated themodel with the MR rule. Here, we
focus on comparing thismodelwith the twonewly introduced, i.e. UR andULR.Wehave conducted simulations
for di�erent lattice sizes, from L = 10 to L = 100 and averaged overM = 103 samples. Results nicely scale
with the system size for all models, analogously as in MR (Kowalska-Styczen & Sznajd-Weron 2012). Therefore,
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Figure 3: Sample trajectories showing the time evolution of the concentration of A-agents for the vonNeumann
neighborhood of range r = 1 and probability of movement q = 1 on a lattice of size 50 x 50 = 2500 cells for
three rules: majority rule (MR), unanimity Latane rule (ULR) and unanimity rule(UR). Initially, there are equal
numbers of A- and B-agents and the total concertation of occupied cells is p = 0.75, whichmeans that cA(0) =
cB(0) = 0.5 ∗ 0.75 = 0.375. Trajectories stop at the relaxation time (i.e. a�er reaching the stationary state),
which is di�erent for each sample, and here varies between 50 and 80 steps.

we have decided to present all results on a 50 x 50 square lattice, which is large enough for statistical purposes
but at the same time small enough to obtain results within a reasonable time.

5.2 Initially the spatial distribution of agents is homogeneous, i.e. each occupied cell is in state A with probability
cA(0) = c0 and in state Bwith probability cB(0) = 1−c0. Under each of the three rules (MR, URorULR) the sys-
tem evolves towards the stationary state and reaches, a�er a certain relaxation time τ , the final concentration
ofA˘cst. Let us start from the symmetric initial state forwhich the number of agents of type A is the same as the
number of agents of type B, i.e. c0 = 0.5. It is seen in Figure 3 that in such a case there is almost no change in
the concentration of A-agents for MR. Nevertheless, the system evolves and the final state ismore ordered (seg-
regated) than the initial one, which is visible in Figure 4. However, changes in the system aremuchmore visible
if we consider UR or ULR. In both cases the concentration of A-agents, cA, changes in time (see Figure 3) and
segregation ismuch stronger (see Figure 4). Interestingly, the stationary value of cA varies considerably for each
trial – we show three di�erent sample trajectories for both rules (UR and ULR) in Figure 3. This phenomenon is
also clearly seen in Figure 5, where the standard deviation of the stationary concentration is shown.

5.3 Onemore di�erence between the MR and the other two rules can be seen in Figure 4. In spite of a considerably
lower level of segregation for the MR rule, we can also observe periodic structures. Such a periodic structure
looks like a chessboard and changes periodically in time (A ↔ B), see the panel for p = 0.7 and r = 1 in the
first row of Figure 4. This means that for MR (and for UR in some cases, which will be seen later) the stationary
state is one of two types:
• A fixed point (blocked configuration) in which no further change is possible. According toWolfram (1984)
this corresponds to the first universality class of CA.

• A periodic structure in which agents cannotmove but some of themperiodically change the state (chess-
board structures). According to Wolfram (1984) this corresponds to the second universality class of CA.

5.4 Figures 3 and 4 suggest that generally the UR and URL rules lead to a more homogenous state, much closer to
the consensus than the MR rule. We can observe this phenomenon more qualitatively looking at the average
value of the concentration in the final state:

〈cst〉 =
1

M

M∑
j=1

cjst (1)

where is the stationary concentration of A-agents in simulation j andM is the number of samples.
5.5 In Figure 5 the average value of the stationary concentration, 〈cst〉, as a function of the initial concentration, c0,

is presented. First of all, it is seen that theMR rule gives significantly di�erent results than theUR andULR rules.
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Figure 4: Final configurations of the system 50x50 for three di�erent rules MR (top row), ULR (middle row)
and UR (bottom). For all panels the probability of movement in case of uncertainty was q = 1 and initially
the number of agents of type A was the same as the number of agents of type B. In each column results for
di�erent values of p and r are presented accordingly to the titles above the columns. It is seen that for ULR
and UR the system eventually reaches the blocked configuration (fixed point), whereas for MR with r = 1
also periodic structures are possible. This is visible better when running the NetLogo program (available from
http://modelingcommons.org/browse/one_model/4597#model_tabs_browse_info) .

Figure 5: The average value of stationary concentration 〈cst〉 and standard deviation δcst of A-agents as a func-
tion of the initial concentration of A agents, c0, for the square lattice 50x50 for several sets of parameters r
(range of the neighborhood) and q (probability of movement) accordingly to the legend in the top le� panel,
which is also valid for all remaining panels. Results for the majority rule (MR), unanimity Latane rule (ULR) and
unanimity rule (UR) are presented in the top, middle and bottom rows, respectively. Panels in the le� column
correspond to the density of occupied cells p = 0.3 and in the middle column to p = 0.7. Standard deviation
for p = 0.7 is presented in the right column. Results have been averaged over 103 samples.

On the other hand, the UR rule gives almost identical results as the ULR variant. Figure 5 shows that for the MR
rule the range of the neighborhood, r, influences results more than the probability of movement, q, whereas
for the ULR and UR rules the probability of movement changes results significantly. For the MR rule the results
for r = 1 almost overlap regardless of q and the same is observed for larger values of r. On the other hand, for
the ULR and UR rules the results dependmuchmore on q – for density p = 0.7 (middle column in Figure 5) the
results for the same value of q overlap regardless of r. It is also seen that for p = 0.7 and c0 6= 0.5 the system
is almost fully ordered. Because cA can be interpreted as market share, the obtained results mean that even a
small predominance of one company over another leads to the victory of the dominating company for the ULR
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Figure 6: Mean relaxation time 〈τ〉 and standard deviation δτ as a function of the initial concentration of A
agents, c0, for the square lattice50x50 for several setsofparameters r (rangeof theneighborhood) and q (proba-
bility of movement) accordingly to the legend in the top right panel, which is also valid for all remaining panels
Results for the majority rule (MR), unanimity Latane rule (ULR) and unanimity rule (UR) are presented in the
top, middle and bottom rows, respectively. Panels in the le� column correspond to the density of occupied
cells p = 0.3 and in the middle column to p = 0.7. Standard deviation for p = 0.7 is presented in the right
column. Results have been averaged over 103 samples.

and UR rules. For the MR rule the dependence between the final and the initial value of the market shares is
much less steep. Summarizing, we see from Figure 5 that:

1. For the MR rule the level of consensus increases with the size of the neighborhood, r, which results in a
steeper dependence between 〈cst〉 and c0 for r = 2 than for r = 1. On the other hand, the probability
of movement q influences results much weaker, at least if we only look at the average concentration of
A-agents.

2. The movement is much more significant for UR and ULR than for MR – the level of consensus increases
with the probability of movement, q, which results in a significantly steeper dependence between 〈cst〉
and c0 for q = 1 than for q = 0.

3. The density, p, of occupied cells influences results muchmore for UR and ULR than for MR.

5.6 The above results can be understood heuristically. The unanimous majority is much less probable than the
absolute majority and thus the uncertainty is much more probable for UR and ULR than for MR. This means
that for the probability ofmovement q > 0 agents will o�enmove and the systemwill evolvemuch longer until
an ordered system will be reached. Until at least one A-agent will be a neighbor of a B-agent, the system will
evolveandeventually a complete separationofAandBwill be reached (seealsoFigure3). On theotherhand, for
q = 0, i.e. without movement, the system will be blocked almost immediately because it is almost impossible
to find a unanimous majority for a random system (at early stages of evolution). These results remind of the
famous (Schelling 1971) model of spatial segregation. However, the rules of our model are very di�erent – in
our case an agent is unhappy in case of uncertainty and it can adopt the state of the neighborhood in case of
a certain opinion. Following the above reasoning we also expect that for the ULR and UR rules the relaxation
time to the final fixed state will be much shorter for q = 0 than for q = 1. Moreover, for q = 1 the relaxation
should be longer for ULR and UR than for MR.

5.7 To check our predictions wemeasure the mean relaxation time defined as:

〈τ〉 =
1

M

M∑
j=1

τ j (2)

where τ j is the time needed to reach the stationary state in j-th simulation andM is the number of samples.
Mean relaxation time 〈τ〉 as a function of initial concentration c0 is presented in Figure 6. Again the UR and ULR
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Figure 7: The total number of homogenous (NAA+NBB) and heterogeneous (NAB +NBA) pairs as a function
of the initial concentration of A agents, c0, for the square lattice 50x50 for several sets of parameters r (range
of the neighborhood) and q (probability of movement) accordingly to the legend in the top le� panel, which is
also valid for all remainingpanels. Results for themajority rule (MR), unanimity Latane rule (ULR) andunanimity
rule (UR) are presented in the top, middle and bottom rows, respectively. Panels in the le� column correspond
to the number of homogenous pairs for the density of occupied cells p = 0.3 and the middle column to the
number of homogenous pairs for p = 0.7. The total number of heterogeneous pairs for p = 0.3 is presented in
the right column. Results have been averaged over 103 samples.

rules give almost identical results. As expected, in the casewithmovement the relaxation ismuch longer under
UR and ULR than for MR. Exactly the opposite situation holds for the case without movement, as expected.
Almost all results presented until now indicate that:

1. The size of the neighborhood, r, plays a significant role for MR, but not for ULR and UR.

2. The probability of movement, q, is muchmore important for ULR and UR than for MR.

3. Results for ULR and UR are almost indistinguishable.

5.8 To complete our findings, we decided tomeasure the total number of homogenous (NAA +NBB) and hetero-
geneous (NAB + NBA) neighboring pairs (see Figure 7). We see again, that the results for MR are significantly
di�erent than for ULR andUR. However, for the first timewe also see somedi�erences between theULR andUR
rules. For a low density of occupied cells p = 0.3 (le� column) and r = 1, q = 1 the results for ULR and UR are
di�erent – the segregation is stronger forULR than forUR.Moreover, the dependencebetween the total number
of homogenous (NAA +NBB) pairs and c0 is very di�erent – it is concave for ULR (i.e. there is a maximum for
c0 = 0.5) and convex for UR (i.e. there is a minimum for c0 = 0.5).

5.9 To understand this di�erence between the UR and ULR rules let us present again several screenshots for c0 =
0.5, r = 1, q = 1 and p = 0.3 (see Figure 8). Under ULR the system reaches, a�er relaxation time t = τ , a fixed
point and therefore the configuration at time t = τ is exactly the same as at time t = τ + 1. On the other hand,
for UR the limit cycle is reached, which is visible if we focus on regions of the system in which red agents are
neighbors of green agents -– three samples are marked by white loops in Figure 8. In such regions red agents
change into green and vice-versa. Therefore the level of segregation for the UR rule is lower in this case. Such
constantly changing agents could be interpreted as consumers without an opinion. Let us take as an example
the legendary Cola Wars, i.e. the competition between Coca-Cola and Pepsi (Muniz Jr. & Hamer 2001), or the
Apple vs. Samsung battle (Cusumano & A. 2013). Those agents who are fixed in the stationary state are loyal
customers of one of two brands. On the other hand, those who are changing constantly are disloyal, i.e. they
do not prefer one company over another and buy a product that is available or cheaper. The number of disloyal
customers is described by the number of heterogeneous pairs in the stationary state (see the right column in
Figure 7) and is the highest for MR, which can be also anticipated from Figure 4.

JASSS, 19(4) 10, 2016 http://jasss.soc.surrey.ac.uk/19/4/10.html Doi: 10.18564/jasss.3156



Figure 8: Sample stationary configurations of the system, in which the range of the neighborhood r = 1 and
probability of movement in case of uncertainty is q = 1 for ULR (top panels) and UR (bottom panels). Initially
(t = 0; le� column) the number of agents of type A is the same as the number of agents of type B and they are
distributed randomly in the system. A�er the relaxation time (t = τ ; middle column) the system reaches the
stationary state. For the ULR rule this is a fixed point and therefore the configuration at time t = τ is exactly the
same as at time t = τ + 1 (right column). On the other hand, for the UR rule the limit cycle is reached, which is
visible if we focus on regions of the system in which red agents are neighbors of green agents – three samples
are marked by white loops. In such regions red agents change into green and vice-versa.

Conclusions

6.1 We have investigated a general CA model to answer the question if di�erences on the microscopic scale be-
tween the Majority Rule (MR), the Unanimity Rule (UR) and the Unanimity Latane Rule (ULR) manifest on the
macroscopic level. As we have shown, the di�erences between UR and ULR are almost negligible, when we
look at the aggregate quantities such asmarket share cA or relaxation time τ . However, if we look at themarket
structure (microscopic configuration) we see that for the UR rule more scenarios are possible than for the ULR
rule, which makes it more suitable for social applications. Overall, for UR and MR (but not for ULR) three types
of stationary market structures are possible:

1. All agents are consumers of a single brand that conquers the market. This corresponds to the monopo-
listic market structure (fixed state; all agents are red or green).

2. There are consumers of both companies and they are all loyal (fixed state; there are clusters of red and
green agents).

3. There are loyal consumers of both brands and consumers which permanently change preferences (limit
cycle; there are fixed clusters of red and green agents and chessboard-like structures, which change pe-
riodically).

6.2 The 3rd possibility is not only very interesting but also realistic. Even the legendary Apple customer loyalty is
not 100%, though it actually is surprisingly high – over 90% (Pinson & Brosdahl 2014). In general, the customer
loyalty is a complex construct and reasons for loyalty are highly not obvious (Jahanshahi et al. 2011). Moreover,
explainingandmodeling loyaltygoesbeyond thescopeof thispaper. However, oneshouldbeaware that loyalty
to any brand in the duopolymarket is never 100% and thereforemodels which allow to describe also non-loyal
behavior areof particular interest. For this reason, theMRandUR rule aremore suitable tomodel social systems
than the ULR rule.

6.3 One could ask now which of remaining two rules – MR or UR – is more appropriate. The answer depends on
the particular case that is studied becausemarketing research shows thatmany factors influence a consumer’s
behavior (Kotler&Keller 2012). Let us first commentwhat comesout fromour results. Withinour approach, gen-
erally a higher level of segregation and simultaneously a lower number of disloyal customers is observed for the
unanimity rule than for the majority rule. This could suggest that for products (or more generally – behaviors)
in which stronger segregation and higher loyalty is observed, a unanimousmajority is needed to change an in-
dividual’s state. Choosing one of the two rules (MR or UR)may also be based on the level of involvement. Some
consumers may be able to make quick purchase decisions and other consumers may need to get information
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and be more involved in the decision process before making a purchase. The level of involvement in buying
decisions may be considered a continuum from decisions that are fairly routine and simple to decisions that
require a high level of involvement (Tanner & Raymond 2012). Consumers o�en engage in routine response be-
havior when theymake low-involvement decisions, theymake automatic purchase decisions based on limited
information. However, low-involvement decisions are typical for products that are relatively inexpensive and
pose a low risk to the buyer. By contrast, high-involvement decisions carry a higher risk to the buyer if he or
she makes a mistake by purchasing them. They are complex and associated with high price tags, i.e. buying a
car, a house, an insurance policy (Tanner & Raymond 2012). Moreover, when a consumer engages in an involv-
ing buying process, his or her behaviors are typically di�erent than when they are in a less involving situation.
Summarizing, it seems that themajority rule canbeapplied in simulations to study low-involvementbuyingde-
cisions, i.e. when there is no emotional involvement (no loyalty) or the products are usually inexpensive and/or
pose a low risk to the buyer. The unanimity rule should be used in case of high-involvement buying decisions.

6.4 Our findings are also interesting from amore general perspective, because when groups are facedwithmaking
a choice, unanimity and majority are two of the more popular decision rules (Marsden & Mathiyalakan 2003).
Thompson et al. (1988) noted that the majority rule is less time consuming, is subject to less compromise and
there is less decision commitment. Whereas the use of the unanimity rule results in greater commitment and
satisfaction. Furthermore, the results in Marsden & Mathiyalakan (2003) show that the use of the majority and
the unanimity rules give di�erent outcomes. This agrees surprisingly well with our findings, if we reinterpret
ourmodel in amore general setting inwhich states A andBdescribe an opinion or a decision on a given subject.

6.5 Let us conclude this article by pointing out several interesting directions for the future research. In the study of
word ofmouthmarketing, it seems interesting to test the impact of strong andweak ties on consumer behavior.
Although strong ties are perceived as more influential in consumers’ decisions, weak ties are more likely than
strong ties to facilitate w-o-m communication (Duhan et al. 1997). Therefore, further work may be conducted
with the introduction of social distance to the model as in Fernández-Márquez & Vázquez (2014). An important
area of future research is also to consider opinion leaders, because they strongly influence the consumer’s buy-
ing decisions through a word-of-mouth communication, specifically in high involvement purchases (Sarathy &
Patro 2013). Another interesting issue would be to include an external field (advertisement, mass media) and
heterogeneity related to the consumer’s satisfaction. Because dissatisfied customers are more likely to con-
sider and search for information on the products of competitors than satisfied ones, probability of movement
q could be an individual trait describing an agent. An interesting question that appears here is if di�erences
between MR and URwould be visible also in such an extended, more realistic model or if the di�erences would
be hidden behind di�erent types of heterogeneities. We leave these interesting questions for future research.
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