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processes is crucial for marketers. Classical approaches
try to infer this information from a global top‐down
perspective. However, a more suitable and natural
approach is to model consumer behaviors in a heterogeneous and decentralized bottom‐up approach. In this
case, each virtual consumer has her own mental state
and decision‐making strategies to simulate her purchase
decisions. The system of virtual consumers generates the
global sales and a marketer can understand the rules
that govern the market. A well‐known paradigm to
model these systems is agent‐based modeling (ABM). In
this manuscript we present an ABM where the brand
preferences of the consumer agents are modeled using
2‐tuple fuzzy linguistic variables. These variables
represent the perceptions these consumers have on the
different aspects or drivers every product available in the
market has (e.g., price or quality). The product selection
process of the agents is based on those perceptions and a
utility maximization rule. This rule requires a fuzzy
aggregation of the fuzzy linguistic perceptions about the
products. Our proposal employs an ordered weighted
average (OWA) to aggregate them. Our experiments
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show this approach does not suffer any loss of
information when applied on data from real markets.
Hence it is a suitable representation of the products
preferences, normally represented by qualitative values
in marketing surveys. To the best of our knowledge, this
is the first work integrating a marketing ABM with fuzzy
linguistic modeling.

1

|

INTRODUCTION

One of the most important areas in marketing analysis is the prediction, understanding, and
representation of consumer purchase decisions. Classical approaches use global variables, such
as advertising or investment among other traditional sales marketing strategies, and the
analysis is carried out in a top‐down scheme within the strategical planning, i.e., consumer
decisions are predicted from those global variables. Nevertheless, these approaches are not able
to model heterogeneous consumer behaviors, especially in the presence of perturbations of
those global variables, and this may result into inaccurate predictions.1,2
To solve the former drawback, agent‐based modeling (ABM)3,4 provides a suitable
framework to perform a bottom‐up analysis in marketing studies.2,5 These models allow us
to study the complex behavior of a system (e.g., a market) as the result of simpler individual
behaviors of agents (e.g., consumers) and their interactions. In addition, ABM is a descriptive
modeling technique (an aggregation of many individual decisions of every agent) which makes
the modeler and marketer to better understand the rules that govern the system. Notice that
modeling individual behaviors is often simpler—and in most of the cases, more accurate—than
modeling the behavior of the whole system by global top‐down rules. ABM has been
successfully applied in many other diverse areas, such as economics,6,7 politics,8 trust‐based
social systems,9,10 and contract farming.11
In marketing, existing ABM systems mainly focus on the interactions between consumers
and companies with their respective competing brands. For instance, marketers want to
understand how word‐of‐mouth (WOM) campaigns work5 or to maximize viral marketing
actions (e.g., the influence maximization problem).12 By using the latter systems one can
reproduce WOM mechanisms between consumers by embedding agents into the nodes
of a social network and by limiting their interactions to other agents they are connected with.13
When modelers need to feed the model with real marketing data, they are often required to
process and translate qualitative data about consumer preferences into numerical data
because that is the kind of information used in the variables handled by consumer agents in an
ABM.
In this paper, we propose an ABM which incorporates a fuzzy linguistic model to represent
consumer perceptions in a more realistic virtual market. In our model, agents are consumers
who, after a decision‐making process, choose a product among a set of available brands. This
decision‐making is based on the perceptions the agent has about every product. Perceptions are
defined from consumer tracking data in the form of questions/surveys available at the company.
We model the latter brand perceptions by means of fuzzy linguistic variables.14-16 This
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representation is significantly more realistic than other existing and standard representations,
such as numerical or crisp values. Besides, the use of numerical values also requires an
additional preprocessing work by the ABM model designers to transform the linguistic data
included in the surveys into crisp data. This process makes the model design more complex and
can result in an information loss.
Therefore, the main motivation of our contribution is to introduce a more realistic
representation of agent perceptions with fuzzy linguistic variables (e.g., high, low, or medium
values) for each of the consumer drivers (e.g., price, quality, or taste). Additionally, the
consumer agent employs a fuzzy decision‐making mechanism to choose among the available
products in the market. In our model, we use a 2‐tuple fuzzy linguistic representation to
model agent perceptions. Every agent has a perception of these drivers for every product.
The assessment of a product is computed by aggregating the perceptions of all its purchase
drivers.
In the ordinal fuzzy linguistic approach, linguistic variables take values from an ordered set
of linguistic labels.17-19 This approach is suitable in many contexts.20-22 Nevertheless, an
important drawback of the ordinal fuzzy linguistic approach is the loss of information when the
problem requires to aggregate linguistic variables, making this approach inappropriate in some
scenarios.23-26 To undergo this problem, the 2‐tuple fuzzy linguistic representation model was
introduced in Reference.27 In this approach, linguistic variables are represented by 2‐tuples: a
pair of a linguistic label and a symbolic translation. This allows us to assess different values to
two linguistic variables with the same linguistic label (by having two distinct values in the
symbolic translations). Notice that this cannot be achieved by only using linguistic labels.
The aggregation of several fuzzy linguistic variables28 can be done by the ordered weighted
averaging (OWA) operator.29 This operator gives different weights to every variable in the
aggregation.30 The OWA operator has been used in other fuzzy linguistic models.31,32 Finally,
the decision‐making process of every agent consists of evaluating every product assessment and
selecting one of them. In our model, we use the utility maximization function for that brand
selection: selecting the product with the highest global assessment.
In our work we focus on the simplest model that allows us to represent market behaviors
(namely, consumer perceptions and decision‐making strategies), while omitting more complex
mechanisms, such as WOM in a social network and other complex interactions between agents.
To the best of our knowledge, this is the first work that uses an ABM to analyze market
behaviors considering fuzzy linguistic information. We will evaluate our extended fuzzy model
and compare its operation with traditional numerical approaches in a set of experiments using
three real marketing case studies.
The remaining of the paper is organized as follows. In Section 2 we describe the usual
procedure to model consumer perceptions as well as some preliminary concepts on fuzzy
linguistic approaches. The structure and components of the marketing ABM considered are
presented in Section 3. An empirical evaluation to show the benefits of our approach is
presented in Section 4. Finally, Section 5 presents concluding remarks and future works.

2

|

BACKGROUND

In this section we review some preliminary concepts for modeling fuzzy linguistic information
in the ABM model to handle consumer opinions and preferences.
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2.1 | Numerical representation of consumer preferences from
tracking data
An ABM for marketing purposes usually requires the definition of the consumer agent
perceptions for every brand of the market to simulate a realistic virtual market. These
perceptions of the consumers about the existing brands of the market are obtained from real
consumers tracking data and brand health studies from well‐established marketing consultants,
such as Kantar Millward Brown.33 These data are structured in the form of surveys, including
sets of answers to a series of questions about the brands.34
In some cases, the survey answers are directly provided in the same scale required
by the marketing ABM, a real value in [0, 10] with 0 representing the most negative perception,
5 a neutral perception, and 10 the most positive perception for the consumer (see Figure 1).
In those cases, the perceptions definition procedure only requires some grouping/selection
of the answers and some statistic computation to obtain the average perception value
of each brand for each consumer segment. A segment is a group of consumers who
have a similar behavior. For instance, heavy consumers of a certain product purchase it
regularly (e.g., daily), whereas light consumers purchase it occasionally (e.g., monthly).
All agents of the same segment are characterized by having similar perceptions, defined from
the consumers tracking data. The specific perception values for each agent of a segment
in the ABM are randomly generated following a normal distribution with mean equal to the
mean of the segment perceptions and small standard deviation. Therefore, using those
segments is equivalent to have groups of very similar agents, whose behavior is expected to be
resembling.
Nevertheless, the most usual situation is that those answers show a linguistic nature,
being either linguistic labels or brand choices. In those cases, a manual preprocessing is required
to translate those answers to the [0, 10] scale, with the consequent “loss of information”. Our view
is that the problem would be better tackled by directly working with the linguistic assessments
following a fuzzy linguistic approach instead of transforming them into numerical values.
Computing with words definitively provides a more natural representation when dealing with
human perceptions, represented as words in natural language, as in our case.

2.2

|

Linguistic variables

Linguistic variables14-16 are variables whose values are words or sentences in the
natural language. They are used in fuzzy linguistic approaches, where the problem
requires to deal with qualitative aspects.17-19 This is a typical requirement in many contexts,
where the most realistic and direct representation of the information is indeed the
natural language. For instance, the price of two products can be easily compared in quantitative
terms, but these two numbers do not provide any information to assess whether these products
are expensive or cheap, according to a certain consumer. Notice that this is even more relevant

F I G U R E 1 Representation of consumer perceptions in numerical and linguistic scales [Color figure can be
viewed at wileyonlinelibrary.com]
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Triangular membership functions for linguistic variables in the interval [0, 10], for the set of
linguistic labels {veryLow, low, medium, high, veryHigh} . It also includes the 2‐tuple numerical‐linguistic
transformation Δ(6.4) = 〈high, −1.1〉 [Color figure can be viewed at wileyonlinelibrary.com]

FIGURE 2

when the variables cannot be represented in quantitative terms, for example, comfort, quality,
or design.
In the ordinal fuzzy linguistic approach, a special case of fuzzy linguistic approaches,
linguistic variables take values from a predefined totally ordered set of linguistic labels
S = {s0, …, sT } of finite size ∣ S ∣ = T + 1. We consider the usual definition of ordered set where
∀ si, sj ∈ S. si ≤ sj ⇔ i ≤ j .
In this approach, the semantics of the linguistic labels can be derived from their order. In
particular, the first and the last labels s0 and sT represent, respectively, the lowest and the
highest values, whereas the midlabel sT ∕ 2 represents a medium assessment.35,* In consequence,
two labels (si, sT − i ) are equally informative. Additionally, the following operators are defined for
the linguistic labels si, sj ∈ S : (a) negation, neg (si ) = sT − i ; (b) maximization, max (si, sj ) =
si ⇔ si ≥ sj ; and (c) minimization, min (si, sj ) = si ⇔ si ≤ sj .36
Example 1. Let price be a linguistic variable taking values from the ordered set of
linguistic labels S = {veryLow, low, medium, high, veryHigh}. For this variable, the lowest
value is veryLow , the negation of the label low is the label high , and the label veryHigh is
the maximization between itself and the label medium, among other examples.
In this paper, we consider triangular membership functions for linguistic variables,18,37
although other nonpiecewise linear functions could have been considered.17 In Figure 2, we
represent an example of this fuzzy membership. In particular, we represent a triangular
membership function for linguistic variables in the interval [0, 10], for the set of linguistic labels
{veryLow, low, medium, high, veryHigh} .
Dealing with fuzzy linguistic variables usually requires to aggregate their information, i.e.,
the variable values. A common approach is to transform these linguistic values into numbers,
aggregate them by common methods, and finally transform the numerical aggregation into a
linguistic label. To this purpose, we define two operations to transform linguistic variables into
numbers and vice versa, as follows:
Definition 1 (Linguistic‐numerical transformation). Given an interval I = [a, b], a
number c ∈ [a, b], and a linguistic label sk of a linguistic variable v , with k being the
position of the label sk in the ordered set of linguistic labels S = {s0 … sT } from which such
*The size of the linguistic labels set is usually odd.
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a linguistic variable v takes values, we define the following linguistic‐numerical
transformation functions Δ : I → S and Δ′ : S → I as
Δ′(sk ) = a + k⋅(b − a) ∕T
Δ(c ) = sk s.t. ∀si ∈ S ∧ i ≠ k |Δ′(sk ) − c | < |Δ′(si ) − c | ∨
∃si ∈ S ∧ i = k +1 |Δ′(sk ) − c | = |Δ′(si ) − c |.

Without loss of generality, we use the interval I = [0, 10] in this paper.
Example 2. Consider the linguistic variable and the linguistic labels defined in the
previous Example 1. Some examples of linguistic‐numerical transformations are the
following: Δ′(low ) = 2.5, Δ′(medium) = 5.0, Δ(3.0) = low , or Δ(4.0) = medium.

2.3

|

The OWA aggregation operator

The OWA is an aggregation operator that allows us to aggregate linguistic variables, considering they
may have a distinct weight in the aggregation. For linguistic variables, it is defined as follows:
Definition 2 (OWA; Yager29). Given a set of linguistic labels S , let A = {a1, …, am} be a
set of linguistic variables to be aggregated with a1… am ∈ S . The OWA operator ϕ on these
linguistic labels is defined as
ϕ (A, W ) = Δ(W ⋅ Δ′(AT )),

where W = [w1, …, wm] is a weight vector such that wi ∈ [0, 1] and ∑i wi = 1, and the
functions Δ and Δ′ are the linguistic‐numerical transformation functions defined before.†
Without loss of generality, we consider A is an ordered set following the predefined
order of assessments used in the weights vector. However, it is possible to handle any
unordered set A′ by just considering a permutation function σ (A′) = A, which orders A′
according to the order in W .
Notice that the OWA operator, applied to a set of linguistic labels A on a common domain S
of linguistic labels, returns another linguistic label in the same domain, i.e., ϕ (A, W ) = s * ∈ S .
Recall that this is achieved by the linguistic‐numerical transformation Δ.

2.4

|

2‐Tuple fuzzy linguistic representation model

A drawback of the previous approach is the loss of information caused by the aggregation of
linguistic labels. In particular, the aggregation of two distinct sets of linguistic labels may lead to
the same value. As a result, it may be hard to assess whether one of these two sets is preferred to
the other. The following example summarizes this drawback:
Example 3. Consider the set of linguistic labels S described in Example 1 and two sets of
linguistic variables to be aggregated whose values (in S ) are: S1 = {medium , medium , low}
and S 2 = {medium , medium , high} . Considering a weight vector with equal weights
†

For simplicity, we overload these functions Δ and Δ′ for a vector of linguistic labels A = {a1, a2, …, an} and a vector of real numbers B = {b1, b2, …, bn} as
follows: Δ(B ) = [Δ(bi )]1≤ i ≤ n and Δ′(A) = [Δ′(ai )]1≤ i ≤ n .
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W = [0.33, 0.33, 0.33], the aggregation of both sets returns the same linguistic label:
ϕ (S1, W ) = ϕ (S 2, W ) = medium .
To solve the previous problem, the 2‐tuple fuzzy linguistic representation was proposed in
Reference.27 In this approach, linguistic variables are represented by a linguistic label and a
symbolic translation.
Definition 3 (2‐Tuple fuzzy linguistic variable; Herrera and Martínez‐López27). A
2‐tuple fuzzy linguistic variable is a pair 〈s, α〉, where s ∈ S = {s0, …, sT } is a linguistic
label, and α ∈ [−t , t ] is a symbolic translation.
Again, the semantics of the 2‐tuples can be directly derived from their order in
the ordered set of linguistic labels S . In particular, the following operators are:
(a) equality, 〈si, t 〉 = 〈si+1, −t 〉; (b) negation, neg ( 〈si, α〉 ) = 〈sT − i, −α〉; (c) maximization, max ( 〈si, αi〉, 〈sj, αj〉 ) = 〈si, αi〉 ⇔ si ≥ sj ∨ (si = sj ∧ αi ≥ αj ); and (d) minimization,
min ( 〈si, αi〉, 〈sj, αj〉 ) = 〈si, αi〉 ⇔ si ≤ sj ∨ (si = sj ∧ αi ≤ αj ).
The OWA operator can be directly applied to 2‐tuple fuzzy linguistic variables by just
redefining the linguistic‐numerical transformation functions Δ and Δ′ as follows. Recall that
these functions are defined for an interval [a, b] and for a set of linguistic labels S = {s0 … sT }.

Δ′( 〈sk , α〉 ) = a + k⋅(b − a) ∕T + α
Δ(c ) = 〈sk , α〉 s.t. Δ′( 〈sk , 0〉 ) + α = c.
Notice that the value of t for the interval of symbolic translations is t = (b − a) ∕2T when
considering triangular membership functions (the ones that we use). An example of these
transformations can be found in Figure 2, where it can be seen that Δ(6.4) = 〈high, −1.1〉.
Example 4. Consider the set of linguistic labels described in Example 1 and the set of
linguistic variables S1 and S2 described in Example 3. These sets can be represented using
2‐tuple fuzzy linguistic variables as S1′ = { 〈medium , 0〉, 〈medium , 0〉, 〈low , 0〉 } and
S 2′ = { 〈medium , 0〉, 〈medium , 0〉, 〈high, 0〉 } . Notice that in this case, the symbolic
translations α are in the interval α ∈ [−1.25, 1.25].
Considering a weight vector with equal weights W = [0.33, 0.33, 0.33], the OWA
operator returns:
ϕ (S1′, W ) = Δ(W ⋅Δ′(S1′T )) = Δ(1∕3⋅Δ′( 〈medium , 0〉 )
+ 1∕3⋅Δ′( 〈medium , 0〉 ) + 1∕3⋅Δ′( 〈low , 0〉 ))
= Δ(1∕3⋅5.0 + 1∕3⋅5.0 + 1∕3⋅2.5)
= Δ(12.5∕3) = 〈medium , −0.83〉
ϕ (S 2′, W ) = Δ(W ⋅Δ′(S 2′T )) = Δ(17.5∕3) = 〈medium, +0.83〉.

Therefore, ϕ (S1′, W ) < ϕ (S 2′, W ), whilst ϕ (S1, W ) = ϕ (S 2, W ).

3 | A MA R K E T I N G A B M B A S E D O N 2 ‐T U P L E FU Z Z Y
L I N G U I S T I C R E P RE S E N T A T I O N
In this section we define the ABM that simulates the behavior of a market with fuzzy consumer
perceptions and linguistic decision‐making. As previously presented, our proposed ABM system
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uses fuzzy linguistic variables and fuzzy decision‐making to characterize and handle brand
perceptions. This is the natural way of representing this kind of qualitative information. In
particular, we use the fuzzy linguistic variables (e.g., price, quality, comfort, etc.) to represent the
different aspects of each brand or product. These aspects are called drivers as they drive consumer
choices. We model consumer perceptions on each brand using these drivers. For instance, a
consumer can have a low price and a high quality about a certain brand of the market.
We use 2‐tuple fuzzy linguistic variables for storing the perceptions about the drivers
that rule the market. This way, we can aggregate consumer perceptions on each brand
without undergoing the problem of loss of information existing in the ordinal fuzzy linguistic
approach.
In our model, agents represent consumers who carry out a decision‐making process to select
a product among a set of available brands. This process is performed according to their
perceptions and their assessments on each brand. The agents population can be organized in
segments, groups of very similar agents in terms of behavior. All of these allow us to simulate
the behavior of a market and make predictions on it. In what follows, we precisely define the
elements of our marketing ABM based on 2‐tuple fuzzy linguistic representation.

3.1

|

Brands

In our ABM, consumer decision‐making strategies will be only performed among a finite
set of available of n brands B = {b1, …, bn} . To model the attributes of each brand, we also
consider a set of m drivers D = {d1, …, dm} . These drivers are fixed for all the selected brands of
the market. This is a typical design used in marketing analysis, in, for example, inquiries or
surveys, where all respondents are asked their opinions on the same set of aspects of a product
or brand.

3.2

|

Consumers

Every consumer is represented by an agent of the system. Each agent has its perceptions
(positive, neutral, or negative) about each driver of each brand. To represent driver preferences,
we define for each agent x a list of weights W x = [w1x , …, wmx], such that all weights must be in
the interval [0, 1] and their sum must be equal to 1. These weights represent the importance of
each driver when a consumer agent x makes a decision. For instance, in an ABM with two
x
x
= 0.85 and wquality
= 0.15 will give a high
drivers price and quality, an agent x having wprice
assessment for the former driver and a low assessment for the latter. Notice that these driver
weights are independent from each specific brand. It means agents will have the same driver
weights for the whole market and its brands.
Consumer perceptions are modeled by defining, for each agent x in the ABM, a matrix of
perceptions P x of dimension n × m , where each element pi,xj ∈ P x represents the perception of
agent x on brand bi ∈ B about driver dj ∈ D. In our model, these perceptions are represented
using 2‐tuple fuzzy linguistic variables, all of them taking values from a common ordered set of
linguistic labels (see Definition 3). This allows us to represent the qualitative view of the
consumer on each brand.
Definition 4 (Consumer agent). A consumer agent x is defined as the pair 〈W x , P x 〉,
where W x is a list of m weights satisfying that ∀ wix ∈ W x . wix ∈ [0, 1] and
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∑1 ≤ i ≤ m wix = 1 which represents the preferences agent x has on each driver, and P x is a
n × m matrix of 2‐tuples representing the perceptions that agent x has on each pair
brand‐driver.

3.3

|

Agent decision‐making process

The decision‐making process of each agent consists of selecting one of the available brands in
the ABM, based on the agent perceptions. This decision simulates the purchase decision of a
consumer. As a result, the ABM will describe the global behavior of the population of
consumers, emerged from the individual decisions of agents.
For each agent, this fuzzy decision‐making process can be divided into two steps:
(a) aggregation of the assessment for each brand and (b) selection of a brand. In the first step,
the agent needs to aggregate their perceptions on all the drivers for each brand. This
aggregation is computed using the OWA operator for 2‐tuples (see Section 2 for more details) as
follows:
Definition 5 (Brand assessment). For a consumer agent x , given a brand bi we define the
assessment as (x , bi ) of this agent x on this brand bi as the aggregation of its perceptions
on this brand computed with the OWA operator:
as (x , bi ) = ϕ (Pix , W x ) = Δ(W x⋅Δ′((Pix )T )),
x
, …, pi,xm ] is the i th row of matrix P x , and Δ and Δ′ are the linguistic‐
where Pix = [pi,1
numerical transformation functions for 2‐tuples defined in Section 2.

Recall that the OWA aggregation of a set of 2‐tuples (i.e., the perceptions of each driver) is
also a 2‐tuple. Therefore, the assessment of an agent on each brand is indeed a 2‐tuple fuzzy
linguistic variable.
Example 5. Consider a set of drivers D = {price , quality}, a set of one brand B = {b1},
and a consumer agent x = 〈W x , P x 〉 with W x = [0.33, 0.67] and P x = [Pbx1, price, Pbx1, quality] =
[ 〈medium , 0〉, 〈high, 0〉 ], with S = {veryLow, low, medium, high, veryHigh} being the
ordered set of linguistic labels used by 2‐tuples.
The assessment of this brand b1 for this agent x is
as (x , b1) = ϕ (P1x , W x ) = Δ(W x⋅Δ′((P1x )T ))
= Δ([0.33, 0.67] ⋅ Δ′([ 〈medium , 0〉, 〈high, 0〉 ])T )
= Δ([0.33, 0.67] ⋅ [5.0, 7.5]T )
= Δ(20∕3) = 〈high, +0.83〉.

The second and final step is the selection of a brand. This selection represents the brand
preferred by each consumer and is based on the assessments of such a consumer on each brand.
In this study we use the deterministic utility maximization function maxUtil D as the brand
selection function in the marketing ABM. This function selects the brand whose assessment is
maximal for the consumer agent. Notice this is a deterministic brand selection function in
contrast to other nondeterministic functions that introduce some random brands selection.38-40
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This deterministic version will help show and understand the benefits of the proposed ABM
with 2‐tuple fuzzy linguistic perceptions, as we will see in Section 4.
Definition 6 (Deterministic utility maximization). The function maxUtil D, which stands
for deterministic utility maximization, is the deterministic brand selection function that
selects the brand with maximal assessment, defined as
maxUtil D ({b1, …, bk }) = bi ∣ ∀1 ≤ j ≤ k ∧ j ≠ i as (x , bj ) ≤ as (x , bi ).

In case of ties between two (or more) assessments (e.g., as (x , bi ) = as (x , bj ) for two
brands bi and bj ), one of these maximal brands is randomly chosen with a uniform
probability.
Notice that the assessment of each brand is represented by a 2‐tuple, and hence two
assessments can be easily compared using the maximization operator of 2‐tuples (see Section 2).

4

|

E X P E R I M E N T S AN D M O D E L EV A L U A T I O N

In this section, we present an empirical evaluation of the marketing ABM with a fuzzy linguistic
modeling in several case studies. The motivation of this analysis is to show that our ABM offers
a realistic representation of perceptions via 2‐tuple fuzzy linguistic variables, whereas it does
not suffer any loss of information existing in other approaches. To this purpose, we present a
comparison between our ABM and two other models by only differing in the representation of
perceptions (the rest of the model remains unaltered).
First, we compare our ABM to a model with a numerical representation of perceptions in the
interval [0, 10] (this is the same interval used by 2‐tuples in the numerical‐linguistic
transformation in our ABM with fuzzy linguistic modeling). As stated before, although this
numerical representation of perceptions is the most extended, it is unrealistic since it is unable
to model qualitative aspects, among other drawbacks. Unfortunately, this is the usual
representation marketers must consider to process the available information. In our case, this
crisp representation model allows us to have a baseline model to compare to. As we will see
later, our ABM with 2‐tuple fuzzy linguistic variables exactly generates the same results due to
the deterministic decision‐making function used in both models.
Second, we compare our ABM to a model where perceptions are represented just by
linguistic labels. In both cases, we use the same set of labels. Although this second model also
uses a realistic representation of perceptions, it is less expressive. As a consequence, this model
returns different results. This is because the assessments of each brand may differ even if the
decision‐making function is the same in both models (for more details, see Examples 3 and 4).
In the following subsections we first present a description of the experimental set‐up of our
analysis. Next, a small‐scale marketing example is introduced to summarize the trace of the
ABM and analyze its main components. Finally, we present three different large‐scale
marketing case studies from real marketing analysis provided by Zio Analytics, a Spanish
marketing company, to show the different results produced by the three models. Recall that
the only difference between these three models is the representation of the agent perceptions:
(a) 2‐tuple fuzzy linguistic variables, (b) numerical variables, and (c) fuzzy linguistic variables.
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Description of the ABM simulation conditions

To initialize agent perceptions and driver weights, we use consumers segments. Recall that a
segment is a group of consumers who have a similar behavior. In our ABM all agents of the
same segment are characterized by the same driver weights W x and similar perceptions P x ,
randomly generated following a normal distribution with mean equal to the mean of the
segment and small standard deviation.‡ We emphasize that segments do not introduce any
change either in the structure and components of the ABM or in the decision‐making process,
but they only affect the consumer agents population structure and thus the initialization of the
agent perceptions.
Since agent perceptions are randomly generated, the results of two simulations (where
agents have been distinctly initialized) may differ. To reduce the influence of outliers and to
obtain meaningful results, we perform a number of distinct Monte Carlo (MC) simulations,
differing in the initialization of agents.§ This is a common procedure when working with ABMs.

4.2

|

A small‐scale marketing example

Now we describe and analyze the execution of our ABM in a small‐scale marketing case study.
This model consists of two brands with three drivers, and two agents. We present the
initialization of agent perceptions as well as the results of one MC simulation.
In Figure 3, we collect a summary of this execution. In this small example, we analyze two
brands B = {b1, b2} with three drivers D = {q, p , c } , which stand for quality, price, and comfort,
respectively. Thus, the matrix of perceptions P of every agent x in the ABM is

⎡ Pbx1, q Pbx1, p Pbx1, c ⎤
⎥.
Px = ⎢ x
⎢⎣ Pb2, q Pbx2, p Pbx2, c ⎥⎦
Let us consider a set of two agents X = {x1, x2} , with their driver weights initialized as

W 1 = [0.5, 0.3, 0.2],
W 2 = [0.3, 0.2, 0.5].
For agent perceptions we consider three distinct representations, namely, a numerical
representation, an ordinal fuzzy linguistic labels representation, and a 2‐tuple fuzzy linguistic
representation. For these approaches, we always consider a numerical interval I = [0, 10] and a
set of linguistic labels S = {vl, l, m , h, vh}, which stand for very low, low, medium, high, and very
high, respectively.
The matrices of perceptions P x of every agent x are initialized according to Table 1. Notice
that every perception, which represents the agent perception of a driver for a brand, has an
equivalent value in the three models.
Once every agent in the ABM has its driver weights and its driver perceptions initialized, the
decision‐making process is performed. In this process, the agent computes the assessments of
every brand (according to Definition 5) and chooses one of them for purchasing using a
‡
§

In our experiments, we use a standard deviation of 1.5 .

In our experiments, an execution of the ABM is composed of 1000 MC simulations.
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FIGURE 3

Summary of the execution of the marketing ABM based on 2‐tuple fuzzy linguistic
representation. ABM, agent‐based modeling [Color figure can be viewed at wileyonlinelibrary.com]

decision‐making function. We recall that in this paper we use the deterministic utility
maximization function for such a decision (see Definition 6 for more details). In Table 2 we
summarize the results of this process.
It can be seen that the 2‐tuple fuzzy linguistic representation has equivalent assessments to
the numerical one, for every brand. As a consequence, the decision‐making process of every
agent is exactly the same. For instance, agent x1 has a high perception of brand b1, whereas it
has a low perception of brand b2, and hence it prefers to choose b1. Hence, we achieve our
original goal of keeping the same behavior while considering a more natural information
representation model. On the contrary, the ordinal fuzzy linguistic approach results—in some

T A B L E 1 Agent perceptions using the three distinct representations
2‐Tuples

Numerical

Linguistic labels

P1

⎡〈vh, 0〉 〈h, 0〉 〈l, 0〉 ⎤
⎢
⎥
⎣ 〈vl, 0〉 〈m, 0〉 〈h, 0〉⎦

⎡10.0 7.5 2.5 ⎤
⎢⎣ 0.0 5.0 7.5 ⎥⎦

⎡ veryHigh
high
low ⎤
⎥
⎢
⎣ veryLow medium high ⎦

P2

⎡〈m, 0〉 〈vl, 0〉 〈m, 0〉⎤
⎢
⎥
⎣ 〈l, 0〉 〈h, 0〉 〈h, 0〉 ⎦

⎡5.0 0.0 5.0 ⎤
⎣⎢ 2.5 7.5 7.5 ⎦⎥

⎡ medium veryLow medium ⎤
⎢
⎥
high
high ⎦
⎣ low
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T A B L E 2 Agent assessments and decision‐making results using the three distinct representations
2‐Tuples

Numerical

Linguistic labels

as (x1, b1)

〈high, +0.3〉

7.8

high

as (x1, b2)

〈low, +0.5〉

3.0

low

maxUtil D ({b1,

b1

b1

b1

as (x2 , b1)

〈medium, −1.0〉

4.0

medium

as (x2 , b2)

〈medium, +1.0〉

6.0

medium

b2

b2

rand ({b1, b2})

maxUtil D ({b1,

b2})

b2})

cases—into different assessments, and hence distinct results in the overall decision‐making
process. For instance, the agent x2 has neutral perceptions for both brands, slightly positive for
brand b2 and slightly negative for brand b1. However, these differences cannot be captured by
linguistic labels, since it assigns the linguistic label medium to both brands. As a result of this
equal perception, the decision‐making function will randomly choose any of them, instead of
choosing b2 , which is the preferred brand in the other representations. Therefore, this may
result into different decisions, which ultimately might lead to inaccurate predictions in the
model.

4.3

|

Validation in real marketing case studies

In this subsection, we present the results of the execution of the marketing ABM based on
2‐tuple fuzzy linguistic representation in three real‐world marketing case studies. The results
represent the number of choices of every brand, cumulative for every agent, considering that
each agent only performs one decision‐making process, and hence only chooses one brand. A
comparison between the three models that only differ in the representation of perceptions is
presented.
The aim of this experiment is again to show that our model achieves the main objective:
a realistic representation without loss of information. In fact, we will later show that
the representation of agent perceptions can dramatically affect the output of the ABM (i.e., the
number of choices per brand), and therefore any prediction using those results may be
inaccurate.
In the three case studies, we run our ABM with 1000 agents, whose driver weights and
perceptions are initialized from existing marketing studies as described before. Recall that
results represent the aggregation of 1000 MC realizations of the ABM. In the two fuzzy
linguistic approaches, we use as linguistic labels the set S = {low, medium, high}. The number
of brands and drivers in each case study is: (a) four brands and six drivers, (b) five brands and
six drivers, and (c) nine brands and five drivers. For anonymity reasons, we have omitted the
brand names in this manuscript.
Figure 4 shows the comparison of these three models. In the left column, we represent in
histograms the average number of choices of the 1000 MC simulations, whereas in the right
column we provide box‐plots representing the maximum, minimum, median, and quartiles 1
and 3 of that number of choices in the same executions.
As it can be seen, our ABM based on 2‐tuple fuzzy linguistic representation has exactly the
same number of choices than the model with numerical perceptions. In fact, if we analyze the
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FIGURE 4

Comparison of perceptions representations with histograms (left) and box‐plots (right), for the
three real marketing case studies [Color figure can be viewed at wileyonlinelibrary.com]

results to a deeper extent, we observe that the choices are indeed the same. This is expected
because the deterministic decision‐making function makes both models behave equally, as
explained before.
On the contrary, we observe remarkable differences between the model with 2‐tuples and
the model with linguistic labels. See, for instance, the first case study, where almost 100% of the
consumer agents choose the fourth brand when using the 2‐tuples representation (and also with
the numerical representation), whilst this brand 4 only has 60% of the choices in the model with
linguistic labels, with a significant number of choices for the other three brands of the market.
We also observe striking differences in the other two case studies. In summary, we can conclude
that any prediction or further analysis based on the results of ordinal fuzzy linguistic
representation model may be inaccurate as a consequence of the less expressive representation
of perceptions in this model. We emphasize that this problem does not appear in our ABM
based on 2‐tuple fuzzy linguistic representation.
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C ONC LU S IONS AND F UTU RE W O RK

In this paper we have presented an ABM for marketing analysis which incorporates fuzzy
linguistic information and fuzzy decision‐making. In this ABM, agents represent consumers
who have different perceptions about the products in the market. Those perceptions are
modeled using drivers, i.e., the different aspects of every product that drive consumer choices,
such as price, comfort, or quality, among others.
A realistic representation of perceptions—which are qualitative aspects—requires linguistic
variables. We use a 2‐tuple fuzzy linguistic representation to avoid the problem of loss of
information suffered by some fuzzy linguistic approaches when aggregating linguistic variables.
The assessments of every product are performed based on an aggregation of those perceptions,
and such assessments drive the decision‐making process, i.e., the process of selecting one of
those products. To the best of our knowledge, this is the first time that fuzzy linguistic modeling
is integrated in an ABM for marketing analysis purposes.
We have presented an empirical evaluation showing that an incorrect representation of
perceptions may cause dramatic differences in the results of the ABM, and as a consequence
this may result into inaccurate predictions. First, we have shown in a small‐scale case study that
the decision‐making process produces distinct results by just changing the representation of
perceptions. Then, we have analyzed the results of our ABM in three large‐scale real marketing
case studies, showing the remarkable differences of these different representations, without
altering agents perceptions.
As future work, we plan to extend our marketing ABM based on 2‐tuple fuzzy linguistic
representation in two directions. On the one hand, we plan to investigate and incorporate other
decision‐making heuristics in our system, adapting them to handle fuzzy linguistic information.
Consumer behaviors are hardly fully deterministic.38-40 For instance, if a consumer was
slightly involved in a certain purchase, a relatively high degree of randomness would possibly
model her decision‐making strategy more realistically. Some open questions to accurately model
consumer behaviors concern the relation between the degree of randomness of the decision‐making
heuristic and the involvement of the consumer in the purchase, or the relation between this degree
of involvement and the potential product to be selected. New stochastic heuristics may shed light
on these open questions. On the other hand, we plan to extend our marketing ABM by
incorporating temporal behavior to build a temporal simulation with diverse events at each time‐
step.3-5 It means adding a temporal evolution into the agent perceptions, and analyzing how this
affects their decision‐making strategies. This evolution can be the consequence of media advertising
and/or WOM processes among the consumers of the market.

ACKNOWLEDGMEN TS
This study was supported by the Spanish Ministry of Science, Innovation and Universities, the
Andalusian Government, the University of Granada, and European Regional Development
Funds (ERDF) under grants EXASOCO (PGC2018‐101216‐B‐I00) and AIMAR (A‐TIC‐284‐
UGR18). J. Giráldez‐Cru is also supported through the Juan de la Cierva program (FJCI‐2017‐
32420). M. Chica is also supported through the Ramón y Cajal program (RYC‐2016‐19800). We
thank the company ZIO Analytics (https://www.zio‐analytics.com/) for providing us with the
real data used in this work.

298

|

GIRÁLDEZ‐CRU

ET AL.

REFERENCES
1. Overgoor G, Chica M, Rand W, Weishampel A. Letting the computers take over: using AI to solve marketing
problems. Calif Manage Rev. 2019;61(4):0008125619859318.
2. Rand W, Rust RT. Agent‐based modeling in marketing: guidelines for rigor. Int J Res Mark. 2011;28(3):
181‐193.
3. Macal CM, North MJ. Tutorial on agent‐based modeling and simulation. In: Proceedings of the 37th
Conference on Winter Simulation. Orlando, FL: IEEE Computer Society; 2005:2‐15.
4. Epstein JM. Generative Social Science: Studies in Agent‐based Computational Modeling. Princeton, NJ:
Princeton University Press; 2006.
5. Chica M, Rand W. Building agent‐based decision support systems for word‐of‐mouth programs. A freemium
application. J Mark Res. 2017;54:752‐767.
6. Hamill L, Gilbert N. Agent‐based Modelling in Economics. 1st ed. Hoboken, NJ: Wiley Publishing; 2016.
7. Gallegati M. Complex Agent‐based Models, New Economic Windows. Switzerland: Springer; 2018.
8. Moya I, Chica M, Sáez‐Lozano JL, Cordón O. An agent‐based model for understanding the influence of the
11‐m terrorist attacks on the 2004 Spanish elections. Knowl‐Based Syst. 2017;123:200‐216.
9. Chica M, Chiong R, Kirley M, Ishibuchi H. A networked N‐player trust game and its evolutionary dynamics.
IEEE Trans Evol Comput. 2018;22(6):866‐878.
10. Chica M, Chiong R, Adam MT, Damas S, Teubner T. An evolutionary trust game for the sharing economy.
In: 2016 IEEE Congress on Evolutionary Computation (CEC). San Sebastián, Spain: IEEE; 2017:2510‐2517.
11. Nguyen HK, Chiong R, Chica M, Middleton RH, Pham DK. Contract farming in the Mekong Delta’s rice
supply chain: insights from an agent‐based modeling study. J Artif Soc Soc Simul. 2019;22(3):1.
12. Robles JF, Chica M, Cordón O. Incorporating awareness and genetic‐based viral marketing strategies to a
consumer behavior model. In: 2017 IEEE Congress on Evolutionary Computation (CEC). Vancouver, BC,
Canada: IEEE; 2016:5178‐5185.
13. Trusov M, Rand W, Joshi YV. Improving prelaunch diffusion forecasts: using synthetic networks as
simulated priors. J Mark Res. 2013;50(6):675‐690.
14. Zadeh LA. The concept of a linguistic variable and its application to approximate reasoning—I. Inf Sci.
1975;8(3):199‐249.
15. Zadeh LA. The concept of a linguistic variable and its application to approximate reasoning—II. Inf Sci.
1975;8(4):301‐357.
16. Zadeh LA. The concept of a linguistic variable and its application to approximate reasoning—III. Inf Sci.
1975;9(1):43‐80.
17. Bordogna G, Pasi G. A fuzzy linguistic approach generalizing Boolean information retrieval: a model and its
evaluation. J Am Soc Inf Sci. 1993;44(2):70‐82.
18. Herrera F, Herrera‐Viedma E. Aggregation operators for linguistic weighted information. IEEE Trans Syst
Man Cybern—Part A: Syst Hum. 1997;27(5):646‐656.
19. Herrera‐Viedma E. Modeling the retrieval process for an information retrieval system using an ordinal fuzzy
linguistic approach. J Am Soc Inf Sci Technol. 2001;52(6):460‐475.
20. Martínez‐López L, Ruan D, Herrera F, Herrera‐Viedma E, Wang PP. Linguistic decision making: tools and
applications. Inf Sci. 2009;179(14):2297‐2298.
21. Cid‐López A, Hornos MJ, Carrasco RA, Herrera‐Viedma E. Applying a linguistic multi‐criteria decision‐
making model to the analysis of ICT suppliers’ offers. Expert Syst Appl. 2016;57:127‐138.
22. Li C, Dong Y, Herrera F, Herrera‐Viedma E, Martínez‐López L. Personalized individual semantics in
computing with words for supporting linguistic group decision making. An application on consensus
reaching. Inf Fusion. 2017;33:29‐40.
23. Delgado M, Herrera F, Herrera‐Viedma E, Martínez‐López L. Combining numerical and linguistic
information in group decision making. Inf Sci. 1998;107(1‐4):177‐194.
24. Herrera F, Herrera‐Viedma E, Martínez‐López L. A fusion approach for managing multi‐granularity
linguistic term sets in decision making. Fuzzy Sets Syst. 2000;114(1):43‐58.
25. Herrera F, Martínez‐López L. An approach for combining linguistic and numerical information based on the
2‐tuple fuzzy linguistic representation model in decision‐making. Int J Uncertainty Fuzziness Knowl‐Based
Syst. 2000;8(5):539‐562.

GIRÁLDEZ‐CRU

ET AL.

|

299

26. Herrera F, Martínez‐López L. A model based on linguistic 2‐tuples for dealing with multigranular
hierarchical linguistic contexts in multi‐expert decision‐making. IEEE Trans Syst Man Cybern—Part B.
2001;31(2):227‐234.
27. Herrera F, Martínez‐López L. A 2‐tuple fuzzy linguistic representation model for computing with words.
IEEE Trans Fuzzy Syst. 2000;8(6):746‐752.
28. Delgado M, Verdegay JL, Vila MA. On aggregation operations of linguistic labels. Int J Intell Syst.
1993;8(3):351‐370.
29. Yager RR. On ordered weighted averaging aggregation operators in multicriteria decisionmaking. IEEE
Trans Syst Man Cybern. 1988;18(1):183‐190.
30. Chiclana F, Mata F, Pérez LG, Herrera‐Viedma E. Type‐1 OWA unbalanced fuzzy linguistic aggregation
methodology: application to eurobonds credit risk evaluation. Int J Intell Syst. 2018;33(5):1071‐1088.
31. Herrera‐Viedma E, Cabrerizo FJ, Pérez IJ, Cobo MJ, Alonso S, Herrera F. Applying linguistic OWA
operators in consensus models under unbalanced linguistic information. In: Yager RR, Kacprzyk J, Beliakov
G, eds. Recent Developments in the Ordered Weighted Averaging Operators: Theory and Practice, Studies in
Fuzziness and Soft Computing. Vol. 265. Switzerland: Springer; 2011:167‐186.
32. Valdivia A, Luzón MV, Cambria E, Herrera F. Consensus vote models for detecting and filtering neutrality in
sentiment analysis. Inf Fusion. 2018;44:126‐135.
33. Brown M. Brand Tracking Studies. 2019. http://www.millwardbrown.com/mb‐global/what‐we‐do/brand/
brand‐tracking
34. Charan A. Marketing Analytics: A Practitioner’s Guide to Marketing Analytics and Research Methods.
Hackensack, NJ: World Scientific Publishing Company; 2015.
35. Bonissone PP, Decker KS. Selecting uncertainty calculi and granularity: an experiment in trading‐off
precision and complexity. CoRR. 2013;abs/1304.3425.
36. Herrera‐Viedma E, Cordón O, Luque M, Lopez AG, Muñoz A. A model of fuzzy linguistic IRS based on
multi‐granular linguistic information. Int J Approximate Reasoning. 2003;34(2):221‐239.
37. Herrera‐Viedma E. An information retrieval model with ordinal linguistic weighted queries based on two
weighting elements. Int J Uncertainty Fuzziness Knowl‐Based Syst. 2001;9(Suppl):77‐88.
38. Bettman JR, Luce MF, Payne JW. Constructive consumer choice processes. J Consum Res. 1998;25(3):187‐217.
39. Gigerenzer G, Gaissmaier W. Heuristic decision making. Ann Rev Psychol. 2011;62(1):451‐482.
40. del Campo C, Pauser S, Steiner E, Vetschera R. Decision making styles and the use of heuristics in decision
making. J Bus Econ. 2016;86(4):389‐412.

How to cite this article: Giráldez‐Cru J, Chica M, Cordón O, Herrera F. Modeling
agent‐based consumers decision‐making with 2‐tuple fuzzy linguistic perceptions. Int J
Intell Syst. 2020;35:283–299. https://doi.org/10.1002/int.22211

