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Abstract

In investigating customer satisfaction with products or services, the most popular approach
still relies on interviews or questionnaires to obtain consumers’ opinions, and responses are
usually measured by means of Likert-type scales. However, Likert-type data are inherently
imprecise and uncertain. Thus, to obtain reliable analysis using such data, an a-posteriori
correction must be adopted. The fuzzification procedure is the most common a-posteriori
way to deal with uncertainty of Likert-type data. In this study, an alternative method to
address the uncertainty of such data when used as input of a cluster analysis is proposed.
The suggested method is based on the CUB model and the Fuzzy C-Medoids Clustering of
Mixed Data algorithm and it is theoretically and empirically presented using real case study
data. Advantages of the FCMd-CUB method are discussed in the conclusion section.

Keywords Likert-type variables - Fuzzy cluster analysis - CUB model - Mixed information

1 Introduction

Feelings, emotions, and preferences are complex psychological processes of interest in sev-
eral disciplines (e.g. marketing, economics, and business) and are the basic information of
any Customer Satisfaction (CS) analysis. These human emotions/feelings are typically cap-
tured in surveys that generally use ordinal scales, such as Likert-type scales. Since their
introduction (Likert, 1932), Likert-type scales have been widely and commonly adopted in
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both industry and academia, as they are user-friendly, easy to develop and easy to administer
(see Gil et al., 2015). These scales are made up of a set of items, usually formulated in terms
of linguistic expressions coded into natural numbers, characterised by a rank order. Despite
their advantages, Likert-type scales can only return imprecise and vague information about
the investigated respondents’ feelings. First, people are asked to convert their thoughts into
linguistic expressions and then into natural numbers, and these conversions can be inaccu-
rate, causing loss of information, imprecision, and uncertainty (see D’Urso, 2007). Second,
the meaning of each linguistic expression of the scale can be subjectively interpreted by the
respondents due to their knowledge about the phenomenon under investigation, their cul-
ture, nationality, personal experiences and understanding of the question (see, Davidov et
al., 2014). However, since most CS analyses rely on Likert-type scales to capture human
thinking and personal feelings, it is fundamental to understand how to handle the uncertainty
embedded in these scales to obtain reliable and accurate analysis and thus correctly inform
practitioners. To the best of our knowledge, both a-priori alternatives and a-posteriori correc-
tions have been suggested in the literature. Among a-priori alternatives, the use of different
scales or methods to capture motivations, personal opinions/ judgements, or other psycho-
graphic variables has been discussed. In particular, la Rosa et al. (2015) and Shirahama et al.
(2021) explored the use of simple visual analogue scales, while Gil and Gonzalez-Rodriguez
(2012) and Li (2013) suggested the use of fuzzy rating scales. The idea behind the a-priori
alternatives is to avoid the use of Likert-type scales. Unfortunately, these alternative scales
are less user-friendly, less popular, and more complex to both implement and analyse than
the traditional Likert-type scale. Moreover, many researches work with secondary data, i.e.,
data obtained from existing sources and not originated by the researchers’ own collection,
and a-priori alternatives cannot be used. Because of these reasons, researchers have devel-
oped a-posteriori corrections to account for the uncertainty of the Likert-type data. Among
a-posteriori corrections, two approaches emerge in the literature: the fuzzy sets theory-based
approach; the CUB (Combination of discrete Uniform and shifted Binomial random vari-
ables) model-based approach. The approach based on fuzzy sets theory has been extensively
used to consider the imprecision and vagueness inherent in both Likert-type variables and
human thinking (see Coppi & D’Urso, 2002); Hu et al., 2005; Hung & Yang2010). Based
on this approach, Likert-type data are recorded in fuzzy numbers prior to further analysis.
Differently, the CUB model-based approach (introduced by Piccolo, 2003)aims to model the
final answer as a mixture of two internal aspects, feeling and uncertainty.

As demonstrated by la Rosa et al. (2015), Likert-type data are among the most widely
used segmentation variables in cluster analysis, but most studies do not take into account the
uncertainty embedded in this type of data (Biasetton et al., 2023). As revealed in the literature
review conducted by Biasetton et al. (2023), only 14% of the analysed articles explicitly
address the issue of Likert-type data uncertainty in cluster analysis. This has been done
either by transforming Likert-type scales into fuzzy numbers (Disegna et al., 2018; D’Urso
et al., 2016, 2015; Khoo-Lattimore et al., 2019; D’Urso & Leski, 2020; D’Urso et al., 2014;
D’Urso & De Giovanni, 2014) or by asking respondents to consider the distance between
Likert-type scale points equal in order to reduce bias (Stavroulakis et al., 2020). Regarding
the distance between scale points, while Likert (1932) suggested it could be considered equal,
more recent researchers have introduced the idea that the distance between scale points cannot
be defined (Dolnicar, 2019), and the intervals between two consecutive response categories
cannot be presumed equal (Jamieson, 2004). This implies the impossibility of using any
arithmetic computations to analyse Likert-type data. The discussion about the equality of
distance between consecutive response categories is still ongoing (Harpe, 2015; D’Urso et
al., 2021). To these literature, the work of Biasetton et al. (2023) has to be added as a first
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attempt to use the CUB model to a-posteriori correct Likert-type data in cluster analysis. In
particular, Biasetton et al. (2023) suggested recoding Likert-type data in fuzzy numbers using
estimates of the CUB model with covariates to derive the parameters of the fuzzy number
membership function.

As a follow-up to the method presented by Biasetton et al. (2023), this paper suggests
a novel clustering method in which the original Likert-type data are not pre-transformed
and their uncertainty is handled including the estimates of the CUB model as segmentation
variables of the algorithm. In particular, the CUB model with covariates is used to estimate
two latent components of the respondent’s answer behaviour, i.e. feelings and uncertainty,
which are then included as input information, along with the original respondents’ answer, of
a clustering algorithm for mixed data. The reader should note that the CUB model allows for
modeling one ordinal variable, i.e., one question, at a time. Thus, the CUB model doesn’t allow
for the consideration of complex multivariate dependence structures among different ordinal
variables. The use of a clustering algorithm allow to partially overcome this limitation by
providing a multivariate description of responses, looking at similarities among respondents,
without, however, aiming to study the dependence among ordinal variables.

In this paper, we suggest combining the CUB model with covariates with the Fuzzy C-
Medoids Clustering of Mixed Data (FCMd-MD) model (D’Urso & Massari, 2019) to capture
both the uncertainty/imprecision related to Likert-type scale data and the uncertainty associ-
ated with the assignment of a unit to each cluster. Furthermore, the FCMd-MD model allows
one to automatically obtain the importance of each segmentation variable group (i.e., original
Likert-type data, feelings, uncertainties) in the creation of the final partition. In the follow-
ing, the suggested model will shortly be indicated as Fuzzy C-Medoids Clustering of CUB
Data (FCMd-CUB). Compared to the a-posteriori fuzzification of the Likert-type data, the
FCMd-CUB allows us to model the uncertainty adding individuals’ characteristics, making
the clustering analysis more precise and flexible. Furthermore, the FCMd-CUB model differs
from the clustering model suggested by Biasetton et al. (2023) since it has the advantage of
not requiring the pre-recoding of Likert-type data into fuzzy data.

The paper is organised as follows. In Sect.2, the suggested method for clustering con-
sumers’ satisfaction using Likert-type data is described. In particular, in Sect. 2.1 the basic
notation of the CUB model is discussed; in Sect. 2.2 an overview of dissimilarity measures for
mixed data is presented; in Sect. 2.3 the Fuzzy C-Medoids Clustering of CUB Data (FCMd-
CUB) is described. In Sect.3, the results obtained by applying the FCMd-CUB model to
empirical data are shown. In Sect.4, some concluding remarks and guidelines for future
research are provided.

2 Methods
2.1 CUB model

The Combination of discrete Uniform and shifted Binomial random variables (CUB) model
has been first introduced by Piccolo (2003) to analyse and model Likert-type data responses.
The underlying assumption of this model is that individual responses to a Likert-type ques-
tion are the result of the combination of two components named feeling and uncertainty.
Specifically, the feeling component determines the level of respondent’s agreement/ pleas-
antness towards the object investigated while the uncertainty component collects different
non-measured factors, e.g. respondent laziness, difficulties in understanding the question,
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ignorance of the topics, wording and length of the scale, that affect the final response. Thus,
the lower the uncertainty, the more reliable the answers. The final choice on an ordinal rating
scale to express the evaluation of an object, the satisfaction with a service or the agreement
with a sentence (according to the question asked) is the result of latent pairwise comparisons
between the specific score and all the other possible scores (i.e. items of the Likert-type
scale), and each comparison corresponds to a success (the object obtains a high score) or a
failure (the object receives a low score).

Therefore, the probability distribution of the response variable can be modelled by a
shifted binomial. Usually, each final answer is characterised by a certain degree of feeling
and a certain degree of uncertainty. However, when the respondent is completely uncertain
toward a question (i.e., no feeling component), the probability of choosing each evaluation is
the same for each response, and the uniform distribution can properly represent the decision-
making process. Consequently, the probability distribution of the response variable for the
CUB model is a mixture of a shifted binomial and a uniform distribution.

Consider R as the response variable representing the ratings expressed by a sample of
respondent when answering a question that required to be answered on a Likert-type scale.
Assume that R can only take an integer value from 1 to m, with m > 3, where m is the
highest value of the scale. Let us say, without loss of generality, that 1 represents the worst
evaluation and m the best evaluation. The CUB model, which models the probability that R
takes the generic value r, with 1 < r < m, is formulated as follows:

—1 1
PV(R=r)=ﬂ[<’11_1>(1—5)"15’”"}+(1—n) [%] )

where (1-), with w# € (0; 1], measures the weight of the uncertainty of the responses
since it increases with the importance of the discrete Uniform distribution and (1 — &),
with & € [0; 1], is a measure of perception towards the satisfaction aspect, as it increases the
probability of giving high scores to the responses. The parameter (1 — ) is called uncertainty
since it charges for the inherent uncertainty that arises when perception is translated into an
evaluation and, therefore, measures the overall uncertainty of the respondent’s assessment.
The parameter (1 — &) can be considered as a measure of the feeling towards the object.
The CUB model reported in Formula 1 has been further improved by allowing to include the
respondents’ characteristics within the model. Covariates can affect feelings and uncertainty:
the generalisation of the CUB model with covariates allows one to identify an individual value
of feeling and uncertainty for each respondent (for a comprehensive treatment see Piccolo &
Simone, 2019). Note that feelings and uncertainty are not constrained to be affected by the
same set of covariates, so if p covariates affect the uncertainty and g covariates affect the
feelings, the CUB (p; ¢) model with covariates is formulated as follows:

Pr(R; =rlx;, zi) = m [(m - 1)(1 - %’i)r_lfimfr] + (1 —m) [l] 2)
r—1 m

logit(m;) = log (]Tm) =xip i = —ﬁo—ﬂlx}i—...—ﬂpxp_i
& = - 1 &)

logit(&;) = log (1_&_) =nz;y

& = I4e YOTVIZLI =" Vq%q i

where R; represents the response of the i-th respondent, i = 1, ..., n; x; is the vector of p
covariates that affect the uncertainty of the i-th respondent; z; is the vector of g covariates
that affect the feeling of the i-th respondent; B is the vector of (p + 1) unknown coefficients
to be estimated for the uncertainty; p is the vector of (¢ + 1) unknown coefficients to be
estimated for the feeling.
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Model’s parameters are estimated using a maximum likelihood function. An Expectation-
Maximization (EM) algorithm provides a computational solution for calculating the
maximum likelihood estimates. Operatively the CUB model algorithm use the frequency
distribution of the observed Likert-type data and, starting from an initial random estimation
of  and &, iteratively update them in order to fit the CUB model to the observed frequency
distribution. On the version considering covariates (Eqs. 2 and 3), on each iteration the # and
y unknown parameters are estimated and updated.

In this work, to estimate the CUB models the R library proposed by lannario (2016) and
Simone (2020) has been adopted.

2.2 Mixed data

As described in Sect. 1, the segmentation variables will be of three different kinds: the original
Likert-type variables (Y), which are ordinal variables; the feelings (E) and the uncertainties
(IT) which are both probabilities, i.e. continuous variables in the range [0; 1]. Therefore, the
distance or dissimilarity measure to use in the clustering algorithm has to be able to handle
simultaneously different types of data.

In this paper, following D’Urso and Massari (2019), the Gower (1971) dissimilarity has
been adopted and the final dissimilarity measure between units i and j is calculated as a
weighted sum of different dissimilarity measures, one for each kind of information considered
(Likert data, feeling and uncertainty component) as follows:

wdiy = yd>(yi, y)) + [wg - £d* &, E) + wy - 2d” (i, 7))

=, d’(yi, y)+ Y wi-d (X, X))
sele,n) “4)
2 2 2
= ydj; + Z wy - sdj;
se{é,m}

where ydz, gdz and d? are suitable dissimilarity measures for the original Likert-type data
(Y - ordinal variables), feelings and uncertainties components (&, IT - continuous variables),
respectively; wg and w2 are the weights of feeling and uncertainty, respectively, in the
calculation of the final dissimilarity. The sum of the weights is constrained to be unitary, and
the weight of the original Likert-type data is set equal to 1. Note that, for comparison’s sake
across attribute types, within the clustering algorithm the dissimilarity measures (for Y,&
and IT) are normalised to vary in the range [0; 1].

According to Eq. (4), ydz is a suitable dissimilarity measure for ordinal data while both
gdz and ,d? are suitable dissimilarity measures for probabilities.

Researchers can select the best dissimilarity measures for their applications based on
data at hand and on dissimilarity measure’s properties. A review of distance measures and
dissimilarity indices for different types of attributes, including ordinal and interval-valued
data, can be found in D’Urso and Massari (2019) and D’Urso et al. (2022). We suggest
the adoption of the Kendall distance for ordinal data, to compute the dissimilarity between
respondents with respect to their response to Likert-type questions, and the Euclidean distance
to obtain the dissimilarity between respondents with respect to their feelings and uncertainties,
as suggested by Everitt et al. (2011).

Remark 1 Likert-type data. Likert-type scales are a set of items formulated in linguis-
tic expression coded into natural numbers and characterised by a rank order. While Likert
(1932) suggested that the distance between two consecutive response categories on a 5-points
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scale were equal, classifying Likert-type data as interval data, nowadays many researchers in
different fields believe that the distance between two scale points cannot be defined or pre-
sumed equal, classifying Likert-type data as ordinal data (Dolnicar, 2019). This discussion
is not new (for more details seeGardner, 1975) and researchers must be aware of it, since the
decision on how to classify Likert-type data impacts the kind of statistical analysis that can
be implemented.

In this study, Likert-type data are considered ordinal data. As a result, Likert-type data
cannot be analysed by statistical method defined on a vector space and since the distance
between two consecutive items of the scale cannot be either defined or presumed equal,
the distance or dissimilarity measure to be adopted for such data cannot be a distance for
continuous data.

Remark 2 Kendall distance. The Kendall distance measures the correspondence between
the ranking of 2 vectors. The total number of possible pairings of such 2 vectors of size n, is
%n(n — 1). Ordering the pairs by the values of the first vector, if the two vectors (namely x
and y) are correlated, then they would have the same relative rank orders: for each y;, count
the number of y; > y; (concordant pairs - ¢) and the number of y; < y; (discordant pairs -
d). The Kendall distance (Kendall, 1949; Abdi, 2007; D’Urso & Vitale, 2022) is then defined
as:

dKendall(x’ y) =1- TKendall = 1 - lncind (5)

s —1)

where n. is the total number of concordant pairs and n, is the total number of discordant
pairs. Note that suitable extension of the Kendall distance corrected for ties, such as the
Kemeny distance (D’Urso & Vitale, 2022, see), can been considered. Moreover, the choice
of the Kendall distance can represent a limit of this study: despite the characteristics of con-
sidering the order of ordinal variables instead of assuming equal distance between contiguous
categories, it cannot perfectly capture the variability and the difference in ratings.

2.3 Clustering for mixed data with CUB parameters: FCMd-CUB

Since the segmentation data of the clustering algorithm are of different types (the original
data are ordinal data, while both the feeling and the uncertainty components are continuous
variables), a clustering algorithm of mixed data must be adopted (for a detailed review on
this kind of clustering algorithm see D’Urso & Massari, 2019). In this study we suggest
using the Fuzzy C-Medoids Clustering of Mixed Data (FCMd-MD) model developed by
D’Urso and Massari (2019), where the input data are the observed data together with the
estimated information derived from the CUB model, i.e. estimates of the individual feeling
and uncertainty for each question. Thus, in the following we will briefly address the suggested
model as the Fuzzy C-Medoids Clustering of CUB Data (FCMd-CUB). Following D’Urso
and Massari (2019), the FCMd-CUB objective function to be minimised is as follows:

. c
min s Y Yo ufiwd;. =
Yo S P §o + [ cd? 6,8 + wd - adP (i Fo) || =
C 2 2 2
Dol Dot i, ydij + Zse{s,n} Wy ‘sdij]

st) Y uie=1, ujc >0
wg +wy =1, wg >0, wy >0

6)
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where:

e u;. represents the membership degree of the i-th object to the c-th cluster;

e m > | represents a weighting exponent that control the fuzziness of the partition. The
closeritis to 1 the closer the partition is to a crisp one. As recommended by Krishnapuram
et al. (2001), in this study, m has been set at the value of 1.5;

° wdizc represents the weighted dissimilarity measure between the i-th object and the c-th
medoid:

Note that the CUB parameters’ weights are automatically estimated within the clustering
procedure by solving a Lagrangian problem. In the following the steps to solve the Lagrangian
problem are described.

Let us consider the following Lagrangian function:

n C C
E(ui,ws,)\,y):ZZu?z, ydl-zj—i- Z wsz-sdizj —A(Zuic—l)
} c=1

i=1 c=1 se{&,

(N

-y Zws—l

se{&,}

where w; = (u;1, ..., ujc)’ is the vector of i-th observation membership degrees to all the C
clusters and A and y are the Lagrange multipliers for the equality constraints.

The membership degree u;. for each unit and for each cluster is computed. We set the
partial derivatives of (7) with respectto u;c (Vi € Z |1 <i <nandVc e Z |1 <c <C)
and with respect to A equal to zero, yielding:

aL(u;, wg, A, y) _1 2 2 2
PUMRD) 0 ! i+ 3w a0
e selé,m)
L 3)
A
S Ujc = 5 S 5
m (ydic + 2 sele ) Wi sdic)
c
aL(u;, Wy, A, y)
T:O«z»;uiczl )
Combining (8) and (9) we obtain:
= 1
— = ﬁ (10)
c 1
ZC:I ( (yd,i+2\~e(g,n; wsztvd;zc) )
and substituting (10) in (8) we finally obtain:
1
Ujc = ; (11)

-1
ZC < (yd?c+ergs,n; wsz'sdizc) )m
=

(}'d[zt‘/"'er{é.n} w.%'fdizc/>
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The same procedure is applied to obtain wy = (weg, w;). We set the partial derivatives of
(7) with respect to wy Vs € {£, 7} and y equal to zero, yielding:

9L, Wy, A, y) 4 1
ow =0 =N 12
s Zi:] c=1HUjcsbic
0L, W, b y) _ 3 w=1 13)
0 T ) = =
dy sefe.r)
Combining (12) and (13) we can obtain:

1

% - 1 (14)
selesm) LT
which substituted in (12) leads to

1

ws = (15)

Z izt ZCC:I ”ﬁ»sdizu
VT YL S Wy,
Based on the obtained solutions of the minimisation problem (namely Eqs. 11 and 15) the
FCMd-CUB algorithm have been developed and coded using the software R. The algorithm
is schematically illustrated in Algorithm 1.

Algorithm 1 FCMd-CUB algorithm

1: Fix C number of clusters, m = 1.5, max.iteration and generate randomly the degree matrix U;

2: Setiter =0

3: Setw <« (0.5,0.5) > Initialize feeling and uncertainty weights
4: (y, & m)ele=1,..,C > Pick initial random medoids
5: (.6, MoLp,cle=1,....C > Define Old medoids as different from initial
6: while ((y,&,7)c # (y.&.m)oLD,c Niter < max.iter) do

7 y.&,moLp,c < .. 1) > Store the current medoids
8 Computew; (i =1,...,n)using (11)

9:  Compute w by using (15)

10: forc=1toC do > Select the new medoids
11: q =argminy i<y S0 ully {Ydiz/i” + 2 sele ) w? "Ydiz/i’/}

12: return (y, &, w)c < (v, &, 7)g

13:  end for

14:  iter < iter +1
15: end while

3 Case study

In this Section, an application of the proposed FCMd-CUB model to the clustering of tourists
accordingly to their satisfaction against different aspects of the visited destination is pre-
sented. Data are drawn from the annual inbound survey of International Tourism in Italy
conducted by the Bank of Italy (Banca d’Italia). The inbound-outbound frontier survey is
the technique adopted for data collection. The stratified sampling method is applied (using
different types of stratified variables for each type of frontier) and face-to-face interviews are
carried out at national borders (including highways, railways, airports and ports). Sampling
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is done independently on each type of frontier. Tourists are interviewed at the end of the
trip when they return to their place of habitual residence. The interviews are conducted at
different times of the day, on both working days and holidays, and month by month, with a
fixed number of interviews per period of the survey. In this study, a sample of 3,127 foreign
tourists who spent at least one night in the Venice municipality in 2017 have been analysed.
The respondents were asked to report their level of satisfaction with 9 different aspects of the
destination: hospitality and friendliness of locals (“Friendliness”); hotels and other accom-
modation (“Accommodation”); food and beverages (“Food & Beverages”); prices and cost of
living (“Prices”); landscape and natural environment (‘“Landscape”); quality and variety of
products offered in stores (‘“Product sold”); information and tourist services (“Information”);
safety (“Safety”); overall level of satisfaction with the destination (“Overall”). The level of
satisfaction has been collected using a 10-point Likert-type scale from 1 = “Very unsatisfied”
to 10 = “Very satisfied”. Together with satisfaction, socio-demographic characteristics and
trip information were asked through the survey. The sample is made up of people who travel
for tourism, holiday, or fun and whose vacation is cultural.

Cluster analysis was conducted using the level of satisfaction with the different aspects
of the destination as segmentation variables. Figure | represents the observed percentage
distribution of the level of satisfaction in each aspect of the destination. In general, satisfaction
is quite high regardless of the aspect considered (mainly equal to or greater than 6), except
for the aspect related to prices and cost of living (“Prices”).

Since the frequencies of unsatisfied tourists are minimal for most of the aspects considered,
the 10-point Likert-type scale has been recoded into a 7-point Likert-type scale grouping the
low items of the scale (from 1 to 4) into a singular one. Figure 2 shows the procedure adopted
to recode the scale and Fig. 3 represents the percentage distribution observed of the level of
satisfaction for each aspect of the destination on the new scale.
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Fig.2 Recoding of the 10-point Likert-type scale into the 7-point Likert-type scale
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Fig.3 Percentage distribution for each item on the modified scale

Feeling and uncertainty have been estimated for each respondent and for each question
(i.e. segmentation variable) using Eqgs. (2) and (3). The set of covariates of the CUB model
is described in Table 1 and includes both socio-demographic and trip characteristics.

The modified Likert-type data, feelings and uncertainty for each Likert-type variable have
been used as input variables of the FCMd-CUB model. The Gower dissimilarity discussed
in Sect. 2.2 has been adopted using the Kendall distance for ordinal data (i.e. the modified
Likert-type data) and the Euclidean distance for feelings and uncertainties. The FCMd-CUB
model has been run for C = 2, ..., 10 clusters.

Remark 3 Cluster validity. Since the FCMd clustering algorithm requires one to a-priori
define the number of clusters to extract, a validation procedure is adopted to define the final
optimal partition. Due to its particularly satisfactory results in recognising the true number
of clusters (see Arbelaitz, Gurrutxaga, Muguerza, Pérez, & Perona, 2013, for an extensive

@ Springer



Annals of Operations Research

Table 1 Description of the CUB model covariates

Variable Description
Socio-demographic characteristics

Age <=34/>34
Employment status Self-employed / Employed / Other
Country of origin EU countries / Non EU countries

Trip information

No of people that shared expenses Count
No of night spent in holiday Count
Accommodation type Hotel / Other

simulation study) the Fuzzy Silhouette index (SILF) ((see Campello & Hruschka 2006), i.e.
the fuzzy version of the Average Silhouette Width (ASW) criterion (Kaufman & Rousseeuw,
2009), has been adopted. The SILF is a composite index which allows one to account for both
the separability between the clusters and the homogeneity of units inside the same cluster.
The SILF index represents the weighted average of individual silhouettes width, X;, with
weights derived from the fuzzy membership matrix U = u;. :i =1, ..., I;c =1, ..., C and
is defined as follows:

va=1(uir —Uig)*Ai 2= (b; — a;)

SILF = == = bima)
Yo iy — uig)® max (b;, a;)

(16)

where qa; is the average distance between the i-th unit and the units belonging to the cluster
r, with which i is associated with the highest membership degree; b; is the minimum (over
clusters) average distance of the i-th unit to all units belonging to the cluster ¢ with g # r;
(r,q) € [1, ..., c] are respectively the first- and second-best clusters (accordingly to the
membership degrees) to which the i-th unit is associated; (u;» — u;4)® is the weight of each
Ai, calculated upon the fuzzy membership matrix U where (u;,, u;,) are the first and second
largest element of the i-th row; o > 0 is an optional user defined weighting coefficient (the
ASW index is obtained by setting o = 0).

The index has to be maximised, at least locally, in fact the higher the value of SILF, the
better the assignment of the units to the clusters simultaneously obtaining the minimisation
of the intra-cluster distance and the maximisation of the inter-cluster distance.

The SILF index has been computed for ¢ € [2, ..., 10]. The best partition suggested by
this index is C = 2 followed by C = 4. In the upcoming discussion, we will focus on the
four-clusters partition. Indeed, from both a managerial and practical standpoint, opting for
the two-clusters partition is unappealing, as it lacks general informativeness and utility for
devising new policies and strategies.

As an indication of the dimension of the clusters the weighted sample size of the 4 clusters
can be considered. The sum of the membership degrees by cluster is 900.6, 325.2, 785.8 and
1115.3 for cluster from 1 to 4 respectively.

In order to label the final clusters, the weighted percentage distribution of the modified
level of satisfaction (7-point Likert-type scale) for each aspect of the destination and for each
cluster is represented in Fig. 4. Note that the black dots in the plot represent the category
assumed by the medoid of the cluster on each of the response. The weighted percentages are
computed using membership degrees as weights.
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Fig.4 Weighted distribution of the segmentation variables with medoids’ indication

Cluster 2 is the smaller and groups tourists who are in general more satisfied with all
aspects of the destination, except “Landscape”, compared to the tourists in the other clusters.
We can therefore labelled this cluster as the “Enthusiasts”. Cluster 4 is the largest and brings
together tourists who are more satisfied with the landscape and natural environment but less
satisfied with all other aspects of the destination than other tourists. This cluster can therefore
be labelled as the “Unfulfilled”. Clusters 1 and 3 are very similar. However, cluster 1 groups
tourists who rated the “Safety” and “Accommodation” aspects of the destination higher,
while Group 3 tourists better evaluated the services offered by the Venice municipality, such
as information and tourist services, they appreciated more the hospitality and friendliness of
locals, and the quality of food and beverages offered by the city. Therefore, cluster 1 can be
labeled as the “Moderates” and cluster 3 as the “Experiential tourists”.

Figure 5 shows, the estimated values of feeling and Uncertainty for the final medoids. As
we can observe, the “Enthusiasts” (Cluster 2) show the highest level of uncertainty, while the
“Experienced tourists” (Cluster 3) exhibit less uncertain, especially regarding “Landscape”
and “Prices”. The weights attributed by the automatic optimization within the FCMd-CUB
algorithm to the feeling and uncertainty components are respectively 0.515 and 0.485, respec-
tively, not highlighting any particular dominance between the two components.
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Table 2 Weighted distribution of the CUB model covariates
Variable Cluster 1 Cluster 2 Cluster 3 Cluster 4 p-value
Socio-demographic characteristics
Age <=34 (%) 32.72 34.35 36.11 34.77
Self-employed (%) 6.25 12.78 6.75 4.94 HAE
Employed (%) 87.60 67.06 86.66 89.93 HAE
EU (%) 74.77 64.66 74.07 75.42 Ak
Trip information
No of people 1.739 0.659 1.590 2.184 wAE
No of night 0.58 0.220 0.515 0.727 Ak
Hotel (%) 69.64 72.11 66.60 68.22

Weighted percentage distributions and weighted means are reported. Significance of the x2 test of indepen-
dence and ANOVA test, respectively for binary and quantitative variables, is reported. All test results are not
significant unless indicated otherwise: ***Significant at p < 0.01, **Significant at p < 0.05, *Significant at

p<0.1

As an indication of the influence of covariates on the cluster, their weighted distribution
or weighted average is reported in Table 2 along with the significance of the test.

4 Conclusions

In customer satisfaction analysis, Likert-type scales are frequently used to gather personal
feelings and evaluations about a post-experience or post-use. However, the information
obtained using such scales is uncertain and imprecise. Therefore, Likert-type data need to be
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preprocessed before being used in further analysis, such as cluster analysis. This study aims
to present an alternative way to a-posteriori handle the uncertainty and vagueness naturally
embedded in Likert-type data when a cluster analysis is conducted. Although in the literature
the most common preprocessing operation is fuzzification, in this study we suggest modelling
the Likert-type data uncertainty by means of the CUB model with covariates (Piccolo, 2003).
Furthermore, the estimates of the CUB model parameters, i.e. feelings and uncertainty, are
used, together with the original respondents’ answers to the Likert-type questions, as input
variables of the clustering algorithm. Although any clustering algorithm for mixed data can
be adopted, we suggest applying the FCMd-MD model (D’Urso & Massari, 2019) to obtain
a more realistic multivariate description of the units and to identify the importance of each
segmentation information in the creation of the final partition. Therefore, in this study we
suggest to combine the CUB model with the FCMd-MD algorithm, obtaining the so-called
FCMd-CUB model.

The main advantages in using the suggested a posteriori correction are: 1) the possibility of
modeling individual uncertainty arising from Likert-type data using additional respondents’
features collected through the questionnaire; 2) the removal of the elicitation problem, i.e. the
necessity to define the membership function of the fuzzy numbers, since no fuzzy recoding
is involved. From a business point of view, the FCMd-CUB model is of particular interest
since it allows one to obtain more reliable clusters with the possibility to effectively direct
marketing and managerial resources to specific customers.

Limitations of the present work include: 1) the choice of the dissimilarity measure to use
for ordinal variables; 2) the estimates of the CUB model parameters; 3) the inability to study
the multivariate dependence structure among ordinal variables. With respect to the first point,
in this work the Kendall distance has been used because it is suitable for ordinal variables,
including Likert-type data. However, it’s important to note that the Kendall distance only
allows to measure similarities or dissimilarities between items (i.e. ratings) and doesn’t take
into account the difference in terms of the number of items between two responses. Thus,
a different dissimilarity measure for ordinal variables should be considered. Concerning
the uncertainty and feeling parameters estimated using the CUB model with covariates, it’s
important to note that these parameters represent an approximation of individual character-
istics. In fact, the individual parameters are computed with minor adjustment over the global
parameters based on individual covariates: this results in the impossibility to obtain param-
eters perfectly suited for the individual (in fact, despite their answer could be different, two
people with equal covariates will get the same parameters). Further studies should be devoted
to the improvement of this point. Finally, as mentioned in the introduction, the FCMd-CUB
model is unable to study the complex multivariate dependence structure among questions
and further studies should be devoted to overcome this limitation.
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