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1 Introduction

For a long time visitors of cultural attractions were treb&s a homogeneous
group of people. The tendency of the recent tourism liteeaisi instead to con-
sider them as heterogeneous groups with different chaistats, perceptions and
needs (Hughes, 2002). Brida et al. (2012) showed that vésitbChristmas Mar-
kets in Northern Italy clustered into three groups, aceaydop a set of motiva-
tional factors that affect the visit behavior. Other stgds#owed that tourists
who visited art museums presented different socio-denpbgecacharacteristics
(in particular regarding the level of education, income aadupation) than those
who engaged in festivals, musical activities, theme pagjsements parks, local
fairs, and events (Bennett & Council, 1994; Kim et al., 208¢huster, 1991).

Market segmentation is a process used in order to discoveogeneous sub-
groups in the market, according to specific characterisficastomers. In tourism
market segmentation, tourists grouped in the same segmesirailar to each
other (and different from those in other segments) in the thiay react to inter-
nal stimulus, as desires or emotions, and/or external &tsnas promotions or
advertising.

Understanding the characteristics and the behavior ofsisucan be crucial
for marketing success. This information allows the manisste direct marketing
efforts toward the groups of tourists more economicallyngigant, improving
the overall survival and profitability of cultural attramtis, businesses, firms, and
destinations in a market that is more and more competitive.

Since the introduction of market segmentation in the lat&80%9 the num-
ber and type of approaches for segmentation has grown enstyn@olnicar &
Leisch, 2004; Liao et al., 2012). Boone & Roehm (2002) pairdat that there
are over 50 methods that can be applied to deal with marketesigtion prob-
lems. Since each method conducts a multivariate desamipfithe data, grouping
units based on their similarity, “different methods preas#fierent views of data”
(Leisch, 2006). Unfortunately, as emphasized by many rekees, no absolutely
“correct” method to segment exists in the literature (Be&rtennis, 1987; Dol-
nicar et al., 2008; Kotler et al., 2010; Tkaczynski & Rundleiele, 2011), since
the underlying relationships among units have differentcstires, depending on
data at hand, and the researcher must find the best segroemiatinod to capture
this hidden structure. In addition, the researcher intezgean different moments
of the estimation process, “creating” an ever increasinglmer of new segmenta-
tion methods and giving subjective interpretations of thalfresults.

Segmentation techniques can be classified into two groapsely supervised
and unsupervised classification techniques. Supervisgansithat “membership
of data points which can illustrate the general structurthefgroup is required
in order to derive the classification rules” (Budayan et2009). Unsupervision
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implies that there is no rule for the initiation of classifica and that the em-
pirical distribution and characteristics of the data wiitermine the segments’
membership.

Cluster analysis methods represent the most used unssgemriarket seg-
mentation techniques in the literature and comprise a seiffefent techniques,
which can be broadly divided into partitioning and hieracehmethods (Saaren-
virta, 1998). Given a set of selected segmentation vasalbiese methodologies
aggregate units in groups, in such a way that each groupiosritee most similar
units and, at the same time, is the most dissimilar from th®areder groups.

Beyond more traditional methods, non-linear techniquash s Neural Net-
works (NNs) algorithms and Kohonen Map (Kohonen, 1989),ae+®rganizing
Map (SOM), have also been used in tourism research. Maza®éR) is one of
the first scholars to use NNs, applying this technique to &etaaegmentation
analysis of Austrian tourists in the “Euro-Sports RegioBbolnicar (1997) used
the SOM to identify the characteristics of summer touriss&timg Austria. The
latter method was also used, for example: to identify sfiatgroups of UK hotels
(Curry et al., 2001); to segment senior travelers in Westerstralia (Kim et al.,
2003); to segment the international tourist market in Capenl South Africa
(Bloom, 2005); to segment the visitors of a particular aatwattraction in the
Northern Italy, the Christmas Markets (Brida et al., 2012).

More recently, the Bagged Clustering (BC) algorithm, baeadthe Bag-
ging (“bootstrap aggregating”) procedure (Breiman, 1986% been introduced in
the tourism market segmentation (Dolnicar & Leisch, 20003 2004; Leisch,
1999).

BC combines sequentially partitioning and hierarchicastéring methods, to
overcome some limitations of both the two procedures. Imitgl formulation,
first a partitioning method, namely the claskiameans algorithm, is applied to
B bootstrap samples generated from the data set. Then adhiea@rmethod is
applied to the results of the partitioning steps. This pdoice presents two main
advantages, with respect to more traditional clusteringni&ues (Leisch, 1999):
I) it is not necessary to impose the number of clusters in ackvaii) the final
solution is less dependent on the initialization of the atg.

The aim of this paper is to propose a novel segmentation iggbrbased on
the BC algorithm. The main difference is that in the paniing step the Fuzzg-
Medoids Clustering (FCMdC) algorithm (Krishnapuram et 2001) is adopted.
FCMAC inherits both the benefits of the partitioning arouretioids-based clus-
tering approach and the flexibility and other benefits of thezy approach (see,
e.g., D’'Urso et al., 2013). By means of this approach, uméskssified in homo-
geneous classes characterized by prototypal observesi(thretmedoids), which
synthesize the structural information of each cluster.t&Jaie assigned to differ-
ent clusters with fuzzy membership degrees, representinmeertainty measure
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in the assignment process. Conversely to crisp clustennghich the member-
ship degrees can assume values 0 or 1, in the fuzzy clustérnmembership
degrees assume values between 0 and 1. This approach halvén¢age to al-

low capturing the vague (fuzzy) behavior of particular anithis is reasonable in
the market segmentation, when some customers may sharechamaeteristics
to more than one segment and, hence, assigning one of thentytorze cluster

entail a loss of information.

In order to show the effectiveness of the procedure, an érapanalysis on
tourism data is finally provided and discussed. The analysiarried out on two
different surveys. The first considers tourists that visé Museum of Modern
and Contemporary Art of Trento and Rovereto, Italy, during summer season
of 2011. In the second survey, Italian visitors of the Chmns$ Market held in
Merano, Italy, in 2011 have been interviewed. Both surveytected a set of
socio-economic characteristics of the tourists and in&drom about the trip. In
addition, questions aimed at detecting the motivatiorabis affecting their visit
behavior have been submitted to respondents. In both appls, the segmen-
tation variables are the items regarding the motivatioaeidrs, while the socio-
economic characteristics and other additional infornmaserve for the ex-post
analysis of the obtained clusters.

The paper is organized as follows: in Section 2 we first prddseoverview-
ing the clustering technique proposed; in Section 3 sanmgotesquestionnaires
employed in the empirical application are presented, aadlistering results are
discussed; in Section 4 final considerations and remarkisifore researches are
discussed.

2 Methodology

Two main issues in market segmentation based on clusteysasalre de-
served to be mentioned. First, the detection of the apmtgprnumber of market
segments (clusters) in the dataset and, secondly, theailacof customers to
these clusters, assessing the accuracy of cluster assiggfoeeach unit.

The Bagging (“bootstrap aggregating”) procedure (Breiyd®96) is a resam-
pling method applied in the field of supervised and unsuged/iearning to im-
prove the accuracy of prediction. Based on this approadsch€1999) proposed
the Bagged Clustering (BC) method, which combines panitig and hierarchi-
cal clustering procedures to deal with the two methodoklggsues mentioned
above. A partitioning method, the clas&emeans algorithm, is applied to boot-
strap samples drawn from the original dataset and then arhlecal clustering
is performed on the resulting cluster centroids. Then, eadhis assigned to the
cluster in which falls the closest centroid. Leisch (1998)stically showed that
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this procedure outperforms existing partitioning method.

In this paper, we propose a Bagged Clustering method, bytadoa fuzzy
approach in the partitioning step. In particular, we coesttie FuzzyC—Medoids
Clustering Algorithm (FCMdC) (Krishnapuram et al., 2001).

Let X = {x1,---,Xj,---,Xn} be a set oN units (data matrix) and let indicate
with X = {X1,--+,Xi,--- ,Xc} a sub-set oK with cardinalityC. X is the set of the
medoids. The medoids can be seen as prototypal units batptajihe considered
data matrix, which synthesize the structural informatibaach cluster.

The FCMdC clustering method can be formalized as follows:

_ N C b2
min: Y ¥ Ui dic
i=1lc=1

(1)

C
S Ui =1, Uic > 0,
c=1

whereuic denotes the membership degree of itlile unit to thec-th cluster,dic
indicates the distance measure betweeniteunit and the medoid of theth
cluster andp > 1 is a parameter that controls the fuzziness of the partitidre
fuzziness parameter should be chosen in advance. Valuebtmto 1 will result
in a partition with all memberships close to 0 or 1. Large esalwill lead to
membership degrees close tdCl(Wedel & Steenkamp, 1989). In the case of
FCMdC, a value between 1 and 1.5 is recommended (Kamdar &, Ri¥)0). In
all the applications described in section 3 weget 1.5.

Solving the constrained optimization problem (1) by medrte®Lagrangian
multiplier method (Krishnapuram et al., 2001) the localimat solutions are:

Uic=————% (2)

Fuzzy clustering approach presents many advantages wjlkeceto standard
clustering (Hwang et al., 2007). First, the detected gronmkata could overlap,
allowing units to belong partially to multiple clusters. d@al-world situations,
it is often difficult to draw a clear—cut boundary betweerstdus. McBratney &
Moore (1985) observed that the “soft” classification of fuzhustering could be
more suitable than the deterministic classification of ramerapping clustering
methods such as-means. Finally Heiser & Groenen (1997) showed that fuzzy
clustering is less affected by local optima problems.

In addition, the partitioning around medoids strategy (l{@n & Rousseeuw,
2005) allows to identify prototypal units that summarize thain features of each
clusters, instead of “virtual” units such as centroids.

The clustering procedure could be summarized as follows.
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1. ConstrucB boostrap samples ™ units, X1,---,XP ... XB, whereX® is
a data matrix obtained by drawing with replacement from thgirmal data
matrix X.

2. Run the FCMdC algorithm using an appropriate distancesareaon each
bootstrap sample.

From this procedure we obta{B x C) medoids:{&3,--- ,X%,--- &},

{;(tlg... ;(g’... ’;(8}7... ’ {g%... ,gg’... ,gg}”

whereC is the number of medoids detected in the partitioning chusge
method and? is the c-th medoid of theb-th boostrap samplX® (b =
1-.-,B;c=1,--- 7C)

3. Arrange all the medoids in a new datalski.c.

4. Run a hierarchical cluster algorithm dhg.c, in order to produce a fam-
ily of partitions of the medoids. The result is representeth\& dendro-
gram and the best patrtition &f final clusters is obtained investigating the
graphic.

5. The membership degree of unito each final clusten(h=1,...,H) is
obtained selecting the maximum membership degree of thewil the
medoids in the cluster. Leil[h],...,ich[h] be theC" medoids classified

in the h-th final cluster §i' ;C" = B x C), and letu;yy, - .+, Uicnyy be the
membership degrees of the uiito the C" medoids. Then the member-

ship degree of the-th unit to theh-th final cluster is defined asj,™=
max{uil[h},. . Uich[h]}, h=1,...,H.

Figure 1 schematically shows the steps of the algorithm.

Remark 1. Distance measures.
The distance measure adopted at both step of the clustenngdgure is the same,
and it depends on the type of variables.

LetX = {x1,---,Xi, --Xn } be the data matrix, whesg = (X1, -+ , Xk, - - , XiK )
represents the value observed forittle unit on thek-th variable (= 1,--- ,N; k=
1,---,K).

When the variable are continuous or discrete, one can udeutiedean dis-
tance between unitg andx;::

K 2
dir = [|xi —xi || = [Z mk—m)Z] (3)

k=1

or, more in general, a distance from the Minkowski class.
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Figure 1: The Bagged Clustering algorithm.



When dealing with binary variables, assuming values equdl or O, it is
possible to make use of the Jaccard dissimilarity index eetw; andx;::
a

diy=1—
1l a+b+c7

(4)

wherea is the total number of variables being 1 for both ugiandx;, b is the
total number of variables being 1 far and 0 forx;, andc the total number of
variables being 0 fox; and 1 forx;.

When the variables are ordinal (e.g., questions detectied Liskert scale),
the items are often represented by linguistic expressioappi & D’Urso (2002)
observed that subjective evaluations are best representeduzzy framework,
reflecting the uncertainty and the heterogeneity in indigicevaluation (see also
Hung & Yang, 2005). Hence, to take into account the vagueokthe variables,
the values can be fuzzified (D’Urso, 2007) and the Yang—Ktade (Yang &
Ko, 1996) for fuzzy data can be adopted.

Let define the fuzzy data matrix as follows:

X = {Xik = (Cik, lik, ri) : 1 =1,--- ,N,k=1,--- =K}, (5)

wherexik = (Cik, lik, k) represents thie-th fuzzy variable observed on thh unit,
Cik denotes the centelx andriy the left and right spread respectively (D’Urso,
2007), with the following membership function

L ( S e Uik < Gij (lik > 0)

Fxi (uik) = (6)

R ( e Uik = Cik (rik > 0)
whereL (andR) is a decreasing “shape” function frof&* to [0, 1] with L(0) =
1; L(zk) < 1 for all zx > 0, Vi, j; L(zx) > O for all zx < 1,Vi, j; L(1) =0 (or
L(zx) > O for all zx andL(+) = 0). The fuzzy numbexy = (Cik, lik, Fik)Lr, | =
1....1;)=1,...,J, consists of an interval which runs frogk — lik to Cik + ik
and the membership functions serve to assign differentyhisito the values in
the interval.
If L andR are of the form:

L(2) =R = (7)

1-z 0<z<1

0 otherwise

thenX is a “triangular” fuzzy data matrix with the following memisé@ip func-
tion:

1— Sk gy < e (lik > 0)

I‘lXﬂ((ulk) = uki(c»k

1=~k Uy > Gk (rik > 0).

ik

(8)
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For each component of the fuzzy data matrix (5) we can defiaéoilfowing
data matrices:

C:{C17"'7Ci7“'CN}
L:{|l77|I7IN}
R:{rl,...7ri7...rN}

wherec;, l; andr; are the vectors of thieth observations for the centers, the left
and the right spreads respectively.

Then, in a multivariate framework the Yang—Ko distance cafdomulated as
follows (D’Urso, 2007):

dir = (|[& — |2+ [ (6 — atli) — (o — aly)[[2+ || (6 + Bri) — (cir+Brin)|2)2 (9)

where the parameters and 3 reduces the weight of the spreads with respect to
the centers (D’Urso, 2007). Given the triangular membegrgimction (8), in this
work we assume = 3 =0.5.

Remark 2. Membership degrees.

As described above, the membership degrigefthe uniti to the final cluster
h(h=1,--- ,H), obtained with the hierarchical procedure, is derived m#r81g
the maximum membership degreeidfo all the medoids that are classified in
clusterh. If Tis a medoid classified in clusteythenus, = 1. Howeverp, (I # h)

Is not constrained to be equal to zero. More generally, theaiithe membership
degrees of an unit to aHl clusters is not necessarily equal to one.

Remark 3. Clusters evaluation.
Finally it is important to evaluate the internal varialyilaf each variable in each
cluster. When using quantitative or variables, the box-pdm be used in order to
analyze more in depth the distribution of each variable.e@tise, when consid-
ering binary or categorical variables, an entropy indextmaadopted.

Hence, we make use of the weighted Shannon Entropy indemaiiazed to
vary in the ranggo0, 1].

Let consider a categorical variable= {v1, ..., Vm, ..., } which takesvi (M >
2) values. In particular, when the variable is bindfy= 2. The weighted fre-
qguency of then-th category ok is:

Whp=1=2 (10)
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wherew; is the sample weight of thieth unit and [m); is an indicator function
which is equal to 1 if the-th unit assumes the-th category ok and 0 otherwise.
We could write:

[(M)iWi = Wi

wherewmi = W, if X; = vy and 0 otherwise. Then (10) becomes:

Wiy = =2 (11)

The normalized weighted Shannon Entropy ind&g) can be written as:

M
— Y winlog(wfm)
ws ="t 12
s log(M) (12)
In our context, we make use of the membership degugess ‘weights in the
formulae (11)-(12). In particular, with reference to theafimierarchical parti-
tion, Wimn = Uin, i.€. the membership degree of thth unit to theh-th cluster is
considered as the sample weight of the umrich takes then-th category ok.
Then the expressions (11) and (12) become respectively:

Whnh= == (13)

M
- Zlemhl()g(meh)
Wsg =" : 14
S log(M) (14)
Note that in this way we implicitly take into account the furzss of the par-
tition, incorporating the vagueness of the assignment o emit to a cluster in
the computation of indices (13)-(14).

3 Tourism market segmentation: a case study

In this section we provide an application of the proposedtelung method
in the field of tourism market. Profiling visitors can be of cal importance for
local policymakers, managers and marketing analysts.tifgigrg homogeneous
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clusters of consumers-visitors can be in fact an esseigjab®th for planning and
developing appropriate strategies and for directing thigel and economical
actions towards the groups economically more relevant.

Two datasets drawn from surveys conducted among the \asifdwo differ-
ent cultural attractions held in the Trentino-South Tyeaion, Northern Italy, are
considered in the following empirical analysis. The ohbjextwvas to find “moti-
vations clusters”, that is homogeneous groups of visitamfthe point of view
of their motivations in visiting the particular culturakiction analyzed.

The first survey regards the visitors of the Museum of Modedh@ontempo-
rary Art (shortened to MART) of Trento and Rovereto, Italye ttwo main cities
of the Trentino region (Figure 2). A total of 591 interviewsne successfully col-
lected during the summer season (from June to Septembebd)Laf Rost visitors
come from ltaly (92.72%), mainly from neighboring regioosyering on average
about 260 Km (standard deviation 690 Km): 29.78% from Ven2810% from
Trentino-South Tyrol (of which the majority — 79.07% — comenh the province
of Trento), and 11.51% from Lombardia.

The MART museum is divided into three buildings. The mairiding (where
the interviews were being held) is located in Rovereto, t@détown of the fu-
turist artist Fortunato Depero. This main building was daed by the Swiss
architect Mario Botta in the late 1980s. The museum hosts@mg@ent collec-
tion of modern art, where works are displayed on a rotatirggshand temporary
exhibitions. It holds the most important collections inlytaoncerning different
artistic genres of modern and contemporary art, in padrduiturism. Interviews
were held just after the visit of the museum, in selected worland weekend
days of the four months considered, and in different timéoplsrof the day.

The second survey was conducted among Italian visitors efafrihe most
important Christmas Market (CM) of the South Tyrol regiomlchin Merano,
Italy (Figure 2). CMs have a very long tradition and draw tlzgigins from Ger-
man speaking countries. The first and foremost CM was heldeitirBin the
18th century and its primary function was to create a placerafamilies could
purchase children’s presents. Soon CMs became a symba G&¢lhman culture
and the South Tyrol region, which was part of Austria till @%nd it is populated
even today by a majority of German language, has inheritsctithdition. The
CM has become more and more important for many cities in thehSbyrol re-
gion due to its capacity of attract significant flows of visgamainly from Italian
region. The first city in Italy that hosted a CM was Bolzan thain city of the
South Tyrol region, in 1990. At the moment also Merano, Baasse, Brunico,
and Vipiteno host this event creating a sort of “circuit” adush Tyrol CM. The
stands at the CM sell typical local products including food deverage, Christ-
mas decorations, small gifts and presents, and local @sifaAlthough the term
“market” might recall trade and shopping, these eventseittilows of visitors
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mainly interested in the Christmas atmosphere that thegxperience during the
visit (Brida et al., 2013).

TRENTINO-SOUTH TYROL

LOMBARDIA

pY
VENETO
EMILIA-ROMAGNA

Figure 2: Map of theTrentino-South Tyrol region, Northetaiy.

An overall number of 797 Italian visitors of the Merano CM wénterviewed,
both stay—over and same day-visitors, whereas local rgsidere excluded. The
survey was conducted in 2011 during the four weeks of ad¥eomh(30 Novem-
ber to 24 December). The majority (62%) of the visitors wetteriviewed at the
end or during their visit. Interviewees came mainly fromghdioring regions
of Northern Italy covering on average 340 Km (standard d®na215 Km) to
reach Merano: 25.1% from Lombardia, 19.7% from Veneto, 24i@®m Emilia-
Romagna, and 9.73% from Trentino-South Tyrol. Interviewsevheld in the
most visited parts of the CM, mainly (86%) during the weeld-days (from Fri-
day to Sunday) of the four weeks. Most of the interviews (52%j)e conducted
in the afternoon—evening and all of them were collectedrduperiod of good
weather.

The questionnaires of both survey were anonymous anddeliréstered, and
were written in three languages (Italian, German and EnyliBhe two question-
naires have a similar structure and they are divided inteettsections: 1. in-
formation regarding the cultural attraction visited (refgel visiting, factors that
stimulated the visit, authenticity perception, shoppirgenditure); 2. informa-
tion on the trip (the number of nights and the type of accomeatiod, expenditure
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per night for accommodation, expenditure per day for foadl @k, motives of
the trip); 3. socio-demographic and economic characiesisif the interviewees
and their families.

The convenience sampling method (Cochran, 2007) was atl@g¢here was
no sufficient information on the characteristics of visstof the museums and of
the CM in order to apply a probabilistic design. A researadntemember was
present in order to solve questions or doubts that emergemh@imnterviewees.
Interviewers selected only one person per household, weltparty, that passed
through a previously selected spot. In order to encouragpearative behavior,
respondents were informed that the research had exclyse®ntific aims, and
that impartiality in the data analysis was guaranteed.Heuamore, a pilot survey
was carried out to test the questionnaire before condutiimtull survey, in order
to avoid bias related to its structure and wording.

In order to find homogeneous groups of visitors accordindgpéar reasons of
visiting each of these particular cultural attractions, s@eried out two separate
application, running the proposed clustering method oa daliected from both
surveys.

In both applications we considér= 10 medoids an® = 50 bootstrap sam-
ples, resulting in a total of 50 x C) medoids. Several iterations are performed
in order to avoid local optima solutions.

3.1 The case of the MART museum

The questionnaire used in the MART museum asked the resptside¢hey
agreed or not (dichotomous answer) with a set of push fa¢t@tsmotivated
the visit. The set of factors included: satisfying a cutypgicuriosity”), rest-
ing/relaxing (“relax”), a specific interest in such an attran (“interest”), ac-
companying friend/family member with a specific interessuch an attraction
(“friend”), learning something new (“learn”), telling &#hds about the visit (“tell”),
doing something that one ought to do (“do”), contributingteserving this attrac-
tion for future generation (“future”), revisiting this meism (“revisit”), showing
the museum to friends or relatives (“show”), professiorrahcademic reasons
(“work”), doing something worthwhile (“worthwhile”), oagpying some leisure
time (“leisure”), visiting temporary exhibition (“tempary”), seeing the building
(“building”).

Since the segmentation variables are dichotomous, thexnodtcenters was
hierarchically clustered using the Jaccard dissimilanitex, and Ward’s linkage
method.

Results are reported in Figure 3.

The top panel of Figure 3 displays the dendrogram deriveud fitte BC pro-
cedure. The plot under the dendrogram shows the standdrdezghts at which
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each cluster is aggregated (solid line), and the first diffees of these heights
(dashed line). Local peaks in the dashed line drive the seteof the number
of clusters. Indeed, local peaks correspond to the longss&trites between two
consecutive aggregations in the dendrogram.

The peaks in the first differences line suggest that theorsiof the MART
museum can be divided into two groups, of which one contaiyp arsmall part
(27.24%) of the total sample of visitors interviewed, or fgr@ups. In order to
better understanding particular visitors’ behavior, tive ftlusters solution was
taken into consideration in the following analysis.

MART museum

30

25

15

10

N - =y AN

—— Heights
N 2 ---- First diff.

1.0

0.8

0.6

0.4

0.2

0.0

Figure 3: Dendrogram [top panel] and relative heights ofregation (solid line)
and first differences of relative heights (dashed line)tgratpanel].
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In order to better analyze and describe the characterisfitee segments,
the weighted frequency (13) and the normalized weightech&ra entropy (14)
calculated for eack-th segmentation variable and for edeth cluster, are used
(see Table 1). The weights used in our study are the degreembrship of the
touristi to theh-th cluster, derived as explained in Section 2 (see Remasksi2
3).

Table 1: Normalized weighted Shannon entropy, weighteglieacy (%) of value
1in brackets.

Variables | CL1(N=299)] CL2 (N=54) | CL3(N=57) | CL4(N=50) | CL5 (N=131)
curiosity | 0.419 (8.49) | 0.789 (23.63) 0.088 (56.33) 0.986 (43.04) 1.000 (49.94)
relax 0.293 (5.15) | 0.509 (11.32) 0.713 (19.56) 0.999 (51.80) 0.700 (18.94)
interest | 0.601 (85.36) 0.968 (60.47) 0.858 (28.20) 0.996 (53.86) 0.834 (73.52)
friend 0.324 (5.91) | 0.999 (48.38) 0.518 (11.60) 0.528 (11.96) 0.696 (18.73)
learn 0.652 (16.74) 0.662 (17.19) 0.984 (42.47) 0.665 (17.34) 0.924 (33.90)
tell 0.045 (0.49) | 0.092 (1.17) | 0.082 (1.02) | 0.096 (1.23) | 0.113 (1.51)
do 0.578 (13.77) 0.573 (13.57) 0.568 (13.39) 0.480 (10.36) 0.634 (15.98)
future 0.149 (2.13) | 0.210 (3.33) | 0.227 (3.68) | 0.204 (3.19) | 0.281 (4.87)
revisit 0.190 (2.91) | 0.738 (20.82) 0.269 (4.60) | 0.318 (5.77) | 0.369 (7.09)
show 0.142 (2.01) | 0.477 (10.25) 0.229 (3.72) | 0.303 (5.39) | 0.243 (4.01)
work 0.179 (2.70) | 0.279 (4.84) | 0.292 (5.13) | 0.306 (5.46) | 0.376 (7.28)
worthwhile | 0.700 (18.91) 0.604 (14.78) 0.555 (12.91) 0.594 (14.36) 0.873 (29.34)
leisure 0.468 (9.96) | 0.436 (8.99) | 0.468 (9.96) | 0.538 (12.32) 0.517 (11.58)
temporary | 0.195 (96.99) 0.361 (93.12) 0.357 (93.23) 0.404 (91.94) 0.414 (91.67)
building | 0.422 (8.56) | 0.726 (20.19) 0.607 (14.88) 0.668 (17.47) 0.978 (41.33)

Results reported in Table 1 reveal that telling friends atiba visit at the
museum (“tell”) is homogeneously considered not as an itapbpush factor in
any cluster (the normalized Shannon entropy index is ne@rated the weighted
frequencies of value 1 are very low). Therefore this factmesinot allow us to
characterize the segments.

Visitors of cluster 1, the largest group identified, visitté museum mainly
because they are attracted by a specific interest in suchraotan (“interest”)
that probably is the temporary exhibition (“temporary”héfefore, these visitors
have been named “Interested in the exhibition”.

Visitors of cluster 2 could be named “Family” since they tasi the museum
to accompany a friend/family member with a specific interestuch an attraction
(“friend”), therefore they want to show the museum to theah{w”), and because
they have already seen it but they want to revisit (“revjsit”

Visitors of cluster 3 visited the museum mainly for the sakeatisfying a
curiosity (“curiosity”) and learning something new (“ledy. Therefore, these
visitors have been named “Knowledge seeker”.

Cluster 4 regards visitors that mainly want to rest/relagléx”) occupying
some leisure time (“leisure”) so that these visitors havenbeamed “Not inter-
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ested”.

Finally, cluster 5 is composed by visitors who made the asihe museum
mainly because they are attracted by a specific interestimauattraction (“inter-
est”) that probably is the building (“building”). Furtheore, they visited MART
because itis something one ought to do (*do”) and somethorthwhile (“worth-
while”), probably because the highest percentage of pesptecame for profes-
sional or academic reasons are concentrated in this cl{faterk”). Therefore,
these visitors have been named “Interested in the building”

Applying the “classic” BC procedure proposed by Leisch @9® the same
dataset, Brida et al. (2012a) identified 3 clusters. Compgahe results obtained
using the two methodologies, we can observe that the “Kniydeseeker” seg-
ment is identified as a niche segment with both algorithms. aBgpting the
methodology proposed in this paper, the “Interested” griolemtified by Brida
et al. (2012a) is now divided into two groups, with differenttivational needs,
the “Interested in the exhibition” and the “Interested ie thuilding”. The third
segment identified with the classic BC procedure groupdti@aibeople who were
“not” motivated by one of the factors proposed. Using theatgm proposed in
this paper, it is possible to split this heterogeneous gliatgptwo groups with
peculiar characteristics, the “Family” and the “Not intgtesd”.

3.2 The case of the Christmas Market

Items concerning motivations of the visit at the CM asked ltnongly each
respondent agreed with a set of push factors. Each item u&epgomts Lik-
ert scale (qualitative answer in which 1 means “not at alld & means “very
important”). The considered set of items included “shogpirsocialising with
friends and relatives (“socialise”), “relax”, meeting ng@egople (“meet”), do-
ing something different and original (“do”), bringing my n@er/family (“fam-
ily™), supporting a local community initiative (“suppoit’tasting local products—
food and beverages (“taste”), staying in a unique Christatassphere (“atmo-
sphere”), visiting the town centre in Merano (“town”), “nmgrgo-round” for chil-
dren, “train” for children, “pastry shop” for children, ‘&eskating” rink, band—
musical group (“band”).

The segmentation variables were transformed into triargulzzy numbers
(see Remark 1). As mentioned above, the considered vasiakjgess agreement
degree that are vague, since they are the results of swg@atigements. Fuzzy
set theory captures this vagueness and can suitably mehsuraprecision and
errors that can be present in the analysis of visitors etialms (Benitez et al.,
2007).

To this end, the 5-points Likert scale is transformed asttated in Table 2,
where we adopt the recoding proposed by Hung & Yang (2005).
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Table 2: 5—points Likert scale values and their correspumflizzy numbers (cen-
ter, left spread, right spread).

Value | Fuzzy number
X C I r
5 1 025 O
4 0.75 0.25 0.25
3 05 0.25 0.25
2 0.25 0.25 0.25
1 0 0 0.25

The 500 final centres were been hierarchically clustereagusie Yang—Ko
distance (9) and Complete’s linkage method.

Results are displayed in Figures 4 and 5.

Figure 4 is similar to Figure 3 and the peaks suggest that igi®nrs of the
CM can be divided into two groups, one of which is smaller tti@nother con-
taining only 31.24% of the total Italian visitors intervied, or four. In order
to better understanding particular visitors’ behaviogoain this case the “sec-
ond best” solution, with four cluster, is considered. Ghusk is the bigger and
grouped 51.57% of the total visitors; cluster 2 and 4 arelpedrthe same size
(respectively 17.69% and 17.19% of the total visitors)stdu 3 is a niche segment
grouping only 13.55% of the whole sample.

The box-plots in Figure 5 allow us to investigate the weighdestribution of
the segmentation variables per each cluster identified.0Athe case of MART
results, the weights are the membership degrees of eadltttueach cluster.
These graphs allow a better and easier interpretation afethdts. In Figures 6
and 7 are reported the boxplots for the left spread and the sigread, respec-
tively, of the segmentation fuzzy variables, ingy — |, Mg+ r.

For the sake of interpretation, it is important to emphatize the higher the
height of the box (i.e. the Interquartile Range), the srnale homogeneity of
the segment with respect to the variable considered. Thiiesithat segments
are better characterized by those variables presentingligpersion, and that a
strong dispersion within a variable indicates non homougrmé the tourists of
the segment with respect to that characteristic.

Staying in a unique Christmas atmosphere (“atmospheresheeogeneously
recognized as a very important push motivation in visitimg Merano CM, with
the exception of cluster 1 that grouped also people who didcansider very
important this factor. Other very important factors for thajority of the sam-
ple were tasting local food and beverages (“taste”) andingithe town centre
of Merano (“town”). Cluster 1 grouped those that were lessrasted than the
others in “relax” and doing something different and origifido”).
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The overall score assigned to the children’s attractioes, the “merry—go—
round”, the “train”, and the “pastry shop”, allows us to digiuish the clusters into
two types: that in which the travel group included childrelugters 2 and 3), and
that in which the children were more or less absent (the nedes). As regards
to other attractions proposed by the organizers of the GM,the “ice—skating”
and “band”, we can see that cluster 2 grouped the visitore imberested in these
attractions, while cluster 1 included those who are lessr@sted. Therefore, it
Is not surprising that visitors of clusters 2 and 3 considestaying with their
partner/family (“family”) as important when they visit itype of cultural event.
Also the members of cluster 4 gave importance to the familtivabon, but they
probably did the visit only with their partner, due to the Isaore that they gave
to children’s attractions.

The rate assigned to supporting a local community initeattgupport”) and to
the opportunity to “socialise” with friends and relatives &n general very similar
and a positive correlation seems to be. Only the visitordudter 4 considered
socialising as an important factor for the visit unlike sapgmg a local initiative.
Finally, visitors of cluster 4 are the most interested indijgping”, followed by
visitors of cluster 1, while visitors of cluster 1 are thedesterested in visiting
the CM in order to meet new people (“meet”).

Summarizing the results, cluster 1 (the bigger) can be ndiMedCM”, be-
cause it grouped visitors who paid less attention than stteestay in a unique
Christmas atmosphere, relaxing, doing other particulavies during the visit,
meeting new people, using the attractions proposed by tfenarers of the CM.
In fact, it seems that these visitors come for a short anddeded visit in order to
buy some particular products that, maybe, they have alrse€ly before.

Cluster 2, named “Pro activities”, is probably mainly corapd by families
with children enthusiastic in all the activities linked teetChristmas atmosphere
and in all the attractions and opportunities for sociailsatCluster 3 (the niche),
named “Basic”, is probably composed by families with cleldinterested in visit
the CM and the city without a particular interest or disierin one activity.
Cluster 4, named “Shopping”, is mainly composed by couplies wsit the CM
for shopping, i.e. mainly for a commercial reason.

Applying the classic BC to the same dataset, 6 clusters argiftbd (see Brida
et al., 2012b). Comparing the results obtained using themthodologies, we
can observe that in both cases the sample is mainly splithdiepg on the pres-
ence/absence of children into the travel group. The two reagments, the “No
CM” and the “Pro activities”, identified with the classic B@arithm are identi-
fied also with our procedure. Therefore, we can concludetti®amost important
and well distinguished segments of visitors of the Merano &®lidentified with
both methodologies and that, additionally, the proceduop@sed in this paper
allow us to better outline the remaining group of people idging two more
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characterized groups in place of four.

3.3 \Visitors profile

The additional information collected through the surveysewsed to char-
acterize the clusters identified in each procedure in tefns®@@o—demographic

(gender, age, level

of education, origin, occupation) asmhemic (household in-

come, total expenditure per person per night, and expeweditu shopping per

person) variables.

Table 3 reports the complete list ofehwsfiling variables

with a brief description of them.

Table 3: Description of variables used in the econometrideho

Independent variables

Descriptions

First—time visitors

Very satisfied

1 = the interviewee visits for the first—time the culturatattion;
0 = otherwise.

1 =the interviewee is overall very satisfied about the visit;

0 = otherwise.

Socio—demographic and economic characteristics

Male

Age

Age?
University
Married
Italy

Km
Employed
Income

Missing income

1= male; 0= female.

Age of the respondent (continuous).

Squared age of the respondent (continuous).

1 = Education level is university degree or postgraduateptherwise.
1 = Married; O = otherwise.

1= Italy; O = otherwise.

Distance in kilometres between the city of residence anditije

that hosts the cultural attraction visited (continuous).

1= Autonomous worker and employed (full-time or part-tifr@¥ otherwise.
Central value of each income category;

0 = if the respondent does not declare his/her income (cootis).

1 =respondent does not declare his/her income; 0 = otherwise

Expenditure

Total expenditure

Shopping at the museu

Shop not visited
Shopping at the CM

Individual expenditure for accommodation, food and begera
shopping in the shops of the city, pharmacy, tour guide sesvi
other expenditures linked to the visit (excluding expeumditfor
transportation) per night, in Euros (continuous).

T]Individual expenditure at the shop of the museum, in Euros;

0 = respondent does not spend or does not visit the shop ifcauis).

1 =respondent does not visit the shop of the museum;

0 = otherwise.

Individual expenditure at the stands of the CM, in Euros {icwous).

In Tables 4 and 5 are reported the main characteristics altiséers observed,
i.e. the mean values of the continuous variables and theepeges of the cat-

egorical variables.

Note that income is treated as categlpnecoding its value

into four classes, namely: “Missing income”, “025,000", “25,000- 50,000",
“>50,000". Then, the percentage of visitors in each income classdch cluster

is reported.
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For each variable we verify if there are significant diffeses between clusters
with the Chi-square test for the qualitative variablespme included, and with
the ANOVA test for the continuous variable. In the last cofume report the
p-values of the tests.

Some statistically significant dependency emerged betwkesters and the
profiling variables for each case study.

Among the visitors of MART (Table 4), the “Interested in theéhibition” seg-
ment (CL1) was on average older (47 years old), whereas thewkedge seeker”
segment (CL3) was of younger age (39 years old on averagey.“Nat inter-
ested” (CL4) and the “Knowledge seeker” (CL3) reported eesipely the highest
and the lowest percentage of visitors with a University degr more and, proba-
bly linked to this, the highest and the lowest percentagesitors with more than
€50,000 net family income per year. This result, strange amtradictory at first
sight, seems to be a clear signal that confirm the enculturatile assumed by
this museum.

The majority of the “Knowledge seeker” (CL3) and “Intereskia the build-
ing” (CL5) segments are first—time visitors, whereas thaniiig segment (CL2)
is composed, more than the other segments, by “repeatrgisiteinally, the “In-
terested in the exhibition” (CL1) and the “Knowledge se&K€i 3) segments
seemed to be, respectively, the more and less satisfied td@outsit. This result
suggests that the temporary showrooms are attractive ahdxpesed but, at the
same time, the museum should pay more attention to the eatarof its objets
d’art in order to make easier their understanding.

Among the visitors of the Merano CM (Table 5), the “Pro a¢ias” (CL2) and
the “Shopping” (CL4) segments reported respectively theeki and the highest
percentage of visitors with a University degree or more. #seeted, the “Pro
activities” (CL2), followed by the “Basic” (CL3), is comped by the highest
percentage of married people, while the “No CM” (CL1) congathe lowest per-
centage of this kind of visitors.

Visitors grouped in the “No CM” (CL1) segment cover on averégss miles
to reach the Merano CM, reinforcing the idea that theseorsiare less inter-
ested than the others in this event. Regarding the disimibwatf the household
annual net income, we can note that the “Pro activities” (Qur2sent the lowest
percentage of families in the lowest class (up&25,000) and the highest per-
centage of visitors who do not state their family net incofidigsing income”).
Finally, visitors of the “Pro activities” (CL2) and “Shopm” (CL4) segments are
the most satisfied about the CM, while the “No CM” (CL1) are sotsatisfied.
Therefore, the Merano CM seems to be a success both regdhdiragtractions
proposed by the organizers and the quality of stands. Obbljiouisitors who are
not interested in the amusement attractions proposed pstppand Christmas
atmosphere cannot be very satisfied about this kind of event.
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Table 4: Socio—demographic characteristics of the MARTtatis and character-

istics of the visit.

Variables CL1| CL2 CL3 CL4 CL5 | p-value
First—time visitors 40.60| 31.48| 59.65| 40.00| 58.02 ok
Very satisfied 55.85| 51.85| 35.09| 44.00| 50.77 ok
Male (%) 41.14| 51.85, 40.35| 44.00| 50.00| 0.338
Age (mean) 46.83| 4494 38.96| 42.64| 41.12 il
University (%) 83.28| 85.19| 64.91| 90.00| 85.38 ok
Married (%) 58.53| 55.56, 47.37| 54.00| 50.77| 0.432
Italy (%) 94.30| 94.44| 96.49| 92.00| 88.46| 0.183
Km (mear) 201.96| 164.28| 342.42| 384.76| 336.07| 0.126
Employed (%) 67.22| 59.26, 61.40| 76.00| 60.77| 0.245
Income (%) *
025,000 18.39| 20.37| 24.56| 26.00| 17.69
25,0004 50,000 41.14| 35.19, 42.11| 28.00| 40.00

> 50,000 16.72| 25.93| 7.02| 32.00| 22.31

Missing income 23.75| 18.52| 26.32| 14.00| 20.00

Total expenditurerfiean) 14.95| 14.82| 11.96| 11.33| 22.14| 0.131
Shopping at the museurmean?  7.69| 10.44| 6.26 6.59 456 0.524
Shop not visited (%) 33.22| 33.33 35.09| 42.00| 41.22| 0.475

Notes:

Chi-square test was used for qualitative variables androoois variables recoded in classes.
ANOVA test was used in order to test whether the mean valubefjtiantitative variables significantly

differ among the clusters identified.

All test results are not significant unless indicated othsgw
***Significant at p < 0.01, **Significant atp < 0.05, *Significant atp < 0.1.

2 The sub—group of interviewees who have visited the shopeofithseum are taken into account.

25



Table 5: Socio—demographic characteristics of the CMatisiaind characteristics
of the visit.

Variables CL1| CL2 CL3 CL4 | p-value
First—time visitors 64.39| 62.41| 61.11| 72.26| 0.224
Very satisfied 58.64| 71.43| 68.22| 71.32 ok
Male (%) 44.04| 35.46| 41.67| 42.34| 0.364
Age (mean 37.75| 39.24| 38.81| 38.43| 0.448
University (%) 30.66| 20.57| 22.22| 32.85 i
Married (%) 56.10| 85.82| 82.41| 61.31 Frk
Italy (%) — — - - —
Km (mean 315.35| 397.38| 335.14| 361.24 ok
Employed (%) 87.59| 89.36| 84.26| 83.21| 0.369
Income (%) *
025,000 28.71| 14.18| 21.30| 27.01

25,000 50,000 34.06| 43.26| 43.52| 37.23

> 50,000 11.68| 11.35| 12.96| 11.68

Missing income 25.55| 31.21| 22.22| 24.09

Total expenditurerfiear) 58.88| 52.71| 55.88| 61.40| 0.464
Shopping at the CMngear) | 38.00| 53.56| 34.24| 41.12| 0.294

Notes:

Chi-square test was used for qualitative variables andimomis variables recoded in
classes.

ANOVA test was used in order to test whether the mean valuesofjtiantitative variables
significantly differ among the clusters identified.

All test results are not significant unless indicated othssw

***Significant at p < 0.01, **Significant atp < 0.05, *Significant atp < 0.1.

a All the interviewees are Italian.
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The membership of each cluster identified per each surveyanagzed more
in deep using the Multinomial Logit model. With this anakyste can find which
socio-demographic and economic characteristics significanfluence the like-
lihood to be part of one of the groups with respect to a baseaseline, group.

The “Interested in the exhibition” (CL1, MART results) andet“No CM”
(CL1, CM results) were used as baseline respectively in tARM(Table 6) and
the CM models (Table 7). The variables used for these modeldescribed in
Table 3.

MART Multinomial Logit result confirms some findings of the seiptive
analysis discussed above. In particular, with respect e@dbtseline group, we
can note that: the first—time visitors are more likely memslrthe “Knowledge
seeker” (CL3) and of the “Interested in the building” (CL®gsnent; the very
satisfied visitors in the visit less likely are part of the ‘tmedge seeker” (CL3)
and of the “Not interested” (CL4) segment; visitors with gthlevel of education
are less likely members of the “Knowledge seeker” (CL3); tingher the net
family income, the higher the membership to the “Family” @lgroup. The age
of the visitor seems not to significantly influence the mersbigr of one group
instead of another, like the descriptive analysis suggeste

In addition, these empirical results leads to the conctughat the “Family”
(CL2) members are significantly discriminated from the éhaisted in the ex-
hibition” (CL1) group also because they are less likely aotaous workers or
employed (full-time or part-time). “Knowledge seeker” &Land “Not inter-
ested” (CL4) are more likely come from far away and the Italigsitors are more
likely to be part of the “Knowledge seeker” group. Finallyemand visitors not
interested in the shop of the museum more likely are part ef‘titerested in
the building” (CL5) group and, probably connected with #éso variables, the
higher the expenditure on shopping at the museum, the Idveelikely to be a
member of this segment.

Also the CM Multinomial Logit result, like the MART model rek, confirms
some findings of the descriptive analysis discussed aboseedards the socio-
demographic and economic characteristics, we can notehtadtigher the level
of education the lower the likely to be part of the “Pro adies” (CL2) group,
while the higher the distance (“*Km”) the higher the likelytie part of this group.
The positive relationship between the distance from theeptaf residence and
interest in all the activities proposed by the organizerthefCM, and linked to
the Christmas atmosphere, can be easily explain sinc@rgsibming from far
places made a long trip for something they considered wdrilbvand precious.

Visitors who did not state their family income level are sfgantly more
likely to be a member of the “Pro activities” (CL2) cluster.aNiied visitors are
more probably grouped in the “Pro activities” (CL2) and “B4gCL3) groups,
confirming that we have mentioned before (see paragraphT2)higher the age
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Table 6: Multinomial Logit coefficients for the MART survey.

CL2 CL3 CL4 CL5

Variables Family Knowledge Not Interested

seeker interested in the building
First—time visitors -0.419 (0.31) 0.602 (0.33)* -0.068 (0.34) 0.502 (0.23)**
Very satisfied -0.241 (0.31) |-0.884 (0.32)*** |-0.555 (0.32)* -0.273 (0.22)
Socio—demographic and economic characteristics
Male 0.487 (0.31) 0.088 (0.31) 0.163 (0.33) 0.502 (0.23)**
Age 0.029 (0.08) | -0.040 (0.08) -0.131 (0.10) -0.058 (0.06)
Ag€? -0.001 (0.01)|-0.001  0.01) 0.001 (0.01) 0.001 ( 0.01)
University 0.084 (0.43) |-0.908 (0.37)** 0.677 (0.50) 0.307 (0.32)
Married -0.020 (0.35) 0.127 (0.38) -0.064 (0.37) 0.009 (0.27)
Km -0.001 0.01)| 0.001 (0.01)** | 0.001 (0.01)** | 0.001  0.01)
Italy -0.613 (0.83) 1.822 (0.98)* 0.125 (0.84) -0.358 (0.45)
Employed -0.742 (0.42)* | -0.14 (0.41) 0.601 (0.52) -0.408 (0.32)
Income 0.015 (0.01)**| -0.001 (0.01) 0.01 (0.01) 0.004 (0.01)
Missing income 0.227 (0.52) |-0.303 (0.59) -0.307 (0.55) -0.288 (0.35)
Expenditure
Total expenditure 0.001 (0.01) |-0.003 (0.01) -0.01 (0.01) 0.004 0.01)
Shopping at the museum-0.025 (0.03) 0.006 (0.03) -0.012 (0.02) -0.054 (0.02)**
Shop not visited 0.179 (0.35) 0.254 (0.36) 0.548 (0.34) 0.706 (0.25)***
Constant -1.259 (2.01) |-0.936 (1.68) 0.19 (2.13) 0.798 (1.23)

Notes:

Base: CL1 = “Interested in the exhibition”.
Robust Std. Err. in brackets. All test results are not sigaift unless indicated otherwise:
***Significant at p < 0.01, **Significant atp < 0.05, *Significant atp < 0.1
N = 587; Waldy?(60) = 115.32; Prob- x2 = 0.00; Pseud®& = 0.0769; McFadden®? = 0.077;
Cox & SnellR? = 0.186; Nagelkerk&? = 0.199.
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of the visitors (“Age”) the lower (less than proportional Age?”) the probability
of being members of “No CM” (CL1) cluster. This means thatelders are more
interested in the Christmas atmosphere and in shoppingliearounger. Finally,
autonomous and employed are significantly less likely to Ineeanber of “No
CM” cluster.

As regards the expenditure behavior, only the total expgeralievel signif-
icantly affect the membership to one of the group identifiéa particular, the
higher the level of money spent for the trip, in general, thvedr the likely to be
part of the “Pro activities” (CL2) group. This negative itada reinforce the idea
that the visitors belonging in this cluster are interestedaing and living fully
the experience at the CM, tasting everything that is offered but, probably,
quickly.

In conclusion, the results confirm that the “No CM” are theslsatisfied in the
visit at the CM, probably because they are not interested in i

Table 7: Multinomial Logit coefficients for the CM survey.

Variables CL? " CLS_ CL4.
Pro activities Basic Shopping

First—time visitors -0.277 (0.24) -0.152 (0.26) 0.244 (0.23)
Very satisfied 0.468 (0.26)* 0.523 (0.26)** 0.463 (0.24)**
Socio—demographic and economic characteristics
Male -0.246 (0.25) -0.052 (0.25) -0.14 (0.23)
Age 0.799 (0.15)*** 0.444 (0.12)*** 0.131 (0.07)*
Agé? -0.010 & 0.01)*** | -0.005  0.01)*** | -0.002 ( 0.01)*
University -0.463 (0.27)* -0.348 (0.30) 0.181 (0.24)
Married 1.059 (0.29)*** 0.924 (0.31)*** 0.148 (0.26)
Km 0.002 0.01)*** | 0.001 (0.01) 0.001 0.01)
Employed -0.912 (0.40)** -1.389 (0.38)*** -0.919 (0.35)***
Income 0.001 0.01) 0.001 0.01) -0.001 0.01)
Missing income 0.712 (0.34)** 0.154 (0.37) -0.081 (0.32)
Expenditure
Total expenditure -0.007 0.01)** |-0.002 0.01) -0.001 0.01)
Shopping atthe CM  0.001 ( 0.01) -0.003 k 0.01) 0.001 0.01)
Constant -16.892 (2.94)*** | -9.449 (2.23)*** -3.512 (1.32)***

Notes:

Base: CL1 ="“No CM".
Robust Std. Err. in brackets. All test results are not sigaift unless indicated otherwise:
***Significant at p < 0.01, **Significant atp < 0.05, *Significant atp < 0.1

N = 587; Waldx?(60) = 115.32; Prob> x? = 0.00; Pseud®&? = 0.0769; McFadden®? = 0.077;
Cox & SnellR? = 0.186; Nagelkerk&? = 0.199.
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4 Conclusions

In this paper we propose a clustering method based on theyitgig(boot-
strap aggregating) procedure. Bagging procedure is rézedito enhance stabil-
ity of results and classification accuracy (Breiman, 1996).

Building on the BC method proposed by Leisch (1999), we maesaf the
FuzzyC-Medoids Clustering (FCMdC) algorithm in the partitionipase of the
procedure. Once the hierarchical phase, which is carriedrothe medoids iden-
tified, is completed, we attribute each unit to a cluster dase the maximum
degree of membership to a particular medoid.

The proposed method inherits the properties of the oridg#@amethod:

1. the a priori definition of the number of clusters is not rieeg

2. classification results are more stable than those obtamdre traditional
partitioning methods.

In addition, the fuzzy clustering approach allows for a nfarible allocation
of units to each cluster. Indeed, some units can be fuzzgatkal to more than one
cluster, if their characteristics are compatible with thefite of different clusters,
a situation that cannot be detected with crisp clusterinthote

Finally, the partitioning around medoids procedure alldavsdentify proto-
types belonging to the considered dataset, that synthészstructural informa-
tion of each cluster (medoids). In many cases, dealing woeoved units rather
than with virtual units (centroids) could be suitable foe tinterpretation of the
results.

To illustrate the main features of the proposed method, weeckhout two
applicative examples. The data collected through two stsreenducted among
the visitors of two different cultural attractions locatedhe Trentino-South Ty-
rol region (ltaly) were used. In both cases, the motivatioingsit were used as
segmentation variables. The first application is based ameeyg conducted from
June to September 2011 at the Museum of Modern and Conterggatashort-
ened to “MART”) in Rovereto (Trento province, Italy), witlade—to-face inter-
views submitted to 591 visitors. For this application thgrenting variables are
dichotomous, therefore the dissimilarity measure adopgsithe Jaccard dissim-
ilarity index, and to analyze the empirical distributioreafch segmenting variable
among the clusters identified we make use of the normalizeghtesl Shannon
entropy index.

The second applicative examples is carried out on data freureey con-
ducted during the Christmas Market (“CM”) placed in MeraBolzano province,
Italy) during the four weeks of Advent (from 30 November to Récember),
2011. The face—to—face interviews submitted to 797 Itatesiors included
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mainly Likert scale—based questions. To take into accdumtiritrinsic vague-
ness of the answers, the variables were transformed inty ftariables. Then we
make use of the Yang—Ko distance to detect the dissimilagtyeen units, and
the distribution of the segmenting variables is represkni@ weighted boxplot.

In both cases, the weights are given by the membership de§ezeh unit to
a specific cluster. In this way the fuzzy allocation of thetsimg explicitly taken
into account.

The visitors of the MART museum were grouped into five clust@mong
which three could be considered as niche segments. The ggeibclusters iden-
tified are composed by visitors who are interested in the tearg exhibition
proposed by the museum (CL1, “Interested in the exhibidiamd in the building
(CL5, “Interested in the building”). The three niche segiseare composed by:
visitors who made the visit to accompany a friend/family nbem(CL2, “Fam-
ily™); visitors who want to learn something new and satisfgwiosity (CL3,
“Knowledge seeker”); visitors who are not interested in ¥t but who want
simply to rest/relax or occupying some leisure time (CL4¢tMterested”). The
results suggest that MART museum must driving its promaii@md marketing
efforts to attract mainly the “Knowledge seeker” visitorBhe members of this
group are more probably first-time visitors, less satisfretthe visit than the other
visitors, less educated and younger than the other visitmg they came from
far away, while remaining in Italy. So that, appropriate keding strategies must
be adopted in order to increase the visitors’ satisfactiotne visit, encouraging
these visitors to repeat the visit in the future.

The Italian visitors of the Merano CM were grouped into folusters among
which one could be considered as a niche segment (CL3, “Bagitso for this
kind of cultural attraction, one group of visitors less netgted in the visit emerged
(CL1, “No CM"). The results suggest that the visitors instesl in the activities
proposed by the organisers, or in shopping, are more sdtisfibe visit than the
“No CM” members. Furthermore, the higher the age the lowemttobability to
being members of “No CM” group, i.e. the higher the age thénéighe interest
in the Christmas atmosphere and in shopping. Since the “N& GNhe big-
ger segment identify, grouping more than the half of the daymew marketing
strategies must be created in order to capture these gisitat to develop their
loyalty to this kind of cultural event.

In future, we will investigate Bagged clustering-basedsegtation methods
for complex informational structures, i.e. for temporatlér spatial information.
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