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Abstract
The investigation of tourism movement is fundamental for effective attraction and destination manage-

ment. In particular, understanding patterns of movement to differentiate tourists according to their con-

sumption of space and time has marketing and managerial implications. This paper uses a combination of

mobile data, information about points of interest, and geographical data to investigate the movement of

2.95 million international visitors in Tuscany. The findings identify four types of international visitors

according to their movement patterns and explore the differences between them and highlighting the

consequential theoretical and practical importance of these differences for destination management

and marketing. The paper also adds to the growing discussion on the use of mobile data, particularly

its combined use with other data sources in the study of spatiotemporal behavior of tourists.
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Introduction
Movement constitutes a key aspect of tourists’
behavior. Understanding how tourists move to
reach and travel within a destination is crucial for
tourism decision-makers for two main reasons.
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Firstly, it informs infrastructure and service plan-
ning decisions. Detailed information concerning
tourist movement can facilitate the creation and
refinement of tourist attractions and products
(Lew and McKercher, 2006; Shoval and
Isaacson, 2007; Vu et al., 2015) as well as of trans-
portation systems, visitor information services,
and way-finding systems (Edwards and Griffin,
2013). Secondly, it can allow more efficient and
effective marketing efforts (Lew and McKercher,
2006) by helping tourism organizations to identify
relevant market segments based on movement pat-
terns and accordingly develop more targeted mar-
keting strategies (Xia et al., 2010).

In recent decades, a multiplicity of scholarly
efforts has been invested in deciphering tourist
movement using a variety of methods and data
sources (Caldeira and Kastenholz, 2018; Cheng
et al., 2023; Park and Zhong, 2022; Park et al.,
2023; Versichele et al., 2014). The rapid techno-
logical developments have led to the widespread
availability of tracking technologies (Shoval and
Ahas, 2016), resulting in a shift from the use of
surveys to the more advanced data sources includ-
ing geotagged data, sensor data and mobile data.
In addition, the drastic expansion of big data and
technology to store and process the data, including
machine learning, pattern recognition, and its use
for research purposes, has created opportunities
for new insight into tourists’ behavior (Miah
et al., 2017). At the same time, tourist segmenta-
tion has expanded with an increasing number of
measures and sophisticated analytical techniques
being employed (McKercher et al., 2023b).

These technological advances have enabledmore
feasible investigations of the tourism movement,
prompting further investigations on the topic.
While previous studies have predominantly com-
pared groups of tourists based on socio-demographic
or trip-related factors, more recent academic endea-
vors have shifted towardposterior or data-driven seg-
mentation using passively collected tourism
movements or large volumes of user-generated and
destination-related data (Hernandez et al., 2018;
Park et al., 2023; Yu et al., 2023). Although these
studies are methodologically advanced, they often
rely on a single data source, providing valuable yet
limited information on the destination. Integrating
different data sources has been recognized to gener-
ate greater theoretical and practical insights (Alaei
et al., 2019).

This paper contributes to this discussion by
exploring the spatiotemporal behavior of inter-
national visitors based on a combination of
mobile data, landscape data, and points of interest.

It analyses a dataset with 40 features, including
spatiotemporal characteristics and nationality,
from the behavior of 2.95 million foreign visitors
across 273 municipalities and 792 tourist attrac-
tions in Tuscany, Italy. In doing so, the paper seg-
ments visitors based on their spatial distribution,
movement patterns, and types of locations,
visited. This combination of data sources strength-
ens the quality of the analysis and presents practical
opportunities for destination managers to under-
stand the movement patterns of tourists which can
lead to more effective segmented marketing.

Background

Tourist movement and segmentation
Studying how tourists move through space and
time is a crucial element of understanding tourist
behavior (McKercher et al., 2023b). Such an inves-
tigation can be conducted at both a macro- and
micro-level: macro-scale or inter-destination
movements refer to the movements from tourists’
original destination to one or more destinations
(Dejbakhsh et al., 2011) and typically entail wide
distances; micro-scale or intra-destination move-
ments include the movements within a destination,
including, for instance, movement between points
of interest and activities (Lau and McKercher,
2006; McKercher and Lau, 2008; Xia et al.,
2005). Understanding both levels is significant for
managing destinations (Dejbakhsh et al., 2011).
In fact, the study of macro-scale movements has
been recognized as useful in conceptualizing
micro-scale movements (Lau and McKercher,
2006).

The exploration of the topic of tourist movement,
or as often referred to tourist mobility or spatio-
temporal behavior has evolved significantly in the
last two decades. Critical reviews on the topic
(Chen et al., 2024; Shoval and Ahas, 2016) have
highlighted the increase in sophistication, scope
and depth of investigations. Initially, studies relied
on self-reported movement and direct observation
and slowly broadened to include a variety of data
sources including GPS, Bluetooth, geotagged
social media data and mobile data. Topics explored
in this area now cover a wide range of areas includ-
ing identifying hotspots (East et al., 2017; Shoval,
2008) factors influencing behavior (Barros et al.
2020), trends and patterns of movement (Payntar
et al. 2021), attraction clustering (Han et al., 2021;
Zhou and Chen, 2023) and predicting tourist move-
ment patterns (Jiang et al., 2021).
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Overall, the expanding body of knowledge on
the topic highlights that tourist consumption of
space and time is far from uniform. Spatially,
there are hot spots in destinations, usually
around key attractions, where tourists tend to
concentrate (Shoval, 2008); even within a par-
ticular attraction, there are zones receiving a con-
siderably higher number of visitors compared to
others (East et al., 2017). Furthermore, locations
within attractions or destinations that are similar
with respect to visitor numbers are often different
in the order in which they are visited (Orellana
et al., 2012). In terms of time, destinations and
attractions can witness peak numbers on a par-
ticular day of the week or time of day (Li et al.,
2010; Versichele et al., 2014).

Besides the recognition of the heterogeneous
distribution of tourists in space and time, there
have also been suggestions that several factors
affect spatiotemporal behavior. Scholars have
attempted to explore how origin of tourists
(Barros et al., 2020; De Cantis et al., 2016; East
et al., 2017; Md Khairi et al., 2018), length of
stay (Md Khairi et al., 2018), visitor experience
(Lau and McKercher, 2006; McKercher et al.,
2012; Md Khairi et al., 2018), group type and/
or size (East et al., 2017; Md Khairi et al.,
2018; Zhao et al., 2018), annual income (De
Cantis et al., 2016) and motivation (McKercher
et al., 2019) affect the way tourists explore desti-
nations. Md Khairi et al. (2018) discovered that
the origin of tourists influences the way space is
utilized: tourists from Europe and Oceania tend
to favor primary destinations like historical
sites, whereas Asian visitors are more interested
in secondary locations such as shopping areas.

With regard to length of stay, Md Khairi et al.
(2018) found that tourists who stayed fewer days
visited more attractions on average than those
who had longer stays. Similar findings were dis-
cussed by (McKercher et al., 2019), who con-
firmed that visitors with longer stays tend to
keep their visits to single attractions, and those
with shorter stays tend to concentrate on centrally
located iconic sites. Interestingly, the authors
found that short- and long-duration stays
involved a narrower exploration of the destin-
ation when compared to middle-duration trips.
In a different study, McKercher and Lau (2008)
found that tourists with longer stays have a
higher likelihood of repeating patterns of
movement.

Experience with the destination or attraction
have also been discussed to affect spatiotemporal
patterns. Repeat visitors often exhibit more

dispersed spatial patterns while first-time visitors
tend to focus on downtown areas and traveling
mainly by foot (Lau and McKercher, 2006). In
addition, first-time visitors typically move con-
tinuously throughout the day, focusing on
iconic attractions, whereas repeat visitors show
more sporadic patterns and visit fewer, often sec-
ondary, attractions (McKercher et al., 2012).
Other studies, however, found no major differ-
ence between first-time visitors and destination
connoisseurs (De Cantis et al., 2016).

Finally, group type and size also have been
suggested to affect spatiotemporal behavior to a
limited extent. Zhao et al. (2018) concluded that
as party size increases, spatial dispersion
decreases. East et al. (2017), on the other hand,
found that party size positively affected the
length of stay in the attraction visited. The same
study has also shown that the presence of children
in the travel party also affected the length and dis-
persion of visitors.

In addition to these efforts of comparing the
behavior of different types of tourists based on
socio-demographic or trip characteristics, there
have also been various attempts to differentiate
distinct types of visitors according to their
actual spatiotemporal behavior. For instance,
Kuusik et al. (2011) looked at destination
loyalty and proposed a simple classification
model for repeat visitors by segmenting visitors
based on the number and type of repeat visits to
a particular country using call data records.
Versichele et al. (2014) identified five different
segments based on the types of attractions
visited. In the context of cruise tourism, De
Cantis et al. (2016) classified tourists based on
different itinerary attributes, including length of
tour, number of visited attractions, spatial disper-
sion, and the average speed, and identified seven
different groups with distinct broad patterns of
activity. In addition, Xia et al. (2010) segmented
tourists based on dominant movement patterns to
assist package development.

While significant insights have been drawn
from these attempts at movement data-driven
segmentation, there is a great need to further
understand different patterns of movement. Not
only the existing knowledge superficial (Md
Khairi et al., 2018), but also various studies
have acknowledged their limited sample in
terms of individuals, the time frame of tracking
data (Versichele et al., 2014; Xia et al., 2010)
or spatial dimensions of the tracked study area
and highlighted the need for larger scale studies
covering larger areas and for longer periods of
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time (Orellana et al., 2012). There have also been
further calls to examine movement patterns by
different tourism segments and using combined
data sources (McKercher et al., 2012). Such seg-
ments can be defined in various ways, including
demographically, psychographically, motiv-
ational, or by special interest (McKercher et al.,
2012), but also by the actual behavior. In fact,
clustering methods have been suggested to
advance knowledge on spatiotemporal move-
ments (Versichele et al., 2014). These can be
used to create effective destination marketing
strategies and to develop new services and pro-
ducts for various visitor segments.

Context, data, and methods

Context
Tuscany is Italy’s second top tourist region and
one of the top 20 most visited regions within the
European Union (Eurostat, 2017). With more
than 44 million overnight stays, tourism makes a
significant economic contribution to the region,
generating an estimated 6.5% of its GDP and
employing 10% of its workforce (Toscana
Promozione Turistica, 2016). The region’s main
cities, Florence and Pisa, drive most of the
region’s demand for tourism with their extensive
historical and cultural heritage (Popp, 2012).
Rural tourism is also popular given its natural
landscape (Ferrari et al., 2016; Randelli et al.,
2014) in addition to its famous food and wine
offer (Bertella, 2011; Getz and Brown, 2006). A
key competitive strength of the region is the het-
erogeneity in both supply and demand of
tourism (Toscana Promozione Turistica, 2016).
The broad range of attractions and experiences
on offer provide numerous reasons to visit. This
diversity coupled with the well-established reputa-
tion of the region as a major destination and the
presence of visitors from various backgrounds
make it a well-suited choice for investigating dif-
ferent visitor mobility profiles.

Data sources and collection
Three data sources were integrated in this study:
mobile data, points of interest (PoI) specific to
Tuscany, and geospatial data from an open-source
geographic information system. Mobile data
included a dataset provided by a European mobile
network operator. The dataset included pre-
processed logs of anonymized signaling traces of
mobile devices with foreign SIM cards connected

to the operator’s infrastructure in Italy between
May 2017 and February 2018. While data collec-
tion dates to pre-COVID-19 times, understanding
visitor movement pre-pandemic remains crucial.
Research has highlighted short-term changes in
the preferences and patterns of visitors after the dif-
ferent outbreaks (Yu et al., 2023), but it also high-
lighted revenge tourism has led to the rapid
recovery of tourism and to travel intentions and
habits similar to pre-pandemic periods (Hamad
et al., 2024; Zhao and Liu, 2023).

For the purpose of this study, only data relevant
to Tuscany were analyzed. Figure 1(a) illustrates
the distribution of all mobile cell towers deployed
by the operator within the region. By filtering the
dataset to only include devices that connected to a
cell tower in Tuscany at least once during the
10-month period, we identified unique mobile
phones, referred to hereafter as visitors.

Each visitor’s dataset comprised multiple signal-
ing events, each including: a random unique code
representing each mobile phone, a timestamp with
the date and time, the geo-coordinates of the con-
nected cell tower, and SIM card’s country of
origin. The granularity of this data varied, with
minute-level resolution when a visitor’s location
changed (i.e., switching towers) and hourly reso-
lution when stationary (i.e., consistent connection
to a single tower). In total, the dataset contained 3.3
billion signaling events from 9.6 million visitors.

Secondly, data regarding the tourist attractions or
points of interest of Tuscany was collected from
Visit Tuscany, the region’s official tourism
website,whichmaintains afilterable online database
of points of interest. In total, information from 792
tourist attractions was collected, including their
names, categories (e.g., historical sites, museums,
etc.), and geo-coordinates. Finally, the open-source
geospatial information from DIVA-GIS was also
collected. DIVA-GIS (Hijmans et al., 2012) is an
open-source software program that allows for the
analysis and visualization of geographical data.
The downloaded information contained ESRI sha-
pefiles of the Tuscany region indicating one of five
terrain types: forest, park, inland water, riverbank,
and coastal areas. This type of datawas incorporated
with the aim of adding an extra layer of information
regarding the natural/geographical characteristics of
the region.

Preprocessing
The initial mobile positioning dataset was subjected
to various preprocessing procedures to ensure the
veracity and validity of data for this study.
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First, a set of atypical behaviors were identi-
fied and removed from the dataset. Such beha-
viors included situations when a visitor spent
less than one hour in Tuscany, had no registered
movement, simply crossed the Tuscany region
without engaging in any location or spent more
than one month in Tuscany. As a result of this
data cleaning process, 746,361 individuals were
removed.

Second, visitors’ locations were aggregated on
two levels. The first entailed applying the
Voronoi tessellation technique, in which the
Tuscany region was divided into areas that
represent approximated coverage of the cell
towers, creating a Voronoi diagram (Gonzalez
et al., 2008). Each resulting area is a convex
polygon containing one centroid as the location
of a cell tower. In other words, each Voronoi
cell represents the entire potential area of the

actual location of a tourist when the signaling
event is linked with a particular cell tower.
Figure 1(b) shows the region partitioned by the
cell area, with each node corresponding to a
cell tower and the lines representing its reception
area. This more granular level of location aggre-
gation enables a better understanding of the
crowd dynamics over time.

Additionally, to further characterize the area,
Voronoi cells were merged with the geographic
area of POIs and terrain types data, as shown in
Figure 1(c). For each Voronoi cell, a set of
metrics was calculated: the number of attractions
and whether an area is within the forest, inland
water, river, natural parks, and coastal areas, or
in any of the major Tuscan cities (Arezzo,
Florence, Livorno, Lucca, Pisa, Pistoia, and
Siena), as illustrated in Figure 1(d). Next, add-
itional variables were created using each visitor’s

Figure 1. Geospatial representation of Tuscany region constructed from location data of cell towers, PoI and

shapefiles.
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spatial coordinates (latitudes and longitudes) over
the trip. These variables included the coordinates
information about the first, last, and top locations
and the average coordinates weighted by the dur-
ation of visits. This process identified 643,276
tourists who focused their trips outside Tuscany,
that is, their average coordinates located beyond
the geographic bounds of Tuscany, and were,
therefore, removed from the sample.

The result of the multiple preprocessing was a
dataset with approximately 5.55 million foreign
visitors. Additionally, due to the computational
complexity of dealing with this size of data, a
subset of the cleaned dataset was created by
selecting the top 6 nationalities represented:
Germany, United States, France, United
Kingdom, Netherlands, and China. This final
dataset contained 2.95 million foreign visitors.

Finally, a list of features was generated by
aggregating the signaling data at the individual
level to characterize each visitor. Table 1 shows
the details of each feature that was used to
describe different aspects of tourists’ behavior,
such as duration spent in Tuscany, number of
connected cell towers, duration spent in different
types of landscape types and cities, and summar-
ized spatial coordinates, respectively.

Cluster analysis
Cluster analysis was used to group visitors into
homogeneous segments based on their spatio-
temporal behavior (for a general overview of
tourism market segmentation, see e.g., Dolnicar,
2002). Given the large volume and variety of data
extracted from different data sources, the
K-Means algorithm was employed as the effective
clustering method to identify homogeneous clus-
ters of visitors (Mazanec, 1984). In particular, a
variant of the K-means algorithm—MiniBatch
K-Means—was used. This alternative was chosen
because it reduces computational time by using
mini-batcheswhile still optimizing the sameobject-
ive function (Sculley, 2010). Accordingly, instead
of loading the whole set of input data at each iter-
ation, samples are drawn randomly from the
dataset to form a mini-batch and assigned to the
nearest centroid. Then, the assigned centroid is
updated for each sample in the mini-batch. Lastly,
the features were standardized by transforming
them to have a mean of 0 and a standard deviation
of 1. This step enables the set of mixed features at
different scales to be comparable and thus helps
in generating more homogeneous clusters.

A necessary step before running the K-means
algorithm on data is to determine the optimal
number of clusters. Admittedly, K-means algo-
rithm with varying K would yield different
numbers of clusters, which may affect how tourist
spatiotemporal behavior is segmented. The
process of v-fold cross-validation was employed
to identify the best number of clusters (Nisbet
et al., 2009). The optimal number of clusters was
observed to be either 4 or 9. The number of clusters
was set to 4, a decision thatwas tested andvalidated
by the regional tourism organization.

Post hoc analysis
Post hoc analysis of clustering results was con-
ducted to understand which features exhibit dis-
criminative power to segment tourists. Provost
and Fawcett (2013: 179) suggestedmixing a super-
visedmachine learning approach with clustering to
generate cluster descriptions automatically. In this
study, the random forests model was leveraged to
derive the rules ofwhy each tourist belongs to a par-
ticular segment through segment classification.
Compared to existing literature where we find the
use of decision tree models for tourismmarket seg-
mentation (Chung et al., 2004; Kim et al., 2011;
Legoherela et al., 2015), the random forests
model is less prone to overfitting the data while
still generating reasonable explanations.

As interpreting random forests is traditionally
considered to be infeasible given its complex
ensemble structure, a novel interpretation method
SHAP (SHapley Additive exPlanations) was
employed to explain the model prediction by com-
puting the contribution of each feature (Lundberg
andLee, 2017). It calculates Shapley values for fea-
tures and represents explanations as an additive
attribution method. For example, the SHAP
feature importance averaged the absolute Shapley
values per feature, and thus, features with large
absolute Shapley values are important. The model
was fine-tuned by selecting hyperparameters to
optimize prediction accuracy through the n-fold
cross-validation randomized search procedure (n
is set to 5). The resulting model used 500 decision
trees, with each tree growing up to the depth of 80,
and achieved 97.3% prediction accuracy.

Results

Descriptive statistics
The final dataset for this study included 40 fea-
tures (6 nationalities, 4 periods, and 30
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spatiotemporal characteristics) derived from the
spatiotemporal behavior of 2.95 million foreign
visitors across 273 municipalities and 792
tourist attractions. The distribution of country of
origin included Germany (25.1%), United States
(19.8%), France (16.4%), United Kingdom
(15.1%), Netherlands (14%), and China (9.7%).
The average duration of visit to Tuscany was 5
days with 21% of visitors staying up to one day,
45% between 1 and 5 days, 15% between 6 and
10 days, and the remaining 19%more than 14 days.

The temporal distribution of these visits reveals
expected seasonality, with a surge in visitor
numbers during the summer months. Figure 2
shows how visitor numbers varied across the
10-month period according to country of origin.
Interestingly, it was noticed that the visitor distribu-
tion differs by market. For instance, August
emerges as the favored month for visitors from
Germany, France, and theUnitedKingdom. In con-
trast, July attracts visitors from the Netherlands and
China, while June is the preferred choice for visitors
from theUnitedStates.The intensity anddurationof
these peaks also vary. French and Dutch visitors
exhibit a sharp peak in August and July, with a sig-
nificant drop in numbers in the adjacent months.
German and United Kingdom’s visitors, however,
spread their visits from June to September, resulting
in a more extended peak. Chinese tourists present a
more uniform distribution across the 10 months.

Florence, unsurprisingly, mirrors the broader
regional trends. Figure 3 illustrates the pronounced
seasonality in Florence’s tourist numbers. The
summer months see a spike in visitors, which
drops sharply during the colder months. An inter-
esting pattern emerges when comparing the pro-
portion of tourists in Florence to the rest of
Tuscany. During summer, a larger fraction of tour-
ists ventures beyond Florence, exploring the
broader region. In contrast, the off-peak season
sees a concentration of tourists in Florence, sug-
gesting a more limited exploration of Tuscany.

K-means clustering
The cluster analysis segmented visitors into four
distinct groups: “Florence Visitors,” “Coast
Lovers,” “Fast Trippers,” and “Explorers.” Each
group was characterized by the average attributes
of its members, known as the centroid of the
cluster, as shown in Table 2. These average attri-
butes are interpreted as the representative spatio-
temporal behavior of each cluster. Figure 4
visualizes the average locations of the top 0.5%

of visitors proximate to the centroid of each
cluster, underscoring distinct mobility patterns.

The “Florence Visitors” cluster represents
approximately 40% of the sample. These visitors
typically have the shortest average stay in
Tuscany, at 3.9 days. As suggested by their des-
ignation, their primary focus is Florence, where
they spend 40% of their time in the region, with
a few additional hours in Siena. The predominant
nationalities within this cluster are the United
States, accounting for 27%, followed by the
United Kingdom at 19%.

“Coast Lovers,” make up 28% of visitors.
They stay in Tuscany an average of 5.8 days
and they exhibit a preference for visiting fewer
locations in proportion to their stay. The cluster’s
name stems from its members’ pronounced
inclination toward the coastal areas. They spend
a considerable amount of time in Livorno and
Pisa, with brief visits to Lucca and Florence.
This cluster has a high representation of visitors
from Germany (40.8%) and France (19.6%).

“Fast Trippers,” account for 21% of the
sample. Their duration of stay mirrors that of
the “Florence Visitors” at 3.9 days, but their
spatial preferences diverge. “Fast Trippers” allo-
cate more time to coastal areas and comparatively
less to Florence. The capital of the region is still
their most frequented destination, but additional
short visits are made to Arezzo and Siena. The
primary countries of origin for this cluster are
China (25.6%) and the United States (22.9%).

“Explorers” represent 11% of visitors and are
characterized by a proclivity for extended stays in
the region, averaging 9.4 days. They exhibit a
comprehensive exploration pattern, traversing
various cities and attractions, coupled with sig-
nificant coastal visits. Although they frequent
all major Tuscan cities, the proportion of time
spent in each is relatively reduced. Pisa, Siena,
and Lucca emerge as their preferred destinations.
Most “Explorers” are from Germany (34%) and
France (20.6%). Notably, they predominantly
visit during the summer, as 58% of this cluster’s
members are summer visitors.

Table 3 details the distribution of the top six
nationalities across the four segments and their sea-
sonal visitation patterns. The clustering results
highlight the nuanced behaviors of tourists from
different countries regarding their Tuscany
tourism preferences. For instance, German and
French tourists predominantly belong to the Coast
Lovers and Explorers segments. In contrast, tour-
ists from the United States and China are more
prevalent in Florence Visitors and Fast Trippers
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segments. Tourists from the United Kingdom pre-
dominantly align with cluster Florence Visitors,
while those from the Netherlands are more asso-
ciated with Explorers. Meanwhile, seasonal varia-
tions also influence mobility patterns. For
instance, tourists visiting Tuscany during the low
season,mid-season, and high season are predomin-
antly represented in Florence Visitors, whereas
peak season visitors are more aligned with
Explorers.

Post hoc analysis
Figure 5 presents the top 10 discriminative fea-
tures for each segment, as derived from
the SHAP model. These are ranked based on
their importance and the warmth (or coldness) of
each feature’s color signifies its high (or low)
level.

• Florence Visitors (see Figure 5(a)): As
anticipated, this segment tends to allocate
more time to Florence. Their spatial
behavior leans toward visiting areas with
higher latitudes and longitudes in north-
eastern Tuscany. Demographically, they

predominantly hail from the United
States, with a noticeably reduced represen-
tation from Germany.

• Coast Lovers (see Figure 5(b)): This
segment presents a contrasting spatio-
temporal behavior compared to the
Florence Visitors. Their visits are concen-
trated in areas with lower latitudes and
longitudes, pointing toward southwestern
Tuscany. Interestingly, they are more
likely to originate from Germany and
less so from the United States. Their
travel pattern suggests a preference for
staying in a limited number of locations
rather than extensively touring Tuscany.

• Fast Trippers (see Figure 5(c)): This
segment is characterized by their visits to
areas with lower latitudes but higher long-
itudes, gravitating toward southeastern
Tuscany. Their stays in Florence are
notably shorter in comparison to other
segments.

• Explorers (see Figure 5(d)): This adven-
turous group exhibits a tendency to
explore a plethora of locations, not just
within Tuscany but also throughout Italy.

Figure 2. Number of visitors from top six nationalities.
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Their spatial behavior is marked by visits
to areas with higher latitudes. It’s note-
worthy that both the Fast Trippers and
the Explorers have a diminished likeli-
hood of being from the United States.

Discussion
The investigation of tourists’ spatiotemporal
behavior using a combination of three types of
data has revealed several significant findings.
First, the results of the study highlight the
diverse exploration patterns of international visi-
tors to Tuscany. The four clusters identified
represent distinct behaviors in how the destin-
ation is consumed in terms of space, time, and
nature of activities, confirming the well-
recognized heterogeneity of visitor spatio-
temporal behavior (Versichele et al., 2014). The
identification of segments that distinguish
between more and less active visitors has been
a common finding in previous research (De
Cantis et al., 2016; Espelt and Benito, 2006),
however, the nature and scale of the differences,
have varied across studies.

The originality of this study’s findings lie in the
nuanced patterns uncovered by through the cluster
composition regarding nationality and timing of
visits. The study demonstrates how some national-
ities dominate certain clusterswhile others exhibit a
more balanced distribution relative to cluster size.
For instance, German visitors have a strong
representation in “Coast Lovers” (40%) and
“Explorers” (34%) but a smaller presence in
“Florence Visitors” (15%), indicating a stronger
inclination toward specific tourism experiences.
Conversely, visitors from theNetherlandsmaintain
consistent representation across clusters, between
13% and 16%, reflecting a more balanced distribu-
tion of interests and preferences. Additionally, the
contrasting behaviors of “Fast Trippers” (predom-
inantly from China or the United States) and
“Explorers” (mainly Europeans, especially
Germans) generally concurwith the distance-decay
effect explored in existing literature (McKercher,
2021), but offer a deeper level of detail to the phe-
nomenon. In particular, the distinct behaviors and
preferences within both distant and closer markets
demonstrate varied ways in which visitors
respond to travel distance and the complexity of
visitor movement.

Figure 3. Number of visitors in Florence and rest of Tuscany.
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Overall, these findings contribute to the
growing discussion on how the origin of visitors,
distance traveled, and seasonality affect how
space is consumed (De Cantis et al., 2016; East
et al., 2017; Md Khairi et al., 2018; Zhao et al.,
2018). More importantly, they underscore the
intricate interplay between these factors, revealing
underlying trends in visitor movement. These
insights offer a valuable understanding of visitor
behavior and have significant implications for
tourism management and marketing strategies.

Furthermore, while previous literature has
acknowledged the varied ways tourists visit des-
tinations and emphasized the importance of
examining movement patterns (Raun et al.,
2016; Zhao et al., 2018), it has also highlighted
the need for integrating diverse data sources (East
et al., 2017). This integration can yield a more
nuanced differentiation of tourist behaviors, ultim-
ately leading tomore effectivemarketing strategies.
Accordingly, this study also makes a methodo-
logical contribution to the study of tourist

movement by not only adding to the growing evi-
dence that mobile data is useful in understanding
tourists’ movement (Han et al., 2021; Nyns and
Schmitz, 2022) but more importantly, by demon-
strating that the integration of different data
sources can offer significant layers to the analysis.
In the case of this study, the combination of
mobile signaling data, points of interest, and land-
scape categorization offered insights into tourists’
potential activities at specific locations.

The importance of this paper extendsbeyond the
theoretical knowledge. The study suggests that seg-
mentating visitors based on spatiotemporal behav-
ior can be a powerful tool for optimizing
destination management and marketing by identi-
fying the most beneficial visitor segments. As
argued byMcKercher et al. (2023a), it is important
to choose segmentation approaches that are aligned
with a destination’s needs. The recent explorations
of the concept of yield in tourism systems and its
importance for sustainability and competitiveness
(Becken and Simmons, 2008; Lundie et al., 2007)

Table 2. Feature values of the centroid of each cluster.

Feature name

Florence

visitors

Coast

lovers

Fast

trippers Explorers

Hours spent and number of cell towers connected in

Tuscany and Italy

hrs_in_tusc 90.91 140.37 92.95 225.48

num_loc_in_tusc 117.12 117.49 162.42 1334.73

num_unique_loc_in_tusc 32.08 30.08 48.57 184.44

num_loc_in_italy 154.38 153.94 281.80 1610.30

num_unique_loc_in_italy 49.93 48.60 100.28 292.08

Hours spent at by landscape type and city

Forest 0.25 2.68 0.24 1.75

Water 0.18 0.98 0.40 0.88

River 1.00 0.17 0.21 0.90

Park 0.84 0.19 0.29 0.74

Coast 0.36 28.22 2.75 14.99

city_arezzo 0.66 0.14 3.48 2.41

city_florence 37.73 3.94 11.14 2.51

city_pisa 0.99 13.65 0.90 6.60

city_siena 4.09 1.06 2.28 5.95

num_attractions 1.03 0.31 0.69 3.75

Spatial coordinates

avg_lat 43.72 43.56 43.12 43.55

avg_lon 11.26 10.48 11.62 11.05

top_lat 43.75 43.56 42.99 43.45

top_lon 11.24 10.44 11.68 11.10

std_lat 0.37 0.34 0.73 0.58

std_lon 0.36 0.40 0.64 0.57

start_lat 44.00 43.93 42.84 44.86

start_lon 11.19 10.12 11.91 11.24

start_lat_tusc 43.76 43.65 43.10 43.94

start_lon_tusc 11.18 10.40 11.62 10.77

end_lat 43.54 44.70 43.84 44.53

end_lon 11.39 10.32 11.27 10.50
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have been gaining increasing traction and high-
lighting the need for an optimization approach in
destination marketing and management (Sun et al.,
2020). Similarly, enabling and promoting the disper-
sal of visitors is seen as crucial for regional economic
development (Koo et al., 2012), in particular in light
of thegrowing focuson sustainable or even regenera-
tive tourism. In this context, the findings highlight,
for instance, the predominance of “Florence
Visitors” across all seasons, accentuating
Florence’s significance as the primary draw card in

the region but, at the same time, the need to attract
other segments and therefore diversifying the
demand mix or to change the behaviors of this
segment. Additionally, the study identifies a poten-
tially fundamental segment for the sustainability of
the region, the Explorers, with longer stays, a consid-
erably higher dispersion, lower emissions (given the
proximity of the source market), and potentially
higher yields.

A solid understanding of the characteristics of
the different clusters can then enable the

Figure 4. Average locations of tourists that have the closest distance to the centroids of clusters.

Table 3. Number of tourists from the top 6 nationalities visiting Tuscany in 4 seasons assigned to 4 clusters.

Total Florence visitors Coast lovers Fast trippers Explorers

All 2,958,263 1,174,418 840,823 610,687 332,335

Nationality

Germany 742,795 (25.1%) 178,300 (15.2%) 342,721 (40.8%) 108,870 (17.8%) 112,904 (34.0%)

United States 586,191 (19.8%) 317,754 (27.1%) 80,338 (9.6%) 139,745 (22.9%) 48,354 (14.5%)

France 484,491 (16.4%) 194,295 (16.5%) 164,480 (19.6%) 57,138 (9.4%) 68,578 (20.6%)

United Kingdom 445,754 (15.1%) 218,170 (18.6%) 126,020 (15.0%) 61,604 (10.1%) 39,960 (12.0%)

Netherlands 413,384 (14.0%) 155,703 (13.3%) 116,994 (13.9%) 86,988 (14.2%) 53,699 (16.2%)

China 285,648 (9.7%) 110,196 (9.4%) 10,270 (1.2%) 156,432 (25.6%) 8840 (2.7%)

Season

Mid season 341,965 (11.6%) 159,443 (13.6%) 80,258 (9.5%) 74,291 (12.2%) 27,973 (8.4%)

Peak season 141,8759 (48.0%) 470,795 (40.1%) 483,901 (57.6%) 271,370 (44.4%) 192,693 (58.0%)

High season 710,786 (24.0%) 309,411 (26.3%) 183,321 (21.8%) 144,378 (23.6%) 73,646 (22.2%)

Low season 486,140 (16.4%) 234,578 (20.0%) 93,296 (11.1%) 120,438 (19.7%) 37,808 (11.4%)
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prioritization of certain clusters in the promotional
activities and contribute to achieving a balance
between the various segments and leveraging
certain characteristics of each of them. Identifying
the preferred segments and defining a strategy
regarding which segments to attract throughout
the year can assist in the creation of a marketing
strategy aligned with the destinations’ goals.
Finally, the differences found across the different
segments can be leveraged by the region to target
advertising campaigns for specific markets focusing
on particular types of experiences. These insights
can also be utilized to inform promotional efforts
targeting specific groups of visitors already
present in the region at a given time.

The study also underscores the increasing rele-
vance of data providers in shaping tourism-related
public policies. Mobile operators possess invalu-
able data on individual movement patterns, pri-
marily used for essential services like calls and
internet access. The recent commercial explor-
ation of this data suggests a promising future for
data-driven tourism management. Enhancing
data accessibility is paramount to fostering
innovative research and insights for tourism man-
agement. The private nature of mobile data poses
accessibility challenges, however, open data
initiatives, like those in Tuscany, exemplify com-
mendable practices that can stimulate important
research.

Limitations and further research
While this study contributes to the expanding body
of knowledge on tourist movement and tourist seg-
mentation, it is not without its limitations. The first
relates to the data used, particularly the issues of
location accuracy and representativeness asso-
ciated with mobile data. Positioning accuracy is
contingent upon various factors: the density of
cell towers, which is higher in urban areas, enhan-
cing accuracy in those areas and reducing it inmore
remote settings; the landscape’s configuration,
which can disrupt signals causing devices to
connect to more distant towers and misidentify
the location of the device; and the utilization of tri-
angulation techniques which assist in pinpointing a
device’s precise location. Accordingly, the data
may not always reveal the precise location of
users. Additionally, the dataset from a single
mobile operator may only capture a portion of the
total foreign visitor population, potentially limiting
representativeness.

Second, the study did not investigate the
sequences of visited locations (each location visited
being considered as an independent element) or the
pace of movement. Future research could explore
the actual sequence of activities which could contrib-
ute to a deeper understanding of movement and
enable real-time visitor management. Moreover,
given the inherent variability in visitors’ spatial

Figure 5. Illustration of top discriminative features for each segment.
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patterns and visit frequency, their exploration speeds
are also expected to vary. Third, the findings may
have limited generalizability. Although Tuscany is
recognized as a major tourist hotspot, each destin-
ation has a unique combination of demand and
supply elements that shapes its tourist system and
influences visitor behavior. As a result, the visitor
profiles found in this study may not fully represent
the broader dynamics of tourism behavior in other
regions or countries.

Future research could examine the evolution of
visitor behavior across different destinations and
over time, to determine if similar tourist spatio-
temporal behaviors emerge. Such comparative
analyses could enable the potential development
of a universal typology of tourist movement.
Given the current data-rich landscape, and the
expansion of services and technologies, these ana-
lyses are increasingly feasible and relevant. Large
language models (LLMs) and large neural net-
works, with their capacity to process vast
amounts of data, may reveal hidden patterns that
currentmethods do not capture. Furthermore, inte-
grating additional Big Data sources, such as social
media analytics and insights from prominent plat-
forms, could provide a more holistic understand-
ing of tourist movement and broader behavior.
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