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Mountains dataset of hotel location and capacity. We then classified the EU regions into five typologies with

Rural the assistance of a hierarchical clustering algorithm. Further exploration of the results shows very
distinct tourism profiles across the identified typologies in terms of tourism intensity, seasonality
and other traits.

Introduction

The use of ‘big data’ to study tourism and support tourism management is an emerging trend thanks to the increasing availability of
data, computational power and analytical methods (Li, Xu, Tang, Wang, & Li, 2018). However, the combination of big data and official
statistics to produce insights with a European-wide perspective and detailed spatial and temporal dimensions remains mostly an
unexplored opportunity (Eurostat, 2017). The work from Batista e Silva et al. (2018) is a contribution in this respect. It produced a
geospatial dataset describing the location and capacity of tourism accommodation at high spatial resolution, and combined it with
official statistics to reveal the uneven spatial and temporal distribution of tourism in Europe.

A number of tourism typologies have been proposed to segment the tourism market, allowing the recognition of important di-
mensions of this activity and with applications in tourism planning. These typologies can be grouped in two broad categories: the ones
centred on the demand side (e.g. the visitors and their characteristics) and those centred on the supply side (e.g. the destinations and
their characteristics) (Coccossis & Constantoglou, 2008). Candela and Figini (2012) argue that tourism destinations are at the core of
the tourism system and highlight the importance of characterizing them for decision making. However, to the best of our knowledge,
there is no systematic classification of regions according to the type of tourism destination.

To help fill this gap, here we describe a first attempt to classify European Union (EU27) regions. Our approach is based on the
location of hotels within regions, and distinguishing among four basic types of geographical areas: coastal zones, mountain and natural
areas, cities and rural areas. This approach builds off the assumption that hotel location reflects where, within a region, tourism is
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actually taking place among the various geographical areas, thus being a useful proxy for describing the type of tourism destination.
This is coherent with Hernandez-Martin et al. (2016), who support the use of the location of tourism accommodation in spatial
segmentation, as well as with the findings of spatial relationship between hotels and amenities and their regional clustering (Lee, Kang,
Terry, & Schuett, 2018).

Data and methods

The spatial units chosen for the creation of the new classification were the NUTS3 (version 2016), comprising 1165 regions within
the EU27, with a median size of 1875 km?, typically corresponding to country provinces or districts. The NUTS is an official system of
nested territorial units comprising 4 hierarchical levels used for statistical data reporting in Europe.

The method to classify NUTS3 regions involved three steps, employing available geospatial data, Geographical Information Sys-
tems and machine learning techniques:

1. Spatial delineation of key geographical areas within each NUTS3;
2. Integration of hotel location and capacity data in the resulting geographical zoning;
3. Classification of the NUTS3 regions using a clustering algorithm.

In the first step we considered four types of geographical areas: coastal zones, mountain and natural areas, cities and rural areas. We
delineated ‘coastal zones’ by applying a 10 km-straight line buffer to the coastline (EuroBoundaryMap'). ‘Mountain and natural areas’
include the areas above 800 m of altitude (EU-DEM v1.1%) and a 2 km-straight line buffer from the protected areas listed in the Natura
2000.° For ‘cities’, we considered 683 ‘urban centres’ across the EU27 delineated by Eurostat based on criteria related to urban
morphology to consistently obtain city limits irrespective of national definitions (Eurostat, 2018). Finally, all areas that do not belong
to any of the latter were deemed ‘rural’. In case of overlapping areas, we assumed the following order of priority: 1) cities, 2) coastal
zones, 3) mountain and natural areas and 4) rural areas. This order was defined based on our judgment of the touristic prevalence of
the different geographical areas. For example, if an area is both a city and a coastal zone (e.g. Barcelona, Copenhagen), then we assume
the city is the main driver of visitors. Similarly, if an area is both part of a coastal area and a mountain (not common, but may occur in,
for example, Crete, Liguria and Sardinia), then we assume the coastal traits have higher prevalence in driving visitors to the area (see
adopted zoning in Supplementary Fig. 2).

In the second step, we spatially intersected the 4-class geographical zoning with the NUTS3 boundaries in order to ‘split’ each
NUTS3 region per any of the occurring zones. The resulting intersected GIS layer was then overlaid with the ‘hotel layer’ using a ‘zonal
statistics’ function to obtain the tourism capacity within each geographical zone within each NUTS3 (Supplementary Fig. 3a-d). The
‘hotel layer’ is a raster dataset at 100 m x 100 m resolution recording the number of rooms in tourism accommodation based on
information available from a combination of online booking platforms (see Batista e Silva et al. (2018) for details).

Based on the referred overlays, we produced a matrix describing each NUTS3 according to the share of the accommodation capacity
(no. of rooms) per geographical zone. Using the shares of accommodation capacity in each geographical zone as input variables, we
employed a hierarchical clustering to classify each NUTS3 region into a specific typology reflecting the geographical context of the
accommodation capacity (see Supplementary Note 1 for a description of the hierarchical clustering procedure).

For the subsequent characterization of the clusters we used tourism statistics from Eurostat for the latest available reporting year,
2018. Data available only at NUTS2 level were downscaled to NUTS3 level proportionally to the accommodation capacity (i.e. nights-
spent), or assumed to have equal distribution in all NUTS3 within a NUTS2 (i.e. share of foreign tourists). The seasonality was derived
from a combination of data from National Statistical Institutes (monthly, 2011, per NUTS2 or NUTS3) and the number of reviews in
TripAdvisor (quarterly, 2017, per tourism accommodation establishment).

Results

We obtained five clusters of NUTS3 regions. By plotting the median share of accommodation capacity in each geographical area for
each cluster separately, it is possible to characterize the clusters’ profiles (Fig. 1a—d). We labeled the clusters or typologies as follows:

Cities: regions with tourism capacity located predominantly in cities;

Coastal: regions with tourism capacity located predominantly in coastal zones;

Mountains and Nature: regions with tourism capacity located predominantly in mountainous or protected areas;

Rural: regions with tourism capacity located predominantly in rural areas;

Urban mix: regions with tourism capacity located in cities in combination with rural and/or mountainous and protected areas.

The geographical distribution of the classification is represented in Fig. 2, whereas Fig. 3 shows several key tourism indicators
across the identified typologies. Coastal regions stand-out as the ones accounting for the majority of nights-spent in the EU (42%),

! Eurogeographics, EuroBoundaryMap, https://eurogeographics.org/maps-for-europe/ebm/.
2 Copernicus EU-DEM, https://land.copernicus.eu/imagery-in-situ/eu-dem.
3 Natura 2000 (reporting year 2019), https://www.eea.europa.eu/data-and-maps/data/natura-11.
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Fig. 1. Cluster profiles. The red line in each plot represents the median value of the share of rooms in each geographical area for the regions of the
respective cluster. The ‘boxen plots’ in the background represent the statistical distribution of each variable for the whole set of NUTS3 regions. (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

followed far behind by cities (19%) and mountains and nature (16%). Coastal regions are also those with the highest tourism intensity,
scoring 12.3 nights-spent per inhabitant — substantially higher than mountains and nature, and cities with 7.3 and 5.3 nights-spent per
inhabitant, respectively. As for the share of foreign tourists, coastal regions score the highest average value, around 45%. On the other
hand, the urban mix and the mountains and nature regions are, on average, characterized by much higher shares of domestic tourists.

The coastal typology is the most seasonal of all typologies, showing a very marked peak of affluence in the summer months. All the
remainder regions show a more flattened seasonal profile, although the summer months remain the most popular for tourism across all
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Fig. 2. Geographical distribution of the regional typologies (top) and proportion of each typology in terms of total nights-spent per country in
2018 (bottom).
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Fig. 3. Key tourism indicators per regional typology.

typologies (Fig. 3a). Cities appear with the lowest seasonality, with slightly higher lows in the winter and lower highs in the summer.
Table 1 summarizes these findings.

Discussion and conclusions

In this paper we classified EU NUTS3 regions in 5 typologies. To determine the predominant type of tourism destination of each
NUTS3, we looked at the location of tourism accommodation within each NUTS3 in relation to four distinct geographical areas: coastal
zones, mountain and natural areas, cities, and rural areas. Some NUTS3 can be very sizeable and encompass a variety of different
geographical features. Our approach focuses on where tourism supply is actually located within each region, and is therefore
compelling compared to approaches that ignore the location of hotels. A similar outcome could be attained by inquiring tourists on
their reasons for travelling. However, a survey covering the whole EU, and that is statistically representative for each NUTS3, would be
impractical.

Evidently, the geographical criteria and decision rules applied can be object of debate. However, the characterization of the clusters
indicate sensible and plausible differences, corroborating the approach overall. Possibly, a higher breakdown to include other
geographical features (e.g. presence of snow, or type of coast) would be desirable, but require further reflection in view of feasibility
and usability.

This classification provides new insights on the geography of tourism in Europe and could be used as an additional input to study

Table 1
Qualitative characterization of the regional typologies according to four tourism indicators. Scores (‘++-+ high, ‘++° moderate, ‘+’ low) were
assigned to each regional typology based on their indicator values as per Fig. 3 (more details in Supplementary Note 2).

Regional typology Nights-spent Tourism intensity Share of foreign tourist Seasonality
Cities ++ ++ ++ 4

Coastal +++ +++ 44+ 4ot
Mountain and nature ++ +4 + ++

Rural + + 4+ 4+

Urban mix ++ + + ++
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territorial patterns of tourism (Majewska, 2015), its spatiotemporal dynamics and relation with natural, cultural or other assets
(Romao, Guerreiro, & Rodrigues, 2017). Since tourism demand and destination characteristics are intertwined, our typology could also
be used in tourism demand forecasting, a key tool for decision-makers (Song, Qiu, & Park, 2019). Finally, we believe that the profiling
of regions is especially relevant in the context of the response to COVID-19 pandemic and its impacts on tourism (Gossling, Scott, &
Hall, 2020).
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