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Abstract: The current COVID-19 pandemic has caused a significant decline in human mobility
during the past three years. This may lead to reconfiguring future tourism flows and resulting
transformations in the geographic patterns of economic activities and transportation needs. This
study empirically addresses the changes in tourism mobility caused by the pandemic. It focuses
on the yet unexplored effects of the destination type on tourism volume change. To investigate
this, 1426 metropolitan, urban/resort and dispersed destinations were delimited based on Airbnb
offers. Airbnb reviews were used as the proxy for the changes in tourist visits in 2019–2022. Linear
mixed-effects models were employed to verify two hypotheses on the differences between the
effects of the pandemic on three kinds of tourism destinations. The results confirm the tourism
de-metropolisation hypothesis: metropolitan destinations have experienced between −12.4% and
−7.5% additional decreases in tourism visits compared to secondary cities and resorts. The second
de-concentration hypothesis that urban/resort destinations are more affected than dispersed tourism
destinations is not supported. The results also confirm that stricter restrictions and destination
dependence on international tourism have negatively affected their visitation. The study sheds light
on post-pandemic scenarios on tourism mobility transformations in various geographic locations.
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1. Introduction

The current COVID-19 pandemic and non-pharmaceutical interventions employed
to contain the spread of the disease have affected all forms of human mobility, including
commuting to work and trips for shopping and leisure purposes [1,2]. Non-essential and
relatively long tourism trips have been particularly affected, leading to an unprecedented
crisis for the tourism industry [3]. However, the impact of the pandemic on tourism varies
geographically between destinations. Apart from international differences resulting from
country-specific dynamics and responses to the outbreak [4–6], there are also variations
within individual countries [7,8]. However, in-country differences have been little explored
yet due to data limitations.

Studies on tourism motivation and behaviour during the pandemic suggest that
the pandemic induced changes in tourism behaviour resulting from travel constraints
(lockdowns, border closures, public transportation cancellations), perception of risk, and
changing social norms. These factors influence the frequency of trips, time, activities, and
the use of tourism services (means of transportation, type of accommodation) [9–12]. They
also affect the choice of travel destinations. Current literature indicates that during the pan-
demic, people opted for domestic, non-crowded, and nature-based destinations [10,13–17].
While the growing relative importance of domestic, compared to international, tourism
is widely documented in international and national statistics [18–20], there is still little
empirical evidence on the changing patterns of intra-national destination choices. To
date, no studies have investigated this topic on a global scale. Studying the evolution of
spatial patterns of tourism flows—and understanding the underlying transformations of

ISPRS Int. J. Geo-Inf. 2023, 12, 139. https://doi.org/10.3390/ijgi12040139 https://www.mdpi.com/journal/ijgi

https://doi.org/10.3390/ijgi12040139
https://doi.org/10.3390/ijgi12040139
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/ijgi
https://www.mdpi.com
https://orcid.org/0000-0003-3307-5079
https://doi.org/10.3390/ijgi12040139
https://www.mdpi.com/journal/ijgi
https://www.mdpi.com/article/10.3390/ijgi12040139?type=check_update&version=1


ISPRS Int. J. Geo-Inf. 2023, 12, 139 2 of 20

tourists’ choices and institutional processes—are crucial to planning tourism and transport
infrastructure and marketing tourism destinations in the post-pandemic future.

The current study tests two hypotheses regarding the changes in intra-national desti-
nation choices during the pandemic. The first is the de-metropolisation hypothesis, which
states that tourism arrivals have decreased more in major cities than in all other tourism
destinations. It proposes that the pandemic has halted the dynamic growth of metropolitan
tourism observed in the previous decades. That growth was fuelled by the growth in busi-
ness trips, event tourism, and city breaks permitted by the development of low-cost airline
offers and the availability of short-term rental platforms, and was stimulated by urban
marketing and social media [21,22]. A few arguments justify the de-metropolisation hy-
pothesis. First, typically, cities rely more on international visitors. Second, the direct impact
of sanitary regulations, such as cancelling cultural, sports or business events and closing
or limiting the capacities of museums, shopping malls and other crowded attractions, has
limited tourist activity [23]. Third, there has been reduced interest in urban attractions by
crowd-averse tourists [24–27]. Finally, the decrease in business trips due to the expansion
of remote work and online meetings has also had an impact [28,29]. Studies in several
countries confirmed that major cities, including capital cities, lost more tourists during the
pandemic than other destinations [30,31]. General confirmation of the de-metropolisation
hypothesis could lead to the expectation of altering a pre-pandemic trend of rapid growth
in metropolitan tourism and rethinking tourism’s role in post-pandemic cities.

The second hypothesis is a de-concentration hypothesis, which states that out of the
non-metropolitan destinations, the decrease in tourism visits during the pandemic has
been more significant in concentrated urban and resort destinations than in dispersed rural
destinations. Such an assumption is justified by the fact that dispersed destinations offering
low tourism density and closer contact to nature may be more desirable by tourists than
towns, beach or ski resorts with large concentrations of tourists [7,14,32–34]. It would
align with some media and experts’ expectations of tourists diverting to less populated
destinations [35,36] and comply with the discourse on the importance of public green space
in the crisis and post-crisis situation [37–39]. Some early studies supported this hypothesis
on a national level. For example, in Croatia, less populated coastal areas with isolated is-
lands (such as the Zadar region) experienced a weaker drop in tourism in 2020 than regions
with more spatially concentrated tourism activity (Dubrovnik-Neretva County) [31]. The
effects of the destination type intertwine with the structure of the origins of tourists and
dominant means of transportation. Resorts dependent on air transport lost more tourists
than those accessed by ground transportation [27,31,40]. On the other hand, domestic
tourist-oriented Baltic coastal resorts in Germany attracted more tourists during the pan-
demic than before [41]. Hence, the hypothesis on the general tourism de-concentration
trend requires careful investigation considering possible confounding factors.

The current pandemic has provided ample opportunities to use big data and GIS
techniques to monitor the changes in human behaviour [2,42]. In tourism studies, booking
data, Internet searches, user-generated data, and mobile device data have been used
for near real-time tracking of the situation in the recreation, passenger transportation
and accommodation industries [1,3,6,39,43–46], including the largest short-term rental
platform, Airbnb [47–52]. This study joins this line of research: it uses web-scraped data
on the global scope of the activity on the Airbnb platform as an indicator of general
tourism flows [53,54]: first, to delimit sub-national tourism destinations independently
from administrative divisions and, second, to estimate the change in tourism visits in
each destination between 2019 and 2020–2022. Then, linear mixed-effects models are
developed to verify the research hypotheses on the differences between destinations after
controlling for the stringency of COVID-related restrictions and the level of destination
internationalisation and acknowledging the effects of international differences.
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2. Materials and Methods

Airbnb is one of the largest tourism accommodation intermediaries in the world. It
sells peer-to-peer accommodation, as well as holiday apartments and hotel rooms. Airbnb
offers are located in almost all world countries [55], so Airbnb data can be used for in-
ternational comparisons. The geolocation of offers makes them helpful in delineating
tourism destinations independently from administrative boundaries. Each guest staying at
an Airbnb site is asked to leave a time-stamped review on the platform. We use the data
on reviews as transactional rather than textual user-generated data [56], so comparing the
numbers of reviews posted to listings in a destination in different time intervals can be used
to estimate the change in the number of visits to Airbnb sites in that destination. Assuming
a correlation between the use of Airbnb and overall tourism arrivals, it can also inform
about changes in the overall number of tourist visits to a destination.

The study employs data obtained from the Airbnb platform at two stages of the
analysis; first, in delimiting sub-national tourism destinations, and second, in calculating
the change in tourism arrivals in destinations between 2019 and 2022 (after using Eurostat
tourism statistics to validate that changes in Airbnb stays reflect the changes in all tourism
stays). The obtained values and data from other sources are used in constructing linear
mixed-effects models to verify the research hypotheses. Below, each step of the analysis is
described in detail.

2.1. Delimitation of Tourism Destinations

Due to the differences in administrative divisions between countries and the need to
separate three kinds of tourism destinations for verifying research hypotheses, a data-driven
procedure of delimiting sub-national destinations was employed. Global datasets of Airbnb
listings were scraped from the platform website multiple times before and during the
pandemic. For the delimitation, 1.3 million listings that appeared in five datasets (scraped
in October 2018, September 2019, February, June, and November 2020 using a Python script)
and had at least one review in October 2018 were used.

Two types of clustered tourism destinations (metropolitan and urban/resort) were
delimited using the DBSCAN density-based clustering method [57] through the dbscan
package for R [58]. DBSCAN is usually used as a non-parametric data clustering method
to find accumulations of data points located close to each other in the data space. Its
application requires two parameters: a minimum number of core points (minPts) and
a minimum distance between core points (ε). A cluster is formed by a set of core points,
i.e., points having at least minPts points no further than within ε distance and reachable
points that are located not further than ε distance from core points. All points not assigned
to any cluster are considered noise. This method is useful for the current study, as in
contrast to hierarchical or centroid-based clustering methods, it enables the detection of
irregularly shaped non-convex clusters (e.g., extending along coastlines) and ignoring the
outliers located in low-density regions.

Due to the large variability in the numbers and densities of Airbnb listings in countries,
clustering parameters were differentiated depending on the country; the more and the
denser the Airbnb listings in a country, the more conservative the parameters. The values
were empirically set to achieve a relatively large number of clustered destinations in many
countries (Table 1).

The distinction between metropolitan and urban/resort destinations was based on the
importance and size of the principal city and the relative concentration of tourist activity
in a cluster: metropolitan destinations are capital cities, global cities [59], or cities with
a population of at least 1 million. Urban/resort destinations are other concentrations of
Airbnb listings with a high listings-to-population ratio compared to the country or the
entire world (Table 2). In effect, this category comprises leisure tourism destinations in
coastal, lakeside or mountain areas and cities with significant tourism functions but little
administrative and economic significance compared to metropolitan cities.
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Table 1. Parameters of the DBSCAN procedure for detecting concentrated destinations.

Clustering Parameter Condition for a Country Value

ε

√
listings per 1000 km2 < 5 4 km√

listings per 1000 km2 ∈ (5, 15) 5 km− 0.2
(√

listings per 1000 km2
)

√
listings per 1000 km2 > 15 2 km

minPts 3

Minimum cluster size
√

number of listings < 100 100√
number of listings ≥ 100

√
number of listings

Table 2. Criteria for delimiting destinations based on valid Airbnb listings.

Type
of Destination

Delimitation
of Destination Conditions Minimum Listings

Number
Number of

Destinations

Metropolitan Cluster
Capital cities or 1 million + cities or

GaWC Research Network (2021) global
cities (at least “Sufficiency” level)

100 or more
(see Table 1) 308

Urban/resort Cluster
Listings per population ratio at least 3×
higher than in the country or at least 3×

higher than the mean for countries

100 or more
(see Table 1) 684

Dispersed Administrative units Excluding all clusters and urbanised areas 100 434

Dispersed destinations were defined as administrative regions after excluding all
urbanised areas and clustered destinations. Both administrative borders and the extent
of urbanised areas were obtained from the Natural Earth [60] database. Regions used to
delimit dispersed destinations are either countries, first-level administrative divisions of
large countries with numerous valid Airbnb listings (Australia, Brazil, Canada, China,
India, Mexico, Russia, South Africa, and the USA), or NUTS 2 statistical regions of all EU
countries, the UK, Albania, Norway, Serbia, Switzerland, and Turkey according to the 2021
classification [61]. Only dispersed regions with at least 100 valid listings were included
in the analysis. We may also consider them rural destinations, as all urbanised areas
were excluded from their extents. After delimiting all destinations, some areas remained
unassigned to any of them. They are urban areas with no clusters of Airbnb listings and
urban peripheries beyond the cluster limits. Furthermore, clusters located in secondary
cities with minor tourist importance were ignored. Finally, dispersed regions with less than
100 listings were not considered destinations.

Overall, 1426 destinations were delimited: 308 metropolitan, 684 urban/resort, and
434 dispersed destinations (Table 2). The most destinations are located in parts of the
world with the most substantial Airbnb presence: the USA, major European countries, and
China (Table 3). The number of valid listings in destinations varied between the minimum
number of 100 and more than 5000 in the 21 largest destinations.

2.2. Calculating Rates of Change between 2019 and 2020–2022

The study uses changes in the number of reviews posted to Airbnb listings to indicate
the frequency of Airbnb use. Not all Airbnb stays result in a review: in 2014, 67% of
guests wrote a review after their stay, according to Fradkin et al. [62]. Inside Airbnb
estimates this share at 30.5% [63]. Irrespective of the exact share, the study assumes that
guests’ propensity to leave a review has not changed significantly over time, so temporal
changes in the number of reviews are proportional to the changes in trips. According to
Fradkin et al. [62], it takes an average of 4.3 days for a guest to submit an opinion. Inside
Airbnb [63] uses its own analysis to estimate the average length of stay at an Airbnb site
at three days. Therefore, in the current study, six days were subtracted from the dates of
posting the review to estimate the midpoint of tourists’ actual stay in the destination.
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Table 3. Countries with the most destinations.

No. Country Total
Destinations

Metropolitan,
Urban/Resort,

Dispersed
Destinations

Top Metropolitan
Destination (Thous.

Valid Listings)

Top Urban/Resort
Destination (Thous.

Valid Listings)

Top Dispersed
Destination (Thous.

Valid Listings)

1. United States 118 29, 41, 48 Los Angeles (6.9) Panama City (2.2) California (6.7)
2. France 84 10, 48, 26 Paris (12.1) Avignon (3.8) Rhône-Alpes (6.4)
3. Italy 71 8, 42, 21 Rome (9.0) La Spezia (5.1) Toscana (5.5)
4. China 55 21, 14, 20 Shanghai (2.7) Dali (1.0) Zhejiang (1.2)

4. United
Kingdom 55 9, 15, 31 London (8.5) Brighton (0.8) Highlands and

Islands (3.2)
6. Mexico 52 7, 28, 17 Mexico City (4.2) Puerto Vallarta (2.6) Jalisco (0.7)

7. Germany 51 12, 6, 33 Köln (3.3) Lübeck (0.4) Mecklenburg-Vorpommern
(1.7)

7. Spain 51 5, 29, 17 Barcelona (5.0) Marbella (3.9) Andalucía (3.2)
9. Greece 39 1, 26, 12 Athens (3.5) Chaniá (2.0) Notio Aigaio (2.2)
10. Brazil 37 8, 20, 9 Rio de Janeiro (4.3) Florianópolis (3.0) Rio de Janeiro (1.2)

A web scraper was designed to collect data on reviews posted to listings within desti-
nations. To obtain representative data, we attempted to access all listings in smaller desti-
nations (of fewer than 300 listings). In larger destinations, random samples of 300 listings
were accessed. The scraper was designed in R using the httr package [64], respecting the
robots.txt file rules of the website, and it saved the posting dates of the reviews and the
languages in which the reviews were written. The scraping took place in January 2023.
The Airbnb platform left the Chinese market in July 2022 [65] and has suspended activity
in Russia and Belarus since the 4th of March of that year due to the Russian invasion of
Ukraine [66]. Therefore, for 76 destinations in these three countries, we used the results
of earlier web-scraping in January 2022 and calculated rates of change only for 2020 and
2021. After excluding unsuccessful requests and automatic reviews added due to booking
cancellations, the raw dataset contained 17,066,329 reviews posted on 262,877 listings. The
average ratio of successful requests per destination was 71.6%. The further analysis used
3.5 million reviews on stays in 2019, 1.9 million in 2020, 2.3 million in 2021, and 2.6 million
in 2022.

The pandemic’s effects on destinations were quantified as the relative change in the
number of reviews between the pre-pandemic year 2019, or a quarter of that year, and the
corresponding period of the pandemic years 2020–2022. Due to the dynamic situation in
the first period of the pandemic, four quarterly indices were calculated for the year 2020.
Then, we calculated yearly indices for the second and third years of the pandemic (2021
and 2022). Finally, an aggregate change index was calculated as a change between the value
for 2019 and the average for three years of the pandemic (2020–2022).

We claim that the changes in the number of reviews over time reflect the changes in
overall tourism visits. We do not use Airbnb reviews as a proxy for the absolute number
of tourist stays in a destination, so the differences in the popularity of that service across
countries and destinations should not affect the results. To verify if the dynamics of Airbnb
reviews are proportional to the dynamics of all tourism stays, we compared the obtained
data with Eurostat statistics on tourism arrivals (inbound and domestic combined) to
31 countries (members of the European Union and the European Free Trade Association)
during the years 2019–2021 [67]. We calculated the seasonality indices for 12 quarters by
dividing the number of stays during a quarter by the average number of stays during
2019. Respective values for Airbnb data were obtained by averaging the numbers in all
destinations in a country weighted by the number of offers in destinations. There was a very
high correlation in the trajectories of changes in tourism measured by official statistics and
Airbnb data. The coefficient of determination of indexes based on Eurostat and Airbnb data
was very high (R2 = 0.875) for all 31 countries combined and even higher for individual
countries (Figure 1).
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Figure 1. Dynamics of tourism stays 2019–2021 measured by Eurostat statistics and estimated based
on web-scraped Airbnb data in nine European countries.

The descriptive results are presented graphically and cartographically using ggplot2,
ggforce, leaflet, and tmap packages for R [68–71]. The full dataset and spatial data on the
destination limits are available in the supplementary file (in SHP format) and presented on
a web map available at http://puma.uci.umk.pl/~czeslaw/covid-destinations/ (accessed
on 1 March 2023).

2.3. Controlling Variables and Linear Mixed-Effects Models

We designed a set of linear models to find the differences between the three types of
destinations and verify the research hypotheses. Seven linear models were constructed
to verify the relationship between the type of destination and changes in the number of
reviews: four for each quarter of the year 2019, two for the entire years 2021 and 2022,
and one for the change between the entire year 2019 and the mean for years 2020–2022.
However, we need to consider the effects of confounding factors to isolate the impact of
the destination type on tourism dynamics. These assumed confounding factors were the
stringency of pandemic restrictions, the destination dependence on international tourism,
and international differences in the effects of individual factors on tourism dynamics during
the pandemic.

Despite the global scope and effects of the pandemic, its impact on tourism behaviour
has been different in various areas due to different dynamics of the numbers of infections
and the differences in regulations employed to contain the disease. We used the Oxford
Coronavirus Government Response Tracker (OxCGRT) [72] data to acknowledge it. This
database contains daily information on various types of restrictions (e.g., restrictions on mo-
bility, gatherings, the closing of workplaces and schools) in a country or an administrative
unit. We looked at the Stringency Index’s values, a composite index of 9 indicators. The
index values vary between 0 (no restrictions) and 100 (strictest lockdown). We calculated
the average daily values for quarters and years depending on the model. In the cases
of most of the countries, only national-level data were available. We used the values for
sub-national units where available: in large countries with high variability in policies
across administrative units (countries of the UK, states of the USA, Brazil, and India, and
provincial level units of Canada and China). If the value was missing for a country, we
substituted it with a mean value of all destinations. If a value was missing for a sub-national
territory, the indicator for the entire country was used.

http://puma.uci.umk.pl/~czeslaw/covid-destinations/
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During the COVID-19 pandemic, international travel was particularly restricted. Thus,
the number of international trips decreased more than domestic ones [20,73]. Therefore, the
differences in dynamics in destinations could result from the differences in their reliance
on international tourists. To control for this factor, we added two variables to the models.
First, we measured the country’s dependence on international tourism by a ratio of visitor
exports (foreign spending) to the sum of domestic tourism spending and visitor exports in
nominal prices in 2019, based on the World Travel and Tourism Council data [74]. However,
this measure only accounts for international differences and not the differences between
destinations within a country. Due to the lack of ready statistics, to measure intra-national
differences, we used the proportion of Airbnb reviews written in languages other than
a country’s official languages in 2019. These proportions have extremely high international,
compared to intra-national, variations, so they were standardised within each country.
Once again, we referred to Eurostat data to validate the quality of such an estimation. We
compared the proportions of Airbnb reviews in foreign languages with the proportion of
international tourists according to the official statistics of tourist stays in NUTS-2 territorial
units of the nine largest (in terms of the number of NUTS-2 units) countries of the UE and
the UK [75]. As both data series were standardised within countries, we could ignore the
large variation in the proportion of international tourists and foreign language comments
between countries (Table 4). We conclude that the estimations based on the languages of
Airbnb reviews reflect quite well in-country variation in the proportions of international
tourists in most non-English speaking countries where foreign tourists tend to write reviews
in English or their own language. It seems less reliable in English-speaking countries where
many foreign tourists also write in English. The method fails only in the case of Austria,
with peculiar spatial characteristics of international tourism (the Alpine regions are visited
mainly by international tourists from German-speaking countries, while Vienna is relatively
more popular among tourists from non-German-speaking countries).

Table 4. Correlation between the percentage of international visitors and the percentage of Airbnb
reviews written in foreign languages in NUTS-2 regions of European countries in 2019.

Country Number of
NUTS-2 Regions

The Average Percentage of
International Tourists

by Eurostat

The Average Percentage of
Airbnb Comments in

Foreign Languages

R2 (Weighted by Total
Tourist Stays)

Germany 35 15.2 31.9 0.929
United
Kingdom 1 31 29.1 1.4 0.535

France 21 21.9 18.4 0.922
Italy 21 39.8 62.5 0.788
Spain 17 24.5 37.5 0.853
Greece 12 61.7 82.1 0.810
Netherlands 11 30.5 40.7 0.845
Poland 9 19.0 56.4 0.849
Austria 8 63.7 51.7 0.072
Sweden 8 21.5 66.8 0.711
Germany 35 15.2 31.9 0.929

1 Data for 2016; Scotland as a single region.

All controlling variables and descriptive statistics of them are presented in Table 5.
Apart from the differences in regulations stringency and the importance of international
tourism, inter-country differences in the epidemic dynamics and the role of Airbnb in
a country’s tourism accommodation may impact both the average levels and differences
between types of destinations. Therefore, instead of linear regression models, linear mixed-
effects models were built using the country as a grouping variable and the destination type
as both fixed and random factor. The models include fixed and random effects of in-country
variant factors following design-driven maximal model specification, as Barr et al. [76]
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suggested. The models were fitted using a restricted likelihood criterion using the lme4
package for R [77].

Table 5. Descriptive statistics of controlling variables.

Variable Min Median Mean Max SD

OxCGRT Stringency Index: Q1 2020 2.1 24.5 26.1 88.9 10.4
OxCGRT Stringency Index: Q2 2020 19.4 73.0 73.0 99.1 11.3
OxCGRT Stringency Index: Q3 2020 17.6 58.5 58.5 89.4 14.2
OxCGRT Stringency Index: Q4 2020 8.3 64.3 60.6 85.7 13.0
OxCGRT Stringency Index: 2021 7.3 53.6 54.4 84.1 10.2
OxCGRT Stringency Index: 2022 9.4 24.2 25.3 74.2 10.2
OxCGRT Stringency Index: mean 2020–2022 13.2 57.6 56.4 76.1 8.9
Country dependence on international tourism 3.3 29.1 39.7 96.9 23.8
Destination dependence on international tourism −3.1 −0.1 0.0 4.7 0.9

3. Results

The aggregated number of Airbnb reviews in destinations decreased on average by
27.8% in Q1 2020 compared to the previous year. In Q2 2020, extensive lockdowns were
imposed in most countries, and reviews dropped on average by 78.3% compared to the
same period in 2019. In the second half of 2020, the average depth of the decline in tourism
stays ranged between 40% and 44%. During 2021 and 2022, gradual recovery was observed,
with an average decline of 35.8% and 24.6% relative to the pre-pandemic year (Table 6).
Guests posted, on average, 35.8% fewer reviews in the years 2020–2022 than in 2019.

Table 6. Descriptive statistics of dependent variables (change in %).

Change Min Median Mean Max SD

Q1 2019 to Q1 2020 1426 −100.0 −26.9 −27.8 410.7
Q2 2019 to Q2 2020 1426 −100.0 −84.8 −78.3 27.5
Q3 2019 to Q3 2020 1426 −100.0 −41.2 −40.4 290.0
Q4 2019 to Q4 2020 1426 −100.0 −49.0 −43.8 233.3
2019 to 2021 1426 −100.0 −35.3 −35.8 55.8
2019 to 2022 1350 −99.5 −22.0 −24.6 58.0
2019 to mean 2020–2022 1350 −97.0 −34.6 −35.8 35.7

The distribution of the rates of change evolved from bimodal in Q1 2020 (majority
group with slight negative changes and a separate group of Chinese and Asian destinations
with more significant drops), lowly dispersed but right skewed in Q2, to highly dispersed
in the second half of the year. Inter-destination differences started to decline in 2021 and
throughout 2022. Despite the overall decline in tourism since the second quarter of 2020, at
least 10% of destinations noted a positive change in the number of reviews compared to the
same periods of 2019. In a more extended period, the positive change was rarer: only 2.7%
of destinations had more reviews per year in the pandemic years than in 2019 (Figure 2).

In all periods, metropolitan destinations were most affected by the epidemic. Dis-
persed destinations were the least, except for the year 2022, when dispersed destinations
lost more visits than urban/resort ones (Figure 2). The analysis of variance (Table 7) shows
that the differences between the three types of destinations were statistically significant
during the entire period of the pandemic. However, in its third year, the difference between
urban/resort and dispersed destinations was not significant anymore. In Q1 2020, the
differences were slight but statistically significant (between metropolitan and two other
types of destinations). In Q2 2020, dispersed destinations stood out, with significantly lower
decreases than the other two types. Starting from the second part of 2020, the differences
were similar to those observed for the entire period.



ISPRS Int. J. Geo-Inf. 2023, 12, 139 9 of 20

ISPRS Int. J. Geo-Inf. 2023, 12, x FOR PEER REVIEW 9 of 21 
 

 

significantly lower decreases than the other two types. Starting from the second part of 
2020, the differences were similar to those observed for the entire period. 

 
Figure 2. Change in the number of reviews in destinations (box plots show middle quartiles). 

Table 7. ANOVA of change in the number of reviews in different types of destinations. 

Change 

Mean % Change  
(SD in Parenthesis) 

F (p) 

Pairwise t  
(Bonferroni Corrected p in Parenthesis) 

Metropolitan Urban/Resort Dispersed Metropolitan- 
Urban/Resort 

Metropolitan- 
Dispersed 

Urban/Resort- 
Dispersed 

Q1 2019 to Q1 2020 1 −31.3 (33.9) −27.4 (23.9) −25.9 (19.6) 4.271 (0.014) 2.244 (0.075) 2.872 (0.012) 0.977 (0.986) 
Q2 2019 to Q2 2020 1 −83.4 (13.0) −80.5 (20.2) −71.3 (22.3) 42.745 (<0.001) 2.147 (0.096) 8.311 (<0.001) 7.688 (<0.001) 
Q3 2019 to Q3 2020 1 −58.7 (25.8) −39.4 (40.8) −28.9 (31.9) 64.698 (<0.001) 7.968 (<0.001) 11.331 (<0.001) 4.848 (<0.001) 
Q4 2019 to Q4 2020 1 −60.4 (23.1) −40.8 (38.9) −35.2 (34.3) 49.735 (<0.001) 7.809 (<0.001) 9.752 (<0.001) 3.107 (0.006) 
2019 to 2021 1 −52.4 (19.4) −33.1 (30.0) −28.3 (26.6) 78.411 (<0.001) 10.424 (<0.001) 11.981 (<0.001) 2.890 (0.012) 
2019 to 2022 2 −34.4 (17.9) −21.9 (21.3) −22.2 (15.8) 46.850 (<0.001) 9.197 (<0.001) 8.262 (<0.001) −0.229 (1.000) 
2019 to 2020–2022 2 −49.1 (14.0) −34.1 (21.6) −29.6 (18.2) 89.866 (<0.001) 10.891 (<0.001) 13.014 (<0.001) 3.726 (0.001) 

1 N = 1426; 2 N = 1350. 

There were notable differences in the rates of changes and relations between various 
types of destinations between countries. The most remarkable declines during the entire 
period were typical for most East and Southeast Asian countries, with the slightest reduc-
tion in visits in the USA, Russia, and Australia (Figures 3 and 4). More significant drops 
in visits to metropolises than to other destinations were visible in most countries. Still, the 
size of that difference and relations between urban/resort and dispersed destinations var-
ied between countries. Generally, the difference between metropolitan and dispersed des-
tinations was strongest in countries with the slightest decline in reviews. The falls in tour-
ism trips in countries changed over time following the dynamics of the pandemic (Figure 
5). 

The results of the linear mixed-effects model (Table 8; Figure 6) confirm the signifi-
cant and stable impact of both controlling variables (local policy stringency and the level 
of internationalisation of tourism destinations) on the fall in tourism periods in most of 
the analysed periods. Apart from the intercept decrease in tourism visits by 45.6–37.7% in 
the years 2020–2022 compared to 2019, the increase in policy stringency by one standard 
deviation reduced tourism arrivals by an additional 0.4 to 3.5%. The impact of sanitary 
regulations was more visible in the first year of the pandemic, and later declined, but re-
mained significant. One standard deviation increase in country and destination 

Figure 2. Change in the number of reviews in destinations (box plots show middle quartiles).
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Mean % Change
(SD in Parenthesis)

F (p)

Pairwise t
(Bonferroni Corrected p in Parenthesis)

Metropolitan Urban/Resort Dispersed Metropolitan-
Urban/Resort

Metropolitan-
Dispersed

Urban/Resort-
Dispersed

Q1 2019 to Q1 2020 1 −31.3 (33.9) −27.4 (23.9) −25.9 (19.6) 4.271 (0.014) 2.244 (0.075) 2.872 (0.012) 0.977 (0.986)
Q2 2019 to Q2 2020 1 −83.4 (13.0) −80.5 (20.2) −71.3 (22.3) 42.745 (<0.001) 2.147 (0.096) 8.311 (<0.001) 7.688 (<0.001)
Q3 2019 to Q3 2020 1 −58.7 (25.8) −39.4 (40.8) −28.9 (31.9) 64.698 (<0.001) 7.968 (<0.001) 11.331 (<0.001) 4.848 (<0.001)
Q4 2019 to Q4 2020 1 −60.4 (23.1) −40.8 (38.9) −35.2 (34.3) 49.735 (<0.001) 7.809 (<0.001) 9.752 (<0.001) 3.107 (0.006)
2019 to 2021 1 −52.4 (19.4) −33.1 (30.0) −28.3 (26.6) 78.411 (<0.001) 10.424 (<0.001) 11.981 (<0.001) 2.890 (0.012)
2019 to 2022 2 −34.4 (17.9) −21.9 (21.3) −22.2 (15.8) 46.850 (<0.001) 9.197 (<0.001) 8.262 (<0.001) −0.229 (1.000)
2019 to 2020–2022 2 −49.1 (14.0) −34.1 (21.6) −29.6 (18.2) 89.866 (<0.001) 10.891 (<0.001) 13.014 (<0.001) 3.726 (0.001)

1 N = 1426; 2 N = 1350.

There were notable differences in the rates of changes and relations between various
types of destinations between countries. The most remarkable declines during the entire
period were typical for most East and Southeast Asian countries, with the slightest reduction
in visits in the USA, Russia, and Australia (Figures 3 and 4). More significant drops in
visits to metropolises than to other destinations were visible in most countries. Still, the
size of that difference and relations between urban/resort and dispersed destinations
varied between countries. Generally, the difference between metropolitan and dispersed
destinations was strongest in countries with the slightest decline in reviews. The falls in
tourism trips in countries changed over time following the dynamics of the pandemic
(Figure 5).

The results of the linear mixed-effects model (Table 8; Figure 6) confirm the significant
and stable impact of both controlling variables (local policy stringency and the level of
internationalisation of tourism destinations) on the fall in tourism periods in most of the
analysed periods. Apart from the intercept decrease in tourism visits by 45.6–37.7% in
the years 2020–2022 compared to 2019, the increase in policy stringency by one standard
deviation reduced tourism arrivals by an additional 0.4 to 3.5%. The impact of sanitary reg-
ulations was more visible in the first year of the pandemic, and later declined, but remained
significant. One standard deviation increase in country and destination dependency on
international tourism added a further 0.8–5.9% and 3.2–5.6%, respectively, to that drop.
The effects of the share of international tourists were particularly strong between Q3 2020
and the beginning of 2021. Metropolitan destinations had a 7.5 to 12.4% additional loss in
tourism visits compared to urban/resort destinations, confirming the first hypothesis. This
effect increased with time until 2021 and then started to decline. On the other hand, no
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significant difference has been noticed between dispersed and urban/resort destinations
during any period, so the results have not supported the second hypothesis.
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Table 8. Results of the linear mixed-effects models explaining the decrease in the number of reviews
in destinations compared to 2019.

Q1 2020 Q2 2020 Q3 2020 Q4 2020 2021 2022 2022–2020

N 1426 1426 1426 1426 1426 1350 1350

Fixed effects coefficient
estimates (95% confidence intervals):
Intercept −28.4, −22.3 −84.8, −79.1 −56.4, −44.0 −54.7, −42.6 −48.5, −38.2 −33.0, −24.5 −45.6, −37.7
CGRT Stringency Index for respective
period (standardised) −10.5, −5.4 −5.4, −2.8 −12.2, −6.3 −7.3, −1.8 −5.6, −1.7 −5.7, −0.5 −3.5, −0.4

Country dependence on international
tourism (standardised) −5.0, −0.2 −5.7, −2.2 −12.5, −4.7 −9.8, −2.2 −5.9, 0.5 −5.4, 0.6 −5.9, −0.8

Destination dependence on international
tourism (standardised within countries) −3.5, −0.3 −5.8, −3.7 −12.5, −4.7 −10.4, −6.6 −7.9, −4.7 −1.6, 1.0 −5.6, −3.2

Destination type: Metropolitan
(reference level: Urban/resort) −7.0, 0.3 −5.0, −0.4 −17.9, −8.3 −20.1, −10.6 −15.2, −8.9 −10.7, −5.4 −12.4, −7.5

Destination type: Dispersed (reference
level: Urban/resort) −3.2, 2.2 −0.3, 3.1 −5.2, 2.1 −3.2, 3.3 −3.1, 1.8 −4.3, 0.3 −2.9, 1.0

Random effects for countries (SD):
Intercept 10.8 13.3 29.0 29.4 26.3 20.1 19.2
Destination dependence on international
tourism (standardised within countries) 3.7 3.1 3.6 5.9 6.2 4.1 4.2

Destination type: Metropolitan
(reference level: Urban/resort) 8.4 7.2 14.3 15.7 11.4 7.7 8.1

Destination type: Dispersed (reference
level: Urban/resort) 1.4 2.6 1.8 4.0 4.6 4.4 3.4

Residual 19.9 10.7 21.5 19.7 11.8 11.3 9.1ISPRS Int. J. Geo-Inf. 2023, 12, x FOR PEER REVIEW 12 of 21 
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The analysis of random effects in the models gives insight into the model quality
and possible sources of variability not included in the models. Both group random effects
and residuals have grown with time until the beginning of 2021, indicating the growing
variation in the effects of the current crisis on countries and destinations through 2020.
They were lower in 2022 than in the previous year, showing the reduction in such variation
in the latter phase of the pandemic. The comparison of group random intercepts shows
that destinations in countries of Asia and, to a lesser extent, Africa and South America
experienced greater drops in Airbnb reviews than the models predicted. It may be an effect
of an actual larger decrease in tourism activity or only in Airbnb activity in these countries.
Asian countries also had lower negative effects of metropolitan character than American
and European destinations.

4. Discussion

The paper analysed the change in tourism arrivals to 1426 sub-national destinations
during the COVID-19 pandemic. The results indicate that the magnitude of the decrease in
tourism visits highly varied between countries and destinations within individual countries.
The differences grew during successive stages of the pandemic: in Q2 2020, tourism arrivals
to many destinations were close to zero, and later most destinations experienced gradual
recovery, yet the numbers of visits remained below the pre-pandemic levels until 2022.
After controlling for the impact of the stringency of sanitary regulations and destinations’
dependency on international tourism, metropolitan destinations proved to be more affected
than others. Even though bivariate analysis supported the difference between concentrated
urban/resort destinations and dispersed rural destinations, the second hypothesis was no
longer endorsed by the final model: the apparent difference between concentrated and
dispersed destinations results from confounding factors, specifically the importance of
international tourism, which is typically lower in rural destinations, rather than an actual
change in tourist preferences.

4.1. The Role of Restrictions and Destination Internationalisation

The effects of the stringency of disease containment measures were most visible at
the first stage of the pandemic when local pandemic developments and restrictions had
more impact on tourism activity in destinations than the global situation [48,50]. After
some time, when the pandemic spread around the world, the crisis was largely globalised
and de-territorialised, so other characteristics of destinations (location, internationalisation)
played a more important role than current country regulations in predicting the effects for
a destination. However, even in the second and third years of the pandemic, the stringency
of restrictions still played a role in hindering tourism recovery [78]. Indeed, while most
countries have ended the emergency phase of the pandemic, the results show that the
impact of restrictions on destination visitation is waning, even though COVID-19 variants
are predicted to remain a health threat [79].

The findings clearly show that the pandemic caused a more substantial decline in in-
ternational than domestic tourism. Even after most restrictions were eased in many parts of
the world, strongly internationalised destinations lost more tourists than others. In contrast,
many domestic-oriented destinations experienced a growth in tourist visits. These changes
may have been influenced not only by the presence of international mobility restrictions but
also by tourism ethnocentrism [80], fear and anxiety associated with international travel,
and public policies designed to invigorate domestic tourism [18,20]. However, the results
suggest that the effects of the internationalisation of tourism on destination visitations
decline over time. We can speculate that the pandemic has not triggered a long-term trend
of reducing the role of international tourism. Hence, we may doubt that switching to
domestic destinations will contribute to mitigating negative environmental externalities of
tourism through reduced transport-related greenhouse emissions [81,82].
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4.2. Towards Tourism De-Metropolisation

The first decades of the 21st century witnessed a dynamic growth of tourism. Urban
tourism destinations stood out as the fastest-growing territorial segment of tourism, at least
in Europe. It was caused, among other reasons, by the growth in business and cultural
tourism, the development of low-cost airline offers and urban marketing efforts [21,22]. Our
results show that major cities have lost the highest proportion of visitors since the pandemic
began. This effect decreased in the second and third years of the crisis. However, while the
effect of restrictions and destination internationalisation has faded away at the end of the
study period, metropolitan destinations remain at lower visitation levels than other areas.
Hence, we claim that we may witness a significant and long-term transformation in the
role of tourism in major cities. In this regard, the current crisis in the tourism system may
lead to its states being profoundly altered instead of simply returning to the pre-pandemic
state [83,84]. Tourism de-metropolisation may not be only a short-term trend.

The reasons for the decrease in metropolitan tourism are the forecasted permanent
decline in business trips and events due to the expansion of telework and e-meetings [28,29],
the change in consumer preferences, and industry adaptation processes [85]. Early post-
pandemic studies signal that online meetings that replaced in-person contacts during the
pandemic will substitute a part of work-related trips after the end of an emergency [86].
In addition, remote work popularised during the pandemic will remain more common
than before the pandemic [87,88]. Remote work will not necessarily reduce total mobil-
ity as leisure trips and non-everyday work-related travel may compensate for reduced
commuting [89,90]. Hence, to understand the long-term impacts of the pandemic on city
tourism, particularly business trips, it is crucial to study the whole spectrum of forms
of mobility.

The results point to international differences in pandemic effects on city visitations.
Countries with a profound overall decrease in tourism, particularly in Asia, also had lower
differences between effects on urban and non-urban destinations. Investigation of regional
characteristics of urban tourism dynamics thus remains a challenge.

Temporal or more permanent reduction in some segments of metropolitan destinations
could help them to alleviate the negative impacts of untamed tourism growth labelled
recently as overtourism [91–93]. Therefore, tourism de-metropolisation, primarily via
reducing short trips to the most popular urban destinations facilitated by cheap flights
and short-term rentals, may redirect the evolution of urban tourism to a more sustainable
path [25,94,95].

The results of the study may not only be extrapolated to overall tourism. They can
also inform on the dynamics of the use of short-term rental platforms, an essential topic
of discussion on modern urban housing markets and the quality of life in tourist cities.
At the beginning of the pandemic, scholars suggested that flats would be returned from
the short-term into the long-term rental market [96], reducing rent inflation caused by the
expansion of tourist rentals. Some empirical studies did show landlords switching between
short-term and long-term rental markets, adjusting to current market conditions [97,98].
It is indirectly supported by the current study’s conclusion on a disproportional decrease
in the use of short-term rentals in major cities. On the other hand, property owners and
property management companies use the current situation to expand their flexible housing
management practices from short-term to long-term rentals. They thus pave the way for
deeper flexibilisation, platformisation and internationalisation of property management
that would further commodify housing [97,99]. Hence, like the composition of mobilities,
the broad spectrum of housing use and governance, including new hybrid forms, will
shape the long-term dynamics of metropolitan futures.

4.3. No Tourism De-Concentration

Early studies on the change in tourists’ behaviour during the pandemic showed
an increased interest in rural tourism destinations [32–34]. It could be partially attributed
to the restrictions on international travel and increased interest in domestic destinations.
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This apparent turn towards tourism de-concentration was viewed as an opportunity for the
sustainable future of tourism to be reoriented to secondary destinations from overcrowded
coastal resorts [14]. The study’s results confirm this trend only at the initial stage of hard
lockdowns in Q2 of 2020. They do not support the general behavioural change of leisure
tourists towards seeking less densely populated and more natural rural destinations, as
predicted based on survey research during the pandemic. On the contrary, tourism-oriented
towns and resorts reclaim tourist interest at the same pace as dispersed destinations.
Tourism seems to remain a concentrated and spatially uneven phenomenon [53].

4.4. Limitations of the Study and Methodical Implications

The major limitation of the interpretation of the results stems from using a two-step
approximation to translate the number of Airbnb reviews into Airbnb stays and then to
all tourist visits. The use of review counts as a proxy for transaction data is sometimes
criticised [100]. It may not directly inform on the number of stays, as some visits may not
have resulted in a review. Notably, during the pandemic, people may have been less willing
to leave the review due to the negative perception of travel as socially irresponsible be-
haviour, particularly in the more collectivistic societies [101,102]. There are also limitations
of the web-scraping technique that make the results non-reproducible [103].

More importantly, Airbnb stays may not be representative of total tourism visits.
There are differences between countries regarding the popularity of Airbnb service, within-
country location patterns, and the structure of users by nationality [55]. However, these
reservations limit the possibility of generalising on the absolute number of tourist visits,
not changes in tourist activity. As we have proven, changes in reviews correlate well with
register-based tourism statistics, at least at the beginning of the pandemic. Moreover, due
to the construction of a linear mixed-effects model, international differences in Airbnb
use patterns did not affect the results. Hence it was justified to use these data to verify
the assumed hypotheses. However, a potential limitation stems from the change in the
relative use pattern of Airbnb during the pandemic. Data analytics show that short-term
rental supply adjusted more flexibly to the drop in demand than hotels [49,104], yet the
use indicators recovered more quickly from their lowest numbers than in the case of
hotels [85,105]. Airbnb listings were also reported to be used for long-term stays [106],
but studies show that new uses (such as home-office or quarantine sites) did not have
a significant share in the platform use [49]. The use of online travel applications may have
generally increased during the pandemic due to the accelerated trend of digitisation of
consumer behaviour. All this limits the generalisability of the results beyond the testing of
the hypothesis. For example, it is impossible to precisely estimate the depth of decrease in
tourism arrivals based only on Airbnb data.

Further limitations refer to the construction of independent and controlling variables.
We used partially arbitrary criteria to distinguish the three types of destinations. Different
criteria for defining metropolitan cities, tourist cities/resorts and dispersed destinations
could potentially lead to different results. The first category contains cities of various sizes
and positions in the hierarchy of global cities. The second category may be particularly
controversial. It includes both typical monofunctional tourist resorts and multifunctional
middle-sized cities. Finally, the third category may not contain the most dispersed ru-
ral destinations with less than 100 Airbnb listings—a subjective threshold required to
obtain sufficient representative data using web scraping. However, the possibility of
distinguishing the spatial-functional types of destinations on a global scale is limited by
data accessibility. There are also significant differences in settlement structures and the
perception of crowding across countries.

The Oxford Coronavirus Government Response Index is widely used as an explaining
variable in tourism studies [107–109] because it is the only quantitative database on restric-
tions on such a spatial and temporal range and resolution. Nevertheless, it shares common
problems of numeric data, e.g., it does not acknowledge intra-national and intra-regional
differences, while some restrictions were imposed in individual cities. It is also based
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on official policy statements that cannot acknowledge international and intra-national
differences in obedience to the imposed restrictions.

Furthermore, the metrics of the reliance of destinations on international tourism may
be contested. WTTC statistics on tourism income do not directly correlate with the number
of tourism visits. Using languages to distinguish international tourism, even though also
used in other studies [110], proves to be efficient in most non-English speaking countries
but not so much in non-English-speaking countries or countries whose destinations have
specific and different mixes of foreign visitors, such as Austria.

Despite these limitations, the study proves the usefulness of big-data methods in
studying and interpreting the transformations in human mobility caused by the current
pandemic. In the future, using official statistics combined with big-data sources may help
to cope with the limitations of the two types of data in providing even more accurate and
internationally comparative insight into the spatiotemporal effects of the pandemic on
tourism destinations. Future studies should also monitor the transformations caused by
the further development of the pandemic and other crises, such as the war in Ukraine and
the imminent climate crisis.

5. Conclusions

The study presented the impact of the COVID-19 pandemic on worldwide tourism
destinations. Using big data on Airbnb offers to quantify the decrease in tourism arrivals
in 1426 destinations between 2019 and 2022, we proved that metropolitan destinations
lost more tourists than dispersed and urban/resort destinations. The trend of tourism
de-metropolisation may continue after the pandemic. In addition, sanitary restrictions
and destination reliance on international tourism also negatively affected their visitation.
However, the effects of these factors declined over time. The study contributes twofold to
the existing knowledge and debate on the impact of the pandemic on mobility and tourism.
First, it provides a detailed description of the trajectories of the tourism crisis in sub-national
destinations worldwide. Such data can help assess the losses and design targeted policies
for supporting tourism recovery. Second, the knowledge of the general differences in the
effects of the pandemic on various categories of destinations may support predicting long-
term transformations in post-pandemic tourism behaviour and, thus, long-term planning
of transport and tourism infrastructure.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/ijgi12040139/s1, data in SHP format (covid_destinations_data.zip).
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