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Abstract: Our exploratory research focuses on the possible relations between tourism and the mobility
of people, using short longitudinal data for mobility dimensions during the COVID-19 pandemic.
One of these is real-time, exhaustive type data, published by Google, about the mobility of people
in six different dimensions, (retail, parks, residential, workplace, grocery, and transit). The aim
is to analyze the directional, intensity, causal, and complex interplay between the statistical data
of tourism and mobility data for Romanian counties. The main objective is to determine if real-
world big data can be linked with tourism arrivals in the first 14 months of the pandemic. We
have found, using correlations, factorial analysis (PCA), regression models, and SEM, that there
are strong and/or medium relationships between retail and parks and overnights, and weak or no
relations between other mobility dimensions (workplace, transit). By applying factorial analysis
(PCA), we have regrouped the six Google Mobility dimensions into two new factors that are good
predictors for Romanian tourism at the county location. These findings can help provide a better
understanding of the relationship between the real movement of people in different urban areas and
the tourism phenomenon: the GM parks dimension best predicts tourism indicators (overnights),
the GM residential dimension correlates inversely with the tourism indicator, and the rest of the
GM indices are generally weak predictors for tourism. A more complex analysis could signal the
potential and the character of tourism in different destinations, by territorially and chronologically
determining the GM indices that are better linked with the tourism statistical indicators. Further
research is required to establish forecasting models using Google Mobility data.

Keywords: mobility; tourism; Google Mobility data; Romania; COVID-19; big data; statistical
modeling; structural equation modeling

1. Introduction

Tourism in Romania is a dynamic and well-developed service sector, with mountain [1]
and seaside (the Black Sea Coast) destinations, ski resorts [2], health resorts with mineral
and saltwater treatments, the Danube Delta, and cultural heritage sites, specifically located
in the Moldova and Transylvania regions [3].

The number of overnights were around 44 million/year in 1990; this dropped to
16 million in 2010, but had recovered up to 30 million overnights in 2019 [4]. A total of 82%
of these overnights were produced by domestic tourists, and most of the 5.3 million foreign
tourist overnights (around 4 million) were spent in the capital of Bucharest and in other
cities and county seats [4].
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In 2020, the COVID-19 pandemic brought devastating setbacks for Romanian tourism:
while globally, tourism arrivals decreased by 73% (to 37% of the previous year), in 2020
compared to 2019, according to the UNWTO [5] data dashboard, in Romania, this downturn
was even more dramatic: tourist arrivals decreased by 83% in 2020 compared to 2019,
according to the same source. The national statistics show that overnights in Romania
decreased to 48% in 2020, compared to the previous year, but foreign visitors’ overnights
dropped even more, to a level of 19% of those recorded for the year 2019 (thus, in 2020,
only 6.8% of the total overnights came from foreign visitors) [4]. The impact of COVID-19
on human mobility varied significantly by country and place [6].

The research on tourism in Romania is based, to a large extent, on traditional statistical
data (often not so accurate, due to reporting deficiencies) or on questionnaire-based primary
research. In some research articles recently published about tourism in Romania, counting
only the first ten search results from Google Scholar, for relevant articles published after
2018, six were based on questionnaires with tourists [7–13], three were based on case
studies [14–16], and one was based on statistical data analyzed using GIS methods [17].
There were no articles found using big data or other data obtained from new technologies,
such as mobile phone tracking data, application downloads, debit card records, social
media data, or other location/mobility data providers) for Romania.

In the meantime, there is an explosion of research on tourism, the mobility of people
in urban areas or between cities, using different kinds of big data. We found the following
topics related to tourism and observational data:

• Flickr photo geotagging, to estimate visitor trajectories [18] or to analyze tourist be-
havior and expectations against destinations [19], Twitter geotagging, and Foursquare
geotagging data in Japan, used to characterize locations based on the points of interest
in a neighborhood [20];

• A variety of articles based on mobile phone data, from tourist group behavior observa-
tions with call detail records (CDR) analysis [21], to passive mobile data used to study
the effects of tourism seasonality in local mobility patterns [22], to methods to discover
and cluster hotspots regarding downloaded applications by tourists [23], to innovative
mobile phone apps with integrated surveys and Global Navigation Satellite System
(GNSS) technology to examine the movements of wine tourists [24];

• A current study on tourism demand forecasting using Google trends search query
data, using autoregressive models [25] or the dynamic time warping method [26].

• A model of estimated times using the Google Maps platform to compare public
transport with traditional tourist buses and cars [27];

• The relative search volume on Google Search as a culturomic metric of public interest
to investigate the global impact of the 2020 COVID-19 pandemic on national parks [28];

• Studies applying GPS-based data in planning and demand analysis. However, cell
phone (mobile phone) GPS data have not received much attention [29], especially for
tourism prediction behavior and travel patterns.

At the same time, we have a consistent amount of data about the real movement, or
mobility, of people around the world. In February 2020, Google launched COVID-19 Com-
munity Mobility Reports, and since then, these have been published every week, containing
data about the mobility of persons, aggregated at the local, county, and country level, for
six different categories: parks; transit stations; workplaces; retail and recreation places;
groceries and pharmacies, and residential areas. Data are collected on an individual level,
from the persons who set the location-determination function to ON, on their smartphones,
but, of course, the published data are available only at the community level (cities and
states, but also regions/counties regarding Google Mobility data) [26,30–33].

The use of mobility data is new; since these were made public by Google in March
2020, the use of digital content has become a powerful tool to evaluate and track macro-
scale trends in human–nature relations [28]. Despite this novelty, there have been several
articles published in the last two years, based on research which used Google Mobility.
Most of these studies deal with the spread of the COVID-19 virus and the relationship
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between this spread and the mobility of people in different types of locations, described
by the previously mentioned Google data. For example, Tamagusko and Ferreira [34]
searched for a relationship between the Rt value of the pandemic in Portugal (scale of
contagiousness) and the mobility of people, but there are other articles in this direction
as well: Irini et al. [35] claim that the retail and recreation and the workplace categories
show the strongest association to COVID-19 cases and deaths, Ibarra-Espinoza et al. [36]
found that increased mobility is related to a higher number of COVID-19 cases and deaths,
using associations made using the residential mobility index, along with data regarding
air pollution, meteorology, and daily cases and deaths of COVID-19 in São Paulo, Brazil.
Saha et al. [37] focused their study on understanding the spatial variations of mobility and
the spread of new active cases of COVID-19, pointing out that is important to its mitigation,
or to flattening the curve in future days, by targeting and tailoring area-specific policies.
There are a few articles using Google (and sometimes Apple) data for measuring social
distancing (for example Cot et al. [38], Wang et al. [6], Dobbie et al., 2022 [39], Camba Jr. and
Camba [40]) in different regions of the world, during the last two years of the pandemic.

Not only has the relationship between the pandemic and mobility been modeled
in the last two years, but the research articles also investigate various themes, from the
effects on transportation [41] to the effects on tourism. This latter subject is approached
by Yang A. et al. [42] by comparing three of the Google Mobility dimensions (retail and
recreation, Parks, and transit stations), in nine different cities worldwide, with tourism and
hospitality numbers obtained from Mastercard data. They concluded that cities reacted
differently to the introduction of restrictions, and there is a statistical change-point in the
evolution of mobility. Moreover, it is stated by these authors, at the end of their article, that
a relationship can be made between tourism volumes and mobility, but for some reason,
they presume that the tourism data could predict the changes in mobility, not vice versa, as
we hypothesize in this research.

Of course, other articles dealing with tourism in the COVID-19 and post-COVID-19 era,
mostly about the effects of the pandemics, are plentiful, as Yang Y. et al. [43] summarized.
They found 249 articles in five key themes, up until January 2021, which are: psychological
effects and behavior; risk perceptions, well-being, and mental health; motivation and be-
havioral intention; responses, strategies, and resilience; and organization and government.
This latter theme includes the economic effects, and within that, the authors also identified
tourism forecasting. Geng and her co-authors [44] underline the importance of parks in the
time of restrictions for the mental and social well-being of the population. They measured
park visitations with the data obtained from Google’s Community Mobility Reports and
the Oxford Coronavirus Government Response Tracker.

Overall, the potential of the Google Mobility data has been discovered, but has mostly
been directed towards solving the problematics of the latest pandemics and its social effects.
The economics, and subsequently, the tourism connections of mobility, the movement
of people within a region or country, in different types of locations, has not yet been
approached. Obviously, we have seen real time big data used for forecasting, for example,
in which Google Trends data has applied.

Our inquiry aims to find a strong relationship between the six different dimen-
sions of movement, measured by Google and the tourist arrivals, within a timeframe
of 12–14 months, depending on the dimensions compared. We assumed a strong corre-
lation between mobility and tourism, but the details regarding the different dimensions
of mobility, and the differences between correlations, are useful for further research, and
eventually, for nowcasting models as well.

As methods, we compared the longitudinal data regarding the mobility dimensions
county-level data in Romania with tourism arrivals, available from the Romanian Statistical
Office [4]. In one case we also compared the daily data of the two mobility sources with the
Google Mobility data [26,30,31], and we found strong correlations in all cases analyzed.

Our main purpose is to construct a predictive model for Romania using only Google
Mobility data, since Apple mobility data it not available for Romania. According to the
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purpose and main objectives of the study, this research/analysis was conducted as a specific
analysis at the national level for all 41 counties (and Bucharest) included in the study using
monthly data (transformed by the authors from daily data, presented as monthly averages).
The research flowchart is presented in Figure 1.
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Figure 1. The research flowchart.

2. Materials and Methods

The main variables/inputs in the study were collected as follows:

1. Daily mobility data collected from Google Mobility Community Reports (6 mobility
indices) from March 2020 to April 2021 (Table 1) for all 41 Romanian counties and
Bucharest. These daily data were transformed into monthly data, by calculating
the monthly mean average, for every county and each month, for each of the six
dimensions of Google Mobility data.

2. Overnight stays (number) monthly data collected on the number of nights spent in
tourist accommodations by residents and nonresidents in every Romanian county
and Bucharest, obtained from the Romanian Institute of Statistics [4] Tempo Online
database. We transformed these data into relative indicators, which have a fixed base
for February 2020 because the mobility indicators also have this form.

In Table 1, we present a short description of the mobility data according to Google
reports. Regarding the representativeness of the data, this research is exhaustive.
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Table 1. Short description of Google Mobility (GM) data.

Name Short Description, According to Google

GM Retail and
Recreation

Mobility trends for places such as restaurants, cafes, shopping
centers, theme parks, museums, libraries, and movie theaters.

GM Grocery and Pharmacy
Mobility trends for places such as grocery markets, food

warehouses, farmers markets, specialty food shops, drug stores,
and pharmacies.

GM Parks Mobility trends for places such as local parks, national parks,
public beaches, marinas, dog parks, plazas, and public gardens.

GM Transit Stations Mobility trends for places such as public transport hubs—subway,
bus, and train stations.

GM Workplace Mobility trends for places of work.

GM Residence Mobility trends for places of residence.
(Source: adapted by the authors based on the information from [30,31]).

As shown in Figure 1, the flowchart of the present research, the following statistical
methods have been used to analyze the relationship between tourism intensity (reflected by
the nights spent in accommodation units) and the mobility of people (reflected by Google
Mobility indicators):

1. Descriptive statistics (mean ± standard deviation) for Google Mobility indices and
for overnights as a fixed base index at the national level, regarding the 41 Romanian
counties, to analyze if positive and/or negative differences exist for the analyzed
period and to establish which statistical methods should be used.

2. Explore Outliers to find the extreme values for variables and to find the counties
with the highest and lowest values. The main objective of this analysis is to ex-
plain a link between the most touristic Romanian counties and activities during the
COVID-19 pandemic.

3. One-Sample Kolmogorov–Smirnov Test to test the normal distribution of the data/
variables to apply the adequate statistical methods according to the results.

4. The Spearman correlation to analyze the direction, power, and statistical significance
of the association between variables, respectively, of all the GM6 and overnights
for the monthly data of 41 Romanian counties. The heat map was used for a better
visualization of the correlations (Figure 2 from the next section).

5. An overall regression model (with collinearity analysis/statistics) with Enter and
Forward methods applied to all mobility indices, as independent variables, and
overnights as a fixed base index dependent variable, to determine/find the best and
statistically significant predictors of Romanian tourism during the pandemic;

6. A group of methods using all the mobility indicators (GM6), respectively:

a. Factor analysis (PCA—Principal Component Analysis with Varimax rotation)
to reduce the 6 variables (GM6 indices) to a smaller number of factors that
explain a significant percentage of the total variance (at least 70%) and to
determined, for the pandemic era, how mobility indicators were grouped and
which of them better explained the total variance, overall, for Romania; those
selected remained in the study;

b. A specific regression model with Enter and Forward methods using the factors
from factorial analysis (PCA) as independent variables and overnights as fixed
base index dependent variable to validate (or not) the overall regression model
used in point 5.

7. Structural Equation Model (SEM) framework with SPSS—AMOS software was used
to investigate the direct and indirect effects of independent variables, the Google
Mobility data [33], on the dependent variable (overnight stays, as a fixed base for
February 2020) considering the intervening effects of the mediators. This method
was used by Rahman et al. [33] at the early stage of the pandemic to find a pattern in
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changing mobility of people from 88 countries around the world, and we used this
method for all 41 counties (and Bucharest) of Romania. Rahman et al. [33] used only
four of the six Google Mobility data dimensions, respectively: retail and recreation,
transit, workplace, and residential, without parks, and grocery and pharmacy.
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Figure 2. Time series for variables.

For statistical analyses, SPSS 23.0 (licensed), Microsoft Excel, and AMOS Graphics
22.0 (licensed) were used. The statistical methods from the above-mentioned points 4 and
5 analyzed which of the Google dimensions are more associated and better predict one of
the most important indicators in tourism, overnight stays. We opted for regression models
as predictor identifiers due to the systematic review of big data-based urban locations made
by Kong et al. [45], who mention regression models as one of the most used methods for
big data analysis in the research of Atalay and Solmazer [46].

3. Results and Discussions

In this paragraph, we present the results of the specific analysis for Romania at the
national level, using only the Google Mobility indices, collected for all 41 Romanian
counties and Bucharest. The Apple Mobility indices are not reported in detail for each
county; therefore, we decided not to include these in the study. To measure the tourism
activity during the same period (March 2020–April 2021), we also used the overnight stays
(number) and the overnight stays with a fixed base (with February 2020 as the fixed base).
The descriptive statistics at the national level are presented in the Table 2.

From the above data, it is observed that, on average, at the level of Romanian counties,
the largest decreases in Google mobility indices were registered for Google mobility work-
place (−22.4%), Google mobility retail (−20.6%), and Google mobility transit (18.4%). The
only positive evolution is for Google Mobility Residential (+3.4%).

Regarding the overnight stays as a fixed base index (February 2020), at the level of the
Romanian counties, there was an average decrease of 12.08%, the mode being 97.08%, but
with very large standard deviations from the average (±43.06%). Analyzing the percentiles,
only 25% of the counties registered decreases in the overnight stay index below 67%, half
of them (median) having a decrease below 43%.
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Table 2. Descriptive statistics for research variables.

Overnight Stays
with Fixed Base
(February 2020)

GM Retail and
Recreation

GM Grocery
and Pharmacy

GM
Parks

GM
Transit

GM
Workplace

GM
Residential

N
Valid 588 588 588 588 588 588 588

Missing 0 0 0 0 0 0 0

Mean −12.0848 −20.6341 −2.7355 −0.6163 −18.4154 −22.3845 3.3875
Median −43.0650 −20.8750 −0.5100 −10.5150 −20.0050 −20.5300 2.1600
Mode −97.08 −31.19 −36.87 −18.10 −36.52 −18.55 −0.97

Std.
Deviation 195.4267 19.16961 14.21939 46.20203 21.92626 9.33088 5.32048

Minimum −99.90 −73.50 −50.77 −76.70 −71.37 −58.77 −4.93
Maximum 2765.38 66.06 45.13 643.67 101.53 0.00 24.33

Percentiles

25 −66.7625 −30.7250 −10.8250 −23.5875 −31.2250 −26.1150 −0.7475
50 −43.0650 −20.8750 −0.5100 −10.5150 −20.0050 −20.5300 2.1600
75 −15.3875 −9.3550 6.1300 10.7300 −7.3300 −15.9000 6.4450

(Source: own calculations).

The time series for the period of March 2020–February 2021, for all the variables from
the research, are presented in the Figure 2, along with the trendline for overnights as a fixed
base for February 2020.

The Explore Outliers analysis points out that according to (Table 3), the highest values
for overnight stays were for the Danube Delta and the Black Sea seaside (Constant,a and
Tulcea counties). The lowest values for overnights belonged to Bras, ov, Mures, , Prahova,
and Vâlcea, counties that usually are the most visited outside of the pandemic era. The
highest values for Google mobility parks emphasized counties like Constant,a, Harghita,
and Tulcea; the lowest values belonged to the Romanian capital Bucharest, as well as
Bras, ov, Sibiu, Timis, , and Sălaj. The highest values for Google mobility retail and recreation
are from Constant,a, Tulcea, and Caras, Severin, and the lowest values were for Bucharest,
Cluj, Suceava, and Bras, ov Ias, i; the counties boasting the bigger malls and larger number of
retailers. For variable Google mobility residential, the highest values belong to Bucharest,
Ilfov (near to Bucharest), Cluj, Timis, , and Bras, ov. The lowest values for this mobility data
are from the following counties: Vrancea, Bistrit,a, Gorj, Botos, ani, and Olt.

We tested the normality of the data distribution with the One-Sample Kolmogorov–
Smirnov test using Lilliefors significance correction. None of the eight variables from the
study registered a normal distribution for the analyzed period, which is explained by the
continuous adaptation of the restriction measures related to mobility, more accentuated
at the beginning of the period (lockdown in March 2020) and adapted according to the
evolution of the incidence rate for each county.

The Spearman’s rho correlation coefficients are presented in the following heat map
(Figure 3), and the statistically significant value are marked (red color for negative correla-
tions and blue color for positive correlations).
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Table 3. Extreme values.

Overnights as Fixed Base Index
(February 2020) Google Mobility Parks Google Mobility

Retail and Recreation
Google Mobility

Residential
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1 224 Constant,a 2765.38 224 Constant,a 643.67 224 Constant,a 66.06 84 Municipiul
Bucures, ti

24.33

2 182 Constant,a 2180.56 182 Constant,a 470.57 182 Constant,a 63.03 67 Ilfov 23.67
3 248 Tulcea 1699.36 266 Constant,a 151.75 248 Tulcea 43.31 55 Cluj 21.63
4 206 Tulcea 1256.62 231 Harghita 150.50 206 Tulcea 34.52 79 Timis, 20.67
5 290 Tulcea 1026.23 248 Tulcea 140.56 221 Caras,−Severin 31.00 50 Bras, ov 20.03

Lo
w

es
t

1 73 Prahova −99.90 84 Municipiul
Bucures, ti

−76.70 84 Municipiul
Bucures, ti

−73.50 293 Vrancea −4.93

2 50 Bras, ov −99.89 50 Bras, ov −61.83 55 Cluj −73.43 258 Bistrit,a −4.87
3 82 Vâlcea −99.87 76 Sibiu −57.13 77 Suceava −70.93 272 Gorj −4.73
4 112 Mures, −99.86 79 Timis, −56.03 50 Brasov −69.90 259 Botos, ani −4.67

5 70 Mures, −99.86 159 Sălaj −53.93 66 Ias, i −69.70 282 Olt −4.63

(Source: authors’ own calculations).
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4 206 Tulcea 1256.62 231 Harghita 150.50 206 Tulcea 34.52 79 Timiș 20.67 

5 290 Tulcea 1026.23 248 Tulcea 140.56 221 
Caraș−Sever

in 
31.00 50 Brașov 20.03 

L
o

w
es

t 

1 73 Prahova −99.90 84 
Municipiul 

București 
−76.70 84 

Municipiul 

București 
−73.50 293 Vrancea −4.93 

2 50 Brașov −99.89 50 Brașov −61.83 55 Cluj −73.43 258 Bistrița −4.87 

3 82 Vâlcea −99.87 76 Sibiu −57.13 77 Suceava −70.93 272 Gorj −4.73 

4 112 Mureș −99.86 79 Timiș −56.03 50 Brasov −69.90 259 Botoșani −4.67 

5 70 Mureș −99.86 159 Sălaj −53.93 66 Iași −69.70 282 Olt −4.63 

(Source: authors’ own calculations). 

We tested the normality of the data distribution with the One-Sample Kolmogorov–

Smirnov test using Lilliefors significance correction. None of the eight variables from the 

study registered a normal distribution for the analyzed period, which is explained by the 

continuous adaptation of the restriction measures related to mobility, more accentuated 

at the beginning of the period (lockdown in March 2020) and adapted according to the 

evolution of the incidence rate for each county. 

The Spearman’s rho correlation coefficients are presented in the following heat map 

(Figure 3), and the statistically significant value are marked (red color for negative corre-

lations and blue color for positive correlations). 
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nights as a fixed base index. The highest value is between GM residential and GM 

Figure 3. The heat map for correlations of Google Mobility indices. (Note: ** statistically significant
for p < 0.001).

According to the results from Figure 3, it can observe that:

• The GM residential data negative correlates with all the GM indicators and overnights
as a fixed base index. The highest value is between GM residential and GM retail
and recreation (−0.840), follow by GM residential and GM grocery and pharmacy
(−0.812); this means that all the Google Mobility data that measures the movement of
people during the pandemic and exhibits strong negative correlations between these
indices. Additionally, there are strong negative correlations between GM residential
and overnights (−0.713) and between GM residential and GM transit (−0.755).
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• There are strong positive (direct) correlations between GM grocery and pharmacy
and GM retail and recreation (+0.822), and between GM transit and GM retail and
recreation (+0.801).

• There is positive correlation, with a medium to strong intensity, between GM parks and
GM retail and recreation (+0.693), GM retail and recreation and overnights (+0.651),
GM workplace and GM retail and recreation (+0.669), and GM transit and GM grocery
and pharmacy (+0.668).

• There is a medium intensity, positive correlation, between: overnights and GM grocery
and pharmacy (+0.619), overnights and GM transit (+0.563), GM grocery and pharmacy
and GM parks (+0.619), and GM grocery and pharmacy and GM workplaces (+0.595).

To analyze which of the six Google Mobility indices is the best predictor for overnight
stays (as a fixed base index), we used the multilinear regression model in three variants:

• Model 1, with all six Google Mobility indices as independent variables and the
overnight stays (as a fixed base index) as the dependent variable by using the en-
ter method for the regression model;

• Models 2–4, with all six Google Mobility indices as independent variables and the
overnight stays (as a fixed base index) as the dependent variable by using the forward
method for the regression model;

• Model 5, with two factors resulted from factorial analysis (PCA with Varimax rotation
and Kaiser normalization) as independent variables and the overnight stays (as a fixed
base index) as the dependent variable.

For Model 1 (enter method), the R2 coefficient is 0.636; for models 2–4, using the
forward method, the R2 coefficients are: 0.618, 0.623, and 0.635. The ANOVA results
indicate statistical significance for all models, ranging from 1 to 4 (p-value = 0.000), for
both the enter and forward methods. The multicollinearity test indicates no collinearity,
all VIF values being between 1 and 10. The standardized beta coefficients for Model 1 are
presented in Table 4.

Table 4. Coefficients for Models 1–4.

Model
Unstandardized

Coefficients
Standardized
Coefficients t Sig.

Collinearity
Statistics

B Std. Error Beta Tolerance VIF

1 *

(Constant) 4.711 17.754 0.265 0.791
GM_ Retail and Recreation 2.044 0.699 0.201 2.925 0.004 0.133 7.505
GM_Grocery and Pharmacy 0.911 0.757 0.066 1.203 0.229 0.206 4.844

GM_Parks 3.105 0.148 0.734 21.048 0.000 0.515 1.941
GM_Transit 0.234 0.343 0.026 0.682 0.496 0.422 2.367

GM_Workplace 0.045 0.885 0.002 0.050 0.960 0.351 2.847
GM_Residential 10.363 2.148 0.282 4.825 0.000 0.183 5.456

2 ** (Constant) −10.035 4.983 −2.014 0.044
GM_Parks 3.326 0.108 0.786 30.819 0.000 1.000 1.000

3 ** (Constant) −19.125 6.055 −3.159 0.002
GM_Parks 3.462 0.119 0.818 29.041 0.000 0.812 1.232

GM_Residential 2.708 1.035 0.074 2.616 0.009 0.812 1.232

4 ** (Constant) 11.671 9.220 1.266 0.206
GM_Parks 3.091 0.145 0.731 21.351 0.000 0.534 1.873

GM_Residential 8.955 1.753 0.244 5.108 0.000 0.274 3.644
GM_ Retail and Recreation 2.529 0.578 0.248 4.379 0.000 0.195 5.132

Notes: * enter method; ** forward method. (Source: authors’ own calculations).

The regression model shows, based on unstandardized coefficients values, shows
(Equation (1)):

• upon increasing with 1 unit of GM_Parks, the overnights increase with 3.105,
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• upon increasing with 1 unit of GM_ Retail and Recreation, the overnights increase with 2.044
• upon increasing with 1 unit of GM_ Residential, the overnights increase with 10.363.

We will correct the mathematical sign in the regression equation, since all the means
are negative (Table 3), and only the GM residential is positive. Moreover, the GM residential
data is powerfully negatively correlated with all variables in the study (Figure 3). Therefore,
the correct regression equation is presented as follows, based on Model 1 using the enter
method, Equation (1), and Model 4 using the forward method, Equation (2):

Overnights as fixed base index (Febr. 2020) = 11.671 + 2.044 GM_ Retail and Recreation + 0.911 GM_Grocery and
Pharmacy + 3.091 GM_Parks + 0.234 GM_Transit + 0.045 GM_Workplace − 10.363 GM_Residential

(1)

Overnights as fixed base index (Febr. 2020) = 11.671 + 3.091 GM_Parks + 2.529 GM_ Retail and Recreation −
8.955 GM_Residential

(2)

The histogram (Figure 4), the normal P-P plot (Figure 5), and the regression residual
plot—homoscedasticity and linearity (Figure 6) are presented below.
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As shown in Table 4, three of the six Google Mobility indices are good predictors and
are statistically significant for overnight stays as a fixed base (February 2020), in order
of importance according to values of the standardized beta coefficients and based on the
relative strengths of our predictors:

1. Google Mobility Parks (p-value = 0.000, standardized beta coefficients = 0.734),
2. Google Mobility Residential (p-value = 0.000, standardized beta coefficients = 0.282), and
3. Google Mobility Retail (p-value = 0.004, standardized beta coefficients = 0.201).

Figures 7–9 represent the regression line for each of the statistically significant pre-
dictors for overnights as a fixed base for Romania during March 2020–April 2021, with
the dependent variable increasing in regards to the Google Mobility parks and Google
Mobility retail and recreation and decreasing in regards to Google Mobility residential.
Figure 10 presents the scatter plots for overnights as the dependent variable and Google
Mobility parks as the independent variable for each month to emphasize that during the
well-known time for holidays, the variations of overnights are explained regarding GM
parks as follows: for April 2020, 37% (R2 = 0.368), for July 2021, 78% (R2 = 0.781), and for
August 2021, 72% (R2 = 0.716), according to data from Figure 10.
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By applying the factorial analysis (PCA), the total variance explained by the Google
Mobility indices is 84.75%, but we chose the number of factors (principal components)
manually. The rotated component matrix is presented in Table 5, and the component plot is
shown in Figure 11. Thus, according to these:

• The principal component PC1 includes five of six Google Mobility indices: Google
Mobility residential, Google Mobility workplace, Google Mobility grocery and phar-
macy, Google Mobility retail and recreation, and Google Mobility transit. These factors
explain 60.34% of the total variance;

• The principal component PC2 includes only one index, Google Mobility Parks and
explains 24.4% of the total variance.
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Figure 10. Monthly linear regression for overnights.

Table 5. Rotated Component Matrix a.

Component

PC1 PC2
Google Mobility Residential −0.911 −0.236
Google Mobility Workplace 0.891 0.092

Google Mobility Grocery and Pharmacy 0.850 0.326
Google Mobility_ Retail and Recreation 0.803 0.521

Google Mobility_Transit 0.762 0.309
Google Mobility_Parks 0.221 0.963

(Source: authors’ own calculations). Note: a. Rotation converged in 3 iterations; Extraction Method: Principal
Component Analysis; Rotation Method: Varimax with Kaiser Normalization a.
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The second regression model, Model 5, has a good value for R2 (0.621), and the
ANOVA test indicated that Model 5 is statistically significant (p-value = 0.000). The values
for standardized beta coefficients are presented in Table 6.

Table 6. Coefficients for Model 2.

Model
Unstandardized Coefficients Standardized Coefficients

t Sig.
B Std. Error Beta

5
(Constant) −12.085 4.972 −2.430 0.015

PC1 28.243 4.976 0.145 5.675 0.000
PC2 151.349 4.976 0.774 30.413 0.000

(Source: authors’ own calculations).

In the case of Model 5, we conclude that the second factor (PC2), consisting of the
Google Mobility Parks index is, in fact, the best predictor for overnight stays as a fixed base
index, with an appropriate value of standardized beta coefficient like that in the Model
1 (0.774), and alone explaining one-quarter of the total variance. The model shows that
when increasing with 1 unit of PC2 (Google Mobility Parks), the overnights increase by
151.349 units, and when increasing with 1 unit of PC1, the overnights increase by only
28.243 units.

For the Structural Equation Model (SEM), we proposed the following variables:

• Five observed, endogenous variables of the model: overnight stays as a fixed base,
Google Mobility retail and recreation, Google Mobility grocery and pharmacy, Google
Mobility transit, Google Mobility workplace, and Google Mobility residential, are,
in fact, the variables that composed the PC1 factors from the above analysis and the
dependent variable in the regression models;

• One observed, exogenous variable of the model: Google Mobility parks;
• Seven unobserved, exogenous variables: e1–e6 and
• Domestic.

The unstandardized estimates model from the SEM is presented in Figure 12, and the
standardized model is shown in Figure 13.
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The hypothesis for the chi-square statistics is the reduced model (overidentified); this
fits the data, as does the just-identified (full, saturated) model. The results of SEM by using
AMOS 22.0 software indicate that the chi-square statistic for the estimated model is 107.694,
df = 7 and p = 0.000. The unstandardized coefficients (estimate) and significant regression
paths (P) are presented in Table 7, based on the maximum likelihood estimates method.
The results show that all the regression paths are statistically significant for p < 0.05 for the
unstandardized model.
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Table 7. Regression Weights and Squared Multiple Correlations.

Unstandardized
p (Bias-

Corrected)

Squared Multiple Correlations

Estimate S.E. C.R. p Estimate
(Standardized)

Retail and
Recreation <— Domestic 1.000 . . . .

Grocery and
Pharmacy <— Domestic 0.700 0.018 39.135 *** 0.002 Overnights_as BF

(Febr. 2020) 0.620

Transit <— Domestic 0.755 0.053 14.248 *** 0.020 Residential 0.585
Workplace <— Domestic 0.291 0.017 17.203 *** 0.008 Workplace 0.448
Residential <— Domestic −0.189 0.010 −19.204 *** 0.012 Transit 0.542

Overnights as
BF (Febr. 2020) <— Domestic 0.483 0.202 2.390 0.017 0.242 Grocery and

pharmacy 1.120

Overnights_as BF
(Febr. 2020) <— Parks 3.206 0.119 26.959 *** 0.006 Retail and

Recreation 1.257

(Note: *** = p < 0.001). (Source: authors’ own calculations).

As Figure 13 indicates, the total effects are explained only through direct effects
(standardized), with no intervening variables involved, as follows:

• The cumulative direct effect of the latent variable Domestic and Google Mobility
parks on overnight stays as a fixed base (February 2020) indicates a value for path
coefficient = 0.620;

• The direct effect of the latent variable Domestic is (1.257) × (1.120) × (0.542) × (0.448)
× (0.585) = 0.199;

• The direct effect of mobility data Google Mobility parks is (0.620–0.199) = 0.421.

Based on the results from Table 7, column P (bias-corrected), the direct effect of the
latent variable Domestic is not statistically significant (p = 0.242).

Table 8 presents the goodness of fit statistics for the estimated model.

Table 8. Goodness-of-Fit Statistics for SEM.

CMIN RMR, GFI

Model NPAR CMIN DF p CMIN/DF RMR GFI AGFI PGFI

Default model 21 107.694 7 0.000 15.385 67.943 0.954 0.816 0.239
Saturated model 28 0.000 0 0.000 1.000

Independence model 7 3713.227 21 0.000 176.820 1444.002 0.301 0.068 0.226

Baseline Comparisons RMSEA

NFI
Delta1

RFI
rho1

IFI
Delta2

TLI
rho2 CFI RMSEA LO 90 HI 90 PCLOSE

Default model 0.971 0.913 0.973 0.918 0.973 0.157 0.131 0.183 0.000
Saturated model 1.000 1.000 1.000

Independence model 0.000 0.000 0.000 0.000 0.000 0.547 0.533 0.562 0.000

(Source: authors’ own calculations).

The results from Table 8 indicate a satisfactory estimated model using structural
equation modeling as follows (values in bold and italics in Table 8):

• CMIN (chi-squared statistic) is 107.694, and CMIN/DF (the relative chi squared) is
15.385; this means that the fit of data is reduced by only 15% by dropping one or
more paths;

• The goodness-of-fit index (GFI) is 0.954 > 0.9, and the adjusted goodness of fit (AGFI)
is 0.816, being relatively close values;

• The PGFI (parsimony GFI) of the independent model is lower than PGFI of the default
model (0.226 < 0.239);

• The normed fixed index (NFI) is 0.971 > 0.95, indicating a good fit of the estimated model;
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• The comparative fit index (CFI) is 0.973 > 0.95 and the Tucker–Lewis index is 0.918 > 0.95,
indicating a relatively good model data fit, in general;

• The root mean square error of approximation (RMSEA) is 0.157, with the lower value
for the 90% confidence interval (LO 90) = 0.131 and an upper value for the 90%
confidence interval (HI 90) = 0.183; this means only a 16% lack of fit when compared
to the saturated model.

4. Summary and Conclusions

The present research results pointed out that there is a good and determinant rela-
tionship between the domestic travel of the Romanian tourists, reflected in their real time
smartphone signals and gathered statistical data from tourism service providers, hotels,
and other accommodations and/or services. The present research related the observa-
tional data from Google, obtained from smartphone location tracking technologies of its
providers, from all the Romanian counties and Bucharest, during the pandemic months
during 2020–2021, with tourism overnights for these locations. While biases exist in popu-
lations with Google Location History (GLH) data, smartphones are making these mobility
data increasingly appropriate for a wide range of scientific questions [47]. The aim of this
research was to analyze the existence or not of a powerful/moderate/poor and stable rela-
tionship between these two types of data, throughout all Romanian locations and different
seasonal situations.

For domestic tourism regarding all 41 counties and Bucharest, we found strong and
moderate to strong correlations between: Google Mobility retail and recreation and Google
Mobility grocery and pharmacy, Google Mobility retail and recreation and Google Mo-
bility transit stations (strong correlations, statistically significant), but also between the
overnights stays and Google Mobility retail and recreation, overnights stays and Google
Mobility grocery and pharmacy, and overnights stays and Google Mobility transit stations
(moderate correlations, statistically significant). The Google Mobility residential data corre-
lates negatively and strongly with all other dimensions, signaling that when people stay at
home, they are not outdoors, so the residential data is also reliable. These results, completed
using outlier exploratory analysis, offer an answer regarding the destinations preferred by
the Romanian tourists during the COVID-19 pandemic; the highest values indicated the
preference for the Danube Delta and the Black Sea seaside, as well as counties with national
parks or a good infrastructure for leisure activities (such as Harghita County). During the
COVID-19 pandemic, large and developed Romanian counties with good infrastructures
of malls and retail businesses were affected, recording the lowest values of mobility for
retail and recreation areas such as Bucharest, Cluj, Bras, ov, Ias, i, and Suceava counties, due
of highest number of restrictions and lockdowns being recorded here.

The regression models applied in the research to determine which of the six Google
Mobility dimensions are good predictors for overnight stays at the county level in Romania
emphasize that the best statistically significant predictor (not collinear with variables)
is Google Mobility parks, follow by Google Mobility residential and Google Mobility
retail and recreation. Outside of the COVID-19 pandemic the transportation and tourism
dimensions are co-dependent because there would be no tourism without supporting
transportation [48], but our results emphasize that the COVID-19 pandemic changed the
behavior for travel, in general, and for tourism specifically, and therefore, the GM transit is
not a good predictor for tourism, showing moderate correlation with overnight stays for
Romania at the county level.

The second regression model, with the factors (principal components) resulted from
PCA as independent variables and overnight stays as the dependent variable, confirmed
the previous results, respectively, that for Romania, during the COVID-19 pandemic,
the best predictor is Google Mobility parks. Our methodological approach confirms the
results of Garcia-Cremades et al. [49] by using multivariate analysis for forecasting changes.
Moreover, our research results from the regression models show the direction of the mobility
behavior of people and/or tourists during the COVID-19 pandemic, out of restrictive areas
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(retail, grocery, pharmacy, transit, workplace), with a latent behavior toward local and/or
national parks, public beaches, etc.

By using structural equation modeling, we investigated the causal relationship (direct
and/or indirect) between Google Mobility data and observed data through the latent
variable, called Domestic, and Google Mobility parks, through overnight stays with a
fixed base (for February 2020). The results indicate a goodness of fit estimated model that
indicate the direct and determinant effect of Google Mobility parks on tourism and leisure
activities in Romania during COVID-19 for the first 14 months of pandemic.

Collectively, the key findings of the study are that the domestic or routine activities,
such as going to the workplace or grocery shopping, are not at all, or only weakly, related
to tourism. The residential function is connected strong, but inversely to tourism, which is
evident, (when people are home, they do not travel). However, for some partly domestic
activities, such as retail shopping and recreation, transit can sometimes be linked with
tourism (of course, this might depend on the commercial culture of the place observed).
The most related factor is the parks, although this can also be an urban activity (because
Google collects data from urban parks as well).

In the international literature, we found that only the Google trends information
offered significant benefits to forecasters; particularly regarding tourism [25], the novelty of
the authors’ contributions consisted of proving that mobility dimensions, such as Google
Mobility parks, could be, during an atypical time such as the COVID-19 pandemic, a good
predictor for domestic tourism, but it is important to continue the research and extend the
time series used in the study to analyze the post-pandemic mobility of tourists using the
Google Mobility dimensions. Therefore, we consider that our results confirmed the results
of Souza et al. [28] showing the global trend of declining public interest in national parks
during the initial phase of the COVID-19 pandemic, with considerable variation between
both parks and countries [28]. The Romanian tourists reoriented during the pandemic,
not to inside leisure and socialization activities, measured by Google Mobility retail and
recreation (restaurants, museums, theme parks, etc.), but to outside leisure, tourism, and
social activities, measured by Google Mobility parks, including local and/or national
parks, public beaches, public gardens, and all types of activities that could replace classical
tourism activities reflected in the increase in overnights stays at each location showing an
increase in Google Mobility parks data. Our results are in line with the results of Atalay and
Solmazer [46], since we used regression models and discovered that staying at home, and
mobility in public spaces, while avoiding retail and recreation sites (marginally significant)
were the defining dimensions during April–May 2020.

The tourism activities imply a strong social component, which was disrupted during the
COVID-19 pandemic. Our results confirm the results of Jensen [50] and Pramana et al. [26],
which showed the actual integration of the Internet in the “real world,” and that it is
included as a part of the users’ social space due to the constant dynamics between physical,
imaginary, and mediated experiences, especially regarding tourism.

Moreover, travel and tourism activities are directly linked to people’s personal, mental,
and social well-being (PMS well-being) [51], aspects pushed aside during COVID-19
pandemic; therefore, our research results emphasized and confirmed the determinant
relationship between travel, leisure, and tourism activities and the PMS well-being [51] of
Romanian tourists.

Regarding the results inferred from outside research, this study also confirms the
Pramana et al. [26] study results showing that the big data sources, such as Google Mobility
data, are shown to be a good proxy to infer the impact of the pandemic on domestic tourism,
despite the unpredictability of human behavior during the COVID-19 pandemic [49]. The
results from this study could help explain the mobility patterns of park visits during the
pandemic and predict the process of returning to normal. Following the expiration of
stay-at-home orders, a single metric of mobility was not sensitive enough to capture the
complexity of human interactions [52]. Monitoring mobility can be an important tourism
mobility trend and public health tool, but it should be modeled as a multidimensional
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construct [52], linked to other variables which are directly linked to tourism activities. The
COVID-19 pandemic not only reduced tourism activity, but also the physical activity level
of the population [39], including the walking level [39].

Our research results confirm the results of Park et al., [53] on big data regarding
tourism, which concluded that the COVID-19 pandemic substantially reshaped the tourism
and hospitality industries, but studies on the changes in travel behavior in response to the
pandemic are limited [53].

The limits of the research are linked to:

• The problem of including other dimensions in Google, such as shopping, transit travels,
etc., that cannot be split, separated, or extracted to emphasize the precise mobility for
tourism motivations; in the future, studying the weight of each included dimensions in
Google Mobility data may be an important research step. The results of Yang et al. [54],
using only three dimensions (retail and recreation, parks, and transit stations) also
demonstrated the mobility reduction in tourism in cities [54]. Gunawan [55] also used
only these three GM dimensions and demonstrated that six provinces in Indonesia
showing higher visitor length-of-stay and hotel occupancy rates also experienced
greater mobility change;

• The problem of data not being available from Apple for all Romanian locations at the
county level in order to compare and establish if the Google Mobility dimensions or
Apple Mobility data better predict the mobility of tourists;

• The lack of similar research results, at the country level (European or worldwide),
with which to compare the present research results regarding the main objective to
be able to validate whether or not, according to the statistical methods used in the
present research, this can be considerate a good path for the future researcher and
stakeholders from tourism industry

• The ambiguity of the nature of the visits and trips shown by the travel location history
of people’s smartphones, this being, in our opinion, the biggest limitation of the
research due of the complementary activities included in the each of the six Google
Mobility dimensions.

For future research, the authors’ intent is to apply other quantitative methods, such as
grey relational [56–58], or neural network [53] analysis, for example, and to include other
important available dimensions for the tourism industry, such as a tourism competitiveness
index or other tourism indices, as well as details regarding the impact of the COVID-19
pandemic on the most-visited Romanian counties and regions, such as Bras, ov, Prahova,
Sibiu, Maramures, , Bucovina, the Danube Delta, and the Black Sea beach.

Our research highlights that tourism can also be modeled with specific observational
data, which data can be more reliable than statistical (collected) data or the data collected
via questioning. This study is a first step in this direction, to show how to transform
observational data from other sectors into tourism related information. The absolute
advantage of the Google Mobility data is that they are available online, for almost any
location in the world, at the city, county, or country level. These findings provide useful
insights concerning how the tourism, hospitality, and travel sectors are affected by crisis
events [54], and these insights apply equally to the future of urban development, public
transportation, and behavioral strategies [59].
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Abbreviations

AGFI Adjusted goodness of fit index
C.R. Concentration ratio
CDR Call detail records
CFI Comparative fit index
CMIN Chi-square value
DF Degrees of freedom
FB Fixed base
GFI Goodness of fit index
GIS Geographic Information System
GLH Google Location History
GM Google Mobility
GNSS Global Navigation Satellite System
GPS Global Positioning System
HI Confidence interval higher value
LO Confidence interval lower value
NFI Normed fit index
NPAR nonparametric tests
P Probability value
PC Principal component
PCA Factorial analysis
PCLOSE Close-Fitting model
PGFI Parsimony goodness of fit index
PMS Personal, mental, and social
RFI Radio frequency interference
RMR Root mean square residual
RMSEA Root Mean Square error of approximation
S.R. Standard error
SEM Structural equation modeling
Sig Significance
STD Standard
TLI Tucker–Lewis index
VIF Variance inflation factor
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