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Abstract 

This study analyzes user contribution data to TripAdvisor, Yelp, Google Maps, Twitter, Flickr, 

and Wikipedia for various attractions in Florida (U.S.) and Carinthia (Austria) with respect to the 

two followings tasks.  

1) comparison between counts of user contributions (reviews, photos, or messages) to selected 

online platforms for specific locations, and visitation counts of these locations from reference data 

to determine which online platform data provide the best match with reference visitation numbers; 

2) assess the change of reviewer and visitor home regions between before and during the COVID-

19 pandemic using review data, and more specifically to determine a change in distance from home 

to location, and also the localness of visitors and reviewers of the examined locations. Techniques 

employed in the study include correlation analysis, multiple regressions, time series analysis and 

origin-destination travel comparison. With regards to task 1, Wikipedia pageviews and reviews 

from TripAdvisor and Google Maps had the highest significant positive correlations with the 

reference visitation counts for both regions and thus best reflect state park and sight visitation 

numbers. Regression and time series analysis revealed that Google Maps reviews had the strongest 

explanatory power to the variations detected in the reference visitation counts and they feature 

most similar seasonal patterns to those from reference visitation datasets in both study areas. With 

regards to task 2, analysis of home origins of reviewers derived for TripAdvisor and Yelp, and of 

likely visitors (based on photos shared on Flickr) showed a close match with the reference dataset, 

i.e., SafeGraph home region data, as well as a significant increase in the proportion of local users 

during the pandemic in 2020 compared to the pre-pandemic era in 2019. The latter finding 

underscores the effect of COVID-19 related travel restrictions on travel mobility. 
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1.Introduction 

Ubiquity of social media platforms for communication has resulted in a surge in volume, and 

variety and rapid spread of shared information. Researchers have used this big data to analyze 

tourist experiences, travel behavior, destination marketing strategies and the tourism sector’s effect 

on local culture (Zeng & Gerritsen, 2014).  

As the tourism industry is a significant contributor to employment and the gross domestic product 

in many countries around the world (World Travel & Tourism Council, 2022), information about 

tourism visitation patterns is vital for planning and development of sustainable tourism 

management. 

In protected areas, such as parks which offer valuable ecosystem services such biodiversity, water, 

and air purification (Mexia et al., 2018), information about visitation patterns is crucial as 

overcrowding can have adverse effects on these ecosystems, such as pollution, soil erosion and 

land degradation (Milman, 2019). During the global health crisis caused by the COVID-19 

pandemic in 2020, research found parks to be positive contributors to the maintenance of physical 

and mental well-being (Cheng et al., 2021). Therefore, understanding visitation trends in such 

areas highlights the value of these areas and the need for continuous investment in their 

management and their incorporation in urban planning.  

Conventional data collection methods such as surveys, ticket sales, visitor counts, and traffic 

monitoring stations are labor intensive and not spatially and temporally exhaustive (Hale, 2018). 

In addition, some parks lack specific entry points or may also be in remote locations which makes 

conducting visitor counts using these traditional methods challenging (Ziesler & Pettebone, 2018).  

Previous tourism research has found social media data to contain a wealth of information for both 

quantitative and qualitative studies. Geotagged multimedia content such as text on Twitter, or 

photos on Flickr and Instagram has been used to get insights into the dynamics of park tourism 

such as traffic flow to parks, popular visitation times, prevalence of various recreational activities 

and satisfaction levels of park patrons (Hausmann et al., 2018). These findings are valuable for 

monitoring crowds and consequently helps in the sustainable management of parks (Tenkanen et 

al., 2017). Social media data has been demonstrated to be cost effective and be useful as a proxy 

for visitation patterns in tourist facilities (Ma & Kirilenko, 2021). However, further research is 

needed to find the platform that offers the best match to tourism patterns as the applications are 

known to vary in popularity and data availability (Morstatter et al., 2013; Owuor & Hochmair, 

2020).  

This research demonstrates how big data from social media platforms, online encyclopedias, and 

non geo-social datasets such as SafeGraph can be jointly used to study visitation patterns in various 

parks and attractions in Florida and Carinthia between 2019 and 2021. It has been found that the 

combination of diverse sources can provide an improved match to official visitation counts 

compared to a single data source when forecasting tourism patterns (Li, et al., 2021). Additionally, 

the popularity of social media varies between regions, for example, based on the fact that certain 

social media applications being banned in some countries (Hou et al., 2018), which is the reason 

that this research uses two study regions (Carinthia, Florida). 

Digital online data sources, especially some social media platforms, offer near real time data which 

is critical when analyzing the effects of global events. Examples, are the COVID-19 pandemic 
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which led to worldwide travel restrictions (Jiang et al., 2021), or Brexit which led to uncertainties 

among travelers to the UK (Dutta et al., 2021). Parks were one of the few spaces that the public 

could use while still following COVID-19 mitigation protocols such as social distancing when 

many indoor recreational facilities such as gyms were closed. Various studies identified increased 

visitation numbers to parks during the COVID-19 pandemic as people used these venues for 

physical exercise and the maintenance of mental health care (Volenec et al., 2021). Florida and 

Carinthia are both premier tourist destinations in the U.S. and Austria, respectively, with Florida 

welcoming 121 million visitors in 2021 (VISIT FLORIDA, 2022)  and Carinthia recording 13 

million overnight stays annually (Landesregierung, 2019). This research determines the usability 

of various big data sources for the extraction of certain travel behavioral patterns in 46 Florida 

state parks in Florida and three tourist attractions in Carinthia. The locations of the Florida state 

parks are mapped in Figure 1. 

 
Figure 1. Florida state parks.  

Based on the availability of official visitation counts, the following tourist destinations instead of 

parks (Figure 2) were analyzed in Carinthia: Grossglockner High Alpine Road (Grossglockner 

Hochalpenstrasse), Pyramidenkogel, and Villach Alpine Road (Villacher Alpenstrasse). In 

Florida, the study was conducted for data collected between January 2019 and December 2021 

whereas in Carinthia the study dates included May through October for year 2019, 2020 and 2021, 

given that mountain roads are closed during winter season. The following data are used for the 



6 

 

different analyses in this study: Reviews from TripAdvisor, Yelp and Google Maps; spatio-

temporal contribution patterns from tweets, Flickr photos, Wikipedia page edits, and Wikipedia 

page views; SafeGraph POI visitation patterns. Yelp, Twitter and SafeGraph datasets were only 

used for Florida where they were available. 

 
Figure 2. (a) Grossglockner High Alpine Road, (b) Pyramidenkogel and (c) Villach Alpine Road. 

The main objective of this research was to assess the quality of data from different social media 

and other platforms for modeling and replicating various aspects of visitation patterns to Florida 

and Carinthia sights. This is achieved through the following specific tasks:  

1. Correlate monthly contribution counts for included parks and attractions from the different 

platforms with the official visitation statistics.  

2. Conduct multiple regression analysis with monthly counts from different platforms as 

predictors of published visitation numbers. 

3. Compare temporal patterns exhibited in the different platforms to those reflected in official 

visitation numbers by analyzing their respective seasonal patterns. 

4. Determine the data quality from TripAdvisor, Yelp, and Flickr through comparison of the 

origin (home regions) of visitors to parks/attractions inferred from each platform to the 
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origin derived from SafeGraph reference data and assess the change in home regions during 

the pandemic compared to pre-pandemic years.  

2. Literature review 

Big data sources from travel based social media applications (TripAdvisor, Yelp, Google Maps) 

and online data sources such as Wikipedia pages have become the go-to resources for tourists 

when making decisions about travel. Potential tourists rely on the travel experiences of others who 

document their experiences on these platforms. TripAdvisor (TripAdvisor, 2022) and Yelp 

(Statista, 2021) are popular online review platforms for travel planning, boasting over one billion 

reviews globally and a quarter billion reviews respectively while Google Maps is used by a billion 

people (Rusell, 2019). Current studies that employ big data in tourism related research have 

leveraged it in tourism demand forecasting (Peng et al., 2021), understanding tourist experiences 

through sentiment analysis (Alaei et al., 2019) and assessing tourists’ mobility by analyzing spatial 

and temporal attributes (Yan et al., 2020). The nexus between the increase in activity on social 

media applications and tourism patterns have been uncovered by numerous studies. For example, 

Twitter data was used to derive traffic flows to certain attractions (Hu et al., 2019) and Flickr/ 

Panoramio images  were used to identify popular attractions (Majid et al., 2013). A research study 

found that edits to Wikipedia pages led to an increase in the number of tourists in the UK 

(Hinnosaar et al., 2017) and Wikipedia page views were used to predict tourist flows to various 

attractions (Signorelli et al., 2016). TripAdvisor reviews can infer tourism visitation patterns when 

cross-validated with cellphone data and official visitation statistics at various attractions in Florida 

(Ma & Kirilenko, 2021).  

A paper which reviewed social media platforms prominently used to monitor outdoor recreational 

areas found Flickr to be the most popular source with 36 papers, followed by Panoramio which 

shut down in 2019 with 10 papers, Instagram (6 papers), and Twitter and TripAdvisor with three 

and one paper (Teles da Mota & Pickering, 2020). Twitter and Flickr geodata were also found to 

be useful indicators for park visitation and equitable park access in a New York City study 

(Hamstead et al., 2018). A similar study used Twitter, Flickr, and Instagram to model visitation 

patterns to parks and natural areas in Finland and South Africa, indicating that Instagram data best 

matched the official visitation statistics (Tenkanen et al., 2017). This research serves as an update 

to this preceding study since Instagram restricted access to their data in 2018 (Schroepfer, 2018) 

and Flickr introduced a paid membership account called Flickr Pro and limited the photo storage 

of users with free accounts (Stadlen, 2018). 

Tourism flows in outdoor attractions are heavily shaped by weather patterns. There are vast 

differences in the climatic conditions between the two study areas of Florida and Carinthia under 

investigation. For instance, areas in the Alpine climate such as Austria have been found to have a 

surge in tourism during summer season while those in tropical humid climate similar to Florida 

experience an uptick in tourism demand during winter and spring seasons (Falk, 2014). Studies 

have found weather seasons to have an effect on a tourist choice of destination (Buhalis & Foerste, 

2015) and among different age groups, older seniors are significantly more likely to factor in 

weather when travel planning (Pestana et al., 2020). 

Prior research has used time series analysis of the contribution patterns of Flickr images to reveal 

tourist seasonality in the Alpine regions (Schirpke et al., 2018). Google Trends data has been used 



8 

 

to analyze the seasonal patterns of visits to various museums in London where derived weekly and 

monthly seasonal patterns were used to forecast demand (Volchek et al., 2019). Tourism 

forecasting studies typically used monthly seasons and less often daily and weekly frequencies 

(Wu et al., 2017).  

One aspect of tourist movement patterns is their origins and destinations, which is important to the 

industry players for drawing destination marketing strategies, sustainable management of tourist 

attractions, and for analyzing the impact of events on travel (Cirer-Costa, 2017). This can be 

obtained through mobile network data (Alexander et al., 2015) or travel surveys. The latter data is 

limited in terms of spatial and temporal resolution whereas mobile phone data is expensive (Ma & 

Kirilenko, 2021) and access is heavily regulated due to privacy concerns (Kubo et al., 2020). 

Therefore, social media data is a potential alternative data source which allows to infer a traveler’s 

origin either from contribution data or user profiles (Yang et al., 2022). Hometowns and country 

of origin of visitors to various Italian cities have been inferred from Flickr to identify attractions 

that are particularly popular with foreign tourists (Giglio et al., 2019). A comparison of Yelp 

reviews of Japanese restaurants by Westerners (North American and European origins) and 

Japanese found that cultural differences in the respective regions influenced the sentiments 

portrayed in the reviews. That is, Westerners prioritized quality of service whereas for the Japanese 

customer satisfaction is largely impacted by menu pricing (Nakayama & Wan, 2019). 

An assessment of origin-destination studies that leverage social media data, such as Twitter, 

indicated that the locations data extracted from the platform may not be an accurate presentation 

of a user’s origins (home) location (Hecht et al., 2011). Therefore, these locations should be 

validated, through methods such as analyzing a Twitter user posting history and network (Zheng 

et al., 2018). Research pertaining data from Twitter, Flickr, Swarm found the assumption that local 

users can be identified from the geotagged content they posted in an area is only valid in 75% 

cases (Johnson et al., 2016). With respect to Flickr and Wikipedia data, a study found that only 

53% and 23% of their users respectively posted content that was within 100 km of their self-

defined home location (Hecht & Gergle, 2010).  

3.Methodology 

3.1 Data sources 

The data sources and analysis methods (numbered 1 to 4) applied in this research are summarized 

in Table 1. A combination of geo-social data from social media apps (Twitter, Flickr, TripAdvisor, 

Yelp, and Google Maps) and non-geo-social sources (Wikipedia page views, Wikipedia page edits, 

SafeGraph patterns and official visitation counts) were analyzed as shown in Table 1 for the 

corresponding study area.  

The spatial granularity of the geo-social data was inconsistent and occurred at various 

administrative levels such as city, state, province, and country in the two study areas. For the 

origin-destination analysis (method 4 in Table 1), for the Florida state park visitation analysis, user 

contributions from out-of-state were aggregated to U.S. state level centroids, while for Carinthia, 

home regions from visitors and reviewers were aggregated to country centroids. 

The reference data (official visitation counts) had a monthly temporal resolution. Therefore, for 

matching count data from geo-social and other platforms (Wikipedia page views, Wikipedia page 
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edits and SafeGraph patterns data with reference data) for methods 1, 2, and 3 in Table 1, daily 

counts data from these platforms were aggregated to monthly activity counts. 

Table 1. Research methods with the respect data sources 
Analysis 

Task 

Analysis 

method 

Florida Study period Carinthia Study period 

1 1.Correlation 

analysis 

Google Maps 

TripAdvisor 

Flickr  

Twitter 

Wikipedia page views 

Wikipedia page edits 

Official visitation counts 

Jan 2019 to Dec 

2021 

Google Maps 

TripAdvisor 

Flickr  

Wikipedia page views 

Wikipedia page edits 

Official visitation counts 

 

May to Oct of 

2019, 2020 

and 2021 

1 2.Multiple 

regression 

Google Maps 

Wikipedia page views 

Official visitation counts 

 

Jan 2019 to Dec 

2021 

Google Maps 

Wikipedia page views 

Official visitation counts 

 

 

May to Oct of 

2019, 2020 

and 2021 

1 3.Time series 

analysis 

Google Maps 

Official visitation counts 

 

Jan 2019 to Dec 

2021 

Google Maps 

Official visitation counts 

 

May to Oct of 

2019, 2020 

and 2021 

2 4.Origin-

destination 

analysis 

TripAdvisor 

Yelp 

SafeGraph  

Mar to Dec of 

2019 and 2020 

respectively 

 

March 1 to April 

30, 2019 

(SafeGraph) 

 

 

TripAdvisor 

Flickr 

March to Dec 

of 2019 and 

2020  

 

3.1.1. Geo-social sources 

a) TripAdvisor 

This website allows its registered users to share reviews about their experiences in restaurants, 

hotels, and attractions such as public parks. The review data contains attributes such as reviewer’s 

name and self-defined location, review text, rating of the experience, date of the review and 

occasionally photos of the attraction. TripAdvisor has an Application Programming Interface 

(API) but only allows the retrieval of five reviews per attraction, therefore, to get sufficient data 

sample for research, a python script was used to obtain all the reviews in the languages available. 

The crawler stored the reviews in comma-separated values (csv) files for the respective 

park/attraction. A total of 4857 reviews were recovered for Florida state parks whereas for the 

three attractions in Carinthia, a total of 465 reviews were found respectively for the periods 

specified in Table 1 . 

b) Google Maps 

Google Maps API allows for the retrieval of only five reviews per place except for owners of a 

location. The reviews associated with Florida state parks and Carinthia attractions were obtained 

from a third-party provider outscraper.com/, resulting in 69442 reviews for Florida parks and 9738 

reviews Carinthia attractions which were downloaded in csv file format. 
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c) Twitter 

The full archive search endpoint on the Twitter API enabled the retrieval of tweets that were sent 

out within the boundaries of the Florida state parks and Carinthia attractions. Only tweets with 

exact coordinates were considered in the study. Twitter data was only used in the study with respect 

to Florida parks. For attractions in Carinthia, only tweets posted within Grossglockner High Alpine 

Road were found and therefore Twitter was excluded from analysis related to this study area. The 

data was retrieved in JavaScript Object Notation (JSON) format and stored into a PostgreSQL 

database. A total of 1140 tweets were used in the analysis. 

d)  Flickr 

The Flickr API was used to retrieve Flickr photos with geotags that were taken within the 

boundaries of Florida state parks and Carinthia attractions. This resulted in 6934 photos in Florida 

state parks and 863 photos for Carinthia attractions. The data which was in JSON format was 

converted to a tabular format and stored in the PostgreSQL database. 

e) Yelp 

This app contains attributes such as reviewer’s name and self-defined location, review text, rating 

of the experience, date of the review and occasionally photos of the attraction. The Yelp fusion 

API limits search results to three reviews per business. Therefore, a python script was developed 

to scrape the 520 reviews which were used in this study.  

3.1.2. Non geo-social sources 

a) Wikipedia 

Wikipedia page views and edit counts for Florida state parks and Carinthia attractions were 

retrieved in JSON format through the Wikimedia REST API 

(https://wikimedia.org/api/rest_v1/#/). For Florida parks, the en.wikipedia.org domain was used 

while for Carinthia attractions, the de.wikipedia.org domain was used. The JSON data was 

converted to a tabular format compatible with PostgreSQL database where it was stored. 

b) SafeGraph 

SafeGraph is a company that, based on data from mobile phone carriers and social media 

companies provides three datasets: (1) Core places which contains over six million points on 

interest (POI) location and attribute data (address, name); (2) Geometry which give the geometric 

representation of these POIs, for instance, the building outline that hosts a coffee shop; (3) Patterns 

which provide information about visitation patterns of POIs. The data is updated once a month and 

is available for free to academic researchers. SafeGraph Places has over eleven million POIs in 

200 countries, including foot traffic data to POIs in the U.S., Canada, and the UK. Data for the 

attractions in Carinthia are not available from this dataset. 

c) Reference data 

Reference data containing official visitor statistics needed during the analysis method 1, 2, and 3 

in Table 1 for validating the quality of visitation patterns derived from the geo-social and non geo-

social data in Table 1 were obtained from the Florida Department of Environmental Protection 

(FDEP) and from the respective visitor management offices of the Carinthia attractions. FDEP 

provided us with monthly visitation counts of Florida state parks for the period between January 

2019 and December 2021in tabular format.  



11 

 

Visitation counts for Pyramidenkogel contained actual counts of visitors while for the other two 

road attractions, traffic count data containing number of cars, buses, trucks, and motorcycles were 

provided including conversion factors that were used to convert vehicle numbers to visitor counts. 

The reference datasets for Carinthia were obtained for the period between May and October for 

years 2019 through 2021. 

A summary of contribution counts from each source is shown in Table 2 for both study areas. 

Table 2 Total counts of contributions for different data sources  

Data source Florida state parks Carinthia tourist sites 

TripAdvisor 4,857 465 

Google maps 69,442 9,738 

Twitter 1,140 Not applicable 

Flickr 6,934 863 

Yelp 520 Not applicable 

Wikipedia page views 1,167,691 90,974 

Wikipedia page edits 368 49 

SafeGraph 10,398 Not applicable 

Official visitation counts 39,975,932 3,179,117 

3.2. Data analysis 

3.2.1. Pearson correlation coefficient 

The linear relationship between the monthly official visitation statistics for Florida parks and 

Carinthia attractions versus the monthly counts from each respective data source (TripAdvisor, 

Google Maps, Wikipedia page views, Wikipedia page edits, Flickr, and Twitter) was investigated 

using Pearson Product Moment Correlation (Sedgwick, 2012). As Pearson's correlation is a 

parametric test (Sedgwick, 2012), the variables were assessed for normality using Shapiro’s Walk 

test (Coppack, 1990) and monthly aggregated counts of the datasets for the two study areas were 

found to be normally distributed as they had p values greater than the 0.05 threshold. Data sources 

that were not highly correlated were used as candidates in the regression models as the independent 

variables.  

3.2.2. Multiple regression  

The multiple regression model was used to determine if the combination of data from the numerous 

sources provides a more accurate forecast of visitation patterns for parks and attractions than a 

single data source. The variance inflation factor (VIF) which tests for multicollinearity was 

checked in this step, where those that were highly correlated with VIF values of over ten were 

excluded from the analysis (O’brien, 2007). Official visitor counts were used as the dependent 

variable. For Florida parks, three regression models were used for each respective year with 12 

observations, while for Carinthia, the data counts for the study period in 2019, 2020 and 2021 were 

combined in the regression analysis due to the availability of only six-monthly observations each 

year. 

3.2.3. Time series analysis 

To expose the underlying patterns inherent in the time series data of the official visitation counts 

and the big data sources, Google Maps was singled out by the regression model for having the 

highest explanatory power to the variation in official visitation counts in the two study areas.  Its 
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temporal patterns were therefore compared to the reference data. The analysis involved splitting 

their respective original time series into three components, i.e., trend, seasonality, and residuals. 

The additive decomposition method was used as the original time series for the datasets under 

study were discovered to have a seasonal component with a constant magnitude. Time series 

decomposition is valuable as it splits the data into the predictable (trend and seasonality) and 

random (residuals) parts which is useful when forecasting. The trend component captures the 

average increase and decline pattern of a time series typically using values calculated using moving 

averages based on the seasonal pattern in the datasets. The seasonal component shows regular 

variations that occur after specific time intervals. The residuals are the random components which 

remain after removal of trend and seasonal parts. The original time series Yt is constructed using 

components in the additive (Equation 1) decomposition approach, where St, Tt and Rt are the 

seasonal, trend and residual components of the original time series Yt at time t: 

Yt = St  + Tt + Rt   

 

(1) 

Time series analysis of the data (official visitation counts and Google Maps review numbers) 

between January 2019 and December 2021 for Florida and between May and October for the year 

2019, 2020 and 2021 for Carinthia were analyzed and their main characteristics highlighted in 

charts. The time series data for the two areas were analyzed using Fourier transformations 

(Bloomfield, 2004) to extract their frequency which was used to quantify their seasonality using 

the periodogram function in R (R Core Team and contributors worldwide, 2013). 

3.2.4. Origin-destination analysis  

Home origins of visitors to parks in Florida and attractions in Carinthia, were inferred from the 

user-defined home locations from select social media applications (TripAdvisor, Flickr, and Yelp) 

and from the SafeGraph dataset. These locations were analyzed to investigate whether the travel 

restrictions introduced during the COVID-19 pandemic affected the origins of park visitors. For 

the Florida study, TripAdvisor, Yelp and SafeGraph were used, while for the Carinthia due to data 

availability, only TripAdvisor and Flickr were applied. The periods of before and during the 

pandemic in both study areas for TripAdvisor, Flickr and Yelp were defined as (March 20 to 

December 31, 2019) and (March 20 to December 31, 2020) respectively. For SafeGraph, due to 

data abundance, the before and during the pandemic were chosen to be shorter, namely as (March 

1 to April 30, 2019) and (March 1 to April 30, 2020).  

The spatial granularity of the origin information provided in the datasets varied in both study areas. 

Therefore, to retain a sufficient sample size, the distances were calculated between the 

reviewer/visitor origin state centroid coordinates and the Florida state centroid location in the 

Florida study. For Carinthia, the distances were between reviewer/visitor origin country centroid 

and the Austria country centroid. 

The specific steps in the origin-destination analysis were as follows: 

i. The spatial distribution of home origin of tourists’ pre-pandemic (2019) vs. during 

pandemic (2020) were determined. For Florida, origins of visitors were mapped using U.S. 

state level centroids coordinates while for Carinthia they were mapped based on their 

respective country level centroid coordinates. 
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ii. Distances between the visitor origins and Florida state and Austria country centroid 

coordinates respectively for tourists pre-pandemic (2019) vs. during pandemic (2020) 

periods were measured. 

iii. The statistical association between the proportion local and foreign park/attraction visitors, 

pre-pandemic (2019) vs. during pandemic (2020) periods for Florida and Austria were 

analyzed using Chi-square test. 

4. Results 

4.1. Correlation analysis between official visitor counts and different platforms 

For Florida state parks, monthly counts of Wikipedia page views, Wikipedia page edits, reviews 

from Google Maps and TripAdvisor, Flickr photos, and tweets for the year 2019, 2020 and 2021 

were correlated with official monthly visitation counts. All data sources had positive correlations 

apart from Twitter, Wikipedia page edits and Flickr which had non-significant negative 

correlations due to a small sample size and were therefore discarded from this part of the analysis. 

Table 3 shows correlation results between visitor counts and the remaining data sources, based on 

12 data points for each year.  

Overall, a high fluctuation in correlations can be observed between years. The only dataset that 

was significantly correlated with visitor counts in all three years was TripAdvisor. 2020 stands out 

as the only year with all three sources showing significant correlations with reference visitor 

counts. 2019 reveals the highest correlation for the combined dataset (r = 0.94) and two individual 

data sources, i.e., Wikipedia page views (r = 0.86) and TripAdvisor (r = 0.82).  Years 2020 and 

2021 show a smaller match, possibly due to perturbations in visitor patterns and review activities 

during and right after the pandemic. 

Table 3. Pearson correlation between official visitor counts and study datasets for Florida state 

parks. 

Data source 2019 2020 2021 

Wikipedia page views 0.86*** 0.58* 0.22 

Google Maps 0.45 0.78** 0.67** 

TripAdvisor 0.82*** 0.61* 0.50* 

Combined sources 0.94*** 0.56* 0.34 

p < .001 ‘***’, p < .01 ‘**’, p < .05 ‘*’ 

The correlation plot consisting of a scatter plots and histograms, highlights the correlations 

between official visitor counts, Wikipedia page views, TripAdvisor, and Google Maps for 2019 

(Figure 3). Wikipedia page views and TripAdvisor are significantly correlated at (r = 0.93, p < 

0.001), which means that these two data sources cannot be jointly used in multivariate regression 

analysis. The first row reflects the first three values under the 2019 column in Table 3.  
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Figure 3. Correlation plot of official visitation counts for Florida parks and related data from 

different platforms (2019). 

In the Carinthia study, data points for the three years were combined leading to 18 observations. 

Due to low sample size, data from Wikipedia page edits, and Flickr were excluded from this part 

of the analysis. 

Correlation results for the remaining data sources are shown in Table 4, showing high correlations 

for all three datasets, and their combination.  

Table 4. Pearson correlations between official visitor counts and study datasets (Carinthia) 

Data source 2019 -2021 

Wikipedia page views 0.89*** 

Google Maps 0.90*** 

TripAdvisor 0.72*** 

Combined sources 0.88* 

p < .001 ‘***’, p < .01 ‘**’, p < .05 ‘*’ 

Figure 4 shows the correlation plot between visitor counts and social media activity counts for the 

combined three-year data from 2019 through 2021. Significant correlations can be observed 

between Wikipedia page views, TripAdvisor, and Google Maps besides their correlation with 

visitor counts. The prior shows some redundancy when considering all three datasets.  
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Figure 4. Correlation plot of official visitation counts for Carinthia attractions and related data 

from different platforms for 2019, 2020 and 2021. 

4.2. Multiple regression analysis 

When building best-fitting multiple regression models to predict monthly visitor counts, 

multicollinearity was observed when including TripAdvisor, Google Maps and Wikipedia page 

views, resulting in a VIF of above 10, which led to the exclusion of TripAdvisor for both regions.  

For Florida, three regression models based on monthly count data were built for the years 2019, 

2020 and 2021 using Wikipedia page views and Google Maps as candidate predictors. Results 

show that only in year 2019 a combination of Wikipedia page views and Google Maps reviews 

lead to the highest adjusted R2. (Table 5), whereas for year 2020 (Table 6) and year 2021 (Table 

7) models with use of Google Maps reviews as the only predictor result in the highest adjusted R2.  
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Table 5. Regression model for Florida park visitation patterns (2019) 
Independent variables Model 1 Model 2 Model 3 

Wikipedia page views (log) 1028711.26** 

(141970.42) 

 1009356.69*** 

(110536.98)  

Google Maps (log) 
 

220219.56  

(200505.97)  

181789.19 ** 

 (66102.03) 

N 12 12 12 

R² 0.84 0.11 0.91 

Adjusted R² 0.82 0.02 0.89 

p< .001 ‘***’, p < .01 ‘**’, p < .05 ‘*’ 

Standard errors in parentheses 

 

Table 6. Regression model for Florida park visitation patterns (2020) 
Independent variables Model 1 Model 2 Model 3 

Wikipedia page views (log) 551712.72  

(253276.31) 

 84828.18 

(172570.16)  

Google Maps (log) 
 

299919.03 ** 

(47031.80)  

2833538.52*** 

 (59401.29) 

N 12 12 12 

R² 0.32 0.80 0.81 

Adjusted R² 0.25 0.78 0.77 

p < .001 ‘***’, p < .01 ‘**’, p < .05 ‘*’ 

Standard errors in parentheses 

 

Table 7 Regression model for Florida park visitation patterns (2021) 
Independent variables Model 1 Model 2 Model 3 

Wikipedia page views (log) 272117.47  

(236901.45) 

 -76910.66 

(214284.58)  

Google Maps (log) 
 

717956.80 ** 

(208371.45)  

770066.97 * 

 (261994.95) 

N 12 12 12 

R² 0.12 0.54 0.55 

Adjusted R² 0.03 0.50 0.45 

p < .01 ‘**’, p < .05 ‘*’ 

Standard errors in parentheses 

For Carinthia, the regression analysis was conducted using the combination of 18 observations 

across three years.  

Three models were explored using Wikipedia page views and Google Maps reviews as candidate 

predictors and year as a categorical control variable (Table 8). The highest adjusted R2 value was 

found for a model which includes both Wikipedia page views and Google Maps reviews as 

predictors.  
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Table 8 Regression model for Carinthia attractions visitation patterns (2019-2021) 
Independent variables Model 1 Model 2 Model 3 

Wikipedia page views (log) 178051.06 ** 

(62897.40) 

156875.27 ** 

(54390.57)  

161349.02 * 

(53117.41)  

Google Maps (log) 20048.04 

(32344.50) 

34643.14 

(37710.98)  

56997.01 ** 

(22350.02)  

Year 2020 
 

61636.47 * 

(25573.72) 

67859.49 * 

(23744.19)  

Year 2021       55209.49 

(35024.38) 

35697.47  

(22778.26) 

N 18 18 18 

R² 0.84 0.90 0.90 

Adjusted R² 0.80 0.83 0.86 

p < .01 ‘**’, p < .05 ‘*’ 

Standard errors in parentheses 

4.3. Temporal patterns 

The charts in Figure 5. Time series decomposition results for (a) official statistics and (b) Google 

Maps reviews for Florida parks between January 2019 and December 2021. The decomposed (i) 

original timed series was split into the following components (ii) trend, (iii) seasonality and (iv) 

residuals are shown for the respective data sources in Figure 5.  

 
Figure 5. Time series decomposition results for (a) official statistics and (b) Google Maps reviews 

for Florida parks.  

The results of the seasonality detection using the periodogram function in R, found six months to 

be a dominant frequency, indicating a semi-annual seasonality for both official visitation counts 

and Google Maps reviews. During the semi-annual season, the following peaks were detected from 

both data sources for each respective year between 2019 and 2021, winter (January), spring 

(March) and summer (June) which had highest visitation peak. In June, there was a 19%, 33% and 

46% increment in visitation counts above the annual average for 2019, 2020 and 2021 respectively. 

The year 2020 and 2021 both had seasonal percentage increments that were higher than 2019. 
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 A 72% dip in visits was recorded in official visitor counts in April 2020, indicating the effect of 

the COVID-19 lock down while a 74% decrease was recorded from the Google Maps data. 

 
Figure 6. Time series decomposition results for (a) official statistics and (b) Google Maps reviews 

for Carinthia attractions. 

For Carinthia attractions, temporal patterns from Google Maps (Figure 6b) were compared to those 

from the official visitation counts (Figure 6a) as well. A semi-annual seasonality was detected 

from both sources. There was one main high peak identified in the month of August where an 

increase of 60%, 89% and 75% above the seasonal average was detected for the year 2019, 2020, 

2021 respectively from the analysis of the official visitation counts. Seasonal percentage 

increments for the year 2020 and 2021 were higher than 2019. 

4.4. Analysis of changes of social media home locations  

TripAdvisor reviewers from all states in the contiguous U.S. except for Idaho reviewed Florida 

parks in 2019 (Figure 7a) whereas in the year 2020 (Figure 7b), no TripAdvisor reviews were 

recorded in seven states. The mean distance between a reviewer’s origin state centroid and the 

Florida state centroid reduced from 845 km before the pandemic in 2019 to 634 km during the 

pandemic in 2020.  
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Figure 7. Origin of Florida state park reviewers on TripAdvisor in 2019 (a) and 2020 (b). 

In Yelp, state park reviews were posted from users in 41 states in 2019 (Figure 8a) but from only 

34 states in 2020 during the pandemic (Figure 8b). The mean distance between reviewer/visitor 

origin state centroid and Florida dropped from 753 km before the pandemic in 2019 to 522 km 

during the pandemic in 2020.  
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Figure 8. Origin of Florida state park reviewers on Yelp in 2019 (a) and 2020 (b). 

Florida state park visitors from all 49 states in the contiguous U.S. were detected from the 

SafeGraph dataset both for 2019 (Figure 9a) and 2020 (Figure 9b). However, the portion of local 

(Florida) residents among all visitors of Florida state parks increased from 51.1% (pre-pandemic) 

to 59.4% (during pandemic), which was a statistically significant increase (Table 9). The mean 

distance between reviewer/visitor origin state centroid and Florida dropped from 673 km before 

the pandemic in 2019 to 568 km during the pandemic in 2020. 
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Figure 9. Origin of Florida state park visitors based on SafeGraph data in 2019 (a) and 2020 (b). 

A Chi-square test of independence showed that for each data source there was a significant 

association between the proportion of local vs. out-of-state reviewers/visitors and the analysis 

period ( Table 9), hence social media support the trend identified in reference SafeGraph data. 

 Table 9 Chi-square test cross-table for local versus out-of-state reviewers/visitors for Florida 
Data source 2019 2020  

Local visitors/ 

reviewers  

 

Out of state 

visitors/ 

reviewers 

Local visitors/ 

reviewers  

 

Out of state 

visitors/ 

reviewers 

χ2   
(df= 1)  

p 

TripAdvisor 1109 (42.7%) 1486 (57.3%) 462 (53.3%) 405 (46.7%) 29.2 < 0.001 

Yelp 288 (55.7%) 232 (44.3%) 253 (66.2%) 131 (33.8%) 10.1 0.001 

SafeGraph 3092 (51.1%) 2956 (48.9%) 2578 (59.4%) 1763 (40.6%) 69.6 < 0.001 

In Austria, during the pandemic, the number of countries of origin for TripAdvisor reviewers 

dropped from nine to eight, and the mean distance between reviewer origin country and Austria 

dropped from 408 km in 2019 (Figure 10a) to 261 km 2020 (Figure 10b). The percentage of 

reviewers from Austria increased from 28% (pre-pandemic) to 45% (during the pandemic). 
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Figure 10 Carinthia attractions reviewers’ origins on TripAdvisor in 2019 (a) and 2020 (b). 

During the pandemic, the number of countries of Flickr user origins dropped from three to two. 

The mean distance between a Flickr user’s origin country and Austria dropped from 246 km 2019 

(Figure 11a) to 62 km in 2020 (Figure 11b). The percentage of reviewers from Austria increased 

from 51% (pre-pandemic) to 78% (during pandemic). 
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Figure 11 Carinthia attractions Flickr users’ origins on TripAdvisor in 2019 (a) and 2020 (b). 

Chi-square test results in Table 10 showed that the proportion of local vs. foreign TripAdvisor 

reviewers and Flickr users was significantly associated with the analysis period. A larger 

percentage of reviewers and Flickr users were local (Austria based) during the pandemic than 

before.  
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  Table 10 Chi-square test cross-table for local versus out-of-state reviewers/visitors for Carinthia 
Data source 2019 2020  

Austria 

 

Outside of 

Austria 

Austria 

 

Outside of 

Austria 

χ2  

(df= 1)  
p 

TripAdvisor 41 (28%) 105 (72%) 40 (45%) 49 (55%) 6.9 <0.05 

Flickr 103 (51%) 98 (49%) 14 (78%) 4 (22%) 4.6 <0.05 

5. Discussion 

With respect to research task 1, this research found strong significant positive correlations between 

contribution counts based on online user-generated information from Wikipedia page views, 

Google Maps reviews and TripAdvisor reviews, and official visitation statistics, respectively. 

Wikipedia page views were confirmed to be a reliable indicator for estimating tourist demand by 

earlier studies (Alis et al., 2015; Donovan et al., 2017). Visitation patterns extracted from 

TripAdvisor reviews of various attractions in Florida were found to be strongly correlated to those 

derived from mobile phone tracking data and official visitation survey data (Ma & Kirilenko, 

2021). Studies involving Google Maps user reviews predominantly use sentiment analysis to 

assess tourist experiences in various tourist facilities such as restaurants (Mathayomchan & 

Taecharungroj, 2020). Therefore, our study is the first to the of our knowledge that has investigated 

its linear relationship with official tourism visitation statistics.  

Correlations between official tourism visitation statistics and Wikipedia page edits, Flickr, and 

Twitter were not significant, which may be attributed to the small sample size of data provided in 

these platforms. Twitter is widely used in tourism research, but our study found there was no 

significant correlation revealed between Twitter post numbers and the official tourism visitation 

counts in Florida state parks. In the Carinthia study, the sample size tweets detected in only one of 

the attractions under investigation led to the exclusion in the Austria study. The analysis of only 

tweets with exact coordinates that lie within the boundaries of the attractions in our study further 

reduced the sample size of tweets available for research. Studies have also found the change in 

Twitter policy in 2019 (Twitter Support [@TwitterSupport], 2019) which removed the ability of 

users to tag their tweets with precise locations through the app led to users posting fewer tweets 

with exact coordinates and this affects the data sample available for research (Cao et al., 2022). A 

study which compared results from ordinary least squares, negative binomial and quantile 

regressions found there is a positive relationship between Facebook penetration and tourist arrivals 

in over 100 countries (Asongu & Odhiambo, 2019). Therefore, when using social media 

applications, the app usage in an area should be taken into consideration as it will impact the data 

availability as demonstrated in this study.  

Flickr data is also predominantly used in tourism studies, but our research finds that it is a weak 

indicator for tourism visitation patterns in parks and attractions in Florida and Carinthia 

respectively, with our analysis not revealing significant correlations in both study areas. Flickr Pro 

a paid subscription which was introduced in 2018 enables the upload of more than 1000 photos or 

videos to the platform.  Old content on Flickr accounts under free subscriptions that had exceeded 

the free account 1000 item limit were automatically deleted which may have affected the data 

sample size from the platform (Stadlen, 2018). As our study starts right after Flickr Pro was 

introduced, we theorize that it might have influenced the sample size available for our research 

and consequently our results. Flickr and Twitter were found to have lower correlations to official 
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visitor counts in parks compared to Instagram in a previous study (Tenkanen et al., 2017). 

Correlations between Wikipedia page edits and official visitor counts were not significant as the 

number of edits per month was less than ten with majority of the time periods having zero number 

of edits in both study areas, thus our research notes that it is not a reliable indicator for tourism 

demand in parks. 

In both study areas, the regression models indicate that Google Maps reviews are the strongest 

predictor of official visitation counts. In the multiple regression model, our study employed Google 

Maps reviews and Wikipedia page views. A previous study found that multisource datasets 

comprising of online review platforms and nonsocial media data sources can provide more 

accurate results when tourist demand forecasting than when a single platform is used (Li et al., 

2020). Various regression models have employed Wikipedia page views to infer tourism demand 

(Ashouri et al., 2022; Hinnosaar et al., 2021). 

Seasonal patterns are inherent in the tourism sector (Chen & Pearce, 2012) as they are often 

impacted by factors such as weather conditions and occurrences such as holidays. The visitation 

patterns in recreational outdoor spaces in areas with humid tropical climate such as Florida and 

the Alpine region of Carinthia particularly vary with seasons. In the Florida study, official 

visitation counts, and Google Maps reviews had peaks in the winter season (January) with a higher 

peak in March which coincide with the spring break which is a period in which Florida known to 

be a popular travel destination. The highest peak was noted in the summer season (June). Similar 

temporal patterns have been found in Florida amusement parks (Juhász & Hochmair, 2020).  

Official visitation counts and Google Maps reviews in the Carinthia time series analysis exhibited 

one major peak in the summer season (August) which is concurrent with researchers who found 

an uptick of mountain bike tourism in the southern region of the country during the summer season 

(Pröbstl-Haider et al., 2018). A significant drop in both official visitation counts and Google Maps 

reviews related to Florida parks was detected in April 2020 which comes after travel restrictions 

in the U.S. were imposed from March 2020 during the COVID-19 pandemic  (CDC, 2022).  

Analysis results of task 2 show that there were changes in the distribution of the origins of online 

reviewers and visitors of Florida state parks and Carinthia attractions from before to during the 

COVID-19 pandemic. Results indicate a higher share of local visitors during the pandemic (2020) 

than before the pandemic (2019) for both study areas implying that the parks were mostly utilized 

by locals during the pandemic. The difference in percentage between local and foreign visitors 

between before and during the pandemic periods for Florida (TripAdvisor, Yelp and SafeGraph 

data) and Carinthia (TripAdvisor and Flickr) were statistically significant for the analyzed year. 

The number of foreign visitors and visitor trip distances to Florida state parks and Carinthia 

attractions also significantly dropped in the year 2020 for both places, revealing how the COVID-

19 pandemic impacted travel behavior. Tourism activities in Indonesia during the pandemic in 

2020 were as a result of domestic travelers (Pramana et al., 2022) while in Czechia international 

tourist reduced significantly but domestic tourism in rural areas increased substantially (Vaishar 

& Šťastná, 2022). Research that used online ticket sales for attractions to study tourism patterns, 

found that local tourism increased as a result of the COVID-19 pandemic (Li, et al., 2021). The 

integrity of social media geodata is affected by a range of factors such as automated content 

generated through bots is estimated to be at least 9% of its accounts on Twitter (Varol et al., 2017). 

Data vandalism, and user privacy restrictions may also lead to incorrect origins (home) locations 

provided in a user profile. The reviewer origins collected from TripAdvisor, Yelp and Flickr user 
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profiles were not validated. Therefore, validation methods, such as analyzing the number of likes 

a reviewer received or checking whether a user’s reviews are primarily posted for POIs near the 

user’s origin location, will be applied as part of future work. 

6. Conclusions 

The study employed correlation, multiple regression, time series analysis and origin-destination 

analysis to find the digital data platform that provided the best match to the reference data used in 

the respective case. Our results agree with previous studies which found Wikipedia page views 

and TripAdvisor reviews to have strong positive linear relationship with official visitation statistics 

and highlights new findings that Google Maps reviews also has a strong positive linear dependence 

with the reference data. The regression results found Google Maps reviews to have the strongest 

significant explanatory power over the official tourism statistics in both study areas and this further 

underscores the role of Google Maps as a popular resource for tourists when travel planning. 

Seasonal temporal patterns extracted from Google Maps reviews were found to best match the 

patterns exhibited from the official tourism statistics, which further fosters its value in tourism 

studies. The principal findings from TripAdvisor, Yelp and SafeGraph in Florida and TripAdvisor 

and Flickr in Austria origin-destination studies revealed the impacts of COVID-19 on travel, with 

both sites recording significant increments in local reviewers/visitors from the data platforms, 

which emphasizes the effects that travel mitigation strategies put in place during the pandemic had 

on the tourism sector.  
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