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Abstract

The economic valuation of recreational ecosystem services is challenging due to difficul-
ties in obtaining geo-tagged information of users. The objective of this study is to validate
crowdsourced and user-generated content in order to predict visitation patterns to 16
national parks in Spain. The results may serve to encourage its utilization in the study of
recreational demand in other countries, particularly developing countries, where on-site
visitor information may be limited or expensive to gather. The present article employs a
negative binomial regression model to evaluate the validity of two sources of data: Flickr
and mobile phones. The accuracy of predictions exhibited variation across the 16 parks,
indicating that site-specific characteristics, such as the seasonality of visitation patterns,
may be of significance. The utilization of mobile phone data for modelling visitors yielded
enhanced predictive capacity, as shown by the goodness of fit of the estimated models.
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1. Introduction

Revealed preference methods (Whitehead et al., 2012; Cheng et al., 2019) for valu-
ing natural recreational areas frequently depend on visitation, occupancy, or user rates
(Mwebaze and MacLeod, 2013; Parsons, 2017). This information is typically gathered
on-site from various sources, such as visitor records, infrastructure-based counts, and
data provided by the managing authority of the natural areas (Sessions et al., 2016;
Mancini et al., 2018; Walden-Schreiner et al., 2018; Fisher et al., 2019; Owuor et al.,
2023). However, the process of collecting and analysing visitor data on-site can be
challenging, time-consuming and expensive, particularly in the context of large-scale,
spatially diverse and non-protected areas. These issues are more prevalent in low- and
middle-income countries (LMICs) (Kim et al., 2019). Visitor monitoring is essential for
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the valuation of recreational areas (Neuvonen et al., 2010; Edwards et al., 2011), distri-
bution of resources and marketing (Buckley, 2009) and protection and sustainability
(Cessford and Muhar, 2003; Buckley, 2011).

Recently, the use of social media, user-generated and geo-tagged data has emerged
in the valuation of recreational ecosystem services (Da Mota and Pickering, 2020;
Zhang et al., 2022; Pickering et al., 2023), holding the potential to address the afore-
mentioned issues when utilized as a proxy for visitors of natural areas. However, such
data should be validated before the implementation of valuation methods through a
process of comparison to traditional data sources. On one hand, social media and user-
generated data may not always provide a reliable representation of visitors to natural
areas, often over-representing young, urban, well-educated and technology-friendly
individuals (Keeler et al., 2015; Tenerelli et al., 2016). On the other hand, most stud-
ies of this nature use Flickr to approximate visitor data (Da Mota and Pickering, 2020;
Wilkins et al., 2021). Flickr is a website for sharing geolocated photographs which is
less popular than other social media platforms such as X (formerly known as Twitter)
and Instagram.' Furthermore, there is a dependence on the willingness of social media
users to share their experiences, geo-locate the media, and maintain a public profile so
that other users of the platform can access their content. Otherwise, researchers cannot
identify them as visitors to natural areas.

Nevertheless, the previous statements do not imply that the aforementioned data
sources are useless. Many studies have demonstrated that social media data can serve
as a valuable proxy for tourism in natural areas (Wood et al., 2013; Chun et al., 2020;
Sinclair et al., 2022). For instance, a significant correlation has been found between
Flickr users and visitors to mountain protected areas (Walden-Schreiner et al., 2018).
Owuor et al. (2023) conducted ordinary least squares, Spearman’s correlation and time-
series analyses on official visitor counts and various types of user-generated content
such as X, Flickr, Google Maps, Wikipedia and TripAdvisor.

Similarly, Wood et al. (2020) used data from Flickr, X and Instagram alongside pre-
cipitation data in linear models with fixed and random effects. They concluded that
“social media can be applied with moderate success to estimate visitation at sites that
are unmonitored or otherwise lack on-site counts” Additionally, a wavelet analysis
(Mancini et al., 2018) identified Flickr as a reliable source for describing the temporal
patterns of nature-based recreation.

Flickr data was further validated (Sessions et al, 2016) by conducting a nega-
tive binomial regression analysis on visitor data from U.S. national parks. Some U.S.
national parks were also used to test whether TripAdvisor reviews and climate data
could forecast tourism demand using various techniques, including machine learn-
ing models (Khatibi et al., 2018). In terms of correlation coeflicients, Wilkins et al.
(2021) conducted a comprehensive review of the use of social media to predict recre-
ational activities in environmental areas, comparing the performance of various social
media platforms reported in numerous articles. Interestingly, Flickr reported both the
lowest and highest correlation coefficients, depending on the study. Fewer studies

"The website for Flickr is available at https://www.flickr.com/. The site for X (formerly known as Twitter)
is https://twitter.com/home, and Instagram can be accessed at https://www.instagram.com/.
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utilized Twitter and Instagram compared to Flickr, making it challenging to draw
definitive conclusions.

Other researchers have explored the use of alternative data sources, such as mobile
phone data, in travel cost modelling (Kubo et al., 2020). Mobile phones have been
widely used for several years, providing a data source that avoids the biases inherent
in sub-samples of the population. Furthermore, the popularity of social media sites
fluctuates over time, posing challenges for studies with long-term time series data.
In contrast, the proportion of people who own and use mobile phones is expected to
remain stable. Furthermore, mobile phone data can be considered a form of “passively”
generated content, eliminating the need to rely on visitors’ willingness to publicly share
their experiences.

In a study conducted in South Korea, mobile phone data, along with geotagged
tweets from X and photographs from Flickr, were compared with on-site surveys
(Fisher et al., 2019). The main results show that the correlations revealed by the mobile
data were not as strong as those revealed by the other sources, although it is important
to note that the sample size for the mobile data was much smaller. In a different study,
Jaung and Carrasco (2021) used mobile phone data to examine the effect of weather
on recreational ecosystem services.

Some studies highlighted a lack of research in LMICs compared to Europe and
North America (Calcagni et al., 2019; Ghermandi and Sinclair, 2019; Kim et al., 2019),
despite a tendency for protected areas to increase in LMICs (Balmford et al., 2009; Kim
et al., 2019). Flickr has been used most frequently to study spatial visitation patterns in
LMICs. In south-eastern Asia, a validation was carried out through on-site visits and
surveys (Kim et al., 2019), while in the Argentinian Andes the focus was on cultural
perceptions (Rossi et al., 2020). Another study in Argentina with similar objectives
used Paronamio photographs (Martinez Pastur et al., 2016). Other examples of Flickr
use include Nepal (Bhatt and Pickering, 2022), Mexico (Ghermandi et al., 2020) and
India (Sinclair et al., 2018). Other authors have used InVEST software (Natural Capital
Project, 2025), which also utilizes Flickr photographs. This provides an understanding
of the spatial patterns, finding tourism hotspots as well as predicting them based on
natural and social infrastructure, in India (Bhalla et al., 2022), Indonesia (Tussadiah
et al., 2021) and Morocco (Mouttaki et al., 2021). In 2013, Wood et al. (2013) tested
for differences between developed and developing countries when predicting visitation
patterns with Flickr photographs. They concluded that income and type of attraction
were significant parameters. Tenkanen et al. (2017) explored the potential of Instagram,
Twitter and Flickr for monitoring visitors to natural areas in Finland and South Africa.
They found that some country-specific differences overlapped with a better match in
the most visited national parks.

The aim of this study is to assess the suitability of two types of user-generated data for
capturing the number visitors to Spanish national parks between 2015 and 2023.> We
aim to compare the most widely adopted source, Flickr, with the alternative considered

*Outdoor activities in Spain were heavily affected by COVID-19 restrictions from March 2020 to mid-
2021, including a strict national lockdown, curfews and travel limitations (Pozo et al., 2022, Tapia-Serrano
et al., 2022). Although most outdoor restrictions ended by mid-2021, entry requirements such as vaccination
or testing remained until early 2023.
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Figure 1. Map showing the locations of Spanish national parks, with provincial boundaries in black and
municipal boundaries in grey.

to be the most promising: mobile phone data. This approach helps to mitigate some of
the biases introduced by Flickr, such as the over-representation of certain population
groups and variability in its popularity.

2. Data

The analysis of user- or device-generated data, obtained from social network websites
or mobile phones, raises some ethical implications that need to be addressed. This
work aims to respect both the terms of service (TOS) of the platforms from which
the data were obtained, as well as the dignity and privacy of their users. A statement
on this aspect of the article is provided in online appendix B. Next, we list the different
sources of data and provide a brief explanation of their characteristics and how they
were obtained.

2.1. Visitors to Spanish national parks

Spain is home to 16 national parks (figure 1), each of which employs its own unique
methods of counting visitors (Red de Parques Nacionales, 2017). Picos de Europa, for
instance, is one of the largest parks and includes permanent residents within its bound-
aries, as well as roads that traverse the park but are not intended for visitor use. While
all primary access points are equipped with vehicle and pedestrian counters, secondary
access points lack such devices.

Similarly, the Ordesa y Monte Perdido park relies on a combination of informa-
tion from bus companies and vehicle and hiker counters to estimate visitor numbers.
Aigiiestortes i Estany de Sant Maurici uses periodic surveys and tracks nights spent in
the park to supplement its counting methods. By contrast, Dofiana National Park can
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only be accessed via organized tours with local guides, which simplifies the counting
process. In Cabarieros National Park, for example, 16 signposted routes are monitored,
and visitor numbers are recorded at the entrances and tourist information offices.
Manual surveys are considered more reliable than automated detection of vehicles and
hikers.

National parks located on islands, comprising six of the total, often have more con-
fidence in their measurements (Red de Parques Nacionales, 2017). They combine data
from visitor offices, pressure counters for pedestrians, vehicle counters and shipping
companies.

Despite these efforts, automated counts frequently underestimate the number of
people in the parks. Park authorities assert that their data provide a reasonable estimate
of the actual visitors but they acknowledge that it remains an estimate.

Visitor data for Spanish national parks is managed by the Autonomous Agency
for National Parks (Organismo Auténomo de Parques Nacionales) (Red de Parques
Nacionales, n.d) and made available upon request. These datasets are spatially aggre-
gated by each park and, since 2015, data points have been temporally aggregated by
month. For our study, we requested monthly data from 2015 up to the most recent
year available, 2023. It is important to note that there are missing data points, particu-
larly in 2018 and 2019, when eight parks had no observations in one of the two years.
Besides this, Sierra de las Nieves only provided data for 2022 and 2023, while Sierra
Nevada had data available for 2015-2017, 2022 and 2023.

2.2. Flickr photographs

Flickr has been widely used in the literature, enabling us to compare our findings with
those of other researchers. Flickr also offers the advantage of relatively easily extracting
photographs taken within specific coordinates. We used the Flickr API (Application
Programming Interface) to retrieve public photographs that matched specific crite-
ria. We searched for content matching the approximate coordinates of each national
park between 2015 and 2023. To focus the analysis on photographs captured within
the boundaries of each park (as shown in figure 1), we clipped the search results to
match the exact polygon shape of each park.

To address the potential for bias introduced by highly active users uploading multi-
ple photographs on the same day, we employed the concept of Flickr-user-days (FUD).
One FUD represents a unique owner posting at least one photograph in a national park
on a given day. For instance, an individual sharing 10 pictures on the same day would
be counted as 1 FUD. Someone sharing two pictures on two consecutive days would
be counted as 2 FUD. This standardized method is commonly used in the previously
referenced literature.

To align the Flickr data with visitor data, we grouped FUD by month and park name,
aggregating all FUD for the same park and month.

2.3. Mobile phone data

Mobile phone network data introduce a novel element to our study, as it has not been
explored as extensively as the other two sources. It also offers significant advantages,
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particularly in avoiding some of the biases associated with social media data, such
as the over-representation of young, urban populations. However, this source only
became available in July 2019, resulting in fewer data points per park compared to
the Flickr data.

The Spanish National Institute of Statistics (INE) publishes tourism measurement
data derived from mobile phone usage in collaboration with the country’s three
main telephone companies (Instituto Nacional de Estadistica, 2024). This collabora-
tion began with the first release in May 2022, which included data from July 2019
onwards, and has continued with monthly publications. The measurement process
relies on the antennas to which each mobile phone is connected and records of previous
connections.

According to the technical report provided by INE (Instituto Nacional de
Estadistica, 2022), the coverage area of each antenna can vary significantly. In densely
populated areas, it can be a few hundred metres, whereas in rural areas it can be sev-
eral kilometres. This results in approximate localization. While the specific names of
the telephone companies involved are not disclosed, it is noted that they collectively
represent 75 per cent of the Spanish market.

Data acquisition and the definition of tourism depend on whether they pertain
to outbound tourism (foreigners entering the country) or domestic tourism. In both
cases, the information provided to the companies by INE is completely anonymous,
and each telephone is monitored for as long as it remains switched on and connected.

The technical report on outbound tourism provided by INE (Instituto Nacional de
Estadistica, 2022) defines tourists as mobile phones belonging to international opera-
tors that are detected in Spain between 10 pm and 6:00 am, and remain so thereafter.
The trip is considered to end when the mobile phone is no longer detected in Spain dur-
ing these hours. Mobile phones detected solely outside of these hours are still counted
as foreign tourists under two conditions: they have been detected for at least three
hours, and they have not been detected more than eight times in the previous eight
weeks in the same municipality. Data are aggregated by month and municipality. These
administrative divisions are shown in figure 1.

According to this definition, if a national park spans multiple municipalities and
assuming the visitor does not stay overnight, a mobile phone visiting the park would
only be reported if the visitor spent at least three hours in any of these municipalities.
Additionally, the dataset includes information on the tourists’ origin country. To ensure
anonymity, countries with fewer than 30 travellers per month are disregarded.

The technical report on domestic tourism defines tourists as mobile phones devices
departing from their usual area (which does not have to be contiguous) that are
detected in a municipality located in a different province between 10 pm and 6 am, and
are subsequently detected in that same municipality. Excluding intra-province travel
aims to simplify measurement by eliminating routine displacements within densely
populated provinces. To ensure anonymity, municipalities with fewer than 30 travellers
per month are disregarded.

If a mobile phone is only detected in another municipality during the day, it is still
counted as a tourist under the following conditions: the mobile phone was detected in
the usual area the previous night, the detection lasted for at least three hours, and the
phone was not detected there more than eight times in the previous eight weeks.
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To maintain consistency in notation, we created a new variable named mobile-
phone-user-days (MPUD). This variable was computed to represent the number of
days each mobile phone was detected in the vicinity of the national parks.

The original data provided by INE was grouped by month and municipality. In order
to align with our analysis, we aggregated the data by month and park, summing all
MPUD values for each month and park.

3. Methods

In this section, we describe the statistical calculations employed to address our main
scientific question. Our hypothesis is that recreational demand and its temporal vari-
ability can be predicted using information generated by users or devices. To test
our hypothesis, we performed regressions of visitor estimators, such as FUD and
MPUD (sections 2.2 and 2.3), against on-site counts (section 2.1). We evaluate the
most suitable regression approach, assess the model’s goodness-of-fit and examine the
significance of the predictors.

All of our calculations were conducted locally on a desktop computer using Python
3 (Python Software Foundation, 2024) programming language. Some Python libraries
that are specialized in statistical calculations were employed in different steps of the
work, such as Scipy (Virtanen et al., 2020), Statsmodels (Seabold and Perktold, 2010)
and Matplotlib (Hunter, 2007) for plotting.

Our analysis begins with an exploratory data analysis, aiming to visualize global
trends and assess the popularity of the two social media sources. We will also inves-
tigate seasonal patterns in visitor numbers. Additionally, we will compute Spearman’s
correlation coeflicient, since this metric does not assume a linear relationship between
variables.

Next, we begin studying the predictability of recreational demand by our data
sources. When modelling count data, the Poisson distribution is often considered.
However, visitor counts in recreational areas typically show high levels of overdisper-
sion, making a negative binomial distribution a more suitable choice (Cameron and
Trivedi, 2013). This distribution captures the observed variance w in terms of the mean
w:w = p~+auf where p = 2 leads to the so-called NB2 model, the most common spec-
ification (Cameron and Trivedi, 2013) for high overdispersion. We have implemented
a significance test to calculate the value of « for the NB2 model, the details of which
can be found in online appendix A. The value of alpha is then used to fit the depen-
dent variable (i.e., the number of on-site visitors, as provided by the parks’ authorities)
against a set of independent variables x” multiplied by 3 coefficients,

it = NB2 (exp (9?3) ,a) .

We test three models. Each one yields a different expression for x” 3 (table 1). The
subscript i represents different national parks, and the subscript ¢ controls for time.
The variables Park; and Season; are sets of dummy variables used to incorporate fixed
effects for each park and season, respectively. Given the climate of Spain, we defined
winter as December-January-February, spring as March-April-May, and summer as
June-July-August-September. To avoid perfect collinearity, the omitted category is fall
for October-November, and the coeflicients of these seasonal dummy variables are to
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Table 1. Variables involved in each of the three negative binomial regression models

Model Expression Data sources
1 Visitors; ~ In FUD;, 4+ Park; + Season, + COVID, Flickr
2 Visitors;, ~ MPUD;, + Park; + Season, + COVID, Mobile phone
3 Visitors; ~ In FUD;, + MPUD;, + Park; + Season, + COVID, Both

be interpreted with respect to this baseline. COVID; is another dummy variable, tak-
ing the value 1 for the period from July 2020 to June 2021, to account for strict social
distancing and travel restriction during the pandemic, and 0 otherwise. At this junc-
ture, we opted to exclude observations from the dataset for the months of March to
June 2020, inclusive. This period corresponds to the lockdown, during which outdoor
activities were either prohibited or highly restricted. These models were specified based
on Spearman’s correlations between the independent variables (section 4.1). We also
employed the Akaike Information Criterion (AIC) and log-likelihood estimations to
ensure that applying the natural logarithm improved the fit for FUD but not for MPUD
(not shown here).

The three models can be fitted using the complete dataset as a pooled panel data.
However, park-specific regressions may be more appropriate due to their different char-
acteristics and the seasonalities of each of them. In thislast case, the subscript i in table 1
disappears, and the models become time series. A log-likelihood test can be used to
determine whether the pooled or park-specific approach is better. The null hypothesis
(H,) posits that the pooled model is preferred. If the sum of the 16 different log-

likelihood functions (Z ( )) is greater than the log-likelihood function of the
pooled model, denoted as 12 pooled (B ), then the park-specific approach provides a better

representation of the data. Conversely, if £, B) is larger, then the pooled model is
deemed superior. We test the significance of the differences using a log-likelihood ratio
test,

LR:_Z'[HO_Ha}:_Z' pooled( ) Z[‘ ( ) . (1)

LR is y? distributed with 221 G; — Gpooleq degrees of freedom. G4 is the number
of coefficients in the pooled model, and G; is the number of coefficients in each single
park regression.

After deciding whether to use pooled or park-specific regression, the pseudo R?
measurements are computed to assess the goodness of fit. The deviance R? is a
generalization of the sum of squares for count data:

2 D()’ i)
RDEV_1 D(}/)/)

Here, y represents the observed counts and /i the expected counts, as calculated by
the NB2 regression. D (y, fi) is the deviance of the complete model incorporating all
regressors in table 1. D (y,y) is the deviance of an intercept only model. R}, mea-
sures the proportional reduction in the deviance between the observed counts and the

)
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expected counts due to the inclusion of new regressors, with respect to an intercept-
only model. R}y is defined between 0 and 1: for example, Ry, = 0.65 means that,
when the regressors are included, the deviance between the predicted and observed
counts has decreased by 65 per cent compared to the deviance of an intercept-only
model.

Finally, we perform a robustness check. We fitted the NB2 models using data from
years 2021 and 2022 to predict visitation in 2023. The accuracy of the prediction can
be evaluated using the mean absolute percentage error (MAPE),

100 <  yii — 17

MAPE, = — ) |24, 3)
l T Z Vit |

where i stands for each one of the 16 parks, ¢ is the month, y;, is the observed visitation

to park i in month ¢ in 2023, and p, is the predicted number of visits to park i in 2023.

4. Results
4.1. Exploratory data analysis

Approximately 15 per cent of the on-site visitor observations had missing data. This
corresponds to the winter months, when access to some parks is prohibited, and to
parks for which data became available only after 2015. After removing these obser-
vations, the dataset consisted of 1,443 observations. The dataset’s summary statistics
are presented in table A2 in appendix A. Table 2 shows the total number of on-site
visitors, FUD and MPUD each year. The number of visitors remained close to 15 mil-
lion during the period 2015-2017, with a moderate decline to 12-13 million observed
in the years 2018 and 2019. The impact of the 2020 pandemic is evident, with visitor
numbers falling below 7 million. After 2020, visitor numbers gradually recovered to
pre-pandemic levels. Flickr data show a notable decrease between 2015 (1,252 FUD)
and 2019 (509 FUD). The post-pandemic recovery of FUD is much weaker. In 2023,
the number of FUD (299) was similar to that in 2020, when outdoor recreation and
international travel were highly restricted. This behaviour indicates a gradual decline
in the popularity of the website, rather than real trends in visitation. MPUD data collec-
tion started in July 2019. Therefore, this year’s MPUD is only 16.9 million. There was a
strong post-pandemic increase in MPUD, especially from 2021 (21.45 million) to 2022
(40.77 million). Note the significant differences in the order of magnitude between the
two predictors. MPUD clearly overestimates on-site visitors, whereas FUD underesti-
mates them. This was expected due to the limitations and characteristics of the data
sources, as described in section 2.

Figure A1 in the appendix shows the seasonality of each national park. Parks located
in the northernmost regions tend to have the majority of visits in the summer: Picos de
Europa, Islas Atldnticas de Galicia and Ordesa y Monte Perdido are good examples of this
behaviour. Parks with a hot-summer Mediterranean climate experience their highest
number of visitors in spring and autumn. See, for example Monfragiie or Cabarieros. In
the Canary Islands, all four parks present a homogeneous distribution.

Spearman correlations (p,) between the three variables in table 2 were computed
for the entire dataset. On-site visitors were found to be highly correlated with FUD
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Table 2. The total number of visitors provided by the park authorities, Flickr-user-days (FUD) and mobile-
phone-user-days (MPUD) each year

Year Visitors (x 10°) Flickr (FUD) Telephone (MPUD) (x10°)
2015 14.4 1252 -

2016 15.01 1241 -

2017 15.32 916 =

2018 12.9 741 -

2019 12.1 509 16.9

2020 6.4 224 11.97

2021 115 405 21.45

2022 13.9 420 40.77

2023 15.01 299 44.41

(ps = 0.68) and moderately correlated with MPUD (p, = 0.33). Of the two predictors,
FUD shows a small correlation with MPUD (p, = 0.18).

4.2. Negative binomial regression

First, we evaluate the log-likelihood ratio test in (equation 1) and determine which
approximation, pooled or park-specific, exhibits stronger predictive capabilities. For
all the models in table 1, the LR follows a x* distribution with Z;il G—G=175
degrees of freedom. The critical value for testing whether to reject the null hypothesis
is X7 0.05(75) = 96.2. Notably, the null hypothesis is rejected in all cases. For models 1
(Flickr data only), 2 (mobile phone data only) and 3 (both), the LR values are LR, =
3297, LR, = 1309 and LR; = 1429.6, respectively. All of these values are positive,
indicating that the park-specific approach provides a better representation of the data
and is well above the critical value required to reject the null hypothesis. Consequently,
we conclude that park-specific regression provides a more suitable approximation for
predicting visitor numbers.

Figure 2 plots the results of park-specific regressions and shows the pseudo R3,
defined in (equation 2). An R%,, = 0.6 indicates that the deviance between the obser-
vations and the predictions has decreased by 60 per cent compared to the deviance of
an intercept-only model. In each of the 16 plots, estimated normalized visitors are plot-
ted against on-site normalized visitors. Normalization is performed by dividing by the
maximum number of on-site visitors in the park. Some parks, such as Ordesa y Monte
Perdido (third row, first column), have estimations using any of the user-generated
sources that are close to the 1-1 line. This indicates a good match between predictions
and observations and, therefore, R3y,, > 0.8. Other parks, such as Monfragiie (sec-
ond row, fourth column in figure 2), show dispersion on both sides of the 1-1 line and
Ry < 0.35. If the points in figure 2 are located below the 1-1 line, the predictions
underestimate the on-site visitors and vice versa. When R3, is high for a model (Flickr
data, mobile phones, or both), it tends to be similarly high for the others. However, the
majority of the parks exhibit higher R}, (goodness-of-fit) when phone data are used
for prediction purposes. This is true whether used on its own or with Flickr data. For
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Figure 2. Park-specific NB2 regressions using three different user-generated data sources.

Notes: Flickr photographs (red, Model 1 in table 1), mobile phone data (green, Model 2 in table 1) and both of them
(black, Model 3 in table 1). Visitors are normalized using the maximum number of on-site visitors at each park. R} is
depicted in the bottom right corner of each subplot.

example in Teide National Park (fourth row and third column), R}z, = 0.69 when
mobile phone data are used to predict visitor numbers, R}, = 0.45 when Flickr data
are used and R}, = 0.7 when both sources are used. There are only three exceptions
where Flickr data produces better predictions: Cabarieros, Sierra Nevada and Tablas
de Daimiel. Figure Al in the appendix shows that these three parks have a more even
distribution of visitors throughout the year, with no visible maximum in summer.
The second and third columns of table 3 show the /3 values of the coefficients that
multiply the Flickr (In FUD) and mobile phone (MPUD) data regressors in the neg-
ative binomial park-specific regressions and their significance levels according to the
p-value. Note that the value of B, is several orders of magnitude larger than SBpy,,.c
because typical Flickr-user-days are much smaller than mobile-phone-user-days. The
interpretability of the coeflicients can be explained in terms of the average marginal
effect (AME) (Cameron and Trivedi, 2013), which is proportional to the 5 coefficients.
For example, in the case of Timanfaya National Park, the AME of the Flickr data regres-

sor is AME = 0.131 - E[y|x] = 16394. This means that if the In FUD increases by 1,
the conditional mean, i.e., the mean number of predicted visitors, increases by 16,394

units. For mobile phone data, the AME equals 4.4 - 1076 - E[y|x] = 0.473, indicating
that an increase of 1,000 in MPUD is expected to result in 473 more visitors to the area.

When Flickr data are used in the negative binomial regression, B, is not signif-
icant in the following five parks: Cabariieros, Monfragiie, Sierra Nevada, Sierra de las
Nieves and Teide National Park. However, when phone data are used in the regres-
sions, only three parks present non-significant coefficients, as can be observed in the
third column of the table: Cabarieros, Sierra Nevada and Sierra de las Nieves. Bgj;qi, 1S
significant but the sign is negative for Garajonay park. A negative coeflicient indicates
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Table 3. Results of the 16 park-specific regressions

National Park Beiickr Benones Rbev rickr  Rbev, phones
Aigliestortes i Estany de Sant Maurici 0.13* 3.92 x1076*** 0.73 0.77
Archipiélago deCabrera 0.47*** 1.75 x1076*** 0.56 0.71
Cabaneros 0.06 3.61 x107° 0.53 0.42
Caldera de Taburiente 0.18*** 18.1 x1076*** 0.17 0.17
Dofiana 0.16** 2.86 x107*** 0.44 0.47
Garajonay -0.078** 15.3 x 106*** 0.41 0.51
Islas Atlanticas de Galicia 0.12* 3.1 x1076*** 0.74 0.84
Monfragiie -0.056 22 x1076*** 0.27 0.31
Ordesa y Monte Perdido 0.34*** 19 x 10 6*** 0.84 0.87
Picos de Europa 0.203*** 8.3 x1076*** 0.77 0.9
Sierra Nevada 0.019 0.24 x10~° 0.44 0.35
Sierra de Guadarrama 0.121*** 2.4 x107° 0.38 0.41
Sierra de las Nieves -8.8 x1071¢ 1.6 x107° 0.54 0.54
Tablas de Daimiel 0.21*** 19.9 x10-6** 0.64 0.52
Teide National Park 0.034 0.57 x10~6*** 0.45 0.69
Timanfaya 0.131*** 4.4 x1076*** 0.74 0.86

Notes: The second column shows the value of the coefficient associated with the natural logarithm of Flickr data (In FUD)
in Model 1. The third column is analogous to the second column, except that Bppones is the value of the coefficient related
to MPUD in the Model 2 regression (mobile phone data). Significance levels according to p-values are reported as (p < 0.01
***1%, p < 0.05 **5%, p < 0.1 *10%). Fourth and fifth columns collect R? values from figure 2.

that a smaller number of visitors is expected when the number of Flickr users in the
area increases. This implies that using Flickr data to predict visitor numbers in this area
is not suitable. Table 3 shows that negative binomial regressions are statistically more
consistent when mobile phone data are used than when Flickr data are used.

In the fourth and fifth columns of table 3, one can note that some of the parks
with non-significant coeflicients exhibit moderately high goodness-of-fit in figure 2.
For example, Cabarieros park had R}, = 0.53 for Flickr data. However, the B,
is non-significant. In this case, the 53 per cent reduction in the deviance compared
to an intercept-only model is due to the dummy variables related to seasons and the
COVID-19 pandemic. Nevertheless, in any national park, for R%., to exceed 0.55,
the coefficients related to Flickr and phone regressors must be significant. Hence, the
effect of the dummy variables is not strong enough to deliver R}y values above this
threshold.

In data analysis, a common procedure is to fit a model using a training set and then
test it on a test set. In this study, a training set of data from 2021 and 2022 was employed
to fit the regression and predict visitation in 2023. A plot of the measured versus esti-
mated values for the test data are depicted in figure 3. MAPE, as defined in (equation
3), is used to evaluate the accuracy of the predictions. Now, the points in figure 3 are
not as close to the 1-1 line as before. The increase in prediction errors was expected,
because only a fraction of the dataset was engaged in the regression. Interestingly, some
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Figure 3. Park-specific NB2 regressions using three different user-generated data sources.

Notes: Flickr photographs (red, Model 1 in table 1), mobile phone data (green, Model 2 in table 1) and both of them
(black, Model 3 in table 1). The NB2 model was trained using data from 2021-2022 to predict data from 2023. Visitors
are normalized using the maximum number of on-site visitors at each park. MAPE is depicted in the bottom right corner
of each subplot.

parks that did not exhibit high goodness-of-fit previously now have low MAPE. For
example, Sierra de Guadarrama and Monfragiie presented R}, below 0.45 in figure 2
for any of the data sources employed. However, the MAPE values for Monfragiie are
19.7 per cent using Flickr data, 18.7 per cent using phone data and 18.25 per cent
using both. For Sierra de Guadarrama, MAPE is 26.01 per cent for Flickr data, 20.4 per
cent for phone data and 32.2 per cent for both sources as regressors. Conversely, Islas
Atldnticas de Galicia had R}, = 0.84 with mobile phone data but now has a high error
(MAPE=151 per cent). It is now more difficult to determine which data source is bet-
ter for predicting natural recreation. Flickr data yields predictions with smaller errors
than phone data in seven parks. However, in only four of these seven parks (Ordesa
y Monte Perdido, Sierra de las Nieves, Tablas de Daimiel and Teide National Park) is
MAPE below 25 per cent. In the other three parks, MAPE is higher than 25 per cent
and the predictions are not as accurate. Mobile phone data make more accurate predic-
tions than Flickr data in five parks. MAPE is below 25 per cent in four of them (Picos de
Europa, Guadarrama, Sierra Nevada and Timanfaya). In the remaining four parks, the
most effective method of predicting visitor numbers is to include both data sources.
However, of these four parks, only Monfragiie has MAPE below 25 per cent.

When the entire dataset was used for the regression analysis, mobile phone data
proved to be a better predictor than Flickr data, despite having fewer observations.
When the dataset was split into training and test sets, both data sources had equal num-
ber of observations. However, in this last case, it is unclear which source is the more
suitable predictor. Rather than being a limitation of the methodology, this behaviour
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could be the consequence of data scarcity. The training set could have been larger by
adding data from 2020 and earlier. However, there is likely to be a structural break
between the pre- and post-pandemic years.

Opverall, the user-generated data performed best in predicting visitation to parks
located in the mountainous regions in the north of the country: Aigiiestortes i Estany
de Sant Maurici , Ordesa y Monte Perdido and Picos de Europa. These three parks exhibit
high R?,, and low MAPE. Timanfaya, located in the Canary Islands, also exhibits this
behaviour. The climate in northern Spain differs from that in other regions of the coun-
try, characterized by greener and more lush landscapes. The beauty of the surrounding
sea in islands may also increase visitors’ willingness to share photographs on social
media. However, landscape attractiveness is influenced by various subjective factors,
and other reasons could underlie this finding. Furthermore, table A1 shows that the
number of FUD in these four parks in northern Spain and Teide National Park is unex-
pectedly high relative to the number of visitors. In contrast, Sierra de Guadarrama
and Garajonay are under-represented on Flickr. This reinforces the idea that some
parks may be more visually appealing than others, leading to a higher “willingness to
share” among visitors on social media and a better fit for our models. The reason why
our modelling performs better in some parks than in others is difficult to determine.
Tenkanen et al. (2017) pointed out that social media data tends to perform robustly in
more visited parks. As a result, Spearman’s correlations were computed between high
R%py, or low MAPE and the mean visitors of each park. Additionally, one new variable
was defined:

Summer visitors;

(4)

Seasonality Index. =
) i Total visitors;

where i stands for each one of the 16 parks. Therefore, two statements are tested:

(1) User-generated data are more suitable for predicting visitation to the most
popular parks, as previously found by Tenkanen et al. (2017).

(2) User-generated data are more suitable for predicting visitation in parks where
the majority of visitors are concentrated in the summer.

The correlation coefficients between mean number of visitors of each park, Seasonality
Index and R, and MAPE values are depicted in table 4. The Spearman’s correlation
coefficient between the mean number of on-site visitors of each park and the MAPE
values in figure 3 using mobile phone data is —0.44. The mean number of visitors is
less correlated with MAPE when using Flickr data or with R}y This indicates that
statement 1 above is very weak. The Spearman’s correlation coefficient between the
Seasonality Index of each park and the R}, values of figure 2 is 0.46 (Flickr data) and
0.5 (phone data). The Spearman’s correlation coefficient between the Seasonality Index
of each park and the MAPE values in figure 3 is 0.46 for Flickr data. This last result
suggests that the second statement announced above is stronger than the first. However,
the limited number of observations in the dataset means that robust conclusions cannot
be drawn.
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Table 4. Correlation matrix showing Spearman’s correlation coefficients between R3,,, MAPE, total num-
ber of visitors and seasonality index (equation 4) of each park

Seasonality Total
RZDEV, Flickr RZDEV, phones MAPEFlickr MAPEphanes Index visitors

R})EVYF“ckr 1.000 0.934 0.458 0.1
Rf)Ev,phones 0.934 1.000 0.522 0.29
MAPE g e 1.000 0.796 0.464 -0.19
MAPE j,011¢5 0.796 1.000 0.304 -0.44
Seasonality 0.458 0.522 0.464 0.304 1.000
Index
Total 0.1 0.29 -0.19 -0.44 1.000
visitors

5. Discussion

This study is not unique in finding that social media and user-generated data can com-
plement on-site data. Sessions et al. (2016) used Flickr photographs to model visitor
numbers with negative binomial regression. They also introduced In FUD as a regres-
sor, as has been done in the present work. They obtained a /3 coefficient of 0.649 for
all parks pooled. This is in the same order of magnitude as most of the coefficients in
table 3. Wood et al. (2020) found R*> = 0.79 when predicting visitation to unmonitored
sites using social media and calendar data in a pooled model with fixed effects. This
measurement of goodness of fit aligns with our highest R? values in the park-specific
regressions. We also reported a Spearman’s correlation (p,) of 0.68 between Flickr-
user-days and visitor counts. Owuor et al. (2023) reported p, = 0.77 in Cartinthia,
Austria, also using Flickr. In a similar manner, Walden-Schreiner et al. (2018) found
ps = 0.25in Argentina and Australia and Levin et al. (2017) measured p; = 0.5. In a
2021 review, Wilkins et al. (2021) compared Spearman’s correlations of 35 studies using
Flickr and eight using Instagram. The highest correlation reported, for both platforms,
was around 0.8. For mobile phone data, this study obtained p; = 0.33 with on-site
visitor counts, while Fisher ef al. (2019) obtained a higher value of 0.56. Other authors
(Khatibi et al., 2018) tested less-explored data sources such as TripAdvisor and different
techniques in 70 national parks in the US. Their MAPE values were below 25 per cent
for the majority of the parks. Further research efforts could follow this approach, test-
ing machine learning models such as Support Vector Regression (Cortes and Vapnik,
1995) or wavelet analysis (Mancini et al., 2018).

The results indicate that site-specific characteristics are important when consider-
ing multiple environmental areas or national parks with different landscape, climate
and socioeconomic characteristics, as visitor estimations in one area may not be appli-
cable to others. User-generated data sources can better capture seasonal visitation
patterns in countries where visits are mostly concentrated in the summer (see fig-
ure Al in appendix A). Furthermore, estimates derived from these sources using
a negative binomial regression model may be more accurate for parks exhibiting
such seasonal behaviour and located in the mountainous regions in the north of the
country.
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Another topic beyond the scope of this article is the quality of on-site visitor data
Red de Parques Nacionales (2017). The authorities at some parks, such as Ordesa
y Monte Perdido, Teide National Park, Aigiiestortes i Estany de Sant Maurici and
Timanfaya, are confident in their visitor counting methodology. Visitor estimates for
these parks are among the most accurate of the 16 parks studied. Conversely, the
authorities of Caldera de Taburiente explain that most of their visitors arrive by cruise
ship, resulting in a flood of tourists arriving all at once and crowding the information
desks. Therefore, the priority is to reduce their waiting time, rather than precise count-
ing. The automatic counters located at different points also do not seem to provide
reliable data. The park authorities of Sierra de Guadarrama and Garajonay also report
inaccurate data from their automatic counters. The inability of user-generated data to
reproduce the seasonal trends observed in these three parks, as well as the inability
to produce accurate estimators using negative binomial regression, indicates that data
quality is a limiting factor. This finding reinforces our hypothesis that user-generated
data can be a groundbreaking tool for complementing or improving traditional recre-
ational data. This is especially true in non-protected areas in LMICs, unlike the 16 areas
studied in this article. For these areas, data quality would be a much greater limiting
factor.

6. Conclusions

The use of user-generated data is becoming increasingly prevalent in research and pol-
icy analysis. These datasets are particularly important when official data are scarce, as
is the case with rural tourism and other recreational activities, which rely on visitor
statistics to determine their economic value.

This paper provides a comparison of two popular user-generated data sources
(Flickr and Mobile Phone data) in terms of statistical accuracy for the modelling of
visitation to national parks in Spain. The best statistical fit of the estimated models
corresponds with using both sources. If a single source needs to be used, mobile data
produces the finest predictions. Despite having fewer data points, it was as effective or
more effective than Flickr in many of the studied parks. However, when the sample
was divided into a training set and a test set, individual differences across parks do not
allow for the generalization of a single data source. User-generated data might produce
more accurate predictions of visitor numbers in natural areas where most visitors are
concentrated in the summer.

Our findings show that social media and user-generated data can complement
on-site statistics effectively. This helps to allocate resources more effectively, inform
economic valuation and protect hot spots where increased human activity poses a
threat to biodiversity and conservation. Although the study was conducted in Spain,
our results suggest that it would be worthwhile trying it in other locations. This
is particularly relevant in low- and middle-income countries where protected areas
have experienced rapid growth and there is a lack of infrastructure for counting or
monitoring recreational demand.

Supplementary material. The supplementary material for this article can be found at https://doi.org/10.
1017/81355770X2510020X.
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Appendix A contains all the additional figures and tables referenced in the text.
Appendix B contains a statement on the legal and ethical implications of using user-generated content
for research purposes.
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