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15, Alison C. SmithID

16,

Ulrike Tappeiner17, Helen Woods7

1 Irstea, UMR TETIS, 500 rue JF Breton, FR-34093 Montpellier, France, 2 Institute of Environmental Science

and Technology, Universitat Autònoma de Barcelona, C/ de les Columnes s/n, Campus UAB, 08193

Bellaterra, Spain, 3 European Commission, Joint Research Centre (JRC), Directorate D - Sustainable

Resources, Unit D3 - Land Resources, Ispra, Italy, 4 The James Hutton Institute, Craigiebuckler, Aberdeen,

AB15 8QH, United Kingdom, 5 National Institute for Research and Development and Forestry, Blvd. Eroilor

128, 077191, Voluntari, Ilfov, Romania, 6 Center for Environmental and Sustainability Research (CENSE),

NOVA School of Science and Technology NOVA University Lisbon, Campus da Caparica, 2829-516,

Caparica, Portugal, 7 Centre for Ecology & Hydrology, Bush Estate, Penicuik, EH26 0QB, United Kingdom,

8 Norwegian Institute for Nature Research (NINA), Høgskoleringen 9, 7034 Trondheim, Norway,

9 Wageningen University and Research, Environmental Research, P.O. Box 47, 6700 AA Wageningen, The

Netherlands, 10 Research Center in Systems Ecology and Sustainability, University of Bucharest, Splaiul

Independentei 91-95, 050095, Bucharest, Romania, 11 Finnish Environment Institute, P.O.Box 140, FI-00251

Helsinki, Finland, 12 Institute of Ecology and Botany, MTA Centre for Ecological Research, Alkotmány u. 2-4.,
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Abstract

Interactions between people and ecological systems, through leisure or tourism activities,

form a complex socio-ecological spatial network. The analysis of the benefits people derive

from their interactions with nature—also referred to as cultural ecosystem services (CES)—

enables a better understanding of these socio-ecological systems. In the age of information,

the increasing availability of large social media databases enables a better understanding

of complex socio-ecological interactions at an unprecedented spatio-temporal resolution.

Within this context, we model and analyze these interactions based on information extracted

from geotagged photographs embedded into a multiscale socio-ecological network. We

apply this approach to 16 case study sites in Europe using a social media database (Flickr)

containing more than 150,000 validated and classified photographs. After evaluating the

representativeness of the network, we investigate the impact of visitors’ origin on the distri-

bution of socio-ecological interactions at different scales. First at a global scale, we develop

a spatial measure of attractiveness and use this to identify four groups of sites. Then, at a

local scale, we explore how the distance traveled by the users to reach a site affects the way

they interact with this site in space and time. The approach developed here, integrating

social media data into a network-based framework, offers a new way of visualizing and
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modeling interactions between humans and landscapes. Results provide valuable insights

for understanding relationships between social demands for CES and the places of their

realization, thus allowing for the development of more efficient conservation and planning

strategies.

Introduction

As visitors’ priorities and consumption patterns evolve, people are travelling more frequently,

further away from home, and in greater numbers [1]. People interact with the destination

sites, affecting landscapes, societies and quality of life. Hence, these recent changing mobility

patterns open up new challenges in understanding threats and constraints to the environment.

Leisure or tourism activities affect cities and their surroundings, as well as remote natural

areas, through the impact of travel movements and the presence of people [2, 3]. Socio-ecologi-

cal interactions generate, in turn, cultural ecosystem services (CES) and relational values,

linking people and ecosystems via tangible and intangible relationships [4]. Visitors move

according to personal preferences, often influenced by the attractiveness of an area. To gain an

understanding of visitor patterns and how humans interact with their environment, it is essen-

tial to undertake a holistic approach to socio-ecological systems, by focusing on the different

components of the system and the way they interact with each other. Models of spatial rela-

tions between CES realization areas and beneficiaries based on empirical data are needed to

disentangle interdependencies between social and ecological systems at a high spatio-temporal

resolution.

A promising approach is to consider socio-ecological systems as networks [5]. Indeed,

nature-based interactions can be represented as a spatial network [6] that offers a way of visu-

alizing and analyzing multiscale spatio-temporal CES demands linked to a particular site.

However, the lack of data represents an important limitation for the modeling of CES emerg-

ing from socio-ecological interactions particularly at a global scale. Traditional data sources

such as census or surveys usually fail at mapping human population dynamics during situa-

tions in which detailed spatio-temporal information is required [7], as in the analysis of indi-

vidual human spatio-temporal trajectories. ICT devices such as mobile phones are now widely

accessible and generate a large quantity of high resolution spatio-temporal information on

individual human mobility patterns [8–12]. The reliability and the accuracy of these new data

sources have been intensively evaluated in recent years, notably by comparing mobility infor-

mation extracted from ICT data and more traditional data sources [7, 13–15]. Among these

new data sources, of particular interest is geotagged information produced via social media

that has been increasingly used in many scientific fields to study human mobility patterns [12].

Among the most popular, Twitter data has been widely used in understanding social networks

[16–18] and how people interact with the built environment [11, 14, 19, 20]. Data retrieved

from the Flickr photo-sharing platform have been notably used for the identification of users’

home locations [21] and the modelling of individual human mobility patterns [22]. Neverthe-

less, these studies usually focus on the way people interact with each other and with their

environment in urban systems. More recently, the digital traces that we leave while visiting

touristic and natural spaces have also contributed to the assessment of cultural ecosystem ser-

vices [3, 23–26], the measurement of landscape values [27, 28], the attractiveness of tourist

sites [29–31] and the monitoring of visitors in protected areas [2, 32, 33]. These studies

represent a crucial step towards a better understanding of interactions between people and
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ecological systems, through leisure or tourism activities, but they usually focus only on the

presence of individuals on a site, and do not explicitly take into account the spatial relation

between humans and nature that underlies beneficial socio-ecological interactions in situ, nor

information about the individuals that visit a site.

The aim of this paper is to explore the potential of Flickr data for the study of socio-ecologi-

cal interactions. The guiding idea is that interactions between individuals and ecological sys-

tems can be visualized and modeled using geotagged photographs from the Flickr photo-

sharing platform embedded in a multiscale socio-ecological network. Based on more than 150,

000 photos taken in 16 study sites across Europe, this study examines the potential of the digi-

tal traces that we leave while visiting natural sites to efficiently represent socio-ecological inter-

actions at different scales.

Results

Extracting a multiscale socio-ecological network from social media data

Socio-ecological interactions have been extracted from a database containing more than 150,

000 photographs taken between 2000 and 2017 in 16 sites in Europe (Figs 1 and 2) and posted

on the Flickr social media platform. Each photo is geo-localized (latitude/longitude coordi-

nates), time-stamped and associated with a unique Flickr user ID. In order to ensure that only

photographs representing an interaction between an individual and a natural site are consid-

ered, each photo has been manually validated and classified according to the landscape and the

activity identified on the picture. These validated photographs have been taken and posted on

Flickr by 2, 193 reliable users whose place of residence have been identified based on their

Flickr timeline using 100 × 100 km2 world grid cells. See the Materials and methods section for

more details. We define a socio-ecological interaction as the presence of a Flickr user in one of

the 16 sites during a given time window. The individuals are characterized by their place of res-

idence. The ecological systems are represented by a geographical location at different scales.

Two scales are considered, a global scale (16 European sites) and a local one where every site

has been divided in zones using 500 × 500 m2 grid cells. In practice, an interaction is repre-

sented by one or several photos taken by a user in a grid cell during a given hour. Note that if

several photos are taken during an interaction, the different types of interactions (landscapes

and activities) identified on the photos are aggregated. The resulting network is composed of

7, 354 socio-ecological interactions linking 365 distinct places of residence all over the world

to 3, 418 grid cells located in 16 study sites. A spatial representation of the network at a global

scale is displayed in Fig 2.

Evaluation of the network’s representativeness

New data sources such as Flickr data have the great advantage of being global, in contrast with

surveys and census data involving usually only one country or at most only a few countries. In

return, they come with several biases associated with the lack of information regarding the

users’ sociodemographic characteristics. In order to collect more information about our sam-

ple we automatically sent a questionnaire to the 2, 193 reliable users of our cleaned database

through the creation of a Flickr group. We obtained a response rate of 11%. Fig 3 shows some

descriptive statistics about the respondents according to their socio-demographic characteris-

tics. We note that men represent about two thirds of the respondents. There are also very few

young people, the respondents were predominently professionals. By asking the respondents

to provide us with their zipcode and country of residence, this survey supported the identifica-

tion of the user’s place of residence based on the Flickr timeline (more details available in the

Materials and methods section and in the S1 File). The overall agreement is good: in 90 percent
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of cases, the location entered in the questionnaire is located within the 100 × 100 km2 world

grid cell detected with our algorithm.

Sites’ attractiveness

Being able to measure quantitatively the interactions between a particular site and the rest of

the world allows for the development of attractiveness indicators that have been already suc-

cessfully applied to cities [11] or touristic sites [30, 31] in the past. Among these metrics, of

particular interest is the average distance traveled by the visitors to reach the site. Fig 4 displays

the Cumulative Distribution Function (CDF) of the normalized distance between Flickr users’

Fig 1. Positions of the 16 case study sites.

https://doi.org/10.1371/journal.pone.0206672.g001
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place of residence and case study sites in our network. Note that to take into account the sites’

accessibility, the distance was normalized beforehand (see the Materials and methods section

for more details). The global attractiveness of a site can be inferred from the area above the

curve, while the shape of the curve informs us on the type of attractiveness. We observe that

some case study sites are more attractive than others, highlighting different levels of attractive-

ness from local to global influence. The hierarchical cluster analysis using the Ward distance

identified similarities between CDFs. Four well-separated clusters are identified; the corre-

sponding average CDFs are represented by the colored curves in Fig 4. The yellow cluster is

composed of case study sites having a local influence, while the other case studies tend to

attract people coming from further away. Key examples in mountain regions are the Vercors

in the French Alps, that is mainly visited by locals and from nearby cities (yellow cluster),

while the Sierra Nevada in Spain and the Carpathians have an international reputation and

share the blue cluster. Sites composing the blue and green clusters have a high level of attrac-

tiveness, at a more global level for the blue one than for the green one.

Effect of the distance traveled on the socio-ecological interactions

To evaluate how the distance to a site influences the way people explore and interact with this

site, we apply five metrics. These metrics summarize the distribution of interactions from a

spatial and a temporal dimension, but also from the point of view of landscape diversity. We

analyze basic characteristics of the spatial distribution of interactions taking into account the

spatial coverage (number of cells with at least one interaction), the spatial dispersion of inter-

actions in the cells measured with an entropy index, and a spatial dilatation index measured as

the average distance between interactions. We also measure the temporal dispersion of visits

throughout the year at a monthly granularity. Finally, we assess landscape diversity using six

Fig 2. Representation of the socio-ecological network at a global scale. Every users’ place of residence (blue dots) are linked to the case study sites

(red dots) by one or more interactions (green curves).

https://doi.org/10.1371/journal.pone.0206672.g002
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landscape categories. More details on the metrics are given in the Materials and Methods

section.

In order to assess the effect of the distance traveled we compare the results obtained consid-

ering only interactions made by individuals living further than a certain normalized distance

to the ones obtained under the null hypothesis that does not take into account the distance,

considering therefore all the interactions. However, most of the metrics used are affected by

the sample size (i.e. number of interactions). To side-step this difficulty, we introduce a ran-

dom null model accounting for the distribution with different sample sizes. The five metrics

computed as a function of the normalized distance are plotted in Fig 5. Each point on the

curve represents the value of a metric Xd, taking into account the normalized distance traveled

d, divided by X0, the value obtained with a random null model assuming that the distance has

Fig 3. Results of the survey. Percentage of respondents according to the gender (a), age (b) and socio-professional

category (c).

https://doi.org/10.1371/journal.pone.0206672.g003
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no influence on the metric (more details in Materials and methods). We observe that the area

covered by the interactions and the dilatation index decrease with the distance traveled, while

the interactions tend to be spatially distributed in a similar way whatever the distance traveled

(as measured with the spatial dispersion index). Hence, as the distance traveled increases, the

visitors tend to explore the area less, though the pattern of dispersal within the space explored

is similar. In contrast, regarding the temporal aspect of the distribution, we observe that the

interactions tend to be more concentrated in a certain period of the year as the distance trav-

eled increases. Finally, it is interesting to note that the complexity of interactions in terms of

landscape diversity increases relatively little with the traveled distance. However, it is impor-

tant to keep in mind that these observations represent a median behavior across the 16 case

study sites and are not always representative of all case studies, particularly regarding the land-

scape diversity metric (see Fig G in S1 File).

Locals and visitors’ interactions overlap

We focused so far on the influence of the distance traveled by the users on the distribution of

their socio-ecological interactions. However, an important question remains: does the pattern

and intensity of the interactions depend on the origin of the user? To answer this question, in

this section we analyze the overlap between locals’ and visitors’ interactions. The interactions

are first separated into two groups according to the users’ place of residence. A user is consid-

ered as local if the normalized distance between her/his place of residence and the site is lower

Fig 4. Measure of the sites’ attractiveness. Cumulative distribution function (CDF) of the normalized distance between users’ places of

residence and case study sites. Each grey curve represents a case study. Four common profiles were found using ascending hierarchical

clustering (AHC). Each colored curve represents one of this profile (average CDF in each cluster). The dendrogram resulting from the

hierarchical clustering is shown in inset.

https://doi.org/10.1371/journal.pone.0206672.g004
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than a predetermined threshold; otherwise they are considered as a visitor. The overlap is

defined as the fraction of interactions in common between locals’ and visitors’ distributions

depending on the dimension being considered (spatial, temporal or based on landscape diver-

sity). Here again, to make the locals’ and visitors’ distributions comparable, we use a random

model taking into account the difference in sample size (see the Materials and methods section

for more details). To assess the impact of the threshold used to separate the two groups of

users, the results have been aggregated over different threshold values ranging between 100

and 1, 000 km. Fig 6 shows the average and standard deviation obtained for each dimension.

The spatial overlap between visitors’ and locals’ interactions is relatively low, with values

fluctuating around 25% of overlap between the two spatial distributions. Fig 6b shows the tem-

poral overlap between locals’ and visitors’ interactions: although the results are more heteroge-

neous, the overlap is globally higher but still quite low with an average overlap of 50%. These

results tend to demonstrate that locals and visitors interact with natural spaces differently in

space and time. This is less true for the type of landscapes observed during the interactions,

with an 80% overlap between locals and visitors (green points in Fig 6c). It must be noted that

Fig 5. Effect of the distance traveled on the socio-ecological interactions. Evolution of the spatial coverage (blue), the spatial

dispersion (red), the spatial dilatation index (green), the temporal dispersion (yellow) and the landscape diversity (purple) as a

function of the normalized distance. For each metric, the median over the 16 case studies is displayed. All metrics are normalized by

the value obtained with a random null model. Similar plots for each case study are available in Fig G in S1 File. The effect of the spatial

resolution on the spatial metrics is presented in Fig H in S1 File.

https://doi.org/10.1371/journal.pone.0206672.g005
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focusing only on the type of landscapes observed by locals and visitors in cells frequented only

by locals and visitors (i.e. without spatial overlap) does not significantly change the results

except for the site of Trnava (yellow points in Fig 6c).

Discussion

Central to the measure of human perception and interest in natural environments is the con-

cept of CES, but it is challenging to relate the supply of these non-material services to specific

spatial units. Moreover, the attractiveness of a site and the way we explore it may be influenced

by our origins [31, 34]. Indeed, beyond the analysis of people’s activities in natural sites, an

important question remains: how does our origin impact the nature of our relationships with

natural ecosystems? Taking advantage of a social media database, we proposed in this work a

methodological approach to extract and analyze multiscale socio-ecological networks from

volunteered, publicly available data generated from social media. We extracted and analyzed

from a Flickr database 7, 354 socio-ecological interactions made in 16 case study sites in

Europe by individuals living all around the world. Two scales have been considered. First a

Fig 6. Overlap between locals and visitors’ interactions. Spatial (a), temporal (b) and landscapes (c) overlap between locals and visitors’ interactions.

In panel (c), the green points represent the landscape overlap between locals and visitors considering all the cells, while the yellow points represent the

landscape overlap between locals and visitors in cells frequented exclusively by locals from one side and visitors from the other side (without spatial

overlap). Locals and visitors are identified according to the normalized distance. In order to assess the impact of the threshold on the results we

averaged the metrics obtained with threshold values ranging between 100 and 1, 000 km. The error bars represent one standard deviation. The effect

of the spatial resolution on the spatial overlap is presented in Fig I in S1 File.

https://doi.org/10.1371/journal.pone.0206672.g006
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global scale, focusing on the sites’ attractiveness based on the distance traveled by the users,

and then a local scale, by analyzing how the way Flickr users explore a site varies with the dis-

tance traveled to reach this site.

Our results demonstrate that while different levels of attractiveness exist among sites (local,

regional and global), the existence of differences in the patterns of socio-ecological interactions

according to visitors’ origins is remarkably consistent across sites. Indeed, the distance traveled

has a significant effect on the way Flickr users interact with natural ecosystems in both the spa-

tial and temporal dimensions. Although further research in this direction is needed, it would

appear that the desire for landscape diversity in socio-ecological interactions does not vary sig-

nificantly with the distance traveled to reach a site. Of particular interest is the concept of over-

laps between locals and visitors that could be used within the framework of planning strategies

oriented towards conservation and sustainable tourism, for example to improve management

of visitor activities in protected areas in order to reduce human impacts [35].

Limitations of the study

In this work, we explore the possibility of making use of social media data to provide informa-

tion about the way people interact with ecological systems. In particular, we developed a meth-

odology to connect Flickr users’ place of residence to places where the interaction took place

in the 16 study sites. This allowed us to study how the distribution of interactions varies

among sites and according to the distance traveled. Although it would not have been possible

to conduct this research at global scale using conventional data sources such as surveys, it is

necessary to recognize the potential limits and biases of our approach.

First, we cannot ensure the reliability of the data both in terms of space and time resolution.

In order to limit the potential biases we considered the photos with the most precise spatio-

temporal Flickr accuracy level (according to the Flickr API which gives access to the accuracy

with which Flickr knows the date and location to be registered). It is also worth noting that

most of our analysis is based on data aggregated both in space (100 × 100 km2 world grid cells

and 500 × 500 m2 case study site grid cells) and time (month granularity). The spatial aggrega-

tion allowed to overcome the spatial accuracy error linked to the used GPS-enabled devices, or

the map scale used to specify the photo location. By using a manual photograph validation and

classification process, we were able to avoid potential errors in classification that arise when

using automatic image processing tools. However, even though the interpretation of the pho-

tographs was performed by between 1 and 6 local experts following a rigorous protocol, inter-

pretation of the images may still be subjective to some extent.

Another important limitation lies in the lack of information regarding the characteristics

of individuals using Flickr. The process of identifying the user’s place of residence allows us

to discard non-reliable Flickr users (those with a collective account or who are not regular

Flickr users). A first coarse filter was applied to exclude collective accounts from the data.

Then, we applied several filters to ensure that a user shows enough regularity and that the

assigned place of residence is the region of the world where he/she is really living (see the S1

File for more details). Nevertheless it was also important for us to be able to evaluate the per-

formance of our place of residence detection algorithm. This is why we decided to integrate

an online survey in our analysis. Although the response rate was quite low (11%), this survey

permitted us to get a better understanding of the sociodemographic characteristics of Flickr

users, which is usually an important limitation of this kind of study. We believe that the inte-

gration of online survey approaches combined with crowdsourced data might overcome

some of the limitations of using geotagged public photos to analyze the way people interact

with nature.
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All these filters tended to reduce the size of our initial sample. This severely limited the pos-

sibility of performing multi-dimensional analysis (considering space, time and landscape

diversity at the same time). Nevertheless, we rigorously studied these dimensions separately

and to limit sample size effects we have introduced null models taking into account the sample

size and its variability.

Finally, since the distance between a user’s origin and the site visited can be biased by the

geography, we took this heterogeneity into account by measuring the case study sites’ accessi-

bility. In this process, all the distances have been computed with the Haversine formula based

on longitude and latitude coordinates. However, distances as the crow flies are rarely a direct

proxy for travel time particularly at local scale. In future studies, flight distances, transport

APIs and road network data could be used instead to calculate more realistic travel distances

between different points on the globe.

Concluding remarks

Within the framework of this research we also developed a visualization application to provide

stakeholders with a tool based on the analysis that could be used for planning (more details in

S1 File). This web application is also oriented towards Flickr users who participated actively

(providing input via the survey) or passively to the experience, and could become a platform

in the future to share experiences from the photos and the visual content. Such a platform

could limit the biases mentioned above, allowing the users to classify their own photos sup-

ported with image processing tools and to fill in an anonymous online survey improving

knowledge about their origin and motivations.

Hence, following the approach proposed in this paper, further studies could consider

the sociodemographic characteristics as well as psycho-cultural aspects which could reveal sig-

nificant correlation with the knowledge or appreciation of specific ecosystems. Indeed this

approach opens the door to future analysis and applications; further investigation is certainly

needed to understand complex human-ecosystem interactions.

Material and methods

Photograph classification process

In order to ensure that only photographs representing an interaction between an individual

and an ecosystem are considered, the subject of each photo was manually validated and classi-

fied according to the landscape identified in the picture and the different types of cultural

services that people benefits from ecosystems. In this study, we focused on six landscape cate-

gories: agricultural and open landscape, sparse forest landscape, forested landscape, mountain

landscape, manmade infrastructure, water landscapes and wetlands. At the end of the process,

16, 716 photos taken by 2, 967 users between January 2000 and 2017 were classified. Note that

98% of the photos were taken after 2007. More details about the photograph classification pro-

cess are available in S1 File.

Identification of the user’s place of residence

To identify the place of residence of the 2, 967 Flickr users, we retrieved through the Flickr

API information related to all the geo-located photos taken by these users worldwide. Then,

we divided the world using a grid composed of 100 × 100 square kilometer cells in a cylindrical

equal-area projection. We define a user’s place of residence as the cell from which she or he

has taken most of her/his photos [15]. After discarding users where the place of residence

could not be identified, we obtained 12, 850 classified photos taken by 2, 193 users between
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January 2000 and January 2017 in the 16 case studies. More details about the method are avail-

able in S1 File.

Accessibility and attractiveness

For each user, we computed the distance between their place of residence and the centroid of

the study site he or she has visited. Since the distance between the user’s origin and the visited

site can be biased by the geography, we computed a normalized distance taking into account

the origin of the user and the accessibility of the site. All the distances have been computed

with the Haversine formula based on longitude and latitude coordinates. More details about

the method used to compute the sites’ accessibility are available in S1 File.

Description of the metrics

Spatial dimension. In order to investigate the impact of the distance traveled on socio-

ecological interactions, we defined a set of metrics to characterize them. We focus here on the

spatial and temporal dimensions, but also on the diversity of landscapes identified in the pho-

tos. Three indicators are used to characterize the spatial distribution of interactions. The spa-

tial coverage is defined as the area covered by the socio-ecological interactions, estimated as

the number of 500 × 500 m2 cells in which at least one interaction occurred. This metric does

not take into account the density of interactions in each cell nor the morphology of the spatial

distribution. To compensate these limitations we also introduced a spatial dilatation index

defined as the average distance between all the interactions and a metric of spatial dispersion

to evaluate whether the interactions are concentrated in a few cells or evenly distributed

within the surface covered by the interactions. We measure the spatial dispersion with a spatial

entropy index. If we define the probability pi that an interaction occurs in a cell i, then the

entropy E is given by:

E ¼ �
P

i pi logðpiÞ
A

ð1Þ

where the normalizing factor A is equal to the number of cells with at least one interaction. A

value close to 0 means that the majority of the interactions are clustered in a few cells, and al

value close to 1 indicates that the interactions are uniformly distributed among the cells.

Temporal dimension. To get a better understanding of the way socio-ecological interac-

tions are distributed within the year, and whether or not the distance traveled affects this

distribution, we also rely on the entropy index to compute the temporal dispersion of interac-

tions. In this case, we define the probability pi that an interaction occurs during a given month

and the normalizing factor A is equal to log(12).

Landscape diversity. Another important dimension to consider is the diversity of land-

scapes present in the photographs. Here again, the landscape diversity is based on an entropy

metric considering the probability pi to interact with particular landscape categories (agricul-

tural and open landscape, sparse forest landscape, forested landscape, mountain landscape,

manmade infrastructure or water landscapes and wetlands). Each interaction is characterized

by a vector representing the probability to interact with the six landscape categories. The

entropy is computed as an average over all the considered interactions. In this case, the nor-

malizing factor A is equal to log(6).

Overlap. The way socio-ecological interactions are distributed in space, time or type of

landscapes may depend on the origin of the user. To answer this question we analyze the over-

lap between locals’ and visitors’ interactions. We define the overlap between two distributions
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of probability p and q on the same finite support as follows,

O ¼
X

i

minðpi; qiÞ ð2Þ

The distribution of probabilities p and q can be based on the fraction of locals’ and visitors’

interactions per cell (spatial dimension), month (temporal dimension) or type of landscapes

(landscape diversity).

Null models

In order to assess the effect of the distance traveled on the metrics described above, we need

to compare their values to the ones returned by a random null model that does not take into

account the distance. Each indicator X described above can be calculated from a distribution

of interactions considering only users living at a normalized distance higher than d from the

sites. To be meaningful, this new indicator value Xd that takes into account the distance needs

to be normalized by X0, the value obtained with a random null model that does not take into

account the distance and based on the same number of interactions. More specifically, X0

is computed with the same number of interactions as Xd, drawn at random among all the

interactions without taking into account the distance. The value of X0 is averaged over 100

replications.

Regarding the comparison between locals’ and visitors’ interactions, the two distributions

are made comparable by taking the distribution with the lowest number of interactions as a

reference, and drawing at random the same number of interactions in the second distribution

to obtain a distribution of the same size. The overlap between these two distributions is then

computed and averaged over 100 replications.

Ethics statement

Flickr data were collected through the Flickr API complying with Flickr’s terms of service. The

survey was made through a Flickr group. All survey participants were informed that the survey

was anonymous and voluntary, that all data would be kept confidential and evaluated anony-

mously. Participants were informed that the study results and underlying data was to be pub-

lished. To secure privacy, all data was collected via a web survey and analyzed anonymously.

In particular, aggregation was already built into the questionnaire (age groups, world regions,

etc.) and no IP addresses were collected.
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S1 File. File containing the manuscript supporting information. This file includes one table

(Table A: Summary statistics of the case study sites) and 9 figures (Fig A: Screenshot of the

interactive web application; Fig B: Positions of the geolocated Flickr photographs; Fig C: Influ-

ence of the parameters in the identification of the Flickr user’s place of residence; Fig D: Final

number of users per site; Fig E: Relationship between the distance and the normalized distance

across sites; Fig F: Rankings of the case study sites according to their level of attractiveness; Fig

G: Effect of the distance traveled on the socio-ecological interactions; Fig H: Effect of the spa-

tial granularity on the metrics; Fig I: Effect of the spatial granularity on the spatial overlap

between locals and visitors’ interactions.
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