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Using geotagged crowdsourced data to assess the diverse socio-cultural

values of conservation areas: England as a case study

Merry Crowson'?, Nick J. B. Isaac? , Andrew J Wade' , Ken Norris*, Robin Freeman’ and Nathalie Pettorelli’

ABSTRACT. Humanity benefits immensely from nature, including through cultural ecosystem services. Geotagged crowdsourced data
provide an opportunity to characterize these services at large scales. Flickr data, for example, have been widely used as an indicator of
recreational value, while Wikipedia data are increasingly being used as a measure of public interest, potentially capturing often
overlooked and less-tangible aspects of socio-cultural values (such as educational, inspirational, and spiritual values). So far, few studies
have explored how various geotagged crowdsourced data complement each other, or how correlated these may be, particularly at
national scales. To address this knowledge gap, we compare Flickr and Wikipedia datasets in their ability to help characterize the
sociocultural value of designated areas in England and assess how this value relates to species richness. Our results show that there was
at least one Flickr photo in 35% of all designated areas in England, and at least one Wikipedia page in 60% of them. The Wikipedia
and Flickr data were shown not to be independent of each other and were significantly correlated. Species richness was positively and
significantly associated with the presence of at least one geotagged Wikipedia page; more biodiverse designated areas, however, were
not any more likely to have at least one Flickr photo within them. Our results highlight the potential for new, emerging datasets to

capture and communicate the socio-cultural value of nature, building on the strengths of more established crowdsourced data.
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INTRODUCTION

Historically, arguments for conservation have promoted intrinsic
values within a “nature for itself” framing (Mace 2014), but
contemporary debate emphasizes the specific, quantifiable
benefits society receives from nature (Hungate and Cardinale
2017, Pan and Vira 2019). This shift in focus is illustrated by the
growth of natural capital accounting both internationally (SEEA
2021) and nationally (Natural Capital Committee 2019, The
White House 2022). Natural capital is another term for the stock
of renewable and non-renewable natural resources (e.g., plants,
animals, air, minerals, freshwaters) that combine to yield a flow
of benefits to people (Mace et al. 2015). Natural capital
accounting is an umbrella term covering efforts to use an
accounting framework to measure and report on natural capital
and the flow of benefits we receive in a systematic way (SEEA
2021). As an approach, it emphasizes the process of valuation,
namely estimating the relative importance, worth, or usefulness
of natural capital to society (Natural Capital Coalition 2016).
This usually involves some form of quantification, if not
monetization, to be used within decision making and planning.
The goal of conducting nature valuations is to determine in which
ways nature is valuable and for whom, typically to enable better
governance (TEEB 2010, Balvanera et al. 2022). Critics of natural
capital accounting highlight that the value of nature can be
considered infinite and boiling this down to a series of benefits
means essentially “selling out” on nature (McCauley 2006,
Schroter et al. 2014). Proponents of the natural capital approach
argue that if the benefits provided by nature are not assigned a
value they will, by default, be assigned a value of zero, as so often
happens within interactions between society and life-supporting
ecosystems (Mace 2019).

A full valuation of our natural environment is challenging,
however, because it underpins every aspect of human well-being,
and different values emerge from different world views (Balvanera

et al. 2022). A range of different metrics are needed to reflect the
diverse values of nature (Harrison et al. 2017, Balvanera et al.
2022), and many of these metrics need to be developed to
operationalize the approach. Cultural ecosystem services, which
include non-material benefits such as spiritual enrichment,
cognitive development, recreation, and aesthetic experiences
(MEA 2005), are usually hard to quantify and are often omitted
from the valuation process despite being an important aspect of
social-ecological systems. A range of methods have been
developed to study cultural ecosystem services and the values
associated with them, including contingent valuation (willingness
to pay), choice experiments (Cheng et al. 2019), questionnaires
(Schirpke et al. 2022), deliberative methods (Allen et al. 2021),
interviews, photo elicitation of values (Graves et al. 2017), and
participatory mapping (Jaligot et al. 2019, Mufoz et al. 2020).
These methods shed important light on people’s relationship with
nature, but as “stated preference” methods, they rely on capturing
an accurate account of people’s preferences and values, which is
not always straightforward (e.g., Nassauer 1983, Hafner et al.
2018). In addition, although these methods have important
strengths at a local scale, they are very difficult to apply nationally,
because of practical considerations around recruiting enough
participants.

User-generated digital data have the potential to characterize
diverse socio-cultural values at large scales. Various studies have
shown the potential of geotagged, crowdsourced data from social
media sites such as Flickr, as an indicator of nature-based
recreation at a national and regional scale (Wood et al. 2013,
Graham and Eigenbrod 2019, Muiioz et al. 2020). This has led
to a body of work on valuing cultural ecosystem services focusing
on visitation rates and on the spatial and temporal variation in
human engagement with the natural environment (see e.g., van
Zanten et al. 2016, Mancini et al. 2018, Calcagni et al. 2019). New
opportunities are emerging to identify digital data that have the
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potential to characterize human perceptions of nature at large
scales (Ladle et al. 2016, 2019, Schuetz and Johnston 2021) and
capture public interest in species and ecosystems. A range of
studies have looked at how people’s interest in particular species
has varied over time, using data on Wikipedia page views (Millard
et al. 2021) or Google Trends (Schuetz and Johnston 2021).
Wikipedia, the collaborative encyclopaedia, offers a powerful
data source to map public interest at large spatial scales, making
use of the activity of a huge community of existing users. Many
Wikipedia pages are geotagged and these can be mapped to see
what areas or landmarksare of interest to the public. Recent work,
for example, modelled public interest in protected areas in Brazil
using Wikipedia page views (Guedes-Santos et al. 2021).

However, it is not currently clear how the public interest in
Wikipedia pages relates to different socio-cultural values. There
is some evidence that Wikipedia pages relating to attractions and
events can predict visitation (Khadivi and Ramakrishnan 2016),
but some users may decide to read and write Wikipedia pages
because of an interest in a place or topic that is not directly related
to visitation. This means that Wikipedia data could potentially
capture a range of other non-tangible socio-cultural values, such
as educational, inspirational, aesthetic and spiritual value, sense
of place, and cultural heritage (Hernandez-Morcillo et al. 2013)
that are often systematically overlooked due to being intangible
or having messy benefits (Milcu et al. 2013, Chan and Satterfield
2020).

There are currently no large-scale studies comparing the
informational signature of Wikipedia data with the information
contained in other geo-tagged datasets known to directly correlate
with visitation rates, such as Flickr. However, doing so would help
identify what aspects of the socio-cultural value of nature
Wikipedia data are able to capture. To address this gap, we
compare Flickr and Wikipedia data in their ability to characterize
the socio-cultural value of designated areas in England. We also
assess how they each relate to species richness. We chose England
because there are good data on the natural environment readily
available and widespread use of both Flickr and Wikipedia.

STUDY AREA

The scope of our study is limited to terrestrial ecological systems
and includes designated areas on mainland England. The
designation types considered are national parks, areas of
outstanding natural beauty (AONBs), Ramsar sites, special areas
of conservation (SACs), special protection areas (SPAs), local
nature reserves (LNRs), national nature reserves (NNRs), and
sites of special scientific interest (SSSIs; n = 6349; Fig. 1). These
types of designations were chosen as the most relevant for nature
conservation in England following Lawton et al. (2010). National
parks and AONBs are designated for their cultural, landscape,
and (in the case of national parks) recreational value, but also
have nature conservation as part of their primary statutory
purpose (Lawton et al. 2010). Ramsar sites, SACs, SPAs, LNRs,
NNRs, and SSSIs have nature conservation as their primary
designation and have a high level of protection. Three of these
types of statutory sites are a result of international treaties and
obligations (Ramsar sites, SACs, and SPAs). Sites of special
scientific interest and NNRs include some of the highest quality
wildlife areas, whereas LNRs are designated by local authorities.
There are spatial overlaps between some of the designations, for
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Fig. 1. Map of designated areas considered in this study,
broken down by designation type. Designation types considered
are local nature reserves (LNR), national nature reserves
(NNR), sites of special scientific interest (SSSI), areas of
outstanding natural beauty (AONB), national parks (NP),
Ramsar sites (RAMSAR), special areas of conservation (SAC),
and special protection areas (SPA). Data on designated areas
from Natural England (2017, 2019) and the Joint Nature
Conservation Committee (2022).
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example 24% of the total area of national parks and 12% of the
area of AONB:s are also designated SSSIs (Lawton et al. 2010).
Designated areas with the exact same extent and with more than
one designation were only included once. Designated areas with
offshore areas were clipped to the coastline (at low tide).

MATERIALS AND METHODS

Data acquisition

To create a metric from the Flickr data, we assessed whether a
given designated area had at least one Flickr photo associated
with it. To create a metric from the Wikipedia data, we assessed
whether a given designated area had at least one geotagged
Wikipedia page within it. To assess if each designated area in
England had atleast one Flickr photo associated with it, the Flickr
application programming interface (API) was queried to create a
dataset of photos taken within designated areas between 2016
and 2019, which coincided with the period for which reliable
Wikipedia data were available. The packages RCurl (Temple Lang
2020a), XML (Temple Lang 2020b), and httr (Wickham 2020)
were used in R (R Core Team 2020) to request and download the
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data. The user and photograph ID, the date when the photo was
taken, and the geographic coordinates of where it was taken were
downloaded. These data are anonymous, with the user ID not
personally identifying the user in any way, in line with data
protection regulation and data privacy concerns (Di Minin et al.
2021). Designated areas were categorized into two groups: those
with no Flickr photos and those with one or more Flickr photos.

To assess if each designated area in England had at least one
geotagged Wikipedia page within it, a dataset was created
containing all Wikipedia pages (written in the English language)
with geotags within designated areas on the 1™ of May 2019. The
number of Wikipedia pages has increased from year to year since
at least 2004 (Wikimedia Statistics 2021), so the pages that exist
on a particular day broadly represent those created in the period
leading up to that date. The most recent list of unique pages and
their associated geotags is available for the English-language
edition of Wikipedia as a dump (https://dumps.wikimedia.org/
enwiki/). A spatial filter was applied in QGIS to select the pages
within designated areas. As with the Flickr photos, the areas were
categorized into two groups, those with no Wikipedia pages and
those with at least one Wikipedia page.

For the biodiversity indicator, we used a freely available dataset
on the estimated species richness of birds, butterflies, and vascular
plants at a 100 km? scale that was compiled for the period 2000
to 2013 (Dyer and Oliver 2016), derived from species occurrence
data from the Biological Records Centre. To create a single species
richness indicator from the three taxonomic groups considered
(birds, butterflies and vascular plants), we scaled each group,
selected the maximum value for species richness found within each
designated area for each taxonomic group, and added the three
values together.

In addition to the variables described, we included variables that
have been shown to influence cultural ecosystem service value in
previous studies, namely distance to major towns and cities,
population density, coastal location, public transport
connectivity, elevation, presence of rivers, and presence of
waterbodies (Graham and Eigenbrod 2019, Mancini et al. 2019,
Muiiozet al. 2020). To estimate the distance from designated areas
to urban centers, we obtained the vector boundaries for major
towns and cities in England for 2015 (Office for National Statistics
2015) and calculated the minimum distance between each
designated area and the closest major town or city. To quantify
the connectivity of designated areas to urban centers, we used
data from OpenStreetMap (2020) to obtain the number of bus
stops and train stations within the “pedestrian shed” of
designated areas (a 500 m buffer). A radius of 500 meters is
considered in literature as a convenient pedestrian shed to capture
proximity dynamics (Carpio-Pinedo 2014). We extracted the
maximum population density for each designated area from the
SEDAC Gridded Population of the World dataset for 2015, with
a resolution of 30 arc-seconds (~1 km; SEDAC 2018).

We used the Office for National Statistics shapefile of the extent
of realm (coastline) to identify coastal designated areas (Office
for National Statistics 2019). We extracted the maximum height
within each designated area from the Shuttle Radar Topography
Mission 90 m digital elevation model data (Jarvis et al. 2008). We
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used data from OpenStreetMap (2020) to create a factor
identifying whether each designated area had at least one river
within it and at least one waterbody within it; waterbodies
considered included lakes, reservoirs, and wetlands.

Analysis

Pearson’s chi-squared test was used to test for independence
between the Flickr data and the Wikipedia data, and Spearman’s
Rank correlation was used to assess the direction and strength of
correlation between these metrics.

We used binomial generalized linear models with a logit link
function to model the probability of obtaining a Flickr picture
or a Wikipedia page within a given designated area, implemented
using the function “glm” from the core R “stats” package (R Core
Team 2020). We chose glm as a method because interpretability
of the model is a priority, and the coefficients are a robust way to
gain insight into the relationships between the independent
variables and the Flickr and Wikipedia data. Fixed covariates
considered for both models were the log of the area of the
designated area; species richness of birds, butterflies, and vascular
plants; the log of the distance to the closest major town or city;
the log of the number of public transport links; population
density; coastal location (categorical with two levels); maximum
height; presence of at least one river (categorical with two levels);
and presence of at least one waterbody (categorical with two
levels). Akaike’s information criterion (AIC) was used as the
selection criteria for covariates to be included in our final best
models. We used a stepwise approach, starting with a maximal
model including all the fixed covariates and conducting backward
model selection (Zuur et al. 2009) using the function “step” in the
stats package (R Core Team 2020).

All the covariates were standardized so that the coefficients were
comparable. Model assumptions were verified by plotting
residuals versus fitted values and against each covariate. We
assessed the residuals for spatial autocorrelation by calculating
Moran’s I, creating a map of the residuals for visual inspection
and by plotting a distance-based semivariogram. The percentage
of variance explained by our best models was calculated using the
“rsq” package (Zhang 2020). To evaluate the accuracy of our
predictive model, we used the “pROC” package (Robinetal. 2011)
to create a receiver-operating characteristic (ROC) curve and
calculate the area under the curve (AUC; Zou et al. 2007).

RESULTS

With regard to the distribution of Flickr photos and geotagged
Wikipedia pages, in total, 2194 areas had at least 1 Flickr photo
(34.6% of all designated areas) and 3829 areas had at least 1
Wikipedia page associated with them (60.3% of all designated
areas).

In relation to comparing the Wikipedia and Flickr data to assess
what sociocultural values Wikipedia data have the potential to
capture, the Pearson’s chi-squared test for independence between
the Flickr and the Wikipedia data gave a test statistic of x> =
522.64 (df = 1, p < 0.001), meaning that the two datasets were
not independent of each other. The Spearman correlation
coefficient for the relationship between the Flickr and Wikipedia
data was = 0.29, with the two datasets shown to be significantly
and positively correlated (p < 0.001). Designated areas with both
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Table 1. Contingency table showing the relationship between the
binary variables from the Flickr and Wikipedia data for all
designated areas (n = 6349). The Flickr data are used to categorize
designated areas into those with at least 1 Flickr photo (Y) and
those with no photos (N). Likewise, Wikipedia data are used to
split designated areas into those with at least 1 geotagged
Wikipedia page (Y) and those with none (N).
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Table 2. Estimated regression parameters, standard errors, z-
values and p-values for the binomial GLM of the Flickr data.
Model R2 is 0.38. The independent variables are the log of the
geographical extent of the designated area, species richness,
coastal location, the presence of a water body, population density
in the designated area and the log of the number of public
transport links.

Flickr data
Wikipedia data Flickr: Y Flickr: N
Wiki: Y 1747 2082 3829
Wiki: N 447 2073 2520
2194 4155 6349

a Flickr photo and a Wikipedia page made up 27.5% of the total,
whereas 32.6% of all areas had neither a Flickr photo nor a
Wikipedia page (Table 1).

In relation to understanding the relationship between the value
of designated areas and species richness, our best models for the
Flickr and Wikipedia data explained 38% and 27% of the
variability in the probability of a given designated area having a
Flickr picture or a Wikipedia page associated with it, respectively.
The AUC score for the best model of the Flickr data was 0.84 and
for the best model of the Wikipedia data it was 0.80 (see Appendix
1 for the corresponding ROC curves). These best models (Table
2 and Table 3) showed that designated areas with high values for
species richness were significantly more likely to have at least one
geotagged Wikipedia page associated with them (p-value <0.001),
but this was not the case for geotagged Flickr photos (p-value =
0.08; see Appendix 2 for the prediction plots for species richness).

Moran’s I analyses suggested that spatial autocorrelation in the
residuals of both best models remained significant but was very
smallin the case of both the Flickr data (observed = 0.03, expected
=-0.0002, p-value < 0.001) and the Wikipedia data (observed =
0.04, expected = -0.0002, p-value < 0.001). Analysis of the spatial
autocorrelation using semi-variograms and subsampling our data
showed that this amount of spatial autocorrelation did not affect
our conclusions (see Appendix 3).

DISCUSSION

Although Flickr and Wikipedia data have been used separately
to study the relationship between humans and the natural world,
we have shown for the first time that these two data sources are
not independent of each other. Our results provide evidence that
Wikipedia data capture patterns of visitation to designated areas
to some extent, which makes sense given that people are likely to
be interested in places that they plan to visit or have visited.
However, the correlation between the Wikipedia and Flickr
datasets was found to be relatively small, so it is likely that some
of the signal from the Wikipedia data captures less tangible
aspects of the value of nature, such as educational, inspirational,
and spiritual values. The results also highlight that the diverse
socio-cultural values of nature are closely intertwined and hard
to separate into neat categories, with visitation closely linked to
public interest as captured by digital, user-generated data. This is

Estimate Std. error  z-value p-value
Intercept -1.18 0.05 -25.44 <0.001
LogArea 1.53 0.06 27.48 <0.001
SpeciesRichness -0.06 0.03 -1.72 0.08
Coastal : Yes 1.83 0.13 13.70 <0.001
Waterbody : Yes 0.45 0.07 6.39 <0.001
PopulationDensity 0.19 0.04 4.13 <0.001
LogPublicTransportLinks 0.25 0.05 5.34 <0.001

Table 3. Estimated regression parameters, standard errors, z-
values and p-values for the binomial GLM of the Wikipedia data.
Model R2 is 0.27. The independent variables are the log of the
geographical extent of the designated area, species richness,
maximum height of the landscape in the designated area, coastal
location, the presence of a river, population density in the
designated area and the log of the number of public transport
links.

Estimate Std. error  z-value p-value
Intercept 0.80 0.05 17.17 <0.001
LogArea 1.56 0.05 30.90 <0.001
SpeciesRichness 0.38 0.03 11.13 <0.001
MaxHeight -0.25 0.04 -6.58 <0.001
Coastal: Yes -0.38 0.13 -3.02 0.002
River: Yes -0.27 0.06 -4.09 <0.001
PopulationDensity 0.15 0.04 3.51 <0.001
LogPublicTransportLinks -0.17 0.04 -3.81 <0.001

relevant to the debate about whether designated areas should be
“setaside” for nature or managed as shared spaces between people
and biodiversity (Adams et al. 2014) because a lack of access may
lead to a fall in public interest in a site. Our work also shows that
Wikipedia and Flickr data have different relationships with
species richness, providing further support for the idea that the
two datasets contain different signals, and highlighting that
species richness has a significant positive effect on public interest
in designated areas in England.

Interestingly, our results suggest that species richness is not
generally an important driver of visitor numbers in designated
areas in England, as measured by Flickr data. Previous research
is mixed in this area, with some studies finding a positive
relationship between designated landscapes (protected for their
high biodiversity value) and the number of Flickr photos at a
regional (Gliozzo et al. 2016) and national (Graham and
Eigenbrod 2019) scale, whereas other found no evidence that
designation increased the number of Flickr photos (Hornigold et
al. 2016, Mancini et al. 2018). In our study, geodiversity such as
coastal location and the presence of a water body played an
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important role (Table 2). Local population density and the
number of public transport links both have small positive effects
on the probability of finding a Flickr photo in a designated area,
whereas distance to the nearest major town or city did not have
a significant effect. These findings are surprising because other
studies have shown that connectivity and proximity to urban areas
have a large positive influence on visitor numbers (e.g., van Zanten
etal. 2016 for Europe, Mancini et al. 2019 for Scotland). However,
these studies are from countries that, unlike England, are not
densely populated, and where most designated areas are relatively
inaccessible. Distance to towns was also not important in
explaining visitor numbers in Vermont (Sonter et al. 2016), where
conserved lands exist throughout the state and the maximum
distance between any conserved land and a town is less than 100
km.

Using crowdsourced geotagged data to study the diverse values
of high biodiversity areas is in the spirit of other recent work in
“culturomics,” which uses digital data to capture less tangible
aspects of the relationship between humans and nature by, for
example, capturing national park visitors’ sentiment from social
media texts (Hausmann et al. 2020), track species awareness
through time using Wikipedia page views (Millard et al. 2021),
and using expressions in photographs to reflect an aesthetic
judgment of natural areas (Do 2019). The challenge with this
approach is that it can be very difficult to validate digital data
using independent, non-digital sources (Correia et al. 2021). The
evidence that Flickr data are good measures of visitation is strong
(Wood et al. 2013, Mancini et al. 2018), but there is less evidence
for what precise socio-cultural values Wikipedia data can capture.
Our study finds that local population density has a significant
effect on the likelihood of finding a geotagged Wikipedia page
within a designated area. People are often more interested in local
entities, and part of this is likely to be due to the ease with which
they can be visited. Indeed, a study of online public interest in
birds, measured by Wikipedia pageviews, found that those more
commonly encountered in the wild attracted more pageviews
(Mittermeier et al. 2021a). Given the lack of information on the
motivation of Wikipedia users (Mittermeier et al. 2021b), it is
hard to know what proportion of public interest is unrelated to
visitation, and indeed it may be unproductive to
compartmentalize value into such neat categories.

There are various methodological considerations that need to be
considered when interpreting data sourced from Wikipedia that
point to other limitations for this study. First, there are various
considerations around the geography of Wikipedia data that have
implications for the interpretation of our results. Because
Wikipedia is organized by language rather than by country,
language becomes the best proxy for country (Mittermeier et al.
2021b), which is why we chose to use the Wikipedia pages in
English. This leads to two limitations: there are English speakers
across the entire world, although those who post georeferenced
photographs on Flickr are more likely to have easy access to the
area. And by choosing to consider only the English language
Wikipedia pages, we overlooked the potential value from people
originating from non-English speaking countries (or indeed
whose favored language is not English). More generally, there is
the known bias in who contributes to Wikipedia and Flickr. In
the case of Wikipedia, the demographic of editors is known to be
predominantly white and male (Wagner et al. 2015), while high
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Flickr photograph density has been shown to correlate with high
densities of well-educated white people (Li et al. 2013). Indeed,
any study using data from internet users excludes those who do
not use the internet. Failing to include certain sectors of the
population when drawing conclusions about value is a clear
limitation of this kind of big data approach because the question
“of value to whom?” remains an issue (Milcu et al. 2013,
Ghermandi and Sinclair 2019, Wilkins et al. 2021). Although
directly addressing these issues is either not technically possible
or beyond the scope of this study, taking them into account is
important when interpreting the results.

It is possible that the way Wikipedia data are used could affect
what is being captured. Wikipedia data have already been used to
create metrics and indicators in a range of ways, and our approach
of using geotagged pages within designated areas is cutting edge,
capturing a broad range of spatial entities within designated areas
that contribute to their value, from streams to stone circles.
However, future work could develop indicators that make use of
additional variables associated with the online encyclopaedia,
such as page size (Wong and Rosindell 2021), page name (Chua
et al. 2021), page views (Nolan et al. 2022), page edits, and the
distribution of languages and users (Mittermeier et al. 2021b).

A further limitation of our study is the species richness data used
to model value. The spatial resolution of this data is 100 km?
(Dyer and Oliver 2016), which is a coarse resolution given the
small size of many designated areas in England (the median size
of LNRs in this study is 0.1 km?, for example). This means that
variation in species richness at a scale relevant to the smaller
designated areas may not be captured by the dataset, which can
be problematic in cases where these designated areas are small
hotspots of biodiversity. In addition, the taxonomic groups
included (birds, bees, and vascular plants) exclude other groups
likely to be of interest to people (for example mammals).
Although the data used are currently the best available at a
national scale, there is room for improvement should other data
be published in the future. In addition, future work could explore
to what extent particular “charismatic species” increase visitor
numbers, rather than more general measures of species richness.
There is, for example, evidence that people will pay more or stay
longer in a protected area if they have the possibility of
encountering particular wildlife species (Mustika et al. 2020). It
is also possible that the abundance of species influences
recreational value because visitors are more likely to be able to
see species that are present in large numbers. Exploring further
what aspects of biodiversity people care about and are more likely
to visit is a promising direction for future work in this area.

Understanding the values of nature is a fundamental step to
comprehend and manage the interlinkages between people and
other-than-human nature (Diaz et al. 2015). This study, as is the
case for all attempts to value nature, emerges from a particular
regional context and worldview. The natural capital approach in
England pushes for a national scale assessment of the value of
stocks and the benefits that flow from them (Natural Capital
Committee 2020) and regular reporting of these within national
accounts by the government (Office for National Statistics 2022).
It is within this type of valuation exercise that it is important to
find datasets relevant to national policy and which can give a static
snapshot of the state of the environment and the values we derive
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from nature. However, it is possible that any national assessment
of value will remain very limited because people’s experience of
the natural world is primarily local. There are other ways of setting
up valuation exercises that these data could also be used for, at
various scales, including valuation exercises that highlight the
importance of directing ecosystem service assessment and
valuation exercises toward specific trade-offs and decision making
(Posner et al. 2016, Chan and Satterfield 2020). In the case of
characterizing the diverse values of nature to inform
environmental decision making, the culturonomics approach
taken within this study is probably best combined with more
discursive and deliberative methodologies, both to ensure public
participation and reflection (Allen et al. 2021) and to help define
the cultural ecosystem services through the lens of the
beneficiaries themselves (Katz-Gerro and Orenstein 2015).
Finally, the fact that the Flickr and Wikipedia data used in this
study have a spatial dimension means they can be used in mapping
exercises, and through this, enhance the visibility and
communication of cultural ecosystem services, which is another
important aspect of valuation exercises (Hernandez-Morcillo et
al. 2013).

The intrinsic value of high biodiversity areas remains a strong
moral argument for their continued conservation, however the
focus within policy on including the benefits humans receive from
nature into decision making in a formal way requires new
approaches to capturing value, including attempts at
quantification. This study has shown that there is potential for
new, emerging datasets to capture and communicate the socio-
cultural value of nature, building on the strengths of more
established crowdsourced data. However, in addition to critically
assessing new datasets as we have done in this study, it isimportant
to recognize that no single indicator can be expected to represent
the value of a landscape and can, in fact, be used against
conservation efforts. For example, many of the designated areas
did not have any Flickr or Wikipedia data associated with them,
but this does not mean that they do not have any value to people.
Going forward, it would be interesting to use a series of case
studies on different designated areas, at various scales, with
different characteristics and designation types, and combine
“stated preference” and more deliberative methods with digital
data to understand in more detail the processes at work, including
people’s motivations.
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Al.1: ROC curves for (a) the best model for the Flickr data and (b) the best model for the
Wikipedia data. The plots show the sensitivity and specificity of the model at different
probability cutoffs. The AUC is an overall summary of diagnostic accuracy and a good model
will have a high AUC. AUC equals 0.5 when the ROC curve corresponds to random chance

and 1.0 for perfect accuracy (Zou et al. 2007).
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A2.1: Results of the models for (a) the Flickr data and (b) the Wikipedia data. The plots show
the predicted probability of finding at least one Flickr photo (a) or Wikipedia page (b) against
species richness in designated areas without a coastal location or waterbody, while other
variables are kept at their mean. Species richness was centred around the mean and scaled by
its SD. Ticks on the plot margins represent the data, the lines represent the predictions from

the model and the lighter shaded areas are the 95% confidence intervals.



Appendix 3

This section briefly explains the additional analysis carried out in order to ensure that the
very small amount of spatial autocorrelation found in the residuals of the two binomial glm
models is not influencing the conclusions drawn.

Overall, there is no clear spatial autocorrelation visible in the residuals of the two glm models
for the Flickr data (A3.1) and the Wikipedia data (A3.2). However, Moran’s I for the
residuals shows a very small amount of spatial autocorrelation, that is nonetheless significant,
for both the model of the Flickr data (observed = 0.03, expected = -0.0002, p-value < 0.001)
and the model of the Wikipedia data (observed = 0.04, expected = -0.0002, p-value < 0.001).
The semivariograms shows that the spatial autocorrelation is no longer an issue at 4000m, as
the semivariograms levels off (A3.3).

To ensure that our conclusions are not affected by this small amount of spatial autocorrelation
we repeatedly took a random sub-sample of the designated areas, ensuring that those included
were more than 4000m apart. Each sub-sample included about 2400 designated areas (from
the total of 6349), and these were used to run binomial glms for the Flickr and Wikipedia
data. The coefficients for the covariates in the models varied by less than 0.1 compared to the

glm using all of the data, meaning that our conclusions remain unchanged.
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A3.1: Map of the simulated (DHARMa) residuals from the model of the Flickr data. Each
point represents the centroid of a designated area. The range of DHARMa residuals is 0 to 1,

which makes them easier to visualise and interpret than the “raw” residuals of the model.



Residuals
0-0.14
0.14-0.28
0.28 - 0.43
0.43 - 0.58
0.58 - 0.72
0.72-0.86
0.86-1

A3.2: Map of the simulated (DHARMa) residuals from the best model of the Wikipedia data.
Each point represents the centroid of a designated area. The range of DHARMa residuals is 0
to 1, which makes them easier to visualise and interpret than the “raw” residuals of the

model.
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A3.3: Semivariogram for the simulated (DHARMa) residuals of the best model for the Flickr

data (a) and the Wikipedia data (b).
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