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Cultural ecosystem services (CES) are some of the most valuable contributions of ecosystems to human wellbeing. Nevertheless, these services are often underrepresented in ecosystem service assessments. Defining CES
for the purposes of spatial quantification has been challenging because it has been difficult to spatially model
CES. However, rapid increases in mobile network connectivity and the use of social media have generated huge
amounts of crowdsourced data. This offers an opportunity to define and spatially quantify CES. We inventoried
established CES conceptualisations and sources of crowdsourced data to propose a CES definition and typology
for spatial quantification. Furthermore, we present the results of three spatial models employing crowdsourced
data to measure CES on Texel, a coastal island in the Netherlands. Defining CES as information-flows best
enables service quantification. A general typology of eight services is proposed. The spatial models produced
distributions consistent with known areas of cultural importance on Texel. However, user representativeness and
measurement uncertainties affect our results. Ethical considerations must also be taken into account. Still,
crowdsourced data is a valuable source of information to define and model CES due to the level of detail
available. This can encourage the representation of CES in ecosystem service assessments.

1. Introduction
Ecosystem services (ES) have emerged as a concept to help us better
understand, value and manage the contributions of ecosystems to
human well-being (Gómez-Baggethun et al., 2010). Cultural ecosystem
services (CES) generate a large amount of value for society (Milcu et al.,
2013). Culture plays a pervasive role in all human-nature interactions
(Díaz et al., 2018) and ecosystems contribute to many intellectual and
recreational benefits for human well-being (de Groot et al., 2010). CES
are largely without substitutes and, once destroyed, many are irreplaceable (Plieninger et al., 2013). In industrialised societies, CES are
often valued over ES that contribute to commodity production
(Hernández-Morcillo et al., 2013) while in many indigenous communities CES are essential to cultural identity (Milcu et al., 2013).
Despite the value of CES to human well-being, these services remain
some of the most underrepresented in ES assessments (HernándezMorcillo et al., 2013). CES are generated through combinations of individual activities, preferences and worldviews (Milcu et al., 2013). The
subjective nature of CES has meant that operational definitions for the
purposes of spatial quantification are rare (Daniel et al., 2012). In this
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respect, established ES assessment frameworks have been criticised for
providing overly generic definitions that can make practical measurement difficult (Boyd and Banzhaf, 2007). Most established assessment
frameworks are based on or are influenced by the cascade framework
proposed by Haines-Young and Potschin (2010). This tracks the contributions of ecosystems to human well-being in a linear fashion from
biological structures and processes to benefits of different value. ES are
the contributing factor between the ecosystem and the resulting benefits. The distinction between services and benefits is important because
it avoids double counting the contributions of ecosystems to human
well-being. However, in providing generic definitions for CES, ES assessment frameworks have tended to conflate CES with both cultural
benefits and values (Milcu et al., 2013; Satz et al., 2013).
In part, the ambiguity of CES definitions in established ES assessment frameworks exists because it has been difficult to spatially model
the cultural interactions between people and ecosystems (Daniel et al.,
2012). Spatially attributing CES remains a key challenge (Norton et al.,
2012; Hernández-Morcillo et al., 2013; Schröter et al., 2015) and spatial models have tended to rely on proxies such as land cover
(Eigenbrod et al., 2010; Chan et al., 2011; Maes et al., 2013). As a
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result, many studies have focused on qualitative methods such as surveys, interviews and focus groups within small study areas (Plieninger
et al., 2013). This has also led to the argument that CES generally defy
quantitative measurement as individual services (Chan et al., 2012; Fish
et al., 2016). Nevertheless, spatial quantification methods applicable to
large scales are necessary if the ES concept is to effectively inform landuse and marine policies (Hein et al., 2006; Barbier, 2011; Maes et al.,
2013). In these cases, the cascade framework proposed by HainesYoung and Potschin (2010) has generally proven to be a useful concept
for the spatial quantification of ES (de Groot et al., 2010; Maes et al.,
2012; Potschin-Young et al., 2018).
Now, the global rise of mobile internet connectivity and online social media provide new opportunities to spatially model CES. Some 90
percent of the global population now live within range of a high-quality
mobile internet connection (International Telecommunication Union,
2018). In developing countries, rapid increases in internet connectivity
have been driven by the widespread adoption of smartphones. This
widespread adoption is leisure-oriented, providing greater opportunities to socialise and engage with the wider world (Arora, 2012). As a
result, social media platforms such as Facebook, Instagram, Twitter,
and Weibo have amassed hundreds of millions to billions of active users
(Kemp, 2019). On these platforms, users provide a wealth of geo-referenced information about their feelings, preferences and physical
interactions with the natural environment (Di Minin et al., 2015; Ilieva
and McPhearson, 2018). Internet connectivity has also generated new
forms of citizen engagement with biodiversity through citizen science
portals such as eBird and iNaturalist (Barve, 2014).
A range of terms have emerged to describe these new data sources.
These include ‘volunteered geographic information’, the ‘geoweb’,
‘user-generated content’ and ‘big data’ (Elwood and Leszczynski, 2011;
Elwood et al., 2012; Crampton et al., 2013). In line with the terminology used in recent studies (Gliozzo et al., 2016; See et al., 2016;
Tenerelli et al., 2016; Sinclair et al., 2018; Calcagni et al., 2019;
Ghermandi and Sinclair, 2019), we refer to these new data sources as
crowdsourced data. In this paper, we define this as geo-referenced records of in situ human-environment interactions, both voluntarily and
passively collected. Compared to the general use of the term ‘crowdsourcing’, this is a narrower utilisation, excluding ex situ crowdsourcing
projects such as OpenStreetMap, but broader in also considering passive
contributions (See et al., 2016). It also does not limit itself to online
sources of data such as with the terms ‘geoweb and ‘user-generated
content’ (Elwood and Leszczynski, 2011).
Researchers are beginning to harness the potential of crowdsourced
data to examine human-nature interactions and measure CES. Specific
services have been assessed using the location and content of images on
Flickr, a photo-sharing site (Richards and Friess, 2015; Willemen et al.,
2015; Martínez Pastur et al., 2016). In one case, landscape preferences
across the whole of Europe were measured using location data from
social media (van Zanten et al., 2016). InVEST, a popular ES modelling
tool, integrates Flickr photos in its recreation model (InVEST, 2017). At
the same time, Twitter, a micro-blogging platform, has been used to
gauge sentiments towards the environment (Wilson et al., 2019) and
mobile exercise apps such as Strava have been drawn upon to examine
cycling preferences in the urban environment (Griffin and Jiao, 2015;
Sun et al., 2017). Mobile signal data has also been used to examine
peoples’ interactions with natural areas (Pei et al., 2014; Xiao et al.,
2019).
Despite the increasing use of crowdsourced data to measure CES,
these remain isolated efforts and a structured conceptualisation of CES
in this context is still missing. This can partly be attributed to the lack of
operational definitions for spatial CES modelling in established ES
frameworks. These definitions, in turn, have historically been constrained by a lack of spatial data on the cultural interactions between
people and ecosystems. The considerable spatial insights now being
generated in the form of crowdsourced data offers a lens through which
to examine the CES concept not previously applied in the established
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Fig. 1. Conceptual process followed to develop the CES definition and typology.
The proposed definition and typology were developed following an iterative
process which considered crowdsourced data and utilisations, the authors’ experience developing CES models using these sources as well as established CES
concepts, represented by five influential ES assessment frameworks. In turn, the
CES definition and typology seeks to inform the current conceptual thinking
reflected in these assessment frameworks.

conceptual thinking on CES. In doing so, this conceptual thinking can
be refined to support the spatial quantification of CES using crowdsourced data, a rich and expansive new source of information which
enables CES assessments outside the scope of traditional survey
methods.
The objective of this study is to define CES in the context of
crowdsourced data and demonstrate the use of this definition in the
spatial quantification of CES. We follow an iterative process, developing
a definition and typology which considers established conceptual
thinking, sources of crowdsourced data, and our own experiences in
developing spatial CES models using crowdsourced data (Fig. 1). In
Section 2 of this paper, CES concepts and sources of crowdsourced data
are considered in an inventory of ES assessment frameworks and utilisations of crowdsourced data. In Section 3 and 4, we outline our CES
definition and suggest a general typology of eight services. In Section 5,
we show the use of the definition and typology in practice with three
spatial CES models measuring activity, aesthetic and naturalist services
using crowdsourced data on Texel, an island in the Northwest of the
Netherlands. In Section 6, we discuss our conceptualisation of CES,
taking into account the representativeness of the data, measurement
uncertainties and ethical considerations. Section 7 summarises the main
conclusions of the paper.
2. Inventories of established CES concepts and crowdsourced data
2.1. Methods
2.1.1. CES concepts in ES assessment frameworks
In order to include the most established conceptual thinking on CES
in our conceptual process, an inventory was compiled of CES conceptualisations in five leading ecosystem assessment frameworks. The
frameworks selected include the Millennium Ecosystem Assessment
(MA), The Economics of Ecosystems and Biodiversity (TEEB), the
System of Environmental Economic Accounting – Experimental
Ecosystem Accounting (SEEA-EEA), the Common International
Classification of Ecosystem Services (CICES) and the Inter-governmental Panel on Biodiversity and Ecosystem Services (IPBES). These
were identified as the most established and influential international ES
assessment frameworks which are based on a process of consensus
2
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building between a large number of public, private and scientific institutions (Gómez-Baggethun et al., 2010; La Notte et al., 2017; Díaz
et al., 2018; Hein et al., 2020). In addition, the Global Ecological Model
(GEM) developed by the Dutch Regional and Spatial Planning Office
(van der Maarel and Dauvellier, 1978) was included as an early interpretation of the ES concept which had an influence in its subsequent
development (Braat and de Groot, 2012).

recreation, aesthetics, artistic inspiration, appreciation of biodiversity,
cultural heritage, education and spiritual contributions. The GEM is the
most unique with its wording regarding some of these categories. In the
GEM, orientation functions relate to our sense of identity while signal
functions to the health indications ecosystems transmit. The wording
also varies further between assessment frameworks. The MA and CICES
refer to value in some categories, the TEEB defines categories broadly in
terms of benefits, while the SEEA-EEA refers to these in terms of experiences and activities.
The variation in the wording of CES categories highlight some differences in the fundamental qualities of the concepts in each of the
frameworks. The MA does not make a distinction between services,
benefits and values while TEEB considers these as separate concepts.
This distinction helps account for the existence of intermediate services,
their spatial delineation and economic valuation (TEEB, 2010b).
However, it does not make this distinction explicit in its conceptualisation of CES. The SEEA-EEA also makes a distinction between
services and benefits in its conceptualisation of ES. This distinction is
reflected in the SEEA-EEA and CICES definitions. Services are contributions to benefits used in economic activity and other human activity. This recognises the joint-production of goods and services which
makes the ES concept compatible with national economic accounting
principles (UN et al., 2014). The NCPs proposed by IPBES generally
follows the MA’s conceptualisation of services as benefits (Díaz et al.,
2018).

2.1.2. Crowdsourced data
To further inform the conceptual process, an inventory of crowdsourced data utilisations was compiled to better understand the information and forms of data available on human-nature interaction. To
do this, we conducted a literature search limited to articles and reviews
in the citation database Scopus. A systematic review was then undertaken of the studies returned by this literature search.
A broad range of terms are used to describe crowdsourced data and
it is difficult to capture all relevant studies. Thus, a number of search
terms were employed to capture as many studies as possible. A search of
the CES literature using the term “cultural ecosystem services” was first
performed as an initial review found it to return a large number of
relevant studies. In addition, the search terms “crowdsourced data”,
“volunteered geographic information” and “mobile phone data” were
entered. We used ‘volunteered geographic information’ as well as
‘crowdsourced data’ because it captures a large amount of related studies. In its broadest interpretation, Volunteered Geographic
Information (VGI) refers to geo-referenced data from social media and
citizen science portals, both voluntarily and passively collected
(Goodchild, 2007; Connors et al., 2012). “mobile phone data” was used
to broaden the search to include studies using passively-produced mobile signal data.
Following this, the title and abstract of each search result were reviewed and studies (and respective sources) were included based on
four criteria: (i) a focus on human-nature interactions, (ii) the use of
geo-located records, (iii) the source was still operational, and (iv) the
source was of international relevance. In order to check sources against
criteria (iii) and (iv), an internet search was performed to evaluate data
access, user statistics and the information available. This also helped
determine the type of data available. 42 studies were included in the
inventory following this process. Article reference lists were again
consulted to include studies (and sources) that may have been missed in
the initial searches. This added 17 studies to the inventory. A more
detailed overview of the literature selection process can be found in the
supplementary materials, Appendix A.

2.2.2. Crowdsourced data
The search of the literature highlighted four types of crowdsourced
data which enable an examination of human-nature interactions:
i. Social media platforms including Flickr, Foursquare, Instagram,
Tencent QQ, Twitter and Weibo.
ii. Outdoor activity-sharing platforms including Condoon, Geocaching,
GPSies, MapMyFitness, Strava and Wikiloc.
iii. Citizen science portals including eBird and iNaturalist.
iv. Mobile signal data from telecommunications companies.
The different types and sources of crowdsourced data are shown in
Table 2 along with the studies utilising these sources.
(i) Social media platforms. Flickr is the most popular source of social
media data. It has been extensively used in the literature to examine the
provision of CES. Flickr is a photo-sharing platform for amateur and
professional photographers. It has been estimated to have over 71
million users who have uploaded approximately 197 million geo-tagged
photographs (Wood et al., 2013). Its API provides access to the metadata of all publicly-posted photos including their title, tags, image url,
associated user profile and location, accurate up to street level. Among
other applications, researchers have established measures of CES provision using the locations of photographs (Tenerelli et al., 2016; van
Zanten et al., 2016; Yoshimura and Hiura, 2017; Kim et al., 2019) and
the content of the images (Richards and Friess, 2015; Thiagarajah et al.,
2015; Richards and Tunçer, 2018), measured preferences for biodiversity (Mancini et al., 2019) and used user activity as a proxy to infer
visitation rates to parks and protected areas (Ghermandi, 2016; Levin
et al., 2017).
Researchers have also used Foursquare, Instagram, Tencent QQ,
Twitter and Weibo. Weibo, Twitter and Foursquare provide access to
user activity through an API including location data, tags, image urls,
user profiles and user interactions such as ‘favourites’ or ‘likes’ associated with the posts (Foursquare, 2019; Twitter, 2019; Weibo, 2019).
Instagram has limited its public API access to hashtag searches. These
platforms have been used for classifying urban land use based on user
activity (Liu et al., 2017) and in developing indicators for CES provision
(Guerrero et al., 2016; van Zanten et al., 2016). Similarly, Foursquare,
where users share information and opinions about locations (Glueck,
2018), has been used to spatially characterise cities based on the types

2.2. Results
2.2.1. CES concepts in ES assessment frameworks
For the five ES assessment frameworks reviewed, the CES conceptualisations and related categories are given in Table 1. There are
some key differences and similarities between the assessment frameworks. The GEM is unique in its definition of CES as the use and
availability of information. On the other hand, the MA and TEEB both
define CES in terms of the non-material benefits people gain through
nature-related experiences. The SEEA-EEA and CICES define CES in
terms of physical settings, locations or situations that give rise to intellectual benefits. The definition of CICES also emphasises the physical
effects of CES. IPBES has taken a different approach and the CES category has been removed. Instead, cultural benefits arise through regulating, material and non-material ecosystem contributions, termed
Nature’s Contributions to People (NCP), rather than in terms of services
(Díaz et al., 2018).
Still, the IPBES assessment framework retains three culture-specific
reporting categories for large-scale assessments: learning and inspiration, physical and psychological experiences, and supporting identities.
These are in line with the categories proposed by the four other assessment frameworks which, among others, share categories related to
3
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Table 1
Conceptualisations of CES.
Assessment framework

Acronym

Conceptualisation

Categories

Global Ecological Model (van der Maarel and
Dauvellier, 1978, p. 155)
Millennium Ecosystem Assessment (MA, 2005,
p. 40)

GEM

“the use and availability of information”

MA

The Economics of Ecosystems and Biodiversity
(TEEB, 2010a, p. 40)

TEEB

“the non-material benefits people obtain from
ecosystems through spiritual enrichment, cognitive
development, reflection, recreation, and aesthetic
experiences”
“the non-material benefits people obtain from contact
with ecosystems”

System of Environmental Economic
Accounting – Experimental Ecosystem
Accounting (UN et al., 2014, p. 42; UN,
2017)
Common International Classification of
Ecosystem Services (Haines-Young and
Potschin, 2018, p. 10)

SEEA-EEA

Orientation function; research function; education
function; signal function
Cultural diversity; spiritual and religious values;
knowledge systems; educational values; inspiration;
aesthetic values; social relations; sense of place; cultural
heritage values; recreation and ecotourism
Recreation and mental and physical health; tourism;
aesthetic appreciation and inspiration for culture, art
and design; spiritual experience and sense of place
Tourism; recreation; education and learning; religious
and spiritual experiences; artistic and other human
activities

Inter-governmental Panel on Biodiversity and
Ecosystem Services (Díaz et al., 2018)

IPBES

CICES

“the physical settings, locations or situations that give
rise to intellectual and symbolic benefits obtained by
people from ecosystems through recreation, knowledge
development, relaxation and spiritual reflection”
“the environmental settings, locations or situations that
give rise to changes in the physical or mental states of
people”

“culture mediates the relationship between people and
all NCP”

of locations users visit (Zhou and Zhang, 2016). The posts on Twitter,
known as ‘tweets’, have been used to track the effects of natural disasters (Middleton et al., 2014; de Albuquerque et al., 2015; Chen et al.,
2016), measure user sentiments towards nature (Becken et al., 2017;
Wilson et al., 2019) and determine the spatial distributions of outdoor
recreation at small scales such as in urban park areas (Zhou and Zhang,
2016; Roberts et al., 2017).
(ii) Outdoor activity-sharing platforms. The Condoon, Geocaching,
GPSies, MapMyFitness, Strava and Wikiloc activity-sharing platforms
have also been utilised to measure human-nature interactions. Location
data is collected on these platforms from mobile phones and other GPS
devices. Strava is the largest of these platforms, with tens of millions of
users (Riordan, 2016). The other platforms are smaller but still have a
global dataset. Public activities on Strava are visualised in a global
heatmap (Strava, 2018). Individual user activity is available through
the Strava Metro product. Condoon offers a similar service through an
API (Condoon, 2019). The GPSies, MapMyFitness and Wikiloc websites
allow access to individual routes and imagery through interactive interfaces (GPSies, 2019; MapMyFitness, 2019; Wikiloc, 2019). Geocaching also offers an API service with data available on the location of
caches, find counts, points-of-interest and user profiles (Geocaching,
2019). The data available has been used to directly measure recreational services (Dai et al., 2019), as well as preferences for natural areas
(Cord et al., 2015; Rosário et al., 2019), cycling routes (Griffin and Jiao,
2015; Sultan et al., 2017; Sun et al., 2017) and protected areas (Norman
and Pickering, 2017; Jurado Rota et al., 2019; Norman et al., 2019).
(iii) Citizen science portals. Citizen science portals also present evidence of human-nature interactions. The eBird and iNaturalist platforms host several million geo-located observational records, including
imagery, available through the eBird website and iNaturalist API
(eBird, 2019; iNaturalist, 2019). These are also made available through
the Global Biodiversity Information Facility (GBIF) which hosts a global
dataset of observations from citizen science platforms and scientific
institutions (GBIF, 2019). eBird and iNaturalist were used by Jacobs
and Zipf (2017) to examine civic measures of biodiversity.
(iv) Mobile signal data. Mobile signal data can also reveal spatial
interactions with the environment. The data consists of call detail records (CDRs) from cell phone towers which are generated each time a
device sends a text or makes a call. Researchers are able to triangulate
the location of the user by measuring signal strengths and the coverage
area of each cell phone tower (Toole et al., 2012; Pei et al., 2014). In
these studies, the data was privately made available by mobile phone

Active or immersive interactions; passive or
observational interactions; scientific investigation or
the creation of traditional ecological knowledge;
education and training; culture or heritage; aesthetic
experiences; symbolic meaning; sacred or religious
meaning; entertainment or representation; existence
value; bequest value; other
Learning and inspiration; physical and psychological
experiences; supporting identities

network operators. Mobility patterns over time have been used to
classify behaviour related to outdoor recreational zones (Toole et al.,
2012; Pei et al., 2014; Tu et al., 2017) and determine the accessibility of
urban green space (Wu et al., 2018; Xiao et al., 2019).
3. Defining CES as information-flows
Considering crowdsourced data as evidence for the quantification of
CES, the CES definition in the GEM as information functions becomes
especially relevant. In our review of the literature, we find that the
crowdsourced data being utilised are collections of spatial records that
reveal peoples’ interactions with their physical environments. At its
most basic, the mobility patterns from mobile signal data reflect patterns of behaviour related to the information available in a user’s environment. At its most comprehensive, the posts, imagery, tags and titles available through social media are a detailed record of the
information people have retained and promoted as something important to them. This information has subsequently been used to gauge
the types of cultural interactions occurring. From a CES-perspective, the
ecosystems which make up the natural environment are therefore
conveying information to people, who retain, process and report this
information, depending on the type of interaction.
Conceptualising CES as conveyed information is consistent with the
CES definitions in the SEEA-EEA and CICES as physical settings, locations or situations contributing to cultural benefits. However, CES become distinct from being opportunities or enabling environments. This
type of wording is more evocative of the capacity or potential supply of
ES; opportunities do not necessarily mean use (Schröter et al., 2014).
Conceptualising CES as opportunities or enabling environments also
encourages CES measurement using coarse indicators such as land
cover classes. For example, a land cover based proxy for recreation was
found to be an unreliable estimate as compared to primary data
(Eigenbrod et al., 2010). In the absence of more detailed spatial data,
this can be a valuable approach to CES measurement. Nonetheless,
crowdsourced data provides a new level of spatial detail which allows
us to move beyond measurement by land cover class.
In conceptualising CES as the information conveyed by an ecosystem, the service also becomes distinct from the benefit. The lack of
distinction between services and benefits in the MA has been criticised
because it makes it difficult to consistently measure ES (Boyd and
Banzhaf, 2007; Satz et al., 2013). Making this distinction avoids double
counting (TEEB, 2010b), and is particularly important from a national
4
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Table 2
Sources of crowdsourced data in analysing human-nature interactions.
Source
Social media platforms
Flickr

Source description

Data utilisation

Studies

Photo-sharing social media
platform

Visitation rates to natural areas
based on user activity

Wood et al., 2013; Keeler et al., 2015; Levin et al., 2015, 2017;
Ghermandi, 2016; Sessions et al., 2016; Sonter et al., 2016; Spalding
et al., 2017; Tenkanen et al., 2017; Donahue et al., 2018; Mancini et al.,
2019
Casalegno et al., 2013; Thiagarajah et al., 2015; Richards and Friess,
2015; Tenerelli et al., 2016, 2017; van Zanten et al., 2016; Martínez
Pastur et al., 2016; Seresinhe et al., 2017; Yoshimura and Hiura, 2017;
Figueroa-Alfaro and Tang, 2017; Walden-Schreiner et al., 2018;
Langemeyer et al., 2018; Oteros-Rozas et al., 2018; Richards and
Tunçer, 2018; Schirpke et al., 2018; Clemente et al., 2019; Sinclair
et al., 2019; Kim et al., 2019
Gliozzo et al., 2016

Indicators of CES provision using
photos

Foursquare
Instagram

Social place recommendation
mobile app
Photo-sharing social media
platform

Tencent QQ

Micro-blogging site

Twitter

Micro-blogging site

Weibo

Micro-blogging site

Outdoor activity-sharing platforms
Codoon
Route-sharing fitness app
Geocaching
GPSies

MapMyFitness
Strava
Wikiloc

Hide-and-seek treasure hunting
site (caches)
Route-sharing outdoor activity
site
Route-sharing fitness mobile
app
Route-sharing fitness mobile
app
Route-sharing outdoor activity
site

Citizen science portals
eBird

Citizen science portal

iNaturalist

Citizen science portal

Mobile signal data
Telecommunications companies

Location data from cell phone
towers

Spatial density of users to infer
cultural attachment to the
landscape
Preferences for biodiversity using
photos
Urban activities
Indicators of CES provision using
photos
Visitation rates to natural areas
based on user activity
Preferences for biodiversity using
photos
User density for urban land use
classification
Natural disaster management
Spatial distributions of outdoor
recreation
Sentiment analysis of people
towards nature
Visitation rates to natural areas
based on user activity
Urban park visitation
Urban park visitation
Indicator for recreational CES in
urban parks
Preferences for natural areas based
on user cache choices
Park visitation and use

Hausmann et al., 2018; Mancini et al., 2019
Zhou and Zhang, 2016
Guerrero et al., 2016; van Zanten et al., 2016
Tenkanen et al., 2017
Hausmann et al., 2018
Liu et al., 2017
Middleton et al., 2014; de Albuquerque et al., 2015; Chen et al., 2016
Zhou and Zhang, 2016; Roberts et al., 2017
Becken et al., 2017; Wilson et al., 2019
Tenkanen et al., 2017
Roberts, 2017
Zhang and Zhou, 2018
Dai et al., 2019
Cord et al., 2015; Rosário et al., 2019
Norman and Pickering, 2017

Cycling preferences in the urban
environment
Protected area visitation and use

Sultan et al., 2017

Cycling preferences in the urban
environment
Protected area visitation and use

Griffin and Jiao, 2015; Sun et al., 2017; McArthur and Hong, 2019

Norman and Pickering, 2017; Norman et al., 2019

Norman and Pickering, 2017; Jurado Rota et al., 2019

Citizen science measures of
biodiversity
Citizen science measures of
biodiversity

Jacobs and Zipf, 2017

Urban land use classification

Toole et al., 2012; Pei et al., 2014; Tu et al., 2017

Accessibility of urban green space

Wu et al., 2018; Xiao et al., 2019

economic accounting perspective as it recognises the joint-production
of final economic goods and services, representing the benefits to
human well-being (UN et al., 2014). In the case of CES, the cultural
benefit is generated using the contribution of the ecosystem in addition
to an investment of human energy and or conventional goods and
services. For example, the utility generated by a bike ride in a national
park is in part enabled by the natural surroundings, in combination
with the bike and a person’s physical efforts (Remme et al., 2014).
Thus, an alternative way of defining CES is as information-flows

Jacobs and Zipf, 2017

generated by ecosystems that contribute to cultural experiences. Hence, CES
are conceptualised as the flow of information conveyed by the ecosystem to people. The cultural experiences are the cultural benefit or
‘cultural good’ enjoyed by the individual, thereby distinguishing ES and
benefits. This definition reflects the thinking of Braat and de Groot
(2012), who argue that CES are generated through the processing of
ecosystem information by the human sensory organs and brain; an investment of human energy is required for a benefit to materialise. It also
follows Schröter et al. (2014) and La Notte et al. (2017), who have also
5
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referred to CES as a flow of information transferred from ecosystems to
people. In defining CES in such a way, we establish a definition which
accounts for crowdsourced data as a major new source of information
for measuring CES and build upon the thinking already present in the
literature.
4. A typology for CES as information-flows

(iv)

To clarify our definition of CES as information-flows and illustrate
the use of crowdsourced data, we suggest a typology of eight service
categories shaped by the information available through crowdsourced
data. In addition, we draw upon the CES conceptualisations summarised in Table 1 to guide the development of the typology. We
propose eight general service categories: activity, aesthetic, amenity,
artistic, naturalist, heritage, knowledge, and religious and spiritual.
These categories emphasise CES as contributions to benefits. Table 3
summarises the proposed typology, including example indicators.
Spatial models of activity, aesthetic and naturalist services are presented in Section 5.
(i) Activity services. Route-sharing activity platforms such as
MapMyFitness and Strava show us the physical interaction of
people with their natural environment (Dai et al., 2019). Similarly, mobile network data can be employed to analyse the
movements of people in recreational areas (Tu et al., 2017). This
reveals a specific service-category that captures the contribution
of ecosystems to physical activities in providing an attractive
physical environment (UN, 2017; Díaz et al., 2018; Haines-Young
and Potschin, 2018). This contribution is generated as an information flow to the individual as the brain and sensory organs
interpret the immediate, physical configuration of the ecosystem
while performing the physical activity. For example, the terrain
on which a person is cycling or running constitutes the ecosystem
contribution to the outdoor cycling or running activity; the cultural benefit. Activity services are thus not related to the aesthetics of an ecosystem, which are generated separately as aesthetic services.
(ii) Aesthetic services. People use photo-sharing platforms such as
Flickr and Instagram to show their appreciation for the aesthetic
beauty of the landscape (van Zanten et al., 2016). In particular,
Flickr has been used in a number of studies to measure aesthetic
services (Figueroa-Alfaro and Tang, 2017; Tenerelli et al., 2017;
Yoshimura and Hiura, 2017). Capturing positive sentiments towards the environment in the textual data on platforms such as
Twitter presents additional opportunities to quantify the supply
of aesthetic-related services (Becken et al., 2017; Wilson et al.,
2019). Aesthetic services are generated when ecosystems communicate a sensory configuration of beauty (MA, 2005). This flow
of information is registered and shared on social media sites such
as Flickr, Instagram and Twitter. The information contributes to
the cultural benefit of a scenic view for the individual, the benefit
only manifesting itself through human cognitive action and
choice.
(iii) Amenity services. No studies employing crowdsourced data to
measure amenity services were identified through our literature
review. Nevertheless, the existence of such a category is important in the context of online travel and property websites such
as booking.com and funda.nl1 in the Netherlands. The property
values available through these websites include the contributing
factor of nature to the desirability of a place or building (UN
et al., 2014). The information flow in this case is the knowledge
that a natural area such as a park or forest is visible, accessible
and or unique to the location. This heightens its desirability and
1

(v)

(vi)

(vii)

https://www.funda.nl/en/
6

the utility a person derives it: the cultural benefit. Amenity services are all-encompassing in terms of the possible cultural uses of
an ecosystem but are specific to creating a pleasant living environment for a person. The service contribution can be quantified in monetary terms using the hedonic pricing method which
isolates the value of nature-related variables in the overall price
of a property (TEEB, 2010b).
Artistic services. Ecosystems play a significant role in the realisation of art (TEEB, 2010b), including on photo-sharing platforms
such as Flickr (Richards and Friess, 2015). Many users pursue
photography in an artistic sense and share their camera specifications in the photo meta-data; a high-spec camera and any sort
of framing, composition, lighting, exposure or post-processing
beyond a neutral registration of the natural environment could
suggest an artistic representation of nature. Keywords such as
hashtags related to events could also capture these creative interactions (Roberts, 2017). In these cases, creative information
from the physical settings of the landscape is transmitted, interpreted and portrayed as art, the cultural benefit. These artistic
services facilitate the representation of any number of cultural
interactions with ecosystems in addition to ecosystems in a purely
aesthetic sense.
Heritage services. Social media sites such as Flickr and Twitter can
highlight historical associations with the environment through
the imagery and associated meta-data available (Richards and
Friess, 2015; Thiagarajah et al., 2015; Wilson et al., 2019). Historical features in the landscape shape the cultural identity of
people in the present while drawing others in to experience the
cultural distinctiveness of an area (MA, 2005; TEEB, 2010b;
Haines-Young and Potschin, 2018). These ecosystem characteristics are associated with cultural traditions, stories and skills
(Díaz et al., 2018). For example, European heathlands, originally
created as a function of prolonged, intensive sheep grazing, are
now highly valued by people for their colourful appearance in
summer, and their connection with a more pastoral society. In
this way, ecosystem features communicate a sense of historical
significance. This information is processed by the individual and
contributes to their identity and sense of place in relation to the
nature around them; the cultural benefit.
Knowledge services. The huge number of species records made
available by scientific institutions such as universities and museums on GBIF are good evidence for contribution of ecosystems
to the development of knowledge. Flickr photos also contain
content related to scientific investigations of the natural environment (Richards and Friess, 2015). Acquiring and applying
knowledge about our natural environment constitutes an important cultural aspect of human existence (van der Maarel and
Dauvellier, 1978; UN, 2017; Díaz et al., 2018). Education is
highly valued in society (MA, 2005). This ranges from traditional
knowledge systems to modern science (Díaz et al., 2018; HainesYoung and Potschin, 2018). Ecosystems contribute information to
the development of this knowledge. The cultural utility derived
from its pursuit and application is the immediate benefit which
can manifest itself in the additional knowledge generated or the
resulting number of educated students.
Naturalist services. Citizen science platforms such as iNaturalist
and eBird reveal an active cultural interest in the existence and
conservation of living species (Jacobs and Zipf, 2017). People
hold strong bonds with nature and gain a sense of place and
fulfilment knowing an ecosystem is functioning and in good
health (TEEB, 2010b; Díaz et al., 2018). This can be through an
interaction with a single animal, species or entire ecosystem (van
der Maarel and Dauvellier, 1978). These interactions constitute
an information flow in the sense that the ecosystem conveys a
notion of ecological meaning. Hence, naturalist services are related to the human enjoyment of ecosystems rather than the
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Table 3
CES, information-flows, data sources and benefits.
Type of service

Information flow

Key sources

Benefits

Activity

Providing an attractive environment for
recreation
Generating a sensory configuration of beauty
Contributing to the desirability of a place or
building
Role in the realisation of art
Generating a sense of historical significance
Contributing to the development of
knowledge
Conveying a notion of ecological meaning
Conferring a sense of spiritual importance

Condoon, Foursquare, GPSies, MapMyFitness, Strava, Wikiloc,
mobile signal data
Flickr, Instagram, Tencent QQ, Twitter, Weibo
Property and travel websites

Recreation, tourism

Flickr, Twitter
Flickr, Instagram, Tencent QQ, Twitter, Weibo
Flickr, Instagram, Tencent QQ, Twitter, Weibo, GBIF

Artistic expression, inspiration
Sense of place, cultural identity
Scientific knowledge, educated
students
Sense of place, connection to nature
Spiritual experience

Aesthetic
Amenity
Artistic
Heritage
Knowledge
Naturalist
Religious and spiritual

iNaturalist, eBird, Flickr
Flickr, Instagram, Tencent QQ, Twitter, Weibo, Strava

Scenic view, tourism
Pleasant living environment

development of knowledge. The physical existence of a species
recorded on a citizen science platform is an indicator for this
information flow because records are produced when individuals
volunteer their leisure time. This contributes to the benefit of a
species record, evidence of a functioning ecosystem and thus a
sense of fulfilment for the individual, in combination with the
effort expended in identifying and storing the record.
(viii) Religious and spiritual services. Social religious practices reveal
themselves on social media platforms such as Flickr and Twitter
(Thiagarajah et al., 2015; Roberts, 2017). Data from activitysharing platforms such as Strava could also be analysed for routes
along pilgrimage trails such as the Camino de Santiago in Spain.
Ecosystems confer a strong sense of spiritual importance to
humanity (MA, 2005; TEEB, 2010b; Díaz et al., 2018). Sacred
sites can vary in scale, from pilgrimage routes and mountain
ranges to small spaces of vegetation (MA, 2005; Haines-Young
and Potschin, 2018). In each instance, an arrangement of ecosystem characteristics generates an information flow which is
given a symbolic meaning by a person. Combined, this produces a
spiritual experience for the individual, which represents the cultural benefit.
5. Spatial CES models
5.1. Methods
To support the conceptual process, three CES models were developed to spatially quantify activity, aesthetic and naturalist services on
the island of Texel. Each of these models drew upon a different source
of crowdsourced data and are modelled for one year (2017). The ES
were modelled and presented using R 3.6.0, GRASS 7.4. and ArcGIS
10.5. Spatial data in R was handled using the raster, sf and sp packages.
5.1.1. Study area
Texel is an island of 160 km2 located in the Northwest of the
Netherlands. It is the first in a chain of barrier islands in the Wadden
Sea, a shallow, intertidal area that stretches across the North of the
Netherlands. The island is currently home to around 13,500 inhabitants
(CBS, 2018). Its main urban centres are Den Burg in the centre of the
island, Oosterend to the Northeast and De Koog in the West (Fig. 2). In
addition to these urban areas, the island is home to a mix of ecosystems
ranging from popular beach and coastal dune areas on its West coast, to
agricultural land in its middle, and wetland areas which draw birdwatchers on opposite ends of the island. The dune areas in its West are
protected as part of the Duinen van Texel National Park. The nature and
wildlife available on the island make it a popular tourist destination and
Texel hosts close to 1 million visitors every year (van Loenen, 2016).

Fig. 2. Topographic map of Texel.

from Strava in combination with national statistics on hiking activities.
We utilised the running activity data reported in the Strava global
heatmap, a visualisation of all public user activity over the last two
years (Strava, 2018). This data was used to distribute hiking activities
reported in a national recreation survey along the island road network
and then used to establish a measure of the ecosystem contribution
based on the immediate physical environment. This method therefore
assumes that hikers follow the road network and that running activities
reported on Strava are a good indication of hiking activity on the island.
To extract the activity data from the global heatmap, the mean
‘heat’ intensity was extracted from an 18 m circular area surrounding
the mid-point of each road. Heat intensity was measured using the

5.1.2. Activity services – hiking environment
To spatially quantify the ecosystem contribution to peoples’ recreational activity on the island, we drew upon activity data sourced
7

Ecosystem Services 43 (2020) 101091

I. Havinga, et al.

Fig. 3. Hiking environment (Metres hiked/m2/yr).

Fig. 4. Landscape presence (PUDV/ha/yr).

alpha (opacity) channel of map tiles in png format, accessible through a
url constructed from the location of the mid-point. The heat intensity
was then adjusted to compensate for a mechanism by which intensities
are adjusted at each zoom level relative to the surrounding area (Robb,
2017). Thus, the intensity was adjusted to be relevant at a scale incorporating the whole of Texel. Finally, the intensities for each road
segment were normalised relative to the total intensities of all road
segments.
Hiking activity statistics were sourced from the 2015
‘ContinuVrijeTijdsOnderzoek’ (CVTO) survey of The Netherlands
(NBTC-NIPO, 2015). This survey examines the recreational activities
undertaken by Dutch citizens in their leisure time. It reports 440.5
million hiking activities in 2015 with an average hiking distance of
7 km. For this study, the number of hikes for Texel was approximated at
4.4 million based on Texel covering 0.1% of The Netherlands in area.
Using this information, the number of hikers on each road segment was
first calculated to create a hiking intensity per road segment:

hiking intensity was calculated for each road segment, the hiking environment as an ES was quantified for the surrounding 50 m area:

Ii =

N D
Li

Si Li
(Sj Lj )

n
j=1

Hi = Ii

Li
Ai

(2)

where Hi is the hiking environment as an ES, measured in metres hiked/
m2/yr, Ii is the hiking intensity, Li is the length of the road in metres
and Ai is the total area within 50 m along the length of the road in m2.
Fifty metres was chosen because in our conceptualisation of activity
services, it is the immediate physical surroundings of the ecosystems
that are contributing to the cultural interaction with nature. We acknowledge that this distance depends upon the landscape and our
conceptual and modelling approach can easily be adjusted to different
distances.
5.1.3. Aesthetic services – landscape presence
To spatially quantify the ecosystem contribution to peoples’ aesthetic enjoyment of the landscape, landscape presence was measured as
an aesthetic service using the locations of photographs shared on Flickr.
The Flickr API was used to download all geo-located photos on the island accurate to the street level using a moving 500 m search box. All
photos were used after a visual check of the photos confirmed that most
had an aesthetic element although we acknowledge that some photos
will be unrelated. We return to this in the discussion.
The location of each photograph was used to simulate the visible
area from each photo location, or ‘viewshed’, using a Digital Surface
Model (DSM) for the Netherlands at 5 m resolution (AHN, 2014). The
DSM takes into account the height of objects on land such as buildings
and vegetation as well as the height of the terrain. A spatial distribution

(1)

where Ii is the hiking intensity of the individual road segment per year,
N the number of hiking activities for Texel in one year and D is the
average hiking distance of each activity in metres (7 km in this case). L
is the length of the road segment in metres. The first part of this
equation thus calculates a maximum hiking potential for the road
segment. This is then multiplied by a factor taking into account the
length and normalised Strava intensity, S , of the road. This second part
of the equation incorporates the interplay of Strava activity and length
in determining the number of hikers on the road per year. Once the
8
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function was then applied to individual viewsheds to distribute the
contribution of the ecosystems to the person’s aesthetic enjoyment. This
incorporates the idea that people enjoy the landscape differently at
different distances (Schirpke et al., 2013; Tenerelli et al., 2017). In this
initial, experimental case, an exponential decline function was applied,
reflecting a greater enjoyment of immediate surroundings and no predefined maximum distance apart from the horizon.
In order to limit a user’s photos dominating the results, the viewshed from one user’s photographs on one day was only counted once to
create a Photo-User-Day-Viewshed (PUDV). This PUDV was then divided by its total area, subject to the distribution function, to produce
an ES supply of PUDV/ha/yr. The PUDV/ha/yr of all users through the
year were then aggregated to produce the final spatial distribution of ES
supply.
5.1.4. Naturalist services – species observations
Ecosystems contribute to human well-being by conferring a notion
of ecological meaning. To capture this service flow on Texel, we drew
upon the citizen science records available through the website waarneming.nl and used the species observations as an indicator for the
ecosystem contribution to peoples’ sense of connection with the biodiversity present on the island. waarneming.nl is the largest platform
for volunteers to record and share their animal or plant sightings in the
Netherlands. The data was downloaded through the Nationale
Databank Flora en Fauna (NDFF) Ecogrid portal.
The observation records are available as mainly circular polygons
whose size and centre depend on how accurately the observations have
been geo-referenced. The size of the polygons range between 11 m2 and
283 ha with a mean of 1.3 ha. We took the polygon centres and converted these into points. To model the contribution of the surrounding
ecosystem, we generated a 100 m2 grid and counted the point density
per grid cell to generate a ES flow in records/ha/yr to represent the
supply of naturalist services.
Fig. 5. Species observations (Records/ha/yr).

5.2. Results

5.2.3. Naturalist services – species observations
The distribution of naturalist services measured using species observations on Texel is shown in Fig. 5. ES flow ranged between 0.01 and
44 records/ha/yr. The contributing areas are mainly distributed around
the coast and road network of the island. Based on the species records
on waarneming.nl, ecosystems are generating particularly concentrated
ES flows at the northern tip of the island, the wetland areas in the
Northeast and in the South. The dunes on the west side of the island
also register some large contributions. ES flow is much more sparsely
scattered through the agricultural areas of the island where small
contributions are restricted to the areas around the road network. The
marine ecosystems surrounding the island are also generating naturalist
services with a trail of observations leading up to the main island port
in the South and a second trail encircling the island from South to West.

5.2.1. Activity services – hiking environment
Fig. 3 shows the distribution of hiking environment as an activity
service using the Strava heatmap. Ecosystems surrounding the road
network generated an attractive physical environment for spatially
distributed distances between 1 m hiked/m2/yr and 3080 m hiked/m2/
yr. The Strava activity concentrated ES flow in the dense network of
footpaths in the western dune areas, on the northern end of the island
and along the coastal roads and towns on the island. The agricultural
areas in the middle of the island are clearly less popular and there is a
noticeable decrease in ES supply as the roads go further inland. Other
areas of interest include the concentrations of supply at the roundabouts and along the road leading up to the dunes from the main town
of Den Burg in the centre of the island.
5.2.2. Aesthetic services – landscape presence
Fig. 4 shows the distribution of landscape presence as an aesthetic
service in PUDV/ha/yr using the location of geo-tagged Flickr photos.
The Flickr activity concentrated ES flow in the popular dune and beaches areas on the western side of the island. The landscape is also
conveying a concentrated amount of aesthetic information at the
northern end of the island and around wetland areas to the Northeast
and in the South. In the town of Den Burg, at the centre of the island,
the urban environment has captured and concentrated ES flow in its
centre. Line-of-sight effects can also be observed further south where
the landscape generates a large ES flow through the fragmented viewshed of a number of highly concentrated photos. The agricultural
landscape that makes up most of the island produces a low and largely
uniform service flow with no concentrated hotspots.

6. Discussion
6.1. Defining CES
Employing crowdsourced data encourages a CES conceptualisation
shaped by the data. In our investigations of these data sources, we
discovered records of information conveyed by ecosystems to people.
The data available through Strava, Flickr and waarneming.nl enabled
us to develop service indicators for some of these information-flows on
Texel. In turn, these information-flows contribute to peoples’ cultural
experiences of nature such as recreation; the benefits to human wellbeing. This linear process aligns itself with the cascade model proposed
in TEEB (2010b): the value of these benefits can be then determined
9
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through different valuation methods.
Others have argued that CES are inherent to all human-nature interactions and CES value should be conceptualised as non-material
components of ecosystem-related benefits (Chan et al., 2012; Fish et al.,
2016), a conceptualisation reflected in the IPBES framework (Díaz
et al., 2018). Partly, this thinking is driven by the argument that CES
are intangible and pluralistic by nature which makes these services
difficult to quantify (Chan et al., 2012). The pluralistic nature of CES
has also raised the issue of double counting the contributions of ecosystems to cultural benefits. For example, a sacred site may be used as a
proxy indicator for services related to touristic activities as well as
spiritual services (Hernández-Morcillo et al., 2013).
However, we would argue that the spatial models in this study show
that CES as information-flows can be spatially quantified using
crowdsourced data. We would also argue that CES are in fact benefitspecific because the information available through crowdsourced data,
in the form of imagery, location and textual data, can be very specific
about how the individual is appreciating their environment. This enables a detailed identification of service flows in assessments up to
national and inter-national scales. Large-scale assessments are further
supported by the information definition due to the strict distinction
between services and benefits. For national accounting purposes, this
recognises the joint-production of goods and services (Boyd and
Banzhaf, 2007). Thus, some notable exclusions from the proposed typology are “recreation”, “tourism”, “inspiration”, “cultural diversity”,
“sense of place”, “social relations”, or “symbolic meaning”. These represent cultural experiences requiring human input and therefore
constitute cultural benefits rather than information service flows.

presents another key challenge. For example, classifying scenic images
as exclusive input into our Flickr-based model remains an unresolved
issue. Similarly, uncertainty remains as to whether all the Strava data
used in our activity services model is related to nature-focused physical
activities. However, the advantage of using many sources of crowdsourced data is that tangible, quantifiable elements exist which can be
more definitively categorised based on further investigation, debate and
consensus (Oteros-Rozas et al., 2018). For example, the scenic compositions or objects present in Flickr images can determine the flow of
aesthetic services. Machine learning methods then present promising
approaches to automate this analysis over large amounts of data
(Richards and Tunçer, 2018). Nonetheless, the models in this study still
managed to capture known areas of corresponding cultural importance.
Popular hiking routes, scenic locations and biodiversity hotspots are
captured by each of the respective models (Roos and van der Wel,
2013). This suggests some of the principle uses of these platforms are
sufficient to identify three distinct service-types generated on the island.
6.3. Modelling CES
A key consequence of modelling CES using crowdsourced data is a
shift towards user-driven CES models. This is in contrast to many existing models which spatially model CES using ecosystem features such
as the number of sacred sites (Hernández-Morcillo et al., 2013). These
measures are more in line with the capacity rather than use of ES supply
as it does not capture the location where these features contribute to an
individual’s economic utility or wellbeing (Schröter et al., 2014). In this
way, crowdsourced data-based models are more representative of the
actual use of CES. The global reach of some crowdsourced data also
enable researchers to include beneficiaries who would have been difficult to include using traditional survey techniques; an important aspect to CES research (Daniel et al., 2012). However, the prevailing user
biases seriously affect the estimated spatial quantities. In order to gain a
more representative spatial service flow of activity services in our
study, hiking activities estimated using national survey data were distributed using Strava user preferences. This combination of empirical
and crowdsourced data is one promising solution to address these user
biases.
Nevertheless, the preferences captured in crowdsourced data-based
models still contain bias. Self-selecting users also share self-selected
content, resulting in a distorted representation of peoples’ lives (Miller
and Goodchild, 2015). Geographical concentrations also exist. For example, more accessible places draw greater numbers of observations on
citizen science portals (Jacobs and Zipf, 2017). This was evident in our
study with the species observations concentrated along the road network. However, in projecting a usually positive self-image in the content they share, users share what is of value to them, an important
consideration for the purposes of measuring CES. Exploring what geographical concentrations mean is also important. For example, although
observation concentrations on citizen science portals may reflect a
biodiversity sampling bias, in a cultural sense these can be taken as
good evidence for large CES supply.
Uncertainties in the location accuracy of crowdsourced data must
also be taken into account. The location accuracy of the data used in our
models was not considered. It is difficult to establish a definitive
measure using social media data without manually checking the content of posts. In a global analysis, Zielstra and Hochmair (2013) found
that 11 to 18 percent of Flickr photos had a positional error. Twitter
posts have been found to be accurate to 20 m in urban areas (Longley
et al., 2015). Even though accuracy measures were provided with the
waarneming.nl data, the measures largely depend on the skill of the
observer. In the case of mobile network data, the location accuracy of
CDRs rely on the density and signal strength of cell phone towers (Liu
et al., 2016). That being said, the location data that is available is a
significant step forward in CES research where most studies do not

6.2. Categorising CES
In order to summarise the broad array of data utilisations identified
in the review, the typology consists of a general set of categories.
Further examination of crowdsourced data sets in local contexts may
uncover more specific service categories. In indigenous and local
knowledge contexts, getting specific about CES and even moving beyond the ES paradigm helps to identify ecosystem contributions that are
relevant and important to the community (Pascual et al., 2017). Here
the IPBES framework’s context-specific assessment guidelines constitute
an important tool in capturing these CES (Díaz et al., 2018). However,
in the context of large-scale assessments, a level of generalisation is
important to allow comparison between assessments and the aggregation of results. For example, in accomplishing the European Biodiversity
Strategy (Maes et al., 2013). In these cases, we believe our typology
provides a comprehensive-enough starting point to quantify CES using
crowdsourced data based on our review of data utilisations, leading ES
assessment frameworks and the distinction between services and benefits.
The service categories in our proposed typology were shaped by the
information available through the identified sources. However, the data
almost always represents a particular subset of the population. The
demographics of the populations using different platforms and technologies is never entirely clear and is both variable between platforms
and in time (Boyd and Crawford, 2012; Liu et al., 2016). Flickr has been
found to mostly consist of 40 to 60 year old males (Lenormand et al.,
2018) while social media in general is understood to be biased towards
younger generations (Liu et al., 2016). Mobile connectivity plays a
major role (Li et al., 2016). Additional biases exist within platforms and
user contributions are usually skewed towards small, highly active
groups (Li et al., 2013). Consequently, there must be a careful consideration of the types of services and preferences available. Some CES
may not be captured at all while some biases in user preferences can be
addressed. For example, our Flickr-based model incorporated the PUD
concept. Inferring demographics from user profile and socio-economic
data can also reduce this bias (Li et al., 2013; Longley et al., 2015).
Categorising the data that is available through these sources
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spatially measure CES (Hernández-Morcillo et al., 2013). Spatially
measuring CES using survey techniques also comes with its own uncertainties, relying on participant re-call (Adamowicz et al., 1997) and
often measured within broad land cover categories (Eigenbrod et al.,
2010).
Finally, the continued availability of crowdsourced data is a key
source of uncertainty which affects the reproducibility of CES model
results. In the case of social media, API access can change regularly. For
example, Twitter and Instagram have both changed levels of access in
recent years (Ghermandi and Sinclair, 2019). This threatens the feasibility of regular ES assessments such as the annual assessments required
to maintain up-to-date ecosystem accounts (UN et al., 2014). Users may
also edit, remove or alter access to their data themselves, with further
consequences for reproducibility. However, data can still be stored independently for reproducible results. For example, the InVEST model
provides a global database of Flickr photos to maintain a consistent
recreation model (InVEST, 2017). Nevertheless, in these cases, important ethical considerations must be taken into account.

data. The definition and typology are especially suited to measure CES
in high-resolution, large-scale studies such as national or inter-national
assessments. In these cases, employing crowdsourced data to model CES
brings significant benefits in terms of the scale and detail in which
studies can be carried out. However, in utilising crowdsourced data, the
representativeness of the data, measurement uncertainties, and ethical
considerations must be taken into account. Nonetheless, with these
challenges considered, crowdsourced data enables new ways of spatially modelling CES and, in doing so, helps to clarify the CES concept
for the purposes of spatial quantification. Ultimately, this can facilitate
a better representation of these services in ES assessments.
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