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Abstract
The last few years have seen the emergence of a large number of worldwide
web portals where volunteers report and collect observations of plants and
animals, share these reports with other users, and provide data for scientific
research purposes along the way. Activities engaging citizens in the collection
of scientific data or in solving scientific problems are collectively called citizen
science. Data quality is a vital issue in this field. Currently, reports of species
observations from citizen scientists are often validated manually by experts
as a means of quality control. Experts evaluate the plausibility of a report
based on their own expertise and experience. However, a rapid growth in the
quantity of reports to be processed makes this approach increasingly less feasible, creating a need for methods supporting (semi)automatic validation of
observation data. This aim is achieved primarily by analysing the spatial and
temporal context of the data. Relevant context information can be provided
by existing observation data, as well as by spatial data of environmental factors, or other spatio-temporal factors impacting the distribution of species, or
the process of observation and contribution itself. It is very important that the
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specific properties of data emerging from citizen science origins are taken into
account. These data are often not produced in a systematic way, resulting in (for
instance) spatial and temporal incompleteness. Also, the data structure is not
only determined by the natural spatio-temporal patterns of species distribution, but by other factors such as the behaviour of contributors or the design of
the citizen science project that produced the data as well.
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Introduction
Learning more about biodiversity on our planet has become an important
challenge as we face climate change and species extinction. Any conservation
efforts need to be based on adequate knowledge about distribution, behaviour, and ecology of species. However, the long-term data covering broad
geographic regions, which are necessary to gain said knowledge (Dickinson,
Zuckerberg & Bonter 2010), cannot be collected using professional data collectors alone. High costs associated with professional data gathering pose
another inhibiting challenge. One way of solving this problem is data collection by volunteers. Activities involving citizens in the collection of scientific
data or, more general, in scientific research endeavours, are called citizen science. While citizen science itself is not a new phenomenon, we see a growing
number of such projects being organized in web portals, revolutionising the
way biodiversity data are collected and made available. Recent years have seen
a growing number of projects using the possibilities offered by web 2.0 technologies (Dickinson, Zuckerberg & Bonter 2010; Miller-Rushing, Primack &
Bonney 2012), where volunteers can upload, manage, and share their own
observations of plants and animals, and make them available for scientific
research. Opportunities for biodiversity monitoring and ecological research
provided by this phenomenon, but also implications for project organisation and management, are extensively discussed in a book by Dickinson and
Bonney (2012), and in numerous other publications (e.g., Connors, Lei &
Kelly 2012; Chandler et al. 2012; Cosquer, Raymond & Prevot-Julliard 2012;
Sullivan et al. 2014). Motivations of initiatives in this field range from furthering public interest in conservation issues and concerns (with data collection
as a mere by-product), to systematic generation of such data for specific uses
in scientific research, planning or public administration (e.g. monitoring of
certain species or groups of species in certain areas or regions). Other projects
aim at collection of data about the distribution of species without a predefined, specific goal.
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This way of collecting data using the www and the general public is a specific form of crowdsourcing (Howe 2006), i.e. employing the general public to
produce web content or to carry out certain labour-intensive tasks (especially
tasks that cannot be easily automated using methods of data processing). Other
terms are used in biodiversity citizen science depending on data collection procedures employed or goals pursued, such as community-based monitoring or
CBM (Conrad & Hilchey 2011). As the data collected always have a geographic
reference, they represent a specific type of Volunteered Geographic Information (VGI) (Goodchild 2007; Haklay 2013).
One of the most important concerns with these data is data quality. Assuring data quality is important because a general lack of trust will decrease their
use for science or administration (Conrad & Hilchey 2011). A recent study by
Theobald et al. (2015) showed that so far only a small portion of biodiversityrelated citizen science projects contributed data to peer-reviewed scientific
articles. The quality of the output of scientific research depends directly on the
quality of the data used (Dickinson, Zuckerberg & Bonter 2010), as does the
quality of administrative and planning decisions. On the other hand, citizen
science approaches introduce great advantages, considering their ability to provide large amounts of data over broad geographic regions as well as long periods of time, often at relatively low cost (Dickinson, Zuckerberg & Bonter 2010).
At the same time, this poses a challenge for data quality assurance: many projects acquire large amounts of observations - often hundreds of observations
per day, or even more. Many projects employ manual validation procedures
that do not scale well, making (semi)automatic validation methods necessary.
This chapter presents an overview of important issues related to quality of citizen science biodiversity data. Using examples from citizen science projects in
the domain of biodiversity, it discusses specific problems and possible avenues
to solutions concerning quality assurance for this specific kind of VGI. While
there are many commonalities with VGI from other domains, allowing for the
adoption of quality assurance approaches and strategies that are also used in
other fields of VGI, there are also notable differences or features shared only
with few other VGI domains, making adjustments of common approaches and
strategies necessary. Most important among these differences are the diversity
concerning project design and organisation (from strict monitoring schemes
to rather open, opportunistic data collection, resulting in data properties and
quality assurance needs varying between projects), and the nature of the information mapped (identification of species requiring some degree of expert
knowledge, thereby raising issues of credibility).

Quality of citizen science biodiversity data
When we examine the quality of citizen science data from the biodiversity
domain, we need to look at how data quality can be defined, and how it is used
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and handled in the relevant scientific practice. We approach the term data quality from two different perspectives:
• Data quality in terms of the sum of the data’s properties, and
• data quality in terms of the data’s fitness for use.
Data quality as the sum of the data’s properties
Observations of occurrences of species are geographic data. Therefore, their
quality in terms of characteristic properties can be described using the quality features introduced by ISO standard ISO 19113 (ISO 2002). These include
the following: completeness, logical consistency, positional accuracy, temporal
accuracy, and thematic accuracy. Properties of the data regarding these attributes are determined mostly by the design of the project collecting the data
(especially rules and guidelines concerning data collection). Therefore, they are
diverse. Considering the aspect of completeness, we often find a pronounced
spatial and temporal heterogeneity in citizen science biodiversity data. This
is especially the case for data collected without using structured monitoring
schemes or strict rules - so called casual data collected in an opportunistic way
(Chapman 2005). There are many reasons for this heterogeneity, like contributor preference for certain species or groups of species, variable observation
effort caused by different (seasonal) weather conditions, or differences in spatial density of observations associated with differences in population density,
among many others. Bird et al. (2014) describe approaches to account for the
variability in the resulting data caused by such factors. They use several statistical tools to demonstrate effects of certain types of error and bias in citizen
science data on modelling results in biology, and describe how to address these
issues. Van Strien, van Swaay and Termaat (2013) present a methodology to
remedy several types of bias in the data when using them for occupancy models
(modelling the distribution of species in space and time).
The positional accuracy of citizen science species distribution data depends
primarily on the type of location information, e.g. exact point, assignment to
an (arbitrary) area or to a map quadrant. The data of many relevant projects are
heterogeneous in this respect. The positional accuracy of point data depends
(among other factors) on the way the coordinates of an observation are determined, e.g. using a GPS device on site, placing the observation’s location on a
map or aerial photograph (in a map viewer), deriving the location from a specimen description, etc.
Thematic accuracy refers to the correctness of the classification of objects or
of their non-quantitative attributes (Kresse & Fadaie 2004). An important issue
regarding thematic accuracy of observational data of animals and plants from
citizen science projects is the participants’ lack of scientific training and its effect
on the reliability or credibility of species identification (Conrad & Hilchey 2011).
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The temporal accuracy of observational data of animals and plants from citizen science projects is determined by how accurately it can be determined at
data collection. The day of observation is mandatory information provided in
most cases. Sometimes, the time of day can be specified as well, or is recorded
automatically if an observation is reported using a mobile device. Currentness,
i.e. the correctness of data in relation to the state of the environment changing
over time, is another important aspect of temporal accuracy.
Logical consistency, including aspects like consistency of data structure or
compliance with certain rules (Kresse & Fadaie 2004) is usually ensured by
adequate design of the reporting tools and data base.
Data quality in terms of fitness for use
Data quality in terms of ‘usefulness’ can only be assessed for a certain intended
use of the data (Devillers et al. 2007). Whether data quality is ‘good enough’ for
a specific use depends on whether the data’s properties allow for the question(s)
at hand to be answered (Devictor, Whittaker & Beltrame 2010). For example, a
precise location in observation data of plants or animals is not important if the
data are used for deriving seasonal occurrence for larger regions, but would be
important for analysing fine-grained spatial distribution patterns. Bordogna et
al. (2014) point to the need for all VGI to assess and improve data quality with
respect to the data’s intended use and the data user’s expectations. They propose
a framework to match users’ needs and data properties.
Principles of quality assurance for user-generated data
Data quality assurance aims at identifying, correcting and eliminating errors.
Chapman (2005) also uses the term ‘data cleaning’. On the one hand, this process includes the identification of formal errors, i.e. missing values, typing
errors, etc. On the other hand, the suitability of a (formally correct) data set for
a particular purpose depends, as we have already seen, on whether the data’s
characteristics (e.g. position accuracy) are sufficient for this purpose. Such uses
can be very diverse and are often not fully foreseen prior to data collection
(Dickinson, Zuckerberg & Bonter 2010).
Goodchild and Li (2012) identify three basic approaches to quality assurance
for VGI, which are also applicable to citizen science observation data in the
field of biodiversity.
The ‘crowd-sourcing approach’ builds on the assumption that an error cannot persist if many users work on the same data. Hardisty and Roberts (2013)
consider this the best method to identify errors in biodiversity data. Goodchild and Li (2012), however, present a good example where this assumption
failed, with a wrong name of a golf course in California persisting for years in
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Wikimapia (an online map project collecting information on locations from
users). They also conclude that what they call ‘obscure’ objects (e.g. objects that
exist only for short periods of time) may be more susceptible to such errors
than others. Observations, especially of more mobile animal species, may well
be counted among these.
Another principle, termed the ‘social approach’ by Goodchild and Li (2012),
uses privileged users as controllers validating the data collected in the project.
This approach is widely used in citizen science projects in the biodiversity
domain (Wiggins et al. 2011). Data validators are often regional experts for a
certain species group (Sullivan et al. 2009), responsible for data validation in
a certain area that they know well. The validation process sometimes involves
communication between data reviewers and observers, when a reviewer
requests more specific information about an unusual report (Bonter & Cooper
2012) that may help to validate it.
In the ‘geographic approach’, Goodchild and Li (2012) summarize all methods using rules formalising geographic context. As Elwood, Goodchild and Sui
(2012: 580) conclude, ‘… the richness of geographic context (…) makes it comparatively difficult to falsify VGI, either accidentally or deliberately’. Methods
based on this principle allow for automatic verification of data. The necessary
geographic context can be gained from observation data already existing in the
project in question. This approach requires large amounts of existing data with
a relatively high spatial density (Conrad & Hilchey 2011), often not (or not yet)
available in citizen science data sets in the biodiversity domain. Consequently
there is a need for methods relying on other context sources. Using external
context data may provide a solution to this challenge (Elwood, Goodchild &
Sui 2012), adding the question of data quality of these context data to the picture. Goodchild and Li (2012) conclude that there is a need for the formalization of relevant geographic context and the rules for describing it.
Using geographic context with distribution data of organisms shows certain methodological similarities with niche or habitat modelling, using known
occurrences or absences of a species or of species communities in order to
find correlations between these occurrences and a number of environmental
factors, with the goal of predicting occurrences (or, at least, finding suitable
habitats) in regions without available occurrence data (Engler et al. 2004).
Many niche modelling methods need absence data (that is, data about locations where the species in question is definitely not present) to work (Engler,
Guisan & Rechsteiner 2004). However, the inability to provide absence data is
a notorious weakness of citizen science data in the biodiversity domain, especially if collected as casual data in an opportunistic way (Chapman 2005). This
disadvantage can be overcome (or at least mitigated) by using an appropriate project design concerning the protocols and procedures to be followed at
observation data collection. A well-established approach is the use of species
checklists, allowing to differentiate between species that were observed at a certain place and time and species that were not (for example, the project eBird
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or the German ornitho.de platform use this method). Certain issues like the
detectability of species still need to be taken into account when working with
this approach.

Quality assurance for user-generated data from citizen
science projects: research and practice, shortcoming
and possible solutions
Wiggins et al. (2011) conducted a study analysing the quality assurance mechanisms used in citizen science projects. They found that many projects assure
the quality of the data produced by implementing suitable measures before
data collection (e.g. project design, training of participants, etc.), while manual
validation of observation data by experts is the dominant approach for ex post
verification of data. The assessment of correctness (or ‘truth’) of an observation
is based on the plausibility of that observation in the light of the information
provided with the observation. The expert’s knowledge about the species and
the region the observation comes from serve as reference information for the
assessment. Also, photographs are often used as evidence.
Some projects employ automatic assessments of the plausibility of observations. For instance, the project eBird, considered as a ‘gold standard’ source for
bird observations from citizen scientists for use in scientific research, checks
the numbers of individuals of species specified by the observer for plausibility, taking into account the location and the season (Sullivan et al. 2009). If
the numbers are considered implausible, the observer gets feedback right away.
If he or she insists, the observation is passed on to a regional expert for validation. This is also the case for observations that contain species not listed
in the species checklist provided to the observer for the location and season
(observers can manually add species to the list). eBird now also uses the large
amount of data already accumulated in the project to determine parameters
for its filter mechanisms, improving filtering results concerning unusual observations (Sullivan et al. 2014). In the German portal ‘naturgucker’, observers
get hints from the system if an observation has certain properties making it
implausible. For example, the system checks whether the reported species usually occurs in the region and at the time the observation was made. Another
filter checks whether the species has been reported from that region before.
Reports of uncommonly rare species will also lead to appropriate feedback to
the observer. This project does not flag reports or pass them on to experts for
verification, leaving further data quality control entirely up to the crowd. Project Feeder Watch, a North American bird monitoring program, has automatic
filters very similar to those of the project eBird, as well using species check
lists for regions and seasons, and numbers of individuals observed. Bonter and
Cooper (2012) point to the inability of such filters to detect plausible but false
reports, and see a need for more research in this area. They expect advances
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through combining different approaches for plausibility assessment, including
assessment of the observers’ expertise or experience. Concerning contributors
and their properties, Schlieder and Yanenko (2010) explored approaches using
social distance between contributors as a confirming factor for the reliability of
VGI contributions closely related in space and time. However, such concepts
are hardly applicable for citizen science data from the biodiversity domain, as
suitable information about contributors to measure their social distance is very
rarely available. For an overview of the data quality assurance strategies in projects mentioned in this section, see Table 1.
Many citizen science projects in the field of biodiversity collect observations
of plants, animals and fungi in an opportunistic way, producing so called casual data without imposing strict rules or protocols on the contributors. Volunteers contributing to such projects are free to collect and submit observations of a large number of different species at any time and from any place
(examples are the Swedish Artportalen project and iNaturalist, an American
project with a world-wide scope; see Table 1 for an overview of their respective
data quality assurance strategies). This approach has the potential of producing
large amounts of data, as the effort required from volunteers is relatively low,

Project

Data quality assurance strategies and
options, in terms used by
Goodchild and
Li (2012)

Wiggins et al. (2011)

eBird
(http://ebird.org)

Social approach

Filtering of unusual reports,
contacting participants about
unusual reports, expert review

Project Feeder Watch
(http://feederwatch.org)

Social approach

Filtering of unusual reports,
contacting participants about
unusual reports, expert review

Ornitho.de
(http://www.ornitho.de)

Social approach

Contacting participants about
unusual reports, expert review

naturgucker
(http://www.naturgucker.de)

Crowd-sourcing
approach

Filtering of unusual reports

Artportalen
(http://www.artportalen.se)

Social approach

Expert review

iNaturalist
(http://www.inaturalist.org)

Crowd-sourcing
approach

Filtering of unusual reports

Table 1: Data quality assurance strategies and options employed by the citizen science projects cited in this chapter, in terms used by Goodchild and Li
(2012) and Wiggins et al. (2011), respectively. Information about the projects’
data quality assurance strategies can be found on their web sites (see table).
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encouraging participation and thus furthering high numbers of participants.
However, this kind of data has increased needs for ex post quality assurance
and suitable data quality parameters, because the usefulness of such projects
and their data for science, administration, and planning is often questioned
due to a lack of ex ante quality assurance measures (e.g. training of volunteers,
implementation of monitoring schemes, etc.).
Most observations consist of at least the species, location, time, and observer,
sometimes supplemented with more (project-specific) information. Therefore,
methods for quality assurance or plausibility assessment needing only the four
basic aspects of an observation have the potential to be useful for many different projects and data sets, but data properties have to be carefully examined in
any case. For example, a seemingly exact location in the form of coordinates
can have a wide range of accuracy, or even represent different types of locations
(i.e. an exact location vs. the centre of a map quadrant).

Conclusion
The scientific studies cited in this chapter, as well as the examples given, provide
an overview of the most important aspects of quality of citizen science data
from the biodiversity domain and its assurance. They show that manual validation of observations of species by experts based on an assessment of their plausibility in the light of available context information is the dominant approach
in citizen science projects in the biodiversity domain. The use of automatic
(or semi-automatic) approaches for plausibility assessment is increasing, yet
they have important shortcomings as described in section 3. Employing the
geographic context for plausibility assessment of crowd-sourced geographic
data has high potential for assessing the plausibility of species observations in a
(semi)automatic way, despite being rarely used so far. There is a great need for
further research on methods to assess the plausibility of citizen science data in
the biodiversity domain taking their specific properties into account.
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