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Data quality (DQ) is a major concern in citizen science (CS) programs and is often

raised as an issue among critics of the CS approach. We examined CS programs and

reviewed the kinds of data they produce to inform CS communities of strategies of DQ

control. From our review of the literature and our experiences with CS, we identified

seven primary types of data contributions. Citizens can carry instrument packages,

invent or modify algorithms, sort and classify physical objects, sort and classify digital

objects, collect physical objects, collect digital objects, and report observations. We

found that data types were not constrained by subject domains, a CS program may

use multiple types, and DQ requirements and evaluation strategies vary according to the

data types. These types are useful for identifying structural similarities among programs

across subject domains. We conclude that blanket criticism of the CS data quality is no

longer appropriate. In addition to the details of specific programs and variability among

individuals, discussions can fruitfully focus on the data types in a program and the specific

methods being used for DQ control as dictated or appropriate for the type. Programs can

reduce doubts about their DQ by becoming more explicit in communicating their data

management practices.

Keywords: citizen science, data quality, data type, data quality requirment, data quality methods

INTRODUCTION

Citizen science encompasses a variety of activities in which citizens are involved in doing science
(Shirk et al., 2012; Haklay, 2013; Thiel et al., 2014; Cooper, 2016). Part of the excitement about CS
is the number of scientific disciplines that have adopted a citizen science approach. For instance,
astronomy has used CS to map galaxies (Galaxy Zoo), chemistry to understand protein folding
(FoldIt), computer science to refine algorithms (SciPy), ecology to document coral reef biodiversity
(REEF), environmental science to monitor water quality (Acid Rain Monitoring Project), and
geography to map features of cities (OpenStreetMap). CS is a rapidly expanding field involving over
1,000 advertised projects (Scistarter websites). Pocock et al. (2017) identified over 500 CS projects
in the ecology and environmental area alone.
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At the center of many citizen science programs is the
contribution citizens make to gathering and/or scoring
observations (Miller-Rushing et al., 2012; Shirk et al., 2012;
Bonney et al., 2014, 2016), but concerns regarding citizen
contributions arise for several reasons (Cohn, 2008; Riesch and
Potter, 2014; Burgess et al., 2017). By definition, participants
share a common interest to participate but are not trained
experts (Thiel et al., 2014; Cooper, 2016; Eitzel et al., 2017)
leading to inherent doubt about their abilities (Cohn, 2008;
Bonney et al., 2014, 2016). Citizen science participants may
be trained for the specific tasks of the programs in which they
participate, but there is often no requirement for them to have
formal training, accreditation, or a degree (Freitag et al., 2016).
Furthermore, there may be no requirement for participants to
regularly practice the skills needed.

In our experience, CS program managers are well aware
that the quality of the scientific data their programs produce
is paramount to success. A survey by Hecker et al. (2018)
suggests that after funding considerations, data quality is the
most important concern for program managers (also see Peters
et al., 2015). Significant progress is being made in understanding
and improving DQ in citizen science. Many papers have been
written assessing the DQ of a specific project, and papers starting
around 2010 have provided broader context (Alabri and Hunter,
2010; Haklay et al., 2010; Sheppard and Terveen, 2011; Wiggins
et al., 2011; Goodchild and Li, 2012; Crowston and Prestopnik,
2013; Hunter et al., 2013; Thiel et al., 2014; Kosmala et al., 2016;
Lukyanenko et al., 2016; Muenich et al., 2016; Blake et al., 2020;
López et al., 2020). Also, there have been efforts to compare data
quality across projects (Thiel et al., 2014; Aceves-Bueno et al.,
2017; Specht and Lewandowski, 2018).

A number of papers have focused on DQ as part of the process
of data collection/data life cycle (Wiggins et al., 2011; Kelling
et al., 2015a; Freitag et al., 2016; Parrish et al., 2018a), and some
have examined the variability of individual contributors (Bégin
et al., 2013; Bernard et al., 2013; Kelling et al., 2015b; Johnston
et al., 2018). Kosmala et al. (2016) and Parrish et al. (2019)
emphasized the importance of individual program’s protocols for
DQ. In this paper, we examined citizen science programs from
the point of view of the kinds of data they produce with the
goal of informing the strategies of DQ control. This reasoning
leads to the questions addressed here, “Are there primary
types of data produced by citizen science projects?” and if so,
“What are the ramifications of these types for DQ analysis and
project design?”

METHODS

Scopus literature searches were performed using the term
“data quality” in combination with the terms “citizen
science,” “volunteered geographic information,” or “volunteer
monitoring.” A total of 293 papers were found from the
published literature between the years 1994 and 2020. Papers
were reviewed and discussed among our team using the general
data quality framework provided by Wiggins et al. (2011).
Investigations were performed using categorical analysis and

decision trees. Additional efforts were made to collect the needed
information from project web sites, but these sites proved
difficult to navigate from the perspective of locating information
about data quality methods. It was often unclear whether the
information we sought was available or not. Our lack of success
in searching on project websites leads us to look more carefully
into the heterogeneity of citizen science projects, and specifically
into the heterogeneity of data produced by CS projects. An
iterative process of re-reading the literature, investigating
papers cited in the literature, and re-examining project web
sites produced the categorization of the primary data types
reported here.

RESULTS

Categories of Data From Citizen Science
Projects
Our review identified seven primary categories of data
contributions made by people to citizen science projects
(Table 1). Citizens can carry instrument packages, invent or
modify algorithms, sort and classify physical objects, sort and
classify digital objects, collect physical objects, collect digital
objects, and report observations. In the following paragraphs, we
describe each of these types and then turn to the implications for
DQ requirements and project design.

In the simplest data type, a citizen’s designated role is limited
to transporting and/or maintaining standard measurement
devices (Table 1). People carry instrument packages (CIP) or
pilot vehicles that carry instrument packages. There is no active
role in monitoring or recording data once the instrument is
in place. Citizens also bear the cost of carrying the sensors.
Weather Underground is an example of such a program. The
benefit to the project is that no investment is needed other than
arranging the transport of or giving advice about device options,
installation, and providing a data sharing and storage website.
With this limited role for participants, there are fewer concerns
about data quality. Projects can rely on strategies normally
employed by scientists when monitoring instrument packages
that are deployed.

The second category of participation involves the invention
or modification of algorithms (IMA) such as the Foldit project
in which citizens help discover the sequence of proteins folds
or a search such as the Great Internet Mersenne Prime Search
in which citizens help search for class of prime numbers. This
kind of citizen science project may take the form of a game or
contest. The contributions of participants are explicitly recorded
and tested in a public arena. The success of algorithms is usually
known to all, and the insights of a citizen or citizen team can
often be incorporated by others in subsequent submissions. Data
quality is not an issue for these projects. Keeping track of the
history of the algorithm submissions is part of the process, so
provenance is also inherently addressed.

The third type of project involves the sorting and classifying
of physical objects (SCPO). In these projects, scientists already
have an existing source of data but need help organizing the
collection. Fossils or archeology artifacts are two examples of
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TABLE 1 | Seven basic types of data contributions made to citizen science projects with examples.

Data category Data contribution Example 1 Example 2 Example 3

Project name Description Project name Description Project name Description

Carry Instrument

packages (CIP) or

pilot vehicles that

CIPs

Indirectly through

deployment of

instrument package

Air Quality Citizen

Science

Monitor

environmental air

quality

SeaKeepers

International

Works with NOAA

and WMO and

deploys

Seakeeper Difters

and Argo floats

Weather Underground Connects

consumer weather

instruments in a

network

Invent or modify

algorithms, IMA

Algorithms, beat the

best computer

algorithms

Fold-It Submit steps for

protein 3-D folding

to understand

protein function

MATLAB Online

Programming Contest

Develop and share

code to solve

computing

challenge

EteRNA Submit steps for

RNA 3-D folding to

understand RNA

function

Sort and classify

physical objects,

SCPO

Object categorized Passport in Time Contribute to field

archeology

program with the

USFS

Field Museum Collection

Center Volunteers

Count, sort and

digitize artifacts

and specimens

American Museum of

Natural History

Volunteering in the

Division of

Paleontology

Sort and classify

digital objects,

SCDO

Digital object

categorized

Galaxy Zoo Classify galaxies

from digital images

EyeWire Map neurons in

the eye of

Drosophila

Old Weather Transcribe

weather records

from ships’ logs

Collect physical

objects, CPO

Sample obtained and

submitted, collection

process documented

Florida LakeWatch Collect water

samples for

analysis

School of Ants Collect ants

around schools

that are submitted

for identification

The Bighorn Basin

Dinosaur Project

Find and collect

dinosaur fossils

Collect digital

objects, CDO

Digital object

obtained and

submitted, collection

process documented

Juneau Humpback

Whale Flukes

Collect images of

whale flukes

BatME Collect audio

recordings of bats

with mobile

devices

PicturePost Contribute digital

images of

landscape

Report

observations, RO

Text from instrument

readings, counts,

classifications, and/or

descriptions

Great Sunflower Project Record pollinator

activity in gardens

CoCoRaHS Submit data about

rainfall, hail events,

and snow fall

Feeder Watch Counts bird

species that visit

bird feeders
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physical objects that can be organized in this type of project. The
projects are location-specific, and citizens are usually part of the
local science team. Citizens and scientists work together closely,
and questions about data quality are quickly resolved because
people with appropriate expertise can be easily consulted.

In the fourth type, the digital cousin of the third category,
participants sort and classify digital objects (SCDO). Objects are
in the form of photographs, audio recordings, or videos that were
collected and organized by scientists, and they need to be sorted
and classified. These data can be easily shared electronically
using the internet. This approach has greatly expanded the
opportunity for participation because the activities of the citizens
and scientists no longer need to be tightly coordinated. Indeed,
this category has some of the largest and best-known citizen
science projects in existence such as GalaxyZoo and EyeWire. The
Zooniverse platform that evolved from the GalaxyZoo program
now hosts dozens of projects that require the classification or
interpretation of digital objects collected by scientists.

For SCDO projects, scientists are no longer nearby to review
the data classification. In fact, the scale of the project may
prevent systematic review because the large classification task
that scientists alone were unable to complete is what motivated
the use of the citizen science approach in the first place. The
digital nature of the project allows scientists to engage a much
larger audience and allows multiple people to complete the same
task. Scientists can verify the abilities of participants by asking
them to classify objects that have been previously classified by
experts. If the results from participants disagree, then software
can increase the number of replications to get a statistically
confident classification, define the object as unclassifiable, or flag
the results for review by experts. Hybrid models have arisen in
recent years because of the rapid advances in the success of deep
learning algorithms.

In the fifth type, citizens help scientists find and collect
physical objects (CPO) at temporal and spatial scales that
cannot be achieved through other methods. The objects are
typically submitted to a science team for further analysis and
archiving. Data quality issues may arise regarding sampling
location and time or the collection and processing procedures.
Scientists can address data quality issues by making citizens
provide information about the collecting event or submit
duplicate samples.

The sixth category is the digital equivalent of the fifth category.
Citizens collect digital objects (CDO) instead of physical objects.
Mobile smartphones, with their internal clocks and GPS units,
make it easier to record the time and location for all digital objects
collected. The digital record of what the observer sawmay bolster
data quality. The advantage of this category is that electronic
samples can be easily shared, thereby allowing multiple people
to classify and review the same observation. Thus, the statistical
approaches for data quality used in other types that use digital
objects, such as category four, can also be applied to this category.

In the seventh and last category of contribution, citizens
report observations (RO), including quantitative measurements,
counts, categorical determinations, text descriptions, and
metadata. The skill of the participants directly affects data quality
because more sophisticated tasks and judgments are required.

Because these observations are typically numeric or text data, it
is easier to store and collect them than it would be for physical
or multimedia objects. The inexpensive recording of these
observations via the web makes these projects easy to start and
support over the long term.

Data Type and Data Quality Strategies
The different categories of data contribution to CS (Table 1) are
subject to different types of data quality issues (Table 2). When
carrying an instrument package or creating new algorithms (CIP,
IMA), data quality controls and procedures would be very similar
to or the same as in scientific study without citizens. When
sorting, characterizing, and categorizing objects (SCPO, SCDO),
the objects have already been collected using standard scientific
protocols, so their origin and provenance is not in question. If the
citizens are working on physical items (SCPO), they are usually
working with teams of scientists so when questions arise with a
particular item, they can be referred to more experienced team
member. Classification of digital objects (SCDO) collected and
managed by scientists offers the great advantage that they can
be scored by more than one person, which means that statistical
techniques can be used to assess data quality and find outliers.
The Galaxy Zoo/Zooniverse team has offered several approaches
to check data quality (Lintott et al., 2008; Willett et al., 2013).

The collection of specimens for scientific analysis (CPO)
seems that it could be very easy if one can accurately record
the time, place, and method of collection. In some instances,
this can be challenging (Chapman, 2005), and it can be more
challenging if the specimens need to be processed in the field. A
noted case with a long history of such challenges is the collection
of water samples. Here duplicate samples are sometimes used to
help ensure data quality, and the US Environmental Protection
Agency developed the Quality Assurance Project Plan (QAPP)
approach to help bring standard procedures to the process.When
people collect digital samples (CDO) (photographs, videos,
sound recordings, etc.), there seem to be fewer concerns because
collecting digital objects has become so much easier with the
growth of smartphones. Today’s smartphones commonly time-
and-place stamp digital objects automatically with high degrees
of accuracy and precision. Time and location, outside of the
object itself and the collector, are the most valuable pieces
of metadata.

The last instrument type (RO) includes the input of data and
metadata by humans and is, therefore, the most prone to data
quality issues. Because of the large number and varied protocols
and requirements of these projects, it is more difficult to make
specific comments about data quality. However, using cell phones
when recording data is having a large impact because it allows
people to record data as they observe using forms based on pick
lists that significantly reduce data input errors. Data can then be
shared almost immediately because it can be uploaded directly
from the cell phone, reducing chances that data will not be shared
or that errors will creep in before data is shared.

The Galaxy Zoo project stands out in its ability to measure
observer errors and bias (Table 2). The high-quality analyses by
the Galaxy Zoo project are possible because they have large data
sets, a small number of objects to classify, a large number of
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TABLE 2 | Characteristics of seven data types related to data quality.

Data category Format of primary

data

Data quality comments Data quality approaches Examples of papers

about data quality

strategies

Concerns about data quality

Carry Instrument

packages (CIP) or

pilot vehicles that

CIPs

Digital files Citizens may determine location of the

instrument and some initial metadata

Calibration before and after

deployment. Locality and quality of

instruments employed can be ranked.

Using time series and other data to

check sensors over time

Bell et al. (2013) Minimal, because the citizen’s

contribution to each observation is

minimal. Sensor placement and

sensor aging are issues

Invent or modify

algorithms, IMA

Calculation result,

Algorithm

The interactive nature of the process

controls data quality. Algorithms are usually

tested in a standard environment

The openness of the process allows

others to see what is happening and

duplicate results

None found Minimal concerns, because the

process is self-correcting. Testing,

sharing and archiving solutions

along the way is important

Sort and classify

physical objects,

SCPO

Tagging and

describing objects

These projects are usually situated in a

collection facility such as a museum or as

part of scientific team making it easy for

citizens and scientists to interact frequently

and for citizens to be incorporated into the

scientific team

Because they work closely with

experts, it is relatively easy for

volunteers to be given tasks that are

appropriate for their skill level and for

any questions about sorting or

classification to be answered by

experts within a short period of time

Obrecht et al. (1998),

Herron et al. (2004)

Minimal, because volunteer’s work

is closely integrated within a

scientific team

Sort and classify

digital objects, SCDO

Groupings, lists or

tags

Citizens are only responsible for

determining what the object is. It is

relatively easy to crowdsource the task

using the internet to a large number of

interested people

Calibrate each citizen with known

objects, classification of real and test

object by multiple citizens, statistical

evaluation of classification by multiple

citizens, expert review, use AI to

narrow the range of possible choices

Lintott et al. (2008),

Hansen et al. (2011),

Fortson et al. (2012),

Swanson et al. (2016),

Willett et al. (2016),

Jiménez et al. (2019),

Walmsley et al. (2020)

High to low, will depends on the

difficult of the classification task, the

experience of the participants and

the number of experienced

participants who view each object

Collect physical

objects, CPO

Physical object or

sample

Some objects such as pottery chards or a

feather are very stable and the

interpretation depends on the

circumstances of discovery. Other objects

such as water or soil samples may also

depend critically on the sampling, storage

and transport methods

Replicate samples, for lab processing

use splits, blanks and standards for

water analysis, expert review

Obrecht et al. (1998),

Williams (2000), EPA

(2002)

High to low, depending on the

documentation of the provenance

of the object, specific

documentation of the sampling,

storage and transport methods and

examination by experts can resolve

questions

Collect digital

objects, CDO

Image, video, or

sound recordings

Recent technological advances, especially

embodied in smart phones, have allowed

citizens to readily capture still images,

video, and sounds and share them via the

internet

Digital objects without accompanying

metadata are almost worthless but

cell phones or simple digital camera

usually record time and place, making

it relatively easy for projects to

automate collection of the most

salient metadata

None found High to low depending on the

contextual data provided; minimal,

when digital objects come with the

time and location of the observation

based on embedded sensors in the

recording instrument

Report observations,

RO

Text The observer provides the description of

the observation and the data that describe

the context of the observation

Pseudo-replication, technical difficult

of the history of individual

contributors, project specific

knowledge, machine review, expert

review

Yu et al. (2010, 2012),

Kelling et al. (2012,

2015a,b)

High to low, will depends on the skill

required for the observation, extent

of training of the observer,

knowledge about the skill of the

observer

Primary data denotes the focus of the project, the what of the study. Participants may often also report the who, when, where, how, and by whom. These supporting data can be essential to the value of the observation.
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classifications per object (>30), reference images to test users,
and expert reference datasets to compare with participant results.
Calibrating projects without repeated measures is more difficult,
but the eBird project is making progress by analyzing individuals
capabilities based on the total number of birds they see and their
cumulative sampling records (Yu et al., 2010, 2012; Kelling et al.,
2012, 2015a,b). Program leaders are aware of these issues and
have practiced improving data quality approaches (Wiggins et al.,
2011), but it is not always clear in papers or on project websites
what steps have been taken or corrections made.

DISCUSSION

Data Types
Wiggins et al. (2011) gave an overview of many approaches
used in citizen science for data quality and validation. However,
the seven types of data contributions defined here indicate a
more refined approach is possible (Table 1). The lens of data
types offers a new dimension to understand DQ and to compare
projects. In the following paragraphs, we offer suggestions about
what this typing can offer to the discussion of data quality and
project design.

Criticism of Data Quality in Citizen Science
As described in the introduction, DQ has been a major concern
in CS programs. Scientists and others naturally question DQ
because of minimal training and a lack of formal accreditation
by citizen participants (Freitag et al., 2016). Our findings of
different data types (Table 1), however, suggest that CS activities
that involve carrying instrument packages or inventing or
modify algorithms will not have data quality issues beyond
what scientists normally encounter. We also believe that projects
that sort and classify physical objects are unlikely to have
significant data quality issues because of the close physical
presence and access to collection managers and experts during
the sorting process. The very nature of a physical collection
requires collection infrastructure in the form ofmuseum facilities
and collection managers to maintain it.

Our analysis suggests that the general criticism about data
quality in CS programs is more of a concern in the four
remaining data types (sort and classify digital objects, collect
physical objects, collect digital objects, and report observations).
For instance, collecting physical objects such as water samples for
water quality programs often requires a special collection process
to prevent contamination and/or special storage procedures to
reduce deterioration of the samples. In the case of reporting
observations, there are a wide range of DQ issues that stem from
the complexity of procedures and human judgment required of
specific programs. Unlike the collection of physical or digital
objects or the classification of digital objects, there is no direct
way to judge the quality of the observation. Onemust use pseudo-
replication techniques or knowledge about the history of an
individual contributor. Scientists and others have leveled general
criticism of the DQ of CS programs, but consideration of these
different types makes it clear that DQ assurance is closely tied to
the type of data being gathered, and thus criticism should bemore
specific now.

It is important to note that the seven data types discussed
above, in themselves, do not constitute an exhaustive list
for information sharing within projects. Project organizations
may use multiple forms of communication, including personal
conversations, telephone calls, websites, email, email servers,
blogs, and chat rooms to guide projects and monitor the
collection of data. These auxiliary information channels may play
a critical role in triangulating on data quality but may not be part
of the formal records of the project or linked to the scientific data.

Single Projects May Use More Than One
Primary Data Type
It is also important to observe that a single project can include
more than one of these basic instrument types. For instance,
OpenStreetMap participants can collect data by using a hand
(RO), a GPS unit, and more advanced instruments (CDO).
They use these data and data from satellites to map additions,
corrections, and annotations onto the OpenStreetMap map
layers (SCDO) (OpenStreetMap Wiki, 2016). COASST has an
extensive protocol to monitor seabirds that includes observation
data (RO) but can also include submitting photographs (CDO)
and dead birds for archiving (CPO) (Parrish et al., 2018b).
eBird was initially designed to collect text reports of people’s
observations (RO) but since 2015 also supports submissions of
digital recordings of sounds, images, and videos (CDO) (Weber,
2019). iNaturalist combines the collection of digital objects
(CDO), and the classification of digital objects (SCDO), with the
possibility to simply report observations (RO) (Saari, 2021).

Data Types Are Not Unique to a Scientific
Discipline
Different projects within a science discipline may use different
types of citizen science data to advance their research. For
instance, BatME has recruited citizens to collect audio recordings
of bat calls (CDO), while Bat Detective uses citizens to classify
bat calls (SCDO). Marshall et al. (2014) give an overview
of the multiple ways that citizens contribute to astronomy,
focusing on the original observations of amateurs (RO) and
the contributions and classification of digital images (CDO &
SCDO). St. Fleur (2016) reported that citizens are working
with scientists to collect meteors (SCPO). One way for citizen
science projects to grow within a scientific discipline would
be to develop projects that contribute classes of data that
have not been applied to that discipline before. For example,
in astronomy, scientists and citizens could work together
to catalog meteors and micrometeorites (CPO), or perhaps
astronomers would include instrument packages to SpaceX
launches (CIP).

Data Types and Implications for Project
Design
What is the implication of these data categories for the design
of citizen science projects? One obvious answer is that data
categories will define the requirements for handling data for a
project. This suggests that a single software platform dedicated
to one instrument type could serve the needs of other projects
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that share the same data type and accelerate the growth of similar
citizen science programs.

The clearest example of reusing project software is for the
classification of digital objects in which the Galaxy Zoo project
has been generalized into the Zooniverse platform. Zooniverse
is designed to be readily customized, and it now supports
the classification of digital objects from many domains. An
example of the lateral transfer of citizen science approaches
is the adoption by the eButterfly platform of the eBird
sampling protocols (Kelling, personal communication). eBird is
an example of a general text collection instrument, but it was
designed specifically for bird biodiversity surveys. It is likely
that the eBird structure could be generalized for biodiversity
surveys of other taxonomies but not other citizen science
tasks. A number of efforts, including Anecdata, ArcCollector,
BioCollect, CitSci.org, Cybertraker, EpiCollect, FieldScope, GIS
Cloud, and OpenDataKit, were built with the goal of allowing
people to customize the software for specific field projects.
These platforms have been used for numerous projects that
collect text and images, but it seems unlikely they would
be a good choice to support other instrument types we
have outlined.

A general strategy for improving data quality in field
collection is to check for errors as early in the process
as possible. Specific strategies include (1) requiring users to
choose from pick lists rather than using free form input fields,
(2) using electronic input via mobile devices (3) checking
input immediately from users to give feedback if values
seem questionable given the context of the situation (4)
taking input such as time and location from sensors when
possible, etc.

Another widely accepted approach for data quality is
provenance tracking. iNaturalist keeps track of the history of
identification for its observations and CoCoRaHS keeps track of
instances in which original observations are updated.

Sorting and classifying and/or finding and archiving physical
objects (SCPO, CPO) requires a sophisticated infrastructure to
manage the objects. Although they may exist, we are not aware
of any examples of citizen science platforms that specialize in
helping citizens find and archive or sort and classify physical
samples most likely because collection management software
tools are common in science and largely domain-specific. Instead,
citizen science programs would be likely to adapt to interface

with established collections software such as Specify (Specify
Collections Consortium, 2020), which is used in natural history
collections. The scale of these projects is currently bound by
citizen proximity to the collection and the space that is needed
for work. Sorting and classifying or finding and archiving digital
objects (SCDO, CDO) are much more scalable than projects
based on physical objects because citizens can be recruited from
a larger pool, and expert involvement is not required to assert
data quality.

CONCLUSION

This review of the literature and program websites identified
seven primary types used in CS programs (Table 1). We
conclude that blanket criticism of the CS data is no longer
appropriate because data types vary widely in their requirements
for DQ needs (Table 2). DQ is not needed in the invention or
modification of algorithms type because DQ is inherent in the
process while plans from a variety of approaches are needed and
being employed.

Ultimately citizen science has been practiced in a societal
context in which there are tradeoffs with DQ (Anhalt-Depies
et al., 2019), but at the moment, we believe that significant
progress can be made with a simple focus on DQ. We conclude
that discussions about the data types in a program and the specific
methods being used for DQ control as dictated or appropriate for
the type will be fruitful. Information scientists, domain scientists
as well as program designers and managers can use the data types
as a lens to compare DQ practices and DQ issues across domains.
The seven primary data-type lenses can reduce doubts about DQ
for funders, participants, and third party data consumers and
help managers be more explicit in communicating their data
management practices.
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