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Ecography Measuring the completeness of survey inventories created by citizen-science initia-
43: 34—43, 2020 tives can identify the strengths and shortfalls in our knowledge of where species occur
doi: 10.1111/ecog.04632 geographically. Here, we use occurrence information from eBird to measure the sur-

vey completeness of the world’s birds in this database at three temporal resolutions
Subject Editor: Joaquin Horral and four spatial resolutions across the annual cycle during the period 2002 to 2018.
Editor-in-Chief: Miguel Aratjo Approximately 84% of the earth’s terrestrial surface contained bird occurrence infor-
ACCCPth 10 September 2019 mation with the greatest concentrations occurring in North America, Europe, India,

Australia and New Zealand. The largest regions with low levels of survey complete-
ness were located in central South America, northern and central Africa, and north-
ern Asia. Across spatial and temporal resolutions, survey completeness in regions with
occurrence information was 55—-74% on average, with the highest values occurring at
coarser temporal and coarser spatial resolutions and during spring migration within
temperate and boreal regions. Across spatial and temporal resolutions, survey com-
pleteness exceeded 90% within ca 4-14% of the earth’s terrestrial surface. Survey com-
pleteness increased globally from 2002 to 2018 across all months of the year at a rate
of ca 3% yr'. The slowest gains occurred in Africa and in montane regions, and the
most rapid gains occurred in India and in tropical forests after 2012. Thus, occurrence
information from a global citizen-science program for a charismatic and well-studied
taxon was geographically broad but contained heterogeneous patterns of survey com-
pleteness that were strongly influenced by temporal and especially spatial resolution.
Our results identify regions where the application of additional effort would address
current knowledge shortfalls, and regions where the maintenance of existing effort
would benefit long-term monitoring efforts. Our findings highlight the potential of
citizen science initiatives to further our knowledge of where species occur across space
and time, information whose applications under global change will likely increase.
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Introduction

There are many shortfalls in our knowledge of the world’s biodiversity, and one of
the most basic is the Wallacean shortfall or the lack of knowledge on where species
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occur geographically (Lomolino 2004, Whittaker et al. 2005,
Hortal et al. 2015, Proenca et al. 2017). This deficiency
has broad ramifications for research and conservation, and
addressing this knowledge gap remains a significant chal-
lenge for many taxa (Whittaker et al. 2005, Boakes et al.
2010, Meyer et al. 2015). The development of citizen sci-
ence programs that outsource the collection and classi-
fication of biological and ecological data (Bonney et al.
2009, Dickinson et al. 2010, Kullenberg and Kasperowski
2016) has the potential to reduce this shortfall (Troia and
McManamay 2016, Chandler et al. 2017). A good example
is the eBird citizen science database, an online interface where
volunteers enter bird observations from any location during
any time of year (Sullivan et al. 2014). The information com-
piled by eBird has allowed investigators to explore a broad
range of questions in avian ecology, evolution and conserva-
tion (Sullivan et al. 2014, La Sorte et al. 2018), including
estimating bird species distributions (Fink et al. 2010, 2014).
The unique full annual cycle perspective provided by eBird
has particular relevance for migratory species whose sea-
sonal movements and environmental associations are often
poorly documented (Newton 2003). An important first step
in determining the ability of eBird to address the Wallacean
shortfall is to quantify the completeness of the occurrence
information in eBird across regions, seasons and years.

Measuring survey completeness determines the ability of
survey inventories to capture the full assemblage of species
that are expected to occur at a given location during a given
time (Colwell and Coddington 1994). When applied to eBird
occurrence information, calculating survey completeness can
determine where and when this information is the most com-
prehensive and the most deficient (Jacobs and Zipf 2017),
and how these patterns have changed over time across regions
and seasons. Here, we estimate the survey completeness of
eBird occurrence information globally at three temporal reso-
lutions (day, week and month) and four spatial resolutions
during the period 2002 to 2018. We expect survey com-
pleteness to be highest within regions that contain large and
dedicated bird watching communities, primarily in North
America and Europe and we expect survey completeness to
be highest during migration when bird watching activities
tend to be more intensive (Sullivan et al. 2014). In addition,
at a fixed spatial resolution, we expect survey completeness
to increase at coarser temporal resolutions through the influ-
ence of the species—time relationship, which describes the
accumulation of new species at increasing time spans (Adler
and Lauenroth 2003, Adler et al. 2005). At a fixed temporal
resolution, we also expect survey completeness to increase at
coarser spatial resolutions through the influence of the spe-
cies—area relationship (Lomolino 2000, Soberdn et al. 2007,
Lobo et al. 2018). By testing these predictions, our aim is to
inform research and conservation efforts by determining how
survey completeness for a global citizen-science initiative is
defined across regions, seasons and years.

Material and methods

The eBird citizen-science program, initiated in 2002, contains
bird obervations in checklist format where species detected
by sight or sound are recorded by one or more observers dur-
ing a sampling event (Sullivan et al. 2014). eBird represents a
semi-structured big data resource (La Sorte et al. 2018) where
volunteer observers select from a number of predefined sam-
pling protocols and where sampling effort is determined by
the observer. To date (March 2019), eBird contains roughly
44.3 million hours of sampling effort. We compiled bird
occurrence information from all available eBird checklists
globally during the period 2002 to 2018. The data was que-
ried on 11 January 2019 and included all sampling protocols,
all levels of sampling effort, and either designation (yes/no)
for the field ‘all observations reported’. We only considered
observations that were identified as valid in the database,
and we combined observations in grouped checklists into
single checklists. A total of 33 651 642 checklists were avail-
able for analysis containing 10 387 unique species (Fig. 1a;
Supplementary material Appendix 1 Fig. A1). For our analy-
sis, we aggregated eBird checklists within equal-area hexagon
cells at four spatial resolutions (49 811; 199 244; 796 977;
and 3 187 910km?) of a global hexagon coverage generated
using an icosahedral discrete global grid system based on a
Fuller icosahedral projection using an aperture 4 hexagon
partition method (Sahr et al. 2003, Sahr 2011). All analy-
ses were conducted within the terrestrial regions of the earth,
excluding marine environments and Antarctica.

We estimated survey completeness across checklists within
hexagon cells using the approach described by Lobo et al.
(2018). We implemented the analysis for hexagons at the
finest spatial resolution (49 811km?) at three temporal res-
olutions (day, week and month), and we implemented the
analysis for hexagons at the three coarser spatial resolutions
at a daily temporal resolution. To examine patterns of survey
completeness during the combined period 2002 to 2018, we
formatted all occurrence information into species-by-location
matrices for each combination of temporal and spatial reso-
lution where each checklist was treated as an independent
survey. To examine annual trends in survey completeness,
we formatted the occurrence information by month for each
individual year at the finest spatial resolution. We estimated
survey completeness using the ‘exact’ species accumulation
curve estimator (Ugland et al. 2003). This approach models
the smooth relationship between the number of species and
sampling effort (number of checklists). We removed poorly
sampled hexagon cells from our analysis whose survey com-
pleteness estimates are likely to be of poor quality based on
two criteria: the hexagon cell contained less than 10 check-
lists, and the ratio between the number of occurrence records
and the number of observed species was > 1.5. We selected
these criteria based on their ability to identify extreme outliers
in our analysis (Supplementary material Appendix 1 Fig. A2).
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Figure 1. (a) The number of checklists in the eBird citizen-science database and (b) annual observed species richness based on occurrence
information from the eBird citizen-science database compiled within equal-area hexagon cells (49 811km?) during the combined period

2002 to 2018.

We examined how survey completeness was defined across
days, weeks and months during the combined period 2002
to 2018 at the finest spatial resolution using generalized addi-
tive mixed models (GAMM) (Wood 2017). We used a cyclic
penalized cubic regression spline to join smoothly the first
day, week, or month of the year with the last day, week, or
month of the year. We included the intercept for each hexa-
gon cell as a random effect. To provide a spatial context for
interpretation, we applied GAMM using two biogeographi-
cal classifications: realms and biomes. We classified each
hexagon cell within fourteen biomes (Table 1) and six bio-
geographical realms: Afrotropics, Australasia, IndoMalaya,
Nearctic, Neotropics and Palearctic (Pielou 1979, Olson
and Dinerstein 2002). At the three temporal resolutions,
hexagon cells were included in the analysis if they contained
estimates of survey completeness for at least 100 days, ten
weeks, or four months. We also examined how survey com-
pleteness changed across years by month, realm and biome
using GAMM with the intercept for hexagon cell included as
a random effect. Hexagon cells were included in this analysis
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if they contained estimates of survey completeness for at least
six years. Survey completeness was averaged across months
before the GAMM was applied by realm and biome.

We determined how sampling effort affected spatial and
temporal patterns of survey completeness using the follow-
ing approach. We estimated the duration of sampling effort
(hours) required to achieve at least 5% survey completeness
for each month at the finest spatial resolution. We chose this
sampling threshold and temporal resolution to allow for a
more comprehensive geographic assessment. We first com-
piled eBird checklists by month and hexagon cell where the
sampling effort was less than or equal to four hours. We
selected the four hour threshold because species accumula-
tion curves based on eBird occurrence information within
individual checklists tend to reach an asymptote before the
four hour mark (Kelling et al. 2015). We estimated species
accumulation over time for each month and hexagon cell
across checklists using generalized additive models (GAM)
(Wood 2011) with the error distribution modeled as Poisson.
We used the GAM fits to estimate the duration needed to
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Table 1. The fourteen biomes considered in the analysis and the percent of global terrestrial surface area contained in each biome.

ID Biome Area (%)
TSMBF Tropical and subtropical moist broadleaf forests 13.4
TSDBF Tropical and subtropical dry broadleaf forests 2.6
TSCF Tropical and subtropical coniferous forests 0.4
TBMF Temperate broadleaf and mixed forests 8.7
TCF Temperate conifer forests 2.0
BF/T Boreal forests/taiga 10.9
TSGSS Tropical and subtropical grasslands, savannas and shrublands 13.2
TGSS Temperate grasslands, savannas and shrublands 6.5
FGS Flooded grasslands and savannas 0.7
MGS Montane grasslands and shrublands 3.5
T Tundra 7.7
MFWS Mediterranean forests, woodlands and scrub 2.2
DXS Deserts and xeric shrublands 18.9

achieve 5% of expected species richness from the survey com-
pleteness analysis for each month and hexagon cell.

All analyses were conducted in Rver. 3.5.1 (R Development
Core Team). The global hexagon coverages were generated
using the dggridR library (Barns 2018). The survey com-
pleteness analysis was conducted using the KnowBPolygon
function in the KnowBR library (Lobo et al. 2018), GAM
was implemented using the mgev library (Wood 2017), and
GAMM was implemented using the gamm4 library (Wood
and Scheipl 2017).

Data deposition

Data available from the Dryad Digital Repository: <https://
doi.org/10.5061/dryad.h9wOvt4d6> (La Sorte and Somveille
2019).

Results

Approximately 84% of the earth’s terrestrial surface contains
bird occurrence information, with the greatest concentra-
tions occurring in North America, Europe, India, Australia
and New Zealand (Fig. 1a). The remainder of the earth’s ter-
restrial surface contained no occurrence information, with
the largest gaps occurring in central South America, central
and northern Africa, and northern Asia (Fig. 1a). Observed
species richness was greatest within tropical regions of the
globe and declined towards the poles (Fig. 1b). Seasonal
variation in observed species richness was strongest within
temperate regions, primarily in the Northern Hemisphere
(Supplementary material Appendix 1 Fig. A3).

Sufficient quantities of occurrence information for estimat-
ing survey completeness at the finest spatial resolution were
available for ca 62% of the earth’s terrestrial surface. When
summarized by day at the finest spatial resolution, survey
completeness was 55% on average with ca 4% of the earth’s
terrestrial surface containing survey completeness exceeding
90% on average (Fig. 2a). When summarized by week, survey
completeness was 64% on average with ca 14% of the earth’s
terrestrial surface containing survey completeness exceeding

90% on average (Fig. 2c). When summarized by month,
survey completeness was 72% on average with ca 14% of
the earth’s terrestrial surface containing survey completeness
exceeding 90% on average (Fig. 2¢). The primary seasonal
pattern was a northward expansion of higher survey com-
pleteness within the Northern Hemisphere during the late
boreal spring and early boreal summer (Supplementary mate-
rial Appendix 1 Fig. A4).

Across temporal resolutions, survey completeness reached
its highest levels within North America, western Europe,
southern India, eastern Australia and New Zealand (Fig. 2a,
¢, e). At coarser temporal resolutions, survey completeness
generally strengthened and expanded outside these regions,
defining patterns that were globally more homogenous
(Fig. 2a, ¢, e). Intra-annual variation in survey complete-
ness generally declined in strength at coarser temporal
resolutions, and was lowest within North America, western
Europe, southern India, eastern Australia and New Zealand
(Fig. 2b, d, f).

Survey completeness presented contrasting geographic
patterns when summarized by day at the three coarser spa-
tial resolution (Fig. 3). At the first spatial resolution (199
244 km?), sufficient quantities of occurrence information for
estimating survey completeness were available for ca 69% of
the earth’s terrestrial surface (Fig. 3a). Survey completeness
was 58% on average with ca 5% of the earth’s terrestrial sur-
face containing survey completeness exceeding 90% on aver-
age (Fig. 3a). At the second spatial resolution (796 977 km?),
sufficient quantities of occurrence information for estimating
survey completeness were available for ca 79% of the carth’s
terrestrial surface (Fig. 3¢). Survey completeness was 61% on
average with ca 8% of the earth’s terrestrial surface containing
survey completeness exceeding 90% on average (Fig. 3c). At
the third spatial resolution (3 187 910km?), sufficient quan-
tities of occurrence information for estimating survey com-
pleteness were available for ca 80% of the earth’s terrestrial
surface (Fig. 3e). Survey completeness was 68% on average
with ca 13% of the earth’s terrestrial surface containing sur-
vey completeness exceeding 90% on average (Fig. 3e).

At coarser spatial resolutions, broader geographic
regions contained higher levels of survey completeness
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Figure 2. Survey completeness calculated and then averaged across (a) days, (c) weeks and (e) months. The standard deviation of survey
completeness calculated across (b) days, (d) weeks and (f) months. Survey completeness was calculated using occurrence information from
the eBird citizen-science database compiled within equal-area hexagon cells (49 811km?) during the combined period 2002 to 2018.

Completeness

Completeness (SD)

Figure 3. Survey completeness calculated and then averaged across days at three spatial resolutions (left column) and the standard deviation
of survey completeness calculated across days at three spatial resolutions (right column). The three spatial resolutions include 199 244 km?
(top row), 796 977 km? (middle row) and 3 187 910km? (bottom row). Survey completeness was calculated using occurrence information
from the eBird citizen-science database compiled within equal-area hexagon cells during the combined period 2002 to 2018.
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(Fig. 2a, 3a, ¢, ¢). Patterns documented at the finest spatial
resolution (Fig. 2a) expanded to encompass broad portions
of North America, Europe, South Asia, Australia and New
Zealand (Fig. 2a, 3a, ¢, ¢). The most substantial increases
occurred in South America and South Africa (Fig. 2a, 3a, ¢,
e). Intra-annual variation in survey completeness responded
in a similar fashion, with the lowest values expanding to
encompass broad portions of North and South America,
Europe, south Asia, Australia and New Zealand, with the
highest values occurring in South Africa (Fig. 2b, 3b, d, f).
When summarized by biogeographical realm, survey com-
pleteness reached its highest level on average by day (Fig. 4a),
week (Fig. 4b), and month (Fig. 4¢) in the Nearctic with the
remaining realms presenting lower but similar levels of sur-
vey completeness. Survey completeness across all six realms
tended to increase on average at coarser temporal resolu-
tions (Fig. 4a—c). Differences among the six realms tended
to decline at coarser temporal resolutions with the excep-
tion of the Afrotropics (Fig. 4a—c). When examined season-
ally, survey completeness reached its highest levels across

temporal resolutions in the Northern Hemisphere (Nearctic
and Palearctic) during the late boreal spring and early boreal
summer (Fig. 4a—c). Seasonal patterns were less variable
with the four Southern Hemisphere realms; the highest
levels occurred during the austral spring in Australasia and
Afrotropics, and the highest levels occurred during the austral
summer in Indomalaya and Neotropics (Fig. 4a—c).

When summarized by biome, survey completeness reached
its highest levels on average by day (Fig. 4d), week (Fig. 4e),
and month (Fig. 4f) in the three temperate biomes (TCE
TGSS and TBMF; Table 1). Survey completeness across all
fourteen biomes tended to increase on average at coarser tem-
poral resolutions, and differences among the fourteen biomes
tended to decline at coarser temporal resolutions (Fig. 4d—f).
When examined seasonally, survey completeness reached its
highest levels during the late boreal spring and early boreal
summer, with the strongest transition occurring at a daily
temporal resolution within the three temperate biomes (TCE
TGSS and TBMF) and two Arctic biomes (BF/T and T; Table
1; Fig. 4d). These seasonal patterns remained strongest for the
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Figure 4. Survey completeness calculated by (a) day, (b) week and (c) month summarized across six biogeographical realms, and survey
completeness calculated by (d) day, (¢) week and (f) month summarized across fourteen biomes (Table 1). Survey completeness is based on
occurrence information from the eBird citizen-science database compiled within equal-area hexagon cells (49 811km?) during the com-
bined period 2002 to 2018. The fitted lines and 95% confidence bands are from generalized additive mixed models using a cyclic penalized
cubic regression spline with the intercept for hexagon cell included as a random effect. Several biomes lacked sufficient data for model

convergence: (d) FGS and MGS, and (d-f) M.
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mation from the eBird citizen-science database compiled within
equal-area hexagon cells (49 811km?). The fitted lines and 95%
confidence bands are from generalized additive mixed models with
the intercept for hexagon cell included as a random effect. Two
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convergence.
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two Arctic biomes (BF/T and T) at coarser temporal resolu-
tions (Table 1; Fig. 4d—f). Three biomes (FGS, MGS and M)
lacked sufficient data for model convergence at a daily tem-
poral resolution, and one biome (M) lacked sufficient data
for model convergence at a weekly and monthly temporal
resolutions (Table 1; Fig. 4d-f).

When examined across years, survey completeness
increased from 2002 to 2018 in a similar linear fashion for
each month of the year (Fig. 5a). These trends generated an
average increase of ca 51% in survey completeness for each
month from 2002 to 2018 (average annual rate ca 3%).
Survey completeness increased in a more variable fashion
from 2002 to 2018 when examined by biogeographical realm
(Fig. 5b). The Nearctic had the largest overall levels of survey
completeness on average, starting at ca 62 in 2002 and end-
ing at ca 82 in 2018 (Fig. 5b). Survey completeness for all
the remaining realms started on average between ca 45 and
50 in 2002 and ended at ca 65, except for the Afrotropics
which ended below 60 (Fig. 5b). The slowest gains occurred
in Africa and the most rapid gains occurred in India after
2012 (Fig. 5b). Survey completeness increased from 2002 to
2018 in a more variable fashion when examined by biome
(Table 1; Fig. 5¢). The strongest gains occurred with the three
temperate biomes (TBMEF, TCF and TGSS; Table 1; Fig. 5¢).
Five biomes showed weak overall gains (BF/T, TSGSS, MGS,
T and DXS), three tropical forest biomes (TSMBE TSDBF
and TSCF) and the Mediterranean biome (MFWS) showed
strong gains after 2012, and two biomes (FGS and M) lacked
sufficient data for model convergence (Table 1; Fig. 5c¢).

The duration of sampling effort required to achieve 5%
survey completeness across checklists based on expected spe-
cies richness (Supplementary material Appendix 1 Fig. A5)
was greatest on average within tropical regions and lowest
within temperate regions (Fig. 6a). Seasonal variation in the
duration of sampling effort required to achieve 5% survey
completeness was lowest within North America, western
Europe, southern India, eastern Australia and New Zealand
(Fig. 6b; Supplementary material Appendix 1 Fig. A6).

Discussion

Our global assessment of the completeness of eBird occur-
rence information identified the presence of strong geo-
graphic, seasonal and yearly patterns. As expected, occurrence
information was concentrated in regions of North America
and Europe where birdwatching activities are currently the
most intensive (Sullivan et al. 2014). Secondary concentra-
tions occurred in southern India, eastern Australia and New
Zealand. These regions in combination contain the major-
ity of world’s citizen science initiatives, where crowdsourcing
has been successfully used to collect biological and ecologi-
cal data for birds and other taxa (Chandler et al. 2017). The
highest levels of survey completeness occurred in these same
regions, with North America having the highest overall lev-
els. As expected, survey completeness was higher during
spring migration within temperate and boreal regions of
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Figure 6. (a) The duration of survey effort (hours) needed to achieve 5% survey completeness averaged across months, and (b) the standard
deviation across months of the duration of survey effort needed to achieve 5% survey completeness. Survey completeness was calculated
using occurrence information from the eBird citizen-science database compiled monthly within equal-area hexagon cells (49 811 km?) dur-

ing the combined period 2002 to 2018.

North America and Europe when birdwatching activities
tend to be more intensive. Large regions in South America,
Africa, and northern Asia contained no occurrence informa-
tion or low levels of survey completeness. These same regions
have been identified as containing significant gaps in occur-
rence information for other taxa (Meyer et al. 2015). Survey
completeness increased from 2002 to 2018 in a consistent
fashion across seasons, with the strongest gains occurring in
India and tropical forests after 2012 and the weakest gains
occurring in Africa and montane regions. The quantity of
sampling effort required to achieve a minimum level of sur-
vey completeness was greatest in tropical regions of the globe
where species richness tends to be highest, and seasonal varia-
tion in this effort tended to be the lowest in the regions listed
above that have the highest levels of survey completeness.
Our analysis provided the first consideration of the effect
of temporal resolution on survey completeness. In agreement
with the species—time relationship (Adler and Lauenroth 2003,

Adler et al. 2005), our findings indicate that, at a fixed spatial
resolution, coarser temporal resolutions contained more com-
plete bird occurrence information, and this was the case for
all regions of the globe. Thus, the accumulation of occurrence
information through the coarsening of temporal resolutions
increased survey completeness. Within species-rich tropi-
cal regions of the globe, this increase is likely related to the
addition of occurrence information on rare species, which are
more prevalent in these regions (Jenkins et al. 2013). Within
species-poor temperate regions of the globe, this increase is
likely related to the addition of occurrences information on
transient species that are observed during migration and occur
in greater proportions in these regions (Somveille et al. 2013).
When examined within the context of sampling effort, addi-
tional effort was required in tropical regions to match the level
of survey completeness obtained in temperate regions, a likely
outcome of the greater number of species in the tropics and
the greater prevalence of rare species (Jenkins et al. 2013).
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Following our expectations, survey completeness
increased at coarser spatial resolutions (Soberén et al. 2007,
Lobo et al. 2018). This outcome resulted in survey complete-
ness increasing across broad geographic regions, in some cases
encompassed regions that lacked occurrence information or
contained low levels of survey completeness. For example,
coarser spatial resolution increased survey completeness
across the full extent of the South American continent. Thus,
if the available checklists offer a good representation of the
environmental and compositional heterogeneity within a
region (Lobo et al. 2018), coarsening the spatial resolution
has the potential to generate more complete estimates of spe-
cies composition in poorly sampled regions of the globe.

A primary application of occurrence information is with
species distribution models (SDMs) where it is used to
extract environmental associations across a species” distribu-
tion (Elith and Leathwick 2009). The quality of the occur-
rence information directly determines SDM performance
(Fei and Yu 2016), and measuring survey completeness helps
identify where SDMs are likely to be more or less reliable
(Hortal et al. 2008, 2015). When using presence-only SDMs
(Tsoar et al. 2007), estimates of species’ distributions are
likely to be more reliable in well surveyed regions and seasons
where presence information is geographically comprehen-
sive and the form and extent of a species’ ecological niche is
well represented within the environmental space (Fei and Yu
2016). Not considering survey completeness in these models
could introduce spatial biases due to spatial variation in data
quality and quantity. With the addition of absence informa-
tion, outside of well surveyed regions and seasons, SDMs may
generate less reliable estimates (Lahoz-Monfort et al. 2013,
Guélat and Kéry 2018) or misleading measures of model per-
formance (Lobo et al. 2010, Leroy et al. 2018) due to the
greater likelihood of false absences. One approach to accom-
modate survey completeness in SDMs is to include covari-
ates that capture aspects of the observation process, such as
effort and detectability (Johnston et al. 2019, Kelling et al.
2019). If information on the observation process is sparse,
survey completeness could act as a proxy in SDM:s for total
sampling effort.

When examining eBird occurrence information globally,
our findings indicate that, within a fixed temporal window,
the information is geographically broad but the number and
size of well-surveyed regions is limited. However, we found
that the extent of well-surveyed regions can increase substan-
tially at coarser spatial resolutions. To enhance the potential
of citizen science initiatives to fill shortfalls in our knowledge
of the world’s biodiversity and advance research and conser-
vation, additional work is needed to expand survey effort
within the poorly sampled regions of the globe (Pocock et al.
2018). Our findings show that some initiatives are realizing
this potential through consistent gains in survey complete-
ness across large geographic regions. To promote the use of
citizen science data for long-term biodiversity monitoring, it
is necessary to maintain high levels of survey effort in well-
sampled regions (Pocock et al. 2018). This is particularly rel-
evant when assessing the implications of global change for
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natural systems where information on where species occur
can play a critical role (Chandler et al. 2017, Schmeller et al.
2017, Pocock et al. 2018). When considering species whose
distributions are seasonally dynamic, such as migratory birds
(La Sorte et al. 2017), the information generated by year-
round citizen science programs are particularly valuable
(Adahl et al. 2006, Marra et al. 2015). Therefore, citizen sci-
ence initiatives provide unique opportunities to advance bio-
logical knowledge across space and time. As the information
compiled by these initiatives continues to expand in breadth
and depth, its value for research and conservation is likely
to improve.
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