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Quantifying the abundance of species is essential to ecology, evolu-
tion, and conservation. The distribution of species abundances is
fundamental to numerous longstanding questions in ecology, yet the
empirical pattern at the global scale remains unresolved, with a few
species’ abundance well known but most poorly characterized. In
large part because of heterogeneous data, few methods exist that
can scale up to all species across the globe. Here, we integrate data
from a suite of well-studied species with a global dataset of bird
occurrences throughout the world—for 9,700 species (~92% of all
extant species}—and use missing data theory to estimate species-
specific abundances with associated uncertainty. We find strong ev-
idence that the distribution of species abundances is log left skewed:
there are many rare species and comparatively few common species.
By aggregating the species-level estimates, we find that there are
~50 billion individual birds in the world at present. The global-scale
abundance estimates that we provide will allow for a line of inquiry
into the structure of abundance across biogeographic realms and
feeding guilds as well as the consequences of life history (e.g., body
size, range size) on population dynamics. Importantly, our method is
repeatable and scalable: as data quantity and quality increase, our
accuracy in tracking temporal changes in global biodiversity will
increase. Moreover, we provide the methodological blueprint for
quantifying species-specific abundance, along with uncertainty,
for any organism in the world.
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bundance (i.e., the number of individuals of a species) is a

fundamental component of ecology, evolutionary biology,
and conservation (1-13). For example, knowledge of abundance
provides insights into the evolutionary mechanisms underlying
intra- and interspecific population dynamics (14), the structure
of communities and metacommunities across space and time
(15), and the relative commonness and rarity of species within a
community necessary for conservation prioritization (16, 17).
Abundance of a species is structured by many ecological pro-
cesses, and there is debate about which are the key processes in a
simple but sufficient ecological model (8). An improved esti-
mation of species abundance distributions (SADs) has been and
will continue to be the most important empirical piece of evi-
dence in this debate (18-21). Yet, despite the importance of
SADs in ecology, evolution, and conservation, small spatial scale
data has been all that exists to inform our empirical under-
standing of SADs (22-24), thus limiting the generality of our
understanding of abundance. Recently, Enquist et al. (12) proposed
that SADs should be extended to the global scale (i.c., global SAD;
hereafter gSAD) to elucidate the general patterns of abundance
beyond the idiosyncrasies of small spatial-scale studies. Such global-
scale abundance data will improve our understanding of the fol-
lowing: fundamental macroecology questions such as the structure
of abundance across biogeographic realms or across feeding guilds
(3, 25); important biogeography questions such as the relationship
between range size and abundance (26, 27); important evolutionary
questions such as the relationship between body size and pop-
ulation abundance (4, 5, 28, 29); and many other emerging ques-
tions in eco-evolutionary dynamics (30, 31). Therefore, to address
this knowledge gap, we derived a repeatable and scalable meth-
odology, relying on data integration, to provide species-specific
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global abundance estimates for nearly all the world’s bird species
(92%) and consequently a gSAD focused on absolute abundances.

Global-scale data sources of abundance are heterogeneous,
often with few species’ global abundances estimated. Creating a
systematic global data collection effort to estimate abundance
for a given taxa (e.g., through distance sampling) is logistically
prohibitive (32). Additionally, the few studies which model
abundance at regional or continental scales (12, 33) are generally
limited in taxonomic coverage (i.e., failing to fully sample all
potential species in the regional or continental pool of species).
One of the most successful approaches to providing data at
broad spatial (e.g., global) scales is data integration, in which
small sets of high-quality data are used to inform much larger but
less precise data (34). This general approach has progressed the
entire field of remote sensing, in which, for example, high-quality
on-the-ground data informs remote spectral measurements (35).
We apply this same general data integration framework to solve
previous shortcomings of abundance estimation by integrating
expert-derived population estimates of bird abundance with
global citizen science data (36). This approach allows us to es-
timate species-specific abundance for 9,700 species of bird—
about 92% of all extant bird species. First, we modeled the re-
lationship between relative abundance (i.e., average abundance
per effort) from eBird citizen science data and density (i.e., total
individuals per unit area) from a suite of expert-derived pop-
ulation estimates for 724 bird species. We then collated eco-
logical and life history traits (i.e., body size, color, threat status,
and flock size) that are likely related to the detectability of a
species for the majority of the 9,700 species in our dataset and
used the densities for the training species to perform multiple
imputation— predicting each species’ density while accounting
for both uncertainty and imputation error (Fig. 1 and Methods).
Based on a weighted density, accounting for geographic sampling
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biases, and the global area a species encompasses, each species
in our analysis received a simulated distribution of possible
abundances to account for uncertainty in our modeling process
(Fig. 1). These species-specific abundance distributions (Fig. 1E)
can then be statistically aggregated to calculate the number of
individual birds at any taxonomic (e.g., species, genus, family, or-
der, and class) or ecological (e.g., biogeographic realms, feeding
guilds) grouping.

We calculate that there are likely to be ~50 billion individual
birds in the world at present: about six birds for every human on
the planet. This represents the midpoint of our estimates
(i.e., the median), albeit with considerable uncertainty (Fig. 2).
Compared with the median estimate, the mean estimate of the

aggregated distribution for all birds in the world was ~428 billion
individual birds (Fig. 2). While we provide an estimate with a
wide highest-density interval, our estimate corresponds well with
a previous estimate of the number of individual birds in the
world by Gaston and Blackburn (37), who estimated that there
were between 200 and 400 billion individual birds in the world.
Notably, Gaston and Blackburn (37) did not estimate species
separately but rather extrapolated from small-scale density esti-
mates in which all bird species were considered equal. We,
however, provide data for nearly all the world’s bird species.
We constructed a gSAD by treating the median of the species-
specific simulated abundance distributions as that species’ global
population estimate (Fig. 2). The global abundance estimates for
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Fig. 1. A methodological overview of our statistical approach to estimate species-specific abundances. (A) First, we modeled the relationship between

relative abundance in eBird and the “true” density of a species in a given region. (B) We then collated data throughout the world, calculating relative
abundance of each species in 5° grid cells. (C) We collated life history traits which were likely to influence the relationship between a species’ density and
relative abundance. (D) We performed multiple imputation to impute density for missing species in each 5° grid cell throughout the world. (E) We calculated

a weighted density for each species in which predicted density in every grid cell

was weighted by the number of checklists in those corresponding grid cells.

This helped to incorporate the heterogeneous distribution of densities throughout the world. We then adjusted these density estimates using a species’ range
map to simulate an abundance distribution which incorporated measurement error and uncertainty.
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Fig. 2. (A) The gSAD, calculated using the median of each species’ simulated abundance distribution and adding a constant 1 for those species predicted to
have 0 abundance. (B) Examples of species’ simulated abundance distributions. Species shown from top to bottom are: Ring-billed Gull; Green Heron;
Northern Wheatear; Ashy Prinia; Osprey; Acorn Woodpecker; Yellow-tailed Black-Cockatoo; and Midget Flowerpecker. (C) The total distribution of the
number of individual birds in the world, calculated by summing all species-specific abundance distributions for 9,700 bird species (e.g., those from B). The
average of all 9,700 global population estimates was 5.2 million, whereas the median was 450,000.

the 9,700 species considered in our analysis clearly show a log
left-skewed distribution (Fig. 24). The skewness of this gSAD
was —0.972 (95% CI: —1.028, —0.914). We show that there are
very few abundant species and many rare species at the global
scale (7, 8, 24, 38, 39). While we acknowledge that we did not
encompass every extant species in our analysis, there are three
main instances leading to a species not being included: 1) the
species is exceedingly rare and has not been sampled by eBird; 2)
the species is sampled in a region of the world with very few
eBird sampling events, leading to potentially unreliable relative
abundance measures (Methods); and 3) the species is sampled by
eBird but marked as “sensitive,” meaning these data are not
publicly available. In all three instances, the species excluded
from our analysis are directly (i.e., not sampled) or indirectly
(i.e., marked as sensitive due to, for example, threats from the
bird trade) rare in nature. Therefore, we highlight that our gSAD
may be conservative, and the remaining ~8% of unsampled
species here probably fall along the tail of the gSAD repre-
senting rare species.

Many species in our analysis have population estimates that
are very small: 1,180 species (12%) have population estimates
of <5,000 individual birds; about 200 more species than expected
if the gSAD followed a truly log-normal distribution. Conversely,
relatively few species are very abundant. The top 10 most abundant
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birds in the world, and their approximate global population es-
timates, are House Sparrow (1.6 billion), European Starling (1.3
billion), Ring-billed Gull (1.2 billion), Barn Swallow (1.1 billion),
Glaucous Gull (949 million), Alder Flycatcher (896 million),
Black-legged Kittiwake (815 million), Horned Lark (771 million),
Sooty Tern (711 million), and Savannah Sparrow (599 million). The
estimated abundance and associated uncertainty of all 9,700
species in our analysis can be found in Dataset S1.

While it is clear that there is a predominance of rarity at a
global scale, the mechanisms generating this gSAD—and local
SADs—remain largely unknown. Understanding the heritability,
or nonheritability, of abundance can provide insights into how
abundance distributions are generated. If rarity is heritable at the
species level, then extinction risk would be unequally spread
across the bird phylogeny, with extinction threat highly stratified
across different clades (40). Thus far, the pursuit of this question
at local and regional scales has resulted in inconclusive results:
some have found that abundance and/or rarity is more similar
among closely related species (41-43), whereas others have not
(44-46). However, different study systems can lead to idiosyn-
cratic results (47), potentially an artifact of spatial scale (48).
Whether rarity is phylogenetically conserved at a global scale
remains untested, and this is important because it can provide
insights into the evolutionary mechanisms generating the gSAD
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while quantifying the phylogenetic structure of extinction risk.
We assessed the heritability of abundance at a global level by 1)
testing for phylogenetic signal, which implies species-level heri-
tability (49), and 2) assessing the hierarchical distribution of
rarity (i.e., the generality of the log left—skewness of the gSAD)
by using a taxonomically nested analysis and calculating the skew
of the global abundance distribution at species, genus, family,
and order levels (sensu ref. 50).

Our analysis showed that commonness and rarity at the species
level are spread throughout the tips of the phylogenetic tree,
leading to an overall lack of phylogenetic signal (Blomberg’s K =
0.014 + 0.109 [SE], P = 0.45; considering phylogenetic uncer-
tainty, refer to Methods), albeit with clusters in some clades
(Fig. 34). We found strong evidence that the abundance distri-
bution follows a log left-skewed distribution across taxonomic
levels and that there was a decline in the magnitude of skewness
from species to order (SI Appendix, Fig. S1). To test the ro-
bustness of this pattern, we performed a resampling analysis and
found that the mean values of skewness were (SI Appendix,
Fig. S2): —0.89 (95% CI: —0.88, —0.91) at the species level;
-0.86 (95% CI: —0.87, —0.84) at the genus level; —0.83
(95% CI: —-0.85, —0.82) at the family level; and —0.80
(95% CI: —0.81, —0.79) at the order level (an alternative boot-
strapping approach found similar results to these; SI Appendix,
Fig. S3). This decline in magnitude of the proportion of rarity at
the tips from species to order, combined with the lack of phylo-
genetic signal, suggests an important role for recent speciation in
creating global abundance patterns. Visual clusters of abundant
species are apparent from the phylogeny (Fig. 34), but these
clades also contain rare species (SI Appendix, Fig. S4), which is
consistent with the weakening of the log left-skew pattern at
higher taxonomic levels. Local studies may find that closely re-
lated species are characterized by similar levels of abundance
(41-43, 48), but our results show that this pattern weakens de-
cisively at the global scale. This suggests that abundance cannot
be directly inherited through a speciation event, although traits
that drive abundance (i.e., range size, body size, and habitat
breadth) may persist through the event. Our results show that
direct nonheritability of abundance predominates at the global
scale with implications for the phylogenetic distribution of ex-
tinction risk. While most work surrounding rarity focuses on
three axes—local abundance, geographic range size, and habitat
breadth—our work highlights the need to consider also the
global abundance. Future research should focus on extending
this empirical work to other taxa and across spatial scales (8, 12)
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to better understand the mechanisms leading to SADs and
gSADs, and the implications of global rarity.

We can also use the species-specific global population esti-
mates, as opposed to summing the species-specific abundance
distributions (SI Appendix, Fig. S5), to assess the abundance
distribution of species within a given biogeographic realm or
feeding guild. We again found strong support for log left—skewed
abundance distributions both within biogeographic realms
(skewness = —1.50, —0.06; Fig. 4B) and feeding guilds (skew-
ness = —1.46, —0.03; Fig. 4D). The empirical evidence that rare
species are indeed more common than simple models predict
suggests that conventional theory is not sufficient, and additional
mechanisms need to be considered (8).

In the face of ongoing biodiversity loss (51), there is an urgent
need for conservation prioritization. Such prioritization can be
improved by moving past species-specific planning to also in-
corporate conservation of higher-order taxonomic clades that
are both phylogenetically unique (52, 53) and have overall low
global abundance. Our approach allows for these data to be
easily quantified, providing global estimates per taxonomic clade
(e.g., Fig. 3). We found that the least abundant orders of birds in
the world (Fig. 3C) were kiwis (3,000) and mesites (154,000),
contrasting with the most abundant orders of birds which were
perching birds (28 billion), shorebirds (9.7 billion), and water-
fowl (2.3 billion). The same procedure can be carried out for
families (e.g., Fig. 3B) or even genera. Similarly, conservation
prioritization can focus on biogeographic realms (i.e., protecting
the most important habitats to conserve biodiversity) or func-
tional diversity (i.e., prioritizing conservation of species in the
least abundant feeding guilds). In this light, we also estimated
the number of individual birds in both biogeographic realms and
feeding guilds (following classification by ref. 54) by aggregating
the abundance distributions based on a species’ biogeographic
realm and feeding guild categorization and taking the median of
these aggregated distributions. We find that the majority of the
world’s individual birds are from the palearctic (18 billion) and
nearctic (16 billion) biogeographic realms (Fig. 44), whereas
there are far fewer birds in the Madagascar (1.3 billion) and
Antarctic (1.6 billion) biogeographic realms. Among feeding
guilds (Fig. 4C), invertivores (15 billion) and omnivores (13
billion) are the most abundant groups of birds in the world,
contrasting with scavengers (194 million) and nectarivores (479
million). We currently provide the necessary data (Dataset S1) to
understand the current populations of birds at large scales, helping
current conservation efforts for birds. However, importantly, our
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(A) The distribution of the number of individual birds, calculated by summing all species-specific abundance distributions (e.g., Fig. 2B) categorized

within specific biogeographic realms (N = 9,178 species). (B) The SAD for each biogeographic realm, in which each species’ median abundance estimate is
used. (C) The distribution of the number of individual birds, calculated by summing all species-specific abundance distributions (e.g., Fig. 2B) categorized
within specific feeding guilds (N = 9,157 species). (D) The SAD for each feeding guild, in which each species’ median abundance estimate is shown. Species’
classifications were taken from ref. 54. The feeding guild of scavenger is not shown because very few species were assigned as scavenger.

data integration approach is easily repeatable, providing a means
to potentially track temporal changes in global biodiversity at a
myriad of different taxonomic or ecological classifications.

One key feature of our analysis is that it provides error
estimates—we propagate error throughout the analysis (cf. ref.
37). As data are heterogeneously distributed, this will necessarily
lead to some species being better characterized than others. It is
likely difficult to appropriately estimate abundance of exceedingly
rare species because of two possible instances: 1) it is possible that
citizen scientists will preferentially observe the rarest species,
potentially inflating their citizen science-generated relative
abundance within a given region and thereby leading to an
overestimation of their global population, or 2) species may be so
exceedingly rare that they have too little data to make informed
population estimates because they are only observed a handful of
times. Our approach may be less certain for specific clades,
based on life history. As an example, seabirds are colonial nes-
ters, often breeding on remote islands in immense flocks, rarely
encountered during this phase of their annual cycle by birders,
and are therefore more likely encountered in small flock sizes
during nonbreeding periods of their annual cycle, which could
influence their relative abundance calculations. Conversely,
shorebirds are unlikely to be encountered during their breeding
season when they breed throughout the remote tundra but most
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likely to be encountered by citizen scientists when they form
large congregations during the nonbreeding phase of their an-
nual cycle. We accounted for some of these biases by taking
monthly means of relative abundance and averaging across
temporal and spatial biases to generate a single mean density
estimate across space and time (Methods). Currently, our ap-
proach is limited by the training data used in our analyses, and
increasing the number of training species will likely improve the
certainty of abundance estimate for a number of species (Fig. 1E
and Methods). As a consequence, some species have relatively
narrow ranges of their abundance estimates compared with
others (Fig. 2; Dataset S1). Unsurprisingly, the training data in
our analysis was strongly biased toward countries with a historic
commitment to bird monitoring (e.g., United States of America
and the United Kingdom), and this is well illustrated by the
narrower range of distributions for Nearctic and Palearctic birds
in our analysis compared with other biogeographic realms (e.g.,
Fig. 44).

Although we currently provide only a static “snapshot” of global
population abundances, it is important to note that our approach of
integrating fine-scale abundance estimates with massive-scale citi-
zen science data will continue to grow in its strength and validity. As
citizen science continues to increase in quality and quantity (55,
56), so too will the validity of our approach. Concomitantly, as
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the global push for open-data principles in biodiversity conser-
vation continues to increase (57), the necessary training data
(i.e., localized expert-derived abundance estimates) to improve
our statistical approach will likely become increasingly available.
Moreover, although we currently focus on birds in the present
manuscript, the data integration approach can act as a blueprint
for quantifying species-specific abundance, along with uncertainty,
for any organism in the world. Future research, then, should focus
on three key goals: 1) increasing the certainty surrounding species-
specific abundance estimates, 2) developing automated pipelines
which will allow our approach to be easily repeated (i.e., updated
annually or biannually), providing a method to track temporal
change in global biodiversity abundance at different spatial scales,
and 3) developing generalized approaches to measure abundance
for other taxa. We are confident that all three of these goals are
achievable in the near term.

In the more immediate term, we illustrate how our results will
prove useful to further address a suite of fundamental and
longstanding questions across the ecological and evolutionary
subdisciplines. What are the population dynamics of species in
space and time? How is a species’ global abundance related to its
life history (e.g., SI Appendix, Fig. S6)? How is abundance
influenced by anthropogenic habitat changes? Which species,
genera, families, or orders are most worthy of future conserva-
tion attention (e.g., Fig. 3)? All of these questions can start to be
answered with spatial and taxonomic coverage that has never
before been possible. There are a considerable number of indi-
vidual birds in the world—~50 billion—but fully understanding
why and how they all arrived at their current population sizes will
be paramount to the future study of evolution, ecology, and
conservation.

Methods

Our approach to estimate species-specific global abundances for 9,700 spe-
cies can be broken down into five key steps, outlined in turn below (Fig. 1):

e Step 1 (Training data): Model the relationship between known (i.e., externally
validated best available data) density estimates and relative abundance
from eBird to derive a species-specific training model, while incorporating
known error in the relative abundance estimates.

e Step 2 (Imputation data): Calculate a measure of relative abundance for
all species in 5° grid cells throughout the world. For the training species,
calculate density using the results from Step 1 in each unique grid a
species occupies.

e Step 3 (Life history traits): Collate life history traits (bird color, flock size,
body size, and International Union for Conservation of Nature [IUCN]
status) that are likely to influence the relationship between the true
population of a species and the relative abundance of a species calculated
through eBird.

e Step 4 (Multiple imputation): Perform multiple imputation by chained
equations to predict the density of a species and its uncertainty per grid
cell, based on the known relationship between estimated density and
observed relative abundance for our training species and the traits col-
lated at Step 3.

e Step 5 (Calculate abundance): Use the predicted densities and uncer-
tainties to derive a mean global density estimate for each species and
multiply this density estimate by the observed area of a species—with
extrapolation where necessary and possible—to calculate a simulated
global abundance distribution.

In the following methods, we expand on each of these key steps.

Training Data.

Abundance estimates. Our main objective was to quantify density of bird
species throughout the world. Fundamental to density is the measure of
absolute abundance—the known, or estimated, quantity of individuals in a
population. Estimating the total population size of a given animal pop-
ulation is a fundamental research question in ecology and conservation (58).
Much research has investigated how to best estimate absolute abundances,
with many techniques having been applied to estimate abundances (59, 60).
When abundance is known for a region, then the density is simply:
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Abundance

Density = Area

Thus, for our analysis, it was critical to find external population estimates that
had an estimated population abundance for a given geographic region.
Because most reporting schemes derive from a government initiative to
understand which species are most at risk (61), most population estimates are
based on geopolitical boundaries, and total species-specific populations are
then scaled up based on range size extrapolations. Our analysis thus relied,
to some extent, on populations within geopolitical boundaries. We used
published abundance estimates from three sources: 1) the Partners in Flight
Population Estimates Database (62); 2) population estimates from the British
Trust for Ornithology (63); and 3) from BirdLife International Data Zone
datazone.birdlife.org/home. We collated a total of 724 species for which we
had estimated population abundance. Each training species’ abundances
were calculated in either geopolitical boundaries (i.e., for species extracted
from the Partners in Flight database and the British Trust for Ornithology) or
throughout their entire geographic range (i.e., for species extracted from
the BirdLife Data Zone). For example, estimates from the Partners in Flight
database were available stratified to each state and Bird Conservation Re-
gion throughout the United States where that species was found. Each of
these data sources are treated in more detail in S/ Appendix, SI Methods.
Relative abundance estimates. \We extracted relative abundance estimates from
eBird (36, 64) citizen science data. Here, we defined the relative abundance
to mean the number of birds observed per some unit effort (e.g., time and/or
distance). eBird was launched in 2002 by the Cornell Lab of Ornithology and
currently has >800 million global bird observations. Volunteer birdwatchers
submit “checklists” of birds seen and/or heard while birdwatching. Species,
or counts of species, which are unexpected based on the spatiotemporal
coordinates of the observations, are flagged and reviewed by an extensive
network of expert volunteers before being accepted into the dataset (65).
Each checklist is marked as either “complete” or “incomplete” by the vol-
unteer birdwatchers submitting the data. This distinction indicates whether
they are submitting a complete list of all birds seen and/or heard during
their observation period. We only used complete checklists in our analysis as
this allows for absences (i.e., nondetections) to be inferred. For our analysis,
we used the eBird basic dataset (version ebd_relMay2019). We aggregated
eBird data from January 2010 to May 2019. We acknowledge that some
species may experience changes in their population sizes during this time,
but we note that 10 y is the IUCN-recommended duration to calculate pop-
ulation change when generation time is not known (66). To further ensure
these data represent the “best quality” data, we employed an additional set of
filtering, aiming to remove potential “outliers” which could bias our dataset
(67-70). We only included complete checklists, checklists >5 min and <240 min
in duration, and checklists which traveled <5 km. However, some potential
mistakes are still possible in the eBird dataset (see an example below).

To date, eBird data have been used for a variety of abundance-related
measures. The general approach is to measure “relative abundance”: the
number of birds counted when accounting for time spent birdwatching and
distance traveled while birdwatching. For example, the Cornell Lab of Or-
nithology currently models relative abundance in space and time for >800 of
the most common species in North America and elsewhere: https://ebird.org/
science/status-and-trends/. Because our general approach was based on
geopolitical boundaries, and there would be vastly different numbers of
available data among different geopolitical boundaries (cf. USA and a re-
mote Indonesian island), we aimed for a simple and tractable modeling
approach that would generalize to anywhere that eBird data are collected.
As such, after initial exploration (S/ Appendix, Fig. S7 and SI Methods), we
used the mean abundance across all checklists (including checklists when a
species was not identified; zeros) as our measure of relative abundance.
Modeling the relationship between density and relative abundance. Using the
known abundance estimates from external sources described above, we
calculated the density per each geopolitical region or species’ range (S/
Appendix, Fig. S8), corresponding to the relative abundance measure from
eBird. Both relative abundance and density were log10 transformed, and
any values that were initially zero (i.e., not detected in eBird but present in
the external data sources) were set to —4.5 (log10 scale) given the minimum
value was —4.499787 in the dataset (S/ Appendix, Fig. S9). We quantitatively
checked the sensitivity of including these zeros on the overall effect of our
model and found that the random intercepts and slopes for the species that
were kept were robust when some observations were removed, and therefore,
we chose to include the zeros in our model fitting process, as described above.
We were left with a total of 8,735 data points of 724 species in which most
species had only one observation in the model, but some species had compar-
atively many observations used in the model (S/ Appendlix, Figs. S10 and S11).

Callaghan et al.
Global abundance estimates for 9,700 bird species


https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2023170118/-/DCSupplemental
https://datazone.birdlife.org/home
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2023170118/-/DCSupplemental
https://ebird.org/science/status-and-trends/
https://ebird.org/science/status-and-trends/
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2023170118/-/DCSupplemental
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2023170118/-/DCSupplemental
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2023170118/-/DCSupplemental
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2023170118/-/DCSupplemental
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2023170118/-/DCSupplemental
https://doi.org/10.1073/pnas.2023170118

We then fit a Bayesian mixed-effects random slope model using the R
package brms (71, 72), which is a wrapper to fit Bayesian models in stan (73)
via rstan (74). This model is equivalent to a Type Il regression model, in which
we explicitly modeled the error in our eBird relative abundance measures.
The error of the eBird relative abundance measures was calculated as the SD
of all mean estimates (i.e., SE) for a given species’ time (i.e., month) times
space (i.e., geopolitical region) measures of mean abundance, with a small
sample size correction, followed by the delta method to convert this to
log10 scale. Although error estimates are available for most of our training
datapoints (i.e., the density estimate; see above), this is not available for all
data points. Therefore, we decided not to include this measurement error on
our response variable. This approach is 1) inclusive by allowing for more
species to be included in the modeling procedure by not omitting species
without error for the training data and 2) conservative by propagating a
larger amount of SE surrounding the intercept and slope (i.e., uncertainty)
forward in our modeling framework. We used log10 density as the response
variable and log10 relative abundance as the fixed effect, with species as
random intercepts and log10 relative abundance as corresponding random
slopes. We used 10,000 iterations and four chains, with a warmup of 2,000.
We used the default priors from brms which are weakly informative, having
only minimal influence on the estimations, while improving convergence
and sampling efficiency. In the case of the Gaussian distribution, sigma has a
half student t prior that scales in the same way as the group-level SDs (71,
72). From this brms model, we extracted the random slope and intercept for
each species (SI Appendix, Fig. S12), which provided a two-parameter
equation (y = mx + b) that signified the relationship between the ob-
served density of a species and relative abundance from eBird (S/ Appendix,
Figs. S9-512). In addition, we extracted the SE (i.e., the SDs of the posterior
distributions) of the intercept and the slope for each species in the training
dataset (S/ Appendix, Fig. S12). It is essential to carry forward these errors for
random intercepts and slopes as each species would have a differing amount
of error associated with its intercept and slope (75).

Brms model validation. We used a leave-one-out approximation (76, 77)
from the brms package to check the diagnostics of our brms model and
found that 95% of observations had a Pareto k < 0.7—in the “ok” range (71,
76, 77), suggesting that very few datapoints could be considered “influen-
tial” in our model fitting process. A Bayesian approximate R>—calculated as
the variance of the predicted values divided by the variance of predicted
values plus the expected variance of the errors (78)—for this model was 0.78.
To further validate the brms model used to extract species-specific intercepts
and slopes, we used the extracted intercept and slope for each species with
the original observed data (see Methods, above) to test whether the brms
model could accurately predict the external estimates of total population
abundance. We found that the intercepts and slopes extracted from the
brms strongly predicted abundance estimates for our training species (S/
Appendix, Figs. $13 and $14) with an R? of 0.88. Ultimately, we found that
our brms model was robust to extract species-specific estimates of intercept,
slope, and the SE of the intercept and slope—see below for overall workflow
validation demonstrating the robustness of this model further.

Imputation Data. After we had modeled the relationship between observed
density and relative abundance, we were left with a two-parameter model
(y = mx + b) describing this statistical relationship that helps to account for
the noise in relative abundance measures. We then derived a 5 x 5° spatial
grid covering the world (S/ Appendix, Fig. S15). We only used grids with a
minimum of 50 eBird checklists within at least one month (S/ Appendix, Fig.
$16). Within each grid (N = 579), we calculated the relative abundance of
each species as defined above: a mean abundance across all checklists, in-
cluding zeros for checklists on which a species was not found. This was
stratified by month. If a species was not observed in a grid (i.e., a relative
abundance of 0), then we assumed that the species does not exist in that
grid. Using our two-parameter model, which included SEs for both the in-
tercept and slope, we assumed that the correlation between slope and in-
tercept would be —1 (S/ Appendix, Fig. $13); this is because an overestimated
intercept (higher intercepts) will almost always result in shallower slopes,
creating the intercept-slope correlation of —1. Under this assumption, we
calculated the density—and its SE—for 684 of our training species (i.e., the
ones that were found after criteria to filter grids were employed and limited
the overall number of species to be included in further analyses) within each
grid that training species was observed (SI Appendix, Fig. S17). After col-
lapsing the variability among months within each grid to a single value by
averaging the relative abundances, we were left with a total of 192,702
species x grid combinations. A total of 41,652 of these had density estimates
across a total of 684 species.
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While the eBird project has strong and stringent review protocols (36, 64)
and an extensive network of regional volunteers (65), some errors and
mistakes can still be made. If a species was available in the eBird dataset
version that we used, we did not do any “cleaning” of known (or presumed)
mistakes. For example, we predicted a positive abundance of the largely
recognized-as-extinct Ivory-billed Woodpecker because there were positive
observations of this species in the eBird version we used (see above).
Therefore, our results presented in Dataset S1 should be interpreted care-
fully based on known biology of a species and prior expectations (main text).
However, eBird—and other citizen science datasets—is continually growing
in both quantity and quality, and these mistakes or errors are continuously
being rectified in updated versions of the dataset.

Life History Traits. Our main objective through multiple imputation was to
impute the missing density estimates by modeling the relationship between
estimated density derived from the training data and the relative abundance
for the nontraining species. However, the relationship between observed
density and relative abundance from eBird checklists (e.g., Fig. 1A) is likely to
be influenced by a suite of species’ life history traits. Previous work has
shown that species traits (e.g., body size, color, and group size) can influence
the detectability of a species (79-84), and thus in turn, the likelihood a
species is recorded in a citizen science dataset (85). Solymos et al. (81) and
Johnston et al. (82) found that body size was a significant predictor of bird
species’ detectability. There is also support that group size can influence
detectability of animals (83). Although difficult to quantify, it is thought that
the coloration of an organism influences its detectability (84). Lastly, the
overall abundance class (e.g., common versus rare) of a species will also likely
influence a species’ detectability and likelihood of being recorded in the
eBird citizen science dataset (85). Based on the above biological under-
standing in detectability, in our imputation, we included auxiliary data on
the following: species’ color, flock size, body size, and IUCN status. For color,
we used a dataset of >5,000 species (86) and calculated two separate met-
rics: brightness and distance from brown. For flock size, we used eBird to
calculate the overall mean flock size among all presences in the dataset for
each species. For body size, we used the adult body mass (in grams) as
extracted from ref. 87. Lastly, we used the IUCN status for species in the
imputation (88) as an ordinal variable, extracted from the BirdLife Interna-
tional working list of birds version 3, available here: datazone.birdlife.org/
species/taxonomy.

Prior to imputation, we indeed found that these traits corresponded
reasonably well with different components (i.e., either the intercept or slope
or SE of the intercept or slope) of the detectability of species between ob-
served density and eBird relative abundance (S/ Appendix, Figs. $18 and S19).
A species’ intercept showed strong correlation with body mass (r = —0.467)
and moderate correlation with color (r = 0.101 and r = 0.145 for distance
from brown and brightness, respectively). Whereas flock size was weakly
correlated with intercept (r = —0.086) and moderately correlated with slope
(r=0.146), it was strongly correlated with the SE of the intercept (r = —0.626)
and slope (r = —0.524). A similar pattern as flock size was shown for the IUCN
status as an ordinal variable. All pairwise correlations between intercept,
slope, SE of the intercept, SE of the slope, and the species’ traits can be seen
in SI Appendix, Fig. S18. After we calculated density for the training species,
using the intercepts and slopes, there remained moderate to strong rela-
tionships between the relative abundance, the estimated density, and the
various life history traits (S/ Appendix, Fig. $19), indicating that the life his-
tory traits are likely to moderate the relationship between relative abun-
dance and density.

Multiple Imputation. Our “imputation” dataset included 192,702 rows (grid x
species) with 11 variables: 1) species ID (0% missing), 2) the log-transformed
number of eBird checklists (0% missing), 3) the number of months a species
was observed in that grid (0% missing), 4) relative abundance as described in
detail above (0% missing), 5) flock size (0% missing), 6) IUCN status (8%
missing), 7) body size (16% missing), 8) color distance from brown (40%
missing), 9) color brightness (40% missing), 10) estimated density (79%
missing), and 11) the SE for the density (79% missing). These 11 variables
showed moderate to strong correlations (S/ Appendix, Figs. S18 and S19).
Our targets for imputation were density (at the specific grid level) and its SE
(10 and 11), mainly informed from relative abundance (0% missing values)
but also helped by the five auxiliary variables (5 through 9). These auxiliary
variables had good coverage; for example, 79% of the rows (153,095) had at
least one of these auxiliary variables present. Among the variables with
missing values, the first five (5 through 9) were species-level variables while
the last (10 and 11) were at the observation (row)-level. We used the R
packages mice (89) and miceadds (90) to conduct two-level multiple
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imputation in which mixed models with one clustering (i.e., random) factor
were used to impute missing data using a predictive mean matching algo-
rithm (2lonly.pomm for the species-level variables and 2l.pmm for the
observation-level variables). In our case, the clustering (i.e., random) factor
was the species. We created 100 imputed datasets.

Multiple imputation model validation. To validate our multiple imputation
modeling approach, we performed three different checks, recommended to
assess the reliability and plausibility of multiple imputation (91, 92). First, we
performed a qualitative assessment of external checking and found no bi-
ologically unreasonable imputed estimates (92). Second, we compared the
density of observations for the training data and the density of observations
for the imputed data. Using 10 randomly chosen imputations—of the 100
total imputations we performed in our analysis—we visually inspected the
imputed density and density SE estimates compared with the observed
density and density SE estimates (S/ Appendix, Fig. S20). We found that all 10
of our randomly chosen imputations matched closely with the observed
densities used during the imputation, suggesting that the imputed values
are statistically plausible. Third, we performed a leave-one-out cross-
validation analysis, in which, because our imputation was nested at the
species level (i.e., species was treated as a random effect), we left each of our
training species out, one at a time (e.g., S/ Appendix, Fig. S21). For this
analysis, each imputation modeling process was repeated as described above
but with only 10 imputations, as opposed to the 100 imputations we used in
our full model, for computational reasons. We found that at the observation
level, the range of the 10 imputations encompassed the observed density
estimate for 95% of leave-one-out imputed observations (e.g., S/ Appendix,
Fig. S21). Similarly, the range between the 0.05 and 0.95 quantiles of our 10
imputations encompassed the observed density for 92% of observations.
When assessing the data at the observation level, the predictive power of
our imputation method to impute density was very strong: a linear mixed-
effects model with the response variable as imputed density and the predic-
tor variable as observed density with a random effect for species had a mar-
ginal R? of 0.84. When taking the mean density estimates among grids for each
species, we similarly had strong predictive power and a linear model had an R?
of 0.48 (S/ Appendix, Fig. $22). Overall, our multiple imputation produced re-
liable density estimates, and we also note that we accounted for the SE of the
imputation procedure throughout further analyses (see below).

Calculate Abundance. Because some species can occur very rarely in a grid
(i.e., one time), representing an out-of-range observation, for instance, we
weighted the grid densities by the number of checklists a species occurs on in
a grid divided by the number of total checklists in that grid. This provides a
single density for every species that represents the density which is weighted
from the grids where that species is most frequently observed, and thus, the
density is likely to be most reliable (S/ Appendix, Fig. S23). More generally,
collapsing species’ densities among grids to a mean density helps to account
for the known differences in density throughout a species’ range (93) by
taking the average density estimate, incorporating the low-density and
high-density regions of a species’ range. Across our 9,700 species, the aver-
age number of grids a species occupied was 19, with a SD of 36 (S/ Appendix,
Fig. S17). We note that many species are only found in one grid cell, and
although their densities may differ throughout their range, we were unable
to account for this potential bias, but the differences in densities are likely to
be greatest for species with larger ranges (93). We also calculated imputed
SEs for the density as the square root of the sum of: 1) imputation variance
of the density and 2) the square of the average of the imputed SEs,
weighted by the number of checklists. Because some large, and biologically
unreasonable, SEs were observed initially, we set a ridge prior for the SE of
the density of 1 for predicted density, which equates to 91 times higher
density than the point estimate of the density in terms of the upper confi-
dence limit. We consider this prior to be conservative and likely biasing our
estimates, leading to overly large confidence intervals in some instances.
Accordingly, each species received a mean density estimate (S/ Appendix,
Fig. S24) and a SE of that density (S/ Appendix, Fig. S25) in a given grid cell.

For each species in our dataset, we calculated a mean density estimate (on
the log10 scale) of all grid cells a species was found in, as described above. We
then calculated the total area occupied by each species in our analysis by
summing the area of the number of grid cells each species was found in.
However, we adjusted these areas in two directions, depending on a species’
range size. First, for species with relatively small ranges that can be smaller
than the average grid cell size (24,000 square miles), we clipped the area of
that species to its known range size (S/ Appendix, Fig. 526 shows such an
example). Second, because eBird data are not homogeneous throughout the
world (e.g., Fig. 1B), there are many gaps in our sampled grid cells (e.g.,
Siberia and Africa—S/ Appendix, Fig. S15). Therefore, for a species whose
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estimated range was not fully sampled by our eBird analysis (i.e., the grid
cells used did not fully cover that species’ range), we used the area of the
total range size—as opposed to the total area of grids a species was found
in—with the observed mean density estimate from our analysis. Estimated
species’ ranges were provided by BirdLife International. However, we note
that we did not have data for every species’ range in our analysis given
taxonomic differences between Clements and BirdLife International taxon-
omy and a general lack of data for some species. Therefore, our range ad-
justment was not done for 2,731 species, in which case we assumed that the
total area of their sampled grid cells approximates the total species range
size. Whether a species’ abundance estimate was adjusted based on range is
noted in Dataset S1.

Using the mean density estimate (on the log10 scale) and a species’ range
size, we then obtained estimates of abundance, drawing 10,000 random
draws from a normal distribution with the mean density estimate and the
corresponding SE. We defined the median of this distribution (Fig. 1E) as the
species-specific global abundance. We also report on the lower and upper
95% Cls in Dataset S1.

This method was repeated for every species in our analysis (N = 9,700). To
determine the overall number of individual birds in the world, we summed
the species-specific distributions as described above, ensuring the distribu-
tions were ordered before summing (i.e., the smallest values or largest val-
ues are summed as we combined distributions). By ordering the distributions
before summing, we ensured that the likelihood of values particular to each
species corresponded with one another, therefore ensuring that the middle
values corresponded to those with the highest likelihood. While this ap-
proach was done for every species, we can also sum species-specific distri-
butions based on any classification of a species (e.g., genus, family, order,
biogeographic realm, and feeding guild) as we did in our analysis.

Overall Workflow Validation. To validate our overall workflow to calculate
species-specific abundance estimates, we performed a leave-one-out cross-
validation approach for the 684 training species that were included in both
the brms model and the multiple imputation step of our analysis. For each
species, we removed that species from our training pool and reperformed
the analysis—including the brms model, the multiple imputation model, and
the simulated distribution of abundance estimates. For this process, to avoid
computational bottlenecks, the brms model was specified the same but
fitted with only two chains, 3,000 iterations, and a warmup of 1,000, while
the multiple imputation was fitted over 10 imputations each time (qualita-
tive checks for a handful of species showed minimal differences when more
iterations and/or imputations were employed). We then were able to esti-
mate a species-specific abundance distribution for each species when it was
1) included as a training species in the full workflow and 2) when it was
entirely withheld as a training species (e.g., SI Appendix, Fig. S27). In most
instances, the distribution of possible abundance estimates was wider
(i.e., wider confidence intervals) when a species was not included in the
process, compared with when it was included in the full model, and in some
instances, the distributions were very similar (S/ Appendix, Fig. S27). Impor-
tantly, we found very strong correlation between the median population
abundance for each species when withheld from the analysis and the me-
dian population abundance from the full model when all species were in-
cluded (SI Appendix, Fig. $28)—with an R? of 0.94.

Assessing the Phylogenetic Signal of Species-Level Abundance Estimates. Using
the function phylosig from the R package, phytools (94), we calculated
Blomberg’s K as our measure of phylogenetic signal. To incorporate phylo-
genetic uncertainty, we used 250 phylogenetic trees based on ref. 95 and
aggregated resulting statistics, using Rubin’s rule described in ref. 96 by
assuming P values from randomization tests are comparable to those from t
distributions (97).

Assessing the Skewness of Abundance Distributions. In addition to summing
species-specific distributions of abundance and calculating the total me-
dian estimate (on the original scale) for each family, order, biogeographic
realm, and feeding guild, we also calculated an abundance distribution for
each of these categories—with the addition of genus—by summing the
species-specific median estimates for each category. Both these approaches
showed strong similarity (S/ Appendix, Figs. S2 and S3). We used the skew-
ness function from the package e1071 (98) to calculate the skew of a given
abundance distribution. To assess the robustness of our finding that the
species, genus, family, and order abundance distributions were log left
skewed, we employed a resampling approach. First, we randomly sampled a
quantile (from 0.1 to 0.99) and took the abundance estimate at that quantile
for each species (as opposed to the median estimate which is presented
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throughout the main text) and then calculated the skewness of the SAD, as
well as the genus, family, and order abundance distributions (calculated by
summing the species-specific median estimates of abundance) for each
random sample. We performed this 1,000 times to derive a distribution of
skewness measures, demonstrating the robustness of our finding that
abundance distributions—across taxonomic levels—are log left skewed (S/
Appendix, Fig. S2). In addition, we performed a bootstrapping approach to
bootstrap ClIs of the skewness measures, corroborating our resampling ap-
proach (S/ Appendix, Fig. S3).

Data Availability. eBird data are freely available to download from https:/
ebird.org/data/download. Population estimates were extracted from refs. 62
and 63 and http:/datazone.birdlife.org/home. Range maps used to adjust

1. F. W. Preston, The commonness, and rarity, of species. Ecology 29, 254-283 (1948).

2. R. H. Macarthur, On the relative abundance of bird species. Proc. Natl. Acad. Sci.
U.S.A. 43, 293-295 (1957).

3. S. P. Hubbell, A unified theory of biogeography and relative species abundance and
its application to tropical rain forests and coral reefs. Coral Reefs 16, $9-521 (1997).

4. S. Nee, A.F. Read, J. J. Greenwood, P. H. Harvey, The relationship between abundance
and body size in British birds. Nature 351, 312-313 (1991).

5. E. P. White, S. K. Ernest, A. J. Kerkhoff, B. J. Enquist, Relationships between body size
and abundance in ecology. Trends Ecol. Evol. 22, 323-330 (2007).

6. W. E. Kunin, Extrapolating species abundance across spatial scales. Science 281,
1513-1515 (1998).

7. B. McGill, C. Collins, A unified theory for macroecology based on spatial patterns of
abundance. Evol. Ecol. Res. 5, 469-492 (2003).

8. B. J. McGill et al., Species abundance distributions: Moving beyond single prediction
theories to integration within an ecological framework. Ecol. Lett. 10, 995-1015
(2007).

9. W. Jetz, J. M. McPherson, R. P. Guralnick, Integrating biodiversity distribution
knowledge: Toward a global map of life. Trends Ecol. Evol. 27, 151-159 (2012).

10. C. C. Raunkiaer, Formationsundersegelse og formationsetatistik. Botanisk Tidsskrift
30, 20-132 (1909).

11. R. A. Fisher, A. S. Corbet, C. B. Williams, The relation between the number of species
and the number of individuals in a random sample of an animal population. J. Anim.
Ecol. 12, 42-58 (1943).

12. B.J. Enquist et al., The commonness of rarity: Global and future distribution of rarity
across land plants. Sci. Adv. 5, eaaz0414 (2019).

13. D. Rabinowitz, “Seven forms of rarity” in Biological aspects of rare plant conserva-
tion, H. Synge, Ed. (John Wiley & Sons, Somerset, NJ, 1981).

14. F. He, Deriving a neutral model of species abundance from fundamental mechanisms
of population dynamics. Funct. Ecol. 19, 187-193 (2005).

15. 1. Volkov, J. R. Banavar, S. P. Hubbell, A. Maritan, Neutral theory and relative species
abundance in ecology. Nature 424, 1035-1037 (2003).

16. A. E. Magurran, P. A. Henderson, Explaining the excess of rare species in natural
species abundance distributions. Nature 422, 714-716 (2003).

17. C. L. Gray et al., Local biodiversity is higher inside than outside terrestrial protected
areas worldwide. Nat. Commun. 7, 12306 (2016).

18. L. Venier, L. Fahrig, Habitat availability causes the species abundance-distribution
relationship. Oikos 76, 564-570 (1996).

19. S. Engen, R. Lande, Population dynamic models generating the lognormal species
abundance distribution. Math. Biosci. 132, 169-183 (1996).

20. G. Bell, The distribution of abundance in neutral communities. Am. Nat. 155, 606-617

(2000).

I. Volkov, J. R. Banavar, S. P. Hubbell, A. Maritan, Patterns of relative species abun-

dance in rainforests and coral reefs. Nature 450, 45-49 (2007).

22. M. Brian, Species frequencies in random samples from animal populations. J. Anim.
Ecol. 22, 57-64 (1953).

23. J. S. Gray, A. Bjergesaeter, K. I. Ugland, On plotting species abundance distributions.
J. Anim. Ecol. 75, 752-756 (2006).

24. ).S. Gray, Pollution-induced changes in populations. Philos. Trans. R. Soc. Lond. B Biol.
Sci. 286, 545-561 (1979).

25. R. D. Sagarin, S. D. Gaines, The ‘abundant centre’ distribution: To what extent is it a
biogeographical rule? Ecol. Lett. 5, 137-147 (2002).

26. C. D. L. Orme et al., Global patterns of geographic range size in birds. PLoS Biol. 4,
€208 (2006).

27. K. J. Gaston, T. M. Blackburn, Global scale macroecology: Interactions between
population size, geographic range size and body size in the anseriformes. J. Anim.
Ecol. 65, 701-714 (1996).

28. J. H. Lawton, Species richness and population dynamics of animal assemblages. Pat-
terns in body size: Abundance space. Philos. Trans. R. Soc. Lond. B Biol. Sci. 330,
283-291 (1990).

29. A. J. Tessier, A. Young, M. Leibold, Population dynamics and body-size selection in
daphnia. Limnol. Oceanogr. 37, 1-13 (1992).

30. T. W. Schoener, The newest synthesis: Understanding the interplay of evolutionary
and ecological dynamics. Science 331, 426-429 (2011).

31. A. P. Hendry, Eco-evolutionary Dynamics (Princeton University Press, 2020).

32. J. D. Anadodn, A. Giménez, R. Ballestar, Linking local ecological knowledge and hab-
itat modelling to predict absolute species abundance on large scales. Biodivers.
Conserv. 19, 1443-1454 (2010).

21.

Callaghan et al.
Global abundance estimates for 9,700 bird species

population areas are available from BirdLife International. All trait data are
freely available through the sources mentioned above. Code and necessary
data to reproduce our analyses are available from Zenodo, https:/doi.org/
10.5281/zenodo.4723365 (99).

ACKNOWLEDGMENTS. We thank the countless contributors to the eBird
citizen science project who submit their observations and the eBird man-
agement team who work tirelessly to make these data available to
researchers. Richard Major, David Eldridge, and Malgorzata (Losia) Lagisz
provided helpful feedback on earlier drafts of this manuscript. Two anon-
ymous reviewers substantially helped us improve our manuscript and the
robustness of our analysis. Bird illustrations were done by Zuhairah Dindar.
We received no specific funding for this work.

33. K. V. Rosenberg et al., Decline of the North American avifauna. Science 366, 120-124
(2019).

34. W. Fithian, J. Elith, T. Hastie, D. A. Keith, Bias correction in species distribution models:
Pooling survey and collection data for multiple species. Methods Ecol. Evol. 6,
424-438 (2015).

35. N. J. Murray et al., The global distribution and trajectory of tidal flats. Nature 565,
222-225 (2019).

36. B. L. Sullivan et al., The ebird enterprise: An integrated approach to development and
application of citizen science. Biol. Conserv. 169, 31-40 (2014).

37. K. J. Gaston, T. M. Blackburn, How many birds are there? Biodivers. Conserv. 6,
615-625 (1997).

38. S. P. Hubbell, Neutral theory and the evolution of ecological equivalence. Ecology 87,
1387-1398 (2006).

39. B. Dennis, G. P. Patil, The gamma distribution and weighted multimodal gamma
distributions as models of population abundance. Math. Biosci. 68, 187-212 (1984).

40. A. Purvis, Phylogenetic approaches to the study of extinction. Annu. Rev. Ecol. Evol.

Syst. 39, 301-319 (2008).
. A. Waldron, Null models of geographic range size evolution reaffirm its heritability.
Am. Nat. 170, 221-231 (2007).

42. R. E. Ricklefs, R. E. Latham, Intercontinental correlation of geographical ranges sug-
gests stasis in ecological traits of relict genera of temperate perennial herbs. Am. Nat.
139, 1305-1321 (1992).

43. D. Mouillot, K. Gaston, Spatial overlap enhances geographic range size conservatism.
Ecography 32, 671-675 (2009).

44. T. ). Whitfeld et al., Predicting tropical insect herbivore abundance from host plant
traits and phylogeny. Ecology 93, S211-5222 (2012).

45. R. E. Ricklefs, Applying a regional community concept to forest birds of eastern North
America. Proc. Natl. Acad. Sci. U.S.A. 108, 2300-2305 (2011).

46. R. E. Ricklefs, Evolutionary diversification, coevolution between populations and their
antagonists, and the filling of niche space. Proc. Natl. Acad. Sci. U.S.A. 107, 1265-1272
(2010).

47. K. E. Jones, W. Sechrest, J. L. Gittleman, A. Purvis, T. Brooks, Age And Area Revisited:
Identifying Global Patterns and Implications for Conservation. Phylogeny And Con-
servation (Cambridge University Press, Cambridge, 2005), pp. 141-165.

48. B. R. Krasnov, R. Poulin, D. Mouillot, Scale-dependence of phylogenetic signal in
ecological traits of ectoparasites. Ecography 34, 114-122 (2011).

49. E. A. Housworth, E. P. Martins, M. Lynch, The phylogenetic mixed model. Am. Nat.
163, 84-96 (2004).

50. M. I. Loza et al., Phylogenetic patterns of rarity in a regional species pool of tropical

woody plants. Global Ecol. Biogeogr. 26, 1043-1054 (2017).
. G. Ceballos et al., Accelerated modern human-induced species losses: Entering the
sixth mass extinction. Sci. Adv. 1, 1400253 (2015).

52. A. Purvis, J. L. Gittleman, T. Brooks, Phylogeny And Conservation (Cambridge Uni-
versity Press, 2005).

53. D. P. Faith, Quantifying biodiversity: A phylogenetic perspective. Conserv. Biol. 16,
248-252 (2002).

54. A. L. Pigot et al., Macroevolutionary convergence connects morphological form to
ecological function in birds. Nat. Ecol. Evol. 4, 230-239 (2020).

55. M. J. Pocock, J. C. Tweddle, J. Savage, L. D. Robinson, H. E. Roy, The diversity and
evolution of ecological and environmental citizen science. PloS One 12, e0172579
(2017).

56. M. J. Pocock et al., A vision for global biodiversity monitoring with citizen science.
Adv. Ecol. Res. 59, 169-223 (2018).

57. R. V. Gallagher et al., Open Science principles for accelerating trait-based science
across the Tree of Life. Nat. Ecol. Evol. 4, 294-303 (2020).

58. D. L. Borchers, S. T. Buckland, W. Zucchini, Estimating Animal Abundance: Closed
Populations (Springer Science & Business Media, 2002), vol. 13.

59. G. A. Seber, A review of estimating animal abundance. Biometrics 42, 267-292 (1986).
60. T. A. Marques, L. Thomas, S. G. Fancy, S. T. Buckland, Improving estimates of bird
density using multiple-covariate distance sampling. Auk 124, 1229-1243 (2007).

61. J. Bart, Monitoring the abundance of bird populations. Auk 122, 15-25 (2005).

62. T. Will et al., Handbook To the Partners in Flight Population Estimates Database,
Version 3.0 (PIF Technical Series, 2019).

63. A. Musgrove et al., Population estimates of birds in Great Britain and the United
Kingdom. Br. Birds 106, 64-100 (2013).

64. B. L. Sullivan et al., eBird: A citizen-based bird observation network in the biological
sciences. Biol. Conserv. 142, 2282-2292 (2009).

4

5

PNAS | 9of 10
https://doi.org/10.1073/pnas.2023170118

ECOLOGY


https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2023170118/-/DCSupplemental
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2023170118/-/DCSupplemental
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2023170118/-/DCSupplemental
https://ebird.org/data/download
https://ebird.org/data/download
http://datazone.birdlife.org/home
https://doi.org/10.5281/zenodo.4723365
https://doi.org/10.5281/zenodo.4723365
https://doi.org/10.1073/pnas.2023170118

o

5

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

=

82.

83.

. M. Gilfedder et al., Brokering trust in citizen science. Soc. Nat. Resour. 32, 292-302
(2019).

L. Santini et al., Applying habitat and population-density models to land-cover time
series to inform IUCN Red List assessments. Conserv. Biol. 33, 1084-1093 (2019).

C. Callaghan, M. Lyons, J. Martin, R. Major, R. Kingsford, Assessing the reliability of
avian biodiversity measures of urban greenspaces using eBird citizen science data.
Avian Conserv. Ecol. 12, 120212 (2017).

A. Johnston et al., Abundance models improve spatial and temporal prioritization of
conservation resources. Ecol. Appl. 25, 1749-1756 (2015).

F. A. La Sorte, M. W. Tingley, A. H. Hurlbert, The role of urban and agricultural areas
during avian migration: An assessment of within-year temporal turnover. Global Ecol.
Biogeogr. 23, 1225-1234 (2014).

S. Kelling et al., Can observation skills of citizen scientists be estimated using species
accumulation curves? PloS One 10, e0139600 (2015).

P. C. Burkner, brms: An R package for Bayesian multilevel models using Stan. J. Stat.
Software 80, 1-28 (2017).

P. C. Burkner, Advanced bayesian multilevel modeling with the R package brms. R J.
10, 395-411 (2018).

Stan Development Team, Stan Modeling Language Users Guide and Reference
Manual, Version 2.26 (2020). https:/mc-stan.org. Accessed 10 March 2020.

Stan Development Team, RStan: The R interface to Stan. R package Version 2.21.2
(2020). https://mc-stan.org/. Accessed 10 March 2020.

J. D. Hadfield, A. J. Wilson, D. Garant, B. C. Sheldon, L. E. Kruuk, The misuse of BLUP in
ecology and evolution. Am. Nat. 175, 116-125 (2010).

A. Vehtari, A. Gelman, J. Gabry, Practical Bayesian model evaluation using
leave-one-out cross-validation and WAIC. Stat. Comput. 27, 1413-1432 (2017).

A. Gelman, J. Hwang, A. Vehtari, Understanding predictive information criteria for
Bayesian models. Stat. Comput. 24, 997-1016 (2014).

A. Gelman, B. Goodrich, J. Gabry, A. Vehtari, R-squared for Bayesian regression
models. Am. Statistician 73, 307-309 (2019).

G. E. Garrard, M. A. McCarthy, N. S. Williams, S. A. Bekessy, B. A. Wintle, A general
model of detectability using species traits. Methods Ecol. Evol. 4, 45-52 (2013).

T. Denis et al., Biological traits, rather than environment, shape detection curves of
large vertebrates in neotropical rainforests. Ecol. Appl. 27, 1564-1577 (2017).

P. Sélymos, S. M. Matsuoka, D. Stralberg, N. K. Barker, E. M. Bayne, Phylogeny and
species traits predict bird detectability. Ecography 41, 1595-1603 (2018).

A. Johnston et al., Species traits explain variation in detectability of UK birds. Hous.
Theor. Soc. 61, 340-350 (2014).

S. Schlossberg, M. J. Chase, C. R. Griffin, Using species traits to predict detectability of
animals on aerial surveys. Ecol. Appl. 28, 106-118 (2018).

10 of 10 | PNAS

https://doi.org/10.1073/pnas.2023170118

84

85.

86.

87.

88.

89.

90.

91.

92.

93.

95.

96.

97.

98.

99.

. J. Troscianko, J. Skelhorn, M. Stevens, Quantifying camouflage: How to predict de-
tectability from appearance. BMC Evol. Biol. 17, 7 (2017).

E. H. Boakes et al., Patterns of contribution to citizen science biodiversity projects
increase understanding of volunteers’ recording behaviour. Sci. Rep. 6, 33051 (2016).
J. Dale, C. J. Dey, K. Delhey, B. Kempenaers, M. Valcu, The effects of life history and
sexual selection on male and female plumage colouration. Nature 527, 367-370
(2015).

N. P. Myhrvold et al., An amniote life-history database to perform comparative
analyses with birds, mammals, and reptiles: Ecological archives €096-269. Ecology 96,
3109 (2015).

A. S. Rodrigues, J. D. Pilgrim, J. F. Lamoreux, M. Hoffmann, T. M. Brooks, The value of
the IUCN Red List for conservation. Trends Ecol. Evol. 21, 71-76 (2006).

S. van Buuren, K. Groothuis-Oudshoorn, mice: Multivariate imputation by chained
equations in R. J. Stat. Software 45, 1-67 (2011).

A. Robitzsch, S. Grund, miceadds: Some Additional Multiple Imputation Functions,
Especially for ‘mice’, R package Version 3.8-3.9 (2020). https://cran.r-project.org/web/
packages/miceadds/index.html. Accessed 10 March 2020.

C. D. Nguyen, J. B. Carlin, K. J. Lee, Model checking in multiple imputation: An
overview and case study. Emerg. Themes Epidemiol. 14, 8 (2017).

K. Abayomi, A. Gelman, M. Levy, Diagnostics for multivariate imputations. J. R. Stat.
Soc. Ser. C Appl. Stat. 57, 273-291 (2008).

L. Santini, S. Pironon, L. Maiorano, W. Thuiller, Addressing common pitfalls does not
provide more support to geographical and ecological abundant-centre hypotheses.
Ecography 42, 696-705 (2019).

. L. J. Revell, phytools: An R package for phylogenetic comparative biology (and other
things). Methods Ecol. Evol. 3, 217-223 (2012).

W. Jetz, G. H. Thomas, J. B. Joy, K. Hartmann, A. O. Mooers, The global diversity of
birds in space and time. Nature 491, 444-448 (2012).

S. Nakagawa, P. De Villemereuil, A general method for simultaneously accounting for
phylogenetic and species sampling uncertainty via Rubin’s rules in comparative
analysis. Syst. Biol. 68, 632-641 (2019).

M. Proschan, E. Glimm, M. Posch, Connections between permutation and t-tests:
Relevance to adaptive methods. Stat. Med. 33, 4734-4742 (2014).

D. Meyer et al., e1071: Misc functions of the department of statistics, probability
theory group (formerly: E1071), Tu Wien, R package Version 1-7 (2018). https:/CRAN.
R-project.org/package=e1071. Accessed 10 March 2020.

C. T. Callaghan, S. Nakagawa, W. K. Cornwell, Data and code for Callaghan et al.
2021. Global abundance estimates for 9,700 bird species. PNAS. Zenodo. https:/doi.
0rg/10.5281/zenodo.4723365. Deposited 27 April 2021.

Callaghan et al.
Global abundance estimates for 9,700 bird species


https://mc-stan.org
https://mc-stan.org/
https://cran.r-project.org/web/packages/miceadds/index.html
https://cran.r-project.org/web/packages/miceadds/index.html
https://CRAN.R-project.org/package=e1071
https://CRAN.R-project.org/package=e1071
https://doi.org/10.5281/zenodo.4723365
https://doi.org/10.5281/zenodo.4723365
https://doi.org/10.1073/pnas.2023170118

