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Abstract

Birds and their habitats are threatened with extinction around the world.

Regional assessments of the “State of Birds” are a vital means to prioritize

data-driven conservation action by informing national and global policy. Such

evaluations have traditionally relied on data derived from extensive, long-term,

standardized surveys that require significant resources, limiting their feasibility to

a few regions in the world. In the absence of such “structured” long-term datasets,

“semi-structured” datasets have recently emerged as a promising alternative in

other regions around the world. Semi-structured data are generated and uploaded

by birdwatchers to citizen science platforms such as eBird. Such data contain

inherent biases because birdwatchers are not required to adhere to a fixed proto-

col. An evaluation of the status of birds from semi-structured data is therefore
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a difficult task that requires careful curation of data and the use of robust sta-

tistical methods to reduce errors and biases. In this article, we present a meth-

odology that was developed for this purpose and was applied to produce the

comprehensive State of India’s Birds (SoIB) 2023 report. SoIB 2023 assessed

the status of 942 bird species in India by evaluating each species based on

three metrics: (1) long-term change, (2) current annual trend, and (3) distribu-

tion range size. We found evidence that 204 species have declined in the long

term and that 142 species are in current decline. Birds that have vertebrate or

invertebrate diets have declined most rapidly in the long term, whereas those

that feed on fruits and nectar have been stable. Birds that require grasslands

have declined more rapidly than those that require other habitats, indicating

that grasslands are an important ecosystem to prioritize conservation in India.

We classify 178 species as high conservation priority and present and discuss

important insights about India’s birds that can guide research and conserva-

tion action in the region. We hope that the detailed methodology described

here can act as a blueprint to produce State of Birds assessments from

semi-structured citizen science datasets and springboard conservation action

in many other regions where structured data are lacking but strong communi-

ties of birdwatchers exist.

KEYWORD S
abundance trends, big data, citizen science, conservation priority, eBird, forecasting,
State of Birds

INTRODUCTION

Birds are rapidly declining worldwide (BirdLife
International, 2022b; Lees et al., 2022), mirroring a
broader decline in global biodiversity (Díaz et al., 2019).
The reasons for the decline, and potential solutions, vary
with species and geopolitical region (BirdLife International,
2018). As opposed to global evaluations, regional assess-
ments of bird population status are often better placed to
effectively guide conservation and species recovery action
(BirdLife International, 2015, 2017, 2022b; Díaz et al., 2019).
Bird population status assessments (State of Birds reports)
have been published in the past decades for several coun-
tries and regions (e.g., Turkey, Kittelberger et al. [2023];
North America, North American Bird Conservation
Initiative [2022]; India, SoIB [2020]; United Kingdom,
Hayhow et al. [2017]; Switzerland, Moosmann et al. [2023];
Australia, BirdLife Australia [2015b]; and Europe, BirdLife
International [2015]), helping guide national conservation
priorities and policy.

Standardized surveys form the backbone of typical
“State of Birds” reports. Such surveys are usually
conducted periodically (often every year) by trained vol-
unteers who use fixed protocols and collect “structured”
data. They follow a sampling design that ensures similar

sampling effort across space (across the country/region)
and time (over years), allowing straightforward inference
about bird population trends across large regions. Some
examples of such surveys include the New Atlas of
Australian Birds (Barrett et al., 2003; BirdLife Australia,
2015a), United Kingdom Breeding Bird Survey (British
Trust for Ornithology, 2019; Harris et al., 2018), North
American Breeding Bird Survey (Sauer et al., 2013), The
European Breeding Bird Atlas (EBCC, 2022), and Swiss
Common Breeding Bird Survey (Knaus et al., 2018).
Because these large-scale standardized surveys are
resource- and training-intensive, a majority of them are
from countries in the Global North. Some initiatives like
the Kenya Bird Map (Nussbaumer et al., 2024) and the
Kerala Bird Atlas (Praveen et al., 2022) show that stan-
dardized surveys can be executed in countries from the
Global South, but are difficult to sustain. In the majority
of countries from the Global South, large-scale surveys
are often infeasible due to a lack of resources and volun-
teer networks.

In the absence of standardized surveys, a new oppor-
tunity for large-scale status assessments of birds has
emerged for these countries. This comes from data col-
lected by hobbyist birdwatchers, who go out and observe
birds for pleasure. Birdwatchers have a long-standing
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tradition of recording checklists of birds they observe.
Previously, they would record these lists in notebooks but
today, the lists can be directly uploaded to citizen science
platforms like eBird (Sullivan et al., 2014), creating vast
repositories of information that are publicly accessible.
Data uploaded by birdwatchers to platforms such as
eBird, however, are “semi-structured” because they are
generated from birdwatching sessions. Birdwatchers
are allowed some flexibility in protocol when making
lists, introducing biases into observation effort (time
spent birdwatching, distance traveled, etc.) and heteroge-
neity in space and time. These biases complicate the pro-
cess of curating, analyzing, and inferring large-scale
abundance trends from such data.

State of Birds assessments typically use species count
data to derive periodic estimates of population size
(e.g., Blancher et al., 2009; Brotons & Herrando, 2011;
Crowe et al., 2014; Gregory et al., 2005; Herrando
et al., 2008; Musgrove et al., 2013; Newson et al., 2005,
2008; Norman et al., 2012; North American Bird
Conservation Initiative, 2014; Sattler et al., 2017). Species
counts, however, may not be reliable in semi-structured
data generated from recreational birdwatching because
counting methods and attention to detail tend to vary
among observers. An alternative to species counts in
semi-structured data is species detection/non-detection
data. Detection/non-detection data can be used to derive
periodic estimates of a species’ “reporting frequency,”
that is, the average likelihood of encountering a species
given a specified effort. Periodic assessments of both pop-
ulation size and reporting frequency can be used to esti-
mate abundance trends over time. Both methods produce
trends that are often correlated (Joseph et al., 2006;
Pollock, 2006), and detection/non-detection data have
already been used to estimate trends for State of Birds
assessments (BirdLife Australia, 2015a, 2015b; Olsen
et al., 2003; Szabo et al., 2010).

With the rapid growth in popularity of eBird in India
since 2014 and the emergence of a vast dataset, it is now
feasible to assess Indian bird species trends using detec-
tion/non-detection data. A partnership of organizations
used data uploaded to eBird to produce the State of
India’s Birds (SoIB) 2020 report (SoIB, 2020). Since the
publication of the 2020 report, the eBird database has
rapidly grown in size and quality, allowing the partner-
ship to produce the next, and more robust, status assess-
ment of birds in the country, SoIB 2023 (SoIB, 2023a,
2023b). Here, we describe the key findings of SoIB 2023
and the detailed methods used to derive its various com-
ponents from semi-structured data uploaded to eBird. We
describe in detail the steps used to filter data to reduce
inherent biases and the rationale used to select species
for inclusion in various analyses. We also highlight

analytical steps used to reduce spatial autocorrelation
and to account for variation in birdwatching effort
among checklists. The analytical framework described
here could be applied to produce a State of Birds assess-
ment in any other region where long-term
semi-structured data are available.

METHODS

Introduction to eBird data

Birdwatchers upload their observations on eBird through
the basic unit of a checklist. A checklist can contain zero
to several species of birds listed alongside their counts,
where every species is named according to the Clements
taxonomy (Clements et al., 2023). A checklist is tradition-
ally uploaded using one of four protocols, “incidental,”
“stationary,” “traveling,” or “historical.” The incidental
protocol is used for a list of birds observed when not pri-
marily watching birds; only date and location inputs are
mandatory. The other three—stationary, traveling, and
historical—are used for checklists generated during time
devoted to birdwatching. Aside from date and location,
birdwatching effort must be specified for stationary (start
time and duration) and traveling checklists (start time,
duration, and distance). The historical protocol is used
when this information on effort is not available, which is
often the case with data collected years ago, and for
example, transcribed from physical notes. More informa-
tion on the protocol types is available on the eBird help
pages (eBird, 2024). When uploading a checklist,
birdwatchers are asked whether the list is “complete.”
For a checklist to be marked complete, it should include
every species identified by the birdwatcher (seen or
heard) in the duration of the checklist. This is essential
information because only complete checklists allow an
analyst to infer non-detection, and therefore only these
checklists can be used to calculate statistically sound
reporting frequencies and trends.

Components of SoIB 2023

State of Birds (and similar) reports usually include clas-
sifications of bird species into color-coded concern or
priority categories based on their population trends
(BirdLife Australia, 2015a, 2015b; Eaton et al., 2015a,
2015b; Hayhow et al., 2017; North American Bird
Conservation Initiative, 2012). Such categorization
enables prioritization of species for research and con-
servation action. We developed a methodology to
assess the conservation priority status of a species
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(high, moderate, and low) based on three metrics esti-
mated from eBird data: (1) Long-term Change (LTC):
change in abundance between the year 2022 and the
year-interval “pre-2000”; (2) Current Annual Trend

(CAT): mean annual change in abundance from 2015
to 2022; and (3) Distribution Range Size (DRS). These
three metrics and the conservation priority status
derived from them form the backbone of SoIB.

F I GURE 1 The State of India’s Birds (SoIB) pipeline. (“Long-term Change” is the same metric referred to as “Long-term Trend” (LTT)
in the SoIB 2023 report and associated outputs.) Original design by Janhavi Rajan.
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The SoIB pipeline

The SoIB pipeline, or the analytical workflow used to
produce the essential output of SoIB, is outlined step-
wise in Figure 1. The pipeline includes several steps
from downloading and curating the data to calculating
the three metrics that are used to derive conservation
priority status. The statistical software R 4.2.3 (R Core
Team, 2023) was used for all steps in the pipeline.

Step 1. Setting up data for analyses

Data downloaded from eBird require additional curation
to be ready for analyses. This section describes how eBird
data were reshaped and curated after appending
species-level and spatial polygon information.

Readying raw data
SoIB (2023b) used three kinds of data: eBird data;
species-level information including habitat specialization,
endemic region, etc.; and spatial data in the form of
administrative and gridded maps of India.

Readying raw data: eBird data. As the basis for the report,
we used eBird data for India uploaded up to 31 May 2023
(Cornell Lab of Ornithology 2023), which followed the
Clements et al. (2022) taxonomy. We separately requested
eBird for “sensitive” species data that were not included
in the public downloads. The eBird Basic Dataset and
sensitive species data together made up the base dataset
required for our analyses (Figure 1).

Readying raw data: Species attributes. For the second kind
of data, we used available knowledge from handbooks,
field guides (Ali & Ripley, 1968; Grimmett et al., 2011;
Rasmussen & Anderton, 2012), published and gray litera-
ture, and online resources to collate species-specific infor-
mation for all of India’s bird species (1358 as of 31 May
2023 on eBird). This information includes taxonomic
groupings (Clements et al., 2022), IUCN status
(IUCN, 2023), diel activity classification (Wilman
et al., 2014), diet guild (Wilman et al., 2014), endemism
and region of endemism (adapted from Praveen &
Jayapal, 2023), and habitat specialization and migratory
status within India (adapted from Wilman et al., 2014)—
all also fine-tuned using other sources. We identified spe-
cies that needed to be included in SoIB from the Indian
perspective (birds for which India constitutes a large
and/or important part of their breeding or wintering
ranges, culturally significant birds, etc.), even if they did
not meet the minimum data-driven criteria to qualify for
LTC and CAT analyses (see Figure 1; Selecting species

and checklists: Selecting species). Finally, we added infor-
mation about whether a species’ range within India is
restricted to islands (even if not an endemic). We used
this set of information to filter data, select species, and
aggregate species for analyses based on their taxonomic
and ecological attributes (Figure 1; Selecting species and
checklists: Selecting species). The sheet (SoIB_mapping_
2022.csv) containing this species-level information can be
downloaded from Zenodo (SoIB, 2024).

Readying raw data: Spatial polygons and grids. For spatial
data, we used a shapefile of India’s administrative bound-
ary to produce clipped (to India’s boundary) and
unclipped square spatial grids of the following edge reso-
lutions: 5, 25, 50, 100, and 200 km. Spatial gridding func-
tions use fixed-degree cell size specifications. Due to the
curvature of the earth and variation in the degree:kilome-
ter relationship of longitude with latitude, the horizontal
edges of our grid cells are shorter in northern latitudes
than in southern latitudes. As a result, the longitudinal
edges of our 25-km resolution, for instance, range from
24.8 km at the southernmost tip to 20 km at the north-
ernmost tip. We also created a spatial polygon that
included a 1-km buffer around the country’s boundary to
be able to isolate data located in the ocean from data
located inland and in the intertidal zones. An elevation
raster was created for use as the background in species
distribution range maps.

Reshaping eBird data
This section describes how the raw data at this stage were
modified to make them suitable for curation and ana-
lyses. As a first step, we removed duplicate instances
when a species name (observation) was associated with
multiple shared checklists among observers from the
same birdwatching party.

Reshaping eBird data: Converting calendar year to migra-
tory year. We obtained information about the day,
month, calendar year, and what we call the “migratory
year” of every observation, which is similar in concept
to a “water year” (Wikipedia Contributors, 2024).
Winter migrants to the Indian subcontinent arrive in
autumn and leave the next spring; a migratory cycle
consequently spans two calendar years. We therefore
shifted every calendar year forward by five months to
create a migratory year, which encloses a single migra-
tory cycle. Any given migratory year thus consists of the
period between 1 June of one calendar year and 31 May
of the subsequent calender year (i.e., 2022 refers to the
period 1 June 2022–31 May 2023). The word “year” in
this paper hereafter and in SoIB (2023b) refers to the
migratory year so defined.
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Reshaping eBird data: Quantifying checklist effort.
Birdwatching effort can vary considerably among eBird
checklists. Some checklists may involve just a few
minutes of birding and others may involve several hours.
The probability of reporting a bird in a checklist will
depend on the effort spent birding—the greater the effort,
the greater the probability. The reporting frequency of a
species during a specific year-interval will therefore
depend on the effort spent birding in all the checklists
from that year. Because this effort does not remain con-
sistent from year-interval to year-interval on eBird, it is
necessary to standardize birdwatching effort among
checklists so that there is no bias while making compari-
sons between years.

Birdwatching effort is traditionally specified in an
eBird checklist by the maker of the checklist in two ways:
by noting the duration and/or the distance traveled.
Another measure called “list length” has also sometimes
been used as a proxy for birdwatching effort on eBird
(Horns et al., 2018; Neate-Clegg et al., 2020). List length
is the number of unique species reported across a set of
shared checklists. Unlike duration and distance traveled,
list length is not specified by the maker of a checklist. In
this study, we used list length as a measure of
birdwatching effort to statistically model frequency
of reporting (Figure 1; Modeling frequency of reporting:
Running single-species models) instead of duration and
distance traveled. We arrived at this decision after exam-
ining the relationships between frequency of reporting
and these three candidate explanatory variables for a
number of species. We found, for 50 randomly selected
species, that the frequency of reporting correlates poorly
with duration or distance, indicating that they are
unreliable predictors of reporting frequency (Figure 2;
Appendix S1: Figures S1–S6). The correlation with list
length, however, is strong.

Duration and distance may be unreliable because
they depend on individual birdwatching styles and indi-
vidual comprehension of eBird best practices. For exam-
ple, many birdwatchers document double the distance
when they go up and down a single trail, but others (cor-
rectly) report only the one-way distance. Similarly, a
birdwatching list that spans 8 h may actually only involve
2–3 h of birdwatching, with the rest being time spent
driving or, say, at food stops. The number of species on a
checklist, however, correlates well with reporting fre-
quency, in spite of the obvious correlations between
reporting frequency and bird diversity and detectability
in a region (Appendix S1: Figure S7). An additional criti-
cal advantage of using list length as a proxy of effort is
that it allows the use of checklists from before 2010
uploaded with the historical protocol, for which duration

and distance metadata are usually missing (Appendix S1:
Figure S8).

Reshaping eBird data: Assigning data to temporal and spa-
tial units. We organized the data into 14 year-intervals for
LTC and CAT analysis: pre-2000, 2000–2006, 2007–2010,
2011–2012, 2013, 2014, 2015, 2016, 2017, 2018, 2019,
2020, 2021, and 2022. Years before 2013 were binned into
intervals in such a way that each interval contained at
least 7000 complete checklists. This was necessary con-
sidering the low volume of information available annu-
ally on eBird before 2013 (SoIB, 2023a, 2023b). Month
information was reorganized into four seasons to
include in analyses: winter (December–February),
summer (March–May), monsoon (June–August), and
autumn (September–November).

Finally, we overlaid the spatial grid data onto the
eBird data such that every observation would be assigned
to a grid cell of each edge resolution (5, 25, 50, 100, and
200 km). To exclude pelagic checklists (from the ocean)
but retain intertidal checklists, we excluded all checklists
in our India dataset that were located outside a 1-km
buffer around the country’s boundaries.

Reshaping eBird data: Removing vagrant records. A key
step in the SoIB pipeline is to identify and exclude records
of vagrants so that local abundance is estimated only within
the expected range of a species. With the amount of
birdwatching today, vagrants are being found with
increasing regularity all over the country. A species
prone to vagrancy may have therefore been detected
often at multiple sites that do not form a part of its reg-
ular range. To prevent such vagrant records from
confounding expected patterns of the species of inter-
est, they must be excluded from estimates of abun-
dance and range size (Magurran & Henderson, 2003).
We assumed that only migratory species would have
vagrant records that need to be excluded, and therefore
did not consider records of species categorized as
“Resident,” “Resident & Altitudinal Migrant,”
“Resident & Local Migrant,” “Resident & Localized
Summer Migrant,” “Altitudinal Migrant,” or “Resident
(Extirpated)” for exclusion.

We used the following procedure. For each month of
the year in each 200-km cell, we isolated records
of migratory species that had been reported in three or
fewer years. Of these cell–month–species combina-
tions, we isolated those that have occurred at least once
from 2015 onward (period for current trends), and
removed them from our dataset. Given that each cell
may only have been sampled a few times before 2015,
three or fewer historical records in a cell does not
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indicate vagrancy—the species may instead have been reg-
ular but not detected in multiple years. On the other hand,
the country has been spatially well sampled in recent years
and the rare presence of a species in a cell is likely to indi-
cate true vagrancy. After excluding vagrants, complete
checklists continue to contain complete information about
the presence/absence of every “regular” species, therefore
not violating the premise of completeness.

Curating eBird data
Data on eBird are subject to rigorous quality checks before
they become available for public view and download. A
team of over 200 editors curate data quality in India, in
addition to the entire community of eBirders who partici-
pate in this process through mechanisms built into eBird
and regional discussion forums outside eBird. Public data
nevertheless still contain inaccuracies. Such inaccuracies

F I GURE 2 Reporting frequencies of Jungle Babbler and Black-winged Kite (representative) in relation to list length (number of species

in a checklist up to 100), binned duration (100 0.1-h bins), and binned distance (100 0.2-km bins). Patterns were similar for 50 randomly

selected species (Appendix S1: Figures S1–S6).

ECOSPHERE 7 of 28
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can be reduced by applying a set of further quality checks
on the data.

Curating eBird data: Removing observations unsuitable for
analyses. We identified and removed quality-flagged
data by:

1. combining data of 17 sets of similar species whose sep-
arations are particularly challenging for birdwatchers
(Appendix S1: Table S1);

2. removing observations that were marked by the eBird
data review process as not suitable for public output,
but were still appearing in the output;

3. removing observations marked as “escapee,” a tag
used to identify observations of birds that may have
escaped from captivity;

4. removing a set of identifiable mistakes in the data
(observations out of documented range, checklists
plotted in the wrong location, etc.) that crept in even
after curation by eBird editors; and

5. removing any traveling checklist where the distance
specified was greater than 50 km.

Curating eBird data: Reviewing checklist completeness.
Birdwatchers who use eBird have varying degrees of famil-
iarity with the platform. Consequently, the dataset con-
tains errors, including those that involve incorrect
assignment of protocol and other metadata. We must
account for observers erroneously marking a checklist as
complete because only truly complete checklists (those
that report all species detected) can be used to calculate
reporting frequencies. To minimize usage of checklists
erroneously marked complete, we relabeled as incomplete
those checklists that met any of the following criteria:

1. Protocol was incidental, indicating that birdwatching
may not have been the primary focus.

2. Distance traveled was greater than 10 km.
3. Three or fewer species were reported, but the list

lacked information on duration.
4. Traveling speed (calculated from list metadata) was

greater than 20 km/h, indicating compromised
detection.

5. Duration was less than 3 min.
6. Three or fewer species were reported at a rate of less

than two species per hour, again suggesting the list
was not complete.

7. Started at or after 2000 h and ended at or before
0400 h, because the likelihood of detecting a species
drastically changes in the night. This ensured that
nocturnal lists did not qualify for LTC and CAT analy-
sis, but still provided distribution information for the
species reported.

Selecting species and checklists
This section describes how species were deemed to qual-
ify for each analysis based on the amount of available
data and how checklists were selected to use in the ana-
lyses of each species.

Selecting species and checklists: Selecting species. We
restricted our focus to the taxonomic level of “species”,
and reports of subspecies or subspecies groups were
assigned to the parent species. Of all species reported
from India on eBird, we selected a total of 942 species by
applying a number of rules. We limited our pool to diur-
nal species (active during the day) because birdwatching
is largely a diurnal activity, and nocturnal species are
very infrequently detected during the day. From this
pool, we selected a species if it qualified through any of
three rules:

1. The species had been reported in more than four
200-km grid cells, and had been detected in at least
15 locations in each of the 14 year-intervals. These
species qualified for LTC analysis (523 qualifying spe-
cies). We followed the same selection protocol for
CAT analysis but with the year-interval criterion
reducing to the 8 years from 2015 to 2022 (643 qualify-
ing species).

2. The species is endemic to the Indian subcontinent or
to biogeographical regions therein (109 species).

3. India constitutes a large and/or important part of
the species’ breeding or wintering ranges (190 spe-
cies; see Figure 1; Readying raw data: Species
attributes).

This procedure to select species for LTC and CAT
analyses required species to occur in four 200-km cells
and is therefore only applicable to wide-ranging species.
Several species, however, have small ranges but substan-
tial data. Such restricted species sometimes have suffi-
cient long-term data for trend estimation through a
different analytical methodology. Of the total species
selected (942), we identified a set of range-restricted
(detected in four or fewer 200-km grid cells) resident spe-
cies that had not qualified for LTC and CAT analyses.
Only resident species—those with a migratory status of
“Resident,” “Resident & Altitudinal Migrant,” “Resident &
Local Migrant,” “Resident & Localized Summer Migrant,”
“Altitudinal Migrant,” or “Resident (Extirpated)”—were
considered. From these, we selected species whose range
(in units of 25-km grid cells) contained at least 50 complete
checklists in each year-interval. Note that the restricted spe-
cies list by definition could only contain species that were
already part of the 942 but had not qualified for LTC and
CAT analyses. A total of 669 species finally qualified for
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LTC and CAT analyses out of the 942. All 942 species were
selected for DRS analysis.

Selecting species and checklists: Constraining data for a
species. For each of the 942 bird species, its LTC, CAT,
and DRS had to be estimated using data only from within
its broad spatial and temporal occurrence range. This is
an important step because the three metrics would other-
wise be diluted by the inclusion of information from a
location or season where the species cannot be present.
Many analyses of structured data (BirdLife
Australia, 2015a, 2015b; North American Bird
Conservation Initiative, 2014; Sauer et al., 2013) follow
this method, which ensures that local abundances are
used to estimate abundance metrics. To restrict data to
within the occurrence range of a species, we included, for
each month, data from only those 100-km grid cells
where the species had been reported. We selected 100 km
over 200 km because many more regions unsuitable for a
species may fall within a 200-km grid cell.

Selecting species and checklists: Reducing spatial
non-independence of checklists. A significant source of
bias in any semi-structured data is the overrepresentation
of some birdwatching sites (“localities” in eBird) in the
data because they are heavily frequented by
birdwatchers. This leads to pseudoreplication in analyses
and runs the risk of certain sites disproportionately
influencing results and inferences. In addition, if the rela-
tive representation of birdwatching sites in the data
changes over years, inferences for any year are no longer
comparable with inferences for every other year. To miti-
gate this, we spatially subsampled the data so that only a
single complete checklist was randomly picked from each
site for each month and year-interval, thereby producing
a smaller dataset that has equal representation from each
site for every month and year-interval. We then repeated
this process 1000 times to produce 1000 simulated
datasets that together represented greater variation from
within each site. These filtered datasets were generated
for use in the analyses of LTC and CAT, but not of DRS.

Step 2. Estimating LTC and CAT

We selected the entire period before the year 2000 as the
baseline against which the changes in abundance were
compared in the long term. The year 2000 was chosen as
the threshold year because it was the earliest period for
which aggregated data were found to be adequate
for abundance (frequency) estimation. The LTC metric
was defined as the percentage change in the frequency of
reporting between the year 2022 and the year-interval

pre-2000. We selected 2015 as the baseline for the CAT
because we found that annual patterns of eBird usage in
India are most comparable in the years starting from
2015, probably because eBird was first used in India in
2013 and patterns of eBird usage took some time to
develop before settling. The CAT is defined as the mean
percentage annual change in frequency during the
8 years from 2015 to 2022. Given the large amount of
data available for this period and comparable eBirding
patterns, we are especially confident about the CAT met-
ric. Consequently, this confidence also reflects in the
greater relative weight given to the CAT over the LTC
when making species-level prioritization decisions (see
Figure 1; Assigning categories of conservation priority).

Modeling frequency of reporting
This section describes the steps followed to build and exe-
cute statistical models to estimate the frequency of
reporting for each species during each year-interval.

Modeling frequency of reporting: Running single-species
models. We considered each checklist from the curated
dataset to be an independent sampling unit and
modeled detection/non-detection (the response vari-
able) for each species using binomial generalized linear
mixed-effects models (Bird et al., 2014; Horns
et al., 2018; Walker & Taylor, 2017). Although data on
non-detection are not present in eBird data, such data
are implicit for all species absent in complete check-
lists. The primary explanatory variable (fixed effect)
was the year-interval (as a factor) because our main
objective was to infer trends over years. We did not
include this as a continuous variable because we did
not want to force a monotonically decreasing or
increasing trend over years, and instead wanted to be
able to detect fluctuations at a yearly interval. Other
explanatory variables (fixed effects) were season (fac-
tor) and the interaction between season and list length
(whole number). We included these two variables to
statistically control for the effects of seasonality and
birdwatching effort on detection.

Random effects were specified as a nested
25-km-within-100-km grid cell structure to smoothen
spatial bias and account for spatial autocorrelation
(Equation 1). We specified fewer random effects for spe-
cies restricted in range (see Figure 1; Selecting species and
checklists: Selecting species) in the following way: (1) a
25-km grid cell random effect was included for any
restricted species that was reported in eight or more
25-km grid cells (Equation 2), and (2) no random effect
was specified for any restricted species that was reported
in seven or fewer grid cells (Equation 3). We also consid-
ered including observer identity as a random effect to
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account for varying observer ability (Johnston
et al., 2018; Kelling et al., 2015; Link & Sauer, 1998;
Sauer et al., 1994), but decided against it for three rea-
sons: (1) observer random effects appeared to make little
to no difference to parameter estimates from exploratory
analyses but made the models data-hungry; (2) observer
abilities change with time, and we would have had to
effectively incorporate a separate effect within each
year-interval (a random slope), which would be computa-
tionally intensive; and (3) observer abilities are unlikely
to be different across species and years in any
directional way.

We used a complementary log–log link function to
transform our binomial response as it approaches asymp-
totes more gradually than a logit link function and is
therefore most appropriate for the majority of species that
are either very rare or very common. We used the func-
tions glm() and glmer() from the lme4 package (Bates
et al., 2015) in R 4.2.3 (R Core Team, 2023) to fit these
models and obtain predictions. We modeled the proba-
bility of reporting a species (p) in the following manner
(“j” represents every checklist). For species that are
widespread:

cloglogðpjÞ¼ α0 + α1 × season+ α2 × logðlist lengthÞ:season+ α3
× year-interval

� �
|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}

fixed effects

+ 1
���100km
25km

� �
|fflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflffl}
random effects

: ð1Þ

For species that are moderately restricted (reported in
eight or more 25-km grid cells):

cloglogðpjÞ¼ α0 + α1 × season+ α2 × logðlist lengthÞ:season
+ α3 × year-interval

� �
|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}

fixed effects

+ 1j25km½ �|fflfflfflfflffl{zfflfflfflfflffl}
random effects

: ð2Þ

For species that are highly restricted (reported in
seven or fewer 25-km grid cells):

cloglog pj
� �

¼ α0 + α1 × season+ α2 × logðlist lengthÞ:season
+ α3 × year-interval

� �
|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}:

fixed effects

ð3Þ

For the mixed-effects models, we used the function
predictInterval() from the package merTools (Knowles
et al., 2023) to obtain the mean reporting frequency and
associated standard error (SE) of a species for a list of

median lengths in each season for each year-interval. For
the fixed-effects models, we obtained predictions from
the base function glm::predict(). In both cases, means
and SEs were averaged across the four seasons to get a
single mean and SE (individual errors were propa-
gated) for the species in each year-interval. This pro-
cess was repeated for all 1000 randomly generated
datasets for all qualifying species (Selecting species
and checklists: Reducing spatial non-independence of
checklists), effectively bootstrapping and providing a
single file with 1000 different mean and SE values for
each year-interval for each species. Note that these
values of reporting frequency were still on the
transformed (Gaussian) scale and were later
back-transformed to calculate LTC and CAT (see head-
ings titled “Calculation”), and associated confidence
intervals (CIs).

Modeling frequency of reporting: Model confidence
checks
We needed to ensure that any species selected for LTC
and CAT analyses were widely distributed within 25-km
cells, thereby reducing pseudoreplication and spatial
autocorrelation. We therefore excluded from LTC and
CAT calculations any species: (1) that had a mean of less
than eight 5-km subcells sampled with at least one com-
plete checklist, out of a maximum of 25 cells, across all
25-km grid cells where the species occurred; or (2) for
which the variation in the proportional coverage of 5-km
subcells within each 25-km cell was so high that the
CI:mean ratio was greater than 0.25. This step was not
applicable to species restricted to the islands because
many 5-km subcells within a 25-km grid cell may be
entirely located in the ocean and therefore be inher-
ently out of reach. Next, we needed to ensure greater
comparability from the frequencies estimated for these
years. We therefore excluded any species whose aver-
age sampled range (25-km grid cells with complete
lists) between 2015 and 2022 was less than 60% of its
sampled range in 2022.

Additionally, we ran some checks to reduce “prob-
lematic” predictions of trends in any of the 1000 simula-
tions, either due to a species not having sufficient data or
because of model convergence issues. For species with
LTC estimates, we removed predictions for every simula-
tion where the transformed SE for any year-interval
before 2015 was NA (not estimated) or where the
transformed SE was greater than the absolute value of
the mean (an arbitrary high threshold, for greater cau-
tion). After this process, if less than 500 predictions
remained (out of 1000) for a species, its LTC metric was
not calculated. For species with only CAT estimates
(2015 onward), we followed the same process but added
the additional criterion of the absolute value of the
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predicted estimate for a year-interval not exceeding
100, indicating near 0 or 1 (back-transformed) frequency
values and a problem with convergence.

Modeling frequency of reporting: Predicting values
We averaged predicted values across simulations (up to
1000) for each species and each year-interval. This aver-
aging was done on the transformed (Gaussian) values,
where SEs were assumed to be symmetrical about the
mean. We obtained a single mean value for each species
and each year-interval and calculated SE by allowing
errors to propagate. This estimate referred to later as
“transformed frequency of reporting” is used in subse-
quent calculations.

Estimating LTC and CAT
Estimating LTC and CAT: Calculation of LTC. We
back-transformed the transformed reporting frequency
estimates using the clogloglink() function to get the
actual frequency of reporting (ranging from 0 to 1) as
well as lower and upper 95% CIs (using a ×1.96 conver-
sion on the transformed SE estimates). We proceeded to
standardize the actual frequency of reporting for every
species so that an inference of change could be made
relative to the first year-interval, which would then be
comparable across species, unlike the raw reporting
frequencies. We achieved this standardization by divid-
ing the estimate for every year-interval by the pre-2000
estimate, then multiplying by 100 and subtracting 100.
Standardized frequency of reporting is referred to as
“abundance index” henceforth. LTC is defined as the
abundance index for the year 2022.

LTC¼ frequency of reporting2022
frequency of reportingpre-2000

 !
× 100

 !
− 100

ð4Þ

To calculate the uncertainty associated with each
abundance index for each species, we combined the
uncertainty in every reporting frequency estimate
with the uncertainty in the reporting frequency esti-
mate for the pre-2000 period. A very imprecise
pre-2000 estimate would therefore result in a lack of
confidence in the abundance index for every subse-
quent year-interval. We achieved the calculation of
uncertainty by repeating the abundance index calcula-
tion for each year-interval 1000 times using reporting
frequency values sampled from the Gaussian distribu-
tion described from the means and SEs of the respec-
tive transformed reporting frequencies. We estimated
95% CIs from the 1000 abundance index estimates for
each year-interval for each species.

Estimating LTC and CAT: Categorization of LTC. We
drew from published State of Birds reports that used
five-way assessment schemes to categorize long-term
metrics (Blancher et al., 2009; Hayhow et al., 2017; North
American Bird Conservation Initiative, 2012). In addition
to these, we included two categorizations that are not
often part of State of Birds assessments: “insufficient
data” and “trend inconclusive.” The use of “trend incon-
clusive” was to safeguard against making inferences
using any estimates that were associated with high uncer-
tainty. A species was “stable” if it did not qualify for
decline or increase, nor was the trend inconclusive.
Stable here therefore implies that the trend is “no differ-
ent from stable,” a deliberately conservative rule of
thumb. Criteria used to place each species in LTC catego-
ries are explained in Figure 3. The decisions are hierar-
chical, and species were classified in the order of the
specified rules (top to bottom). Specified thresholds apply
to lower CIs for increases and upper CIs for declines.

Estimating LTC and CAT: Sensitivity check of LTC. We
took the results through a sensitivity filter to ensure that
the LTC is robust and less likely to change significantly
due to statistical randomness in the algorithms when
the calculation (which includes simulations) is
repeated. We repeated the process of calculating the
LTC five times, thereby repeating the process used to
calculate uncertainty, which involved random sam-
pling from Gaussian distributions with means and SDs
corresponding to model predictions. For each species,
we recategorized the LTC based on each of the five
LTC calculations. We compared categories from these
five repetitions with the original categories (a total of
six) and changed the original category hierarchically
to: (1) “Trend Inconclusive” if a species was placed in
more than two categories; (2) “Increase” if the simula-
tions produced both Rapid Increase and Increase clas-
sifications; (3) “Decline” if the simulations produced
both Rapid Decline and Decline classifications; and (4)
“Trend Inconclusive” if the species was placed in two
contradictory categories (e.g., Stable and Decline).

Estimating LTC and CAT: Calculation of CAT. For each
species in each year-interval from 2015 to 2022, we simu-
lated 1000 back-transformed values by sampling from the
distribution of transformed reporting frequency predic-
tions derived from the models. We assumed that the
relationship between reporting frequency and time is
near-linear for the short duration of 8 years (Buckland
et al., 2005). We randomly sampled a frequency value
for each species and year-interval from the 1000 simu-
lated values and ran a linear model with these eight
sampled values against year-intervals (a continuous
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F I GURE 3 Decision tree to categorize Long-term Change (LTC), Current Annual Trend (CAT), and Distribution Range Size (DRS).
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variable this time, 2015–2022). We calculated a mean
reporting frequency for each year-interval (and the
associated propagated SE) by resampling the eight
values 1000 times and running linear regressions, and
finally averaging across the 1000 predictions obtained
for each year-interval. To estimate CAT, defined as the
percentage annual change in reporting frequency over
the 8-year period, we selected the year-intervals 2015
and 2016 (the highest uncertainty years so that the
results would be most conservative) and calculated the
slope of the regression proportional to the 2015
reporting frequency estimate (standardized to a per-
centage). We did not directly fit simple linear models
onto the raw data with a continuous predictor that
spanned the last 8 years because our response (detec-
tion/non-detection) is binary and requires a nonlinear
transformation even if the transformed relationship is
linear. Equation (5) provides the calculation of CAT
from the predictions of a linear regression that uses
predictions from the main model as input.

CAT¼ frequency of reporting2016 − frequency of reporting2015
frequency of reporting2015

:

ð5Þ

Estimating LTC and CAT: Categorization of CAT. CAT
criteria are defined such that the thresholds for annual
change (Figure 3) compounded over 30 years (from the
pre-2000 median year 1992 to 2022) approximately
equal our long-term thresholds; therefore making
long-term and current categories comparable. The cate-
gories and the process of categorization are otherwise
as described in the LTC categorization section.

Estimating LTC and CAT: Sensitivity check of CAT. We
took the results through a sensitivity filter to ensure that
the CAT is robust and not likely to change substantially
if estimates from any one of the eight past years were
dropped from the calculation. This is to reduce instances
where a single year disproportionately drives estimates of
the CAT. We recalculated the CAT eight more times for
each species, each time dropping one of the 8 years that
were considered in the calculation. We compared the
nine such classifications (one original and eight sensitiv-
ity reclassifications for each species), and changed the
original category hierarchically to: (1) “Trend
Inconclusive” if a species had at least one pair of qualita-
tively opposite (Increase vs. Decrease) categorizations; (2)
“Trend Inconclusive” if a species had four or more Trend
Inconclusive classifications out of the nine; (3) “Increase”
if it was originally Rapid Increase but at least one other
reclassification produced an increase classification; and

(4) “Decline” if it was originally Rapid Decline but at
least one other reclassification produced a decline
classification.

Step 3. Estimating DRS

The use of eBird data provides the unique possibility of
quantifying species range sizes. We decided to calculate
DRS based on the actual occupied range and not the
modeled range because species distribution models pro-
vide predictions even for regions (grid cells) where the
species may not occur. We used an occupancy framework
to account for imperfect detection in grid cells where the
likelihood of occurrence was high, that is, in the grid cells
neighboring those where the species had been detected.

Modeling occupancy
Our objective was to compute the probability of occu-
pancy in every 25-km grid cell for every selected species,
but only from 2018 to 2022 so that the estimated DRS is
current. This extant range would include the area where
the species had been detected, as well as the probable
neighboring area it is expected to occupy where it had
not yet been detected. Any species with more than one
seasonal distribution range within the country would
require more than one occupancy estimate. We there-
fore classified species into one or more of the following
categories based on the hierarchical rules in
Appendix S1: Table S3: “resident” (R), “migrant sum-
mer” (MS), “migrant winter” (MW), “migrant passage”
(MP), and “migrant” (M).

Modeling occupancy: Running single-species models. We
assumed the probability of occupancy of a species to be
1 in those grid cells where it was detected. To estimate
the probability of occupancy of a species in neighboring
cells where it was not detected, we used the R package
unmarked (Fiske & Chandler, 2011) and modeled occu-
pancy in its extant range (past 5 years, i.e., 2018–2022)
while accounting for imperfect detection (Kéry
et al., 2010). For each cell, we calculated one metric to be
used as a site covariate—the proportion of occupied
neighboring 25-km grid cells out of eight—so that
unsampled cells can have some estimated finite probabil-
ity of occupancy in the neighborhood of occupied cells
(Altwegg & Nichols, 2019). Season and list length were
the checklist-level covariates considered. To reduce viola-
tions of closure assumptions, we ran separate models
spanning different seasons for migratory and resident
species (Altwegg & Nichols, 2019). We modeled occu-
pancy (ψ) and detection probability (p) in the following
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manner (“i” represents every 25-km edge cell and “j” rep-
resents every checklist within a cell):

logit ψið Þ¼ β0 + β1 × Proportion of occupied neighbors
ð6Þ

For the detection probability of species that are resident:

logitðpi,jÞ¼ α0 + α1 × log list lengthð Þ+ α2 × season+ α3
× log list lengthð Þ× season

ð7Þ

For the detection probability of species that are
migratory:

logitðpi,jÞ¼ α0 + α1 × log list lengthð Þ ð8Þ

We ran the appropriate model for each species for
each season (where applicable) to predict the occu-
pancy probability in each unoccupied neighboring
cell based on the proportion of its occupied neigh-
bors. We also predicted detection probability (p) for
each checklist in a cell and then subtracted that from
1 to get the probability of the species not being
detected in each checklist. By multiplying
non-detection probabilities across all checklists within
a cell, we calculated the probability of non-detection of the
species within the cell. SEs were propagated while calculat-
ing the product (see Michigan State University, 2019).
Finally, we multiplied the probability of non-detection of a
species in a cell with the predicted occupancy in that cell to
calculate a more informed probability of the species occupy-
ing that cell. SEs were again propagated as mentioned pre-
viously. Note that the probability of a species occupying a
cell where it had been reported is set as 1 and was set as
0 for every cell aside from these and their immediate neigh-
bors. These cell-specific probability values were later used
together with the area of a grid cell to estimate DRS for
each species.

Modeling occupancy: Predicting values. We calculated the
expected range size associated with each 25-km grid cell
for each species separately for each seasonal distribution
(R, M, MS, MW, and MP). This was calculated as the
product of the area of a cell (in square kilometers)
with its predicted occupancy (1 for cells with con-
firmed presence, 0 for “non-detection” cells with no
confirmed neighbor, and nonzero [0–1 exclusive] for
“non-detection” cells with at least one confirmed neighbor).

Estimating DRS
Estimating DRS: Calculation of DRS. Regionwide range size
was then estimated by summing across expected cell-level
range sizes while propagating SEs derived from the occu-
pancy model. This yielded a number (often large) that can be
interpreted as the total area within the country in which the
species is currently likely to occur. When a species had more
than one seasonal distribution, we picked the largest of the
estimated seasonal range sizes as the DRS for that species.

Estimating DRS: Categorization of DRS. We adopted a
five-way assessment scheme to categorize DRS (Figure 3).
Species restricted to islands within India have different
rules for categorization as Very Restricted because they
inherently have small range sizes. Any species selected
for SoIB that did not have any reports during the past
5 years were categorized as “Historical.”

Step 4. Assigning categories of conservation
priority

A species was assigned a category of conservation priority
based on the classifications of the three metrics LTC,
CAT, and DRS. For example, a species that had its LTC
and CAT classified as rapid decline was categorized as
“high” conservation priority. The set of rules for this cate-
gorization are comprehensively outlined in the Methods
section of the SoIB 2023 report (SoIB 2023b). In cases
where the trend classifications were either Insufficient
Data or Trend lnconclusive, the species’ IUCN Red List
status also figured in the priority categorization.

Code

All the code associated with the SoIB 2023 analyses and
outputs is available from Zenodo (SoIB, 2024).

TABL E 1 Cross-tabulation of IUCN Red List status with State

of India’s Birds (SoIB) priority status.

IUCN status/
SoIB status High Moderate Low Total

Critically Endangered 14 0 0 14

Endangered 15 0 1 16

Vulnerable 42 8 2 52

Near Threatened 17 39 11 67

Least Concern 90 269 422 781

Not Recognized 0 7 5 12

Total 178 323 441 942
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RESULTS

Summary results

All metrics taken together, 178 species were identified as
high conservation priority, 323 as moderate, and 441 as
low. Of the 178 high priority species, 94 were categorized
based only on information about either or both of LTC
and CAT, together with DRS, 45 based on DRS alone,
and 39 after factoring in their IUCN Red List status. The
high priority species include 90 that are Least Concern
on the global IUCN Red List, and a further 17 that are
Near Threatened. Among species that are globally threat-
ened on the IUCN Red List, two Vulnerable (Greater

Spotted Eagle and Great Hornbill) and one Endangered
species (Steppe Eagle) were identified as low priority
(Table 1).

Of the 523 species with LTC estimates, 338 had robust
trends (not Trend Inconclusive). Of these, 98 declined in
abundance by more than 50% in the long term, meeting
the criterion for Rapid Decline. Of the 643 species with
CAT estimates, 359 had robust trends. Of these, 142
showed evidence of decline, and 189 were Stable. Of the
942 species with DRS estimates, 266 were Restricted or
Very Restricted (Table 2).

Species with restricted range sizes typically did not
have sufficient data to estimate trends with high confi-
dence (Table 3). Only 2% of Very Restricted and 1% of
Restricted species had statistically robust LTC estimates,
all of which were declines. None of the Very Restricted spe-
cies had CAT estimates within accepted limits of CIs, but
5% of Restricted species did, all of which were declines.
Around 40% of species with Moderate range sizes had LTC
and CAT estimates within accepted limits of CIs. A greater
proportion of Large range species were categorized as in
Decline or Rapid Decline (46% for LTC and 29% for CAT)
than Very Large range species (23% for LTC and 19% for
CAT). Conversely, more Very Large range species showed
an Increase or Rapid Increase than did Large range species.

Species with the steepest increases

Glossy Ibis and Indian Peafowl are among the few species
that have more than doubled in abundance in the long
term, increasing by 136% and 124% (lower CIs) respec-
tively (Table 4). Glossy Ibis, however, has a stable CAT,

TAB L E 2 Break-up of species categorizations in the three

State of India’s Birds (SoIB) metrics.

Category: LTC
and CAT

Species:
LTC

Species:
CAT

Category:
DRS

Species:
DRS

Rapid Decline 98 64 Historical 4

Decline 106 78 Very
Restricted

46

Stable 98 189 Restricted 220

Increase 19 17 Moderate 363

Rapid Increase 17 11 Large 178

Trend
Inconclusive

185 284 Very Large 131

Insufficient
Data

419 299

Abbreviations: LTC, Long-term Change; CAT, Current Annual Trend; DRS,
Distribution Range Size.

TAB L E 3 Cross-tabulation of Distribution Range Size categories with each trend category.

Distribution range size
insufficient

data
Trend

inconclusive
Rapid
decline Decline Stable Increase

Rapid
increase

Long-term Change

Very Restricted 96 2 2 0 0 0 0

Restricted 94 5 0 1 0 0 0

Moderate 42 20 12 12 12 1 1

Large 5 30 23 23 16 2 1

Very Large 2 37 15 8 21 8 8

Current Annual Trend

Very Restricted 91 9 0 0 0 0 0

Restricted 81 14 4 1 0 0 0

Moderate 18 44 6 9 21 1 0

Large 3 30 13 16 33 3 2

Very Large 2 27 8 11 40 6 5
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whereas Indian Peafowl continued to show a current
rapid increase of 6% per year.

Patterns in abundance based on species
attributes

A number of key insights about drivers of change can be
derived when abundance trends are examined based on
attributes of ecological significance, such as diet or habitat.
For example, an aggregated composite trend averaged
across all birds that specialize on forest habitat can be
compared to a composite trend averaged across all birds
that specialize on grassland habitat to understand which
habitat has the more rapidly declining average trend,
thereby helping prioritize habitats for conservation. In this
section, we compare composite trends within the follow-
ing attribute themes—diet, habitat, migratory behavior,
and endemism (Table 5). Species-level information that
formed the basis for these composites can be accessed
under the columns “Diet Guild,” “Habitat Specialization,”
“Migratory Status within India,” and “Endemicity” within
the “India” tab in the file “02_SoIB_2023_main.xlsx” that
is provided with SoIB (2023b).

Diet

We categorized birds into five groups based on diet, four
based on specialized diets—Fruit & Nectar, Invertebrate,

Plant & Seed, Vertebrate & Carrion—and Omnivore
(Table 5). We found that birds that specialize in diets of
vertebrate prey, carrion, or invertebrates have faced the
steepest long-term declines of more than 25%. Birds that
depend on fruits or nectar, in contrast, have remained
stable or even shown signs of increase in the long term
(Figure 4).

Among the vertebrate and carrion feeders, most vul-
ture species in India have undergone a Rapid Decline in
the long term, except for Slender-billed Vulture, for
which data were insufficient to estimate a trend, and
Himalayan Griffon, which has faced a Decline. Of the
vultures with robust CAT estimates, four species contin-
ued to be in Rapid Decline, including Indian Vulture,
which has been declining most rapidly at 8.7% a year
(upper CI limit), and two species in Decline, including
White-rumped Vulture (Figure 5).

Another group of vertebrate feeders that has declined is
the harriers. All harriers with robust trend estimates—
Montagu’s, Pallid, and Western/Eastern Marsh Harrier—
have undergone a Rapid Decline in the long term and have

TABL E 5 Composite abundance trends (Long-term Change

[LTC]) were estimated for the categories that represent each of five

attributes of ecological significance by averaging across individual

species trends (sample size provided here).

Species attribute Category No. species

Diet Fruit & Nectar 29

Invertebrate 167

Omnivore 47

Plant & Seed 37

Vertebrate & Carrion 58

Habitat Forest 61

Forest & Plantation 62

Grassland & Scrub 13

Open Habitat 45

Wetland 90

No Specialization 67

Migratory behavior Resident 151

Winter Migrant 62

Endemism Himalaya 8

Indian Subcontinent 41

Non-endemic 276

Western Ghats &
Sri Lanka

13

Shorebird migratory
behavior

Arctic Migrant 8

Near-resident or
Palearctic Migrant

19

Note: Species with LTC categorized as Trend Inconclusive are excluded here.

TAB L E 4 The 10 species with the greatest Long-term Change

(LTC) and Current Annual Trend (CAT) arranged in descending

order of magnitude of their lower CIs.

Species LTC (%) Species CAT (%)

Glossy Ibis 136 Indian Peafowl 6.0

Yellow-footed
Green-Pigeon

131 Little Swift 4.2

Rock Pigeon 130 Greater Coucal 3.8

Indian Peafowl 124 Alexandrine Parakeet 3.6

Ashy Prinia 113 Common Tailorbird 3.5

Black-headed
Ibis

86 Vernal Hanging-Parrot 3.4

Alexandrine
Parakeet

83 Blue-tailed Bee-eater 3.1

Plain Prinia 82 Loten’s Sunbird 3.0

Indian Grey
Hornbill

71 Green Imperial-Pigeon 2.7

Red-naped Ibis 71 Brown Rock Chat 2.5

Note: Species with LTC or CAT categorized as Trend Inconclusive are
excluded here.
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F I GURE 4 A comparison of the composite trends of birds that belong to each of five diet groups (Table 5). Composite trends were

calculated by averaging the mean individual trends of several species. Points refer to the proportional change in reporting frequency when

compared to the pre-year-2000 baseline. CIs have not been depicted for ease of interpretation. See the Methods section in the SoIB 2023

report (SoIB, 2023a, 2023b) for more details.

F I GURE 5 A comparison of current trends (2015–2022) of six vulture species. Points refer to the proportional change in reporting

frequency when compared to the 2015 baseline. CIs have not been depicted for ease of interpretation.
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continued to face a ~3% annual decline in recent years.
Data were sparse for large Aquila and Clanga eagles, but
Tawny Eagle is unique among them with a Rapid
Decline in the long term and a continuing Rapid Decline
even today. Steppe, Bonelli’s, and Greater Spotted Eagle
show stable current trends. Greater Spotted Eagle has
also been stable in the long term.

Habitat

We categorized birds into six groups based on habitat,
five based on specialized habitats—forest, forest and
plantation, grassland and scrub, open habitat, wetland—
and generalists with no single specialized habitat (Table 5).
We found that birds that specialize on grassland and
scrub habitats have declined the most, followed by those
that require more generic “open habitats” or wetlands
(Figure 6). Among the nine resident and migratory spe-
cies that specialize on dry grassland and scrub habitats
and have robust LTC estimates, seven have undergone a
Rapid Decline, and the remaining two a Decline, in the
long term. In recent years, however, none of these species
are in Rapid Decline although five—Indian Courser (72%
long-term decline), Pallid Harrier (72%), Montagu’s

Harrier (55%), Great Grey Shrike (83%), and Isabelline
Wheatear (58%)—are in annual decline of ~3%. Laggar
Falcon, another dry grassland specialist, did not have suf-
ficient data for LTC analysis but is in Rapid Decline of
~4% currently.

Some groups of wetland birds such as ducks and shore-
birds have declined more than others. Of the 12 duck spe-
cies with robust trends, only Lesser Whistling-Duck has a
Stable LTC, while the rest have all declined. Seven of the
remaining 11 have undergone a Rapid Decline, with the
greatest declines of over 70% experienced by Northern
Pintail and Tufted Duck. All ducks that had declined in
the past continued to be in Rapid Decline (6 of 11 species)
or Decline (4 of 11 species) today, except Red-crested
Pochard, which shows a Stable current trend.

Other groups of waterbirds show mixed trends.
Sixteen species show a stable or increasing CAT, while
23 species show a decreasing CAT, of which 10 species
are in Rapid Decline, including Greater Flamingo (6%
per year), Baillon’s Crake (7%), Sarus Crane (4%),
Spot-billed Pelican (4%), and Eurasian Spoonbill (6%).
Spot-billed Pelican had shown an increasing trend until
c. 2013 before rapidly decreasing to its pre-2000 levels
by 2022. Greater Flamingo, Sarus Crane, Eurasian
Spoonbill, and Black-capped Kingfisher have also

F I GURE 6 A comparison of the composite trends of birds that belong to each of six habitat groups (Table 5). Composite trends were

calculated by averaging the mean individual trends of several species. Points refer to the proportional change in reporting frequency when

compared to the pre-2000 baseline. CIs have not been depicted for ease of interpretation. See the Methods section in the SoIB 2023 report

(SoIB, 2023a, 2023b) for more details.
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shown a Rapid Decline in the long term. Several spe-
cies are in current Decline, such as Lesser Adjutant,
Painted Stork, and Pied Kingfisher.

Migratory behavior

We compared trends of birds that occur in India
year-round and those that migrate to India during
the winter (Table 5). We found that winter migrants
have declined more than those that are resident
(Figure 7).

Among all winter migrants to India, Black-capped
Kingfisher has declined the most in the long term (86%,
lower CI). A large proportion of the species that have
declined the most are migratory shorebirds (Table 6). The
only non-wetland migratory species that feature in
the top 10 declining birds (LTC and CAT) are Eurasian
Griffon and Pallid Harrier with declines of 79% and 73%
in the long term, and Forest Wagtail with a current
annual decline of 5.9%.

Endemism

We categorized birds into four groups based on endemic-
ity to any region within the Indian subcontinent—
Himalaya, Indian subcontinent, Western Ghats, and Sri
Lanka—and non-endemics (Table 5). We found that
Western Ghats (and Sri Lanka) endemics have declined

F I GURE 7 A comparison of the composite trends of Indian resident birds and winter migrant birds (Table 5). Composite trends were

calculated by averaging the mean individual trends of several species. Points refer to the proportional change in reporting frequency when

compared to the pre-2000 baseline. CIs have not been depicted for ease of interpretation.

TAB L E 6 The 10 species that are winter visitors to India and

have the greatest declines in Long-term Change (LTC) and Current

Annual Trend (CAT), arranged in descending order of the absolute

magnitude of their lower CIs.

Species LTC (%) Species CAT (%)

Black-capped
Kingfisher

−86 Sandwich Tern −8.6

Dunlin −82 Eurasian
Oystercatcher

−7.1

Eurasian Griffon −79 Baillon’s Crake −6.9

Eurasian Curlew −77 Dalmatian Pelican −6.5

Pied Avocet −77 Northern Shoveler −6.0

Curlew Sandpiper −76 Forest Wagtail −5.9

Terek Sandpiper −75 Northern Pintail −5.9

Gray Plover −73 Spotted Redshank −5.6

Tufted Duck −73 Ruddy Turnstone −5.5

Pallid Harrier −73 Terek Sandpiper −5.4

Note: Species with LTC or CAT categorized as Trend Inconclusive are
excluded here.
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more than endemics to other regions and non-endemics
(Figure 8).

DISCUSSION

A framework to leverage semi-structured
citizen science for conservation

We present a detailed framework to assess the status of
birds in a region using semi-structured data uploaded to
eBird. Our methodology not only enables vital status assess-
ments in the absence of regionwide standardized monitor-
ing schemes but also allows larger numbers of species to be
assessed when standardized schemes sometimes cover a
smaller set of species (e.g., Lin & Pursner, 2020). We high-
light here some of the particularly important decisions
made while developing the framework (in order of appear-
ance in the pipeline Figure 1):

1. Steps for curation of eBird data (Setting up data for
analyses: Curating eBird data) in addition to those
outlined in Johnston et al. (2019), in particular to
review checklist completeness.

2. Systematic objective process to remove vagrants from
large datasets (Reshaping eBird data: Removing

vagrant records), an important step to ensure that
the data used for the analysis of any species is
constrained to be from within the expected distribu-
tion range of that species (Selecting species and
checklists: Constraining data for a species). The
inclusion of data from a time period when a species
is not present and from a region where it does not
occur will make the estimated frequencies more sus-
ceptible to sampling biases over space and time. For
a migratory species, not including this step will
mean that checklists uploaded in the breeding
region from the nonbreeding season (when it can-
not be present in the area) will also be used in the
estimation of the species’s trends.

3. Spatial subsampling to reduce the spatial
nonindependence of checklists (Selecting species
and checklists: Reducing spatial non-independence of
checklists) in trend models. While SoIB (2020) only
used random effects at the grid level to reduce spa-
tial bias, it did not account for bias from variation
in sampling among sites within each grid.

4. Specifying random effects as grids (Modeling frequency
of reporting: Running single-species models) rather than
hotspots/locations (e.g., Horns et al., 2018;
Kittelberger et al., 2023; Neate-Clegg et al., 2020) in
GLMMs. We chose grids rather than hotspots because,

F I GURE 8 A comparison of the composite trends of birds that are endemic to different regions (Table 5). Composite trends were

calculated by averaging the mean individual trends of several species. Points refer to the proportional change in reporting frequency when

compared to the pre-2000 baseline. CIs have not been depicted for ease of interpretation. See the Methods section in the SoIB 2023 report

(SoIB, 2023b) for more details.
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on eBird, hotspots and locations are often clustered
together in the best sampled parts of a region, often
around urban centers. Specifying random effects using
checklist locations reduces the impact of any single
site on the result (see previous point) but does not
reduce urban bias across a larger region. Thus, derived
trends may therefore be biased by how the distribu-
tion of hotspot/location clusters has changed
over time.

5. Specifying “year” as a fixed effect, but as a
nonnumerical factor (Modeling frequency of reporting:
Running single-species models) rather than a continu-
ous variable (e.g., Kittelberger et al., 2023;
Neate-Clegg et al., 2020). Species trends over the long
term can fluctuate or have opposing trajectories dur-
ing different periods. Specifying year as a continuous
variable forces a monotonically increasing or decreas-
ing trend.

6. Specifying “season” as a fixed effect (Modeling fre-
quency of reporting: Running single-species models), a
step not followed in the other similar analyses.
Detectability of a species can vary across seasons, and
trends can therefore be biased by changing patterns of
seasonal reporting on eBird, unless season is explicitly
controlled for. For example, let us assume a certain
species becomes less detectable during winter. If pat-
terns of seasonal birding have changed over time from
more summer birding in the past to more winter
birding today, frequencies of reporting will inherently
reduce, indicating a decline even when there is none.

7. Sensitivity checks to ensure the robustness of the
GLMM model results (Modeling frequency of reporting:
Model confidence checks), the LTC categorization, and
the CAT categorization (Estimating LTC and CAT:
Sensitivity checks).

8. Determining a three-way priority classification for
each species (Assigning categories of conservation
priority), in alignment with other conventional
regional State of Birds assessments (e.g., Burns
et al., 2020).

The framework we present is detailed, but we believe
that such detail is essential when dealing with a dataset
that has so much inherent variability in sampling effort,
observer experience, and degree of curation over space
and time.

Open-habitat birds, insectivores, and
raptors in global peril

Wild bird populations have declined considerably world-
wide, with North America reporting the loss of three

billion individual birds in the last 50 years (Rosenberg
et al., 2019) and Europe the loss of over 500 million since
1980 (Burns et al., 2021). SoIB 2023 paints a similar pic-
ture in India, one of severe long-term decline, although
the number of birds lost is as yet unknown. A common
thread that emerges from the majority of global assess-
ments is that some groups of birds are more threatened
than others, in particular those that specialize entirely on
grassland, scrubland, agriculture, or other open land-
scapes (BirdLife International, 2022a). Grassland ecosys-
tems are highly vulnerable in India due to the loss of
habitat to development and plantations (see SoIB,
2023b), and agricultural landscapes are rapidly changing
in the country (Brandt et al., 2024). Several regional
assessments now report significant declines of farmland/
grassland birds in the long term: ~40% in North America
(North American Bird Conservation Initiative, 2022), ~50%
in Europe (Burns et al., 2020), ~40% in Australia (BirdLife
Australia, 2015b), and now ~50% in India. In Europe, these
declines have been attributed to agricultural intensification,
largely from increased and unregulated pesticide and fertil-
izer use (Rigal et al., 2023).

Consequences of pesticide use are poorly understood
in India, but pesticides have been implicated in the
decline of open-habitat birds and insectivores also in
the United States (Li et al., 2020) and are widely thought
to be the driving factor in global insect declines
(S�anchez-Bayo & Wyckhuys, 2019). Neonicotinoids, a
family of pesticides, have recently been under scrutiny
due to their documented toxicity toward insects (Pisa
et al., 2021), in particular toward bees (Woodcock
et al., 2016). This scrutiny has resulted in the ban of
three neonicotinoids in the EU by the European
Commission in 2018 (European Commission, 2018).
Pesticides, including neonicotinoids, currently have
very little regulation in India and may be a reason
behind the particularly severe declines of open-habitat
birds and insectivores. The relationship of pesticides
and fertilizers with insect and bird declines in India
requires urgent attention so that necessary mitigation
steps can be taken quickly.

Although there is a lack of research on the role of
many environmental toxins such as pesticides in bird
declines, the role of non-steroidal anti-inflammatory
drugs (NSAIDs) (used as painkillers for livestock) in
causing vulture declines in India is now well studied.
Despite bans on the veterinary use of certain NSAIDs
such as Diclofenac, NSAIDs continue to be in circulation
and remain a significant threat to vultures today (see
Threats section in SoIB, 2023b). We worryingly found
that most vulture species in India are in continued rapid
decline in the country as a whole, with Indian Vulture
showing the steepest declining trend. Prakash et al.
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(2024) reported that vulture trends have stabilized in
many parts of the country. The results in SoIB differ, per-
haps due to the inclusion of non-protected areas, and/or
southern and northeastern India in our study. Trends for
vultures and raptors in general match trends from Africa
(Shaw et al., 2024), where all large vulture species have
declined by more than 80% in the long term. In India and
Africa, Eurasian Kestrel, Tawny Eagle, and Montagu’s
Harrier have rapidly declined (Table 7), while Booted
Eagle has remained stable. Species that have declined in
Africa but not in India include Steppe Eagle, Black Kite,
and Shikra. Western Marsh Harrier, on the other hand, is
near-stable in Africa, but has declined rapidly in India
(also see the results of standardized monitoring in
Nannaj in Bharadwaj et al. [2024]).

Contributions to global assessments

SoIB trends can play an important role in informing
global assessments of resident bird species that are
largely restricted to the region or have sizable
populations within India. Declining trends for Western
Ghats endemics indicate that their global statuses may
require scrutiny. On the other hand, increasing trends in
India may also have global implications. In a recent call
for IUCN status reassessments, BirdLife International
has referred to the increasing SoIB trend of Black-headed
Ibis (86% LTC, Table 4) while proposing that its status be
downlisted to Least Concern from Near Threatened (Red
List Team (BirdLife International), 2024a).

India also harbors sizable wintering populations of
many species that breed in regions that are not well mon-
itored. SoIB therefore provides insights not just into the
status of resident birds within India, but also into
the global status of many migratory species. An example
is the Black-capped Kingfisher, a winter migrant that had
shown (and continues to show) evidence of rapid decline
in India (SoIB, 2020). Some evidence of decline from its
breeding range in South Korea (Kim et al., 2021), com-
bined with evidence from nonbreeding regions including
the SoIB trend, meant that the global IUCN status of the
species was uplisted to Vulnerable (Red List Team
(BirdLife International), 2022). SoIB 2023 provides
insights into several other species whose wintering abun-
dance is declining in India, but whose declines are not
globally recognized, such as Baillon’s Crake, Forest
Wagtail, and Spot-winged Starling.

With its large coastline and network of wetlands,
India is especially important to migratory shorebirds that
use the Central Asian Flyway and the East Asian–
Australasian Flyway. Our results add to the growing evi-
dence that Arctic-breeding shorebirds are severely threat-
ened, even in northern Russia where the birds that
winter in India presumably breed. Of the 41 species of
largely migratory shorebirds considered in SoIB, we cate-
gorized 25 (60%) as high priority. Arctic-breeding shore-
birds (long-distance Arctic migrants) have declined by
close to 80% as a group, considerably more than those
that are near-resident or are Palearctic migrants
(Table 5, Figure 9). In a recent call for IUCN status
reassessments, BirdLife International has referred to

TAB L E 7 A comparison of the magnitudes of mean Long-term Change in the encounter rates/reporting frequency of similar raptor

species in Africa (Shaw et al., 2024) and in India.

Common name Africa: LTC (%) India: LTC (%) LTC status CAT status

Steppe Eagle −90 −31 Trend Inconclusive Stable

White-backed Vulture/White-rumped Vulture −86 −98 Rapid Decline Decline

Eurasian Kestrel −70 −72 Rapid Decline Rapid Decline

Tawny Eagle −66 −73 Rapid Decline Rapid Decline

Black Kite −60 4 Stable Trend Inconclusive

Montagu’s Harrier −51 −63 Rapid Decline Decline

Shikra −44 22 Trend Inconclusive Stable

Black-winged Kite −32 −43 Decline Decline

Red-necked Falcon −26 −57 Decline Decline

Short-toed Snake-Eagle −25 −63 Rapid Decline Rapid Decline

Western Marsh Harrier −4 −61 Rapid Decline Decline

Booted Eagle 3 −11 Stable Trend inconclusive

Note: Where two species are mentioned in the column “Common name” as “species 1/species 2,” species 1 refers to the species in Africa and species 2 to the
equivalent species in India.
Abbreviations: LTC, Long-term Change; CAT, Current Annual Trend.
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the declining SoIB trends of Black-bellied Plover,
Ruddy Turnstone, and Curlew Sandpiper while propos-
ing that their status be uplisted (Red List Team
(BirdLife International), 2024b, 2024c, 2024d).

Additionally, populations of migratory ducks are in
rapid decline in India, providing insights into source
populations that breed east of Europe. Rates of decline
appear very similar to those in Europe (Table 8). Duck

species that have declined the least in SoIB like
Green-winged Teal and Red-crested Pochard are the only
ones showing increasing trends in Europe. Our results
suggest that ducks and wetlands require focused conser-
vation attention across Eurasia, much like the focused
measures in North America that have enabled a remark-
able recovery of waterfowl in the region (North
American Bird Conservation Initiative, 2022).

F I GURE 9 A comparison of the composite trends of shorebirds based on their migratory behaviors (Table 5). Composite trends were

calculated by averaging the mean individual trends of several species. Points refer to the proportional change in reporting frequency when

compared to the pre-2000 baseline. CIs have not been depicted for ease of interpretation. See the Methods section in the SoIB 2023 report

(SoIB, 2023b) for more details.

TAB L E 8 A comparison of the magnitudes of mean Long-term Change in the population size/reporting frequency of 10 duck species in

Europe (Burns et al., 2021) and in India.

Common name Europe: LTC (%) India: LTC (%) LTC status CAT status

Northern Pintail −75 −75 Rapid Decline Rapid Decline

Eurasian Wigeon −60 −60 Decline Decline

Garganey −50 −58 Rapid Decline Rapid Decline

Common Pochard −50 −68 Rapid Decline Decline

Northern Shoveler −40 −65 Rapid Decline Rapid Decline

Tufted Duck −40 −78 Rapid Decline Decline

Green-winged Teal −25 −69 Rapid Decline Rapid Decline

Red-crested Pochard 25 −42 Decline Stable

Gadwall 50 −27 Trend Inconclusive Decline

Ferruginous Duck −40 Trend Inconclusive Trend Inconclusive

Note: All these species are winter migrants to the Indian subcontinent.

Abbreviations: LTC, Long-term Change; CAT, Current Annual Trend.
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Systematic and standardized monitoring
efforts remain essential

SoIB 2023 has limitations, largely due to the way eBird data
are collected. We do not present estimates of population
size because of the semi-structured nature of eBird data and
non-standardized counting techniques. Several assessments
around the world that are built on standardized monitoring
efforts (Burns et al., 2020; North American Bird
Conservation Initiative, 2022) report population sizes,
adding an important dimension in the prioritization of bird
species for conservation. We encourage the initiation of
long-term standardized efforts in India that can supplement
eBird data and address this gap. Some assessments, like the
State of the UK’s Birds (Burns et al., 2020) also report trends
in demographic parameters for certain species, like the
number of checks fledged, which is an important metric
that can give early warning signals of decline, especially for
long-lived birds like vultures and storks. Demographic
trends, however, cannot be derived from eBird data and
require dedicated long-term systematic monitoring. At least
one long-term study in India monitors the demography of
all species at the study site (Srinivasan & Wilcove, 2021),
and this can hopefully be replicated and scaled up in the
future to produce the required data at the national level.

SoIB currently lacks abundance trends for certain groups
of birds such as mountain pheasants, nocturnal birds (owls,
nightjars), and seabirds. These groups are poorly represented
in citizen science (or other) datasets for large-scale analysis,
often because of low detectability. Specialized networks
focused on monitoring these groups are necessary to under-
stand their trends at a national scale, as is the case in the
United Kingdom (Burns et al., 2020) where even the
Breeding Bird Survey is insufficient to monitor rare birds.
SoIB also has very few available results for range-restricted
species (Table 3), due to a lack of data as well as limitations
in the analytical methodology that make the analyses of
restricted species difficult. Data uploaded to eBird are col-
lected by birders with a wide range of experience, leading to
poor data for species where identification is especially chal-
lenging. Many such species are not considered for LTC and
CAT analysis in SoIB, but some estimated frequencies for
bird groups like pipits and Acrocephalus/Iduna warblers may
need to be treated with caution. Systematic and extensive
ringing studies may be essential for estimating abundances
of difficult groups of birds such as these.

Recommendations for citizen science and
conservation practitioners in emerging
regions

Birdwatching is growing in popularity worldwide, creat-
ing an opportunity for citizen science projects to blossom

in regions where baseline data on birds are lacking.
While the step from casual birdwatching to more for-
mal citizen science can be organic, we urge concerned
people in the community to become citizen science
managers and accelerate the growth of citizen science
through dedicated programs and workshops. Such an
investment ensures significant gains both in terms of
monitoring process and conservation outcome.
Deepening public participation in an open and trans-
parent monitoring of biodiversity at large scales is
highly desirable, even if just to increase public engage-
ment with nature and science. But in addition, such an
effort yields the data necessary to produce assessments
of the State of Birds, especially when coupled with the
framework we have developed to enhance the rigor
and reliability of the assessments.

Institutionally too, the SoIB 2023 report (SoIB, 2023b)
offers a collaborative model whereby 13 governmental
and nongovernmental organizations, each with their par-
ticular expertise, have partnered around a common set of
objectives and approaches. We recommend a similar
approach for a State of Birds report elsewhere too,
because it results in an assessment that is not only scien-
tifically reliable but also institutionally robust, offering
greater legitimacy for its results to be integrated into
downstream public decision-making for conservation.
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