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ABSTRACT

1. Uncertainty in data accuracy and lack of diversity among participants are two common
concerns in citizen science projects. But what if the methods used to simultaneously maximize
data quality and user participation lead to unbalanced user experiences and biased data? While
many studies focus on advancing techniques for analyzing large and noisy datasets, methods are
needed to test the veracity of the systems that produce those data.

2. Here we present a web-based audit study, a standard and increasingly common method in
computer and social sciences but novel to ecology, to test the veracity of methods used in web-
based citizen science data collection and curation. We tested for several types of bias in eBird’s
data quality control process, with the intent to provide recommendations to improve
representation and scientific veracity in the world’s largest citizen science project. Following a
basic design for auditing web-based platforms, we systematically submitted 19,491 fictitious bird
observations from 196 simulated eBirders who varied by region, sex, and race, and we assessed
how those variables were associated with eBird’s real acceptance or rejection of the fictitious
observations.

3. We found near-total confirmation bias, in that eBird accepts 100% of false observations that
fit eBird’s a priori expectations for species’ spatio-temporal ranges, while accepting 0 — 29% of
true observations that do not fit eBird’s expectations. Hence, the eBird data quality control
process does not validate data, but rather it produces illusory quality through forced conformity.
We show how this problem contributes to a larger, self-perpetuating cycle of bias inherent to the
design and function of eBird. We cannot report results from geographic or demographic analyses

(see SI).



4. Regarding species’ spatio-temporal ranges, and changes thereto, we conclude that the eBird
database almost entirely reflects eBird’s predetermined expectations, and changes that eBird
makes to those expectations over time. This irreparably detaches the eBird dataset from
ecological reality because no statistical technique can reconstitute patterns that are perpetually
and permanently removed and replaced during data collection and curation. eBird is an
undeniably magnificent, user-friendly birdwatching application, but as citizen science, its design
obviates the citizen and feigns science. The ecological and evolutionary sciences could benefit

from similar independent investigations of other web-based research projects.
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1 | INTRODUCTION

Citizen science (aka, community science), or the involvement of volunteers in empirical
research, has enabled the collection of enormous volumes of data by reducing financial,
logistical, or physical constraints inherent to traditional methods (Dickinson et al. 2010). In
ecology, some of the largest and longest-running citizen science projects include the North
American Breeding Bird Survey, National Audubon Society’s Christmas Bird Count, North
American Amphibian Monitoring Program, the leafing and flowering times of US lilacs and
honeysuckles, and the Butterfly Monitoring Scheme (Kosmala et al. 2016). Data collected from
these and other citizen science projects have advanced the understanding of phenological
responses to climate change (Hurlbert & Liang 2012), long-term population trends (Sauer et al.

2017), descriptions of animal and plant distributions (Braschler 2009, Deguines et al. 2012),



spread of invasive species (e.g., Delaney et al. 2008), and effects of anthropogenic changes to

landscapes (Ward-Paige et al. 2010).

eBird (ebird.org; Cornell Lab of Ornithology [hereafter, CLO]) is a relative newcomer (2002) to
the citizen science scene that has eclipsed all other biodiversity-related projects in terms of
global coverage and participation rates. eBird capitalizes on the widespread popularity of
birdwatching and has compiled >2 billion observations submitted by birdwatchers (hereafter,
eBirders), over the Internet through eBird’s free website and mobile application, into a central
database (Sullivan et al. 2014, ebird.org). eBirders include nine-year olds, retired hobby
birdwatchers, and everyone in between (J. Fitzpatrick, CLO, pers. comm. to University of
Toledo [hereafter, UT admin]). The eBird database has been used to show shifting species
distributions (Taylor et al. 2014), responses to climate change (Reese & Skagen 2017),
population trends (Clark 2017, Walker & Taylor 2017), changes in migration patterns and
phenology (Supp et al. 2015), and to estimate global abundances of many bird species
(Callaghan et al. 2021). Other applications of eBird data include “species management, habitat

protection, and informing law and policy” (ebird.org).

Citizen science data, such as those submitted by eBirders, have enormous potential scientific
value, but may have limited utility for some purposes because volunteer-collected observational
data can be subject to greater rates of human error and/or bias than those collected by trained and
supervised employees (Foster-Smith & Evans 2003, Crall et al. 2011, Gardiner et al. 2012, Kamp
et al. 2016, but see Kosmala et al. 2016). Data quality issues are most concerning when user

submissions cannot be verified by the citizen science project or the researchers using the



resulting dataset, as is the case with eBird. Other web-based citizen science projects such as
zooniverse (zooniverse.org) and iNaturalist (inaturalist.org) receive submissions comprised
primarily of photographs, which are reviewed by additional citizen scientists and researchers for
accuracy before being accepted into the database, and provide a record allowing subsequent re-
examination. Despite recent upgrades to eBird that allow photographs and other media to
accompany eBirder submissions, most observations lack such documentation, likely due to the
challenges of photographing free-living birds and the prohibitive cost of quality photography
equipment for many users. In the absence of evidentiary documentation, eBird reports are
eyewitness accounts, and a large body of literature documents that human eyewitnesses are often

more confident than they are reliable (e.g., Rose & Beck 2014).

eBird recognizes the user accuracy issue inherent to systems that accept unverifiable anecdotes
from untrained non-experts, as evidenced by its implementation of a two-tier data quality control
process (Sullivan et al. 2014). Briefly, all observations submitted to eBird first go through
algorithm-based filters that essentially classify each observation as expected (i.e., the species is
reported within a spatial and temporal range that is consistent with eBird’s a priori expectations)
or unexpected (i.e., the species is reported outside of eBird’s expected spatial and/or temporal
range, by any magnitude). It is unclear if these filters take anything else into consideration, and
the algorithms are not publicly available. These expectation filters were originally set by eBird
associates including volunteer eBird reviewers (“regional experts;” Sullivan et al. 2014, pg. 34),
and can be adjusted at any time by those reviewers. All expected observations are accepted into
the database automatically. eBird reviewers can scrutinize and reject expected observations that

were automatically accepted by filters, but this is rare. All observations that are classified as



unexpected by an algorithm-based filter require the eBirder to confirm that they entered the
intended species by adding a note about their observation during data submission, and the
observation will then purportedly receive subsequent scrutiny by eBird reviewer(s). eBirders are
said to be given the opportunity to explain each unexpected observation within a few days of
submission (J. Fitzpatrick, CLO, pers. comm. to UT admin), but unexpected observations are
commonly accepted or rejected without inquiry from eBird reviewers (the authors, pers. obs.).
Accepted observations, whether expected or unexpected, enter into the eBird database and are
subsequently viewable by anyone, in map and checklist form, and available to extract for
scientific analysis. Rejected observations are omitted from the eBird database, not publicly
viewable or extractable for analysis, and typically removed from the eBirder’s account, making
them permanently irretrievable (i.e., eBird keeps no backups of data lost or removed from user
accounts; eBird.org). Despite the intent of the data quality control process, eBird’s selective
acceptance of evidence that supports a priori expectations while rejecting evidence that refutes
those expectations, regardless of the validity of the evidence, meets the definition of
confirmation bias, and might have unintended consequences for the quality and utility of the

resulting dataset.

While eBird’s algorithms and volunteer reviewers work diligently to maximize data quality, the
CLO may also be unmatched in its efforts to maximize participation in eBird. Increasing
geographic coverage and increasing the diversity of eBirders are admirable goals of the program
(ebird.org), and there is much work to be done. For example, in the US, 95% of eBirders are
non-Hispanic White (Rutter et al. 2021), and in metropolitan areas, eBird data are spatially

biased and overrepresent wealthier neighborhoods with higher proportions of White residents



(Perkins 2020, Grade et al. 2022). Even in majority non-White regions of the world, the most
active eBird contributors are typically White (Scott 2021), and eBird’s design and global
standardization of bird names can ““contribute to the erasure of cultural diversity” and “reinforce
the status quo of colonizer—colonized relationships™ (Soares et al. 2023). There is growing
recognition within the birdwatching and scientific communities that implicit biases result in
inequities in awareness, opportunity, and participation based on race, sex, and other demographic
parameters (e.g., Gentile 2019, Thompson 2020, Soares et al. 2023). Recognition of these biases
has led to initiatives and organizations including Black Birders Week (blackafinstem.com), Bird
Names for Birds (birdnamesforbirds.wordpress.com), movements to address sexism (e.g., Ortega
2021), and calls for policy changes that encourage respectful collaboration with international
partners (Soares et al. 2023). But what happens if a research entity’s efforts to increase data
quantity and quality introduce more opportunity for geographic or demographic biases to arise?
Disproportionate treatment of participants based on their region, sex, race, or other factors could
undermine efforts to increase inclusiveness and more representative data, and identifying and

working to correct such biases should be desired by all.

Despite discussion and debate about the pros and cons of citizen science (e.g., Crall et al. 2011,
Gardiner et al. 2012, Brown & Williams 2018), the reliability of the resulting data (e.g., Foster-
Smith & Evans 2003, Crall et al. 2011), and efforts to quantify the success of internal review
processes for filtering erroneous data (Bonter & Cooper 2012), to our knowledge, there have
been no attempts to quantify potential biases introduced by the data quality control process itself
within a citizen science project. Investigating the specific types of bias for which we were

concerned (i.e., confirmation bias and bias based on geographic region, sex, and race), in a web-



based platform, requires specific computer science methods. We implemented an audit study
(Sandvig et al. 2014), which is a standard and increasingly common method in the computer
sciences and social sciences (Gaddis 2018). Web-based audits have been used in the
medical/natural sciences to test, for example, the accuracy of online symptom checkers
(Semigran et al. 2015), but the methods may be novel to many ecologists. Audit study designs,
considered “field studies” in computer and social sciences, have been in use since at least 1940,
but their application to web-based platforms has grown with increasing use of the Internet
(Gaddis 2018). Briefly, web-based audit studies involve the submission, over the Internet, of
fake/fictitious information to a platform in order to test how the platform responds to the
experimental treatment of the fictitious information (Sandvig 2014). Audit studies, by definition,
involve deception (i.e., the audited entity cannot be aware of the experimental treatment) to
ensure the data (i.e., the entity’s responses) are representative and independent of internal
influence. Notably, auditing researchers are not bound by website terms-of-use that prohibit
users from submitting false information, and such action is not fraud or hacking (Sandvig et al. v
Barr 2020). Audit studies have been used to uncover discrimination in treatment of rideshare
users (Ge et al. 2016), racial bias in healthcare algorithms (Obermeyer et al. 2019), and failures
of social media platforms to identify false political ads (Le Pochat et al. 2022), among many

other applications.

We used standard web-based audit methods to test for several types of bias within the eBird data
quality control process that might undermine efforts to increase participant diversity and could
impact the scientific veracity of the database. Specifically, we tested for confirmation bias and

bias based on region, sex, and race of eBirders. We systematically submitted fictitious



observations representing expected and unexpected times and locations from simulated eBirder
accounts for which the eBirders represented regional and demographic variation, to test if those
parameters were associated with the rates at which observations were accepted into the eBird
database. As in other audit studies, although our submissions were fictitious, they represented
real submissions, their treatment by eBird was real and representative, and our analyses and
results are based on the real final status of each observation (i.e., accepted into the eBird
database or not). Our intention was to help improve the inclusiveness and scientific veracity of
the world’s largest citizen science project by identifying and quantifying potential forms of bias
that could be reduced or accounted for by changes in eBird’s approach to data collection and
curation. We predicted that acceptance and rejection rates would be similar across regions but
might vary with demographic identities of eBirders. In addition, we predicted that confirmation
bias would be present at some rate but would be small enough to be remedied by minor
adjustments in eBird’s practices. We used our findings to assess the utility of eBird data for

delineating species’ spatio-temporal ranges and detecting changes in those ranges.

2| METHODS

We created eBird accounts for 196 simulated eBirders, through which we submitted lists of
fictitious bird observations (i.e., real species, but not real observations). Following audit research
standard ethics (e.g., Sandvig et al. 2014), we designed our study to reduce, and in this case
eliminate, possible influence of our intervention on anyone else interacting with eBird (see SI).
We took care to make our simulated eBirders indistinguishable from typical eBirder accounts
and activities, and to be similar to each other in all ways except the variables we meant to test.

To make each simulated eBirder appear ordinary, we uploaded a randomly generated list of



common species that they “observed” prior to joining eBird (i.e., life lists) and we regularly
submitted lists (~2/mo) of fictitious observations that were expected (by eBird) species during
February — May 2017. We submitted these bird lists as if they were from locations at or near
where presumably real lists (i.e., lists from existing eBirders are unverifiable by us or anyone
else) had been recently submitted by eBirders. We created specific differences among our
simulated eBirders to test for geographic and demographic biases. For regional variation, we
assigned four simulated eBirders to each continental U.S. state. For demographic variation, each
of the four simulated eBirders in each state was assigned a name socially perceived as belonging
to one of four groups based on sex (i.e., typically male vs. typically female) and race (White-

sounding vs. Black-sounding; See SI).

Our submission of several fictitious bird lists from each simulated eBirder that contained only
species expected by eBird served three purposes: 1) to establish a level of experience that was
similar among all of our simulated eBirders and thus limited potential inexperience bias from
eBird; 2) to ensure the proportion of expected and unexpected observations we submitted was
close to the regular rate of eBird submissions (94% of submissions are expected [S. Kelling,
CLO, pers. comm. to UT admin]); and 3) to attempt to obtain adequate variation in rejection
rates of expected observations, which we anticipated would be uncommon, to compare among
our variables of interest. Following the submissions that contained only expected species, in one
of each simulated eBirder’s reports during April or May 2017, we submitted another list
containing expected observations with a single additional observation of an unexpected, but
plausible, species (i.e., a bird slightly outside of eBird’s expected spatial or temporal range for

that species). We assigned these unexpected fictitious observations immediately adjacent to
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eBird’s spatial or temporal expectations for two reasons: to eliminate the possibility of our
entries impacting anyone else’s research (see SI), and to ensure that the resulting acceptance rate
would be a maximum (i.e., we assumed eBird’s acceptance rate of unexpected observations

peaks proximal to their expected range and decreases to zero when increasingly far ofY).

During the data submission process, the eBird filtering algorithms identified each unexpected
observation and required an additional note to be entered prior to submission of the species list.
To meet this requirement, we randomly selected a phrase from a response bank we prepared
based on common eBirder entries we learned from ex-eBird reviewers (see SI). Following
submission, all unexpected observations are purportedly scrutinized by eBird reviewer(s)
(Kelling et al. 2015) who ostensibly request additional information within few days to
corroborate observations (J. Fitzpatrick, CLO, pers comm. to UT admin). We monitored the
status of all fictitious observations and responded to inquiries regarding unexpected observations
in a pre-determined, standardized fashion (see SI). In October 2017, ~5 months after submission
of the last list for each simulated eBirder, we recorded the status of each fictitious observation as

accepted (i.e., present in eBird database) or rejected (i.e., absent from eBird database).

We anticipated that eBird’s data quality control process would be rapid, as advertised, but 34%
of our unexpected observations received no apparent scrutiny in the months following
submission. Therefore, we left all observations, expected and unexpected, in the simulated
eBirder accounts for an extended duration because deleting those that were already accepted
would be atypical behavior for eBirders and could have influenced eBird’s treatment of

remaining unexpected observations. After waiting an additional year (i.e., October 2018), we
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observed no new inquiries to our simulated eBirders, and no changes to the status of any
observations. We subsequently checked the status of each observation prior to removing all of
them permanently from eBird (January 2020), and we again observed no additional changes in

their status prior to removal.

3| RESULTS

We submitted 1,188 checklists containing 19,491 fictitious observations to eBird, of which
19,296 were expected and 195 were unexpected based on eBird’s spatial and temporal filters for
each species. Excluded from this total was one checklist from one simulated eBirder in which we
made an eBird entry error (i.e., wrong state). We later excluded 103 additional observations (1
expected and 102 unexpected) to be compliant (see SI), leaving 19,388 simulated observations
(19,295 expected and 93 unexpected) for which we had data in the form of final status of
accepted or rejected. The excluded data had constituted ~0.5% of our original dataset, and their
absence did not influence results regarding confirmation bias. However, the exclusion of those
data resulted in inadequate sample sizes to present analyses and results regarding bias in eBird

based on region, race, and sex. Future studies should consider similar questions.

All 19,295 (100%) expected observations were accepted into the eBird database despite none of
them being true. We therefore estimate the probability of a false observation being accepted into
the eBird database to be 1.00, as long as it fits eBird’s expectations for the species’ spatio-
temporal range. Considering 94% of eBird entries are expected (S. Kelling, CLO, pers. comm. to
UT admin), this result indicates that at least 94% of the entire eBird dataset was accepted into the

database with zero scrutiny regardless of observation validity. Of our 93 narrowly unexpected
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observations, 27 (29%) were accepted into the eBird database within 2 months of submission,
presumably by eBird reviewers, without inquiry to our simulated eBirders, and 66 (71%) were
either rejected with no inquiry, or rejected by default because no apparent action was taken on
them by eBird for >2.5 years. These bird observations were fictitious, but they were each highly
plausible and our results reflect the rate at which true, but narrowly unexpected, observations are
accepted. Assuming that unexpected observations are rejected at increasing rates as observations
become increasingly distant from eBird’s spatio-temporal expectations, we estimate the
probability of true, but unexpected observations being accepted into the eBird database ranges
from 0.00 to 0.29. It is possible that more unexpected observations would have been accepted at
later dates, but we believe that allowing 2.5 years before we removed them from the simulated
eBirder accounts was long enough to conclude that the process of scrutinizing unexpected
observations is detrimentally slow. We cannot report results regarding bias based on region, sex,

or race (see SI).

4 | DISCUSSION

4.1 | The need for independent assessment

Here we introduced web-based audit methods to the ecological sciences. As ecologists address
issues at global scales with data increasingly gathered via public, web-based approaches (e.g.,
social media surveys, citizen science projects, crowdsourced weather data), much attention has
been paid to improving statistical methods to handle large and noisy datasets (e.g., Kelling et al.
2015, Panchariya et al. 2015, Altwegg & Nichols 2019). However, such analytical advances tend
to rely on the assumption that unwieldy sample sizes and data noisiness are the only problems.

For example, Kelling et al. (2015, abstract) assumed “eBird’s data submission design ensures

13



that all data meet high standards of completeness and accuracy” before introducing their big data
approach to analysis. The falsity of that statement from eBird associates demonstrates the
necessity for methods to independently assess the veracity of the data-collection and curation
mechanisms themselves because “You can’t fix by analysis what you bungled by design” (Light
et al. 1990, page v). Specifically, while random error can be addressed through increased sample
size, no statistical technique can recreate patterns that were systematically removed and replaced
during data collection. Self-evaluation of organizational performance can be biased, and internal
criticism can be deterred, as evaluators can have their objectivity compromised by the policies
and values of leadership (Cummings et al. 1988, Kassing 2008). Therefore, it is incumbent upon
citizen science programs that value the veracity of their databases to welcome objective third-
party assessment. Applied appropriately, audit studies provide excellent tools for independently
assessing web-based data collection methods and the veracity of the resulting datasets upon

which research and policy rely.

4.2 | Quality control, or simply control?

Our audit study demonstrates that the eBird data quality control process imposes near-total
confirmation bias by accepting 100% of observations it expects to be true, and rejecting 71—
100% of observations it does not expect to be true, regardless of the validity of any of the
observations. We did not expect such a strong discrepancy. It is nonsensical to assume that
statistical analysis can detect meaningful patterns through the noise of the unscrutinized
anecdotes that fit eBird’s expectations (i.e., 94% of eBird dataset), without also assuming the
same could be done for the other 6%, and thus that eBird reviewers are charged with performing

a painstaking but Sisyphean task only to provide a fagade of quality control. It is also nonsensical
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for a program to conclude that its users are wrong >70% of the time when their contributions
contradict expectations, without assuming there is a similarly massive error rate when those same
users’ contributions match expectations. But eBird does just that, and they take it to the extreme
by assuming that eBirder “expertise” is reliably measured by the proportion of expected species
an eBirder reports (Kelling et al. 2015, Johnston et al. 2018). Even when eBirders submit
expected species with photographs proving their own observations to be false — up to 71.4% of
photographs in some circumstances (Gorleri & Areta 2022) — those false observations are
accepted into the eBird database with no scrutiny and those eBirders gain credibility within eBird
for agreeing with expectations (Figure S1). The logical conclusion is that eBird’s ideal state is
one peopled entirely by yes-sir-eBirders who submit only information that proves eBird right.
But that could be accomplished more easily by simulating data within the bounds of eBird’s
expectations, and it begs the question of whether eBirders serve only to justify labeling eBird as

citizen science and/or for selling advertising space.

The presumption that eBird’s expectations are the standard of truth, and that the relative value of
contributions can be measured by rate of conformity to that standard, means that eBird functions
not as a scientific data collection mechanism but rather as a self-fulfilling prophecy. The true
error rate of eBirder anecdotal observations, whether expected or not, is unknowable with the
current quality control process. But paradoxically to their acceptance of 100% of expected
observations, eBird’s rejection of >70% of unexpected observations indicates that eBird has low
confidence in eBirders as eyewitnesses of free-living birds. Such low confidence may seem
harsh, but coincidentally, a similar percentage (75%) of wrongful convictions overturned by

DNA evidence were originally based on erroneous eyewitness testimony (innocenceproject.org).
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Much like a criminal justice system susceptible to selective acceptance of unreliable eyewitness
accounts, the eBird data quality control process does not validate user observations, but instead it

imposes predetermined outcomes under the pretense that authority begets authenticity.

4.3 | A snowball of bias accumulation

The data quality control process is only one of several eBird features that introduce bias into the
database (Figure 1). When eBirders plan birdwatching activities, a convenient starting point is to
reference eBird to see when and where other eBirders have reported species of interest. This real-
time ability for eBirders to inform their activities is a neat birdwatching tool, but it inherently
influences when and where they travel and what species they expect to see, thereby reducing the
independence of samples and encouraging the perpetuation of erroneous reports, all of which go
unscrutinized. Next, when eBirders enter their observations into eBird, they are presented with a
checklist of species eBird expects to be present at the relevant time and place, which relegates
unexpected species to write-in status. This can cause eBirders to question true observations and
defer to eBird’s expectations because the CLO is a revered authority (i.e., prestige bias [Troy &
Jones 2022]). Indeed, rather than provide additional details on their submissions, some eBirders
reduce the number of birds reported because they have been “trained” by reviewers as to what
species are “supposed to be there” (J. Fitzpatrick, pers. comm. to UT admin). This operant
conditioning strips eBirders of their autonomy and is the antithesis of sound study design, by
demanding rather than limiting, biased data collection. Specifically, eBird induces social
desirability response bias in which subjects give responses they believe the investigator wants to
hear to avoid the embarrassment of reporting truth (Bernardi and Nash 2023). The next, and

likely strongest layer of bias, is introduced by the eBird data quality control process, as we
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quantified in this study. An additional issue we did not quantify here is that eBirders are
sometimes persuaded by reviewers to change unexpected observations to species that eBird
expects (the authors, pers. observ., Figure S1), leading to a realized acceptance rate of >1.0 for
expected species. The bias of the quality control process is then magnified by the discrepancy in

timing of acceptance between expected and unexpected observations (Figure 1).

Yet more layers of bias are introduced to the eBird database every time eBird adjusts an
expectation filter and eBird reviewers use the “Filter Rerun” function (ex-eBird reviewer, pers
comm. UT Admin). When a filter is adjusted such that a species becomes expected in an area
where it previously was not expected, historically submitted, true observations that had been
rejected as unexpected cannot be re-evaluated or recovered because eBird does not keep backups
of removed observations; yet all new observations of that species, whether true or false, become
expected and are therefore accepted without scrutiny. Thus, a species could have long occupied
an area, but subsequent analysis of eBird data from before and after a filter adjustment, would
erroneously suggest the occupancy is new (i.e., false range expansion). Additionally, when a
filter is adjusted such that a species becomes no longer expected in an area where it was
previously expected, all historical accepted observations in that area are newly marked as
unexpected, and therefore are effectively rejected, unless and until an eBird reviewer re-accepts
them into the database. This induces a kind of retroactive conformation bias by adjusting
historical data based on current expectations. Considering the low rate at which unexpected
observations are accepted in general, and the slowness with which unexpected observations are
evaluated, analyses of eBird data following such a filter adjustment could erroneously conclude

that a species never occupied that area, rather than having moved from it (i.e., missed range
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contraction). In this way, eBird is yet further removed from scientific objectivity, and more
closely resembles an Orwellian Ministry of Truth, wherein truth is defined by the current opinion
of a singular authority and history is perpetually rewritten to convenience current doctrine with

no record maintained that any other truth ever existed.

Lastly, the bias feedback loop is perpetuated when eBirders use the resulting database, presented
in a user-friendly map-based interface, to inform their next birdwatching activity. Concerningly,
the cycle is accelerated when eBird data are used to inform eBird’s expectations (J. Fitzpatrick,
pers. comm. to UT admin) and therefore which observations will be accepted. Additionally
concerning, the CLO plans to, or perhaps already does, use artificial intelligence to reduce the
burden on eBird reviewers from a user base that is rapidly growing and increasingly made up of
novices (J. Fitzpatrick, pers. comm. to UT admin). Employing more algorithms to use biased
eBird data to inform eBird expectations, which subsequently bias eBird data, might only serve to
fully automate a downward spiral of bias, rendering eBirders, eBird reviewers, and ecological

reality, entirely irrelevant to the eBird database.

4.4 | Consequences of irreparably biased data

What consequences are there for researchers who assume eBird is a source of scientific data? At
the smallest of scales, anyone viewing eBird data cannot know if the purported presence or
absence of any species, at any location, at any time, represents reality or simply reflects when
and where eBird accepted or rejected an unverifiable anecdotal report of that species. When the
eBird database indicates a species was present at a location, was the species actually present, or

was it in fact absent, but erroneously reported, and immediately accepted with no scrutiny?
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When the eBird database indicates a species was absent from a location, was the species actually
absent, or was it in fact present, correctly identified and reported, but rejected for refuting

expectations? In either case, it is not possible for the researcher, or even eBird, to know the truth.

At larger scales, any analysis of eBird data regarding species’ spatio-temporal ranges (Figure 2),
or changes to those ranges (Figure 3), is almost certain to find patterns; however, those patterns
are more likely artifacts of eBird’s data collection, quality control, and curation processes than
they are representations of reality. Additionally, although we did not include counts (i.e.,
reporting the number of individuals of each species observed) in our study, there are also eBird
filters that set maximum numbers for a species that eBird expects to be present at any time and
location. Therefore, with respect to abundances of birds, or changes in abundance over time, the
same cycle of bias is at play. This might contribute to fantastically unrealistic species abundance
estimates using eBird data, even in highly birded areas, contrary to Robinson et al. (2022). For
example, Callaghan et al. (2021) used eBird data and estimated a global population of 541 Ivory-
billed Woodpeckers (Campephilus principalis), a species for which uniquely great search effort

has occurred in recent decades, with a realistic count of zero (Troy and Jones 2022).

Even if eBird data produced an unbiased estimate of a species’ range, when that range actually
contracts or shifts, eBird will continue to expect, and therefore accept without scrutiny, all
erroneous reports of that species in the newly unoccupied area (Figure 3, Figure S1). Therefore,
the only way a real range contraction can be accurately reproduced using eBird data is if eBird’s
a piori expectation of the species range was accurate and eBird adjusted those expectations

concurrently with the contraction of the range. The same problem applies to temporal reductions
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or shifts in the period during which a species is present in an area, but those problems are likely
magnified by the eBird temporal filters having a resolution of one week (J. Fitzpatrick, pers.
comm. to UT admin). Additionally, if a true species’ range expands or shifts into a new area, and
eBirders submit true observations from the newly occupied area, eBird will reject 71-100% of
those true observations, depending on how far the range has moved. Therefore, there may be
only two ways that a real range expansion can be detected using eBird data. First, if the species is
easy to identify (i.e., rarely erroneously reported) and the range expansion occurs within eBird’s
expected range (i.e., eBird expectations do not truncate the data), then real range expansions may
be observable in eBird data (e.g., likely the case in Clark 2017). The second way, as with range
contractions, is if eBird’s a priori expectation of the species range is accurate, and eBird adjusts
those expectations concurrently with the true expansion of the range. Also as with range
contractions, the same problem applies to a lengthening or shift in the period during which a
species is present in an area, which again is impacted by the one-week resolution of eBird’s
temporal filters. Furthermore, even if a history of eBird’s spatial and temporal filter adjustments
was available, the results of those adjustments cannot be reconstructed due to the annual

alteration of 10% of eBird’s historical content and the absence of data backups (see SI).

Similarly, any analysis of migration phenology, or changes thereto over time, even using
percentage or proportion of birds passing through an area, is compromised by 1) the truncation of
an immeasurable quantity of true early or late observations, 2) the blind acceptance of an
immeasurable quantity of false but expected observations, 3) changes in expectation filters over
time altering treatment of new and historic data, 4) the one-week temporal resolution of eBird

filters, and 5) alternations to 10% of historical data every year with no backups. Even if changes
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detected using eBird data seem to corroborate reasonable hypotheses, like ranges shifting
poleward or migration phenology advancing with climate change, those results are more likely a
reflection of filter adjustments made within eBird based on expectations of species responses to
climate change, in yet another form of confirmation bias. The confirmation bias in eBird reaches
its pinnacle in analyses conducted by CLO eBird associates who “improve” analyses by
excluding data from eBirders deemed to have low expertise because they submit too few
expected species (Kelling et al. 2015, Johnston et al. 2018). Given the forced assimilation nature
of eBird data, it is likely that eBird’s eye-catching Spatio-Temporal Exploratory Models (STEM,
ebird.org), produced with a $10M NSF grant, would be largely indistinguishable if eBird was fed

observations ranging from entirely accurate to entirely random.

4.5 | Inviting trouble

A simple but important finding from our study is that eBird apparently does not verify users (i.e.,
nobody noticed our 196 new accounts reporting from a few IP addresses). It is free and simple to
create an eBird account and submit information with no experience, no training, and no
verification that the user ever looks at birds or is even human. Adding Terms of Use to a website,
as eBird did for the first time in 2019, or requiring email verification upon account creation, does
not protect a website from malicious users or bots (i.e., autonomous programs on the Internet that
can interact with systems or users). This may seem trivial on its face to many ecologists. But in
2025, bots accounted for 53% of all online activity (Thales 2026). Just as bots create and use
email and social media accounts (Ferrara et al. 2016), they also participate in internet-based
scientific research (Pozzar et al. 2020, Griffin et al. 2022, Loebenberg et al. 2023). Computer

scientists and social scientists have long recognized the threat to research data quality from bots
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and individuals misrepresenting themselves online (e.g. Prince et al. 2012), and they generally
recommend investigators use comprehensive screening processes to reduce the impact (e.g.,
Bybee et al. 2022). eBird appears to do the opposite (see SI). It would be naive to assume that
bots and untruthful users do not make up a meaningful proportion of the >930,000 eBird
accounts (ebird.org) and users of other web-based citizen science projects, while they make up
large proportions of other web-based research projects that actually screen for them (Bybee et al.
2022). The recent addition of Al screening service Anibus (Techaro) demonstrates eBird’s
acknowledgement that bots regularly infiltrate their system. However, bots already bypass such
protections (NIST 2025) as well as reCAPTCHA (i.e., prove you aren’t a robot) screenings

(Plezner et al. 2024), so such efforts do little to improve the integrity of the system.

Unfortunately, in addition to not screening users, many of the ways eBird and other citizen
science projects incentivize participation also incentivize humans, and likely bots, to participate
untruthfully. Dishonest behavior is prevalent when humans are in competition with one another,
and more so in recreational activities that lack consequences for cheating (Sailors et al. 2017).
Citizen science participation is generally a recreational activity that can be highly competitive,
especially when involving birdwatching. eBird feeds that competition by posting real-time
rankings among eBirders in various categories while offering valuable prizes for submitting
observations following specific guidelines, typically emphasizing quantity, not quality, of
contributions. Recently, the competitive nature of eBird has entered the avian ecology job
market, as some employers request links to applicant eBird profiles (the authors, pers. obs.), and
the CLO recommends applicants tout their eBird experience in cover letters

(https://ebird.org/news/coverletter2016). The presumption that eBird participation reflects
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research acumen is almost as unsafe as the assumption that no applicant would pad their eBird

account with fake observations in a competitive job market.

Unlike our study that was ethically designed consistent with standard practices of the relevant
research community, it is doubtful that opportunistic individuals and bots participating
fraudulently in research for money, prizes, to influence results, or for personal entertainment, are
concerned about ethics. Ironically, in its current state, the eBird database is probably not
impacted by contributions from invalid accounts owing to the cycle of confirmation bias that
would result in largely the same dataset regardless of what is contributed or by whom. However,
if eBird was able to recover all original observations, re-evaluate them objectively, and
remediate the bias that pervades its database, that process and all data collection moving forward
would benefit from authenticating users. Notably, multiple COVID-19 papers were retracted
from elite medical journals when it was discovered that the sources of data — tens of thousands of
patient records compiled by a third party — could not be verified (Piller and Servick 2020).
Scrupulous journal editors, and funding agencies impressed by project participation rates, might

consider holding all subject areas to a similar standard.

4.6 | Conclusion

We hope that our introduction of a method (i.e., web-based auditing) to the ecological sciences
as a tool for assessing other methods (i.e., web-based data collection and curation) inspires
additional creative, ethical, external scrutiny of similar programs. There are many additional
questions that can be addressed within web-based data collection programs. It is doubtful that

other citizen science projects are actively verifying users or supporting independent scrutiny of
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their systems either. For most, this is likely born of the same scarce resources that necessitated
and popularized citizen science in the first place, but that is certainly not the case for eBird. We
did not expect to learn that eBird is so unscientific. In hind sight, we acknowledge that our
objective of helping improve eBird was naive and may have exposed our own susceptibility to
prestige bias. We were further surprised to learn after our study that eBird associates have been
repeatedly made aware of similar concerns, and many others, but have been dismissive (ex-eBird
associate, pers. comm. to UT admin). The causes and symptoms of premature canonization of
ideas propagandized by charismatic despots (Bauer 2004, Tourish and Willmott 2023); the short-
term benefits and long-term damages to academic culture from organizational narcissism (Vargo
2023); and the rage with which certain personality types respond to constructive criticism
(Rasmussen 2016), are complex areas of psychology and ethics relevant to our experience but
outside the scope of this paper. It is our sincere hope that legitimate web-based citizen science
projects continue to make valuable contributions to science and conservation and that they are
adequately supported in efforts to improve and expand. In a world of accelerating environmental
issues and increasingly limited funding for science, maximizing reliable knowledge requires the
entire scientific community to actively distinguish between legitimate scientific endeavors of
disinterested seekers of truth and the status-branded products of self-interested “knowledge
monopolies and research cartels” (Bauer 2004), with an observable differentiator being openness

to a central tenant of science that is communal critique.
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Figure 1. The compounding cycle of bias inherent to the design and implementation of eBird.
Starting top center: Submissions from eBird users (eBirders) are non-independent when their
birdwatching activities are informed by the eBird database; eBirder reports are compromised
upon entry by a user interface that emphasizes species expected by eBird and reduces the
probability of true but unexpected observations being reported; the eBird data quality control
(QC) process selectively accepts (green thumb up) 100% of observations that eBird expects (bird
with green “e”) but accepts (red thumb up) very few observations they do not expect (solid black
bird), regardless of observation validity; expected observations enter the eBird database
immediately while the few unexpected observations that are accepted are delayed by weeks to
years, increasing bias in recent data; eBird adjusts algorithm-based filters delineating when and
where species are expected, with complex consequences for the database depend on whether and
how quickly reviewers act following adjustment; the complete process results in a mercurial
database of unverified anecdotes selectively filtered to reflect eBird’s expectations regardless of
reality, and for which 10% of historical data are altered annually with no backups maintained to
track changes. The cycle of bias perpetuates itself when eBirders use the database to inform
additional birdwatching activities. From this cycle, (A) data are extracted directly from eBird or
from the Global Biodiversity Information Facility (GBIF) where eBird regularly deposits the full
current database, overwriting the previous version, and leaving no backups. In the case of
internal analysis by eBird associates, data are further biased (scissors) prior to analysis by
prioritizing data based on eBirder “expertise” measured as proportion of expected observations
submitted. Lastly, (B) the database that largely reflects eBird’s expectations is used to inform
adjustments to eBird’s expectation filters, accelerating the spiral toward forced conformity of
data and away from ecological reality.
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Figure 2. Confirmation bias imposed by the eBird data quality control process causes the true
range of a species and eBirder observations both to be largely irrelevant to the eBird database
and range estimates based thereon. Shown are (A) a hypothetical true range of a bird species in
North America (green parallelogram); (B) hypothetical eBird a priori expectation of that species’
range (blue triangle); dispersions of potential observations of the species reported to eBird,
assuming (C) eBirder observations are 100% accurate, (D) eBirder observations are ~80%
accurate, and (E) if eBirders were replaced by a random observation generator; (D) the eBird
data quality control process that accepts 100% of observations within the expected range and
rejects 71-100% of observations outside the expected range; and (G) the range that would be
estimated by analysis of eBird data. One can replace space with time and find the same issue
with temporal ranges of occupancy.
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Figure 3. Confirmation bias imposed by the eBird data quality control process causes true
changes in species ranges and eBirder submissions both to be largely irrelevant to the eBird
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database and analyses based thereon. Shown are (A) a hypothetical true bird species range shift
in North America (from dotted parallelogram to green parallelogram); (B) hypothetical change
by eBird in their expectation of that species’ range (from dotted triangle to blue triangle);
dispersions of potential observations of the species reported to eBird, assuming (C) eBirder
observations are 100% accurate, (D) eBirder observations are ~80% accurate, and (E) if eBirders
were replaced by a random observation generator; (D) the eBird data quality control process that
accepts 100% of observations within the expected range and rejects 71-100% of observations
outside that expected range; and results that would be estimated by analysis of the eBird database
depending on (G) if historically accepted observations that are outside of eBird’s new
expectations are re-accepted by eBird reviewers, or (H) they are not re-accepted and effectively
lost from the database. The leading and trailing ends of these range shifts reflect range expansion
and contraction, and thus these issues apply to any change in range. One can replace space with
time and find the same issue with changes in temporal ranges of occupancy.

Supporting Information

Details on eBird account creation

In December 2016 and January 2017, we created 200 eBird accounts, later reduced to 196
accounts (see below). The creation of an eBird account requires an email address. Therefore, we
created 200 Gmail (Google) accounts. We then used those email accounts to create the 200 eBird
accounts for 200 simulated eBirders.

We assigned the simulated eBirders names that corresponded with first and last names
socially perceived as being different sexes and races. From online lists of common names
associated each group, we selected 25 first (or given) names in each of four groups socially
perceived as White-sounding female, White-sounding male, Black-sounding female, and Black-
sounding male. In addition, we selected 25 last names (or surnames) socially perceived as White-
sounding and Black-sounding. We assembled the full names of the simulated eBirders by
randomly combining the White-sounding first and last names and Black-sounding first and last

names for males and females, yielding 200 names, 50 in each group. We confirmed that the
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names matched the desired perceived demographic groups by Google Image searching each
name and observing the appearance of people in the first page of images. Our intention was to
test for potential bias in the experience/treatment of eBirders of different perceived demographic
groups, and not to represent the true demographics of eBirders because bias affecting minority
citizen scientists would be difficult to detect with sample sizes reflecting real-world proportions
(i.e., sample sizes of minorities would be too small).

We assigned four simulated eBirders, one from each demographic group, to each of the
50 United States. We later excluded Hawai’i because its unique avian system made it difficult to
find locations and times to represent unexpected but plausible observations. To determine if there
was geographic variation in acceptance rates of unexpected observations, we divided our
simulated eBirders into groups based on geographic regions within the U.S., including Northeast
(the New England states plus Delaware, Maryland, New York, New Jersey, and Pennsylvania),
Midwest (Illinois, Indiana, Iowa, Kansas, Michigan, Minnesota, Missouri, Nebraska, North
Dakota, Ohio, South Dakota, and Wisconsin), Pacific (Alaska, California, Oregon, and
Washington), Rocky Mountain (Colorado, Idaho, Montana, Nevada, Utah, and Wyoming),
Southeast (Alabama, Arkansas, Florida, Georgia, Kentucky, Louisiana, Mississippi, North
Carolina, South Carolina, Tennessee, Virginia, and West Virginia), and Southwest (Arizona,
New Mexico, Oklahoma, and Texas).

It was possible that the inexperience of our simulated eBirders (i.e., new to eBird) could
have subjected our reported bird lists to different levels of scrutiny from eBird than those of
eBirders with long records of data submission, making our results potentially non-representative
of eBird data acceptance and rejection rates in general. Although testing for experience-based

bias would be an interesting area of inquiry, it was not our objective. Therefore, we took two
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precautions to limit possible experience-based bias. First, we loaded lists of birds that each
simulated eBirder had “observed” prior to joining eBird (i.e., a life list). From a list of the 200
most common species in the U.S., we randomly generated life lists of 50-100 birds and applied
those lists to each simulated eBirder account to give them a baseline level of experience. Second,
through each account we submitted 4 - 6 lists of bird observations so that all simulated eBirders
would have a record of reporting expected observations before submitting an unexpected

observation.

Details on submission of fictitious observations

During January - June 2017, we submitted lists of bird observations to eBird through each
simulated eBirder account. We did not observe any of the birds we reported and we did not visit
any of the sites from which we reported lists. We submitted each list as if the simulated eBirder
had visited a common birding location near the largest city in the state to which the simulated
eBirder account was assigned. We produced our lists by perusing recent (i.e., within the previous
few days) reports from purportedly real eBirders and submitting a list that represented ~75% of
the species from a real eBirder’s list at our chosen location. In each case, we replicated other
aspects of the real eBirder’s report, including “protocol”, “party size”, “duration”, and “distance”
(see eBird) to make our reports as unremarkable as possible. We followed this protocol and
submitted 4 - 6 lists of expected bird observations for each simulated eBirder during January -
May 2017. These lists of expected bird observations served two purposes. First, they provided a
large sample size with which to examine the low rate at which expected bird observations are

likely rejected by eBird. Second, they provided a baseline of experience intended to reduce
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potential bias against our simulated eBirders when we later submitted unexpected bird
observations.

During April and May 2017, we submitted an additional list for each simulated eBirder
including a single unexpected, but plausible species observation along with expected species
selected following the protocol above. The unexpected observations were included in 195
submissions; we excluded from analysis the list including an unexpected observation from one of
the simulated eBirder accounts after we accidentally had that simulated eBirder submit a list of
observations in the wrong state. Each unexpected observation was of a species that was slightly
outside of eBird’s expected range for that species in space or time. For example, we submitted an
observation of a Fox Sparrow (Passerella iliaca) in Delaware County, Ohio on May 9, whereas
eBird’s expected temporal range for that species at that location ends in the first week of May.
See WebData 1 for date, location, and species of each unexpected observation. Each unexpected
observation was immediately flagged (i.e., identified as unexpected) by eBird’s filtering
algorithm, at which point we were prompted to enter an additional note to support the
observation. Based on discussions with ex-eBird reviewers, we developed an a priori set of four
brief notes, that included terms common in eBirder entries, from which we randomly selected for
each such case. Those four responses included 1) “Saw Clearly”, 2) “Seen Clearly”, 3) “Clearly
Observed”, and 4) “Saw Well.” After entering this note, we submitted the list of observations
including the unexpected observation, which should have then been available for additional

scrutiny.

Details on responding to eBird inquires
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We consulted with three ex-eBird reviewers to confirm our understanding of how the eBird
review process proceeds. Behind the scenes (i.e., outside of the citizen scientist’s view) all
unexpected observations are added to a list available to be scrutinized by a local/regional eBird
reviewer(s). eBird reviewers are individuals with presumably relatively superior knowledge of
the birds in a region (e.g., an area within a state or an entire small state in the United States);
there may be one or multiple reviewers responsible for a region; and reviewers receive no
compensation for their service. As of the time of our study, reviewers also received no guidance
on how to scrutinize observations and no training on how to interact with eBirders. Despite
claims that eBirders will have an opportunity to explain every unexpected report to reviewers via
email, reviewers have the authority to accept or reject any observation without communicating
with the eBirder. Reviewers can inquire about an observation through an email to the eBirder.
Such inquiries are often a standard form email but can include additional text from the reviewer.
However, they all request additional information about the unexpected observation. All the
simulated eBirder email accounts were set to forward messages to a master email account, which
we monitored. When one of our simulated eBirders received such an inquiry, we ignored the
form and content of the message, and we ignored the email address, name, and everything else
about the message, and we responded with a standardized message designed to represent typical
eBirder emails, as per conversations with ex-eBird reviewers. Our standardized response
included two points:

1. A phrase or statement confirming that the bird was observed either at close range or for a
meaningful duration (typically 1 or 2 minutes).

2. A brief description of morphological characteristics and/or behavioral characteristic that are

considered identifying for the species. We paraphrased morphological and behavioral

40



descriptions of birds from the species accounts on Cornell University’s All About Birds website
(www.allaboutbirds.org/).

For example, had we reported a Golden-crowned Kinglet (Regulus satrapa) outside of eBird’s
spatio-temporal expectations, we would respond to an eBird inquiry with, “I saw this bird at

close range. It had a tiny body and a golden crown.”

Details on observation acceptance or rejection

On 10 October 2017 (4-5 months after the last simulated eBirder submissions), we tallied the
expected and unexpected bird observations that appeared in the eBird database (i.e., accepted) or
did not appear in the eBird database (i.e., rejected). The appearance of an observation in the
database confirmed that it was accepted either by the eBird filtering algorithm (expected
observations) or by an eBird reviewer after being flagged as unexpected by the filtering
algorithm. We then re-checked the status of each unexpected observation after another year (i.e.,
Oct. 2018), and again in January 2020 when we removed all observations from all simulated
eBird accounts. No additional changes occurred to the status of any observations in that time. We
could not determine if an observation excluded from the database was rejected, never addressed
by a reviewer, or still awaited consideration >2.5 years after submission, but the resulting
exclusion of the observation from the database had the same effect (i.e., rejection) regardless of

the reason.

Safeguards implemented to minimize impact of intervention
Following audit research standard ethics (e.g., Sandvig et al. 2014), we designed our study to

reduce, and in this case eliminate, possible influence of our intervention on anyone else
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interacting with the audited entity (i.e. eBird). First, our fictitious observations were of many
different species and spread across a large geographic area over several months, such that they
could not discernably contribute to the existing error rate among the millions of concurrent
eBirder submissions. Second, we assigned the count of birds observed to “X” instead of
reporting a number, so that no analyses of bird abundance would include our fictitious
observations as data. Third, >99% of our fictitious observations were similar to real eBirder
observations from similar dates and locations, so they could not impact any study of spatio-
temporal occupancy. Fourth, our unexpected observations were very few, represented many
species across a wide area, and were adjacent to eBird’s expectations for time and location, such
that they could not impact analyses of species’ ranges. Lastly, we removed the simulated
observations after the completion of the study, and there is subsequently no evidence they ever
existed because eBird does not keep backups to enable recovery of data deleted by users,
whether intentionally or accidentally (ebird.org). Moreover, the CLO over-writes their regular
submissions to biodiversity repositories with the current version of the eBird database, which
permanently eliminates any data removed between deposits (S. Kelling, CLO, pers. comm. to UT

admin).

eBird is not a stable data repository

A central tenant of science is reproducibility. This requires detailed reporting of data-collection
and analysis methods so studies can be replicated from scratch. It also helps when raw data are
made available so analyses can be replicated, scrutinized, and expanded upon with new statistical
methods. A troubling feature of the eBird database is that 10% of its contents are altered

annually (S. Kelling, CLO, pers. comm. to UT admin). These changes are separate from, and in
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addition to, new current data being submitted each year. The annual alterations to historical data
result from actions including but not limited to eBirders entering old data for the first time,
eBirders editing or deleting existing checklists, eBird’s delayed acceptance of old unexpected
observations, and new changes in eBird’s expectation filters that subsequently affect historical
data. Therefore, eBird is not a stable data repository, and authors should not refer readers to
eBird in data availability statements. Any attempt to extract the same dataset twice should be
expected to produce differences that increase with the length of time between extractions.
Additionally troubling, the CLO annually, or possibly quarterly (J. Fitzpatrick, pers. comm. to
UT admin), deposits the entire current eBird database in the Global Biodiversity Information
Facility (GBIF), which overwrites the previous year’s submission, and thus eliminates any

opportunity to review previous versions of the database.

How many eBirders are there?

The CLO reports that 930,000 eBirders from every country in the world have contributed more
than 1.6 billion bird observations to eBird, and “average participation growth rate of
approximately 20% year over year,” (ebird.org, 5 January 2024). Presumably, that is the total
number of eBird accounts ever created, including those created during beta testing, those created
by bots, those that have never contributed bird observations, those that are otherwise
inactive/dormant because the user started a new account, combined multiple accounts, or quit
using eBird for any reason. This is because it was not possible, in the first two decades of eBird’s
existence, for an eBirder to delete an eBird account. A user could stop using their account,
unsubscribe from emails, and even delete all the bird observations they had submitted, but their

account could not be deleted, and thus remains in the total count of eBirders. It is not possible to
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know from publicly available records how many real/active eBird accounts exist despite this
being presumably easy for the CLO to quantify and being important information for advertisers
(greater participation is better), funding agencies (greater participation is better), and researchers

(accurate counts of users is basic metadata).

Can | delete my eBird account?

It is not possible at this time to delete your eBird account. If you wish to no longer receive communication from the
Cornell Lab, please click ‘unsubscribe’ at the bottom of the email that you receive (see
Subscribe/Unsubscribe below).

Screenshot of eBird support webpage from 22 August 2022 (accessed via www.archive.org on
28 January 2024) indicating that it remained impossible to delete an eBird account at that time.
Only recently (early 2023), did the CLO allow users to delete eBird accounts. However, the CLO
strongly disincentivizes eBird account deletion by tying each user’s eBird account to all other

Cornell services, including paid subscriptions.

Delete Your Account
If you wish to no longer receive email communications, see Subscribe/Unsubscribe above.

By deleting your Cornell Lab account, you will lose your data, life lists, media, courses, and subscriptions for
ALL Cornell Lab projects—this includes your eBird AND Merlin data, and any courses or subscriptions from Bird
Academy and Birds of the World purchased by that account. Deleted accounts cannot be recovered.

l Deleting an account is rare, and deleted accounts cannot be recovered.

If you wish to permanently delete ALL of your Cornell Lab account information, click here to request account
deletion. This page can also be accessed by tapping your username in the upper right corner of the eBird website
and selecting 'Cornell Lab Account'.

Screenshot of eBird support webpage from 1 May 2023 (accessed via www.archive.org on 28
January 2024) after the CLO began allowing eBird accounts to be deleted. Note that an eBird
account still cannot be deleted without deleting the user’s entire Cornell Lab account and losing
access to paid subscriptions and other services.
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Paradoxically, one can cancel their subscription to other CLO products, such as Birds of the
World, while having no impact on their eBird account. Why would the CLO make it uniquely
difficult and costly for users to delete their eBird accounts? As indicated in the main text,
researchers, journal editors, advertisers, and funding agencies should insist on the reporting of
real counts of real users when making decisions and forming opinions based on participation

rates in any web-based research.

Statement regarding no results for regional or demographic bias

We carefully designed our study such that “The experimental plan does not fall within the
purview of requiring review by an Institutional Review Board as per the Common Rule” (E.
Bankert, Director of IRB, Dartmouth College, pers. comm. to UT admin; emphasis her own).
Although eBird reviewers are humans, interacting with humans during research does not make
them human research subjects if you learn nothing “about” those humans. This fact was
acknowledged by a UT IRB Analyst prior to initiation of our study and again after completion of
the study. This fact was also confirmed by a UT Investigation Committee who concurred with
unanimous testimony from many experts including one in audit study ethics (C. Sandvig,
University of Michigan). Unfortunately, shortly after UT received allegations of misconduct and
threats of legal action from Cornell, the UT IRB demanded HMS destroy data gathered after any
email was sent by us within the eBird review process, and to never speak of those data or results,
and UT Admin has subsequently backed the IRB decision with the threat of discipline up to and
including termination. IRBs are federally mandated entities, and their decisions cannot be

overturned by anyone but themselves, and the UT IRB is obdurate. It was never our intention to
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leave the reader to speculate about those data and results based solely on the aggression with

which the CLO fought to silence them.

Figure S1.
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Figure S1. A schematic illustration of some of the issues associated with eBird’s data collection
methods. In this hypothetical scenario, migrating Scarlet Tanagers (Piranga olivacea) arrive in
an area earlier than eBird’s temporal filter is set to expect their arrival, while Northern Cardinals
(Cardinalis cardinalis) have been absent from the area for multiple years but remain expected by
eBird because eBirders continue to erroneously report them. Starting top center and moving
counter clockwise: Any eBirder who erroneously reports a cardinal has their observation
accepted with no scrutiny; Any eBirder who is uncertain as to which red bird they saw can be
convinced by eBird’s expected bird list and/or eBird reviewers that it was the expected cardinal;
Any random person with an internet connection can submit anything from anywhere and have it
accepted without scrutiny if it matches eBird’s expectations, while eBird rankings and
competitions incentivize such behavior, but eBird does not verify users; Some eBird accounts are
likely bots, which make up more than half of internet activity and regularly participate in web-
based research, but eBird does not verify users; Any eBirder that submits a photograph
disproving their own observation will still have their cardinal report accepted with no scrutiny
because it matches expectations and receives no scrutiny; Lastly, when an eBirder accurately
identifies the unexpected tanager, there is a >70% chance that eBird will reject the observation;
eBird then uses an “expertise” metric to rank the reliability of eBirders based on how many
expected birds they report, and excludes low-expertise eBirder data from analysis. Note: this is
an informational diagram; and eBird does not actually work via text message.
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