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Abstract

The iNaturalist platform generates millions of research-grade biodiversity records via a system in which users collectively reach con-
sensus on taxonomic identification. In the present article, we examine how identifiers and their efforts, an understudied component
of the platform, support data generation. Identification is keeping pace with rapid growth of observations, assisted by a small subset of
highly active users who tend to be taxonomically specialized. Identifier experience is the primary determinant of whether records reach
research grade, and the time it takes to do so. Time to reach research grade has fallen rapidly with growing identification effort and
use of computer vision, and research-grade identifications are generally stable. Most observations are vetted by experienced identifiers,
although identifications are not free of biases. We close by providing suggestions for enhanced identification quality and continuing

steps to enhance equitable credit and trust across the ecosystem of observers, identifiers, and data users.
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Field-based community science, also called citizen or partici-
patory science (Bonney et al. 2014, Brown and Williams 2019),
already supplies the vast majority of digital knowledge about
species occurrence for many regions and taxa (Amano et al. 2016).
The rise of global digital platforms for sharing observations of
organisms, such as iNaturalist (Di Cecco et al. 2021), is further
accelerating the growth of knowledge about all diversity and its
distribution across the tree of life, rather than select charismatic
clades, such as birds. At the core of public involvement in ecologi-
cal monitoringis the critical process of identifying observations to
the finest possible taxonomic level, typically the species level. Tax-
onomic identification is a process that unites a specimen, spec-
imen derivative (e.g., photograph), or observation with a collec-
tion of taxonomic concepts as input and produces an output with
taxon designation associated with the specimen (Deck et al. 2015).
Although this process is foundational for the use of species occur-
rences in biodiversity science, it is also one of the most compli-
cated and challenging, especially in community science projects,
in which varying levels of taxonomic expertise among the partici-
pants can lead to erroneous identifications (Hochmair et al. 2020,
McMullin and Allen 2022). Identifying an observation to species
relies on users having the skills and knowledge to process key
characteristics, including diagnostic anatomical features, such as
shape and size, along with other aspects of form and behavior,
and linking those characteristics with a mental list of species that
might be found in the area (Kelling et al. 2012).

Many community science projects have devoted significant ef-
fort to ensuring that their identifications of target taxa are of the
highest quality possible in order to assure best downstream use.
One of the most successful community science projects, eBird
(Sullivan et al. 2009), uses multiple mechanisms for generating
quality identifications. eBird asks volunteers to report a check-
list of birds observed in a user-defined region over a user-defined
survey length (Kelling et al. 2019), tied to eBird’s preferred taxon-
omy. When checklists are submitted, further quality checks are
performed to flag unusual sightings. eBird also captures informa-
tion about observer skill using objective characteristics, such as
the total number of checklists submitted, the number of species
reported, and the total number of rejected flagged records (Kelling
et al. 2015). This information can be used to filter or weight lists
in downstream use.

Unlike community science efforts, such as eBird, that are re-
stricted to a focal taxon, more taxon-agnostic community plat-
forms have the challenge of managing species occurrences from
across the tree of life (Di Cecco et al. 2021). This expands by many
orders of magnitude the scope of taxonomic groups covered and
greatly increases the challenge of properly identifying those oc-
currences. iNaturalist, one of the fastest growing and most pop-
ular of these taxon-agnostic platforms, asks users to upload a
photograph or audio recording of the organism and share key
metadata about location, date and time, and taxonomic iden-
tification. As of November 2022, nearly 2.5 million iNaturalist
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observers have reported more than 135 million species occur-
rences, almost all of which are backed with a digital voucher, such
as a photograph or audio recording.

The key to iNaturalist producing usable data for downstream
scientific or management use is a unique community identifica-
tion process. This process relies on the community of iNaturalist
users to help identify observations. These identifiers are far less
numerous than the observers (and, often, users are both) by nearly
an order of magnitude (approximately 280,000 users who have
made at least one identification as of November 2022) but play a
critical role. For an iNaturalist record to move from a “needs iden-
tification” observation to a research-grade observation, the record
needs at least two identifiers to agree on a species-level or finer
taxonomic identification. Often, but not always, the original ob-
server provides one of these identifications. Continued disagree-
ment among identifiers can also mean that records move from re-
search grade to “needs identification,” with the bar set at greater
than two-thirds agreement among all identifiers to keep research-
grade status. Although this identification model is relatively sim-
ple, it has profound implications both for the overall quality of
iNaturalist data and for spatial, taxonomic, and temporal biases in
distribution of observations that reach research grade and those
that do not.

Recent work by Di Cecco and colleagues (2021) provided a
synthetic snapshot of how observers and their effort structure
the spatial, temporal, and taxonomic coverage of species occur-
rences in iNaturalist while also categorizing observers as taxo-
nomic specialists or generalists. But a full understanding of the
utility of iNaturalist data for biodiversity science rests fundamen-
tally on better understanding identification processes, because
only research-grade observations are relevant for the vast major-
ity of downstream science or management uses.

In the present article, we use the whole corpus of iNaturalist
records from its inception through the end of 2021 to address key
questions about identifiers and the identification process. We first
explore questions related to patterns of identifications by users
and how their rates and allocations play out across time, user ac-
tivity, and in the context of the introduction of computer vision
machine learning algorithms that assist in identifications. Given
the growth of iNaturalist activity and its user base, we were par-
ticularly interested in whether identifications are scaling with the
rapid growth of observations uploaded to the site. We then ex-
plore the patterns of identifier specialization across the axes of
geography and taxonomy. Because research-grade observations
on iNaturalist are published to the Global Biodiversity Informa-
tion Facility (GBIF) for broadest use by the biodiversity research
community, we were particularly interested in the proportion of
identifications coming from taxonomic specialists. Next, we ap-
plied a hierarchical modeling framework to map the paths of ob-
servations from the default quality of “needs identification” to a
vetted research-grade observation, testing key characteristics that
determine whether an observation reaches research grade and
how long it takes to get there. We were interested in the roles of
identifier experience, geography, and the use of computer vision
in affecting identification status. We close by discussing methods
to decrease gaps and biases by incentivizing identification activ-
ity, best practices for enhanced identification quality, and contin-
uing steps to further grow trust across the ecosystem of observers,
identifiers, and data users.

Gathering key information about
observations and identifications

All iNaturalist data from the first records posted in March 2008
up to the end of 2021 were downloaded by date of posting for

each day using the get_inat_obs() function from the R package ri-
nat (Barve and Hart 2022). The resulting data were stored in RDF
format, from which relevant information on occurrence records
and identifications provided by users were extracted and orga-
nized into monthly .csv files. Each downloaded record has iden-
tification histories through to the end of 21 January 2022. We
then imported the monthly .csv files containing observation and
identification records into a SQLite database. From iNaturalist’s
underlying taxonomy we derived rank level (a numerical de-
scription of taxonomic level, with a higher number correspond-
ing to a coarser taxonomic resolution) and higher order taxo-
nomic categorization for 99.7% of all observations and identifi-
cations made through 2021. The data assembled for our anal-
yses are held at https://doi.org/10.17605/0SF.1I0/]752N; the code
used for the subsequent analyses is archived at https://doi.org/
10.5281/zenodo.7681468 and is available at https://github.com/
cjcampbell/iNaturalist-Identifiers. The analyses were conducted
in R version 4.2.2 (R Core Team 2022), and we relied particularly
on packages DBI (R Special Interest Group on Databases et al.
2021), tidyverse (Wickham et al. 2019), and data.table (Dowle and
Srinivasan 2021).

After all the data were fully assembled, we extracted key met-
rics for each user, including the number of observations, the num-
ber of identifications, and the number of taxa identified. For users
with more than 100 observations, we estimated their locality us-
ing the centroid of their observations and measured the distances
from their locality to 5000 of their randomly sampled identifica-
tions. For each observation, we assessed changes to its quality
grade with respect to each identification. We use iNaturalist’s def-
inition of research-grade status (i.e., more than two-thirds agree-
ment among all the identifications at or below the species level),
although we were unable to account for some additional data
quality criteria including data and location accuracy flags that
might shift observations to casual grade. To verify that the iden-
tification histories we reconstructed were correct, our team also
hand checked 1000 user and 2500 observation histories, compar-
ing the compiled data we collected with iNaturalist tallies. We
found broad consistency, with slight differences due to further
identification effort collated by iNaturalist past the date of our
records. Finally, we also confirmed that taxon identifications and
ranks and computer vision data were accurate for the subset of
identifications. The summarized data were used in further analy-
ses, as is described below.

Overall patterns of iNaturalist identifier
activity

Ourinitial questions were focused on identification effort. We first
asked whether the identification effort keeps pace with the obser-
vation effort, especially given the accelerating rates of observa-
tions (Di Cecco et al. 2021). Even though there is a nearly tenfold
smaller number of identifiers than of observers (approximately
280,000 identifiers to approximately 2.5 million observers as of
January 2023), identification activity is keeping pace with obser-
vations through time (figure 1a, b). Simultaneously, the median
time to research-grade quality decreased precipitously from over
1 year in 2011 to just above 4 hours a decade later in 2021 (fig-
ure 1c). This increase in identifier effort is all the more extraordi-
nary because almost all the work is done by highly active iden-
tifiers: 75% of identifications are performed by the top 1% of the
pool of all participants (figure 1d), which includes only approxi-
mately 2000 individual users. These results are even more right-
skewed (i.e., more effort concentrated in fewer hands) than for
observers; Di Cecco and colleagues (2021) showed that approx-
imately 62% of all observations are made by the top 1% of the

€202 4990)20 Gz UO Jasn saleiqiT [IIH [2deyD Je euljosed YLON Jo ANsIoaun 8yl Aq 0S0EZZL/EES/LIEL/PIOIE/20USIDS0Iq/W00"dNO"ojWapede//:sdny Wwoly papeojumoq


https://doi.org/10.17605/OSF.IO/J752N;
https://doi.org/10.5281/zenodo.7681468
https://github.com/cjcampbell/iNaturalist-Identifiers

Campbelletal. | 535

(a) 40M (b) som, (©) 8
2 2 2 yrs A
° _S 1yr
®  30M w 30M1 o
c = ©
g = n 1 month 4
Q ° @
o 20M A L 20M A o 1week
c S 2
% no CV used wn e
5  10M- 2 Jom £ 1dav1
) 2 12hrq
é ,_g 4 hr
]
o o s
D 0 OB AR 9. 0. B9 0 A D DO LB 90N DD O Y
A A A PROINIAYA IRl bt
PAARARPAPAPRPPAPPPP PP APAPPPAPPPAPPPP APAARARARPARARARARARADADAS
Year Year
(d)
99% of IDs made by 40998 users (top 20%) 1009
R o)
90% of IDs made by 6141 users (top 3%) ’8
&
5]
75% of IDs made by 2021 users (top 1%) 3
0.75 5
[1]
3
o
=
(2]
50% of IDs made by 545 users (top 0.3%) 5.55 o
505
=2
w
o
=
25% of IDs made by 130 users (top 0.06%) g
0.25Er
e
Q
&
.00
100
Number of Users
Users
(e) ) (@) M
E kingdom o Lok
b 1} 100k
2 [i=s
& phylum ) ]
o S 1k S 1ok
= class i 2 o
] = = i
: = .
_J-J:: order 2 1004 2 1k
g family S @
o Q 100
= = o
c  genus T 104
o i = G ——— 10
= sPecies 2 Pl
B 5 { . - - 1k : 4 . . . 1
1 10 100 1k 10k 100k 1 10 100 1k 10k 100k 1 10 100 1k 10k 100k 1M

Identifications

Identifications

Identifications

Figure 1. Summaries of identification effort on iNaturalist. Panels (a) and (b) summarize identifier activity (the shaded area) relative to the number of
observations added to the site (the bold line), as a function of year. The identifications that were aided by computer vision are indicated by a darker
shade. Panel (c) documents the median time per year since 2008 of observations first reaching research-grade status. Panel (d) shows accumulation
plots of identification effort over different subsets of identifier activity, showing that the vast majority of identifications are made by a very small
subset of users. Panel (e) shows that more active identifiers are more likely to identify to finer taxonomic levels (e.g., to species). Panel (f) highlights
that the majority of users, including those with fewer than 1000 observations, identify close to 1 new taxon per identification, whereas the most active
identifiers identify proportionally fewer taxa identified per identification (the dashed line indicates a one-to-one relationship). Panel (g) shows overall
identification and observation activity for all users, with fewer users identifying more than observing (with a one-to-one relationship indicated with a

dashed line).

pool. Highly active identifiers have different profiles of identifica-
tion activity than do otheridentifiers, including a tendency toward
specializing on specific groups and identifying to the species or
lower level relative to less active identifiers (figure 1e, f). Finally,
users who are active identifiers also tend to be active observers,
but this is highly variable, with a trend toward highly active
identifiers contributing more identifications than observations
(figure 1g).

One of the key innovations for iNaturalist was the incorpo-
ration of computer vision in 2017 into its identification process.
Both observers and identifiers can use computer vision to see
suggestions for the identification of an observation. Users can
simply click a button to get a list of candidate species with vi-
sual similarity, ranked by those observed in the area, and can
select among them. The use of computer vision can provide di-
rect assistance in identification by suggesting candidates but can
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also increase the ease of use by saving time on recall and typ-
ing. Since computer vision was added in 2017, it has quickly
become a critical means for early identification of an observa-
tion, accounting for nearly half of the observing users’ identifi-
cations by the end of 2021 (figure 1a). However, beyond an ini-
tial identification by an observer, other subsequent identifiers are
much less reliant on computer vision, as is shown in figure 1b.
Computer vision may also have some role in reducing the time
it takes to hit research grade (see more below), which has de-
creased markedly over time (figure 1c). However, the most notice-
able shifts toward faster time to research grade occurred prior to
computer vision’s introduction, potentially when a critical mass of
active identifiers became active on the platform, also likely has-
tened by an efficient “identify” user interface introduced in 2016
(Ueda 2016).

Geographic and taxonomic patterns of
identifications or identifiers

Biases in usable data from community science projects remain a
key concern because rapidly increasing data resources may re-
duce some types of data gaps but ultimately increase spatial,
temporal, and taxonomic biases (Shirey et al. 2021). Identifica-
tion processes can contribute to these biases, because even if
the observations are made in regions that are otherwise poorly
sampled, there must still be effort to assess identification qual-
ity before these data are usable in research. Our working hypoth-
esis is that identifiers are typically less constrained geographi-
cally than observers are, because they work remotely and are
therefore freed from the costs associated with collecting obser-
vations. We measure geographic specialization as the percentile
rank of users according to the standard deviation of the distance
from inferred residence to identification (measured as the dis-
tance from a centroid of observations to 5000 random identi-
fications along an ellipsoid, ranked among users with at least
100 identifications). We measured taxonomic specialization as the
percentile rank of a user’s number of identified taxa over their
number of identifications (also among users with at least 100
identifications). From both percentile ranks of specialization or
generalization, we considered users “highly specialized” if they
were in the bottom quartile, “specialized” if they were in the sec-
ond, “generalized” if they were in the third, and “highly general-
ized” if they were in the top quartile. We also expected that more
active identifiers are likely to be taxonomic specialists, defined
as focusing their identification efforts more narrowly across the
tree of life, given that identification is facilitated by taxonomic
expertise.

Identifiers are commonly geographically and taxonomically
specialized; however, there is significant variation along both axes
(figure 2). The most active identifiers are taxonomic specialists,
with similar numbers identifying geographically broadly and nar-
rowly (figure 2a, b). Most strikingis the trend toward most identifi-
cations coming from taxonomic specialists (84% of the identifica-
tions from the top quantile of taxonomic specialists and 96% from
the top half; figure 2b). We also note that there is still significant
variation in identifier approach, exemplified by a selection of dif-
ferentidentifiers in figure 2c—f, showing values along key axes (per-
centile rank of the number of identifications, the mean distance
to identifications, the geographic generalist or specialist, and the
taxonomic generalist or specialist) and the actual geographic pat-
terns of identification.

Identifier experience is essential for
reaching research-grade status

Our work thus far summarized identifier patterns over space and
time, but we had yet to identify which key factors determine
whether and how long it takes for observations to reach research
grade. We built two linear mixed models to statistically test these
questions, controlling for the length of time observations were
posted on iNaturalist and were therefore subject to potential iden-
tification. The first model had a binary response of whether an
observation had reached research grade or not, and our predictor
variables included the time the observation was active on the plat-
form, whether computer vision was used at the initial upload, the
cumulative experience (the number of identifications) of all iden-
tifiers on the observation, the taxonomic rank of the observation
when identified at upload, and the number of observations that
have been recorded in the biome of the observation (Olson et al.
2001). This model was fitted to a binomial error distribution us-
ing a logit link function and included a random intercept for the
region (defined by the United Nations) to control for unmeasured
geopolitical factors that may influence whether an observation
hits research grade. We used a variable selection approach for our
model using a L1-penalized (LASSO) estimation, which uses a gra-
dient ascent algorithm to reestimate a model that includes only
the variables corresponding to the nonzero fixed effects (Groll and
Tutz 2014). We did not have the memory to run our gradient ascent
approach on all data points and therefore ran the procedure on 10
subsets of 10,000 random data points sampled with replacement.
If covariates were retained in eight or more of the iterations, those
were included in a single top model that was fitted to a larger ran-
dom subset of data (934,246 observations). The results from that
final top model are shown in figure 1.

In our second model, we created subsets of records including
only those that reached research grade, and we tested which pre-
dictors influenced how long it took to get to research grade. The
predictor variables included the time the observation was active
on the platform, whether computer vision was used at the initial
upload, the cumulative identification experience (the number of
identifications) of all users who identified the observation prior to
it hitting research grade, the taxonomic rank of the first identi-
fication, the number of observations that have been recorded in
the biome in which the observation was observed, the number of
observations on iNaturalist in the genus of the observation, and
the number of observations in the family of the observation. We
included the same random intercept for UN regions and used the
same gradient ascent approach described above. The final model
was fit to the 604,417 random observations that were classified as
research grade.

The model’s results suggest four key take-home points (fig-
ure 3). First, identifier experience was the most important predic-
tor of whether an observation reached research grade and was far
more important than whether computer vision was used, which
also positively affected the likelihood of reaching research grade.
Second, more identifier experience was also crucial for decreas-
ing the time it took for an observation to hit research grade. The
taxon rank of the first identification, a parameter lowered sub-
stantially by the use of computer vision, was another key fac-
tor in reducing the time to research grade. Third, the records re-
ported at higher taxon ranks were less likely to reach research
grade and took more time to get there if they did reach it. Fourth,
we found a lot of variation across regions, with generally fewer
records reaching research grade and with those that did tak-
ing longer in Asia, Africa, and South America than in Europe,
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Figure 2. Tree maps (a, b) representing the proportion of identifications and identifiers that are taxonomically or geographically specialized (the
horizontal and vertical axes, respectively) for identifiers with more than 100 identifications. The area represented by taxonomic specialists through
generalists runs along the horizontal axis; the area of geographic specialization runs along the vertical axis (both move toward increasing generality;
see the legend). Panels (c—f) showcase four different users with many identifications that vary in distance to identifications and geographic and
taxonomic specialization; above, the user’s percentile rank of each value is indicated by distance from the mean (50th percentile); below, the paths

from observation centroid to 5000 random identifications are mapped.

Australia and New Zealand, or North America. There were some
exceptions (e.g., West Africa, which might be driven by the overall
low numbers of observations; note the relatively large confidence
intervals on the estimates for West or North Africa).

Identification pipelines produces stable,
reliable taxonomic records

How does the status of an iNaturalist observation change after
being uploaded to the platform? Above, we were able to deter-

mine which factors enhanced the likelihood that observations
made it to research grade. But iNaturalist records can also have
other outcomes, including being demoted to a coarser taxonomic
level or deleted. We again used a linear model framework—in
this case, using the binomial error distribution and logit link
function (i.e., logistic regression) to determine the fate of ob-
servations over the course of a year. The status of an obser-
vation was the response variable, and the amount of time ac-
tive on the platform was the predictor variable. We used all
of the downloaded observations (104,092,966 in total) to fit this
model.
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Figure 3. Model results showing top factors determining whether an observation reaches research-grade status (a) and time to research-grade status
(b). Several top factors are related to the volume of iNaturalist observations in a region (e.g., “Higher number of observations in associated biome”) or
taxonomic group (e.g., “Higher number of observations in family”). Random effects of United Nations region were included in each model; the random
effect estimates for likelihood to reach research grade are indicated in panel (c) and mapped in panel (d), and estimates for the time to reach

research-grade status are indicated in panel (e) and mapped in panel (f).

Our model results are presented visually in figure 4. This shows
that, over the course of a year, the majority of observations hit re-
search grade—and almost all that made it remained there. Among
the 3% of records that change within a year after reaching re-
search grade, nearly half of those were due to taxonomic reclassi-
fications (swaps) or identification to a finer taxonomic level (e.g.,
subspecies), which, ultimately, are improvements. This leaves a

small proportion of records (1.6%) that do leave research grade,
some of which eventually return (approximately 0.4%). A signifi-
cant proportion of observations (28.4%) remain in the “needs iden-
tification” category, likely in part because they are not identifiable
and in part because of a lack of identifiers. A sizable minority of
observations (approximately 13%) become inactive, because they
were either annotated to a lower quality grade (i.e., “casual”) or
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research grade

1.2% revert
to needs-ID

29.6% end
needs-1D

Figure 4. Sankey plot showcasing the fate of observations with regards to identification during a calendar year. The majority of records hit
research-grade status and stay there, with some amount of flux due to taxon swaps, new identifications that remove records from research grade, and

some that then return back to research grade.

deleted from the site. The key take home from this analysis is that
most records on iNaturalist reach research grade and stay there,
which implies that identification pipelines generally produce sta-
ble and likely reliable taxonomic records.

Why does this matter for biodiversity
science?

One of the most essential aspects of iNaturalist is the collabo-
ration between those documenting organisms and those helping
to identify them. This collaboration is multifaceted in terms of
benefits (Mesaglio and Callaghan 2021, Callaghan et al. 2022). Ob-
servers are seeking either a confirmation that their initial iden-
tifications are correct or a more refined identification at a finer
taxonomic level. Therefore, identifiers provide a service and moti-
vate observers to further add new content and become more profi-
cient in recognizing what they see. Identifiers also fundamentally
drive the research value of iNaturalist because identification con-
firmations are required for a record to reach research-grade sta-
tus, the level at which most researchers use in their analyses. This
value is made more explicit via the connections between iNatu-
ralist and GBIF, which publishes all the research-grade observa-
tions as a data set that includes the identifier who first added the
eventual research-grade identification on iNaturalist (iNaturalist
contributors 2023). Because that identifier is included with each
record, GBIF also provides one key mechanism to support credit
to identifiers via its provision of digital object identifiers for down-
loaded data sets (www.gbif.org/citation-guidelines). We advocate

for a more inclusive identification credit model in which all iden-
tifiers of research-grade observations are listed in GBIF meta-
data. Finally, identifiers are critical for providing the labels that
are needed for training computer vision models that support au-
tomating identification, which, itself, is part of a virtuous feed-
back loop. Many observers use computer vision taxonomic pre-
dictions in their first identification, and some identifiers also use
these models, although our results suggest this is less common
than we expected. We cover in more detail below identification
stability and quality, biases in identifier efforts, and how computer
vision has and may continue to affect the identification processes,
before closing with more on the importance of iNaturalist's open
and inclusive process for building a community of users.

Identification stability and quality

Identification processes sit at the center of an ongoing question
of the fitness for use of iNaturalist data as the resource continues
to rapidly grow. The research community has not wholeheartedly
embraced using iNaturalist records in downstream research, and
there is something of a cottage industry developing to assess
identification quality for various taxonomic groups (Goodwin
et al. 2015, Hochmair et al. 2020, Barbato et al. 2021, Koo et al.
2022, McMullin and Allen 2022, Rosa et al. 2022). This mistrust
of iNaturalist data is not entirely unfounded; there are many
cases in which research-grade digital vouchers are misidentified
or simply cannot be identified to species given the quality of the
photograph (or other media captured). One of the key results from
our work that should allay some concerns regarding identification
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quality is that the research-grade pipeline is remarkably stable.
Most observations that are identified to research grade stay in
that category, including those that get highly active identifier
attention. We also note that many of the top identifiers who con-
tribute the majority of identifications on the site are classically
qualified taxonomic specialists. Because iNaturalist hosts such
a high volume of user activity and promotes consensus-based
identifications, the chance for revisions toward correct identifi-
cation may be higher than in natural history collections, where
specimen misidentifications are not uncommon. Furthermore,
taxonomic updates are far less frequent in natural history collec-
tions databases than in iNaturalist, which means that there is a
high number of specimens in natural history collections without
currently valid names—partially contributing to misidentification
estimates as high as 50% (Goodwin et al. 2015). The living nature
of iNaturalist records and the frequent updates of existing records
to the GBIF pipeline provide a mechanism for ongoing correction
and revision of both observation and backbone taxonomies.

We still recognize the need for further vetting of research-grade
specimens, and downstream users concerned about identification
quality have a number of options depending on their tolerance
for error. For many applications, we simply recommend accept-
ing an often very low error rate and directly using research-grade
records without further filtering. For those who require more
stringency, we propose a couple of simple filtering approaches:
filtering data to observations verified by trusted identifiers, or fil-
tering out records that are identified once by a user and have only
oneidentification confirming thatidentification. Both of these rec-
ommendations will help remove cases for which there are most
likely to be misidentifications. However, such filters may remove
many well-identified and perfectly usable data (Gaier and Resasco
2023).

Identifier taxonomic and geographic
specialization

Di Cecco and colleagues (2021) showed that observation effort
is highly spatially and taxonomically uneven and that most ob-
servers observe locally and tend to be specialists. We find that
identifiers in general are much less likely to be constrained to local
geographic areas, although there is quite a bit of variation in their
geographic reach. The most active identifiers are as likely to be ge-
ographically specialist as generalist. Because many identifiers are
less geographically specialized, most parts of the world are get-
ting identifications and identifier biases are not strongly driving
geographic unevenness. The bottleneck, at least at the scale of all
iNaturalist records, is likely due to limited observations in many
regions of the world.

Also unsurprisingly, identifiers are often more likely to be tax-
onomic specialists than observers, and this means that there
are likely taxonomic groups on iNaturalist with some observa-
tion effort but limited identifications. Part of this lack of cov-
erage may be due to limited expertise on the platform but
equally as much is likely due to groups for which identifica-
tions by photograph are more difficult. Underlying all these re-
sults is a strong feedback loop between observers and iden-
tifiers. Regions and taxa for which identifiers are active are
likely to attract observers because they know that their digital
vouchers will be seen and improved (Mesaglio and Callaghan
2021). Finally, it may be possible that continued growth of com-
puter vision approaches helps shift the needle in interesting
ways. Although some taxa are hard to identify to species be-
cause of a lack of traditional diagnostic characters being visible,

there is some indication that automated approaches can still

provide accurate identifications even when traditional diagnos-
tic features are not fully visible in photographs (Vidal et al. 2021).
Continued exploration of how to improve identifications for cer-
tain taxonomic groups that are underrepresented (e.g., many
small insects, macrofungi) will likely prove fruitful and may over-
come barriers currently limiting more research-grade observa-
tions of these groups.

The importance of computer vision
in identification

One of the unique aspects of iNaturalist was its early adoption of
machine learning-based computer vision to help with identifica-
tion across the platform. Computer vision is primarily used by a
rapidly growing proportion of observers identifying their own ob-
servations, rather than by those making identifications. However
it is deployed, its use increases the likelihood of an observation
hitting research grade and presumably supports initial identifica-
tion at a finer taxonomic level—one of the most important factors
in shortening the time to research grade. Crucially, the computer-
vision algorithm is trained on research-grade observations, them-
selves produced by iNaturalist identifier activity. The iNaturalist
computer-vision system provides one of the key entry points to
iNaturalist observers through its quick and user-friendly program
and is so useful that it’s been used as the backbone to a sister
mobile app called Seek. However, by far the single most important
factor supporting the movement of observations to research grade
is having observations viewed by expert identifiers. This effect is
far more important than computer vision for now, although the
increasing use and accuracy of computer vision may shift this in
the future. Along with computer vision, iNaturalist continues to
make improvements to the tools they provide identifiers, which
may also increase efficiency (Callaghan et al. 2022).

iNaturalist supports an open and inclusive
community

Di Cecco and colleagues (2021) and others (Mesaglio and
Callaghan 2021) have noted the many uses of iNaturalist data in
support of biodiversity and allied domains, along with some of
the pitfalls and challenges with data biases along multiple dimen-
sions. Identification processes are crucial for the utility of iNatu-
ralist to the broader research community but are still subject to
biases resulting from limited taxonomic expertise in certain re-
gions and taxa. Still, these same issues plague all biodiversity sci-
ence, and iNaturalist provides an open and friendly platform for
experts and novices alike to bring their love of natural history and
help each other for the benefit of all (Harmon 2022). We hope that
models for allocating credit for the amazing work done by iNatu-
ralist identifiers can be further increased and valued in multiple
contexts into the future.
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