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Abstract

Large-scale, volunteer-collected datasets of community-
identified natural world imagery like iNaturalist have en-
abled marked performance gains for fine-grained visual clas-
sification of species using machine learning methods. How-
ever, such data—sometimes referred to as citizen science
data—are opportunistic and lack a structured sampling strat-
egy. This volunteer-collected biodiversity data contains ge-
ographic, temporal, taxonomic, observers, and sociopolitical
biases that can have significant effects on biodiversity model
performance, but whose impacts are unclear for fine-grained
species recognition performance. Here we introduce Diver-
sity Shift (DivShift), a framework for quantifying the ef-
fects of domain-specific distribution shifts on machine learn-
ing model performance. To diagnose the performance effects
of biases specific to volunteer-collected biodiversity data,
we also introduce DivShift - North American West Coast
(DivShift-NAWC), a curated dataset of almost 7.5 million
iNaturalist images across the western coast of North Amer-
ica partitioned across five types of expert-verified bias. We
compare species recognition performance across these bias
partitions using a diverse variety of species- and ecosystem-
focused accuracy metrics. We observe that these biases con-
found model performance less than expected from the under-
lying label distribution shift, and that more data leads to bet-
ter model performance but the magnitude of these improve-
ments are bias-specific. These findings imply that while the
structure within natural world images provides generalization
improvements for biodiversity monitoring tasks, the biases
present in volunteer-collected biodiversity data can also af-
fect model performance; thus these models should be used
with caution in downstream biodiversity monitoring tasks.

Code — github.com/moiexpositoalonsolab/DivShift
Dataset —

huggingface.co/datasets/elenagsierra/DivShift-NAWC
Extended version — arxiv.org/abs/2410.19816
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Introduction
Monitoring biodiversity is vital for understanding the state
of the natural world, and frequent and accurate monitoring
via automated tools is crucial for guiding decisions to protect
the world’s ecosystems. Building machine learning tools for
this automated monitoring requires large volumes of natural
world imagery. In recent years, participatory science appli-
cations that enable public volunteers to observe, share, and
help identify species in their natural environments have seen
a surge in popularity.

These scientific efforts on the part of the general pub-
lic now mean that large-scale biodiversity image datasets
are readily available with the number of observations
rapidly approaching the scale of internet-scale image
datasets (Schuhmann et al. 2022). With these finely la-
beled volunteer-collected datasets, computer vision mod-
els have shown impressive improvement in a variety of
biodiversity monitoring-related machine learning tasks, in-
cluding species recognition, species distribution modeling,
novel species identification, and visual question answering
(Van Horn et al. 2021; Huynh et al. 2024; Teng et al. 2024;
Sastry et al. 2024; Garcin et al. 2021; Goëau, Bonnet, and
Joly 2023; Gillespie, Ruffley, and Exposito-Alonso 2024;
Stevens et al. 2024). However, the volume of these oppor-
tunistic volunteer records comes at a cost: as these obser-
vations become easier for the public to collect, sampling
becomes unstructured, and injects a variety of biases into
these data (Arazy and Malkinson 2021; Pernat et al. 2021;
Geldmann et al. 2016; Isaac and Pocock 2015; Di Cecco
et al. 2021; Boakes et al. 2010; Dimson and Gillespie 2023).
These biases mean these volunteer-collected data do not re-
flect the state of the world’s biodiversity in many aspects and
present challenges for the general uptake of these unstruc-
tured, opportunistic data for biodiversity monitoring (Back-
strom et al. 2024; Cooper 2014; Callaghan et al. 2021; Kishi-
moto and Kobori 2021; Johnston, Matechou, and Dennis
2023; Botts, Erasmus, and Alexander 2011; Deacon, Goven-
der, and Samways 2023; ?).

To help quantify the effects of these biases on model per-
formance, we introduce Diversity Shift (DivShift), a frame-
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(a) Spatial Bias (b) Temporal Bias
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(c) Taxonomic Bias

(d) Observer Bias (e) Sociopolitical Bias

Figure 1: Biases present in biodiversity data include (a) spa-
tial bias, (b) temporal bias, (c) taxonomic bias, (d) observer
behavior bias, and (e) sociopolitical bias.

work for linking domain shift-driven computer vision model
performance disparities to biases manifest in large-scale,
volunteer-collected biodiversity datasets. We specifically fo-
cus on known biases in these data present across space, time,
taxonomy, observers, and sociopolitical boundaries (Fig. 1).
We also introduce a new public biodiversity imagery dataset
DivShift-North American West Coast (DivShift-NAWC), a
dataset of nearly 7.5 million observations of over 7,500 plant
species across the North American West Coast designed to
help quantify these disparities in a controlled case study. Per-
formance varies both positively and negatively under these
five different domain shifts. Synthesizing these quantitative
results with previous work, we suggest recommendations for
downstream use of computer vision models trained on these
volunteer-collected biodiversity data.

Related Works
Large-Scale Natural World Imagery Datasets
Large-scale natural world imagery datasets for training com-
puter vision models for biodiversity monitoring tasks span
a variety of modalities, including handheld phone images,
high-quality archival and herbaria images, long-distance
camera imagery, terrestrial camera traps, ocean sonar cam-
eras, google street view imagery and remote sensing im-
agery (Van Horn et al. 2021; Huynh et al. 2024; Sastry et al.
2024; Garcin et al. 2021; Goëau, Bonnet, and Joly 2023;
Van Horn et al. 2018; Stevens et al. 2024; de Lutio et al.
2022; Wang et al. 2023; Kshitiz et al. 2024; Beery et al.
2021; Swanson et al. 2015; Kay et al. 2022; Beery et al.
2022; Lee et al. 2024; Cole et al. 2020; Gillespie, Ruffley,
and Exposito-Alonso 2024; Teng et al. 2024; Huynh et al.
2024; Weinstein et al. 2021; ?). The app iNaturalist—where
users can upload photos of species in their natural environ-
ments, identify them, and help identify other observations—
has especially seen significant and sustained growth year
over year, and now reaches over 40 million observations
with nearly 300,000 species observed annually (Di Cecco
et al. 2021; Backstrom et al. 2024; Dimson and Gillespie

2023; iNaturalist 2023).

Biases in Volunteer-Collected Biodiversity Datasets
Collections of large-scale volunteer datasets are subject to
social and ecological filters, which inject many types of
bias into biodiversity datasets (Carlen et al. 2024; Isaac
and Pocock 2015; Di Cecco et al. 2021; Isaac et al. 2014).
In this work, we focus on five kinds of biases common
to volunteer-collected biodiversity datasets: spatial, tempo-
ral, taxonomic, observer, and sociopolitical (Fig. 1). Spa-
tial bias includes observer preferences to sampling easy-to-
access green spaces in urban or touristic areas (Gratzer and
Brodschneider 2021; McGoff et al. 2017; Backstrom et al.
2024; Dimson and Gillespie 2023). Temporal bias includes
a skew towards more observations on weekends when ob-
servers are free from work and during seasons with pleas-
ant weather and attractive appearances of plants (Sweet,
Rödl, and Weisser 2022; Sánchez-Clavijo et al. 2021; Crim-
mins et al. 2021; iNaturalist 2023; Courter et al. 2013;
Cooper 2014). Taxonomic bias includes observer prefer-
ence for identifying larger, exotic, or charismatic species
and species that are easy to identify (Aristeidou et al. 2021;
Unger et al. 2021; Ward 2014; Mair and Ruete 2016; Mc-
Mullin and Allen 2022; Hochmair et al. 2020; Boakes et al.
2016; Deacon, Govender, and Samways 2023; Callaghan
et al. 2021; Stoudt, Goldstein, and de Valpine 2022). Ob-
server bias manifests as a small but dedicated group of users
that tend to observe more species in more diverse habitats
(Van Eupen et al. 2021; Milanesi, Mori, and Menchetti 2020;
Boakes et al. 2016; Rosenblatt et al. 2022). Lastly, sociopo-
litical bias in who has access to the resources, time, and
areas to collect biodiversity observations includes a skew to-
wards whiter and wealthier regions (Blake, Rhanor, and Pa-
jic 2020; Ellis-Soto, Chapman, and Locke 2023; Mahmoudi
et al. 2022; Chen et al. 2022; Burgess et al. 2017; Cooper
et al. 2023; Soleri et al. 2016; Pandya 2012; Mac Domhnaill,
Lyons, and Nolan 2020; Pateman, Dyke, and West 2021).
While these biases are well-documented, their performance
effects on fine-grained visual classification of species is not
well understood.

The DivShift Framework
In order to quantify the performance effects of bias present
in volunteer-collected biodiversity datasets, we propose Di-
versity Shift (DivShift), a new framework that casts these
domain-specific biases as distribution shifts (Fig. 2). The
DivShift framework quantifies the effect of bias by mea-
suring the in-domain versus out-of-domain model perfor-
mance of any two partitions of a dataset and further com-
pares these changes to the underlying label distribution shift
present across these two partitions.

Given any finite labeled dataset D consisting of pairs of
inputs x and labels y, we first define partition PA as any sub-
set of D such that PA ⊂ D. We similarly define a second
partition PB such that PB ⊂ D and PB

⋂
PA = ∅. These

partitions are then each further split into two sub-partitions
PAtrain and PAtest where again PAtest

⋂
PAtrain = ∅ (Fig.

2a). If the sampling process S∼ for PA and PB is identical,



Figure 2: The Diversity Shift (DivShift) Framework (a)
quantifies impacts of domain-specific biases by first parti-
tioning data into partitions PA and PB using expert-verified
types of bias. Bias impacts are then quantified by measuring
the accuracy of models trained on PAtrain using PAtest and
PBtest which is further compared to (b) the distribution shift
between labels in PAtrain to labels in PAtest and PBtest us-
ing the Jensen-Shannon Distance (JSD).

PA and PB are considered in-domain. However, when the
sampling processes for PA and PB are biased (e.g. more
observers selectively uploading a few species in a certain
area) then PA

Sa∼ J(x, y) and PB
Sb∼ J(x, y) will be out-

of-distribution relative to each other, even if the underlying
joint distribution J(x, y)—or the true representative biodi-
versity in an area—is the same. Therefore, any model trained
on PAtrain will exhibit a changed performance on PBtest

relative to PAtest under these conditions.
To quantify this performance change, we first assume that

the distribution of labels y in PA and PB can be used to esti-
mate their joint distributions and summarily use these labels
to estimate the underlying distribution shift between these
partitions. Namely, we measure the Jensen-Shannon Diver-
gence (JSD) between PAtrain(y) and PBtest(y), specifically
using a base 2 log to ensure the distance is bound between
1 and 0 where 0 is perfectly aligned and 1 is perfectly mis-
aligned distribution (Endres and Schindelin 2003) (Fig. 2b).
We choose JSD for quantifying distribution shift as it is a
bounded symmetric metric, which allows the comparison
between changes in the magnitude of the JSD across par-
titions to changes in model performance. Furthermore, JSD
is a well-established metric in the ecology literature for com-
paring biodiversity across sites.

While each Ptrain and Ptest pair are uniformly sub-
partitioned and sampled from the same distribution, the
datasets are finite and the random sampling process is
not truly random, meaning the label distributions between
Ptrain and Ptest will not perfectly match. To account for
this noise in which observations are ultimately selected for
each Ptrain, for each partition, the JSD between each paired
Ptrain and Ptest is subtracted from the estimates of dis-
tribution shift to other partitions. Specifically, the DivShift
framework first measures the performance decrease between
models trained on PAtrain and tested on PBtest and com-
pares those decreases to the JSD between PAtrain(y) and
PBtest(y) adjusted by the JSD between PAtrain(y) and
PAtest(y).

For any set of partitions where the underlying JSD is
smaller than the difference in models’ test accuracy across

the partitions, we consider that to be a strongly biased par-
tition, implying that the distribution shift between PA(x, y)
and PB(x, y) is even greater than the shift between PA(y)
and PB(y). Conversely, partitions where the JSD is greater
than the difference in model accuracy can be considered to
be weakly biased partitions, implying that the distribution
shift between PA(x, y) and PB(x, y) is smaller than the shift
between PA(y) and PB(y).

While the magnitude of model performance change across
partitions is informative for comparing to the underlying la-
bel distribution shift, to drill down on the importance of
the sign of performance changes across partitions, the Di-
vShift framework also measures the performance changes
between models trained on PAtrain and PBtrain tested on
both PAtest and PBtest. Whether a model performs bet-
ter or worse on its out-of-distribution test set partition de-
pends on the nature of the biased samplers Sa∼ and Sb∼; or
in other words, some biases in the data generation process
may be more helpful than others for estimating the underly-
ing distribution J(x, y). Specifically, when a model trained
on PAtrain has a higher out-of-partition accuracy on PBtest

than the model trained on PBtrain, then the model trained
on PAtrain is a strong generalizer with respect to the model
trained on PBtrain, which is overfitted. This implies that
some structure in the joint distribution PA(x, y) captures
useful information about PB(x, y) that PBtrain potentially
lacks.

DivShift-NAWC Case Study
To prototype the DivShift framework, we introduce the
DivShift–North American West Coast (DivShift-NAWC)
dataset. DivShift-NAWC consists of ∼7.3 million images
from ∼3.9 million research-grade and in need of ID iNat-
uralist observations across the west coast of North Amer-
ica (Fig. 3). The states in DivShift-NAWC cover seven of
the world’s nine terrestrial biomes, and include some of the
coldest (Denali peak), hottest, driest (Death Valley), and
wettest (Olympic peninsula) places on Earth. These states
further include a high variation in socioeconomic status
(2022 CA GDP: USD$3,600 bil.; 2022 BS GDP: USD$13
bil.) and data availability (CA: 6.22 obs/km2; AK: 0.01
obs/km2).

Distribution Shifts
While there are many taxonomies for classifying the kinds
of bias present in biodiversity data (Carlen et al. 2024; Isaac
and Pocock 2015), for this work, we partition DivShift-
NAWC based on five main types of bias: spatial, temporal,
taxonomic, quality, and sociopolitical (Fig. 1). For each par-
tition, we randomly split 80% of the images into train and
20% into test data.

To measure the underlying data partition distribution
shifts, we filtered each paired partition to only species shared
between the partitions, and used Scipy’s JSD function with
a log base of 2 to calculate the distance between the label
distributions (Fig. 2b). To account for noise in the sampling
process, for the JSD calculation we randomly resample the
80% train 20% test splits five times for each partition and re-



Figure 3: Overview of DivShift–North American West Coast Dataset (DivShift-NAWC). (a) Density plot of the DivShift-
NAWC’s iNaturalist observations (Naturalist 2024). Observations are skewed to U.S. and coastal states. (b) DivShift-NAWC
spans a diverse set of habitats and ecosystems (Omernik 1987), (c) along with climates (WorldClim 2024). (d) DivShift-NAWC
observations are concentrated in human-modified areas (Mu et al. 2022).

port the mean and standard deviation. To measure the impact
on machine learning model performance, we train models on
both partitions and test on said partition plus its complement,
comparing the differences in performance.

Spatial Partition: Human Footprint Human-driven land
use change is widespread across the planet, but there still
exist large tracts of undisturbed habitat especially in the po-
lar regions (Fig. 3d). However, these wilder regions are also
harder to reach, making it difficult for volunteers to collect
imagery there (Fig. 1a) and skewing volunteer-collected bio-
diversity data towards human-modified habitats (Fig. 4a).
Using the Global Human Footprint Index (HFI) (Mu et al.
2022), we partition DivShift-NAWC into wilderness (HFI
≤ 1) and highly modified observations (HFI ≥ 4). Inter-
estingly, over 90% of the 7.3 million images in DivShift-
NAWC are from highly human-modified regions while only
∼6% are from minimally-modified wilderness (Table 1), as
compared to ∼48% of all landmass in the DivShift-NAWC
states being wilderness versus ∼37% being highly-modified.

Temporal Partition: City Nature Challenge The City
Nature Challenge happens every year during the last week-
end in April. This challenge creates a large spike in obser-
vations (Fig. 4b) (Di Cecco et al. 2021; iNaturalist 2023)
and leads to altered observer behavior (Fig. 1b), as vol-
unteers are encouraged to maximize the number of obser-
vations and unique species they observe within the week.
While the majority of iNaturalist photos are taken outside
of this challenge, a higher proportion of observations from
the City Nature Challenge are labeled. Indeed, the Chal-
lenge captures more than half of the species from the en-
tire DivShift-NAWC dataset despite having less than 6% of

the total observations (Table 1), implying that observer be-
havior patterns shift significantly during the challenge. To
test the benefits and drawbacks of this altered user behav-
ior on model performance, we partition DivShift-NAWC so
all observations taken during official City Nature Challenge
(CNC) dates for the four years of study comprise one parti-
tion, while observations from all other weeks comprise the
other.

Taxonomic Partition: Long-Tailed Versus Balanced
While most species are rare and few species are common
(Enquist et al. 2019), volunteer observations tend to be es-
pecially skewed towards charismatic or interesting species
(Figs. 1c, A2a). To minimize these long-tail performance ef-
fects, many computer vision datasets built from volunteer-
collected biodiversity image collections tend to re-balance
the number of examples per-species to be more uniform
(Fig. A2b) (Van Horn et al. 2021; Deng et al. 2009). How-
ever, some of these more commonly observed species are
also more ecologically abundant, and thus have a larger di-
versity of phenotypes, leading to a larger intra-class variabil-
ity. This artificial balancing decision thus means that addi-
tional observations for these abundant species are excluded,
potentially harming performance for these common species.

To explore the ramifications of this choice, we compare
the performance of models trained on two train partitions
with the same test set. Namely, after removing species with
fewer than 25 observations, we consider a long-tailed par-
tition where all observations are kept for common species.
We also consider a balanced partition, where we only train
on up to 300 randomly-selected images for common classes,
ultimately discarding observations for 2,375 of the 7,607



Figure 4: Biases in the DivShift-NAWC dataset. (a) Human footprint index (Mu et al. 2022) across human-modified and
wilderness areas. (b) Observations per-day, with City Nature Challenge spike highlighted. (c). Observations per-observer with
casual/engaged lines highlighted. (d) Density of observations in shared ecoregions across Arizona-Sonora border.

species in this partition.

Observer Partition: Observer Engagement Since iNat-
uralist observations are collected by volunteers with
differing amounts of enthusiasm, time, and resources
(Mac Domhnaill, Lyons, and Nolan 2020; Blake, Rhanor,
and Pajic 2020), observer engagement varies widely be-
tween observers (Fig. 1d). Given that observers who use
the app frequently and collect more data tend to observe a
wider diversity of species in more diverse habitats (Fig. 4c)
(Di Cecco et al. 2021), we also partition DivShift-NAWC
by user engagement, with the casual partition consisting
of all observations from observers with fewer than 50 to-
tal research-grade observations, and the engaged partition as
observations from observers with more than 1,000 research-
grade observations (Di Cecco et al. 2021).

Sociopolitical Partition: State Boundaries Where cer-
tain plant species can grow are demarcated by ecologi-
cal boundaries (Fig. 3b). Similarly, volunteer observation
trends are demarcated by political boundaries which may
not necessarily reflect ecological ones (Figs. 1e). For ex-
ample, while the Sonora and Mojave deserts extend beyond
the borders of California and Arizona, the stark effects of
political boundaries can be seen in the difference in abun-
dance of observations between the U.S. and Mexico, espe-
cially across the Arizona–Sonora border, which bifurcates
two similar ecosystems (Fig. 4d).

To test whether predictive accuracy of models trained
in observation-rich geographies can extend across these
at times ecologically arbitrary political boundaries to
observation-poor regions, we compare model performance
trained with observations from two states with a large num-
ber of observations (British Columbia and California) and

test them on nearby states with varying levels of volunteer-
collected biodiversity data availability (Alaska, Washington,
Oregon, Yukon, and California for British Columbia; British
Columbia, Washington, Oregon, Arizona, Nevada, Baja Cal-
ifornia, and Baja California Sur for California).

Baseline Partitions Lastly, we compare the absolute ac-
curacy of these partitions to a variety of classic partition-
ing schemes from natural world imagery datasets. Specifi-
cally, we recreated the filtering and partitioning schema of
the iNat2021 benchmarking dataset (Van Horn et al. 2021).
We also recreated the iNat2021 mini train partition by ran-
domly sub-sampling exactly 50 images per-species from the
train set. Additionally, we tested spatial stratification, parti-
tioning the study area into a 50 x 50 km grid and randomly
assigning 20% of the grid boxes and the DivShift-NAWC
images that fell within these boxes to test and the rest to train
(Cole et al. 2020; Huynh et al. 2024). We also recreated the
Imagenet train / test partitioning strategy, (Deng et al. 2009)
and tested a naive train / test partition where 20% of obser-
vations and all of their corresponding images are selected as
test images while the rest are used for training.

Model Training and Testing
To quantify bias effects with the DivShift-NAWC dataset,
we focus on the specific task of fine-grained species recogni-
tion (identifying species from their images), which is an im-
portant biodiversity monitoring task for automating species
detection. We only use research-grade iNaturalist observa-
tions as these images have been community-verified that the
species identification is correct. As the goal of this work is
to test distribution shift effects across partitions of volunteer-
collected data as opposed to maximizing predictive perfor-



Partition Images Research
Grade

Obs. Spec.

DivShift-NAWC Dataset 7.348M 4.726M 3.905M 7,607
Baselines

iNat21 3.554M 3.554M 1.937M 1,852
iNat21 mini 0.185M 0.185M 0.109M 1,852
ImageNet 1.614M 1.614M 0.858M 1,260

Spatial Stratified 7.348M 4.726M 3.905M 7,607
Taxonomic Bias

Long-tail 4.725M 4.725M 2.527M 7,607
Balanced 1.992M 1.992M 1.007M 7,607

Temporal Bias
City Nature (CNC) 0.362M 0.245M 0.220M 3,929

Not City Nature 6.986M 4.480M 3.685M 7,604
Observer Bias

Engaged 3.476M 2.324M 1.697M 7,361
Casual 1.113M 0.660M 0.756M 5,706

Spatial Bias
Modified 6.642M 4.280M 3.536M 7,513

Wilderness 0.141M 0.083M 0.068M 2,395
Sociopolitical Bias

Alaska (AK) 0.099M 0.064M 0.057M 875
Arizona (AZ) 0.497M 0.313M 0.272M 2,191

Baja California (BN) 0.142M 0.098M 0.090M 1,466
Baja California Sur (BS) 0.046M 0.033M 0.022M 716
British Columbia (BC) 1.080M 0.691M 0.622M 2,329

California (CA) 4.039M 2.558M 2.115M 4,654
Nevada (NV) 0.259M 0.177M 0.121M 1,860
Oregon (OR) 0.604M 0.399M 0.300M 2,711
Sonora (SO) 0.018M 0.010M 0.010M 673

Washington (WA) 0.529M 0.357M 0.279M 2,393
Yukon (YK) 0.034M 0.026M 0.018M 746

Table 1: DivShift-NAWC Data Representation by Partition.
Obs=Observations. Spec=Species. Research-grade images
are verified by at least two iNaturalist community members.

mance, for each partition we train a small computer vision
model for a limited number of epochs with the same hyper-
parameter configuration for each model.

Specifically, for each partition we train a ResNet-18 ini-
tialized with ImageNet pre-trained weights for 10 epochs
with a batch size of 64, an SGD optimizer, single-label
cross-entropy loss, and a learning rate of 0.064. Image aug-
mentations were limited to resizing each image to at least
256 x 256 pixels and center cropping to 224 pixels, then
normalizing the image with Imagenet mean and standard de-
viation. For testing, we employ early stopping using Top-1
species accuracy, and for all partitions we test only with im-
ages from species present in the split the model was trained
on. To demonstrate how architecture and size choices im-
prove absolute accuracy, we also ablate the model architec-
ture and size, training a large ResNet50 and a base-size vi-
sion transformer (ViT) on the casual partition of the dataset.

Models’ accuracies were measured using eight diverse
accuracy metrics common to the machine community,
such as Top-1 per-image (Top1-Img), per-species accuracy
(Top1-Spec), accuracy aggregated by rarity (Beery et al.
2022)(Top1-FAR, CAR, RAR), and accuracy broken down

Train
Partition

Test
Partition

JSD Diff
(µ± σ)× 100

Top1-
Img
Diff

Top1-
Spec
Diff

Spatial Bias (Human Footprint)
Wild Modified 49.29 ± 0.15 -35.3 -15.4

Modified Wild 71.87 ± 0.30 -11.3 +6.9
Temporal Bias (City Nature Challenge (CNC))

CNC Not CNC 19.53 ± 0.08 -17.9 -10.0
Not CNC CNC 36.39 ± 0.14 +1.9 +9.2

Observer Bias (Observer Engagement)
Casual Engaged 26.70 ± 0.09 -23.1 -12.5

Engaged Casual 33.20 ± 0.08 +4.9 +3.8
Sociopolitical Bias (State Borders)

CA BC 79.04 ± 0.08 -29.1 -15.2
CA WA 77.08 ± 0.09 -26.1 -11.6
CA OR 70.27 ± 0.06 -24.6 -0.9
CA AZ 74.83 ± 0.09 -23.0 -6.5
CA NV 75.64 ± 0.06 -14.2 -0.2
CA BN 59.66 ± 0.13 -10.3 +5.9
CA BS 87.52 ± 0.15 -39.9 -10.1
CA SO 86.77 ± 0.39 -26.1 +2.9
BC AK 65.28 ± 0.26 -20.5 -3.7
BC YK 75.61 ± 0.17 -32.4 -10.8
BC WA 28.36 ± 0.18 -8.9 -5.4
BC OR 38.72 ± 0.13 -16.7 -7.0
BC CA 62.38 ± 0.12 -29.1 -8.5

Table 2: Comparison of label distribution shift to perfor-
mance shift across bias partitions on DivShift-NAWC. The
difference in JSD is calculated as JSD(PAtrain, PBtest) −
JSD(PAtrain, PAtest) and the difference in observation
performance (in %) is the model’s out-of-distribution’s test
set performance minus the test set performance on the
in-distribution train partition. JSD=Jensen-Shannon Diver-
gence, Diff=Difference, Img=Image, Spec=Species.

by ecoregion (Top1-Eco) (Huynh et al. 2024). We also in-
troduce a new rarity-weighted loss function that empha-
sizes performance on classes that are rare within a partition
(Top1-Wgt), and accuracy broken down by land use cat-
egory (Top1-LUC), emphasizing performance across both
human-modified and untouched habitats.

Results and Discussion
Generally speaking, comparing the dataset label distribution
shift measured by the JSD (Table 2, JSD Diff) versus the
model performance shift (Table 2, Top1-Img Diff), when
looking at strong versus weak biases per partition, we see en-
couragingly that all bias partitions are weakly biased as over-
all model performance changes for in- vs. out-of-distribution
are smaller than the JSD across labels. For the sociopolit-
ical bias partition, despite having the largest in- vs. out-
of-domain model performance drops (Table 2, Sociopoliti-
cal Bias, Top1-Img), these drops in performance are much
smaller than the drop in JSD between the partitions (Table
2, Sociopolitical Bias, JSD Diff). This implies that computer
vision model performance losses across geographies tend to
be less pronounced than underlying data availability differ-
ences (Beery, Van Horn, and Perona 2018).



Train-Test Wgt FAR CAR RAR LUC Eco
Spatial Bias (Human Footprint)

Wild-Wild 16.1 34.8 30.0 18.1 55.5 52.8
Modified-Wild 43.2 66.5 44.0 10.8 61.9 59.5

Modified-Modified 15.6 69.3 48.8 21.3 70.2 70.1
Wild-Modified 8.5 19.2 12.4 5.2 17.9 18.0

Temporal Bias (City Nature Challenge (CNC))
CNC-CNC 8.7 32.5 13.8 5.2 43.4 49.0

Not CNC-CNC 37.0 65.8 44.7 18.6 70.8 75.8
Not CNC-Not CNC 17.6 69.0 49.2 22.7 71.1 69.5

CNC-Not CNC 2.2 21.8 6.1 1.4 27.0 26.2
Taxonomic Bias (Balanced vs Long Tailed)

Long-Long 17.8 70.9 50.4 24.7 70.1 72.0
Balanced-Long 19.2 55.0 52.5 26.6 52.0 51.3

Observer Bias (Observer Engagement)
Casual-Casual 11.4 51.6 22.3 8.7 61.0 63.8

Engaged-Casual 24.6 62.5 36.7 11.1 65.9 70.6
Engaged-Engaged 15.0 63.2 41.2 18.4 63.0 62.1
Casual-Engaged 4.7 39.9 11.2 1.8 41.8 41.3

Sociopolitical Bias (State Borders)
CA-CA 14.6 63.9 44.6 21.0 72.0 -
CA-BC 20.6 42.5 17.0 4.6 41.1 -
CA-WA 24.2 47.6 21.2 3.9 45.7 -
CA-OR 26.6 49.9 27.6 7.6 47.2 -
CA-AZ 29.3 51.5 25.3 8.7 50.1 -
CA-NV 39.0 56.1 35.3 19.9 56.1 -
CA-BN 36.2 62.3 37.7 11.3 60.1 -
CA-BS 32.2 49.7 23.3 4.2 32.8 -
CA-SO 38.3 50.3 22.0 11.4 51.6 -
BC-BC 11.4 57.5 35.0 13.6 70.5 -
BC-AK 21.4 55.6 23.4 4.4 47.8 -
BC-YK 17.9 49.8 23.3 2.3 34.9 -
BC-WA 12.5 50.8 23.1 3.6 59.3 -
BC-OR 15.3 46.3 20.0 4.4 50.6 -
BC-CA 18.2 43.5 17.2 1.7 40.7 -

Table 3: Top-1 accuracy results (in %) on DivShift-NAWC
across bias partitions. Wgt=Weighted, FAR=Frequent Av-
erage Recall, CAR=Common Average Recall, RAR=Rare
Average Recall, LUC=Land Use Category. Top-1 Eco is ex-
cluded for sociopolitical bias due to the lack of consistency
of overlapping ecoregions between states.

Wilderness Vs. Modified Habitats For the spatial split,
training on observations from less-disturbed habitats (Table
3, Wild-Modified) leads to worse performance than training
in areas of high human activity (Table 3, Modified-Wild),
likely due to the significant difference in the number of ob-
servations between these partitions, with modified regions
having more than 3.5 million more unique observations
than wilderness regions (Table 1, Spatial Bias). Indeed, the
modified-trained model is a strong generalizer to wilderness
regions, showing a higher out-of-distribution accuracy on
wilderness observations for all but the rarest species in the
DivShift-NAWC dataset (bolded entries, Table 3, Modified-
Wild; Fig. A3a). The wilderness-trained model’s low trans-
ferability even for rare species implies it has overfit and
the wilderness partition is strongly biased, lacking sufficient
data to build well-generalized models.

Further evidence of the paucity of data from wilderness
regions include the fact that the modified-trained model’s
out-of-distribution rarity-weighted accuracy for rare species
within the wilderness partition (Wgt, Table 3, Modified-
Wild) is much higher than its accuracy on species rare across
the entire DivShift-NAWC dataset (RAR, Table 3, Modified-
Wild). This implies that many species that are rare in wilder-
ness regions are in fact commonly dispersed in highly mod-
ified regions. Alternately, we see that for species most
commonly observed in wilderness regions, the wilderness-
trained model outperforms the modified-trained model, but
only for observations for those species taken in wilderness
regions (Fig. A3b). This suggests that the growth form or en-
vironment of these wilderness–associated species is highly
unique, further underscoring the need for more data collec-
tion across our wildest landscapes.

City Nature Challenge For the temporal split, we also
see uniformly worse performance training on observations
from the City Nature Challenge and testing on observations
from outside the Challenge (Table 3, CNC-Not CNC; Fig.
A5a), likely a consequence of significant differences in par-
tition size (Table 1, Temporal Bias). Meanwhile, training
on observations from outside the Challenge strongly gener-
alizes and leads to improved performance on observations
from the Challenge in all cases (bolded entries, Table 3,
Not CNC-CNC), while the Challenge-trained model is es-
pecially overfitted for rare species and species-rich portions
of the year outside of the City Nature Challenge (Table 3,
CNC-Not CNC, RAR; Fig. A5b). This implies that during
the challenge iNaturalist users are more drawn to increase
their species count as opposed to their observation count dur-
ing this bioblitz, leading to too many species and not enough
observations to effectively train models from the City Nature
Challenge (∼ 62 observations per-species CNC, ∼ 589 ob-
servations per-species Not CNC).

Long-Tailed Vs. Balanced For the taxonomic partition,
we see that as expected, sub-sampling the most frequent
classes improves accuracy per-class for all but the most
common species (Table 3, Balanced-Long, FAR; Fig. A1
All Species). Indeed, balancing the training set leads to
strong generalization for rare species (bolded entries, Table
3, Balanced-Long; Fig. A1, By Species Rarity, Rare), but
conversely using the maximal training data available leads to
the best common species performance (Table 3, Long-Long,
FAR; Fig. A1, By Species Rarity, Frequent), highlighting
the inherent tension between maximizing rare vs. common
species performance.

Casual Vs. Engaged Observers The observation quality
split shows the most marked performance differences across
partitions, with the model trained on observations from en-
gaged users showing substantially better and strongly gen-
eralized performance (bolded entries, Table 3, Engaged-
Casual) over models trained with observations from casual
users (Table 3, Casual-Casual). Given that this bias parti-
tion has the most similar number of observations between
the two partitions, this implies that the overall lower perfor-
mance of the casual-trained model stems from lower image



Baseline JSD
(µ± σ)× 100

Top1-
Img %

Top1-
Spec %

Top1-
Wgt %

Top1-
FAR %

Top1-
CAR %

Top1-
RAR %

Top1-
LUC %

Top1-
Eco %

Spatial 31.23 66.3 37.6 21.4 65.8 42.6 15.6 65.1 66.1
ImageNet 7.27 69.5 69.5 69.5 69.5 - - 69.9 70.4
iNat2021 40.20 68.0 68.0 68.0 71.8 52.5 - 69.1 64.7
iNat2021

Mini
0.00 33.7 33.7 33.7 34.0 32.3 - 31.0 29.3

Random 8.09 70.6 40.5 20.5 69.8 48.4 21.3 70.9 69.8

Table 4: Results for baseline partitions (Huynh et al. 2024; Deng et al. 2009; Van Horn et al. 2021). Some CAR and RAR values
are missing due to lack of common and rare species in baseline partition.

quality for observations taken by casual users as opposed
to insufficient training data volumes. Indeed, if we bin per-
formance by observer experience, we see that the engage-
trained model has consistent and significantly higher gen-
eralization performance than the casual-trained model (Fig.
A4).

Interestingly, for the engaged-trained model we see a
strong negative relationship between the number of obser-
vations a user has uploaded and model performance (Fig.
A4, engaged trained), suggesting that iNaturalist users who
use the app least frequently generate more generic and easy
to identify data. Conversely, the casual-trained model shows
a strong positive relationship between user observations and
performance (Fig. A4, casual trained), suggesting that the
most engaged users take the best photos for species identi-
fication and know what features and phenotypes to focus so
individuals are easily identifiable.

State Boundaries For the sociopolitical boundaries, we
see substantial distribution shifts between states, with a gen-
eral correlation between distance in space and distance in
distribution (Table 2, Sociopolitical Bias, JSD Diff). Sim-
ilarly, model accuracy drops off with larger distances be-
tween states and fewer shared ecoregions (Fig. A6). How-
ever, when controlling for distance, states with a much
higher data density tend to have a much lower performance
(Table 3, Sociopolitical Bias, CA-BC, BC-CA) than simi-
larly distant states with a low data density (Table 3, Sociopo-
litical Bias, CA-BS, BC-AK), implying that the data vol-
ume of low density states may be insufficient to reliably test
model transfer performance. These results imply that while
predictive power decreases across boundaries, there is still
some transferability across geography in the North Ameri-
can West Coast when data density is sufficient.

Baselines For the baseline partitions, we find that in gen-
eral performance is on par with that of the bias partitions
trained on their in-domain test sets, like the engaged and
long-tailed partitions (Table 4). While the Random parti-
tion has high per-image accuracy, its much lower rarity-
weighted accuracy implies that much of these gains may be
concentrated in just the most common species, a common
critique of this sampling approach. The iNat2021 Mini split
has the lowest absolute but also most consistent performance
across accuracy metrics, because sub-sampling a small num-
ber of images for every dense-enough class likely captures
a less-biased sub-sampling in expectation. Lastly, the spatial

split has frequency-binned accuracies comparable to other
baseline splits but a significantly lower species- and rarity-
weighted accuracy, implying in aggregate that spatial block
sampling can capture dataset-wide trends, but sometimes at
the cost of high train-test variance (JSD: 31.23, Table 4).

Model Architecture and Size Ablation Comparing per-
formance across the casual split of the quality bias partition
for a larger ResNet architecture and a transformer-based ar-
chitecture (Table 5), we see both ablations outperform the
ResNet-18 model across all accuracy metrics. Using a larger
ResNet model led to modest performance improvements be-
tween ∼2 and ∼12% depending on the metric. Using a more
modern vision transformer architecture led to significantly
larger performance improvements, between ∼15 and ∼20%
depending on the metric. Importantly, the differences be-
tween in-domain and out-domain per-image accuracy stay
relatively consistent between ablations (Table 2, Casual-
Engaged, Top1-Img Diff; Table 5, Img % Diff), highlight-
ing the effectiveness of the DivShift framework to measure
performance shifts independent of modeling choice.

Recommendations for Downstream Modeling
Spatial Bias Takeaways: Wilderness regions simply lack
sufficient volunteer-collected biodiversity data to train effec-
tive models (Table 2, Human Footprint; Fig. A3), thus down-
stream biodiversity modeling efforts targeted for undis-
turbed regions and their species will likely require additional
data collection. Temporal Bias Takeaways: Normal iNatu-
ralist user behavior leads to denser training data than from
the City Nature Challenge data collection campaign alone
(Table 3, CNC; Fig. A5), thus modelers should complement
models trained on bioblitz observations with data taken from
the rest of the year when possible. Taxonomic Bias Take-
aways: Using more data even if long-tailed improves com-
mon species performance but reduces rare species perfor-
mance ; Fig. A1, leading to an inevitable rare vs. common
trade-off (Table 3, Balanced vs Long-Tailed). Thus, train-
ing data sub-sampling should be chosen with downstream
biodiversity monitoring use cases in mind (e.g. maximal ac-
curacy for detection of common invasive species, vs. endan-
gered species recognition). Observer Bias Takeaways: Ob-
servations from more engaged observers are of resounding
higher quality (Table 3, User Engagement; Fig. A4), thus
modelers should consider discarding observations from ob-
servers with < 50 observations. Sociopolitical Bias Take-
aways: Accuracy across geographies tends to degrade with



larger distances but is obscured when data density is low
(Table 2, State Borders; Fig. A6), thus modelers working in
data-sparse regions should take care to validate models with
expert-collected data when possible.

Limitations and Future Work
Our findings represent the first comprehensive effort to
quantify and document the downstream effects of bias in
biodiversity data on computer vision model species recog-
nition performance. Despite documenting the effects of five
unique partitions, there are yet even more kinds of biases not
tested here, and further complex interactions and intersec-
tions between these biases should be explored (Carlen et al.
2024; Bowler et al. 2022). So long as those biases enable
the partitioning of biodiversity datasets, the flexibility of the
DivShift framework should allow for the targeted testing of
these additional and intersectional biases.

While our framework can provide quantitative estimates
of underlying distribution shift, it still lacks a mechanism
to causally attribute performance changes to a given bias,
an important direction for future work. Similarly, we only
evaluate common supervised approaches to contrast perfor-
mance across shifts. In future work, we envision expand-
ing DivShift to the unsupervised and long-tailed learning
settings to benchmark more modern machine learning tech-
niques for dealing with distribution shift.

Furthermore, relying on label distribution shift across
iNaturalist images may not be the most biologically-
plausible way to measure ecological shifts, and alone may
not capture all correlations between features and labels in-
fluenced by environmental or other factors. In the future, we
aim to measure underlying distribution shift within environ-
mental space by comparing climate hulls across the bias par-
titions, and within image space by comparing shifts within
image features via image embedding manifold analysis.

Lastly, by performing train/test splitting per-image in-
stead of per-observation, within partitions there is the risk
that different images from the same observation end up in
both the train and test split, inflating in-distribution test per-
formance and reducing model generalizability. The DivShift
framework can directly test for these effects when models
show high in-distribution but low out-of-distribution per-

Metric ResNet50 ResNet50
Diff

ViT ViT Diff

Img % 71.1 -22.7 79.0 -23.1
Spec % 35.2 -14.1 47.4 -21.0
Wgt % 15.6 -8.1 28.0 -17.6
FAR % 59.1 -11.4 70.2 -13.9
CAR % 28.4 -12.9 42.3 -20.7
RAR % 13.0 -9.4 24.0 -19.0
LUC % 74.0 -26.6 78.5 -21.5
Eco % 65.6 -16.4 81.1 -24.4

Table 5: Top-1 in-distribution and out-of-distribution dif-
ference accuracy results for ablated model architecture and
size. Models trained on Casual Observers and tested on Ca-
sual Observers and Engaged Observers.

formance. Furthermore, the DivShift framework is agnos-
tic to train/test splitting choices and future versions of the
DivShift-NAWC dataset will include both per-observation
and per-image splitting options.

Conclusion
Here we present DivShift, a framework for quantifying bias-
induced distribution shift across biodiversity datasets and
introduce DivShift-NAWC, a new large-scale natural world
imagery dataset designed to benchmark distribution shift ef-
fects on computer vision model performance for biodiversity
monitoring tasks like fine-grained species recognition. This
framework and dataset enable the rigorous testing of prob-
lems known to the conservation biology community in a ma-
chine learning setting to help enable the building of more ro-
bust, accurate biodiversity monitoring tools from large-scale
volunteer datasets.
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Supplemental Material
Building the DivShift-NAWC Dataset
Observations were downloaded from the iNaturalist Open Data
repository (iNaturalist 2024). Only research-grade or observations
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Figure A1: Class-balanced training help in most cases (All
Species), but at the cost of common species performance (By
Species Rarity).

Figure A2: (a) Biodiversity data exhibits a commonness of
rarity, where less than 20% of DivShift-NAWC species pos-
sess 80% of the examples (green) while more than 80% of
species share only less than 20% of the dataset examples
(red). (b) Many machine learning datasets subsample obser-
vations from common classes (pink) to create a more bal-
anced dataset than expectation (green).

in need of ID were kept. Observations were further filtered to those
with a positional accuracy of under 120 m to ensure that spa-
tial associations with geographic variables like climate and habi-
tat type were accurate. Spatial and temporal biases can be taxa-
specific (Cooper 2014; Barve et al. 2020), thus given that many
plant communities have been undersampled in the past (Di Cecco
et al. 2021), we chose to only work with observations of plants,
specifically vascular plants (tracheophyta). After filtering to vas-
cular plants, we only kept observations from the years 2019-
2023 that fell within the administrative boundaries of the states
of Alaska, Yukon, British Columbia, Washington, Oregon, Cali-
fornia, Nevada, Arizona, Baja California, Baja California Sur, and
Sonora. We further rolled up subspecies, varieties, and phenotypes
to the species level to ensure a more uniform intra-class diversity.
Lastly, we removed any species not observed in at least two years
and only kept species with at least 15 observations. This left us with
3.9 million unique observations, of which 64% are research grade
and labeled with 7,607 unique species (Table 1). For each of these
observations, we downloaded all available photos per-observation
from the iNaturalist Open Data Repository (iNaturalist 2024), leav-
ing us with 7.3 million unique images of plants.

iNaturalist data provides crucial and useful information about
each image, such as the latitude, longitude, date, and ob-
server (iNaturalist 2023). Using this information, for each ob-



servation we added more geologically-relevant data for each im-
age, specifically L2 and L3 ecoregion, 19 current-day World-
Clim bioclim variables, land use type, soil type, and Human Foot-
print data (Omernik 1987; WorldClim 2024; North American Land
Change Monitoring System. Canada Centre for Remote Sensing
(CCRS), U.S. Geological Survey (USGS), Comisión Nacional para
el Conocimiento y Uso de la Biodiversidad (CONABIO), Comisión
Nacional Forestal (CONAFOR), Instituto Nacional de Estadı́stica
y Geografı́a (INEGI); Nachtergaele et al. 2023; Mu et al. 2022).

For the purposes of comparing the partition distribution shift
to performance shifts in this work, we further filter the DivShift-
NAWC dataset to only use research-grade observations. However,
the public version of the dataset contains all observation—both
research-grade and in need of ID—and will hopefully serve as
a platform to additionally develop self-supervised methods these
volunteer-collected biodiversity data.

Train / Test Split Designation of Partitions Each bias par-
titions was further split randomly into 80% train and 20% test using
numpy’s implementation of uniform random sampling without re-
placement. To account for noise in this finite sampling setting, on
top of the train / test splits provided in the public version of the
dataset, we also include the ability to re-sample a given train / test
split with a specific random seed, and use this process to provide
aggregated estimates of the JSD between partitions.

Measuring Distribution Shift with Jensen-Shannon Dis-
tance For each bias partition, we measured the Jensen-Shannon
Distance (JSD) between the train set of one partition (e.g. for the
spatial bias partition, observations in wilderness areas) to both the
train and the test partition of the second partition (e.g. for the spatial
bias partition, separately the train and test observations in modified
areas). We did this for five different random train/test splits for each
partition, giving us mean and error bars reported in Table 2. Of the
available statistical distance metrics, we chose to report JSD as it
has many desirable properties, namely that is a symmetric metric
(e.g. the distance from PA to PB is the same as from from PB to
PA) and the metric is bounded from 0 to 1 when using a log base
of 2, meaning its range can be mapped to the range of differences
in accuracies for models trained on these data. JSD was calculated
using scipy’s distance module’s ”jensenshannon” function with a
log base of 2. JSD was calculated only for classes present in the
training split of a given partition.

Dataset Licensing and Reuse Images and observations avail-
able through the iNaturalist Open Data program include data with
Creative Commons licenses range from CC-BY-NC, CC-BY-NC-
SA, CC-BY-ND, CC0, CC-BY-SA, CC-BY, to CC-BY-NC-ND.
These images may be reused for non-commercial purposes and by
associativity, the DivShift-NAWC dataset is therefore free and open
for research purposes and will be made publicly available along
with the associated code to build the dataset and train the models.
Individual images can be reproduced with proper attribution given
per-image, depending on a photo’s given license. License informa-
tion is provided in the DivShift-NAWC dataset under the column
titled ”license”.

Evaluation Metrics
We report standard computer vision Top-1 accuracy, referred
to here as per-Top-1 per-observation accuracy. As the DivShift-
NAWC is extremely long-tailed, overweighting the contribution of
more common classes to Top-1 per-observation accuracy, we also
report Top-1 accuracy averaged per-class (sometimes referred to as
macro Top-1 accuracy or average recall), which we refer to here as
Top-1 per-species accuracy. This metric considers the Top-1 accu-
racy per-class independently of classes’ frequency. We also report

Top-1 per-species accuracy broken down for frequent, common,
and rare species (Beery et al. 2022), defining frequent species as
those with 300 or more observations (note that this is the cutoff
of observations for the iNat2021 baseline partition), rare species
as those with fewer than 50 observations, and common species as
those with between 50-300 observations. We also introduce a new
rarity-weighted Top-1 accuracy that upweights the relative impor-
tance of rarer classes and downweights more common ones within
a partition:

1∑C

i=1
1

Sum(yi)

·
C∑

i=1

Acc(yi,K)

Sum(yi)2

where y are the model predictions per-class and per-observation,
Acc(yi,K) is the Top-K accuracy for observations of class i, and
Sum(yi) is the number of observations of class i for partition
Ptest. This metric can be thought of as an inverse of Top-K per-
observation accuracy, where rarer classes in a test partition are up-
weighted and more common classes in a test partition are down-
weighted. These rarer species may be harder or easier to classify
depending on their frequency in the training dataset. Lastly, to mod-
ulate the effects of spatial biases, we also calculate per-L2 ecore-
gion and per-land use category top-1 accuracy (Di Cecco et al.
2021). These accuracies are identical to species Top-K accuracy,
except instead of calculating the accuracy per-label class and then
averaging across classes, we calculate the Top-K accuracy for all
images that fall within a given ecoregion or land-use category, then
average those accuracies across the categories.

Extended Related Works
Definitions of Bias in Biodiversity Data The taxonomy, at-
tribution of, and even fundamental definitions of bias in biodiver-
sity data is an active area of study (Carlen et al. 2024; Isaac and
Pocock 2015; Isaac et al. 2014; Di Cecco et al. 2021). Isaac et.
al. defines bias as a property of the observation sampling process,
specifically as ”variation in recorder activity” (Isaac et al. 2014),
and acknowledged four forms of bias: non-biological variation in
number of observations over time, non-biological variation across
space, variation in observation collection effort per-visit, and vari-
ation in detectability of organisms (Isaac et al. 2014; Isaac and
Pocock 2015). Meanwhile, Di Cecco et. al. partitions biases into
spatial, temporal, taxonomic, and user activity level bias (Di Cecco
et al. 2021). Lastly, Carlen et. al. defines bias as ”an uneven or
disproportionate representation of a particular subject or variable
within the larger group” (Carlen et al. 2024), and further catego-
rizes biases that affect observers (referred to as ”filters”, namely
participation, detection, sampling, and preference) and the down-
stream biases resultant in biodiversity data (such as spatial and tem-
poral) (Carlen et al. 2024). Carlen et. al. explicitly highlight how
sociopolitical biases (referred to as ”unconscious bias”) strongly
affect the participation filter (Carlen et al. 2024), and importantly
Carlen et. al. acknowledges that the there are further intersectional
interactions between these biases (Carlen et al. 2024). For the pur-
poses of this work, we adopt the four definitions of bias from Di
Cecco et. al. and additionally include effects of the participation
filter from Carlen et. al. as a fifth sociopolitical bias.

Volunteer-Based Data for Biodiversity Monitoring
There are a plethora of participatory science platforms and col-
lection strategies for aggregating expert- and volunteer-collected
(also known as citizen science and community science) biodi-
versity datasets. Briefly, these include observation platforms like
the Global Biodiversity Information Facility (Facility 2024) which
allow researchers and registered members of the public to up-
load geolocated and timestamped observations for both individ-
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Figure A3: (a) Performance skews to habited areas, but (b) the wildest species are left behind.
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Figure A4: Seasoned observers (Engaged train partition)
record better data than inexperienced and occasional users
(Casual train partition).

ual species observations and community checklists; plant-specific
(Calflora 2024) and bird-specific (Society 2020) databases; easy-
to-use apps targeted for casual users like iNaturalist (Naturalist
2024), Pl@ntNet (Pl@ntNet 2024), and eBird (Sullivan et al. 2009)
which allow users to upload geolocated and timestamped photos
of individuals or checklists in real-time, identify them, and share
them to publicly; and more structured and specialized checklists
like relevés (Society 2022), targeted collection campaigns focused
on specific taxa (Geldmann et al. 2016), and eDNA soil collection
campaigns (Lin et al. 2021).

Community engagement projects built around these strategies
have in turn enabled a wide array of novel and impactful bio-
diversity monitoring breakthroughs, such as species and habitat
monitoring (Cornwell and Campbell 2012; Fontaine et al. 2022;
Lehtiniemi, Outinen, and Puntila-Dodd 2020; Hawthorne et al.
2015; Callaghan et al. 2019), tracking invasive species spread
(Werenkraut, Baudino, and Roy 2020; Moulin 2020; Hiller and
Haelewaters 2019; Gallo and Waitt 2011), detecting new popu-
lations of species (Wilson et al. 2020; Smith and Nimbs 2022),
rediscovering cryptic species (Wesener 2018), quantifying and
monitoring species richness (Neyens et al. 2019; Callaghan et al.
2020), quantifying anthropogenic biodiversity changes (Leong and
Trautwein 2019; Forister et al. 2021; Girish and Srinivasan 2022;
Rapacciuolo, Young, and Johnson 2021; Champion et al. 2018),

understanding species interactions (Gazdic and Groom 2019;
Lopez, Minor, and Crooks 2020; Marı́n-Gómez, Rodrı́guez Flo-
res, and Arizmendi 2022), characterizing within-species diversity
and behavior (Drury et al. 2019; Barve et al. 2020), estimating
species’ population sizes (Ver Hoef et al. 2021; Horns, Adler, and
Şekercioğlu 2018; Walker and Taylor 2017; Van Strien, Van Swaay,
and Termaat 2013), tracking ecological disaster recovery efforts
(McCormick 2012), and aiding conservation decisions (Sullivan
et al. 2017; Robinson et al. 2018; Loss et al. 2015).

These projects are now considered to be an essential tool for
reaching conservation goals across the world (Brown and Williams
2019; Devictor, Whittaker, and Beltrame 2010; Chandler et al.
2017; Aceves-Bueno et al. 2015; Theobald et al. 2015; Pocock
et al. 2018; McKinley et al. 2017). From these data collections
and sampling strategies, we focus specifically on iNaturalist as it
is the largest data collection with linked images for almost every
observation (excepting some bird observations identified by an au-
dio recording of their call) (iNaturalist 2023).

Spatial Bias in Volunteer-Collected Biodiversity Data
Additional drivers of spatial bias in volunteer-collected biodiver-
sity data include participants sampling closer to home (Gratzer and
Brodschneider 2021; McGoff et al. 2017) and differential prefer-
ences for protected wilderness versus urban greenspaces (Back-
strom et al. 2024; La Sorte, Cohen, and Jetz 2024; Di Cecco et al.
2021; Dimson and Gillespie 2023). These spatial biases can af-
fect inferences about demographic changes (Boakes et al. 2010;
Backstrom et al. 2024), biodiversity changes (Rapacciuolo, Young,
and Johnson 2021), and the utility of these data for conservation
planning (Botts, Erasmus, and Alexander 2011). Various methods
have been proposed and tested to mitigate the effects of spatial
bias (Zizka, Antonelli, and Silvestro 2021; Jacobs and Zipf 2017),
mainly for species distribution modeling (Van Eupen et al. 2021;
Steen et al. 2021; Steen, Elphick, and Tingley 2019; Tang, Clark,
and Gelfand 2021; Johnston et al. 2020).

Temporal Bias in Volunteer-Collected Biodiversity Data
Additional drivers of temporal bias in volunteer-collected biodi-
versity data include the year-over-year rise in popularity of partic-
ipatory science platforms (Di Cecco et al. 2021; Backstrom et al.
2024; Dimson and Gillespie 2023), relative ease of observing on
weekends versus the workweek (Di Cecco et al. 2021; Courter
et al. 2013; Cooper 2014), and the COVID-19 pandemic (Sweet,
Rödl, and Weisser 2022; Sánchez-Clavijo et al. 2021; Crimmins
et al. 2021). These temporal biases can make it difficult to accu-
rately assess bird migration patterns (Steiner et al. 2022), changes
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Figure A5: (a) Collection campaigns don’t guarantee better data than what’s collected across the year, and (b) using City Nature
Challenge data alone leads to overfitting.
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along with accuracy.

in species distributions (Bowler et al. 2022; Daniel and Underhill
2023), population declines (Kamp et al. 2016), and flowering time
(Park, Newman, and Breckheimer 2021; Belitz et al. 2020) from
these data. Methods do exist to mitigate these effects (Boyd et al.
2022), but mainly for estimating demographic changes over time
(Backstrom et al. 2024; Fink et al. 2023).

Taxonomic Bias in Volunteer-Collected Biodiversity
Data Additional drivers of taxonomic biases in volunteer-
collected datasets stem in part from difficulty detecting some
species (Aristeidou et al. 2021; Unger et al. 2021), over-
representation of species more common to urban environments or
roadsides (Ward 2014; Mair and Ruete 2016), and the amount of
technical specialization needed to identify species (McMullin and
Allen 2022; Hochmair et al. 2020; Boakes et al. 2016), especially
threatened ones (Deacon, Govender, and Samways 2023). There
are additional marked differences between the location where cer-
tain taxa are observed, most notably with birding hotspots more
often in preserved areas (La Sorte, Cohen, and Jetz 2024) while
iNaturalist data more broadly tends to be observed in disturbed en-
vironments (Di Cecco et al. 2021; Dimson and Gillespie 2023).
These differences make it difficult to generalize conclusions from
one taxa or one platform to another, and mitigation solutions gen-
erally tend to focus on the design of participatory science projects
(Deacon, Govender, and Samways 2023) as opposed to explicit

modeling.

Observation Quality Bias in Volunteer-Collected Biodi-
versity Data Observation quality—defined here as how repre-
sentative a collection of observations are of the underlying biodi-
versity of an area—are driven in part by who is observing. For bird
surveys, a small but highly-specialized subset of observers con-
tribute the most observations (Rosenblatt et al. 2022), and more
generally more active users tend to observe more species in more
diverse habitats (Di Cecco et al. 2021). Observer behavior and ob-
servation quality also differ based on whether observers are local
residents or visitors (Dimson and Gillespie 2023). Filtering ob-
servations from the most active users or their most active days
(Van Eupen et al. 2021; Milanesi, Mori, and Menchetti 2020;
Boakes et al. 2016) is the main approach for mitigating these ef-
fects currently.

Sociopolitical Bias in Volunteer-Collected Biodiversity
Data Lastly, sociopolitical factors influence who observes
where. This induces a skew towards whiter, wealthier, older, and
more educated observers (Mac Domhnaill, Lyons, and Nolan 2020;
Pateman, Dyke, and West 2021) and fewer observations in areas
and communities of environmental justice concern (Blake, Rhanor,
and Pajic 2020), fewer observers in historically redlined districts or
communities of color in the U.S. (Ellis-Soto, Chapman, and Locke
2023; Mahmoudi et al. 2022), fewer observations in lower GDP
countries (Deacon, Govender, and Samways 2023), differential ac-
cess to green spaces (Chen et al. 2022), and conservation and land
management policy differences across political boundaries (Dal-
limer and Strange 2015). Potential solutions include more broad
structural reform of participatory science platforms and projects
(Carlen et al. 2024; Burgess et al. 2017; Cooper et al. 2023; Soleri
et al. 2016; Pandya 2012), but little work exists to account for these
differences in a modeling context.

Computer Vision Approaches to Domain Shift From
the computer vision community, a variety of datasets that test
model performance under domain shift exist (Koh et al. 2021;
Yao et al. 2022; Sagawa et al. 2021). Modeling strategies to mini-
mize domain shift effects include distributionally robust optimiza-
tion (Sagawa et al. 2019), modifying augmentations between pre-
training and fine-tuning (Qu and Xie 2024), and using attentional-
biased stochastic gradient descent (Qi et al. 2022). For long-tailed
data like commonly found with biodiversity data collections, strate-
gies include k-positive contrastive learning for long-tailed settings



(Kang et al. 2020), minority class oversampling (Park et al. 2022),
and hard conditional negative sampling (Wu et al. 2020).


