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Abstract

Climate change is negatively impacting the world’s biodiversity. To build automated
systems to monitor these negative biodiversity impacts, large-scale, volunteer-
collected datasets like iNaturalist are built from community-identified, natural
imagery. However, such volunteer-based data are opportunistic and lack a struc-
tured sampling strategy, resulting in geographic, temporal, observation quality, and
socioeconomic, biases that stymie uptake of these models for downstream biodi-
versity monitoring tasks. Here we introduce DivShift North American West Coast
(DivShift-NAWC), a curated dataset of almost 8 million iNaturalist plant images
across the western coast of North America, for exploring the effects of these biases
on deep learning model performance. We compare model performance across
four known biases and observe that they indeed confound model performance. We
suggest practical strategies for curating datasets to train deep learning models for
monitoring climate change’s impacts on the world’s biodiversity.

1 Introduction

The world’s biodiversity is under threat from climate and land-use change [96, 90]. Biodiversity
helps ecosystems combat climate change by improving carbon sequestration [137] and novel climate
adaptation [105]. Therefore, monitoring the world’s biodiversity via automated tools [100] is critical
to mitigate climate change’s effects on the natural world. Building machine learning tools for this
automated monitoring requires large volumes of natural world imagery [53]. Participatory science
applications—where users can upload and identify photos of species in their natural environments—
have surged in popularity [37, 3, 39] (see Appdx. 5.1.1 for participatory science overview). These
applications now provide sufficient finely-labeled imagery data to build large-scale biodiversity
datasets [125, 60, 122, 107, 50, 55] and train deep learning models for automated biodiversity
monitoring tasks such as species recognition [125, 50, 55, 60], species distribution modeling [122,
60, 107, 53], novel species identification [115], and visual question answering [125].

However, as these observations become easier for the public to make, sampling becomes more
unstructured [2, 98, 52] and injects biases into these data [63, 37, 11, 39]. Therefore, volunteer-
collected biodiversity datasets often do not fully reflect the world’s biodiversity [3, 27, 20, 70],
presenting challenges for the general uptake of these data for biodiversity monitoring [66, 12, 34].
To help quantify the effects of these biases on model performance, here we introduce a new public
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Figure 1: Biodiversity data biases include spatial bias, e.g. more observations in urban compared to
wild areas; temporal bias, e.g. more observations on weekends compared to weekdays; observation
quality bias, e.g. more diverse observations made by highly engaged observers than infrequent users;
and sociopolitical bias, e.g. disparities between observation density due to political as opposed to
ecological boundaries.

biodiversity imagery dataset DivShift-North American West Coast (DivShift-NAWC), comprised
of 8 million observations and 10,000 plant species across the North American west coast. DivShift-
NAWC spans wide climatic, ecological, and sociopolitical gradients, enabling the targeted testing of
downstream performance effects of spatial, temporal, observation quality, and sociopolitical biases
present in volunteer-collected biodiversity datasets.

2 Related Works

Biases in volunteer-collected biodiversity datasets. Collection of large-scale volunteer datasets
are subject to social and ecological filters [21, 63], which inject many types of bias into biodiversity
datasets built from these collections [21, 38, 64] (see Appdx. 5.1.2 for further definition). In this work,
we focus on four kinds of bias common to volunteer-collected biodiversity datasets: spatial, temporal,
observation quality, and sociopolitical (Fig. 1). Spatial bias includes observer preferences to sampling
easy-to-access greenspaces in urban areas [56, 83, 3, 38, 39, 21] (see Appdx. 5.1.3). Temporal bias
[3, 39, 119, 106, 30, 61] includes a skew towards more observations on weekends when observers
are free from work [38, 29, 27] (see Appdx. 5.1.3). Observation quality bias [39, 124, 85, 10]
manifests as a small but dedicated group of users that tend to observe more species in more diverse
habitats [38, 104] (see Appdx. 5.1.3). Lastly, sociopolitical bias in who has access to the resources,
time, and areas to collect biodiversity observations [9, 41, 80, 34, 24, 21, 16, 26, 111, 93] includes a
skew towards whiter, wealthier, and older observers [79, 97] (see Appdx. 5.1.3).

Large-scale natural world imagery datasets. Large-scale natural world imagery datasets for training
computer vision models for biodiversity monitoring tasks span a variety of modalities, including
handheld phone images [125, 60, 107, 50, 55, 126], high-quality archival and herbaria images
[115, 33], long-distance camera imagery [131, 71], terrestrial camera traps [6, 118], ocean sonar
cameras [69], google street view imagery [7, 73] and remote sensing imagery [25, 53, 122, 60, 132].
With these datasets, efforts to minimize the domain-specific bias of biodiversity data range from
using context to differentially select training examples [94], mixing high-quality, expert-curated
images in with volunteer-collected images [115], evenly sampling images by class [125], and spatial
stratification [60, 25, 53]. However, none of these datasets nor techniques explicitly address how
each type of bias present in these datasets affect downstream model performance.

3 DivShift Framework and DivShift-NAWC Dataset

To explore the downstream effects of bias in volunteer-collected biodiversity datasets, we first propose
the bioDiversity Shift (DivShift) framework, then introduce the DivShift North American West Coast
(DivShift-NAWC) dataset.

DivShift Framework: The bioDiversity Shift (DivShift) framework casts biases present in volunteer-
collected biodiversity data as distribution shifts. Specifically, the dataset of individuals actually
uploaded by observers, D, is the result of the biased sampling process Sa∼ from the true distribution of
biodiversity, J , leading to strong skews in D across space, time, taxon, observer, and sociopolitical
boundaries. To explore these differences, we partition D into PA and PB by some known bias in
biodiversity data, (e.g. for spatial bias PA being observations from modified cities and PB being
observations from undisturbed wilderness). We then further sub-partition observations in PA and
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PB randomly into 80% train PAtrain and 20% PAtest test as normally done in machine learning
datasets [35, 125, 7], then measure the underlying effect of this distribution shift via the Jensen-
Shannon Distance (JSD) between PAtrain and PBtest. Finally, we compare the JSD to the change
in performance between deep learning models trained on PAtrain and tested on PAtest to the same
models tested on PBtest. If a model’s performance decreases when tested on PBtest, we consider that
to be a negative bias, and a positive bias if it increases. Moreso, if the change in a model’s performance
is less than the underlying JSD between the partitions PAtrain and PBtest, it is considered a weak
bias, while if it is greater, it is considered a strong bias.

DivShift North American West Coast Dataset: To test these distribution effects, we use the new
DivShift - North American West Coast (DivShift-NAWC) dataset. DivShift-NAWC consists of 7.3
million iNaturalist images from the west coast of North America between 2019 and 2023, which spans
three countries, eleven states, and eleven ecosystems (Table A1, Fig. 2). Biodiversity data by nature
is long-tailed [43], and so like all other popular natural world imagery datasets [126, 125, 7, 60],
DivShift-NAWC is heavily long-tailed.

We focus on spatial, temporal, observation quality, and sociopolitical bias (Fig. 1). For spatial
bias, we use the Human Footprint Index (HFI) [87] where observations in wilderness are HFI <=
1 and modified are HFI >= 4 (Appdx. 5.3.2). For temporal bias we compare observations from
the City Nature Challenge (CNC) [37, 61] to those not (Appdx. 5.3.3). For observation quality
bias, compare engaged observers (> 1,000 observations) to casual observers (< 50 observations)
[38] (Appdx. 5.3.4). Finally for sociopolitical bias, we compare two high-resource states (> 1
mil. images, California-C) and British Columbia-BC) to two low-resource states (< 50, 000 images,
Sonora-SO and Yukon-YT) [102] (Appdx. 5.3.5). We also report accuracies on baseline train / test
partitions as commonly executed in other natural world imagery datasets [125, 25, 60, 35] (Appdx.
5.3.6).

Figure 2: Overview of DivShift-North American West Coast Dataset. a. Density plot of the
dataset’s iNaturalist observations [89]. Observations are skewed to U.S. and coastal states. b.
DivShift-NAWC spans a diverse set of habitats and ecosystems [92], c. along with climates [136]. d.
DivShift-NAWC observations are concentrated in human-modified areas [87].

Model Training and Evaluation Metrics: To measure the underlying data partition distribution
shifts, we filter each bias partition (e.g. modified cities vs. wilderness) to only species shared between
the partitions, and calculated the Jensen-Shannon Distance (JSD) between the label distributions
(Appdx. 5.5). For each bias partition, we split images into either train (80%) or test (20%) unless
otherwise specified, and train a ResNet18 for 10 epochs on a given train partition (see Appdx. 5.6
for training details). For each model, we report Top1 accuracy per-observation (Top1-Obs), Top1
accuracy per-species (Top1-Spec), a new Top1 accuracy metric weighted by rarity (Top1-Wgt), and
Top1 accuracy by land use category (Top1-LUC) (see Appdx. 5.7 for metric definitions).
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4 Results and Discussion

For all bias partitions, surprisingly all biases are weak, with performance drop greater than the
underlying JSD of the partition (Tables 1a, 1b). For the spatial partition, there is a larger distribution
shift from wild to modified observations than vice-versa (Table 1b). However, training on observations
from less-disturbed habitats leads to worse performance than training in areas of high human activity
(Table 1a). For the temporal partition, the distribution shift is largely symmetric (Table 1b), but
training on City Nature leads universally worse performance on observations from outside the
Challenge, while training with observations from outside the Challenge leads to better performance
except when accounting for land use (Table 1a). For the observation quality partition we see
that the distribution shift between both the engaged and casual observer partitions are surprisingly
symmetric (Table 1b). However, the model trained using images from engaged observers showed
increased accuracy across the board, while the model trained on casual observations saw a universal
decrease (Table 1a). For the sociopolitical bias, the distribution shift is greater for CA to SO than
BC to YT (Table 1b), yet surprisingly the decrease in performance is less pronounced for CA to SO
than BC to YT, except when correcting for land use type (Table 1a). Across the four splits, model
accuracies (Table A3) are well within the range of the baseline splits (Table A2), implying that the
bias splits are not dramatically skewed compared to previous approaches.

Train-Test Diff. Top1-
Obs

Top1-
Spec

Top1-
Wgt

Top1-
LUC

Spatial Bias (Human Footprint)
Wild-Modified diff -0.353 -0.154 -0.076 -0.376
Modified-Wild diff -0.113 0.068 0.322 -.111

Temporal Bias (City Nature Challenge)
CNC-Not CNC diff -0.179 -0.100 -0.065 -0.164
Not CNC-CNC diff 0.007 0.091 0.200 -0.009

Observer Quality Bias
Casual-Engaged diff -0.231 -0.125 -0.067 -0.192
Engaged-Casual diff 0.049 0.038 0.097 0.29

Sociopolitical Bias
CA-SO diff -0.248 0.014 0.294 -0.336
BC-YT diff -0.309 -0.095 0.069 -0.284

(a)

Train - Test JSD
Spatial Bias (Human Footprint)

Wild - Modified 0.643
Modified - Wild 0.618

Temporal Bias (City Nature)
CNC - Not CNC 0.307
Not CNC - CNC 0.296
Observation Quality Bias
Casual - Engaged 0.376
Engaged - Casual 0.372

Socio-Political Bias
CA - SO 0.571
BC - YT 0.518

(b)

Table 1: (1a) Performance differences for all partitions (absolute values in Table A3). Blue val-
ues indicate positive bias, red values indicate negative bias. Obs = Observation, Spec=Species,
Wgt=Weighted, LUC=Land Use Category, CNC = City Nature Challenge, diff = difference. (1b)
Jensen-Shannon differences between partitions. JSD = Jensen-Shannon Difference.

Climate Change Impact: Our findings on the DivShift-NAWC dataset suggest four recommendations
for training deep learning models on voluminous but noisy volunteer-collected biodiversity datasets.
First, observations from urban areas provide useful training signal even for wild areas for species
found in both kinds of habitats. Second, using many noisy observations with a random sampling
pattern is better than using fewer observations with a more structured sampling pattern. Third,
using data from more engaged observers is generally better than less-engaged ones. Fourth, even
though sociopolitical boundaries can have a significant effect on performance, training on diverse and
extremely well-sampled high-resource regions like CA can still provide some predictive benefit for
low-resource regions even if geographically far away.

Conclusion Here we introduce DivShift-NAWC, a new large-scale natural world imagery dataset
designed to benchmark distribution shift effects on computer vision models for biodiversity monitor-
ing. This framework and dataset enable the rigorous testing of problems known to the conservation
biology community in a machine learning setting to help enable the building of more robust, accurate
biodiversity monitoring tools for counteracting climate change’s effects on the world’s biodiversity.
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5 Appendix

5.1 Extended Related Works

5.1.1 Participatory Science for Biodiversity Monitoring

There are a plethora of types of participatory science collection strategies for biodiversity monitoring
(also known as citizen science and community science). Briefly, these include observation platforms
like the Global Biodiversity Information Facility [44] which allow researchers and registered mem-
bers of the public to upload geolocated and timestamped observations for both individual species
observations and community checklists, including specifically for plants [17] and birds [110]; specific
easy-to-use apps for expediting similar types of collections like iNaturalist [89], Pl@ntNet [50],
and eBird [117] that 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 [109], targeted collection campaigns focused on specific taxa [52], and eDNA
soil collection campaigns [76].

Community engagement projects built around these strategies have in turn enabled a wide array of
novel and impactful biodiversity monitoring breakthroughs such as monitoring species and habitats
[28, 46, 74, 57, 18], tracking invasive species spread [133, 86, 58, 49], detecting new populations of
species [135, 108], rediscovering cryptic species [134], quantifying and monitoring species richness
[91, 19], quantifying anthropogenic biodiversity changes [75, 47, 54, 101, 22], understanding species
interactions [51, 77, 81], characterizing within-species diversity and behavior [40, 4], estimating
species’ population sizes [129, 59, 130, 127], tracking ecological disaster recovery efforts [82], and
aiding conservation decisions [116, 103, 78]. These projects are now considered to be an essential
tool for reaching conservation goals across the world [15, 36, 23, 1, 123, 99, 84]. From these data
collections and sampling strategies, we focus specifically on iNaturalist as it is the largest data
collection that has linked images for almost every observation (except for some bird observations
identified by an audio recording of their call) [61].

5.1.2 Definitions of Bias in Biodiversity Data

The taxonomy, attribution of, and even fundamental definitions of bias in biodiversity data is an active
area of study [21, 63, 64, 38]. Isaac et. al. classified define bias as a property of the observation
sampling process, specifically as "variation in recorder activity" [64], 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 variation in detectability of organisms
[64, 63]. Meanwhile, Di Cecco et. al. partitions biases into spatial, temporal, taxonomic, and
user activity level bias [38]. Lastly, Carlen et. al. defines bias as "an uneven or disproportionate
representation of a particular subject or variable within the larger group" [21], and further categorizes
biases that affect observers (referred to as "filters", namely participation, detection, sampling, and
preference) and the downstream biases resultant in biodiversity data (such as spatial and temporal)
[21]. Carlen et. al. explicitly highlight how sociopolitical biases (referred to as "unconscious bias")
strongly affect the participation filter [21], and importantly Carlen et. al. acknowledges that the there
are further intersectional interactions between these biases [21]. For the purposes of this work, we
adopt the definitions of spatial, temporal, and observation quality bias from Di Cecco et. al. and
additionally include effects of the participation filter from Carlen et. al. as a fourth bias, named
sociopolitical bias.

5.1.3 Biases in Volunteer-Collected Biodiversity Datasets

Drivers of spatial bias include participants sampling closer to home [56, 83], differential preferences
for protected versus urban spaces [3, 72, 38, 39], and access to greenspaces [21]. Without proper
care, these spatial biases can in turn affect inferences about demographic changes [11, 3], biodiversity
changes [101], and the utility of these data for conservation planning [12]. Various methods have
been proposed and tested to mitigate these effects [138, 65], mainly for species distribution modeling
[124, 113, 112, 121, 67].

Drivers of temporal bias include the year-over-year rise in popularity of participatory science [37,
3, 39], relative ease of observing on weekends versus the workweek [38, 29, 27], the COVID-19
pandemic [119, 106, 30], and the City Nature Challenge [38, 61]. These temporal biases can make it
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difficult to accurately assess bird migration patterns [114], changes in species distributions [13, 32],
population declines [68], and flowering time [95, 8] from these data. Methods do exist to mitigate
these effects [14], mainly for estimating demographic changes over time [3, 45].

Observation quality—defined here as how representative a collection of observations are of the
underlying biodiversity of an area—are driven in part by who is observing, thus observer quality
can strongly influence the observed biodiversity. For bird surveys, a small but highly-specialized
subset of observers contribute the most [104], and more generally more active users tend to observe
more species in more diverse habitats [38]. Observer behavior and observation quality also differ
based on whether observers are local residents or visitors [39]. Filtering observations from the most
active users or their most active days [124, 85, 10] is the main approach for mitigating these effects
currently.

Lastly, sociopolitical factors influence who observes where, including a skew towards whiter, wealth-
ier, older, and more educated observers [79, 97] and fewer observations in areas and communities of
environmental justice concern [9], fewer observers in historically redlined districts or communities
of color in the U.S. [41, 80], fewer observations in lower GDP countries [34], differential access
to green spaces [24], and conservation and land management policy differences across political
boundaries [31]. However, little work has been done to account for these differences outside of calls
for more broad structural reform of participatory science [21, 16, 26, 111, 93]. The various biases
in volunteer-collected biodiversity datasets mean that the potential of participatory science has yet
to be fully realized [12], and in this work we specifically we focus on how they negatively impact
computer vision model performance.

5.2 The DivShift Framework

The bioDiversity Shift (DivShift) framework casts the effect of performance changes due to biases
present in volunteer-collected biodiversity datasets as a problem of distribution shift.

Briefly, given any finite labeled dataset D consisting of pairs of inputs x and labels y, we first
define partition PA as any subset 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

subpartitions PAtrain and PAtest where again PAtest

⋂
PAtrain = ∅. The size of these subpartitions

is arbitrary, but a standard protocol in computer vision is to assign 80% of PA to Patrain and the
remaining 20% to Patest, which we follow here. Each of these individual subpartitions can then
be seen as a finite sample from the joint distribution over inputs and labels, e.g. PA

S∼ J(x, y).
However, as a finite sample, the partitions PAtrain and PAtest won’t be identical, and thus there
exists a ceiling for models trained to estimate the distribution PAtrain when tested on PAtest driven
by this divergence between these two finite distributions. If the sampling process S∼ for PA and
PB is identical, the same ceiling will summarily hold for PB and they are considered in-domain,
but when the sampling process is biased, Sb∼, for example due to selective behavior by observers
in what species, 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) is the same. These partitions PA and PB

will be out-of-distribution and any model trained on PAtrain will exhibit decreased performance
relative to PBtrain below the in-domain ceiling. Furthermore, if a model trained on PAtrain is
well-calibrated, then these performance decreases will mirror the distribution divergence between
PA and PB . Models that are poorly calibrated can then err one of two ways, either being overfitting
manifested and accuracy decreases more than the expected distribution shift, or being more generalist
and accuracy decreases are less bad than expected. Whether a model performs better or worse than
the expectation depends 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 distribution
J(x, y). When our distribution which for the purposes of this work represents the general underlying
distribution of biodiversity across the planet.

Whether these biases are harmful or helpful is the key question we aim to answer in this work, at
least in the setting where J(x, y) represents the distribution of biodiversity across the planet, Sb∼
represents volunteer collectors, and D represents the iNaturlist dataset. To quantify these biases,
we first assume that the distribution of labels y in PA and PB can be used to estimate their joint
distributions, and use these labels to estimate the underlying distribution shift between these partitions.
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Split Images Obs. Labeled Species

Spatial Bias

Modified 6.642M 3.536M 64.70% 7,513

Wilderness 0.141M 0.068M 63.79% 2,395

Temporal Bias

Out of City Nature 6.986M 3.685M 64.52% 7,604

In City Nature 0.362M 0.220M 67.98% 3,929

Observation Quality Bias

Engaged 3.476M 1.697M 69.54% 7,361

Casual 1.113M 0.756M 56.94% 5,706

Sociopolitical Bias

US-AK 0.099M 0.057M 66.37% 875

CAN-YT 0.034M 0.018M 77.81% 746

CAN-BC 1.080M 0.622M 67.39% 2,329

US-WA 0.529M 0.279M 67.02% 2,393

US-OR 0.604M 0.300M 65.62% 2,711

US-CA 4.039M 2.115M 63.00% 4,654

US-NV 0.259M 0.121M 70.18% 1,860

US-AZ 0.497M 0.272M 63.02% 2,191

MX-SO 0.018M 0.010M 57.84% 673

MX-BJ 0.142M 0.090M 68.97% 1,466

MX-BJS 0.046M 0.022M 73.68% 716

Baselines

iNat21 3.554M 1.937M 100.0% 1,852

iNat21 mini 0.185M 0.109M 100.0% 1,852

ImageNet 1.614M 0.858M 100.0% 1,260

Spatial Stratified 7.348M 3.905M 64.71% 7,607
Table A1: DivShift-NAWC Characteristics by Data Partition. M = Million, Obs. = Observation, US
= United States, AK = Alaska, CAN = Canada, YT = Yukon Territories, BC = British Columbia, WA
= Washington, OR = Oregon, CA = California, NV = Nevada, AZ = Arizona, MX = Mexico, SO =
Sonora, BJ = Baja California, BJS = Baja California Sur.

Namely, we measure the Jensen-Shannon Distance (JSD) between PAtrain(y), and both PBtrain(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 disaligned [42]. Assuming there is no distribution shift
(JSD= 0) between PAtrain and PAtest, we then measure the performance decrease between models
trained on PAtrain and tested on PAtest to those trained on PAtrain and tested on PBtest and compare
those decreases to the JSD between PAtrain(y) and PBtest(y). For any set of partitions where the
underlying JSD is smaller than the difference in accuracy for models tested across the partitions, we
consider that to be a strongly biased partition, 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). These strong and weak biases are then further categorized into negative
and positive bias. Positive bias resulting in a performance increase implies that some structure in
the joint distribution PA(x, y) captures additionally useful information about PB(x, y) Meanwhile,
negative bias resulting in a performance decrease implies PA(x, y) lacks critical information about
the distribution of PB(x, y).
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5.3 Building the DivShift-NAWC Dataset

Here we describe the processes used to generate the DivShift-NAWC dataset, and further explain
choices on why and how bias splits were chosen.

5.3.1 Dataset Download and Observation Cleaning

Observations were downloaded from the iNaturalist Open Data repository [62]. Only research-grade
or observations in need of ID were kept. Observations were further filtered to those with a positional
accuracy of under 120 m to ensure that spatial associations with geographic variables like climate
and habitat type were accurate. Spatial and temporal biases can be taxa-specific [27, 4], thus given
that many plant communities have been undersampled in the past [38], we chose to only work with
observations of plants, specifically vascular plants (tracheophyta). After filtering to vascular 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, California, 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 A1). For each of these observations, we downloaded all available photos
per-observation from the iNaturalist Open Data Repository [62], leaving us with 7.3 million unique
images of plants (Table A1).

iNaturalist data provides crucial and useful information about each image, such as the latitude,
longitude, date, and observer [61]. Using this information, for each observation we added more
geologically-relevant data for each image, specifically L2 and L3 ecoregion, 19 current-day World-
Clim bioclim variables, land use type, soil type, and Human Footprint data [92, 136, 120, 88, 87].

5.3.2 Spatial Partition: Human Footprint

Human influence on biodiversity is widespread across the planet, especially near urban areas, with the
most undisturbed areas focused in the polar regions. However, these wilder regions are also harder to
reach, making it difficult for volunteers to collect imagery there. Using the Global Human Footprint
Index (HFI) [87], we partition DivShift-NAWC into wilderness (HFI <= 1) and highly modified
observations (HFI >= 4). Interestingly, over 6.6 million of the 7.3 million images in DivShift-NAWC
are from highly human-modified regions while only about 141,000 are from minimally-modified
wilderness (Table A1).

5.3.3 Temporal Partition: City Nature Challenge

The City Nature Challenge happens every year during the last weekend in April. This challenge
creates a large spike in observations [37, 61] and altered observer behavior, as volunteers are aiming
to maximize their number of observations and unique species. While the majority of iNaturalist
photos are taken outside of this challenge, a higher proportion of observations from the the City
Nature challenge are labeled, and the challenge captures more than half of the species from the entire
DivShift-NAWC dataset despite having less than 6% of the total observations (Table A1). For this
partition, we consider all observations taken during official City Nature Challenge (CNC) dates for
the four years of study as one train / test partition, and all other observations as the other.

5.3.4 Quality Partition: Observer Engagement

Since iNaturalist observations are collected by volunteers with differing amounts of enthusiasm, time,
and resources [79, 9], observer engagement varies widely between observers. Following observations
from [38] that observers with more observations tend to observe a wider diversity of species in
more diverse habitats, we also partition DivShift-NAWC into partitions based on user engagement,
with the casual partition consisting of all observations from observers with fewer than 50 total valid
observations, and the engaged partition as observations from observers with more than 1,000 total
observations [37].
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5.3.5 Sociopolitical Partition: Administrative Boundaries

Where certain plant species can grow are demarcated by ecological boundaries, and similarly volun-
teers observation trends are demarcated by political boundaries. iNaturalist is based in California, the
state with half of the images in DivShift-NAWC. It similarly has a larger human population and a
higher proportion of people with access to smartphones and expendable cellular data to collect biodi-
versity images [102]. British Columbia meanwhile has implemented many programs encouraging
the use of iNaturalist [5, 128, 48]. However, the reach of these community-based programs often
are cut off by political boundaries. For example, this stark effect can be seen in the abundance of
observations between the U.S. and Mexico, especially between the border of Arizona and Sonora,
which are the same ecosystem yet Sonora has 3.6% of the observations that Arizona has (Table A1).
Similar differences can be observed between southern British Columbia, Yukon, and Alaska. To
test the effects of these ecologically arbitrary political boundaries, we partition each state, then train
models separately on the British Columbia and California train partitions, then test these models on
all nearby states (Alaska, Washington, Oregon, Yukon, and California for British Columbia-trained
models, and British Columbia, Washington, Oregon, Arizona, Nevada, Baja California, and Baja
California Sur for California-trained models).

5.3.6 Baseline Partitions

Lastly, we compare the absolute accuracy of these various partitions to a variety of classic partitioning
schemes from natural world imagery datasets. Specifically, we recreated the filtering and partitioning
schema of the iNat2021 benchmarking dataset [125] by only keeping species with at least 50
observations from 10 unique observers and species with at least 60 overall observations, selecting up
to 310 observations one observer at a time, then further randomly partitioning these random 60-310
observations into 10 validation images and 50-300 test images. For the test set, we used observations
from September 25th of 2019 to September 25th of 2020 as test data and iteratively sampling one
observation per observer until 50 images are reached (for an even 50 test observations per-species).
We also recreated the iNat2021mini train partition by randomly subsampling exactly 50 images
per-species from the train set. We also considered a spatial stratification partitioning strategy [25, 60],
where we partitioned the study area into a 50 x 50 km grid. The DivShift-NAWC images were then
split into train and test depending on what labeled grid cell they fell between. We also recreated
the Imagenet train / test partitioning strategy [35], namely only keeping species with at least 850
observations, then for each species randomly selecting images such that 100 images for each species
are test images, 50 are validation, and the remaining images are train up to a threshold of 1,300
images. Lastly, we consider a naive 80 / 20 train / test split partition.

5.4 Dataset Licensing and Reuse

Images and observations available 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 information is provided in the DivShift-NAWC dataset under the column titled
"license".

5.5 Measuring Distribution Shift with Jensen-Shannon Distance

For each four of the four bias partitions (namely spatial, temporal, sociopolitical, observation quality),
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). 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 shared between the corresponding splits.
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Model Top-1-Obs Top-1-Eco Top-t-LUC

Spatial 0.663 0.661 0.651
Imagenet 0.695 0.699 0.704
iNat2021 0.68 0.691 0.647
Random 0.706 0.709 0.698
iNatMini 0.337 0.31 0.293

Table A2: Baseline DivShift-NAWC partition performance.

5.6 Model Training and Testing

As the goal of this work is to test distribution shift effects across partitions of these volunteer-collected
data as opposed to maximizing predictive performance, for each partition, we train a small computer
vision model for a limited number of epochs with the same hyperparameter configuration.

For each of the four bias and additional baseline partitions, we train a ResNet-18 initialized with
ImageNet pretrained 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 augmentations 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 deviation. For testing, we employ early stopping using Top-1
observation accuracy, and for all partitions we test only with images from species present in the split
the model was trained on.

All experiments were performed on a machine running RHEL Rocky Linux version 9.4 with 96 Intel
Skylake CPUs, 1.5 terabytes of RAM and one 40 GiB NVIDIA Tesla A100 GPU. All training and
testing code for the models was implemented in Python 3.11 and Pytorch version 2.3.1.

Train-Test Top1-Obs Top1-Spec Top1-Wgt Top1-LUC
Spatial Bias (Human Footprint)

Wild-Wild 0.540 0.291 0.161 0.555
Modified-Modified 0.708 0.396 0.156 0.702

Temporal Bias (City Nature Challenge)
CNC-CNC 0.445 0.208 0.087 0.434

Not CNC-Not CNC 0.696 0.401 0.176 0.690
Observer Quality Bias

Casual-Casual 0.646 0.290 0.114 0.610
Engaged-Engaged 0.633 0.354 0.150 0.630

Socio-Political Bias
CA-CA 0.721 0.424 0.146 0.720
BC-BC 0.689 0.359 0.114 0.705

Table A3: (Performance values for all partitions. Obs = Observation, Spec=Species, Wgt=Weighted,
LUC=Land Use Category, CA = California, SO = Sonora, BC = British Columbia, YT = Yukon
Territories, CNC = City Nature Challenge, diff = difference.

5.7 Evaluation Metrics

We report standard Top-1 accuracy, referred to here as 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 accuracy per-class independently of classes’ frequency.
We also introduce a new rarity-weighted Top-1 accuracy that upweights the relative importance of
rarer classes and downweights more common ones:

1∑C
i=1

1
Sum(yi)

·
C∑
i=1

Acc(yi,K)

Sum(yi)2
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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. This metric can
be thought of as an inverse of Top-K per-observation accuracy, where rarer classes are upweighted
and more common classes are downweighted. As rarer species summarily have fewer data, these
classes are naturally more difficult to correctly classify, thus model accuracies with this metric will
be significantly depressed compared to other top-K metrics. Lastly, to modulate the effects of spatial
biases, we also calculate per-land use category top-1 accuracy [38]. 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 land-use
category, then average those accuracies across the categories.
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