To Merge or Not to Merge?

A circular optimal transport-based framework for comparing and
fusing seasonality pattern data across participatory science platforms
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Problem Overview

Crowd-sourced Data & Participatory

Science

e Participatory / citizen science = publicly
available programs/apps/platforms through
which amateur and nonprofessional scientists
engage and contribute to scientific research

e Examples: ‘
o iNaturalist (any organism) &

eBird

Merlin (birds)

Monarch Watch

SCOOL (clouds)
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Anna's hummingbird (Calypte anna), a medium-sized
hummingbird native to the west coast of North America,

f& | Anna's Hummingbird
. Calypte anna

e Q * was named after Anna Masséna, Duchess of Rivoli. In the
early 20th century, Anna's hummingbirds bred only in
northern Baja California and southern California. The
transplanting of exotic ornamental plants in residential

lie areas throughout the Pacific coast and inland deserts

A A\ provided expanded nectar and nesting sites, allowing the

species to expand its breeding range. (Source: Wikipedia,
9 Anna's_hummingbird, CC BY-SA 3.0)
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Figure 1. iNaturalist app user interface.

Is crowd-sourced data reliable for scientific use?

e Some show comparable precision between
professional- and volunteer-collected
data®’; Others caution against overstating
reliability of crowd-sourced data®

e Use in ecological studies or machine
learning models requires care
o Need to statistically address error and
bias: spatial, temporal, taxonomic,
observer, sociopolitical (+ more!)*?

Our Main Question:

Can we develop a quantitative method
to assess whether seasonality data for
a given bird species is “consistent”

across two platforms, e.q., eBird &
?

e |f we find consistency — merge data
across platforms:
O increases sample size
o establishes a framework for
leveraging multiple platforms’
data at once
e |f not — we learn something
interesting about the data collection
biases for that species across eBird &

Data Sources

e Observation count data from
and eBird APIs for 254
species of birds present in Northern
CA and Nevada in 2022 (Fig. 2)
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Figure 2. Bounding box for region of interest.
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Data Processing

1. Start with weekly raw observation counts
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2. Scale by total year’s count for relative frequency
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3. Apply Fourier smoothing to create seasonality curve

Figure 3. Example data processing pipeline for the California
scrub-jay’s eBird data. The resulting processed data is a
temporal distribution over the span of the year per species.

Circular Optimal
Transport Distance

How can we measure the discrepancy

between two temporal distributions, ¢ and v?
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Figure 4. Optimal transport distance!® (top) quantifies
discrepancies between distributions as the energy required
to move the mass of one distribution to the other. Circular
optimal transport® (bottom) modifies this to respect a
circular domain, reflecting the seasonality of the year.
Mathematically,
1
COT (u,v) = olzrel]lfk/o |Fu(t) — F(t) — a|dt

where FH and F_represent the cumulative distribution
functions of y and v.

Bootstrap Hypothesis Testing Approach

Question: How much distance is too much to be considered “mergeable”?
Idea: Resample from a reference distribution (take, e.g., eBird) and see if the merge

candidate distribution (

) falls within the typical range of variation.
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Use pairwise COT distances to quantify discrepancy and create a null distribution for

comparison.

Results

What fraction of species were
mergeable across eBird (2022) and
data?

How about if we replicate the process

comparing similar count data from
2019 with eBird 2022 data?

Database/

Year iNat ‘19 eBird ‘19
% of
mergeable °27/:6%  88.6% 97.2%
species w/ _ ) )
eBird 22 (N=248) (N=225) (N=247)

Table 1. Fraction of species (out of 254)
mergeable with the eBird 2022 dataset
according to the two-sample COT test after
Benjamini-Yekutieli correction.

Main Result: For the vast majority
of species, seasonality patterns are
consistent & mergeable between
eBird/ across platforms
and years despite differences in
platform structures & user
profiles/behaviors!
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Figure 5. Schematic examples of bootstrap hypothesis testing procedure to test for mergeability, taking the
significance level a.. Process is replicated for all 254 species & adjusted for multiple testing using

Benjamini-Yekutieli® procedure.

Discussion

® \We established a merge criteria &
statistical framework for
participatory science projects
(small or large!) to contribute to
broadscale analyses by organizing
and pooling data across projects.

® Post-hoc analysis showed that 7
archetypal seasonality patterns
emerged from clustering
temporal distributions: spring,
summer, fall, winter, year-round,
bimodal, and anomalous.

e Our team consisted of a
participatory science expert, an
ornithological expert, and a
statistician. Deliberate,
project-informed interdisciplinary
team construction is essential in
participatory science-driven
research.
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