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eBird data processing Citizer

Science

eBird 2 Checklist data: we use coordinates, date, duration of observation
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eBird data processing Citizer
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eBird data processing Citizer

Science
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eBird data processing
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eBird data processing Citizer

Science
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eBird data processing Extreme-

Value
Theory

Z'; = First arrival date: 28/03/20 Year 2020
Purple Martin \
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= We will model -2, ,eor With @ Generalized Extreme Value Distribution (GEV)
Wijeyakulasuriya et al. (2023)
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eBird

Citizen
Science

Strong temporal trends in reported occurrences
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First arrival dates vs. checklist counts Citizer

Science
_ Bayesign
. . Chestnut-sided Hierarchical
Chimney-Swift Models
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Citizen
Science

Observational effort = Preference + Activity
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space-time
varying
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Breeding Bird Survey (BBS) sampling routes .
Science
* For each route (~40km),

bird occurrences are reported at 50 equidistant stops

 Complex data preprocessing (missing observations, missing stop coordinates, etc.)
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Bayesian
Hierarchical
Models

MODEL
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Bayesian

MOde"ing goa|S Hierarchical

Models

o Fit a realistic model to first arrival data, conditional on covariates
o (Correct for the observational bias from these datasets
* Use the model to make posterior predictions

» |nterpolate spatially to locations not visited, in a reasonable way
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A multi-response spatial regression system Bayesian

Hierarchical

| i Model
- Estimated for each species odels

Multi-response spatial regression

Protocol-based data (= Niche) NJBBS | )\BBS, OvbLs ~ Pois { Z wk;)\BBS(Sk; bes)} ;

kEroutej

Checklist count (> Effort) N X 0 ~ Pois {A! (84,253 0c11) }

Species PA (> Niche) N?ZPC | NEKLp3PC Ospc ~ Bin{ N p3P(s;,t:;0spc)},

First arrival date (= Phenology) Z; | Hy Oua 0,05 ~ GEV{,U(Si,ti; Ou)a U(S’i; 90)» f}a
where

6bbsa 0.k, Ospca Bua 0, ~ HyperpriOrS
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Bayesian

A multi-response spatial regression system Hierarchical

Models

Multi-response spatial regression

BBS — NJBBS | )\BBS,beS ~ POiS{ Z wk:)\BBS(Sk§ bes)} 9

kEroutej

kal | )\Ckla 0.1 ~ Pois {ACkl(Sz’,ti; 9ck1)} ;
Bird
o — N,,;Spc ‘ kalapspcaespc R Bin{kal7pspC(Si7ti;HSPC)}7
o Zi | My 9#70-7 0, ~ GEV{:U’(S%t’M 9#)70(87:; 90)76}7
where

6bbsa Ockl, Ospca Bua 90 ~ Hyperpriors
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Bayesian

Sharing random effeCtS Hierarchical

Models

Multi-response spatial regression

BBS — NJBBS | )\BBS,beS ~ POiS{ Z wk:)\BBS(Sk§ bes)} 9

kEroutej

N | A9, Ocxa ~ Pois { A (84,145 0, X"e() ~ GP(wo),
eBird spc ckl , spc : kl
— Ni ‘ Nz’ y P P ,Ospc ~ Bln{]\f,iC ,pSpC(si,ti;HSp )}
o Z; | 22 9#70790 s GEV{LU‘(S%t’MOM)a 79 0)76}7
Where 6bbsa Ockl, Ospca Bua 90 ~ HyperpriOrS
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Bayesian

Sharing random effeCtS Hierarchical

Models

Multi-response spatial regression

BBS — NJBBS | ABBS 0y ~ Pois{ Z wi AP (s 9bbs)} ;
/ _ kEroute;
i N A 0y ~ Pois ﬂ,\ckl(si, ti; Ock1) } X pref(-) ~ GP(w1).
eBird - NSPC| Nl psPe g~ Bin{ N, p°P°(s;, tyflnc)},
- Zi |, 0u,0,0 ~ GEV{u(si, ti;0,)0(si;05),&E}
where Obbss Ocxls Ospe, 0,., 0, ~ Hyperpriors
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Saturating effect of observational effort

Observed first arrival Is biased towards later dates for low effort
but is the true one for very high effort

Implementation: Z; ~ GEV(u;,0;) with u; = g(Predictors;, Effort;)

- Nonlinear function g reaches (unknown) finite upper bound for very high effort

Bayesian
Hierarchical
Models

Extreme-
Value
Theory

- Infer g from data 12-
- Set very high effort for bias-corrected predictions
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Goodness-of-fit of estimated models

» Generally good match of eBird observations (left maps) with posterior means (right maps)
 Slight differences due to information shared from BBS
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lllustration of bias-corrected prediction of first arrivals (2022)
« Based on GEV response distribution

» Bias-corrected prediction by fixing saturated olbservational effort
Z; | u,0",0,0, ~ GEV{u(8;,ti;0,.),0(8:;;05),&}
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lllustration of bias-corrected prediction of first arrivals (2022), cont’d

» [able of estimated key parameters and first arrival dates for two pixels
» Estimated (not bias-corrected) first arrivals tend to occur relatively earlier for

* higher Preference,
* higher Activity and
* In the core area of the niche

Species Chimney Swift Great Crested Flycatcher Chestnut-sided Warbler Purple Martin

gpref 0.191 (0.184,0.202) 0.204 (0.199,0.21) 0.187 (0.183,0.191) 0.2 (0.178,0.217)
gact -0.15 (-0.217,-0.061) -0.818 (-0.911,-0.696) -0.548 (-0.619,-0.454)  -0.03 (-0.269,0.236)
griche-GEV (5 10—2) 4.9 (4.664,5.134) 4 (3.894,4.133) 0.2 (0.17,0.278) 6 (5.541,6.443)
Observed NA NA NA NA
Predicted 09/05 03/05 21/05 07106
Debiased 03/04 13/04 03/05 28463
Observed 01/05 04/05 04/05 29/06
Predicted 09/05 15/05 12/05 245
Debiased 22 /04 05/05 03/05 B
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Discussion: Ecological data fusion using latent processes

* |nterpretable latent processes for effort and relevant ecological properties
- |dentifiablility thanks to shared random effects,

but challenging validation

Bayesian » Towards spatiotemporal, not purely spatial, modelling
Hierarchical - Improve modelling of temporal dynamics
Models . Requires disentangling complex observational/ecological dynamics

» (Could we speed up inference using likelihood-free neural estimators”

» (Could we implement shared latent processes in other learning algorithms”?
(GAMs, ANNs, Random Forests...)
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Discussion: Bias and uncertainty reduction

» (Generating pseudo-absences is often crucial

- Selection algorithm and interpretation of ,background® data is criticall

» Data fusion of opportunistic and structured data in Integrated Species
Distribution Models is crucial (Fithian et al 2015; |saac et al 2020)

Citizen » (Collecting additional locally exhaustive field data r

nay be necessary

Science - Explore optimal sampling design through simu

* |t remains difficult to publish CS-lbased scientific fi

ation studies?

Nndings in top journals

- Develop theoretical statistical garantuees for CS-based data analysis”
- Use benchmark datasets to ,validate” methods?
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This work:

Food for thought

Koh, Opitz (2025). Extreme-value modelling of migratory bird arrival dates: Insights from citizen science data. Journal of the
Royal Statistical Society, Series A (Statistics in Society).
- Discussion paper + Authors’ reply.
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