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Résumé

ITDERQGDQFH GHV LQGLYLGXV DX VHLQ GHV SRSXOL
HVVHQWLHOOH GDQV OfpYDOXDWLRQ HW OH VXLYL GH OC
QpFHVVLWH OD SULVH HQ FRPSWH GH OYHQVHPEOH GHV |
GpWHFWp TXYLOV VRLHQW OLpV DX[ FRQGLWLRQV HQYLUR(
j OTHIIRUW GH FROOHFWH VRLW OH SURFHVVXV GTREVHUY
SURGXLUH GHV HVWLPDWLRQV ILDEOHV GHV HIIHFWLIV GY
DILQ GIDPpOLRUHU OD FRQQDLVVDQFH TXDQWLWDWLYH G
avons utilisé des données de sciences participatives provenant de protocoles et suivis de

OTDYLIDXQH UHQVHLIJQDQW OHV GLVWDQFHY GTREVHUYDWL

Dans un premier temps, nous avons mis en place une démarche de modélisation
JOREDOH GHV HIIHFWLIV QLFKHXUV SRXU HVSgFHV GYRLV
OfDLGH GH GRQQpHVY FROOHFWpPpHV SDU XQ SURWRFROF}
GTREVHUYDWLRQV GHV LQGLYLGXV GpWHFWpHV VHORQ G
estimations actualisées avec celles du précédent atlas des oiseaux nicheurs, qui ignorait les
YDULDWLRQV OLpHV j OfHIIRUW GH FROOHFWH QRXV DYR

SsousHVWLPpHVY HQ O DEVHQFH GH SULVH HQ FRPSWH GX SURF

'DQVY OD SUHPLqUH SDUWLH OHV GRQQPHV XWLOLVpt
VWUXFWXUp TXL HQ UDLVRQ GH OYDVSHFW YRORQWDLUH
HOQOWUH GYXQH SDUW OD FROOHFWH GYREVHUYDWLRQV GHI
exemple, la réalisation de nombreux réplica temporels sur un faible nombre de sites, et
GfDXWUH SDUW OD FROOHFWH GYfREVHUYDWLRQV GHPDQGI

plus grande. Dans un second temps, nous avons donc développé da hédechique



Résumé

LQWpJUp SHUPHWWDQW GTXWLOLVHU FRQMRLQWHPHQW GH
GLVWLQFWV OHV WUDYDX[ RQW GpPRQWUp TXH OfLQWpPJUL
spécificités de chaque jeu, permettait de réduire les incertitudes associées aux parametres liés

DX[ GHX[ SURFHVVXV MRXDQW VXU OHV HVWLPDWLRQV GH\

processus écologique.

Dans la derniére partie, je montre l'importance de prendre en compte le processus
d'observation pour estimer de maniére fiable le nombre d'individus pour estimer correctement
les métriques de diversité taxonomique, phylogénétique et fonctionnelle des communautés
GTfRLVHDX[ /HV UpVXOWDWY REWHQXV VHPEOHQW FRQILU
SUHPLqUHV SDUWLHV DX QLYHDX GHV SRSXODWLRQV HW
PRGpOLVDWLRQ GX SURFHVVXV GI{REVHUYDWLRQ SHXW HQ'
de diversité pouvant conduire a des représentations incomplétes des communautés,

notamment de leurs caractéristiques phylogénétiques et fonctionnelles.

Mots-clés: Suivi des populations Taille de population Sciences participativesDistance

sampling



Abstract

Abstract

Species abundande an essential variabler assessing and monitorifgodiversity.
Reliable estimats requiretaking account ofall factors affecting the number of detected
individuals, whether related to environmental conditions, the ecological processor
related to collection effori,e. the observation proces3he main objective of this thesists
improve knowledge of French avifaaby producing reliable estimates of breeding bird
numbers in metropolitan France. To achieve this goal, we relied on citizen science data from

bird monitoring schemes thegcordedbservation distances.

In the first part, we implemented a global modelling framewtrkestimatethe
population size of 63 common breeding birds using data providedastructured scheme
that providedobservation distances of detected individuals ®esreraltemporal replicates.
Comparing these neaw estimations to those of the previous atlas, which did not account for

the observation process, we found that 37 species were underestimated.

The data used in the first part came from a structured scheme that due to the voluntary
aspect of citizen science fata tradeoff between (i) collecting data requiring significant
effort, such as temporal replicates at a few sites, and (ii) gathering data with less effort but
over a wider spatial extenfo address this traeaff, we developedan integrated hierarchical
model enabling the joint use of two distinct citizen science schemes. Results showed that data
integration led to a reduction of uncertainties of parameters linked to observation and

ecological processes.

Finally, | focusedmy researclon community indices and thmecessity of considering
the observation proce$s estimate taxonomic, phylogenetic and fumadél diversity metrics

reliably. Preliminary resultgonfirm and extend conclusions from threviousparts showing



Abstract

that neglecting the observation process can lead to biased diversity estimates and
misrepresentation of communities, particularly regarding their phylogenetic and functional

facets.

Keywords: Population monitoring Population size Citizen science ; Distance sampling
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Discours du président Drek

n7UqgV FK Hitdde NDVEIsMWHDus les blargs avons un léger probleme.

Notre planéte estevenue totalement inhabitable.

Elle est polluée, surpeuplée et intoxiquée.

ODLV PRL SUpVLEAMQUWONUHN MY{DL

Grace aux meilleurs composants planétaires disponibles, nous travaillons

actuellement a un monde parfait.

Vous vous demandez certainet@urquoi cela vous concerrre

Gréace a une technologie ultra sophistiqu&,vous ne comprendriez sirement, pas
nous allons extraire tduFH TXH QRXV SRXYRQV GH YRWUH SODQqgW!

a la notre.

Hélas, ce changement massif va entrainer un petit déreglement de votre
SODQgWH (OOH GpULYHUD MXVTXYIDX VROHLO Re HOOH
une boule de gaz incandescente, marsains sacrificesont nécessaires

OHUFL GH YRWUH FRRSpUDWLRQ ¥

Ratchet & Clank, 2002
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Population: (QVHPEOH GTLQGLYLGXV GYXQH PrPH HVSqgFH TXL F

espace donné.

Occurrence: 2EVHUYDWLRQ GTI1XQ LQGLYLGX j XQ WHPSV HW OLH:

Abondance: 1IRPEUH GYLQGLYLGXV GpWHFWpV GIXQH HVSqgFH

Densité: $ERQGDQFH GpFULWH VHORQ OfMDLUH GYfXQH VXUIDFH

Indices: 6\QWKpWLVDWLRQ GIXQH RX SOXVLHXUV IDFHWWHV
TXDQWLWDWLYHYVY ,0V SHUPHWWHQW GYfpYDOXHU OHV YDU

GIDFWHXUV HQ OHV FRPSDUDQW j GLIIpUHQWHY ORFDOLWp'

Echantillonnage : &ROOHFWH GILQIRUPDWLRQV GDQV QRWUH

positionnement des individus détectés durant un temps déterminé. Il permet de collecter des

informations sur un sowsnsemble des populations ciblées.

Processus écologique : Ensemble des facteurs décrivant la distribution spatiale et/ou

WHPSRUHOOH GIXQH YDULDEOH GILQWpUrW GDQV QRWUH |

ProcessusG { R E V H U Krisamhl®de facteurs décrivant les variations liées a la collecte de

données. Par exemple, il peut comprendre les variations liées a (i) la répartition temporelle de
OfpFKDQWLOORQQDJH LL OYREVWUXFWLRQ YLVXHOOH H\

OfH[SHUWLVH GHV REVHUYDWHXUYV

Disponibilité SUREDELOLWp TXIXQ LQGLYLGX VRLW j OD IRLV S
OTREVHUYDWHXU ORUV GH OD FROOHFWH PDLV DXVVL T.

GpWHFWDEOH SDU H[HPSOH SDU OfpPLVVLRQ GTXQ FKDQW



Glossaire

Détectabilitt : SUREDELOLWpP TXTXQ LQGLYLGX GLVSRQLEOH |

OTREVHUYDWHXU ORUV GH OD FROOHFWH

Modeleshiérarchiques: ORGqOHYV VWDWLVWLTXHV Re OD GLVWULEXW

SDUDPgQWUHV HVWLPpV HVW FRQGLWLRQQpH SDU OD GLVW

,OV VIDSSDUHQWHQW j XQH VpTXHQFH GH PRGQqOHV VLPSC
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Introduction générale La fragilité du commun : Insights from oblivion

| Introduction générale

LA La fragilité du commun : Insights from oblivion

. [he Pigeons were still passing in undiminished
numbers, and continued to do so for three days in

% succession. Theeople were all in armglJohn James

.. Audubon, 1831

MVe place this bird in the totaHlgxtinct class, not only
because it is extinct in a wild state, but only one
solitary individual, a twentyearold female in the
Cincinnati Zoological Gardens, now remains alfje

Figure 1 ,OOXVWUDWLRQ Tauftes
voyageusesHctopistes migratoriusmale en haut
femelle en bas). Réalisée par Louis Agassiz FL
et tiréee de Mershon 1907

CorGs e

M6BHPEODEOH j XQH pFOLSVH OD OXPLqUH GX ]pQLWK I
HPSOL GH ¥%dld idteitQa/ description de la migration de Taurte voyageuse, ou

pigeon migrateurEctopistes migratoriusvoir Figure 1) par John James Audubon au milieu

SOXV WbuG ORUV GH VRQ YR\DJH -RKQ -RVVHO\Q UHFHQ
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Cette espece fut convoitée et chassée de maniere industrielle durant le 19g1aiédbey,

1980) /HV PpWKRGHV GH FROOHFWH GYTLQGLYLGXV pWDLHQW

Figure2 : ,OOXVWUDWLRQ
FKDVVH GH WRXUWH YF
au nord de la Louisiandllustration dt
6PLWK %HQQHW GDQV
DQG '"UDPDWLF 1HZVY

FRPEXVWLRQ GH VRXIUH OfYLQWR[LFDWLRQ GH JUDLQHV DY

celle-ci constituait un secteur économique pour les derniers. Le déclin des populations a été
DFFpOpUp SDU OYH[SDQVLRQ YHUV OYRXHVW DLQVL TXH OH
FKDVVH QRQ UpJXOpH FRQGXLVDQW j OD FROOHFWH VDQ

GT°Xlv PDLV DXVVL SDU OD SHUWH GY{KDELWDW SURYRTXp

GIfHVWLPDWLRQV I|L Dién® bhgeedDsOr @& Qassedifselyy LG h celles

EDVpHV VXU OTpWXGH GH IOX[ GTLQGLYLGXV(ARdukbnY XUIDFH

16



Introduction générale La fragilité du commun : Insights from oblivion

John Josselyn semblent indiquer plutét une grande variabilité démographique non seulement

lite a la collecte d'individus, mais potentiellement aussi aux fluctuations de la ressource

————
)

=
— pCREp
—_— %
= orkeMEMORY OF T
= AMERICA
——= THE NORTH
= GREAT AUK
= PaLLAS GORMORANT
L aBRADOR DUCK
PaSSENGER PIGEON
E skiMO CURLEW
CusanTRicoLoRMacAW
GoSSE’S MACAW
GUADALOUPE MACAW
YeLLOWWINGED GREEN ParrOT
PURPLE GUADALOUPE. PARAKEET
CAROLINA PARAKEET

= RXTERMINATED

Figure3: IOOXVWUDWLRQ GIDX
norcd-américaines éteintes a la fin du 19e si
De haut en bas, Great Auk (Grand pingot
Pinguinus impennis) ; Pallas Cormol
(Cormoran de Pallas Urile perspicillatus)
Labrador Duck (Eider du Labrador-
Camptorhynchus labradorius) ; Tourte voyag
; Eskimo Curlew (Courlis esquimauNumeniu:
borealis) ; Cuban tricolored Macaw (Ara tricol
- Ara tricolor) ; Jamaican Red Macaw (Ara ro
jamaicain- Ara gossei)* ; Guadeloupe Mac
(Ara de Guadeloupe (Ara guadeloupensis

Yellow-winged green  Parrot (Amazc
olivacea); Purple Guadeloupe Parakeet
violet - Anadorhynchus purpurascens) ; Carc
Parakeet (Conure a téte jaune Conuropsi
carolinensis). lllustration tirée de Hornaday 1!
(*) : Especes hypothétiques

DOLPHQWDLUH /THVSqgQFH pWDLW FRQQXH FRPPH pWDQW X

dépendante des variabilités spagmporelles des productionr6 H TUXLWYV GYDUEUHV W

Hétre américainRagus grandifolig, les chénesQuercusspp) oule CKKkWDLJQLHU G{$PpU

population et la représentation de caligpeut étre décrite par le commentaire du comité de
O eWDW GY2KLR VXU OD PLVH HQd&8Ia Dhitd voyigeQse e BR7 GH FRC
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lia Tourte YR\DJHXVH QH QpFHVVLWH GIDXFXQH SURWHFWLRQ

VH WURXYH LFL DXMRXUGY{KXL HW VHUD DLOOHXUV GHPD

IDFWHXUV L OH PDQTXH GYpYLGHQFH HW GH GRQQpPHV IL

2005); et (iii) la perte de familiarité envers celtiiie SHUWH GH FRQQDLVVDQFH
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.B  Vivant & Changements globaux

[.B.i Crise de la biodiversité

La Tourte YR\DJHXVH QH UHSUpVHQWH TXTXQ H[HPSOH GTH
HW LOOXVWUH XQ SUREOQGPH SOXV ODUJH FHOXL GH OD
HVW PDUTXp SDU OfLQWHQVLILFDWLRQ GHV HIIHWV GHV DF

OTDOWpPUDWLRQ GHV |0 X$teBedhpeOat,2011HV GH OD SODQQgWH

160
/ 40 Ao15
140 g Amphibiar/

120 e

30 014
100 012 ol3
/ [ 25 oll
/ 0

Mammals

60

% threatened
nNo
o&D
[¢+]
O,_.
o

40

20

Cumulative number of extinct species

0

1500 1600 1700 1800 1900 2000 1992 1996 20002004 2008 2012 2016
Years CE Year assessed

Figure4 ([WLQFWLRQV GYRULJLQHYV KXPDLQHV UpFHQWHV $ JD
vertébrés éteintes depuis 1500 (UICMListe rouge); en bleu les oiseaugn rouge les
mammiféres et en vert les autres vertébrés. La ligne pantjiése correspond au taux
GIfH[WLQFWLRQ EDVDO HVWLPp j SDUWLU GHV GRQQpPHV IRV
PHQDFpHV GYH[WLQFWLRQ SRXU OHV RLVHDX[ EOHX PDP|
comparésj OD SDUW GYHVSgFHV PHQDFpHV GIDXWUHV JURXSHV \
; (2) Odonates ; (3) Reptiles ; (4) Algues ; (5) Bryophytes ; (6) Mangroves ;(7) Ptéridophytes ; (8)
Crabes ; (9) Requins et raies ; (10) Crevettes ; (11) Ecrevisses ; (12) Coraux ; (13) Cactus ; (14)
BRLVVRQV GITHDX[ GRXFHV JohnsBreRaV, 261l PHY 7LUp GH
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Figure 5 I TLQWHUDFWLRQ GHVY DFWLYLWpV KXPDLQHV HW OHYV
Zavaleta & Heller, 2012

/ID PRGLILFDWLRQ GHV FRPSRVDQWHV GHV pFRV\VWq

physique, ou le retratY RLUH -GIMMHWEBYWHY WHQG j PRGLILHU ORFDOHI

et indicateurspertinentspour étudier les effets des changements globaux. En effet, ces

especes possedent des cycles de vies complexes composés de nombreuses interactions
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Les effets des changements globaligre5) se manifestent de maniére hétérogene

a travers les diverses échelles du vivaatganismes, espéeces, populations, communautés, et

Pour y faire face, la simplification par des indices est souvent nécesgaireLes indices :
outils de dialogue, communication et diffugio@es indices ont pour objéctle synthétiser
les élémenfs ou produitd GHV pFRV\VWgPHV VHORQ GHV SUR[\V GF

humaines

[.B.ii Les indices : outils de dialogue, communication et diffusion

Face a la dégradation du vivant provoquée par les activités humaines, des

la nature Figure 6) pour soit (i) sa valeur intrinseque, considérant que leshoorains
possédent les mémes droits que les humains a prospérer de fagcon pérenne ; (ii) sa valeur
instrumentale, prenant en compte les bénéfices que sa préservation pourrait apporter a
OT+RPPH SULQFLSDQOrHasHaQ34l sbLiguirQel Lskinddés écosystémiques

relationnelle considérant les interactions non transposables liant les humains a la inature,

1 Par exemple, les espéces, populationsamomunautés, mais aussi les habitats.
22Q SRXUUD SUHQGUH OYfH[HPSOH GH OD SURGXFWLYLWp SULPDLUH VXI
(NDVI).
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2024)

Internationale

Plan de priorisation Distribution d'espéces rares

Figure 6 : Interaction des différents acteurs gouvernant la mise en place de nouvelles zones

/IH VRPPHW p(DUWK VXPPLWY GHV 1DWLRQV 8QLHV GH

tournant sans précédent sur la prise en compte de la nédegwitdéger la biodiversitéace

le suivi de plusieurs formes de la biodiversité, allant de la composition génétique des

populations,de OHXUV GLVWULEXWLRQV VSDWLDOHV HW GIYDEF
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ELRGLYHUVLWpPp FHV LQGLFDWHXUV SHUPHWWHQW GH V\Q!

REMHFWLIV OTpWXGH HW OD FRPPXQLFDWLRQ GHV UpVXO\

Unies pour communiquer en objectivant la crise de la biodiversité auprés des décideurs, mais

aussiSRXU OH JUDQG SXEOLF DX WUDYHUV GHV UDSSRUWYV

8 La controverse sur son manque de sensibilité et sont une interprétation confuse sera abordé en discussion
(voir: /TDIJUpJDWLRQ G$§phece6 Laadidvi UPX O W L
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Indicators

EBY
| i .
Species S pecies S pecies life S pecies Relevance for
'im Nt abundance history raits services
Ancillary data pac
Reserve
status

SP EBVs:
SD EBV
SAEBV

=\
B

SP EBVs trends

L L [ [ ] [ ] -‘

Data sources

Figure 7 : Construction et objecsfdes EBVs. La premiere étape (bas de figure) dans la
FRQVWUXFWLRQ GHV (%9V FRUUHVSRQG j OIDFTXLVLWLRQ G!
spatiaux et temporels. En bas de figure, la premiere étape de la construction des EBVs (ou
Species Populations EB+ 63 (%9 FRUUHVSRQG j OfDFTXLVLWLRQ GH
environnementales sur un ensemble d'especes, renseignant sur la composition des communautes
spatialement et temporellement. Au milieu, ces données sont ensuite utilisées pour calibrer des
modeles décrivant ces variations. Les prédictions peuvent varier selon les EBVs et peuvent
GpFULUH OHV GLVWULEXWLRQV G SNV BERYE)HY disGiSutidhLspatalel V W U L E
des abondances (Species Abundance EB%$ (%9 ,O HVW SRVVLEOH GIDMRX
VXSSOpPHQWDLUHV u$QFLOODU\ GDWDY FRPPH GHV GRQQpt
FKDTXH HVSgqFH DILQ GfREWHQLU XQH YLVLRQ SOXV KROLVW|
GIDJUpJHU OHV (%9V VHORQ GLIIpPUHQWHY pFKHOOHV VSDYV
populations globalement ou selon certaines zones géographiques, typiqdif@emits pays ou

continents Figure tirée de Jetz et al., 2019.
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Figure8 /YLQGLFH SODQqMWLAI) ¥ritrg DI 2Q18. Rl Edpi@sente la variation
PR\HQQH GH OYDERQGDQFH UHODWLYH GH SRSXODWLRC
représente la tendance moyenne avec son incertitude a 95% en vert. Tiré du rapport 2022 de la
WWEF (Almond et al., 2022)
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.C Les especes et leurs interactions : comment les caractériser ?

'DQV XQH RSWLTXH GH FRQVHUYDWLRQ R+ OfRQ YHX\
ELRWLTXHVY RX DELRWLTXHY SHUPHWWDQW GH IDYRULVHU
GPpWHUPLQHU OfHQVHPEOH GH FHV F R Gith&/écBlqyMuRe O THV Sc
concept de niche écologique est multiglesi, Charles Elton (190Q991)considereque la
niche écologique esn grande partie liée a la taille et aux habitudes alimentaires des espéces.
&HWWH UHSUpVHQWDWLRQ FRQVLGqQUH TXH OYHVSDFH GL

interactions biotiques, typiquement des interactions trophigugs WKH QLFKH RI DQ DC

Figure9 S5HSUpVHQWDWLRQ GTXQH WUDQFKH-sBdloBfebiutdd) UD 1HY
tregroupant des caracteristigues environnementales spécifiques. Ces zones abritent différents
DVVHPEODJHYV GfHVSqgFHV 7LUp GH *ULQQHO
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caractériser ?
Bien que Grinnel n'exctupas le réle des interactions biotiques, notamment la

FRPSpWLWLRQ SRXU OD UHVVRXUFH GDQV (@ifiW&®EOLVVH

'fDSUqV +XWFKLQVRQ RQ SHXW GpFULUH OD QLFKH pFROR
représentant les étendues #iesonditions environnementales ol une espéce peut subsister

De cette représentatipalécoulent deux niches différentes, (i) la niche fondamentale qui
GpFULW XQLTXHPHQW OHV LQWHUDFWLRQV DELRWLTXHYV

FRUUHVSRQG j OD VXUIDFH GH OYK\SHUYROXPH GH OfHVS

Plusieurs approches ont été développées pour quantifier et analyser ces interactions.

&HUWDLQHYV PpWKRGHV FRPPH OYDQDO\VH GHKphitpVHD X[

recherches, nous nous sommes restreints aux interactions entre les especes et leur

environnement physique: O § D X W HIelR Gtilier ces interactions, nous avons recouru a

4 30XV SUpFLVpPHQW +XWFKLQVRQ GpFULW TX{DX VHLQ GH OfTK\SHU)
supérieur a 1, ce qui conduit a une persistance ou croissance des populations.
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relations linéaires ou non linéaite§ XQ HQVHPEOH GYKDELWDWYV | Of
GYREVHUYDWLRQV FROOHFWpHV VXU OH WHUUDLQ /RUVTX

suivie sur de longues périodes temporelles, on peut aussi modéliser les variations temporelles

OfH[SOLFDWLRQ GHVY LQWHUDFWLRQV DELRWLTXHV SDU OH
QRQ OLQpDLUHYV HW LL OYDQEDO\WH GHV UpVLGXV SRXU FK
biotiques (mutualisme et compétition pour des corrélations, respectivement, positives et

négatives). Cependant, ces corrélations ne correspondent pas forcément a de véritables

En dehors du cas spécifique des JSDMs, les SDM sont majoritairement employés
SRXU HVWLPHU OHV UpSDUWLWLRQV &eRifiqgbes Néah@dintdV HW G

on peut expliquer les variations spatiales et temporelles des communautés en agrégeant les

5 Pour décrire les relations linéaires, on peut utiliser des modéles linéaires généralisés (GLMs) suivant une
distribution deBernoulli SRXU OTRERXUBHEPWVHQFH RX 3RLVVRQ SRXU OTDERQGTEL

associées).
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2014) W\SLTXHPHQW OH SRLQW GH FROOHFWH HW OfpWHQGX
GH OfXQLWp SHXW VH IDLUH HQ FRQVLGpUDWLRQ GH FRPPX
WUDYDLOOHU VXU OHV FRPPXQDXWpV GYRLVHDX[ QLFKHXL
durant la période de reproduction sur plusieurs afinédesDJUpPJIJDWLRQ GHV HVWLF
plusieurs espéces permet de renseigner sur la composition des communautés, par exemple, la

ULFKHVVH VSpFLILTXH PDLV DX\Wuleve@ésstdedHdistriutionsO fp T XL

GYDERQGDQFHV DX VHLQ GH OD FRPPXQDXWp HQ LQFOXDC

diversité globalex OTHQVHP E O H (Gdd Veus diffiér&nce/par paireturn-over, i.e.

diversité (). On peut aussi considérer des dynamiques de flux entre les différents patchs

$ILQ GIpWXGLHU OHV pFRV\VWgPHV GDQV XQ FDGUH I
relative des especes, on peut inclure des traits spécifigues comme proxy de fonctions réalisées

SDU OHV HVSqFHV RX GfLQGLFDWHXUV GH OYfpWDW GHV FR

observations dans la partie suivaritd YLYDQW FDFKp SDU OfREVHUYDWLRQ
7,0 VIDJLW W\SLTXHPHQW GHV GRQQpPHV FR @DMH&ETOEY3 & DIX HO IOV RRQU RW
présente plus en détails dans la paltiex de données
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ID /TREVHUYDWLRQ XQ ILOWUH QpFHVVDL!

[.D.i Transformation degeqistreset pratiques de collecte

2Q FRQVWDWH XQH PRGLILFDWLRQ GHV SUDWLTXHV GH

cas de laTourte voyageuse ou les prélevements dus a la chasse constituaient une source

GILQIRUPDWLRQV plLDEOWHBGHV FBGSEXIQIMMIERRME MOPGH CPAMWES q F |

Petoskey, mort, par train, ........ccccceeeeeeeiieeniinnnnnens 490,000
Petoskey, vivant, par train, .......cecccveeeeeereniinnenenen. 86,400
Boyne Falls, Mort, ........oveeviieeiiiiiiiiiniiiiiiiinieeeeeeenn. 47,100
Boyne Falls, vivant, ........cccccceeeiiiiiiineeeninnceeeeee, 42,606
Petoskey, mort, par bateau, estimés, ................. 110,000
Petoskey, vivant, par bateau, estimés, ............... 33,640
Cheboygan, mort, par bateau, estimés, ................. 108,300
Cheboygan, vivant, par bateau, estimés, ............... 89,730
Autre lieux, mort et vivants, estimés, .................... 100,000
Total...oooeeeeeeeeeeee e 1,107,866

Figure10: Tableau dénombrant le nombre de capturefalete voyageuse en 1879, dans trois
YLOOHV GH O eWDW GX OLFKLJDQ 3HWRVNH\ %R\QH )DOOV
tableau, E.T Martin, prenait la défense des chasseurs face aux accusations de prélévement de

développement de nouvelles technologies conduisent a recourir a de nouvelles pratiques de

collecte (Zemanova, 2020) j VDYRLU OH UHFRXUV | O pifvEsi QW LOORQ
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3RXU OH VXLYL GH OfDYLIDXQH FHV SULQFLSDX[ YHF)\
GDQV OD UpDOLVDWLRQ GYfDWODV TXL FRUUHVSRQGHQW
connaissances ornithologiques et présentent les états des différentes populations étudiées

VHORQ GLIIpUHQWHY pFKHOOHYV VSDWLDOHV Xéleg¢tXW SUH

finalité de travaux de collecte réalisés en améw U D Y D X [ fefineitad Bevtenseigner

sur la distribution des zones de nidification des espéces, via des indices de nidification, ainsi
TXH VXU OHV HIIHFWLIV UHSURGXFWHXUV $X YX GH OfpV
GYLQIRUPDWLRQV IDLW LQWHUYHQLU GLYHUV DFWHXUV FF

FROOHFWH HW GTDJUpJDWLRQ GHV GRQQpHV 'DQV OH FDV

GLPLQXWLRQ GX WHPSV GH FR@@kbE WtHal. G2910)0ald) BsY DX[ G

SULQFLSDOHPHQW G€ | OfHVYVRititiGeH Scienéet th@sHad 8ol UW L F L €

1990 pour 5g 30 ans plus tard.
6L OYRQ RPHW OHV SUHPLHUV WUDYDX[ GH FRPSLODWLRQ GH FRQQDL)
(Mayaud, Balsac & Jouard, 1936)

______________________
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GILQIRUPDWLRQV pFRORJLTXHV IDFLOLWp SDU OH GpSORL

GILQIRUPDWLRQ HW GH VHQVLELOLVDWLRQ j OD GpPI

ELDLVpHVY GH SDU XQ FRPSURPLYVY j UHFKHUFKHU HQWUH

demandant un effort de collecte conségtletW LL OD FROOHFWH PDVVLYH G

OHV GLVWDQFHV GYREVHUY D {KihdR ZD1R) Yeettdnttlp SisacieDlds WHP S
YDULDWLRQV GH OD GLVWULEXWLRQ GYDERQGDQFH GHV HV

OLpHV DX SURFHV¥olrV /6 TRIEWIHQW P WEERKQ® DU OTYREVHUYDWLF

8Q H[HPSOH GH GRQQpH FREWHXVH SHXW FRUUHVSRQGUH DX SURWRF
SRXU OfpWDEOLVVHPHQW GH WDEOH GH VXUYLH GMQNsHIRFBEHY SKV\OORS
11 On peut prendre par exemple les erreurs de type (I), oupfasikifs liées a la mauvaise identification des

individus sur le terrain.
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Il est & noter que les sciences participatives représentent un nouvel aspect de la
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Figurell: Apport des différentes sourcds GRQQpHYV SRXU OfpWXGH GH *DOOLII
ELRIJpRIJUDSKLTXHV GX SDOpDUFWLTXH HW LQGRPDODLV (Q
log, des données au fil du temps selon les différentes sources (de gauche a droite : données de
FROOHFWLRQ DUFKLYHV OLWWpUDLUHV GRQQpHV GH FDSWX
EDVH GH GRQQpPHYV (Q % /TfpYROXWLRQ DX FRXUV GX WHPS\
les différentes sources. Figure tirée de Boakes et al., 2010.
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I.Di /H VXLYL GHV HIITHEWLIV GITRLVHDX[ QLFKHXL

By going among the birds, watching them closely, comparing them carefully, and writing down,
while in the field, all the characteristics of every new bird se#s,locality, size, color, details of
marking, song, food, flight, eggs, nest, and habiygu will come easily and naturally to know

the birds that are living about you. The first law of field workxact observationbut not only

are you more likely to observe accurately if what you see is put in black and white, but you will

Birds through an opera glass

/JHV RLVHDX[ VRQW XQ P Riarpra@icioN db@iddisateuryydeQ H Q W

permet de mesurer les effets des changements glabauxe par exempléaccumulation de

certains pesticides + le dichlorodiphényltrichloréthane (DDT) chez les oiseaux de proie

GITLQIRUPDY932RaQe¢ l&Gardation du British Trust for Ornithology (BT®Igss,

2004) suivie du lancement de plusieurs programmes de suivis, hotamment les programmes

122Q SHXW DXVVL QRWHU OfLQLWLDWLYH GX &KULVWPDV %LUG &RXQW

___________
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La collaboration de multiples observateurs a rendu nécessaire la standardisation de la

collecte de données ornithologiques, par exemplea-vis de la classification des habitats

I TREMHFWLI HVW GH SUHQGUH HQ FRPSWH QddYondbteY HUV [|D

(Nichols et al., 19810H GpFRPSWH GYLQGLYLGXV SDU OLQpDLUH %
GH SRLQWYV a®§ pptlRiXg Hvariantescomme les IPA (Indices Ponctuels

GI$ERQGDQFH HW OHV ()3 (FKDQWL Bi@ahée epyWEIFodhmT XHQ W L
81) (Q HIIHW OHV GRQQpPHV QRQ SURWRERifigi¢mént RX uRS

exploitables, malgré leur abondanceHQ UDLVRQ GH OfLPSR\WOALEHLRUWDp
en placeprogressivede régles régissant la colleale donnéesconcernant par exemple la
restriction de Igériode de collecte@éhantillonnage aléatoirég quantification de la zone

couverteou la limitation du temps de colleceeeu SRXU REMHFWLI I&H¢hREBRIpQp LV

2022)

13 Avant cela, les espéces britanniques étaient suivies par le Common Bird Census lancé en 1959. Le BBS
britannique a vu le jour afin de surmonter des problémes liés au manque de tefivésedu territoire
provoquéSDU XQH FROOHFWH G1LQIR-OURE W ldarfpireREID mpgteméhtUdé dlldcty X G
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Figurel12: lllustration des facteurs limitant I'efficacité et la précision des méthodes de décompte
GTRLVHDX[ WHUUHVW U H \graupes¥ihauDi¥¢cwisfardesDafirds rBauscules)

les différentes pratique6 H FROOHFWH G LEDR X P DNV G¥HR @ hhotRtidvy

(B) décompte de nids; (C) cartographie des territoires de méles chanteurs; (D) décompte selon
GHV VXUIDFHVY OLQpDLUHYV RX SRLQWYV ( GpFRPSWH HQ UF
décompte en intégrant la performance des observateurs; (G) décompte en intégrant la détectabilité
GH OfHVSqFH FLEOH )LJXUH WLUpH GYf(POHQ

La standardisation de la collecte dendéesUHSRVH VXU OfK\SRWKqVH

QRPEUH GYLQGLYLGXV GpWHFWpV UHSUpVHQWH XQH SDU\

FHVY YDULDWLRQV SRXU REWHQLU GHV HVWLPORMUKRQV GID
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lllustration : Signes et révélations. Crédit photo Pic noir ( Dryocopus martius ) : Christian de Muizon et capture
tit..”f aheiwitness jThekla Inc.,2016
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I.Dii /JH YLYDOQW FDFKp SDU OTfREVHUYDWLRQ

put as with the appearance of the sun the visible world makes itarappe, so at one stroke
does theunderstanding through its one simple function convert the dull meaningless sensation

into perception. What the eye, the ear, or the hand experiences is not perception; it is mere

1966.

6DQV GHYRLU UHPHWWUH HQ TXHVWLRQ OfHQVHPEOH
SHUPHWWDQW GIfLQWHUSUpWHU QRWUH PRQGH RQ HVW HC
guestion suivante : face au processus étudié, a quoi correspondent les desuées
G TR E V H © Sraphareépelles parfaitement au processus, ou uniquement en partie ? Et

finalement, si la correspondance est partielle, comment est régie cette scission ?

Dans nos travaux, le processus étudié correspond a la distribution spatiale de
OfDERQGDQFH GHV LQGLYLGXV GpFULWH SDU XQ HQVHPE
environnementalés &HWWH TXDQWLWp GILQGLYLGXV SHXW VH I
absolue®, ie. OD TXDQWLWpPp GILQGLYLGXV SDU VXUIDFH R X
(Southwood & Henderson, 20000H UHFR XUV j OTXQH RX OYDXWUH GH |

SDUWLH G€ j OfpFKHOOH VSDWLDOH GH OfpWXGH HW DX |

“9RLU OHV SDUWLHV p+LHUDUFKLFDO 'LVWDQFH 6DPSOLQJ /THVWLPD\
HW p(QYLURQQHPHQW HW PRGgOHV GTpWXGHVY SRXU SOXV GH GpwWwDLO
15 | es estimations absolues peuvent aussi étre obtenues par des proxys, par exemple on peut dénombrer la
TXDQWLWpPp GTLQGLYLGXYVY VHORQ XQH UHVVRXUFH XWLOLVpH SDU OTHVS
1955 prend comme exemple le cas d'insectes phyllophages dénombrés a partir du nombre de bourgeons.
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LQGLFHV UHODWLIV VRQW IDYRULVpV SRXU OfpWXGH GH'

OfpYDOXDWLRQ GHV LPSDFWV H&S WUR QAHDRFFMQW DWW p FBXHW

Population Density

0 20 40 60 80 100
Index Value

Figure 13 : Représentation de différents types de relations entre un indice relatif (en abscisse) et

XQ SDUDPgWUH GILQWpUrwW LFL OD GHQVLWp GILQGLYLGXYV
peut étre soit linéaire sans bidis, intercept a 0 (A) ; linéaire avec un biais constant (B) ; ou des
UHODWLRQV QRQ OLQpDLUHV & HW Re OHV YDULDWLRC(
FKDQJHPHQWY SURSRUWLRQQHOV GH O fL@emhgséh, WH®RWLI 3R

2Q VIDWWHQG j FH TXH OHV LQGLYLGXY aGgmerit®Riai\del @W P LH X
fréquence des chants, a de fortes densités facilitant leur détection (C), ou inversement, pour une
HVSgFH DYHF SHX GfLQGLYLGXV WHUULWRULDX[ ' 7KRPSVRC(

'DQV OH FDGUH GHV GpFRPSWHV GYRLVHDX[ OHV H\

GIpFRXWH Re OTRQ FRPSWH OH QRPEUH GYLQGLYLGXV Gp)
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FRQVLGpUHU TXH OH QRPEUH GYLQGLYLGXV GpWHFWpPV FF

OYLQGLFH UHODWLI HW OH SDUDPgqWUH GH SF8§X€EWLRQ G
HOOH SHXW VRLW L UpSRQGUH FigufeYlEA) (i O4pehth®@ W j OF
FRQYHQDEOHPHQW j OYTK\SRW K {FigureRLEB). VouS(lil)pl¥ elatehH U X Q E

QIHVW S D VFiGUReQ3C\&t Bigui&/13D).

2U OD YDULDWLRQ GX QRPEUH GYLQGLYLGXV REVHUYDp
YDULDWLRQV L OHV Y D&l REWLRIDNWAH QE  F 1B MTKOXIOMDNW S
en plus grande abondance dans des habitats correspondant a sa niche éctfmgopssus

écologique LL OHV YDULDWLRQ VeOl(®p HW WV GIRVEWVLHEWDOHD WX R QO Tt
LQGLYLGXV QH VRLW SDV SUpVHQW HW RX GpWHEWpP ORU
DX SURFHVVXV pFRORJLTXH VRQW SULVHV HOQFiguRrRWH SDU

HW OfK\SRWKqgqVH G Haltéal (haHI® Dwiwdiah du vinedekdhar contre, les

2022)

16 A noter, que les relations A et B représentent les erreurs de type (Hdgatifs) et (I, fawpositifs). Pour la

relation A, on observe que celEL QYHVW SN TadppdsanPddie le nombre d'individus dénombrés

SDU OTLQGLFH UHODWLI HVW LQIpULHXU j OD GHQVLWp DWWHQGXH 3|
VXJIpUDQW TXH OYLQGLFH UHODWLI GpFRPSWH GHV LQGLYLGXV DEVHQ!
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Figure 14 : Représentation des processus stochastiquesMdd$ HQWYV j] OfHVWLPDWLRQ
IMPFKDQWLOORQQDJH VSDWLDO SHUPHW GYHVWLPHU OD TXDC
GILQGLYLGXV GpWHFWpV & ORUV GH OD UpDRanywdasiLRQ GH
2015.

Ces deux processus peuvent étre représentés par la succession de plusieurs modeles de

probabilité ordonnée par des parametres conditionnellement dépendants les uns des autres,

desmodeles hiérarchiqueRoyle & Dorazio, 2008; Kéry & Royle, 2015%ur IgFigure 14

RQ SHXW FRQVWDWHU TXH OD TXDQWLWp GILQGLYLGXV G
disponibles (N), luméme dépendant de parametres de population décrivant le nombre

d'individus et leur répartition spatiale. Les modeles hiérarchiques permettent de décrire un

systeme complexg¢F{gure 14) en un ensemble de sesgstémes plus simples permettant

GYLQIpUHU VXU OHV SDUDPgQWUHV GH OD SRSXODWLRQ j

processus au travers de quatre probabilit8s : OD SUREDELOLWp TXH OfpFKDQ

OHV KDELWDWYV |D YR bprakabiité quelgHndsidusidoient présents lors des

42



Introduction générale /YREVHUYDWLRQ XQ ILOWUH QpFHV)\

visites des observateurs 25 la probabilité que les individus se rendent disponibles a
OTREVHILYDPHMWRWHQW XQ FKDQW RX V HSaRovobaivé quXx U G HV
les individus disponibles soient détectés par les observatAursoter que dans cette

description des processug,VIDSSDUHQWH DX SURZdévovhKosé pfRORJLTXH

2. DX SURFHVVXV GYREVHUYDWLRQ /THVWLPDWLRQ GHV (

6L OfRQ UHWUDQVFULW OD UHSUpVHQWDWLRQ GpSHL

GILQGLYLGXV VHORQ XQ SODQ GYTpFKDQWLOORQQDJH FRP:

suivante|Figure1l5y Re OD TXDQWLWp W)PRNDEQHeNPHti€dBponible Mrg

GIXQ RX GH PXOtnpsralHOs 0d p-S HWDNXTDX VHLQ GH FHV GLIIg

certains individus peuvent étre manqués par les observatéows. comptons décrire le

processus plus en détail au sein de la garttieHUDUFKLFDO 'LVWDQFH BDPSOL

GIDERQGDQFH ] SDUWLU|GH GRQQpHY GH GLVWDQFH
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Figurel5 9LVXDOLVDWLRQ GHV GLIIpUHQWHY SUREDELOLWpPV GX
GILQGLYLGXN WGHWHFMMOMWH OD TXDQWLWp GILQGLYLGXV WR
collecte. 05, Oget 0 FRUUHVSRQGHQW DX[ TXDQWLWpV GILQGLYLGX
OfREVHUYDWLRQ GXUDQWPOMY GXRL VU pBpCBLaFIDF DR/Q 34 VW WQH Q G
des individus ne soit pas détectée. Durant les différentes visites, certains individus peuvent étre

SUpVHQWY HW GLVSRQLEOHV VXU OHV VLWHVY SOXVsG{XQH I

(blanc).
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I.E Intérét de conservation : la place du commun

/ID SUDWLTXH GH OD FRQVHUYDWLRQ VTRSSRVH j GHV
actions. Alafindu20VLqFOH RQ HVWLPDLW OYfHQVHPEOH GHV FR€W

six milliards USD contre trentois triIIiardEIUSD de gains potentiels liés aux effets directs

gue les montants alloués aux mesures de conservation aient augmenté ces 20 dernieres
années, entre 124 et 143 milliards USD par an, on reste encore loin des estimations de 722 a

PLOOLDUGYV 86' SDU DQ DILQ GTHQU DohtildleGHLERFOLQ Gt

Ce manque de financement favorise une priorisation des mesures de conservation et

contraint a choisir entre des mesures de conservation basées sur les écosystemes ou basées

(Q HITHW RQ SHXW QRWHU OfDSSDULWLRQ GH FRQFH
keystone speciest des especes parapluiesmbrella species TXL GpFULYHQW SRXU

HVSgFHV D\DQW XQ U{OH HVVHQWLHO DX[ IRQFWLRQV GHV

des fins plus stratégiques, comme les espéces étentifiagship speciegpour sensibiliser

7  DQV SOXV WDUG FHV HVWLPDWLR QMehBijeOai ¥.HD2Y) j WULOOLL
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OIDWWHQWLRQ GX SXEOLF zirdcaDrspecisspgietisant laQépansdd W U L F |

2008) /HV UHVVRXUFHV HW OYDWWHQWLRUHQNKPEQW GWHWSKH
°XYUH GHV DFWLRQV GH FRQVHUYDWLRQ HQYHUV OHV HV:

SURSLFHV DX[ YR U®hi &CSHiHE,VWA86) muisLiE&Rr@cours a cette priorisation

'‘DQV OH FDV GH OD VXUYHLOODQFH GHV HIIHFWLI\
PoPWURSROLWDLQH FH pGpODLVVHPHQWY VH WUDGXLW SD
ILDEOHVY SRXU OHV HVSgFHV HQ YRLH GYH[WLQFWLRQ HW

sujettes a des suivis exhaust{f3uaintenne et al., 20200 GHVY 30DQV 1DWLRQDX][

GHV SRSXODWLRQV GYRLVHDX[ QLFKDQW VXU OHXU WHUUL

en France métropolitaine, 65 %, principalement les espéces communes, ont des estimations
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FRQVHUYDWLRQ SULQFLSDOHPHQW IRFDOLVpH VXU OH VDX

PDOJUp OfLPSRUWDQFH GHV HVSqFHV FRPPXQHYV GDQV OD

PFRVA\VWpPLTXHV TX1H (FRure165EFa3tontealy 2018)SRUWH U

&THVW GDQV FH FRQWH[WH TXH OD /LJXH SRXU OD 3UR\
en collaboration avec le MNHN, en tant que membres du groupe de coordination nationale
H'LUHFWLY K pRdevi idiangg 1o mise a disposition de jeux de dorassesant le suivi
GIDERQGDQFH HW GH GLVWU LEX WuxRI€ daamess pravierhBriX deQ L F K H
SOXVLHXUV SURWRFROHV GH VXLYLV WHOV TXH OH 672&
&RPPXQV GDQV OH FDGUH GH OﬂDWODmF)@tkEvoﬁlmamX[ GH )
aussi les données opportunistes colestée YLD OH SRUWDLO -BahreHaUREU Y D W LR (

france.org.

18 | 'ensemble de ces protocoles sont présentés plus en détails dans les sections q(df$uaentle donnéps
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Figurele (QVHPEOH GYI{pWXGHV PRQWUDQW OHV UHODWLRQV HQ\
ecosystémiques. Chaque ligne représente un type de service écosystémique spécifique (voir
figure A du Millenium Ecosystem AssessmeAaMEA 2005). De haut en bas et de gauche a
GURLWH D VHUYLFHVY GYDSSURYLVLRQQHPHQW WUDQVSRUW
dispersion des graines) ; (b) services de régulation (équarrissage naturel par les vautours et
corvidés ; gestion des ravageurs de cultures) ; et (c) services culturels (tourisme ; diminution des
QLYHDX[ GYDQ[LpWp HW GH VWUHVV )LIJXUH WLUpH GH *DVWHF
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I.F  Obijectifs et questions de recherches

De par son encadrement, cette th€$ERE (Convention Industrielle de Formation
SDU OD 5(FKHUFKH D XQ GRXEOH REMHFWLI L OXWLO
SHUPHWWDQW GTHVWLPHU SOXV ILQ H Patib@ #és CormMuliiddsO O HV (
GYRLVHIMK[ LL OD SURGXFWLRQ GH FRQQDLVVDQFHV SHL
SRSXODWLRQV GTRLVHDX[ FRPPXQV GH )UDQFH PpWURSROL
OD &RPPLVVLRQ (XURSpHQQH &HWWH WKgVH VIRUJDQLVH I
-H PH VXLV IRFDOLVp VXU OfpWXGH GHV YDULDWLRQV V
GYRLVHDX[ HQ JUDQFH PpWURSROLWDLQH HQ SpULRGH GH

variations dues a la collecte de donnée®@H SURFHVVXV. GTREVHUYDWLRQ

Pour le premier chapitre M{DL WUDYDLOOp VXU OH GpYHORSS
SHUPHWWDQW GIfHVWLPHU OHV HIIHFWLIV QLFKHXUV G1XQ
données du protocole structuré ERQC) (VWLPDWLRQ GHV WDLOOHV GH 3R
Communs + Oiseaux De France). Ce protocole a été copgur collecer des données
RUQLWKRORJLTXHV GH JUDQGH TXDOLWp DX WUDYHUV G
données a permis le calibrage de modeles hiérarchiques de Distance S#&@imindler,
processus écologiquale cdles provoquées par la collect§ URFHVV XV GITRENMHUYD\
FRPSDUp FHV QRXYHOOHY HVWLPDWLRQV j FHOOHV GX SUp

métropolitaine +2009/ f(lssa & Muller, 2015)obtenues dans un contexte de collecte

partielle sans recours a des modeles statistiques. Comme vu précedeaimeat ivant

FDFKp SDU OTREBYRBYDVDWIRRDGX SURFHVVXV GTfREVHUYDWLR

absoluegNumminen et al., 2023)OTREMHFW L1 Sbdp@d-tei8dde r€pbhdretHa la

guestion suivante EstFH TXH OHV SRSXODWLRQV GYRLVHDX[ QLFE
estimées lors du précédent atlas ?
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Les données de sciences participatives sont confrontées a un compromis entre (i) la
FROOHFWH GYLQIRUPDWLRQV SHX YRLUH QRQ VWUXFWXU

PWHQGXHY VSDWLDOHYVY HW LL OD FROOHFWKDeifittwrQ IRUP D W

VWUXFW XUV LG fIRG 2adait lancé un autre protocole de science participative,
Of(32&RQWUDLUHPH-QOQWF, je @rHto8de EPOC ne reposait ni sur une
présélection des sites de collecte ni sur la réalisation de réplicas temporels. Ainsi, pour une
période identique (2022023), le protocole EPOC a permis de collecter trois fois plus de

GRQQpHV TXODFOf(32&

Afin de chercher a valoriser ces données disponiplest le second chapitre M{ DL
WUDYDLOOp DX GpYHORSSHHetcOwWet@I] RQIPApEmy & Hl., 2Py p J U p
GITHVWLPDWLRLOD OGHHWYV GH SRSXODWLRQV GYRLVHDX[ FRPF

conjointement les données collectées par les deux protocoles. Je me suis basé sur le modele

IRFDOLVDQW VXU OYHVWLPDWLRQ GH OD GLVE®RQLeELOLWDP

YLYDQW FDFKp S\ Cet fiRdenvatido \efl \Wdcés§ble au travers des réplicas

temporels des EPOQ') TXL QYH[LVWHQW SDV SRWKitthvé@Hd¢ ctRQQpHV
intégration de données, je tenterdpondre a la question suivantees modeles de données
intégrés permettent OV GIDPpOLRUHU OHV HVW LRREpri¢enemts/deSTHIITHFW

PR\HQV FRQFUHWY GYDPpOLRUDWLRQ GHVY HVWLPDWLRQV G

Dans le cadréu troisieme chapitre GH FHWWH WKqVH MH PYLQWpUHV!

GHV FRPPXQDXWpV GTRLVHDX[ QLFKHXUV DX WUDYHUV GIL

especes avec des specificités biologiques et comportementales qui influent de facon
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collectées par le protocolde sciences participatives struct 88 OGEPS (Suivi Temporel

des Oiseaux Communs par Echantillonnage Ponctuel Simple) afin de comparer des indices
estimésaveane SULVH HQ FRPSWH RX QRQ GX SURFHVVXV GYREVE
la question suivantel fRPLVVLRQ GX SURFHVVXV GYREVHUYDWLRQ G

YLD OfHVWLPDWLRQ GiHle4/ ésthiatdns Iitdisees@ SURGXLW
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Il Jeux de données et Méthodes

LA Jeux de données

ILA.i STOGEPS (Suivi Temporel des Oiseaux Communs par

Echantillonnage Ponctuel Simple)

Le protocole STOEEPS (STOC ou FBBS : French Breeding Bird Survey) est un
GLVSRVLWLI GH VXLYL GH OYDYLIDXQH IUDQoDLVH UHSR®
observateurs volontaires expérimentés, lancé en 1989, sous la responsabilité de Christian
9DQVWHHZHIJHQ GX &HQWUH GH 5HFKHUFKH VXU OD %LROR

Dés son origine, leprotocole STOEEPS fut congu comme étant un suivi
FRPSOpPHQWDLUH j] GIDXWUHV GLVSR Vicaptureyqui QRVWDPPHQYV
FDSWXUH HW OH PDUTXDJH GYLQGLYLGXV patamétreg TXDQ\
démographiquesnais nécesstune capture au filetles compéteces et des autorisations de
FDSWXUH 8difalsivhpliDité felative de mise en plate STOGEPS a urpotentiel de
2002) /H GLVSRVLWLI IXW UHYLVLWp HQ DYHF SRXU Y
GILQIRUPDWLRQ j FHOOH G1DXW U HRanButogeaROsmMbh IBirdG X U p \
Monitoring Scheme (PECBMS)Ces modifications avaient pourEoMHFWLI GIDVVXUH
distribution homogene des habitats en attribuant aléatoirement une maille de 2x2km a chaque
modifications en 2015 permettant de standardiser la collecte (notamment au sujet de la
géolocalisation des sites de collecte), la forme actuelle du protocole correspond a celle de

2001.
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Il est demandé aux observateurs de prospecter 10igtEets STOC+au sein de ces
mailles. Lors de la sélection des sites, une attention particuliere doit étre portée sur la

représentativité des habitats au sein de la maille 2x2km, ainsi que sur un espacement des

SRLQWYV 672& GYIDX PRLQV (Figur€lR VigxeQetalG 2092 D XWUHYV

Le protocole ciblanprincipalement la période de reproduction, il est demandé de
prospecter les points STOC deux fois durant cette période (ler passage : du 01/04 au 08/05;
2eme passage : du 09/05 au 15/06). Depuis trois ans, les obserpatetgstaussi réaliser

XQ SDVVDJH 3SUpFRFH™ GX DX
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/IH SURWRFROH VH EDVH VXU GHV SRLQWV GYpFRXWH

REVHUYDWHXUV GRLYHQW LGHQWLILHU HW FRPSWHU OH Q

YXH DXWHRFgueG/IHHR HVYWLPDQW OD GLVWDQ F-Hnd&fiBsSEVHUY D!

détectés) selon 4 classes de distanezs(@ ; 25m100m; 100r200m et >200m) et en notant
si les individus contactéepWDLHQW HQ YRO RX VWDWLRQQDLUHYV OD F

comme une classe de distance.

Figurel7 5HSUpVHQWDWLRQ VFKpPDWLTXH GH OD UpDOLVDWLRC
SHXW rWUH DXGLWLYH FRPPH YLVXHOOH 'XUDQW OH SRLQW
UHQVHLJQHU OD GLVWDQFH GYREVHUYDWLRQ5rk\2%a0mpH GDQV
100-200m; +200m). Crédit : DessinAxelle Grégoire- Extrait de l'article "Etudier le vivant &

I'échelle du paysageRevue Billebaude n°13 "Affronter la sixieme extinctie®utomnehiver

2018- Fondation Frangois Sommer (Paris) et Editions Glénat (Grenoble).
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HAI (32& (VWLPDWLRQ GHYVY 3RSXODWLRQV Gf2LV

Le programme EPOC est un programme de science participative lancé en 2017 par la
LPO D\DQW SRXU REMHFW Ud pGuf raatichét €3 Salled tes REP@atidds
GTRLVHDX|[ FRPPXQoamntQe pUMEPSHIe protocole EPOC se base sur la
SDUWLFLSDWLRQ YRORQWDLUH GYREVHUYDWHXUV DILQ GH
SPULRGH GH UHSURGXFWLRQ &HSHQGDQW |j OTLQYHUVH GI

SDV OD VPOHFWLRQ GJIXQ VLWH HQ SDUWLFXOLHU

/H SURWRFROH (32& VH EDVH VXU GHV SRLQWV GYpFRX
QRWHQW OD GLVWDQFH GJREVHUYDW ISRIQQH®WDUB HHX [ OW BF

G 1L Q I Rig,RPaLRAutRise une applicatiormobile |@aturaLis correspondant a la version

mobile de laplateformgFauneFrancé / TREMHFWLI HVW GH IDFLOLWHU OD |

en permettant la visualisation des habitats environnants via un fond de cartes, ainsi que la
qualité de la donnée collectée (distance calcalgestéori et non plus basée sur les classes

de distances du STGEPS).

/IH SURWRFROH (32& HVW -¥YQVB X RWRWE RO H GLLG\ HVWPD QW
donnée standardisée sous la forme de liste compléete de 5 minutes, tout en laissant une liberté

dans la sélection des sites aux observatigsife 18). Ce protocole a pour intention de tirer

profit de I'engouement pour la collecte de données naturalistes par les bases de données en

ligne (ebirg.org;[inaturalist.orgs|faunefrance.org.
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IILA.lIi EPOCG2") 8Q SURWRFROH VWUXEFWXUp SRX

SRSXODWLRQV GYRLVHDX[ FRPPXQV

Le protocole EPO€2') HVW XQ GLVSRVLWLI ODQFp HQ D\DQYV
XQH FROOHFWH GH GRQQpHV VWUXFWXUpHV GDQV OH FDG

YUDQ[EBA YLVDQW j DFWXDOLVHU OfpWDW GHV FRQQDLVVDQ

de nidification.

Ce protocolevient apporter une réponse aux exigencefagportagedans le cadre
GH OYDSSOLFDWLRQ GH OD 'LUHFWLYH 2%&X HDXAY WGH GHD &RIROP
12 de la Directive Oiseaux, les Etats membres doivent produire, tous les six ans, un rapport
VXU OfpWDW GHV SRSXODWLRQV GYRLVHDX[ (Q VD TXDOL
nationale, la LPO a en charge la mise a disposition de jeux de données, ainsi que la validation

GHV ILFKHV HVSgFHV UHQVHLJQDQW OD GLVWULEXWLRQ HW

/ 1R Ud dd.a@ protocole a été suseisdlite a des travaux préceédents menés au cours
de mon stage de Master 2 qui portaient sur les données collectées par le protocole EPOC
durant lapériode 2017 DILQ GYDQDO\WVHU OHV ELBtiWwtu@ée dy/ j OD |
protocole Nabias2020). Ces travauavaient montré que, telles quelles, les données du
SURWRFROH (32& QH SHUPHWWDLHQW SDV GTHVWLPHU F
GYfRLVHDX[ FRPPXQV HQ FDXVH L OYDEVHQFH GH UpSO
FRUUHFWHPHQW OH SURFHVVXV GdprR&Vtatiute Dieé LHaatsHW L
prospectés liée aux comportements des observateurs et favorisant certandetypidieux
(notamment une sprospection des zones urbaines et une -poospection des zones de

cultures intensivesSDU UDSSRUW j] XQ WLUDJH DOpDWRLUH VXU OfH
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'DQV FHWWH RSWLTXH OD /32 D PLV HQ SODFH XQ SO

Jeux de données et Méthodes

JULOOH V\VWpPDWLTXH DLQVL TXTXQ V\VWgPH GH FRPSOyg
ORFDOLWpPV SURVSHFWQpHVSu ¥XaUpéfinbe S2RORR GHLPG ftikew O D V
aléatoiremendix JULOOHYV DWODV’ [ NP SRXU FKDTXH GpSDU\
Primary Sampling Units (PSU), chague PSU étant découpée en 25 Secondary Sampling Units
(SSU) de 2x2kmUn second tirage aléatoire est réalisé parmi ces SSU, afin de sélectionner
10localités: FLQT FRQVLGpUpHY FRPPH SSULRULWDLUHMI HW FLCQ
HVW GHPDQGpP DX[ REVHU Yé&\nd $8U0priGifapésiettl® Wwdomiodx) Q H U
SSUGH 3UpVHUYH” GDQV OH FDV Re OHV ORFDOLWpPV 3SULRUI

terrain, ou de la présence de domaines prilésy.localités a prospecter correspondent aux

centroides des SSU tirés aléatoireméeigyre18).

Les observateurs doivent réaliser trois passages au cours de la saison de reproduction
(de mars a juin, voire juillet dans les zones de haute montaginajue passage correspond a
la réalisation consécutive de trois EPOC sur le centroide des SSU sélectionnés. Aprés
complétion des SSU,e. réalisation de 3x3 listes de 5 minutes au cours de la période de
reproduction sur cing centroides différents, les PSU sont considérés comme valides et retirés
GH OD VpOHFWLRQ DOpDWRLUH SRXU OTDQQpH VXLYDQW

prospectésAu vu de la contrainte liée a un protocole plus standardiés@rotocole EPOC

ODF a recu une participation moindre en termes de quantité de données collmm

.

Tableaul : Répartition du nombre de listes completes (en milliers) réalisées par les dispositifs
EPOC et EPO2') HQWUH HW '‘DQV OOGDH; [ GdnibreGlel si@g (32 &
prospectés est indiqué entre parenthéses

2017 2018 2019 2020 2021 2022 2023
EPOC 4.4 8.3 12.5 18.1 30.4 33.3 31.1
EPOC-ODF / / / / 9.6 (1.4) | 11.1 (1.4)| 7.2(0.8)
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Figure18: Représentation schématique des trois jeux de données. Chaque point représentant une
instance de collecte de données (pour les trois protocBlesOD FRUUHVSRQG j OD UpD
SRLQW GYpFRXWH GH FLQT PLQXWHYVY /HV FRXOHXUV FRUUHV.
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B OpWKRGHY GTDQDO\VHYV

I.B.i +LHUDUFKLFDO 'LVWDQFH 6DPSOLQJ [THVW

de données de distance

/ITLQIpUHQFH GHVieDRkRdgtermigakdth Vdes effets des variables
HQYLURQQHPHQWDOHY VXU OHXU GLVWULEXWLR@&at SHXW r

(statespace models Borchers, Buckland_& Zucchini, 200FFigure 1?. Ces modeles

SHUPHWWHQW XQH UHSUpVHQWDWLRQ GH OD GLVWULEXWLF
LQFHUWLWXGHYV OLpHV DX[ SURFHVVXV pFRORJLTXHV YDU

GHV IDFWHXUV ELRWLTXHV HW DELRWLTXHV GHWJdQFHUWL

détection imparfaite ou échantillonnf‘ urel4t McClintock & Thomas, 2020

Figurel9 5HSUpVHQWDWLRQ GIXQ PRGgOH VSDWLDO GipWDW V
GH IRUWH GHQVLWp FRQFHQWUDWLRQ GYJLQGLYLGXV j GUF

Le Distance Sampling (DSBuckland et al., 1993st une des méthodes développées
afin de prendre en compte des individus potentiellement manqués lors de la visite des
observateurs/H '6 D SRXU REMHFWLI GfHVWLPHU OD GHQVLWp Y
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EDVDQW VXU L OHV GLVWDQFHﬂndmiqLRﬁ\tcblluté@s\nbtsRo@ REVH

OTpFKDQWLOORQQDJH SRXYD@tWinéWhBI—d)pbmﬂD@SﬁQpre\Z?ORQ GH

HW LL OH FDOLEUDJH GﬂB('Q(Hin@&JQeEJT\/LRQ GH GpWHFWLRQ

Figure20 5HSUpVHQWDWLRQ VFKpPDWLTXH GH GLIIpUHQWV W\S
ponctuel. Les zones grises correspondent aux surfaces prospectées par les observateurs. Les
individus détectés et non détectés sont respectivement illustrés par des points noirs et blancs. Tiré

(i) /‘ﬂpFKDQWLOORQQIﬁBHH‘@WHLQ—YS.UU[R\Q—Q}VPIB{\QW SURVSH

(i) B:TLr; L s; Les observateurs détectent parfaitement des individus qui se

trouvent a distance nulle;

(i) Les individus sont détectés a leur position initiale avant tout mouvement

GIDWWUDFWLRQ RX GITpYLWHPHQW

(ivy /HV GLVWDQFHV GTREVHUYDWLRQ VRQW PHVXUpHV F

¥'DQV OH FDGUH GHV WUDQVHFWY OLQpDLUHV OD GLVWDQFH GYREVH

SRVLWLRQ GH OfYREVHUYDWHXU
20 Le terme représentatif So(QWHQG TXH OHV KDELWDWV FRPSRVDQWV OD ]RC

équitablement.
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Les données de distance collectées sont utilisées pour calibrer une fonction de

détection B: T; décrivant la diminution de la probabilité de détecter un individu selon sa

distance de détectiofFigure 21A). Cette fonction doit respecter des criteres de formes

DWWHVWDQW GIYXQH FROOHFWH GTLQIRUPDWLRQ FRUUHFWI
L OD SUpVHQFH GfXQ SODWHDX HW GTXQH pSDXOH DV\F

décroissancenonotone,HQ UHODWLRQ DX[ OLPLWHYV SK\VLTXHV GHV R

1993) lui permettant de décrire différents profils décroissance de détectabilirﬁiqure

). ,O HVW SRVVLEOH GYLQFOXUH OfYHIIHW GH YDULDEOHYV

OLpHV j OfHIIRUW GH FROOHFWH RX j GHa/M&Gd&RBWPULVWI

2015) FRPPH OH W\[Gigur€R) D ELW D W
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Figure2l : Représentation de la fonction de détection. Elle se détermine a partir des données de
GLVWDQFH GY{REVHUYDWLRQ FROOHFWpHY VXU OH WHUUDLQ
plusieurs formesg,e. fonctions clés+ p. H\ |1 X Q KBUtkRGY\LY93), afin de décrire différents

profils de détection a partir des données collectées. (C) Il est possible de faire varier la fonction

GH GpWHFWLRQ VHORQ OHV FRQGLWLRQV HQYLURQQHPHQWD
GI{KDELWDWYV DX W8§.Ddns ¢ assilKisteeDdsRncd/ddgale, les individus ont une
SUREDELOLWpP SOXV LPSRUWDQUWdvEat§ gue dahs @gs WikeEXNIhEN&E D QV G

7THO TXHO OH '6 QH SHUPHW SDV GYLQIpUHU VX
HQYLURQQHPHQWDOHY KRUPLV DX WUDYHUV GYpFKDQWLO
GHV DQQpHYV OH '6 VIHVW VFLQGp HQ GHX[ DSSURFKHYV

SURFHVVXV GTREVHUYDWLRQ PRGWDLWDBRBRDOBQ.GHX[ pV

2013) repose sur une modélisation en deux étapes, la premiere consistant a estimer les

densités Iocalﬁ au travers de la fonction de détection. Ces densités locales sont ensuite

I NfDSSURFKH % UHSRVH VXU XQ PRGqOH KLpUDRdylE,LTXH SU

21 Au niveau des sites échantillonnés
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fonction de détection, et le processus écologiqee, YDULDWLRQ VSDWLDOH GH

Figure 14 ODOJUp OH IDLW TXH OYDSSURFKH $ SHUPHWWH

LQFRQYpPQLHQW PDMHXU VXU OD QRQ SURSDIZDMisteQ GH Of
cadre de nos travaux, nous avons utilisé ces deux approches, mais nous nous sommes ensuite
'‘DQV OH FDGUH GHV +'6 FHWWH IOH[LELOLWpP SHUPHW

OLPLWHU OHV IDXVVHV DEVHQFHV HUUF®MWYalGRO®\SH ,,
UHOKFKDQW DLQVL OfJK\SRWKqVH GHBELWHFMWLBRLSDUIDLW
SULVH HQ FRPSWH GH OfpPLJUDWLRQ WHPSRUDLUH UH

supplémentaire lors de la construction des modélesegBox QpFHVVLWDQW OfHVWL

par propagatioad hoc
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comptage 'H SOXV LO HVW SRVYVLE O HpdsSifisidirédtedntlor® éeMa W D X[ C

&HSHQGDQW OHV PRGgQOHV GH '6 UHSRVHQW VXU OfK\
des individus autour des sites de collecte. Selon la distribution des points de collecte, cela

QTHvVvW SDV IRUFpPHQW UHVSHFWp 'DQV FHV FDV LO VH

GTKDELWDWYV XWLOLVpHYV
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Boxel $SSURFKHV GI{HVWLPDWLRQV EDVpHV ¥XU Of
Desigrbased et Modebased

/HV SUHPLQUHV LQIpUHQFHV GYDER Q Ganiplng \avaieptDrécows & U
LQIpUHQFHY EDVpHV VXU HpVKG R \WQ b6 BRWYODI @ Wi XKHL Y@V U D
G 1 p WBUEKHNd et al., 1993; McClintock & Thomas, 2020)DQV FHWWH DSSURFKI|
OYLQIpUHQFH HVW pj OD FKDUJHY GH OTpFKDQWLOORQQDJH
et ses diverses conditions environnementatess aussi le comportement des animaux et la gestion
collecte des données par les observat@Buskland et al., 1993) /TLQIpUHQFH UHYLHQW
UgJOH GH HW VRPPHU OTHQVHPEOH GHV GHQVLWpPV HVWLF
totalk GH OD JRQH GIpWXGH

Et

RLs& &8 VWUDWHV GH OfpFKLC &: Densité estimée sur

"'Jie 1RPEUH GYLQGLYRGX DV #: Aire totale deR

=s: Surface prospectée au sein@e # $LUH WRWDO GH OD J]RQH ¢
%, Probabilité de détection estimée drr & 'HQVLWp WRWDOH HVWLPp

'DQV OH FDV GH OfLQIpUH @éddle ¥alpburPoBjéstf @d Ydorine LUR&EQhypOthese
distribution spatisd GH O 1D E i€t BX@IF B#013) YLD OfHVWLPDWLRQ GH GLII
TXDQWLWpPp GITLQGLYLGXV REVHUYpH DX[ KDELWDWV SURVE
HOQOYLURQQHPHQWDOHY DGpTXDWHYVY SHUPHW XQ DSSRUW Gf

Ces deux approches different par leur maniere de représenter I'état des populdtiods] p U H |
PFKDQWLOORQQDJH FRQVLGqUH TXH OD SRSXODWLRQ HVW
PRGpOLVDWLRQ FRQVLGqUH TXH OfpFKDQWLOORQQDJH HVW

Référenceshoxe
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Boxe 2 'LVWDQFH 6DPSOLQJ +LpUDUFKLTXH SUHQD
temporaire
6L OTJRQ FRQVLGQqUH XQ pFKNQWH® OR Q Q KkJI@R LSAL RW. B/Hs KNV DR
REVHUYDWHXUV RQW FROOHFWTRy BXWRBXYW GG RjE VOHBIRERCRIM 1 RJ(
GpFULUH OH PRGgQOH GH GLVWDQFH VDPSOLQJ KLpUDUFKLTX
population globale/ ; R Xuperpopulatiof FRPSRVp GH SOihletx poyulatRig)y
lors estimer la superpopulatidngpar une loi de Poisson de parameétégdécrite par des covariables
spécifiques aux sites ().
/gy 2KEOGKJ
Z'%g LUEUU: g

Au cours de chaque visite j, les smrsembledyde la superpopulatioh gpeuvent étre décrit par le
tirage binomial suivant de probabilité (g pouvant varier selon les covariables propres aux sites et/ou
visite( 79.

Ow Y $EJKIK=H 0
HK GE®L U, E U07y

&HWWH TXDQWLWp G0 GILY IS®EXVODLVIRWHEGHWHUPLQHU
par les observateurd §) décrit par une distribution multinomiale construitgadtir des probabilités de
GpWHFWLRQV UHODWLYHY UHJURXSpHVEéEDUGEROQMVIRY BWMLEQ
B:Toy; GH SDUDPqW W& G pFEKUDRHNUH GIpFKHOOH SHXW YDULH
et/ou visites &).

Uy Y / QHP E J KDE&4 04 R ARy L BKTwd80
7 %y L G E00<y
Références boxe :
Chandler RB, Royle JA, King DI. 2011.Inference about density and temporary emigration in unmarked populationsEcology
92:14294435. DOI: 10.1890/12433.1.
Kéry M, Royle JA. 2015. 9.5. Open HDS models: Temporary emigration. In: Applied Hierarchical Modeling in Ecology:

Analysis of distribution, abundance and species richness in R and BUGS: Volume 1:Prelude and Static Models.
$PVWHUGDPx %RVWRQ $FDGHPLF 3UHVV

2 'DQV OH FDGUH GHV VXLYLV GH QLGLILFDWLRQ OH MRXU MXOLHQ F
H[SOLTXHU OHV YDULDWLRQV DX VHLQ GH OD SpULRGH GH UHSURGXFWI
GpEXW HW ILQ GH SKpQRORJLH GH UHSURGXFWLRQ GpFRPSWHQW PRLC
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B.ii (QYLURQQHPHQW HW PRGgOHV GTpWXGHYV

II.B.ii.a Espeéces cibles

En France métropolitainen dénombreSO XV GH HVSgFHV GYRLVHDX]|

des données quantitatives potentiellement incompletes ou périmées.
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I1.B.ii.b Spécificité du territoire francais métropolitain

De par sa localisation géographique, le territoire métropolitain se trouve est traversé
par deuxvoies de migrationSULQFLSDOHYV UHOLDQW Of(XleédMaHH GH Of

EstAtlantique et le couloir Mer NoireOHU OpGLWHUUDQpH UHOLDQW Of(>

O 1 $ 1 U|Eiguxa22A ; Davidson & Stroud, 2006)

Au niveau climatique, &) UDQFH PpWURSROLWDLQH VH FDUDFWp!
FOLPDW RFpDQLTXH VXU OD IDoDGH RXHVW IDLEOH DPSOL
SUpPFLSLWDWLRQV DERQGDQWHY GYXQ FOLPDW FRQWLQHC
HW GTKLYHU IURLG DYHF XQ IDLEOH WDX[ GH SUpFLSLWDW.L
le sudest (étés chauds et hivers doux, fabpeécipitations), sans oublier la présence de

massif montagneux importalfFigure 22B, Joly et al.,_2010)En plus de cette diversité

FOLPDWLTXH OH WHUULWRLUH PpWURSROLWDLQ UHJURX

majoritairement forestiers et agricolgfiqure 22C). La combinaison des conditions

FOLPDWLTXHVY OD SOXUDOLWp GHV W\SHV GYKDELWDWYV

métropolitain perme¢enta celut FL GIDFFXHLOOLU XQH IRUWH GLYHUVLW

especes présentes en hiver sur la facade ouest, attirées par les faibles amplitudes thermiques,

aux especes méditerranéennes en limite nord de leur aire de répartition.
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Figure 22 : Figures représentant le contexte géographique et la diversité climatique et de types
GI{KDELWDWYV HQ )UDQFH PpWURSROLWDLQH (Q $ XQH UHS

& OD UpSDUWLWLRQ GHV GLIIpUHQWYV W\SHV GTKDELWDWYV |
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[I.B.ii.c Réduction des données environnementales et quantification

GH OJH[WUDSRODWLRQ

&HSHQGDQW FHWWH JUDQGH YDULpWp GTKDELWDWYV S
du modeéle, celui de la multicolinéaritte. OD GpSHQGDQFH OLQpDLUH GTX

I TREMHFWLI SULQFLSDO GH QRV WUDYDX[ pWDQW GYfH[WI

GILQWpPpIJUHU XQ PD[LPXP GITLQIRUPDWLRQV HQYLURQQHPHC(
multicolinéarité. Das ce but, nous avons recourlaaméthal H Ahglyse par Composante

Principale (ACP)afin de réduire le nombre de variables décrivant la distriﬁitomt en
IRUPDWLRQ GIYD[HV RX SODQV DSSHOpV FRPSRVDQWHYV SU

de points aU dimensions composé dé variables décrivant la composition des habitats

GILQFOXUH HW GIYLOWHUSUpWHU IDFLOHPHQW OHV UHOD

Malgré les efforts mis en place pour assurer la parcimonie du modele et favoriser son

HIWUDSRODWLRQ OD SUpGLFWLRQ GYDERQGDQFH VXU (

25 Dans notre cas, la variabilité de la distribution correspond a la description des sites de collectes, et sites de

SUpGLFWLRQ VHORQ OD SURSRUWLRQ GHV GLIIpUHQWY W\SHV GTKDEL\V
%'DQV QRV WUDYDX[ RQ pWDEOLUD GHV JUDGLHQWY HQYLURQQHPHQW
JUDGLHQWYV GTKDELWDWY SULQFLSDOHPHQW IRUHVWLHUV j GHV KDELW
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évaluer cette extrapolatioBRXU FHOD QRXV DYRQV FRPSDUp OTHVSDI
SDU OYpFKDQWLOORQQDJH j FHOXL GpFULYDQW OD ]JRQH

OTHQVHPEOH GX WHUULWRFEigJuH!ZW___@Q[QJLEQ@M&M/_S_@@,LWDLQ
2004GpFULYHQW WURLY FDV GH ILIXUHV GfH[WUDSRODWLRQ

environnemental:

- 8QH HIWUDSRODWLRQ DQDORJXH Re OfHVSDFH HQYLU

LQFOXVY DX VHLQ GH OfHVSDFH HQYLURQQHPHQWDO G|

vides j:Figure23r.

- /YH[WUDSRODWLRQ XQLYDWLKH), diR YesO venditions\SH

environnementales de la zone prédite ne sont pas incluses dans un des axes décrivant

OfHVSDFH HQYLURQQHPHQWDO LOOXVDU OTpFKD

- /I THIWUDSRODWLRQ FRPELQDWRLUH 17 Re OYHVSDFF
de la zone prédite est inclus au sein des étendues des variables environnementales

PDLY GRQW OD FRPELQDLVRQ GHV YDULDEOHV QfF

HQYLURQQHPHQWDO GpFULW SDU O .WLOORQQDJ

'DQV QRV WUDYDX[ QRXV DYRQV UHFRXUX j OfpYDO?

traitementad hocdes estimations aberrantes prédites par les modéles HDS.
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Figure23 S5HSUpVHQWDWLRQ VFKpPDWLTXH GI1XQ HVSDFH HQYLL
(Env 1 et Env 2). Les points rouges représentent les données environnementales collectées par

OfpFKDQWLOORQQDJH /YfRYDOH URXJH FRUUHVSRQG j OfH\
FDOLEUDWLRQ GX PRGqOH /H UHFWDQJOH URXJH UHSUpVHQW
FROOHFWpHV SDU OH SURWRFROH GpFKDQWLOORQQDJH /IR
GpFULYDQW OHV FRQGLWLRQV HQYLURQQHPHQWDOHY GH OD
EDU\FHQWUH GH OYHVSDFH HQYLURQQHPHQWDO GH OfYpFKDQ
les distances entre celiL HW OHV SRVLWLRQQHPHQW GDQV OfYHVSDF

Mesgaran et al., 2014.
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I.B.ii $SSURFKH GTHVWLPDWLRQ GHVY SDUDPgQWUHYV

Dans le cadre de nos inférences, nous avons recouru a la fois aux approches
I UpTXHQWLVWH HW ED\pVLHQQH DILQ GfHVWLPHU OHV SDI

GTREVH JFMLDG/]I?.F?{DDSSURFKH I[UpTXHQWLVWH UHSRVH VXU Of

description du processus (dans notre cas, la formulation des modéles hiérarchiques) et (iii) les

GRQQpHY FROOHFWpPHV SDU OYfpFKD QWabedeRdd @rockssus R Q V W L

distribution a priori des parameétres régissant le processus étudié ) listribution des
données collectées (y) conditionnée pay { et p(ly) la distributiona postéori des

parametres (conditionnée par les données) :

L:aU R L:aL:Ua;

/TLQIPUHQFH ED\pVLHQQH QpFHVVLWH GH JpQpUHU GH

27 La figure 5 des travaux d'Efron de 2012 illustre bien ce pr{{&dson, 2012)

28 Elles prennent la forme de distribution décrivant les attendues théoriques des parameétres étudiés, aussi appelé
priors. Ces attendues peuvent étre plus au moins renseignés selon des connaissances antérieurgds acquises
informative priors 4 ou non informellestuninformative priors 3DU H[HPSOH GDQV OH FDV GTXQH
GH GLVWULEXWLRQ GX SLF YHUW HW aGHoriOVPIDOVRW HW &/HHGHWHF KO SO H R
SOXV SUpVHQW HQ PLOLHX[ IRUHVWLHU HW OYDORXHWWH HQ PLOLHX][ C

des deux espeéces. Dans le cas de nos travaux, nous avons principalement utilisé des prior non informelles.
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OTDOJRULWKPH +®N VO HQVWU RRSR @LIY F K D Q(Bedlra® BRtQIQ 12048) GH *LE

'‘DQV OD SUDWLTXH DILQ GH VIDVVXUHU GH OD UREXVWHV\

de générer plusieursdl@HV GH ODUNRY HW GYfpYDOXHU OHXUV FRQYFE

Les chanes de Markov générées peuvent étre plus ou moins longues et se distinguent
en deux setions, une phase de chauffe, qaurn- L Qef une phase stationnaire. Durant la
SKDVH GH FKDXIIH LO \ D XQH SURVSHFWLRQ GH OTHVSDFt!
aSULRUL $X ILO GHVY LWpUDWLRQV HW GH OTDFWXDOLVDW
au regard des données collectées, les valeurs générées vont se recentrer sur la distribution

postérieure la plus vraisemblable de générer le processus.

Figure24 5HSUpVHQWDWLRQ VFKpPDWLTXH GH GLIIpUHQWYV FDV
(. Aprés calibration du modéle bayésien, il se peut que léseshaoient stationnaires, mais

non mélangées, décrivant ainsi deux potentielles distributions postérieures pour le paraBétre

VH SHXW TXYfHOOHYVY QYDLHQW SDV HQFRUH DWWHLQW OD SKL
représente la valeur attendue @e

Une inférence bayésienne est considérée comme correcte lorsque les différentes

chanes générées ont converge. TXTHOOHYV GpFULYHQW GHV GLVWULE

SDUDPqQWUH GYHVWLPDWLRQ vwm.wwwsxnmmcgzmam
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convergence descdh@HV VH UpDOLVH YLD OH R ROBEIMaOF LQGLFH

Rubin, 1992)korrespondant au ratio de la variance aegiine sur la variance intchaine.

/ITLQIpUHQFH ED\pVLHQQH FRUUHVSRQG PLHX[ j OD GpF
OD FRQVHUYDWLRQ TXH OfLQIpUHQFH elWp TEHOWWLLVRADHV L R

QRPEUH GTLQGLYLGXV RX OfDLUSIUB Q GG HOQWRJR EXWiH R@ IGHF

OYDSSURFKH IUpTXHQWLVWH SHXW V{H[SOLTXHU SDU OD IR
KLpUDUFKLTXHVY OD FDSDFLWp GH OYDSSURFKH ED\pVLH
'H SOXV OH GpYHORSSHPHQW GH UpFHQWHV PpWKRGHYV

de convergence des chaines
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[I.B.iv Diagnostic des modeles

/IRUV GX FDOLEUDJH GH PRGQgOHV j GHV ILQV GH SUpGLF
le modele puisse prédire correctement le processus étudié dans de nouvelles zones
i.e. OYpYDOXDWLRQ GH VHV SHUIRUPDQFHY SUpGLFWLYHV FF
PRGgOH j XQH REVHUYDWLRQ SURYHQDQW GX PrPH MHX C
méme jeu de données, on procede a un partitionnement des données, en scineznt celui
entre les données utilisées paalibrer le modeletrain fet les donées utilisées pour
O TpY Dextfddil) réalisé plusieurs fois, permet une validation croiggessvalidation
guantification de la divergence entre la réponse du modeéle et une observation indﬁndante
7\SLTXHPHQW GDQV OH FDGUH GHV PRGgOHV GH GLVWULE>
SUpVHQFH DEVHQFH SRXU GpWHUPLQHU OHV ORFDOLWpPV IL

recourir a des métriques comme le RABUC (ReceiveiOperatorCharacteristic- Area

'DQV OH FDGUH GH RBOX\WUON IFPD[O IV Babdpes@SHiMeR R G qO H \
utilisant la mesure statistique diP comparant les mesures observées aux mesures estimées

par les modélﬁ -I1DL XWLOLVp XQH PpWKRGH GH ERRWVWUDS !

% FL OHV WHUPHV PGTREVHUYDWLRQ LQGPSHQGDQWHYT UHQYRLHQW DX
PRGqOH 'DQV OH FDV GHV YDOLGDWLRQV FURLVpHVY OHV GRQQpPHV G
FDU HOOHV VRQW UpJLV SDU OH PrPH SURFHVVEVHUYDWLRQ TXH

31 pour chaque site i = {1,..,n}® L Ag :ane;&f‘:zg 6405 -
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ensuite utilisé pour calibrer un nouveau modele permettant de comparer les valeurs simulées
HW QRXYHOOHPHQW HVWLPpHV &H SURFHVVXV HVW UpD

distribution de la valeur du ® paramétrique permettant de tester si fanitialement calculé

OTLQIPUHQFH ED\pVLHQQH H Q@istBDioN pGstdricdHIvsWara i RQ G|
GX PRGqOH MYDL XWLOLVp FHV PrPHV SDUDPgqWUHV DILQ

FKDTXH LWpUDWLRQ MYDL FDOFXOp OHV GHX[ PpWULTXHYV
GTREVHUYDWLRQ HW OHV SDUD PggVWHWH O HOVIWWLPH VE B B RHOWHX B
attendues et les parametres estini€g (zaxegDILQ GH WHVWHU QLK \BRWKgVH
13594 on prédit que la proportion de fois ®§ . . 4 4 &Sk SUPErieure &; ¢ goit égale a 0.5

I.B.v Sélection des modeéles

fThe tendency of the mind, accustomed to work through multiple hypotheses, is to sway to one

1890

De par la complexité des processus écologiguiesjeurs hypothéeses alternatives sur

2 &HV IDFWHXUV SHXYHQW rWUH ELRWLTXHV G€ j OTLQWHUDFWLRQ D
DELRWLTXHV OLp j OTKDELWDW SK\VLTXH 'DQV QRV WUDYDX[ QRXV
abiotiques
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XWLOLVpYVY GX PRGgOH &HWWH TXDQWLILFDWLRQ SHUPHW

évidences (videur différence dans la figure # +|%gure25B).

Dans le cadre des modeles hiérarchiques, composés de plusieurs modéles, tester

OfHQVHPEOH GH FRPELQDLVRQV SRXYDQW H[SOLTXHU OF

/I YDVSHFW LPEULTXp GH FHV PRGqQOHV QpFHVVLWH OH UHFF

celle de la stratégie du secomasemble de modeles candid@@scond candidat sets mod§ls

OYHQVHPEOH GHV PRGQqOHV H[%0,010) Ded \WfféFeRte Broic@sBus O H P H C
LQGpSHQGDPPHQW GHV DXWUHV SURFHVVXV PRGpOLVHU V
modeéles retenus de chaque processus sont ensuite réutilisés dans une seconde étape de

VPOHFWLRQ TXL PqgQH jsOfaHaQMNpbse BeS hodklds BtRbiscp(péttir de la
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Figure25 5HSUpVHQWDWLRQ VFKpPDWLTXH GH OD WKpRULH GH
O071%$,& /HV GLIIpUHQWY PRGgOHYVY RX K\SRWKgVHV VRQW SOX
D &HWWH pUpDOLWpPYT pWDQW LQFRQQXH OH PRGgOH DYHF
OfHQVHPEOH GHV PRGqQOHV WHVWpV FRUUHVSRQG DX PRGQgOH
multimodale, les paramétres du modéle 2 auront plus de poids que les parametres estimés par les

Anderson & Huyvaert, 2011) 'H SOXV OH UHFRXUV VA\VWpPDWLTXH | C
DVVRFLp j O9YH\aeRsing @eit demier Red/ étolmy GH OD SUDWLTXH GYpV
amont des hypothéses basées sur leurs connaissances du modele étugidodudu

processuqgGotelli & Ellison, 2012; Murray et al., 2020 fLQIpUHQFH PXOWLSOH ¢

80



81



&KDSLWUH (VWLPDWLRQ GHVY WDLOOHV GH SRSX
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Il Chapitre 1 Estimation des tailles de
SRSXODWLRQ GYRLVHDX][ FF
OYDLGH GH GRQQpPHYV
participatives

LA Contexte
$ILQ GH PHVXUHU OHV DYDQFpHV GDQV OfDSSOLFDYV

Commission Européenne demande aux Etats membres de réaliser tous les six ans un rapport

2LVHDX[T OD /32 D SRXU FKDUJH L OD PLVH j GLVSRVLW|
VXLYL GIDERQGDQFH HW GH GLVWULEXWLRQ DLQVL TXH |

OfHQVHPEOH GHV GRQQ mEee\a MZahin@sidn eMeprerti®&@ U OD )UD

Suite au premier exercice de rapportage réalisé sur la période2@0R28ésultant

basé sur les sciences participatives de données-steroiurées (EPOC) et structurées

(EPOG2') DILQ GTIDVVXUHU OD SURGXFWLRQ GYHIIHFWLIV QLF

'DQV FH SUHPLHU FKDSLWUH QRXV DYRQV XODHOLVp X
SRXU OfHVWLPDWLRQ GHV HIIHFWLIV QLFKHXUV GHYV HV S
en France. Bien que les programmes EPOC et E@DE soient similaires sur certains
aspects de leurs protocoles, a savoir la localisation de positions des individus autour des
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OTDLGH GH GRQQpHYVY GH VFLHQFHV SD Wahtekte SDW LY
REVHUYDWHXUV GXUDQW XQ SRLQW GYpFRXWH GH FLQT PI

GHX[ DVSHFWVY L OH FKRL[ GH OD ORFDOLWpP QYfHVW SDV
protocole EPOEODF requiert la réalisation de réplicas temporels au cours de la période de
reproductionA OYDLGH GHV GRQQpH V-OPR Q@ dvivip iy eS pdde (1B &
DSSURFKH GH PRGpOLVDWLRQ JOREDOH j OTHQVHPEOH GH

PRGqOHYV SHUPHWWHQW GYJH[SOLTXH pProceBsu¥ BcolegiMébhRQ VSD'

tenant compte des variations liées a la collecte de dons R FHVV XV G{FRE&HUY D W |

espécesretenu SRVVpPGDLHQW GHV HVWLPDWLRQV GYHIIHFWLIV
précédent Ces résultats démontterune potentielle sousstimation généralisée par

O 7D QFLHQ Q KROENS, SMURF K ISiblet, 2013) | OTH[FHSWLRQ QRWDEOH

especes dont la détectabilité est fortar leur chant porte loin et qui sont, elles,
potentiellementsurestimées &HV UpVXOWDWY PRQWUHQW OfLPSRUWDC

SURFHVVXVY GIfREVHUYDWLRQ SRXU OD VXUYHLOODQFH GHYV
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33 3DUPL OfHQVHPEOH GHV HVSgFHV DYHF GHV PRGQqOHV MXJpV FRQ
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Abstract

Higher efficiency in largescale and longerm biodiversity monitoring can be
obtained through the use of Essential Biodiversity Variables, among which species
population sizes provide key data for conservation programs. Relevant estimations and
assessment of actual population sizes are critical for species conservation, especially in the
current context of global biodiversity erosion. However, knowledge on population size varies
greatly, depending on species conservation status and ranges. While the most threatened or
restrictedrange species generally benefit from exhaustive counts and surveys, monitoring
common and widespread species population size tends to be neglected or is simply more
challenging to achieve. In such a context, citizen science (CS) is a powerful tool for the long
term monitoring of common species through the engagement of various volunteers,
permitting data acquisition on the long term and over large spatial scales. Despite this
substantially increased sampling effort, detectability issues imply that even common species
may remain unnoticed at suitable sites. The use of structured CS schemes, including repeated
visits, enables to model the detection process, permitting reliable inferences of population
size estimates. Here, we relied on a large French structured CS scheme-QBEFDC
comprising 27 156 complete checklists over 3 873 sites collected during the2@221
breeding seasons to estimate the population size of 63 common bird species using
Hierarchical Distance Sampling (HDS). These population size estimates were compared to
the previous expethased French breeding bird atlas estimations, which did not account for
detectability issues. We found that population size estimates from the former French breeding
bird atlas were lower than those estimated using HDS for 65% of species. Such a prevalence
of lower estimations is likely due to more conservative estimates inferred from semi

guantitative expefrbased assessments used for the previous atlas. We also found that species
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with longrange songs such as the Common Cuckoo (Cuculus canorus), Eurasian Hoopoe

(Upupa epops) or the Eurasian Blackbird (Turdus merula) had, in contrast, higher estimated
population sizes in the previous atlas than in our HDS models. Our study highlights the need
to rely on sound statistical methodology to ensure reliable ecological inferences with

adequate uncertainty estimation and advocates for a higher reliance on structured CS in

support of log-term biodiversity monitoring.

Introduction

Worldwide bird populations are nowadays caught in the midst of a globaignem
erosion of biodiversity caused by the synergistic effects of habitat destruction and
fragmentation, resource overexploitation, climate change, pollution, pesticide use as well as
the global spread of invasive species (Ceballos et al., 2015; Johnson et al., 2017). In Europe,
the intensification of agriculture crystallises this phenomenon because the@eaised use
of pesticides and fertilisers has been pointed out as the main driver of current bird population
declines (Rigal et al., 2023). Recent researches have pointed out how important species
specific life attributes (e.g., species range and density) and functional traits (e.g., body mass,
diet or dispersal) explain loAgrm bird trends and responses to global changes (Hong et al.,
2023; Santini et al., 2023; Germain et al., 2023). Monitoring -teng as well as shorter
term trends have been historically possible through standardised biodivensityding bird
- surveys at a national scale and aggregated at the continental one (Jiguet et al., 2012; Pilotto
et al., 2020; Brlik et al., 2021). This monitoring produces comprehensive distribution atlases
pointing out current ranges and their historical changes (Keller et al., 2020), as well-as long
term population trends (Brlik et al., 2021). Identifying common species declines in the long

term should be accounted for in agricultural and planning policies (Gaston & Fuller, 2008;
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Rigal et al., 2023) to help reconciling society's needs with the safeguarding of ordinary

biodiversity (Couvet & Ducarme, 2014).

Monitoring the success of the implementation of such policies is possible through the
measurement of Essential Biodiversity Variables (Jetz et al., 2019; Navarro et al., 2017,
Pereira et al., 2013), including the assessment of species distribution range and population
abundance or density (Santini et al., 2023). Global monitoring capabilities of species
populations have increased over the past few decades as citizen science (CS) has gained
prominence across various domains, particularly in ecology (Kullenberg & Kasperowski,
2016). This participatory approach has provided the public with unprecedented opportunities
to contribute to biodiversity monitoring through data collection and indirectly through their
engagement in policy evaluation (McKinley et al., 2017). The development of CS can be
related to the emergence of multiple online databases (Newman et al., 2012) capable of
gathering comprehensive datasets across large spatial scales and multiple taxa such as
iNaturalist (www.inaturalist.org) and Biolovision (data.biolovision.net) or {ze@tred, for
instance, eBird (www.ebird.org). The emergence of CS databases has thus resulted in an
exponential increase in biodiversity monitoring capabilities, ranging from phenological shifts
(Hurlbert & Liang, 2012), species distribution (Suz@mno et al., 2017; Matutini et al.,

2021) and abundance estimation (Callaghan et al., 2021).

Traditionally, species autecology was recensed in atlases providing temporal
snapshots of known distribution and population size estimates using discontinuously gathered
data collected during a short period (Donald and Fuller, 1998) and allowingteiong
changes assessment when repeated over decades (Keller et al., 2020). The first attempt of
French avifauna compilation dates back to 1936 (Mayaud et al., 1936) while the first national

atlas was published in 1976 (Yeatman et al., 1976) followed by subsequent in 1995
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(YeatmanBerthelot & Jarry, 1995) and 2015 (Issa & Muller, 2015). Each iteration was

marked by a significant increase in participating citizen birders, ranging from 500 to 2400 to
10,000. However, while the ultimate aim of bird atlases is to acquire even knowledge across
multiple species for a given geographical area (typically natiorade inquiries), it is
essential to note that rare and threatened species benefit from nrabepthnpopulation
monitoring than more frequent and abundant ones (Ingram et al., 2021). Such exhaustive
knowledge of rare species populations is due to interest risen by high extinction risk (IUCN,
2001), the need for recovery plans (Farrier et al., 2007) and narrow distributions allowing
exhaustive counts (Quaintenne et al., 2020). In contrast, common species (being altogether
abundant, widespread; Rabinowitz, 1981) are considered Least Concern (LC). They
consequently tend to receive lesser attention than rarer species (Neeson et al., 2018) despite
being key components of global avian biomass changes (Gaston & Fuller, 2008; Inger et al.,

2015; Whelan et al., 2015; Rigal et al., 2023).

The principal cause of low quantitative coverage of common birds can be tied to the
lack of specific funding stemming from a conservation prioritisation approach (Brooks et al.,
2006; Meine et al., 2006) and the traaf€ between data quality and data acquisition over
large spatial scales (Devictor et al., 2010; Kamp et al., 2016). In France, this incomplete
knowledge translates into a significant drop in quality for population size estimates of most
common bird species, where 60% of breeding species population estimates are qualified as
medium (.e. state of knowledge of species abundance considered more or less satisfying, but
semtquantitative data are either lacking or outdated, see Cofiniaain et al., 2015) while
for rare and localised species (24% of species), estimates are considered as highly reliable
(ComoletTirman et al.,, 2022). To account for this discrepancy, a -sgewtitative

estimation method was used for the last atlas survey, with population sizes simply inferred
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from the average number of breeding pairs measured over 10x10km grid cells using

abundance classes 0f9]1 1099, 100999, 10006666 (the last upper limit could vary
according to knowledge about species densities) multiplied by the number of grid cells
known for nesting. Population sizes estimated using this method correspond to lower and
upper limits. Lower limits were obtained by calculating the geometric mean of the abundance
classes weighted by the number of 10x10 grid cells belonging to these abundance classes
while upper limits were obtained by using the arithmetic means (see Roché et al., 2013

method referred further as ArGeom).

However, similarly to other studies (Kellner & Swihart, 2014), this approach fails to
account for species detectability p defined as the probability of detecting at least one
individual of a given species in a particular sampling effort, given that individuals of that
species are present in the area of interest during the sampling session (Boulinier et al., 1998).
Numerous studies have previously shown that p varies with time of day and season (Skirvin,
1981), observers (Quinn et al., 2011) and ysgaacific factors (Kéry & Schmid, 2004).
Omitting species detectability by assuming perfect or constant p across sampling schemes,
observers and habitat types can lead to biased inferences (Nichols et al., 2009; Kéry, 2011)
and affect the estimation of lostgrm trends due to its unaddressed variation (Schmidt et al.,

2013; San#érez et al., 2020).

Here, we propose an estimation method enabling a more robust approach of
population size estimations. We provide associated uncertainty intervals built upon a revised
structured sampling scheme, ensuring data traceability and allowing inferences in the spatial
variation of species abundance by formally including the detection process within the

modelling framework.
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In this study, we aimed at testing whether applying this modelling framework on an

unprecedentedly large citizdrased dataset collected over France would (i) provide a new
guantitative evaluation of French breeding bird populations and (ii) allow a comparison of
population sizes inferred through Hierarchical Distance sampling from those inferred using
the previous atlas methodology ArGeom across a large part of French avifauna. In particular,
we expect that quantifying the influence of species detectability would allow more relevant
ecological inferences (e.g., including environmental and sampling effort covariates to the
models) to approach closer to a realistic estimation of breeding bird population size at a

national level than previously used methodologies.

Materials & Methods

Sampling protocol

EPOCODF (French structured estimation of breeding bird population size) is a
French CS monitoring scheme based upanidute point counts, where observers are tasked
to point locations of recorded individuals, either through visual or auditory detection. Birders
can register their field observations directly using the NaturaList smartphone application or
transcript later on the data portal Fatfrance (www.faundrance.org). The survey locations
corresponded to the centroids of a 2x2km grid, selected from a random sampling. Each
location has to be visited three times during the breeding season, from March to June, each
consisting of three successivaerbnute point counts, to limit chances of duplicated counts
while being less demanding in observation effort (Fuller & Langslow, 1984). After
completion,i.e. nine visits during a breeding season, surveyed sites are removed from the
sampling pool for the subsequent year, to maximise the number of sites surveyed. See

Appendix S1 for more details about the sampling design.
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Over the 2021 and 2023 breeding seasons, 276 distinct species were encountered over

27 156 complete checklists collected over 3 873-gatected locations (Fig 1) by 520
observers. Sampling effort is monitored through local associations tasked to recruit
volunteers. The primary focus of the scheme being the monitoring of common breeding bird
species, we decided to constrain the number of species considered viable targets of this
scheme to 103 out of the 276 species contacted. We narrowed our study to 63 species out of
the initial set of 103, comprising only those recorded at a minimum of 150 distinct locations
(3.9% of total locations), to have a sample size allowing to reach model convergence. We
also applied a temporal filter that considered both observed activity during the breeding
season and expert opinion to capture the breeding phenology of each targeted species and

exclude possible early or late migrants from population size estimates (see Appendix S2.1).

Figure 1 - Spatial distribution of surveyed EPOC -ODF locations (n = 3 505) over 2021 -2023 breeding seasons.
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PCA reduction of environmentabvariates

For bioclimatic data, we used 19 variables from WorldClim at 1km resolution (Fick &
Hijmans, 2017), on which we applied a Principal Component Analysis (PCA), keeping the
first three axes (82.3% of explained variance), to limit multicollinearity through orthogonal

transformation (CruzLardenas et al., 2014).

We used habitat cover data from Theia OSO at 10m resolution (Thierion et al., 2022)
and aggregated it according to two different scales: (1) a s#ass corresponding to habitat
type (Urban, Annual crops, Perennial crops, Pastures, Grasslands, Forests, Water
body/Mineral surfaces) and (2) threlass (Open, Forests, and Artificial) in regards to overall
effect on detectability (fig 2). Additionally, we conducted PCA dimension reduction on the
sevenclass aggregation, retaining three of the six PCA (54.71% of explained variance) axes
depicting environmental gradients for (i) foréstopenfield cultures; (i) opesfield
culturesto-pastures and (iii) perennial crop-urban Appendix S3 for the workflow pipeline
and habitat cover aggregation. Distances to roads were measured from ROUTE 500 (Cote et
al., 2021). Environmental covariates were extracted over a 500m buffer radii upon registered
observer location (fig 2). These distances were chosen according to mean dispersal distances
and home range sizes in common European birds (Paradis et al., 1998). Thdatdwee
habitat covers were collected upon 100m circles radii to assess immediate habitat types that
could hinder species detection. Whenever the exact location was unavailable, we used the
centroid of sightings as a proxy for observer location (Appendix S4). We used environmental
data collected from a prediction grid covering France at a resolution of 2x2km for PCA
dimension reduction. Outcomes from this initial PCA were used to transform environmental

data collected from surveyed locations through PCA projections.
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Figure 2 - Global overview of covariates acquisition, treatments and usage workflow. Data are retrieved over

CLetnTETed 2 f—cte o from Scof—tt —oco% ‘LeF" " f—<'ee _f">. . fe—1f"4d ™Sfe _—eof"f
resolutions, 100m buffer (dotted circles) and 500m buffer radii (solid circles). Distance to roads is

determined by measuring the distance between the nearest road to the observer location or observation

barycenter. Habitat cover, in percentage, is aggregate over seven and three classes (see Table S3.1). Seven -

class habitat cover and bioclimatic are reduced from PCA keeping the first three dimensions for bioclimatic

data and three selected for the seven -class habitat cover.

Modelling framework

We used Hierarchical Distance Sampling (HDS) models to estimate the abundance of
the target species while accounting for uncertainty arising from the observation process
(Chandler et al., 2011; Kéry & Royle, 2015). We applied a +sihe truncation of 5%,
removing observation distances above the 95% quantile, for each targeted species to remove
extreme distance values for model robustness (Buckland et al., 2001). Then, we divided
observation distances into five proportional bin classes based on the maximal observed

distance. Models calibration and assessment were done using unmarked 1.2.5 R package
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(Fiske & Chandler, 2011). Effort covariates were accounted for by incorporating the Julian

date and the hours of list realisation (as minutes from sunrise), see Table 1.

Distance sampling key functions, depicting detection probabilitiesoffllyiven
distance of observation (Buckland et al., 2001), were chosen betweenoimaHl and
hazardrate based on AIC (Akaike Information Criterion, Akaike, 1974), with other states

kept constant.

We based our modelling framework on a secondary candidate set strategy (fig 3),
where the detection and availability states of our HDS were fit according settloé the first
candidates while others were kept constant (Morin et al., 2020). For the Poisson process
underlying abundance distribution, we used a single model consisting of retained covariate
PCAs axes (Table 1). See Appendix Table S5.1 for the number of times where each sub

process was included in the final candidate sets.
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Figure 3 - Methodological framework for population size estimation. At first, a key function is determined

AIC-wise between half -normal and hazard -rate with other components of the HDS kept constant. The selected

key function is then used during the secondary candidate set strategy  (Morin et al., 2020) fitting multiple sub -

models (Table 1) for each state separately holding others constant. Sub -«‘tfZe¢ ™c-S %" ff—Fe— o-—""""_§
10 are then selected in a final candidate set consisting of multiple HDS through combinatorial association
(Morin et al., 2020) At this stage, we used sub-models estimated coefficients as starting values to help model
convergence. Population size estimates are obtained through model averaging of the final candidate set. LM :

Linear Model
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Table 1 - Ensemble of sub-models tested in the secondary candidate set approach (Morin et al., 2020) . (%)
For the hour effort covariate, we used minutes from sunrise  estimated from site longitude, latitude and date
of list completion.

States Sub-models

~ Distance to roads

~ Distance to roads + Proportion of artificial lands (100m)

Detection

~ Distance to roads + Proportion of open lands (100m)

~ Distance toroads + Proportion of forests (100m)

~ Julian date

~ Julian date + Julian date?

~ Hour (*)

~ Hour + Hour?

Availability

~ Julian date + Hour

~ Julian date + Julian date2 + Hour

~ Julian date + Hour + Hour2

~ Julian date + Julian date2 Hour + Hour?

Abundance ~ 3 Bioclimatics PCA axis + 3 Habitat cover PCA axis

HDS population size estimates were obtained by averaging retained secondary
candidate sets models, based on their relative model performance using AlCc (Fig 3). We
excluded the Eurasian Sparrowhawicgipiter nisu$, the Meadow PipitAnthus pratens)s
and the Coal tit Feriparus ate), from model averaging and exclusively relied upon
prediction from best final models owing to substantial differences observed among their

secondary candidate sets models.
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Model goodnessf-fit was assessed using an overdispersion coefficient medfic (

Johnson et al., 2010). We used the-sduiare metric as the discrepancy measure between
observed and expected counts. Compuimbrresponds to the ratio between the-sduiare
obtained from the fitted model to the mean of bootstrappeesqiares obtained from
simulated datasets based upon estimated parameters (Kéry & Royle, 2015). All models were
fit according to a Poisson (P) distribution after top model assessment and calculation of
secondary candidate sets wiftop models exceeding 1.2 were calibrated using a Negative
binomial (NB) distribution (Payne et al., 2018). For a global overview of our modelling
approach, see Appendix S5. Out of 63 species, we excluded nine species from the analysis;
three exhibited signs of underdispersion witvalues less than 0.9 while six h&dvalues
exceeding 1.5 (Payne et al., 2018), showing signs of overdispersion, despite being calibrated

using a negative binomial distribution, see table S2.1 for more detalils.

We assessed the robustness of our estimations to the exclusion of one year of data,
corresponding to a third of the global dataset. We compared population size estimates from
EPOGODF data collected over 202D23 to estimates obtained from EPOOF data
collected over 2022022. Using the 2022022 subset, we estimated the population sizes of
30 species, detected in at least 150 distinct sites. From these 30 species, seven mean
population sizes estimated using 2021 to 2023 data were outside the confidence intervals
estimated from 2021 to 2022 data, with a slightly smaller population size estimated (Table

S2.2) overall highlighting robust estimations.

Trimming of HDS population size estimate: assessment of model extrapolation

Population sizes were obtained by summing predicted values over the prediction grid.

As we intend to predict over a large surface, novel environmental conditions may arise,
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leading to possible dissimilarities between the environmental gradient collected at survey

sites and the environmental gradient over novel conditions (Elith & Leathwick, 2009).
Mesgaran et al., 2014 described two types of extrapolation; (i) Novelty type | (NT1) where
projected pointsife prediction grid) are outside the range of individual covariates collected

by the sampling scheme and (ii) Novelty type Il (NT2) depicting the case when projected

points are within univariate range but constitute novel combinations between covariates.

We trimmed predicted values (Fig 4) over prediction grid cells showing signs of NT1
extrapolation, to a threshold value determined using a Tukey fence (Tukey, 1977), estimated
from the distribution of predicted values with k=1.5. Extrapolation assessments were done
using dsmextral.1l.5 R package (Bouchet et al., 2020). We used this-ppediction
treatment to assess population size estimates stability. We measured the coefficient of
variation, corresponding to the ratio between the standard deviation and the mean of the
SXQWULPPHG™ PDRQGBLPRMOIHWVWLPDWHG UDQJH XQFHUWDLC
variation imply great discrepancies in confidence intervals of untrimmed and -tuthered
estimated uncertainty intervals. This is mainly caused by the spatial filtering from the
extrapolation assessment highlighting smaller geographic regions with similar environmental
conditions from sampled ones and the trimming of predicted abundance outliers. Species with
a coefficient of variation exceeding 30% were removed from the comparigaebmand

HDS population size estimates (Table S2.3).
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Figure 4- Decision tree of the post -prediction treatment. First, we analysed the distribution of predicted
abundance values across the prediction grid and detected outliers, using a hinge of k = 1.5 (Tukey, 1977) . We
compared each environmental condition of the prediction grid cell with the environmental condition
collected by the sampling scheme and used for model calibration. When a prediction cell depicted signs of
NT1 extrapolation and its estimated abundance was considered as an outlier, we trimmed the predicted grid

cell abundance to the Tukey fences value.

99



&KDSLWUH (VWLPDWLRQ GHVY WDLOOHV GH SRSX
OfDLGH GH GRQQpHVY GH VFLHQFHYVY SDUWItdeLSDWLY
Comparison oArGeomand HDS estimated population sizes

For comparable estimates betwedrGeomand HDS approaches, we restricted the
prediction grid area speciggse for HDS estimation according to the distribution of their
known breeding locations, collected over a 10x10km grid during the previous French atlas
(Issa & Muller, 2015). To estimate breeding populations of species for which male
identification was possible, either male vocalisations or visual distinctions because of sexual
dimorphism, an athoc filter was applied (Table S2.1), resulting in HDS estimates reflecting

the male counts for those species.

As the ArGeomapproach estimated species bird population sizes as a number of
breeding pairs (Roché et al., 2013), for species where male identification in the field was
impossible (no sexual dimorphism), we used all available data, after applying the
phenological filter, and divided HDS estimates by two for comparable estimates with
ArGeompopulation sizes. After retrieval dirGeomestimates from the previous atlas (Issa &
Muller, 2015), we updated these estimates using recent population trend estimates derived
from the French breeding bird survey (FBBS; Jiguet et al., 2012) data spanninrg(xRBL2
(Table S2.1). Given the absence of a mean estimate inAtliEom approach, we

approximated it using the midpoint between the maximum and minimum estimated (Fig 5).

To study the differences between the two approaches, we measdijigd

corresponding to the percentage of the difference between HD&@edmestimates.

"OPEIRAsaf 'OPEI<RA
"OPEI|RAs2E OPEIXRA t

Ugod
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Figure 5 - Population size estimates comparison methodology, ArGeom in red and HDS in blue. ArGeom
estimates for 2012 were obtained through calculations using both arithmetic and geometric means (Roché et
al.,, 2013)and were then updated to 2023 using specific mean trend estimates from FBBS (Table S2.1). Flat
intervals signify min and max value estimates, while curved intervals signify confidence intervals.

Study of variation of estimated population sizesveen the two approaches

As species detectability stems from physical traits and vocalisations, phylogenetic
related species tend to have the same detectability (Johnston et al., 2014; Sélymos et al.,
2018). We calibrated a Phylogenetic Generalised Linear Mixed Model (PGLMM) using the
phyloglmm 1.0 (Li & Bolker, 2019) R package. We stutlyy ¢ yariations across species
while implementing a random effect covariance structured based on phylogenetic relatedness
using phylogenetic distances retrieved from Burleigh et al., (2015). The PGLMM model was
calibrated using (i) extracted detection probabilities from the availability state estimated
through HDS (fig 3 and appendix S5) after model averaging of the final candidate sets
models in regards to AICc scores, and @)Geom uncertainty as fixed variables. For
ArGeom uncertainty, corresponding to the difference between maximal and minimal
estimated values, we relied on the decimal logarithm to limit variatiddg, g solely due to

different population size magnitudes.
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Response weights consisted of normalised weights from the inverse of uncertainty

around FBBS trends between 2012 and 2023 (Table S2.1), divided by the mean to limit

excessive weight attribution and facilitate model convergence.

Results

Species trends over 20PD23

From 2012 to 2023, out of 63 bird species, 15 showed a significant decreasz2(X3%0 G
14.84) in total population size, while 16 showed a significant increase (x = 28G22®&2;

see appendix S2 for speciedated FBBS trends).

HDS population size estimations

Out of the 54 species with acceptable values of overdisper8famsing theHDS approach,
we excluded eight species showing large discrepancies in population size estimates

(Appendix S2, Table S2.3) betweenmead posiprediction treatment (Fig. 2.).

Out of the remaining 46 species used for comparison betAggaomandHDS estimates,
HDS models showed acceptable values of overdisperspmafging from 0.94 to 1.2T&
1.07 GO0.06) for 38 species calibrated using a Poisson distribution and 1.09 toT&47 47

G0.13) for eight species calibrated using a Negative binomial distribution.
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Figure 6 - Examples of resulting abundance maps for the (A) Blackcap (Sylvia atricapilla), and (B) Eurasian
Hoopoe (Upupa epops). Estimations correspond to the number of male, or potential pairs (see Table S2.3)
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over a 4 km-squared area. Grid cell predictions are categorised into three groups: (1) those with estimated
abundance not considered as outliers depicted with a green colour step gradient and its distribution
histogram ; (2) those with estimated abundance considered as outliers and not subject to NT1 extrapolation,
displayed in a blue -to-red gradient, along with their distribution density; and (3) those with estimated
abundance considered as outliers with novel environmental conditions subject to NT1 extrapolation
highlighted in pink with the Tukey value used for trimming in the post -prediction treatment.

Population size comparison betwe&rGeomand HDS

Across all species, estimated mean density ranges from 0.09 to 27.51 individuals per square
kilometre, while ArGeom range uncertainty varies from 3.9 to 6.69 on the decimal logarithm
scale corresponding to variations from 7,920 to 4,850,000 in estimated number of pairs. See
Table S6.13 for more details about species estimated population size accordimGeom

and HDS approaches.

A comparison between updatédGeomand HDS estimated population sizes showed that
HDS estimates were higher thamGeomfor 30 of the 46 species tested (Table S6.1). Our
results suggest lower estimates fromnGeom (U ¢ 4< -0.2), either for open habitat
specialists such as European Stonec8akicola rubicolg, European GoldfinchGarduelis
carduelig or Eurasian LinnetGarduelis cannabingathan for forest generalists such as Great
Spotted WoodpeckerDendrocopos major Blue Tit (Cyanistes caerulelisor Eurasian
Blackcap (Fig 6.A) with(} 5 ¢ = -0.629 GO0.4, over 22 species. Species whose estimations
were similar ( g 5 sP[-0.2;0.2], with on averagé}, 4 57 -0.006 G0.096, over 17 species)
between ArGeom and HDS included species such as Eurasian WrBoglodytes
troglodyte$, Great Tit Parus majo), European RobinHrithacus rubeculpand European
Nuthatch Gitta europep Fewer species, mainly characterised by greater maximal
observation distances, such as Common Cuckhm(lus canorus Eurasian Hoopoe (Fig

6.B) and European Blackbirdl'grdus merula had higher population sizes estimated by
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ArGeomapproach compared to HDS)y 6 2 0.2, with on averagd) g oz 0.41 GO0.148,

over 7 species; see Appendix S6 for population size comparison table).

Results from the PGLMM (Fig 7.A) showed an overall significantly lowefGeom
population size estimates)(209, with 95% CI :{0.321:0.097], Pval = 0.001), as well as a
significant positive effect oArGeomrange intervals (0.167, with 95% CI : [0.059;0.276],

Pval = 0.003) on the differences between the two approaches. Species detection probabilities
had no significant effect (0.097, with 95% CI-0J043;0.237], Pval = 0.176) ohl g4

variation.

Marginal effect plots from the PGLMM model showed that the mean response of
(U z 6 §ver species detection probability was predominantly negative, ranging@rdmto-
0.1 (Fig 7.B), for ArGeom uncertainty. This showed that} 4@ stended towards the
convergence of population size estimates (Fig 7.C) for species with larger estimated interval
ranges. There were no signs of multicollinearity (VIF < 5; James et al., 2013) between the

two variables.
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Figure 7 - Results from the PGLMM. (A) Confidence intervals of the model coefficient, coefficients significantly
different from O are represented in blue. Marginal effect plots of population size estimate differences ( Yacgn)
responses. % i-responses are predicted over gradients of focal terms, either species detection probabilities

(B) or ArGeom reported uncertainties (C), while other covariates are held constant at their mean. Species
detection probabilities and ArGeom uncertainty are represented on their natural scales, after inverse logit
and inverse decimal logarithm transformation, respectively. Dot  -dash line corresponds to a %.4+- Of O,
signifying estimated population size convergence by the two approaches, negative and positive values of
%+ - reflect lower and higher population size estimates of ~ArGeomrelative to those obtained using HDS.

Discussion

Our results showed that bird population size estimates from the previous ArGeom
approach, not accounting for the observation process nor habitat affinity covariates, are
predominantly lower than population sizes estimated from the HDS approach, up to 65% of
species. While we found that the prior estimated uncertainty ranges from ArGeom had a
positive effect on the convergence of population sizes estimated by the two methodological
approaches (expert estimates based on atlas data vs predicted estimates from modelled citizen
science data accounting for detection probabilities), we did not find a significant effect of
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species detection probabilities which could explain the differences between the two

approaches. We show that ArGeom produces population sizes that are largely lower than
those obtained by HDSU 44 £ 0.2) regardless of habitat specialisation or affinity. This is
likely due to the methodology used for ArGeom that did not account for the detection process
nor for speciedabitat relationships when extrapolating locally known abundances to

unsampled locations.

Despite the lack of significant evidence for the effect of species detection probabilities
on population size estimations, our results tend to corroborate previous studies where ignored
detection processes had likely biassed ecological inferences, including species distribution
models (Kéry et al., 2010), population trends (Norvell et al., 2003; Schmidt et al., 2013) and
population sizes (Kéry et al., 2005). This lack may be especially true in a context of global
change, where avian breeding phenology showed evidence of shifts towards earlier breeding
over the years (Parmesan, 2007; Devictor et al., 2012; Galzeére & Devictor, 2021) to
synchronise with their food sources (Visser et al., 2006; Michel et al., 2016). Such shifts
induce diverse specigslated seasonal and int@nnual changes in detectability that need to
be accounted for, particularly for schemes spanning over multiple species (Lehikoinen,

2013).

In France, the ArGeom approach was developed in the context of moderate semi
guantitative data collection with an acknowledged uneven participation across the territory
(Roché et al., 2013; Issa & Muller, 2015). The semmntitative data collection was based on
the estimation of the number of breeding pairs over 10x10km grids derived from a mixture of
count prospects and expert opinions collected over 1953 out of 5879 10x10km grids (Issa &
Muller 2015). As the primary goal of this approach was to give a likely magnitude of

population size across the territory (Roché et al., 2013), ArGeom intervals were produced by
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the extrapolation from the initially prospected 10x10km grids to all metropolitan grid cells

considered suitable for breeding, after the detection of potential and confirmed breeding
evidence. Although proved useful and relevant to assess population sizes whestdéagge
guantitative data on species occurrences are lacking or are unevenly distributed, such a
methodology implies greater uncertainty intervals for abundant and broadly distributed
species and smaller intervals for scarce and narrowly distributed species when not accounting

for measurement uncertainty.

Contrary to generalist species, which have widespread distributions due to broader
habitat niche breadths, specialists are generally more localised (Clavel et al., 2011) and
typically use a smaller range of habitats (Julliard et al., 2006). Despite a growing interest in
rare speciefocused monitoring (Fontaine et al., 2022), citizen sciences programs are mainly
designed for largscale multispecies surveys (Devictor et al., 2010). Citizen science
schemes balance between a traffeamong data quantity and data quality, corresponding to
either the acquisition of a great quantity of unstructured scheme, or the acquisition of
standardised data implying replicated visits over randomly sampled locations (Devictor et al.,
2010). As such, in the first case, citizen science schemes could be more prone-to false
negative errors, resulting in biassed inferences over habitat cover relations due to omission of
the detection process (Johnston et al., 2022). In the second case, given the small habitat range
of specialist species and the scale of the territory sampled (e.g., here the metropolitan French
territory), citizen science sampling schemes could be representative of the entire territory

sampled but with a higher risk of missing some key habitats and associated specialist species.
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Potential consequences for commuiyel assessments

A recent study about lorgrm effects of climate and land use changes on bird
communities (Gatizére et al., 2020) showed that both generalistiweling species, such
as the Common ChiffchaffPhylloscopus collybitaor the Eurasian Blackcap, and warm
dwelling species, such as the Common Nightinghles¢inia megarhynchdshad the most
substantial negative and positive contributions to the trend in Community Thermal Index
(CTI1), a communityweighted index representing the realised thermal niche of a community
based upon species relative abundance and species thermal indices (STI). In the present
study, these species tended to have lower population sizes estimated when the detection
process was omitted compared to estimates based on our modelling approach. As a result, this
could affect the estimations of their contribution to the calculation of commueityhted
mean indices, such as CTI, and therefore bias the estimation of the trend in community
thermal response and subsequent studies of aggregated indices, which are known to display
large regional variation (Rigal & Knape, 2024). We, therefore, suggest that considering the
detection process in studies relying on commudtit LJKWHG LQGH[HV E\ VSHFL

abundances could be as important as it is for estimating population sizes.

Community indices such as species diversity (Ricotta, 2005) and functional diversity
(Villéger et al., 2008; Galzere et al., 2019) are commonly use species relative abundance as a
basis, without taking into account the detection process (Pillar & Duarte, 2010), despite
multiple studies showing it could affect community indices inference (Tingley & Beissinger,

2013; McNew & Handel, 2015; Jarzyna & Jetz, 2016; Richter et al., 2021).
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Conservation implications

Our study also suggested that lower or higher population sizes estimated from
ArGeom were not randomly distributed among species according to their conservation status.
Out of the 46 species estimations used in the comparison analysis, 10 had an unfavourable

conservation status in Frange2(lower than Least Concern, LC; UICN France et al., 2016).

Among these species of conservation concern, two species, European Greenfinch
(Carduelis chlori$ and European Turtle Doveéstfeptoptelia turtuy, showed no signs of
difference in theirpopulation sizes. By contrast, five species, European Stonechat, Barn
Swallow Hirundo rusticg, Redbacked Shrike Lanius collurig, Eurasian KestrelHalco
tinnunculug and Willow Warbler Phylloscopus trochillys considered as NT (Near
Threatened) and three species, Eurasian Linnet, European Goldfinch and European Serin
(Serinus serinysconsidered as VU (Vulnerable) had lower population sizes estimated from
ArGeom than from HDS approach (NTU8, ¢ 5 -0.608 G0.217 and VU :(§; 5 £ -0.667 G
0.146). Our results showed that these species may need a reevaluation of their conservation
status and highlight the need to rely on hierarchical models taking account of the detection
process in ecological inferences, given that potential misclassification of population
conservation status may arise from process noise and observation error (Connors et al., 2014).
As conservation policy decisions depend on uncertainty levels (Williams, 2003; Freckleton,
2020), assessing measurement error through the integration of the detection process (Nichols
et al., 2011) could provide more reliable ecological inferences (GuMeita et al., 2014).

CS schemes are becoming more and more a reliable source of data to ensure biodiversity
monitoring (Chandler et al., 2017) and can, through standardisation (Buckland & Johnston,

2017; Johnston et al., 2019), contribute to the calibration oftdatgry models such as
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hierarchical models for reliable ecological inferences (Isaac et al., 2020; Kéry & Royle, 2021;

Johnston et al., 2022).

Comparison to other European countries

Another way to assess the relevance of the two estimation approaches would be to
compare their population size estimates to the ones obtained from other European countries,
using a ratio between countries to produce comparable estimates. Such an approach should
however be used with caution because it would be limited by comparability in habitat
repartitions or biogeographical considerations among different European countries. To go
further into intercountry comparisons, we relied on the German population sizes estimated
for the previous European Bird Directive (BirdLife International, 2021) obtained from both
point count and territory mapping methods (Gedeon et al., 2015). For abundant species such
as the Blackcap {} ¢ = -0.29; German population size expressed in millions of pairs =
[7.17- 9.49)), both approaches led to similar results than German population estimates, while
HDS estimates were closer to German population sizes for the FirdRegstls ignicapilla
U g6 7 -0.46; [1.92- 2.85]) and the Blue Tit(} ¢ £ -0.42; [5.01- 7.41]). For species with
higher population sizes estimated by ArGeom than HDS;6 2 0.2), the Common Cuckoo
(W z6x 0.25; [0.58 0.95]) and the Corn BuntingEmberiza calandra U, 4 ¢ & 0.6; [0.25-

0.44]) showed estimates of German populations closer to the HDS than the ArGeom
approach. Finally, for the Common Whitethro&uruca communis U, 5 5 & 0.42; [0.93-
1.47]), the German population size is closer to ArGeom estimates (see appendix S6.4 for

additional information).
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Regarding magnitudes, both approaches produced similar estimates compared to

German ones. However, due to different sampling and modelling methods used, these formal
comparisons, although informative, need to be more fully satisfying and highlight the
discrepancies in sampling and analytical methods across the European continent (Keller et al.,
2020). Such differences could be accounted for, either by (i) a global standardisation of
schemes, as promoted by the PECBMS {Paropean Common Bird Monitoring Scheme;

Brlik et al., 2021) for species trends, but also (ii) through the use of Integrated Models (IM)
capable of mobilising data from multiple and somewhat heterogeneous sources (Isaac et al.,

2020; Zipkin et al., 2021a).

Study limitations

Our approach relies on data collected from the EfDE structured CS schemes,
providing data with repeated visits. However, as is, the frequentist framework of unmarked R
package (Kellner et al., 2023) does not permit inferences on social species occurring in large
flocks. Taking account of social species during the breeding season (corresponding to 1/10th
of the scheme targeted species) would therefore require a Bayesian framework to include the

effect of flock size on species detectability (Clement et al., 2017).

Given the timeframe and the sampling design, all sites are not visited every year
to maximise the number of total surveyed locations, it is not possible to estimate species
demographic parameters, such as survival and recruitment (Sollmann et al., 2015; Schmidt &
Rattenbury, 2018). We also assumed a sex ratio of 1:1 for species without sexual
dimorphism, during the breeding season, which could potentially bias estimates for species

deviating from this assumption. Taking account of species population structure requires
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frameworks such as Integrated Population Models (IPM; Schaub & Ullrich, 2021) and

specific data collection (King, 2014), for instance, bagging or nest surveillance.

As obtaining relevant predictions of species abundance over unsampled
environmental conditions was one of our main methodological challenges, we used
environmental data condensing habitat information (Tredennick et al., 2021). To fit our
statistical framework, we assumed that most bird species would interact with their habitat
following a linear relationship (see Fig. 3). We therefore used PCA reduction to summarise
species linear responses to natiesedle habitat gradients including foréstopenfield
cultures, opeiiield culturesto-pastures and perennial crogpurban habitats (see appendix
S3). PCA reduction permits model convergence by condensing complex habitat structures to
a small number of environmental covariates, though it could bias estimates of species thriving
in a specific habitat restricted to the extreme edge of the sampled gradients. Other methods
such as Spatially Varying Covariates models (SVC; Gelfand et al., 2003) could be used to

better account for habitat structure complexity across spatial gradients (Thorson et al., 2023).

Previous studies have shown that unaccounted variations in species availability,
considering a constant detection probability or unmodelled variations, could lead to
substantial bias in estimated abundance (Link et al., 2018; Barker et al., 2018; Duarte et al.,
2018). Nmixture biassed estimations can be linked to-assessment of the sampled area,
where a smaller or greater sampled effective area could lead to- wndeverestimation
(Kéry & Royle, 2015). In our study, as we relied on distance sampling methods, we define an
effective sampled area, based upon collected observation distance, but we also assumed that
individuals considered exposed to the sampling (LW WWDWLVWLFDOO\Y] DYDLODE
could still be undetected due to small species home ranges espplafic habitat cover

(Chandler et al., 2011; see Table 1 and Figure 2, for covariates used to model species
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detectability and appendix S5 for model formulation). Despite such consideration, for the

HDS model, we assumed that detected individuals were homogeneously distributed over the
sampled area. Violating this assumption could lead to wighmple variation that needs to

be accounted for, otherwise leading to biassed estimates (Mizel et al., 2018).

Another potential drawback relies on the quantity of data collected through this
structured CS scheme. Over the same breeding season, the semistructured scheme EPOC
without temporal replicates nor fixed location requirements collected three times the amount
of complete checklists as the structured ERQIOF scheme, highlighting CS trad& of
scheme standardisation upon data collection over spatial and temporal scales (Devictor et al.,
2010). One way to address this traude would be to apply data integration methods
mobilising multiple data sources to be used for ecological inferences (Zipkin et al., 2019,
2021Db), either by estimating abundance of less recorded species througbadeait
associations (Callaghan et al., 2021, 2022; Robinson et al., 2022) or by constructing joint

likelihood functions (Fithian et al., 2015; Fletcher et al., 2019).

Conclusions

Our results suggested an overall lower population size estimate of French common
breeding birds obtained from the last French Breeding Bird atlas methodology than from the
Hierarchical Distance Sampling modelling used in the present work. Using-deage
datasets from citizen science obtained from standard scheme initiatives allowed us to infer
the variation in species abundance, while explicitty modelling the detection process
separately from the ecological one. Not accounting for the observation process might have

resulted in misleading expeohly estimations of population sizes in the previous atlas, at
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least for some widespread species not benefitting from exhaustive surveys. In conclusion, our

results advocate for more reliance on the use of statistical tools accounting for the detection
process, such as hierarchical models, which, in association withdeatge citizen science
data, could constitute a standard methodology to estimate reliable abundance from breeding

bird atlases or biodiversity surveys deployed at national or geographically broader scales
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[11.C Supplementary informatn

S1 Schemestandardization

EPOGODF sites are selected from a tstage random sampling. In order to standardise survey effort
over France and help local coordinators site assignment, ten 10x10km atlas gridged@oenly selected
by districts. Each selected grid is subsequently divided as twisty?x2km grids. Ten out of twenfive
2x2km grids are selected and categorised as "primary" and "secondary" sites (Fig S1.1). Participant
birders are tasked to survey over the centroids of five of these selected sites.

W ES] ]% vse & ol §} sHEA C  +]PV E "% EJu EC_ *]3 U pud v
]v *¢] ]0]8C }E % E]JA S ov U SZ C v spEAC }v }( 8Z "e }v EC_
10x10km grid cell is removed from the sampling pool for future years of the atlas survey.

Observers are asked to survey the selected sites three times during the breeding season, from March
to June, with at least 30 days between each visit. Time periods for the first-isit4o 31th of march ;

second visits- 1st of april to 8th of may and third visit 9th of march to 15th ofJune

https://oiseauxdefrance.org/getnvolved/epocodf). In high altitude, the first visit, typically in March,

J*vi8 Ju%poe}EC v 8Z }ve <u vd Ale]de E iges o Jv E P & « 8§}

accessibility.
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Figure S1.1- Schematic of the systematic grid f&@POEDDF sites.

S2 Species supplementary tables

Species metadata

Table S2.1- Species metadata of 63 considered species regrouping FBBS trends betwee2@032vith

their confidence intervals, insignificant trends as well as significant increase and decrease are
represented with beige, green and orange colours ; starting and ending phenological periods in julian
date ; a priori data filtering based on identifiability of males during survey-hdc filters choices; 8
assessment acceptance.

Phenologica o
Species FBBS trend (%) | fitering | APTOT
20122023 dates filtari
iltering
Start | End
Barn Swallow -13.4 F20 ;-6.2] H 122 . 182 | FALSE TRUE
Black Redstart -10 [-15 ;-4.7] 92 152 TRUE TRUE
Black Woodpecker 18.8[4.8 ; 34.7] 61 152 | FALSE TRUE
Cetti's Warbler 132.2[85.3;190.8]W 75 152 | FALSE FALSE
Cirl Bunting 14.7 [4.2 ; 26.3] 75 152 TRUE TRUE
Coal Tit -48.5 [55.8 ;-40] 92 |« 152 | FALSE FALSE
Common Buzzard -4.8[11.1; 2] 61 152 | FALSE TRUE
Common Chaffinch -8.3 [[10.9 ;-5.6] 92 152 TRUE TRUE
Common Chiffchaff -1.2 4.7 ; 2.3] 92 152 | FALSE TRUE
Common Cuckoo -7.4 [12.7 ;-1.7] 122 . 182 | FALSE TRUE
Common Nightingale -4.7 9.8 ; 0.7] 122 = 182 | FALSE TRUE
Common Raven 65.6 [20.7 ; 127.1] 61 152 | FALSE FALSE
Common Redstart 14.6 [1.8; 29] 122, 182 TRUE TRUE
Common WooePigeon 46.3 [40 ; 52.9] 92 152 | FALSE TRUE
Corn Bunting 21[8.2; 35.4] 75 152 | FALSE TRUE
Crested Tit -28.5 38 ;-17.5] 92 152 FALSE TRUE
Dunnock -24.1 }29.9 ;-17.8] 92 152 | FALSE TRUE
Eurasian Blackbird -6.8 [10 ;-3.5] 75 152 TRUE TRUE
Eurasian Blackcap 8.8[5.5;12.1] 106 | 152 TRUE TRUE
Eurasian Blue Tit 9.1[3.4;15] 92 152 | FALSE TRUE
Eurasian Bullfinch -48 [-56.4 ;-38.1] 75 152 | FALSE TRUE
EurasianCollaredDove -4.6 9.8 ; 0.8] 75 152 | FALSE FALSE
Eurasian Golden Oriole 15.6 [6.9 ; 25] 122 . 182 TRUE TRUE
Ewgzﬁg‘eggf” 7.8 [13.3 ;-1.9] 61 | 121 | FALSE TRUE
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Eurasian Hoopoe -8.3 [20.5; 5.8] 106 | 167 | FALSE TRUE

Eurasian Jay -14.9 F19.6 ;-9.9] 75 167 | FALSE FALSE
Eurasian Kestrel 7.3[1.8;17.2] 92 152 | FALSE TRUE
Eurasian Linnet 34.7 [18.7 ; 52.8] 106 | 167 TRUE TRUE
Eurasian Magpie 11.5[3.5; 20] 61 121 | FALSE FALSE

Eurasian Nuthatch -31.8 [37.6 ;-25.6] 75 152 | FALSE TRUE
Eurasian Skylark -9.6 [14.2 ;-4.7] 92 152 | FALSE TRUE
Eurasian Sparrowhawk| -12.6 F28.5 ; 6.8] 75 152 | FALSE TRUE

|
Eurasian Wren -15 [-18.6 ;-11.1] i 92 152 | FALSE TRUE
European Goldfinch 13.7 [4.7 ; 23.6] 106 | 167 | FALSE TRUE
European Greenfinch | -42.5 }46.8 ;-37.9] 106 | 167 TRUE TRUE
European Robin 59.8 [52.9; 67] 75 152 | FALSE TRUE
European Serin -3.7[14.1; 7.9] 92 152 | FALSE TRUE

European Stonechat 23.1[12.3; 34.8] 92 152 TRUE TRUE
EuropeanTurtle-Dove -25.9 [32.1 ;-19.1] 136 | 182 | FALSE TRUE

Firecrest 15.6 [4.6 ; 27.8] 92 152 | FALSE TRUE
Goldcrest -46.1 }53.4 ;-37.7] 92 152 | FALSE TRUE
Great Spotted Woodpeck 151[8.8 ; 21.4] 61 152 | FALSE TRUE

Great Tit -1.6 [5.1; 2]
Greater Whitethroat -5.6 [11.6; 0.9]
Hawfinch -17.5F33.5; 2.4]
Marsh Tit -47.7 F54 ;-40.4]
Meadow Pipit -41.4 }62.8 ;-7.7]
MelodiousWarbler -18 [[24.4 ;-11]

Middle Spotted .
Woodpecker 53.1[21.5; 93]

Mistle Thrush -3.4 [11.8 ; 5.8]
Redbacked Shrike 49.4 [32.3 ; 68.7]
Ring-necked Pheasant| -1.8[-12.1;9.7]
Shorttoed Treecreeper 13.2[6.3; 20.6]
Song Thrush 4.7 F1;10.7]
Stock Dove 102.7 [63 ; 152]
Tree Pipit -38.9 F45 ;-32.2]
Western Bonelli's Warble| 7.1 [10.9 ; 28.6]
Western Yellow Wagtail | -13.7 [27.5 ; 2.6]

92 152 | FALSE TRUE
122 . 182 | FALSE TRUE
75 152 | FALSE TRUE
75 152 | FALSE TRUE
106 | 167 | FALSE FALSE
122 . 182 | FALSE TRUE

61 152 | FALSE FALSE

75 152 | FALSE TRUE
136 | 182 | FALSE TRUE
61 152 TRUE TRUE
75 167 | FALSE TRUE
75 152 | FALSE TRUE
75 152 | FALSE TRUE
122 . 182 | FALSE TRUE
122 . 182 | FALSE TRUE
122 . 182 | FALSE TRUE

White Wagtail -4.9[12.9; 3.8] 92 152 | FALSE TRUE
Willow Warbler -44.2 545 ;-31.6] 122 | 182 | FALSE TRUE

Wood Lark 89.6 [69.4 ; 112.3] 92 152 | FALSE TRUE
Yellowhammer -49.4 [53.5 ;-44.9] 92 152 TRUE TRUE
Zitting Cisticola 515[340.3 ; 758.9] 92 167 | FALSE FALSE
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Robustness analysis

The robustness analysis consisted of comparing populatioresimaated using a subset of the
calibration dataset. For the period 202D22, EPOODF scheme collected 21 662 completed checklists

(~79% of total checklists during 202023) over 2874 sites (~74% of total sites surveyed).

Out of the 30 species whose models showed no sign of under/overdispersion ¥argsng
2021-2022 EPOODF dataset, nine species had 2@2P3 population size estimates outside of the
confidence intervals determined from 202D22. 28 species had their confidence intervals shrinked
when calibrated from the 2022023 dataset, while two species, the Eurasian Linr@arduelis
cannabind and the Cirl BuntingEfnberiza cirlyshad wider confidence intervals using the 262123
dataset. The shrinkage of the confidence interval was estimated by comparing uncertainty ranges (up

low) of the two periods.

Table S2.2 - Robustness analysis table comparing species population sizes estimated using  data
collected from 20212023 and 2022022 EPOODF schemeSpecies which 2022023 population size
estimated were outside of the confidence interval estimated using 262022 dataset are highlighted

in bold. Underlineditalic species names indicate species showing signs of under/overdispersion (Table
S2.1). Displayed population sizes correspond to estimations derived from the framework outlined in
the present paper after outliestrimming. Species without estimation using data collected by the EPOC
ODF scheme 2022022 correspond to species detected in less than 150 distinct sites.

Estimation ODF 202% Confidence | Estimation ODF 202%
Species 2023 interval 2022
shrinkage

low mean up low mean up
Eurasian Blackcap 8.6M 9.5M 10.5M TRUE 12.7M 14.0M 15.6M
European Robin 7.7M 85M 9.4M TRUE 7.4M 8.3M 9.3M
Common Chaffinch 7.2M  79M 8.8M TRUE 9.2M 10.2M 11.4M
Eurasian Blue Tit 4.7M  54M 6.3M TRUE 45M 53M 6.3M
Great Tit 49M 54M 6.1M TRUE 48M 54M 6.2M
Eurasian Blackbird 4.0M 45M 5.1M TRUE 52M 5.8M 6.5M

European Goldfinch 3.0M 4.1M 5.5M / / / /
Common WooePigeon 3.2M 3.6M 3.9M TRUE 3.4M 3.8M 4.2M
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Common Chiffchaff
Eurasian Wren
Barn Swallow
Eurasian Linnet

Coal Tit
Eurasian Skylark
Short-toed Treecreeper
Firecrest
Eurasian Jay
Eurasian Magpie
Dunnock
Song Thrush
White Wagtail
Eurasian Nuthatch
Goldcrest
Cirl Bunting
Black Redstart
Great Spotted Woodpecke
Eurasian CollareeDove

European Greenfinch

Common Nightingale
Meadow Pipit

Hawfinch
European Stonechat
European Serin
Marsh Tit
Greater Whitethroat
Eurasian Sparrowhawk
Melodious Warbler
Crested Tit
Yellowhammer

Eurasian Bullfinch

Redbacked Shrike

Common Buzzard

European Turtldove
Mistle Thrush
Western Bonelli's Warbler
Eurasian Golden Oriole

Eurasian Green
Woodpecker

(VWLPDWLRQ GHVY WDLOOHV GH SRSX
OYDLGH GH GRQQpHV GH VFL S@p@pdmnénady dfdfmdtiarS DW LY

3.1M 35M 4.0M
3.0M 34M 3.9M
1.4M 2.0M 29M
551.3K 1.7/M 5.6M
3.0M 1.7M 5.2M
15M 15M 2.1M
1.1M 13M 1.6M
962.6K 1.3M 1.8M
1.1M 13M 1.5M
900.9K 1.2M 1.8M
895.6K 1.1M 1.5M
966.4K 1.1M 1.2M
713.4K 1.0M 1.5M
831.3K 1.0M 1.3M
1.3M 980.6K 2.7M
778.7K 968.5K 1.4M
717.1K 966.4K 1.3M
752.6K 930.2K 1.2M
716.6K 903.1K 1.2M
666.0K 881.2K 1.2M
739.8K 874.9K 1.0M
237.2K 777.3K 2.9M
422.3K 747.4K 1.4M
494.2K 730.1K 1.1M

532.4K 714.8K 979.5K
440.1K 672.8K 1.1M

475.9K 613.5K 795.1K
30.2K 603.5K 7.3M

379.2K 499.1K 662.2K
312.2K 492.5K 840.5K
370.4K 453.6K 698.9K
269.1K 437.2K 1.1M

244.1K 419.9K 752.0K
270.6K 367.8K 502.2K
265.3K 344.1K 449.8K
296.2K 341.4K 417.2K
148.8K 322.5K 757.7K
244 9K 317.7K 409.3K

263.2K 316.1K 380.8K
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TRUE

TRUE
/

FALSE

3.2M 3.7M 4.3M
3.1IM 3.6M 4.3M

/ / /
1.7/M 32M 6.0M

/ / /

/ / /
16M 2.0M 25M
855.9K 1.2M 1.7M

/ / /

/ / /
971.1K 1.3M 1.8M
1.4M  1.7M  2.2M
895.6K 1.6M 2.8M
1.3M 19M 2.6M

/ / /
595.3K 798.0K 1.1M
834.2K 1.1M 1.5M
830.0K 1.0M 1.3M

/ / /
604.7K 823.3K 1.1M

/ / /

/ / /

/ / /
490.3K 783.9K 1.3M
/ / /

/ / /

/ / /

/ / /

/ / /

/ / /
414.8K 518.7K 815.6K
/ / /

/ / /
380.5K 494.0K 641.7K
/ / /
332.4K 406.5K 547.1K
/ / /

/ / /

337.4K 414.6K 509.1K
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Ring-necked Pheasant |196.1K 293.4K 434.3K TRUE 176.6K 274.4K 420.1K
Western Yellow Wagtail |276.0K 249.9K 410.5K / / / /
Tree Pipit 105.4K 195.3K 355.6K / / / /
Corn Bunting 150.1K 194.4K 254.3K / / / /
Wood Lark 153.1K 192.9K 245.2K TRUE 135.2K 201.1K 305.7K
Eurasian Kestrel 126.1K 192.5K 295.9K TRUE 148.2K 233.0K 368.5K
Common Cuckoo 129.8K 162.3K 199.9K TRUE 770.2K 1.7M 3.7M
Common Redstart 39.3K 129.8K 283.0K / / / /
Willow Warbler 34.5K 113.1K 341.6K / / / /
Common Raven 26.0K 104.4K 340.2K / / / /
Cetti's Warbler 54.3K 80.6K 124.2K / / / /
Zitting Cisticola 40.1K 64.1K 106.6K / / / /
Black Woodpecker 26.6K 44.0K 71.9K / / / /
Stock Dove 20.3K 42.0K 86.6K / / / /
Eurasian Hoopoe 25.3K 41.1K 64.5K TRUE 31.7K 52.1K 83.0K
Middle Spotted Woodpeckd 15.9K 31.1K 65.7K / / / /
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Estimates stability

(VWLPDWLRQ GHVY WDLOOHV GH SRSX
OYDLGH GH GRQQpHV GH VFL S@p@pdmnénady dfdfmdtiarS DW LY

We assessed the stability of the estimated population size, over previously known

breeding locatior

fissa & Muller, 2015

)by measuring the coefficient of variation of the two

uncertainty ranges, before and after application of the-gresliction process described in

Fig 2. Out of the 54 species with convenab¥values, eight species: Eurasian skylark

(Alauda arvensis), Cirl bunting (Emberiza cirlus), Western Yellow wagtail (Motacilla flava),

Stock dove (Columba oenas), Goldcrest (Regulus regulus), Crestetdofpihophanes

cristatug, Eurasian Bullfinch Ryrrhula pyrrhulg and YellowhammerEmberiza citrinelld

showed large discrepancies (C\B8%) between the two estimates.

Table S2.3 - A comparison of the 54 species, with converging HDS model (Table S2.1), population size
estimates before and after trimming of extreme predicted abundance values, as shown in Figure 2, and
the coefficient of variation (CV) calculated using uncertainty ranges {Upw). The CV was measured
using population size estimated over previously known breeding locations.The blue gradient is based
on the distribution quantile of the CV values with blue cell shading highlighting species with great

discrepancies between the two population sizes estimated.
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_ Untrimmed Outlier -trimmed CcV

Species
low mean up low mean up (%)
Eurasian Blackcap 8.6M 9.5M 10.5M 8.6M 9.5M 10.5M 0.0
European Robin 7.7TM 8.5M 9.5M 7.7TM 8.5M 9.4M 2.3
CommonChaffinch 7.2M 8.0M 8.9M 7.2M 7.9M 8.8M 4.7
Eurasian Blue Tit 4.7M 5.4M 6.4M 4.7M 5.4M 6.3M 0.8
Great Tit 4.9M 5.4M 6.1M 4.9M 5.4M 6.1M 0.0
Eurasian Blackbird 4.0M 4.7TM 5.6M 4.0M 4.5M 5.1M 24.1
European Goldfinch 3.0M 4.3M 6.1M 3.0M 4.1M 5.5M 16.3
Common WoodPigeon 3.2M 3.6M 4.0M 3.2M 3.6M 3.9M 1.5
Common Chiffchaff 3.1M 3.5M 4.0M 3.1M 3.5M 4.0M 1.0
Eurasian Wren 3.0M 3.5M 4.2M 3.0M 3.4M 3.9M 16.6
Barn Swallow 1.4M 2.1M 3.2M 1.4M 2.0M 2.9M 12.7
Eurasian Linnet 551.3K 1.7M 5.7M 551.3K 1.7M 5.6M 0.6

| Eurasian Skylark  [ERELY 2.3M 3.7M 1.5M 1.5M 2.1M

Shorttoed Treecreeper 1.1M 1.3M 1.6M 1.1M 1.3M 1.6M 0.1
Firecrest 962.6K 1.3M 1.8M 962.6K 1.3M 1.8M 0.4
Dunnock 895.6K 1.2M 1.8M 895.6K 1.1M 1.5M 26.5
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Song Thrush 966.4K 1.1M 1.3M 966.4K 1.1M 1.2M 9.7
White Wagtalil 713.4K 1.0M 1.5M 713.4K 1.0M 1.5M 0.0
Eurasian Nuthatch 831.3K 1.0M 1.3M 831.3K 1.0M 1.3M 0.0

| Goldcrest LY 12.0M 197.5M 1.3M 980.6K 2.7M
Cirl Bunting 778.7K 1.2M 2.0M 778.7K 968.5K 1.4M 50.5
Black Redstart 717.1K 980.7K 1.3M 717.1K 966.4K 1.3M 4.8
Great Spotted Woodpeck{ 752.6K 976.6K 1.3M 752.6K 930.2K 1.2M 14.7
European Greenfinch 666.0K 886.9K 1.2M 666.0K 881.2K 1.2M 1.3
Common Nightingale 739.8K 885.5K 1.1M 739.8K 874.9K 1.0M 3.5
Hawfinch 422.3K 779.2K 1.6M 422.3K 747.4K 1.4M 16.7
European Stonechat 494.2K 734.9K 1.1M 494.2K 730.1K 1.1M 1.9
European Serin 532.4K 730.2K 1.0M 532.4K 714.8K 979.5K 4.2
Marsh Tit 440.1K 728.9K 1.3M 440.1K 672.8K 1.1M 21.6
GreateiWhitethroat 475.9K 613.6K 795.6K 475.9K 613.5K 795.1K 0.1
Eurasian Sparrowhawk 30.2K 608.0K 7.6M 30.2K 603.5K 7.3M 2.9
Melodious Warbler 379.2K 500.9K 665.6K 379.2K 499.1K 662.2K 0.9
Crested Tit 312.2K 549.3K 1.2M 312.2K 492.5K 840.5K 335
Yellowhammer 370.4K 712.6K 1.8M 370.4K 453.6K 698.9K 87.3

‘ 269.1K 1.2M 12.4M 269.1K 437.2K 1.1M
Redbacked Shrike 244.1K 434.0K 818.4K 244.1K 419.9K 752.0K 8.7
Common Buzzard 270.6K 369.6K 516.2K 270.6K 367.8K 502.2K 4.1
European Turtldove 265.3K 346.5K 454.3K 265.3K 344.1K 449.8K 1.7
Mistle Thrush 296.2K 373.0K 474.5K 296.2K 341.4K 417.2K 27.1

Western Bonelli's Warble| 148.8K 334.4K 852.3K 148.8K 322.5K 757.7K 10.2
Eurasian Golden Oriole 244 9K 318.0K 410.1K 244 9K 317.7K 409.3K 0.3

Eurasian Green 263.2K  316.2K  381.2K | 2632K 316K  380.8K | 0.2
Woodpecker

Ring-necked Pheasant| 196.1K 294.5K 437.4K 196.1K 293.4K 434.3K 0.9

| WESCINRECICOATEGEIY 276.0K 651.1K 1.6M 276.0K 249.9K 410.5K |pNER:]

Tree Pipit 105.4K 197.0K 365.2K 105.4K 195.3K 355.6K 2.7
Corn Bunting 150.1K 196.2K 257.8K 150.1K 194.4K 254.3K 2.3
Wood Lark 153.1K 195.6K 249.9K 153.1K 192.9K 245.2K 3.5
Eurasian Kestrel 126.1K 192.5K 296.2K 126.1K 192.5K 295.9K 0.1
Common Cuckoo 129.8K 162.3K 200.0K 129.8K 162.3K 199.9K 0.1
Common Redstart 39.3K 129.8K 283.0K 39.3K 129.8K 283.0K 0.0
Willow Warbler 34.5K 113.5K 343.9K 345K 113.1K 341.6K 0.5
Black Woodpecker 26.6K 45.7K 79.5K 26.6K 44.0K 71.9K 11.0
Stock Dove 20.3K 54.9K 146.5K 20.3K 42.0K 86.6K 44.0
Eurasian Hoopoe 25.3K 41.6K 65.4K 25.3K 41.1K 64.5K 1.6
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S3 Environmental data formatting

Selection of reduced PCA axes for habitat cover
In order to limit the number of variables used to calibrate HDS models and help
model convergence (Fig S3.1), we decided to restrain the number of PCA axes for habitat

cover variables.

Figure S3.2 - Variance explained scree plot from@ass habitat cover PCA.

Explained variance varied from 23.1% to 11.6% on retained six axes (Fig S3.2). After
exploration of variable contributions and their associated map projections (Fig S3.3)
we decided to use PCA axes 1, 2 and 5, corresponding to 54.71% of explained variance, in
order to cover Forets, Urban, Pastures, Annual and Perennial crops gradients. Due to the
scheme protocol not targeting wetland birds and habitats, we decided to discard the sixth

PCA axis, which showed little to none variation across metropolitan France (Fig S3.4). This
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specific habitat is monitored through other schemes such agettends networIKMoussy et

al., 2022)

Figure S3.3 Variable contribution plots for PCA axes. Each plot corresponds to the
projection over the PCA axis in order to highlight the most influential variables.

Figure S3.4 - Projection maps of PCA axes across metropolitan France.
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Table S3.1 - Aggregation table for habitat cover using Theia O|$?Dhierion et al., 2024)at 10m
resolution.

Aggregation
0OSO clasy
Sevenclass Three-clasq
1
2 L
3 Urban Artificial
4
5
6
7
8
5 Annual crops
10
11
12
14 _ Open
Perennial crops
15
18 Pastures
13
Grasslands
19
20
21 . .
Minerals / Water bodig
22
23
16
Forests Forests
17
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S4 Distance ofobservation : barycenter proxy

For our study, we gathered data using both precise observer locations and
approximated observer locations based on the observations barycenter. In the latter case, the
observer locations were approximated usmlgservations barycenter. The goal of this
appendix is to assess if this approximation could have an effect on a posteriori measured
observation distancale subsetted our initial dataset using 15 756 lises §5% of the
global dataset) with registered GPS location of observers. From this subset, we measured the
barycenter of observations, in order to measure observation distance given the two types of
observer positions, on the same observations. A similar pattern of observation distance
distribution emerges between observer positions types (Fig S4.1A). When we estimate

differences such as :

¢L&EOPQEIAKEOPQifvgacoa

We can see (Fig S4.1B) that the distribution of observation distance differences is
slightly offset from 0, depicted as the solid red line. The average observation distance
difference is 8.01 m. This suggests that on average observation distances measured using
observers GPS locations are greater than those obtained using observation barycenters. This
average difference should be taken into account, as the lowest possible resolution during the
formation of distance bin classes, in order to limit misclassification of distance class while
using these two types of distance data. For our study, the lowest resolution used for distance

classes was for the Goldcrest (Regulus regulus) with 18m.
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Figure S4.1 - (A) Density plot of a posteriori measured observation distances given observer position
being GPSracked or approximated as observations barycenter. (B) Distribution of differences between
the two observers positions. Solid red line indicates 0 while dotted blue lines correspond to the z.5%
and 97.5% of the distribution.
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S5 Global overview of HDS framework

Hierarchical Distance samplingdDS) seeks to model spatial variation of abundance
while taking account of the detection procdi®ry & Royle, 2015) As Conventional
Distance sampling assumes perfect detec{Buckland et al., 2015)HDS relaxes this
assumption by assessing the probability that the individual is present and available for
detection during survey occasiofiSichols et al., 20093hrough multiple visits at the same
site. Considering a population following Poisson distribution with meépaat each site | =

1,2,..,1 we have the local populati / ;

() / gy 2KEOGHI.1)

Given multiple visitg (j = 1,2,..J)), at site i, the number of indduals available for

detection Oy follows binomial outomes from the local populatioh ywith probability of

availability T g

(i) Oy V $EJIKIE/=H w:(1.2)

For each site i and visit j, observers measure the distance of observation between

themselves and observed individuals.vActor of cell probabilitieséy derived from a

detection functiorp (Buckland et al., 2015assigns probabilities to distindistance bins.

Observation Uy can then be described as a multinomial outcome given the number of

individuals available for detection and its distance:

(i) Uyy /QHP EJK D& (1.3)

We used the secondary candidate set strategy (Fig S2.1) as desciibathiret al.

(2020) where each state of th#DS is calibrated from primary candidate sets (Table S5.1)
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while others are kept constant. We averaged predictions from the final candidate set in order

to obtain prediction maps and population size estimates.

Table S5.1 - Ensemble of sulmodels tested in the secondary candidate set appro

2020) Count column depicts the number of times each spincesses was included in the final
candidate sets (Figure X2 of the main text), across all studied spe€igs.or the hour effort covariate,
we used minutes from sunrise estimated from site longitude, latitude and date of lists completion.

States Sub-models Counts
~ Distance to roads 7
~ Distance to roads Froportion of artificial lands (100n] O
Detection
~ Distance to roads + Proportion of open lands (100m| 28
~ Distance to roads + Proportion of forests (100m) 37
~ Julian date 26
~ Julian date + Julian date2 33
~ Hour (*) 16
~ Hour +Hour2 19
Availability
~ Julian date + Hour 26
~ Julian date + Julian date2 + Hour 38
~ Julian date + Hour + Hour2 33
~ Julian date + Julian datez + Hour + Hour2 43
Abundance| ~ 3 Bioclimatics PCA axis + 3 Habitat cover PCA axis| 63
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6: Speciegopulation sizes comparison table

Comparison ArGeom and HDS

Table S6.1 - Results table of the 54 species with converging HDS model and their associated population
sizes, in number of breeding pairs either estimated from the number of singing male encountered or
the total number of adults divided by two, see table S2.1 for more detaUmderlineditalic red species
names (n = 8) correspond to species not used for the estimates comparison due to important variations
between untrimmed andoutlier-trimmed predictions (see, Table S2.3) not used for the estimaies
comparison.

Species habitat specialisation is derived from the FEB8det et al., 2013)Species conservation status

is derived from the IUCN red list for birds in Frafp@#ICN France et al., 2016012 ArGeom estimates

are retrieved fron1|ssa and Muller (201$population size estimates, while 2023 estimates correspond

to their actualization using FBBS trends (Table S2.1). ArGeom uncertainty corresponds to the decimal
logarithm of the difference between maximal and minimal estimated population. Shown HDS
estimates correspond to the population size over the known breeding area of the 2012 atlas, see Table
S6.2 for population size over the full metropolitan France.

"% ] e u v Vve]S5C v A Jo ]o]3C +3]Ju s SBSZE}uPZ , N }EE *%}V
in natural scales. Significant interceptE 0.05) are represented in bold, near significant intercept=%

0.1) are followed with an (*). Maximal distance of observation, in meters, represents the further
distance bin after righttruncation of 5% of extreme distance values.

Additional informations in regards to HDS calibration are indicated, such as the chosen key function (hn
. half-normal ; hr : hazareate); chosen distribution (P : Poisson; NB = Negative binomial) used for HDS
abundance model, and measure of the overdispersion parameté. (

The relative difference between HDS and ArGeom estimates (-) is represented over three
categories : (i) ArGeom estimates greatly inferior to HDS estimatés {-<-0.2) ; (ii) equivalent and

(iii) ArGeom estimates greatly superior to HDS estimate® (;»> 0.2) of ArGeom population siz2
estimations in red,beige and green cell shading respectively. ArGeom midpoints and HDS estirated
population size are expressed in pairs.
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ArGeom HDS
Species sp g(':éi‘abllitzzgtion Consstgz\lﬁtlon Midpoints un(l?;?a%ity Estimation Mean Mean Max Key _ ~ /mean
_densny detect_l(_)n distance function Mixture (%)
(ind/km2)  probability (m)
2012 2023 low mean up
Eurasian Blackcap Generalist LC 6.5M 7.1M 6.51 8.6M 9.5M 10.5M 16.21 1.00 210 hr P 1.01 i i
European Robin Forest LC 4.5M 7.2M 6.68 7.7TM 8.5M 9.4M 2751 0.76 170 hn P 1.01 i
Common Chaffinch Generalist LC 9.0M 8.3M 6.56 7.2M 7.9M 8.8M 12.99 1.000 225 hr P 1.02 0.04
Eurasian Blue Tit Generalist LC 3.2M 3.5M 6.21 4.7M 5.4M 6.3M 18.89 1.00 140 hn P 1.01 i
Great Tit Generalist LC 5.5M 5.4M 6.47 4.9M 5.4M 6.1M 17.69 0.99 210 hn P 1.04 0.00
Eurasian Blackbird Generalist LC 6.5M 6.1M 6.45 4.0M 4.5M 5.1M 7.61 0.98 290 hr P 1.06 0.29
European Goldfinch Urban VU 1.5M 1.7M 6.06 3.0M 4.1M 5.5M 12.13 1.00 125 hr P 1.02 i
Common WooePigeon Generalist LC 2.5M 3.7M 6.17 3.2M 3.6M 3.9M 12.82 1.00 295 hn P 1.14 0.02
Common Chiffchaff Forest LC 3.2M 3.2M 6.17 3.1M 3.5M 4.0M 12.24 1.000 205 hn P 1.00 i
Eurasian Wren Forest LC 4.0M 3.4M 6.23 3.0M 3.4M 3.9M 10.02 1.00 180 hn P 1.01 0.00
Barn Swallow Urban NT 1.3M 1.2M 5.89 1.4M 2.0M 2.9M 5.23 1.00 175 hr P 1.20 i
Eurasian Linnet Farmland VU 750.0K i 1.0M 5.83 551.3K 1.7M 5.6M 2.580 0.84 140 hn NB 1.17 i
Eurasian Skylark Farmland NT 1.6M 1.5M 5.80 1.5M 1.5M 2.1M 1.99 1.00 275 hn NB 1.25 i
Shorttoed Treecreeper Forest LC 1.2M 1.4M 5.90 1.1M 1.3M 1.6M 4.66 1.000 175 hn P 1.04 0.05
Firecrest Forest LC 700.0K | 809.2K 5.67 962.6K 1.3M 1.8M 3.77 1.00 115 hn P 1.01 i
Dunnock Generalist LC 1.5M 1.1M 5.88 895.6K 1.1M 1.5M 3.15 1.00 170 hr P 0.96 0.02
Song Thrush Forest LC 1.5M 1.6M 6.02 966.4K 1.1M 1.2M 3.70 0.67 330 hr P 1.10 0.36
White Wagtail / LC 550.0K | 523.0K 5.46 713.4K 1.0M 1.5M 3.93 0.77 175 hr P 1.10 i
Eurasian Nuthatch Forest LC 1.5M 1.0M 5.83 831.3K 1.0M 1.3M 3.07 0.45 240 hr P 1.10 0.00
Goldcrest Forest NT 650.0K | 350.4K 5.21 1.3M 980.6K 2.7TM 0.33 1.00 90 hn P 0.99 i
Cirl Bunting Farmland LC 300.0K | 344.1K 5.36 778.7K | 968.5K 1.4M 1.57 0.69 220 hr P 0.95 i
Black Redstart Urban LC 950.0K | 855.0K 5.80 717.1K | 966.4K 1.3M 1.30 1.00 200 hr P 1.06 i
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Great Spotted Woodpeck| Forest LC 550.0K | 632.5K 5.54 752.6K | 930.2K 1.2M 3.04 0.59 320 hn NB 1.31 i .
European Greenfinch Urban VU 1.5M | 862.5K 5.76 666.0K | 881.2K 1.2M 1.45 0.94 215 hr P 1.12 i
Common Nightingale Generalist LC 750.0K | 714.8K 5.68 739.8K | 874.9K 1.0M 2.19 1.00 305 hn P 1.12 i
Hawfinch Forest LC 80.0K 66.0K 4.52 422.3K | 747.4K 1.4M 2.02 0.340 130 hn P 1.01 i
European Stonechat Farmland NT 250.0K | 307.8K 5.09 494.2K | 730.1K 1.1M 1.230) 1.00 160 hn P 1.19 i
European Serin Urban VU 375.0K | 361.1K 5.38 5324K | 714.8K | 979.5K 1.62 1.00 155 hn P 1.02 i
Marsh Tit Forest LC 800.0K | 418.4K 5.32 440.1K | 672.8K 1.1M 1.49 0.87 130 hr P 0.99 i
Greater Whitethroat Farmland LC 1.0M 944.0K 5.75 4759K | 613.5K | 795.1K 212 1.00 185 hr P 1.08 0.42
Eurasian Sparrowhawk / LC 47.3K | 41.3K 3.87 30.2K 603.5K 7.3M 2.07 0.05 295 hn P 1.13 i
Melodious Warbler Generalist LC 675.0K | 553.5K 5.57 379.2K | 499.1K | 662.2K 1.73 0.25 175 hr P 1.08 0.10
Crested Tit Forest LC 450.0K | 321.8K 5.33 312.2K | 492.5K | 840.5K 0.29 1.00 125 hn P 0.96 i
Yellowhammer Farmland VU 750.0K | 379.5K 5.40 370.4K | 453.6K | 698.9K 0.55 1.000 230 hr P 1.09 i
Eurasian Bullfinch Forest VU 150.0K | 78.0K 4.72 269.1K | 437.2K | 1.1M 0.63 0.320) 120 hn P 1.05 i
Redbacked Shrike Farmland NT 150.0K | 224.1K 5.17 2441K | 419.9K | 752.0K 0.85 1.00 200 hn NB 1.40 i
Common Buzzard Farmland LC 160.0K | 152.3K 4.28 270.6K | 367.8K { 502.2K 1.37 0.37 450 hr P 1.01 i
European Turtldove / VU 400.0K | 296.4K 5.17 265.3K | 344.1K | 449.8K 1.09 1.00 285 hr P 1.07 i
Mistle Thrush Forest LC 400.0K | 386.4K 5.29 296.2K | 341.4K | 417.2K 0.78 1.00 410 hn P 1.13 0.12
Western Bonelli's Warble Forest LC 225.0K { 241.0K 5.21 148.8K | 3225K | 757.7K 0.17 1.00 135 hn NB 1.45 i
Eurasian Golden Oriole Generalist LC 150.0K { 173.4K 5.06 2449K | 317.7K | 409.3K 0.58 1.00 435 hr P 1.05 i
Ewgzidap”eg:gf” Generalist LC 2250K | 2075K|  5.14 2632K | 316.1K | 3808K | 117 0.69 500 hr P 109 | i
Ring-necked Pheasant / LC 205.0K | 201.3K 4.95 196.1K | 293.4K | 434.3K 0.48 0.93 380 hn NB 1.18 i
Western Yellow Wagtail Farmland LC 135.0K | 116.5K 4.63 276.0K | 249.9K | 410.5K 0.25 1.00 190 hn NB 1.25 i
Tree Pipit / LC 375.0K | 229.1K 5.18 105.4K | 195.3K | 355.6K 0.81 1.00 255 hr NB 1.09 0.16
Corn Bunting Farmland LC 300.0K | 363.0K 5.38 150.1K | 194.4K | 254.3K 0.32 1.00 270 hr P 1.17 0.60
Wood Lark Farmland LC 140.0K | 265.4K 5.06 153.1K | 1929K | 245.2K 0.82 1.000 315 hn P 1.16 0.32
Eurasian Kestrel Farmland NT 76.0K | 81.5K 4.23 126.1K | 1925K | 295.9K 0.62 0.94 310 hr P 1.05 i
Common Cuckoo Generalist LC 225.0K | 208.3K 5.14 129.8K | 162.3K | 199.9K 0.59 1.00 645 hr P 1.18 0.25
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Common Redstart
Willow Warbler
Black Woodpecker
Stock Dove

Eurasian Hoopoe

Urban

Forest

Forest
/

Farmland

(VWLPDWLRQ GHY WDLOOHY GH SRSXODWLRQ GYfRLVHDX[ FRP

LC
NT
LC
LC
LC

120.0K
150.0K
32.5K
45.0K
85.0K

137.5K
83.7K
38.6K
91.2K
77.9K

4.84
475
4.25
478
4.66

39.3K
34.5K
26.6K
20.3K
25.3K

129.8K
113.1K
44.0K
42.0K
41.1K

283.0K

341.6K
71.9K
86.6K
64.5K

0.33
0.40
0.09
0.10
0.19

0.00
0.92
0.39
0.69
1.00

Supplementary information

250
130
555
380
455

hr
hr
hn
hn
hr

NB
NB

1.18
1.36
1.02
0.91
1.01

006 |
i

i
0.74
0.62
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Estimation over metropolitan France and atlas grid filtering

Table S6.2 - Table of the 54 studied species with converging HDS model and their associated population Bizetbe current study, we restricted the area fcr

Ul 0 % @& ] 3]}vIv3iE & 8} }EE *%}Vv 5} % E AJ}pucoC IVIAvV «% [(Ibsal& MEller, POPF)Bhese ¢3timateEdre dé@cted 5 30
0}A 8Z "~ 80 « PE] _ *% vv EX

The HDS model approach used in this paper can estimate population size over geographical areas not collected during thegsaropéss, while assessirg

possible issues in regards of extrapolation, see Table S2.3 and Fig 3.), allowing estimation of bird population size okapotiteh France, under the

"D SE}%}0]8 v &E v _ *% vv EX

Population sizes are represented in the number of breeding pairs, for the HDS approach, this number is either estimatethéaramber of singing male

encountered or the total number of adults divided by two, see table S2.1 for more details. Underlitei species names (n = 8) correspond to species hot

used for the estimates comparison due to important variations between untrimmed and outtiémmed population size estimates (see, Table S2.3).

Atlas grid Metropolitan
Species ArGeom HDS (20212023 France HDS (2021
P 2012 2023 ( ) 2023)
low up low up low mean up low mean up

Eurasian Blackcap 5.0M 8.0M 5.4M 8.7M 8.6M 9.5M | 10.5M | 8.8M 9.7M | 10.7M
European Robin 3.0M 6.0M 4.8M 9.6M 7.7TM 8.5M 9.4M 8.0M 8.9M 9.8M
Common Chaffinch 70M | 11.0M | 6.4M | 10.1M | 7.2M 7.9M 8.8M 7.4M 8.1M 9.0M
Eurasian Blue Tit 2.5M 4.0M 2.7TM 4.4M 4.7M 5.4M 6.3M 4.9M 5.7M 6.6M
Great Tit 4.0M 7.0M 3.9M 6.9M 4.9M 5.4M 6.1M 5.0M 5.5M 6.2M
Eurasian Blackbird 5.0M 8.0M 4.7M 7.5M 4.0M 4.5M 5.1M 4.1M 4.6M 5.3M
European Goldfinch 1.0M 2.0M 1.1M 2.3M 3.0M 4.1M 5.5M 3.2M 4.3M 5.8M
Common WooePigeon 2.0M 3.0M 2.9M 4.4M 3.2M 3.6M 3.9M 3.4M 3.7M 4.1M
Common Chiffchaff 2.5M 4.0M 2.5M 4.0M 3.1M 3.5M 4.0M 3.3M 3.7M 4.2M
Eurasian Wren 3.0M 5.0M 2.5M 4.2M 3.0M 3.4M 3.9M 3.2M 3.6M 4.1M
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Barn Swallow 900.0K | 1.8M | 779.4K| 1.6M | 1.4M | 2.0M | 2.9M | 15M | 2.1M | 3.1M
Eurasian Linnet 500.0K| 1.0M | 673.5K 1.3M |551.3K| 1.7M | 5.6M | 633.7K| 2.0M | 6.5M
Eurasian Skylark 1.3M | 20M | 12M | 1.8M | 1.5M | 1.5M | 2.AM | 1.7M | 1.7M | 2.4M
Shorttoed Treecreeper | 900.0K| 1.6M 1.0M 1.8M 1.1M 1.3M 1.6M 1.2M 1.4M 1.7M
Firecrest 500.0K | 900.0K | 578.0K| 1.0M | 962.6K| 1.3M | 1.8M | 1.2M | 1.6M | 2.2M
Dunnock 1.0M | 2.0M | 759.0K; 1.5M | 895.6K | 1.IM | 1.5M | 989.9K| 1.2M | 1.6M
Song Thrush 1.0M { 20M | 1.0M | 2.1M | 966.4K | 1.IM | 1.2M | 1.0M | 1.2M | 1.3M
White Wagtail 400.0K | 700.0K | 380.4K | 665.7K| 713.4K| 1.0M | 1.5M | 748.0K| 1.1M | 1.6M
Eurasian Nuthatch 1.0M | 2.0M | 682.0K; 1.4M |831.3K| 1.0M | 1.3M | 899.3K| 1.1M | 1.4M
Goldcrest 500.0K | 800.0K | 269.5K | 431.2K| 1.3M | 980.6K | 2.7M | 2.1M | 1.2M | 3.4M
Cirl Bunting 200.0K | 400.0K | 229.4K | 458.8K| 778.7K | 968.5K | 1.4M | 906.3K| 1.1M | 1.6M
Black Redstart 600.0K | 1.3M | 540.0K| 1.2M | 717.1K | 966.4K | 1.3M | 742.6K|{ 1.0M | 1.4M

Great Spotted Woodpeckell 400.0K | 700.0K | 460.0K | 805.0K| 752.6K | 930.2K| 1.2M | 794.9K | 987.9K: 1.3M
European Greenfinch 1.0M 20M | 575.0K; 1.1M | 666.0K| 881.2K| 1.2M | 693.2K; 919.8K| 1.2M
Common Nightingale 500.0K | 1.0M | 476.5K | 953.0K| 739.8K | 874.9K| 1.0M | 806.9K| 955.9K | 1.1M

Hawfinch 60.0K ; 100.0K| 495K | 825K | 422.3K | 747.4K: 1.4M | 422.3K; 747.4K ;| 1.4M
European Stonechat 200.0K | 300.0K| 246.2K; 369.3K| 494.2K | 730.1K| 1.1M | 558.2K: 832.9K: 1.2M
European Serin 250.0K | 500.0K| 240.8K | 481.5K| 532.4K | 714.8K | 979.5K| 589.8K | 792.9K | 1.1M
Marsh Tit 600.0K; 1.0M | 313.8K: 523.0K| 440.1K; 672.8K; 1.1M | 553.6K; 847.9K: 1.4M

Greater Whitethroat 700.0Kk: 1.3M | 660.8K; 1.2M | 475.9K| 613.5K | 795.1K| 547.7K | 714.4K | 938.7K
Eurasian Sparrowhawk 43.1K | 515K | 37.7K | 45.0K | 30.2K | 603.5K| 7.3M | 37.0K | 725.2K| 8.8M
Melodious Warbler 450.0K | 900.0K | 369.0K | 738.0K| 379.2K | 499.1K | 662.2K| 425.6K | 564.6K | 755.5K

Crested Tit 300.0K | 600.0K| 214.5K ;| 429.0K| 312.2K | 492.5K | 840.5K| 372.8K | 591.7K: 1.0M
Yellowhammer 500.0K; 1.0M | 253.0K| 506.0K| 370.4K | 453.6K | 698.9K| 429.5K | 494.5K | 771.7K

Eurasian Bullfinch 100.0K | 200.0K| 52.0K | 104.0K| 269.1K  437.2K| 1.1M | 355.1K| 550.5K | 1.4M
Redbacked Shrike 100.0K: 200.0K| 149.4K | 298.8K| 244.1K ;| 419.9K | 752.0K| 244.1K | 419.9K | 752.0K
Common Buzzard 150.0K; 170.0K| 142.8K | 161.8K| 270.6K; 367.8K; 502.2K| 281.0K ;| 383.2K | 523.7K
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European TurtlDove 300.0K | 500.0K | 222.3K | 370.5K | 265.3K | 344.1K | 449.8K | 295.2K | 383.6K | 504.4K
Mistle Thrush 300.0K | 500.0K | 289.8K | 483.0K | 296.2K | 341.4K | 417.2K| 322.5K | 369.9K | 453.6K

WesternBonelli's Warbler | 150.0K i 300.0K| 160.7K ; 321.3K| 148.8K | 322.5K | 757.7K| 210.2K | 464.5K: 1.1M
Eurasian Golden Oriole | 100.0K | 200.0K| 115.6K | 231.2K| 244.9K | 317.7K | 409.3K| 286.2K | 377.9K | 495.7K
Eurasian Green Woodpeckd 150.0K | 300.0K| 138.3K | 276.6K| 263.2K | 316.1K | 380.8K| 274.5K | 330.3K | 398.7K
Ring-necked Pheasant 160.0K | 250.0K| 157.1K | 245.5K| 196.1K | 293.4K | 434.3K| 252.7K | 384.8K | 579.8K
Western Yellow Wagtail | 110.0K| 160.0K| 94.9K | 138.1K| 276.0K | 249.9K | 410.5K| 353.3K | 385.5K | 715.0K

Tree Pipit 250.0K | 500.0K | 152.8K | 305.5K| 105.4K | 195.3K | 355.6K| 131.2K | 249.4K | 467.0K
Corn Bunting 200.0K | 400.0K| 242.0K | 484.0K| 150.1K | 194.4K | 254.3K| 184.1K | 240.9K | 318.3K
Wood Lark 110.0K | 170.0K| 208.6K | 322.3K| 153.1K | 192.9K | 245.2K| 218.5K | 281.0K | 363.0K
Eurasian Kestrel 68.0K | 84.0K | 73.0K | 90.1K | 126.1K | 192.5K | 295.9K| 130.7K | 200.0K | 308.5K
Common Cuckoo 150.0K | 300.0K| 138.9K | 277.8K| 129.8K | 162.3K | 199.9K| 138.8K | 174.2K | 215.1K
Common Redstart 90.0K | 150.0K| 103.1K | 171.9K| 39.3K | 129.8K | 283.0K| 47.1K | 171.6K | 405.7K
Willow Warbler 100.0K | 200.0K| 55.8K | 111.6K| 34.5K | 113.1K| 341.6K| 49.4K | 178.1K | 604.0K
Black Woodpecker 25.0K | 40.0K | 29.7K | 475K | 26.6K | 440K | 719K | 29.0K | 49.3K | 82.2K
Stock Dove 30.0K | 60.0K | 60.8K | 121.6K| 20.3K | 42.0K | 86.6K | 307.4K 78.1K | 173.3K
Eurasian Hoopoe 60.0K | 110.0K| 55.0K | 100.9K| 25.3K | 41.1K | 645K | 27.4K | 46.6K | 78.2K
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HDS species parameter

Table S6.3 - Results table of the 54 species with converging HDS model and their associated population
sizes, in number of breeding pairs either estimated from thember of singing male encountered or
the total number of adults divided by two, see table S2.1 for more detalils.

Underlined-talic red species names (n = 8) correspond to species not used for the estimates
comparison due to important variations between untrimmed and outliéimmed treatment (see,
Table S2.3) not used for the estimates comparison.

Species mean density and availability estimated through HDS corresponddad Dstates intercepts

in natural scales. Species detectability)(and scale parameters, for species using hazat detection
functions are on the log scale, with higher values corresponding to higher probability of detecting
individuals at a given distance of observation. Significant estimated parametess=( 0.05) are
represented in bold, near significant interceptE 0.1) are followed with an (*).

Additional informations in regards to HDS calibration are indicated, such as the chosen key function (hn
: half-normal ; hr : hazarerate); chosen distribution (P : Poisson; NB = Negative binomial) used for ADS
abundance model, and measure of the overdispersion parameté.

. Meap Mean Key Scale Key . ~
Species density | detection | IXQFWL > Mixture
(ind/km2) | probability | parameter parameter| function

Eurasian Blackcap 16.21 1.00 4.60 1.57 hr P 1.01
European Robin 27.51 0.76 4.03 / hn P 1.01
Common Chaffinch 12.99 1.00 4.66 1.56 hr P 1.02
Eurasian Blue Tit 18.89 1.00 3.85 / hn P 1.01
Great Tit 17.69 0.99 4.19 / hn P 1.04
Eurasian Blackbird 7.61 0.98 4.82 1.56 hr P 1.06
European Goldfinch 12.13 1.00 3.35 0.91 hr P 1.02
Common WooePigeon 12.82 1.00 4.57 / hn P 1.14
Common Chiffchaff 12.24 1.00 4.28 / hn P 1.00
Eurasian Wren 10.02 1.00 4.20 / hn P 1.01
Barn Swallow 5.23 1.00 3.75 1.00 hr P 1.20
EurasiarLinnet 2.58 0.84 3.78 / hn NB 1.17
Eurasian Skylark 1.99 1.00 4.63 / hn NB 1.25
Shorttoed Treecreeper 4.66 1.00» 4.05 / hn P 1.04
Firecrest 3.77 1.00 3.73 / hn P 1.01
Dunnock 3.15 1.00 3.98 1.17 hr P 0.96
Song Thrush 3.70 0.67 4.91 1.46 hr P 1.10
White Wagtail 3.93 0.77 3.66 1.03 hr P 1.10
Eurasian Nuthatch 3.07 0.45 4.42 1.32 hr P 1.10
Goldcrest 0.33 1.00 3.55 / hn P 0.99
Cirl Bunting 1.57 0.69 4.72 1.75 hr P 0.95
Black Redstart 1.30 1.00 4.35 1.40 hr P 1.06
Great SpottedVoodpecker 3.04 0.59 4.54 / hn NB 1.31
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European Greenfinch 1.45 0.94 4.43 1.47 hr P 1.12
Common Nightingale 2.19 1.00 4.62 / hn P 1.12
Hawfinch 2.02 0.34 3.79 / hn P 1.01
European Stonechat 1.23 1.00 4.10 / hn P 1.19
European Serin 1.62 1.00 3.97 / hn P 1.02
Marsh Tit 1.49 0.87 3.58 1.10 hr P 0.99
Greater Whitethroat 2.12 1.00 4.46 1.52 hr P 1.08
Eurasian Sparrowhawk 2.07 0.05 4.40 / hn P 1.13
Melodious Warbler 1.73 0.25 4.55 1.56 hr P 1.08
Crested Tit 0.29 1.00 3.77 / hn P 0.96
Yellowhammer 0.55 1.00» 4.56 1.34 hr P 1.09
Eurasian Bullfinch 0.63 0.32 3.76 / hn P 1.05
Redbacked Shrike 0.85 1.00 4.11 / hn NB 1.40
Common Buzzard 1.37 0.37 4.96 1.43 hr P 1.01
European Turtlkdove 1.09 1.00 4.95 1.65 hr P 1.07
Mistle Thrush 0.78 1.00 4.91 / hn P 1.13
Western Bonelli's Warble 0.17 1.00 4.20 / hn NB 1.45
Eurasian Golden Oriole 0.58 1.00 5.14 1.55 hr P 1.05
Ewggﬁg‘efggf” 1.17 0.69 5.22 1.49 hr P | 100
Ring-necked Pheasant 0.48 0.93 4.81 / hn NB 1.18
Western Yellow Wagtail 0.25 1.00 4.40 / hn NB 1.25
Tree Pipit 0.81 1.00 4.68 1.53 hr NB 1.09

Corn Bunting 0.32 1.00 4.78 1.53 hr P 1.17
Wood Lark 0.82 1.00» 4.76 / hn P 1.16
Eurasian Kestrel 0.62 0.94 451 1.05 hr P 1.05
Common Cuckoo 0.59 1.00 5.46 1.40 hr P 1.18
Common Redstart 0.33 0.00 471 1.53 hr NB 1.18
Willow Warbler 0.40 0.92 4.30 1.52 hr NB 1.36
Black Woodpecker 0.09 0.39 5.15 / hn P 1.02
Stock Dove 0.10 0.69 4.89 / hn P 0.91
Eurasian Hoopoe 0.19 1.00 5.14 1.41 hr P 1.01
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Supplementary information

Comparison ArGeom and HDS estimates with German population size

Table S6.4 - Comparison of population size estimates from ArGeom and HDS approach, see more detail in table S6.1, with German popizatexiracted
from the European Red List of BirﬂBirdLife International, 202:I|)Estimated German population size relied on point count and territory mapping methods
|(Gedeon etal., 20113For comparable estimates between the two countries, we applied a coefficient computed on the ratio of countries area ~1.54

_ o German population sizes German population sizes ArGeom
Species Scientific names (area adjusted) midpoint | HDS mean /oo
. - 2023
low high low high
Eurasian Blackcap| Sylvia atricapilla | 4 650000| 6 150000 7 174047 | 9488 255| 7072000| 9 495 742 -0,29
Firecrest Regulus ignicapilly 1 250 000 1850000| 1928507 2854 191| 809200 | 1290 838 -0,46
Eurasian Blue tit | Cyanistesaeruleug 3 250 000| 4 800000 | 5014 119 7 405468 | 3545750 5441 758 -0,42
Common Cuckoo| Cuculus canorus 38 000 62 000 58 627 95 654 208 350 162 302 0,25
Corn Bunting Emberiza calandrg 16 500 29 000 25 456 44 741 363 000 194 425 0,6
Common .
Whitethroat Curruca communi§ 600 000 950 000 925683 | 1465665| 944 000 613 495 0,42
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S7: Complementargnalysis of theomparison(in response to reviewers)

For this complementary analysis, wemputed mean using ArGeom and HDS upper

bounds, instead of the midpoint and mean used in the main text (see fig 5 of the main text).
$IWHU FDOLEUDWLRQ RI WKH VDPH PRGHO GHVFULEHG LQ V
EHWZHHQ WKH WZR DSSURDFKHV" VHFWLRQ LQ WKH PDLQ V
of mean across species detection probabilities and ArGeom estimated range uncertainty than
those obtained in the main text. Compare to figure 7, in the main text, despite keeping the
significant positive effect of ArGeom uncertainty to mean variation, we see that, on average

(i.e. in terms of average detection probabilities and ArGeom uncertainty from the studied

species), there is no significant differences between ArGeom and HDS upper bounds.
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Figure S7.1 - Results from the PGLMM. (A) Confidence intervals of the model coefficient, parameters,
coefficients significantly different from O are represented in blue. Marginal effect plots of population
size estimates differences3.+»). %+~ responses are predicted over gradients of focal terms, either
species detection probabilities (B) or ArGeom reported uncertainties (C), while other covariates are
held constant at their mean. Species detection probabilities and ArGeom uncertainty are represented
on their natural scales, after inverse logit and inverse decimal logarithm transformation, respectively.
Dot-dash line corresponds to &4 .~ of O, signifying estimated population sizes convergence by ihe
two approaches, negative and positive values dfa - reflect lower and higher population size
estimates of ArGeom relative to those obtained using HDS.
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IV Chapitre 2 Développement de modele
LOQWpJUp GDQV OH EXW GYLC
OYDYLIDXQH QLFKHXVH

IV.A Contexte

Les données de sciences participatives constituent un afflux important d'informations
SHUPHWWDQW GYDPpOLRUHU OD VXUYHLOODQFH GHV SRS
SUDWLTXH GH FROOHFWH RFFDVLRQQH XQ FRPSURPLV HQ
qualité,ie GRQQpH VWDQGDUGLVpH TXL SURVSHFWH GH IDoOR
WHPSRUHOOH DILQ GYDVVXUHU OD UHSUpVHQWDWLYLWp G

UHSURGXFWLRQ HW LL OD FROOHFWH GYXQH JUDQGH

/I THVWLPDWLRQ GYDERQGDQFH QRQ ELDLVpH SDU OH ¢

ensemble d'informations permettant de dissocier les différentes composantes du processus

GLVWDQFHV GTREVHUYDWLRQV FRQRQOH&EMPRHGIMHQWH GIHRV

UHVSHFWLYHPHQW OD SUREDELOLWp TXTXQ LBELALGX VH

probabilité que les individus soient détecté&x)( voirf/H YLYDQW FDFKp $DU OfR

Cependant, on constate que sur la période de collecte2?231 le protocole EPOC a permis

OD FROOHFWH GTfHQYLURQ WURLV IRLV SOXODR{MbB&RILQWYV G

sur une plus grande couverture spat EIgL(re26r.
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Figure26: Distribution spatiale des localités (listes et sites) des dispositifs EPOC etGPBC
entre 2021 et 2023.

&THVW GDQV FH FRQWH[WH TXH SRXU OH VHFRQG FKDS

chapitre, nous avons réalisé une étude de simulation et une étude de cas sur trois régions
francaises (BourgogrlerancheComté, Normandie et Nouvellkquitaine) illustrant un
gradienten termes deroportions de données EPE@IDF et EPOC collectées / TpWXGH GH

VLPXODWLRQ D SRXU REMHFWLI GH V{DVVXUHU TXH OH PF
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correctement un ensemble de parameétres régissant le processus écologique et le processus
GTREVHUYDWLRQ GHV HVSgFHVY VHORQ GLIIpUHQWY JUDGLFE
GH FDV D SRXU REMHFWLI GH YpULILHU VXU GHV GRQQpPHYV
GH GRQQpHYVY SHUPHW G 1D H.p.OWRG&LU K HOM LHVAMIUPADMWVORGH/

répartitions de données structurées/ssimicturées.

/IHV UpVXOWDWY GH FH FKDSLWUH QRXV PRQWUHQW TX
GRQQpHV SHUPHW GH UpGXLUH OfLQFHUWLWXGH GHV HVWL
QIHVW SDV XQLTXHPHQW UHVWUHLQWH DX[ SDUDPgQWUHYV G

GHV UpSHUFXVVLRQV VXU OHV SDUDPqQWUHY OLpV DX SURFF
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Abstract

Estimating bird population sizes over large spatial and temporal scales has been a
long-time quest in ornithological science. To date, ornithologists mainly relied on the number
of individuals detected in standard point counts, with derived estimates inferred from the
proportionality assumption that actual population size represents a constant proportion of
sampled individuals. However, providing realistic estimates of species abundance requires
modelling the observation process with temporally replicated data, which is not always
possible with the increasing use of ebegger datasets from citizen science programs. Data
integration methods allow combining temporally replicated sampling at coarser spatial grains
with data collected over larger spatial extents. Here, we used Integrated Distance Sampling
(IDS) to combine national structured and setnuctured citizefbased bird surveys in France
to estimate species abundances using observation distances and accounting for temporary
emigration,i.e., the probability of individuals being detectable during sampling visits. While
our simulation study showed an overall increase in estimated model accuracy for both
ecological and observation processes with available data, without significant bias, the case
study suggests that these improvements depend on specific sampling scenarios. Integrated
models represent a promising tool for ecological science, permitting joint use of poorly

structured datasets with scakestricted structured surveys.

Introduction

Monitoring programs rely on the Essentials Biodiversity Variables (EBVs) framework,
which includes indices such as species abundance, distributions and taxonomic or genetic
diversities to assess biodiversity (Pereira et al., 2013; Proenca et al., 2017). To estimate bird

species abundance, ornithologists mainly rely upon standardised-cpaimt methods
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consisting of individual records of detected birds, either visual or auditory, over a given time
period (Blondel et al., 1981). While these observed counts can be extrapolated to unsampled
novel conditions through covariate relationships, using standard models such as GLMs
(Generalised Linear Models), these models are based on the assumption that the number of
detected individuals corresponds to a constant proportion of the sampled population across
space and time (Yoccoz et al., 2001; Thompson, 2002). However, recent studies have shown
that this assumption is not viable, due to variation in either species detectability or actual
proportion of detected species (false negative ratio), both stemming from observation error
per se (Kellner & Swihart, 2014) or because of recently changing conditions due to climate
change (Lehikoinen, 2013).

Furthermore, due to logistical and financial constraints, datkection is inherently
limited over standardisation and spatial scale t@itle even for rather welnonitored taxa
such as breeding birds in temperate countries (Devictor et al., 2010). Given the nature and
volume of data collected by standard protocols, bird ecologists must address that issue relying
increasingly on more or less opportunistic or setrnictured Citizen Science (CS) programs
(Castagneyrol et al., 2020). To overcome these concerns impeding further standardizations of
population estimates (Nabias et al., 2024), the use of repeated visits and other collection
methods, such as reports of detection distance or multiple observers, allow the combined
modelling of the distinct ecological and observation processes (Gthlleoeta, 2017), see
Box 1.

While the ecological process corresponds to species response to environmental covariate
variations through space and/or time, the observation process depicts data collection (Royle
& Dorazio, 2008) Nichols et al. (2009) descrilike observation process as the interaction of
four components; (i) the probability that the individuals home ranges overlap the sampling

units Lg (il) given Lg the probability that the individuals are present on the sampling units
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during observers visitdy; (iii) the probability that individuals are available for detection (for

instance, bird vocalisation during observers visits) dendigdnd (iv) the probability of
detection given individuals presence and detectability While Lgis assessed through
sampling design and can be inferred from specific data collection, such as detection
distances;Lpand Lz need temporal replicates to be assessed and permitted to alleviate false
negative errors (type lIl), considering a species absent at a site when undetected during list
completion (GuilleraArroita, 2017).

Ecological estimates, while explicitly accounting for these two distinct processes, require
flexible statistical tools such as hierarchical models to model the ecological process of
interest while accounting for the measurement error stemming from the observation process
(Kéry & Royle, 2015). There is a large range of adequate statistical tools available depending
on the ecological processes studied (King, 2014) from species presence/absence
(Occupancy models; MacKenzie et al., 2002), species abundaftderarchical Distance
Sampling, Sollmann et al., 201®&-mixture modelsChandler et al., 203Jand demoraphic
parameters estimatioiCormackJolly-Seber models, (Gimenez et al., 2007).

However, these types of datangry models require large sample sizes (Kéry & Royle,
2020) given the multiple estimated parameters, while also entailing the need for specific data
collection (King, 2014).

In the last two decades, CS has seen exponential growth (Sullivan et al., 2009) thanks to
the development of several online databases such as eBird (www.ebird.org), iNaturalist
(www.inaturalist.org) and GBIF (www.gbif.org) aiming to handle observation data collected
by volunteers (Bonney et al., 2009) over increasingly longer temporal and larger spatial
scales (Hochachka et al., 2012). These databases rely mostly on opportunistic data,
information gathered without sampling design or focused taxa (Soragle €018). While

the use of metadata and ad hoc filters can increase the value of collected data (Johnston et al.,
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2021), they tend to lack specificities of structured surveys, including iatrd interyear
repeated visits (Bayraktarov et al., 2019; Johnston et al., 2022).

Data integration, or the simultaneous joint analysis of an ecological process using
multiple datasets (Schaub & Abadi, 2011), has triggered a growing interest in recent years
(Fletcher et al., 2019; Zipkin et al., 2021). It is used, for instance, in the case of complex
ecological inference requiring different data sources, such as Integrated Population Models
(IPM) needing to count data as well as nest monitoring and/or banding to infer population
spatiotemporal variations and population growth parameters (Besbeas et al., 2002; Schaub,
2020); or to combine data collected at different spatial and/or temporal resolutions (Keil et
al., 2014).

Here, we focus on data collected for breeding bird atlases, depicting known
distribution and population size estimates using data collected over a short timeframe
(Donald & Fuller, 1998). In France, the previous atlas (Issa & Muller, 2015) was based on a
semiquantitative method (Roché et al., 2013). Based on extrapolating spatially the bird
species densities known from a few local areas, this approach did not formerly account for
the detection process. It therefore possibly resulted in biassed estinmdtinesich breeding
bird populations when these are compared to estimates inferred from a structured CS scheme
EPOCODF (Structured Estimation of Common Bird Population Size, see Nabias et al.,
2024). While structured schemes result in intensive data collection to colleetjuagjty
data, they inherently tend to be conducted over a rather limited spatial extenst®Setored
schemes aim at overcoming this issue to gather interpretable data while still enlisting the
largest possible number of observensl associated field data (Kelling et al., 2019). For our
study, we used datasets from both the structured CS scheme-@GPPG@nd the semi
structured CS scheme EPOC (Estimation of Common Bird Population Size), where one

scheme allows inference of the detection process through repeated isitdogble
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sampling designMackenzie & Royle, 2005while the other focus on the collection of
environmental data without repeated visits.

Recent studies have shown the potential of model integration on ecological inferences
combining data from multiple data sources for occupancy modelling (Lauret et al., 2021; von
Hirschheydt et al., 2023) and species abundance estimates (Kéry et al., 2024). Here, we relied
on a joint likelihood approach (Miller et al., 2019) expanded from the Integrated Distance
Sampling (IDS) formulation from (Kéry et al., 2024). While these authors formulated an IDS
model integrating data from unreplicated distance sampling data using point count and
detection/nordetection data, here, we aimed at calibrating an IDS model accounting for
temporary emigration, enabling distinct estimationlgfand LslLs (Mizel et al., 2018), by
using structured (temporal replicates over a few number of sites) andtsaatired datasets
(no temporal replicates over a large number of sites). We modelled species abundance using
two formulations: a Hierarchical Distance Sampling (HDS) and an IDS to test if data
integration could lead to ecological estimates improvement.

The present study includes two simulation studies as well as an additional case study.
The simulation studies aim at (i) assessing model identifiability, its capabilities to correctly
estimate upon simulated species parameters of IDS formulation over simulated structured and
semistructured datasets with and without information sharing through effort covariates
(Simulation 1AB) ; and (ii) assessing improvement of ecological estimateshrinkage of
uncertainty intervals, over simulated gradients ofcese availability, detectability and
sampling scenarios by comparing parameter posterior distribution from a HDS model
(calibrated solely on structured data) and an IDS model (calibrated over structured and semi
structured datasets: Simulation 2). The case study completes simulation 2 by using real data

collected over three French regions corresponding to distinct data collection scenarios, to
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determine whether data integration can lead to ecological estimates improvement without

leading to biases or changes in mean distribution.

MaterialandMethods

Simulated and case study datasets

Each dataset consisted of a structured dataset, with temporal replicates, andteustuned

dataset, with singheisits. Observed distance data (either simulated or real) correspond to
detection distances between observers and detected individuals, in metres, over point transect.
While we randomly generated habitat and effort covariates and the ratio of structured and
semistructured data for the simulation study, we relied on E@DE (Structured
Estimation of Common Bird Population Size) and EPOC (Estimation of Common Bird
Population Size) citizen science schemes data. These two schemes consimshieSpoint

count completed checklists, where observers are tasked to point locations of detected
individuals on the mobile app NaturaList. The distances of observation between observers
and detected individuals are measured through GIS (Geographic Information System) using

observers GPS location.
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Hierarchical Distance Sampling (HDS) [Box 1]

Hierarchical Distance sampling (HDS) seeks to model spatial variation of aburidance
while taking account of the detection process (Kéry and Royle, 2015). As Conventional
Distance sampling assumes perfect deteabiorthe line(Buckland et al., 2015), HDS cé&n
relax this assumption by assessing the probability that the individual is present and available
for detection during survey occasions (Chandler et al., 2011) through multiple visits at the
same site. Considering a population following Poisson distribution with rAga each site
i =1,2,..,1 we have the local populatidn;

| (12 KEOGKJ

Given multiple visity (j = 1,2,..,Jd), at site, the number of individuals available for
detection Oy follow binomial outcomes from the local populatidngwith a probability of
being exposed to samplingg. available,T

Owl$ EJIKIE/=H w;

For each sita and visitj, observers measure the distance of observation between
themselves and observed individuals. A vector of cell probabilidgsderived from a
detection functiorf (Buckland et al., 2015), assigns probabilities to distinct distance bins.
Observation Uy can then be described as a multinomial outcome given the numkber of
individuals available for detection and its distandgg

Ugl/QH P E J KKDG&I 08 ERy L B: Ty,
In our study, we considered lalf-normal model, with a paramete@(for the detectior
function.

Buckland, S.T., Rexstad, E.A., Marques, T.A., Oedekoven, C.S., 2015. Distance Sampling: Methods and Applications, Methods ir
Statistical Ecology. Springer International Publishing. https://doi.org/10.1007/978-319-192192

Chandler, R.B., Royle, J.A., King, D.l., 2011. Inference about density and temporary emigration in unmarked population§cology
92, 14294.435. https://doi.org/10.1890/1@433.1

Kéry, M., Royle, J.A., 2015. Applied Hierarchical Modeling in Ecology: Analysis of distribution, abundance and species richsein
R and BUGS: Volume 1:Prelude and Static Models, 1st editon.ed FDGHPLF 3UHVV $PVWHUGDPx %RVWRQ
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Simulation study 1: Model identifiability

To assess model identifiability, we simulated 3000 datasets using a set of parameters
1 440125 dspecies availability in the case of structured datasetg),j(species availability in
the case of senstructured datasets, (detectability), U, (mean abundance) and coefficients
(J and (U, over covariables:(y 8; 7 effects on availability and detectability respectively,
collected at sitesduring visits;j.

Each dataset comprised a simulation of 200 sites with 9 temporal replicates
(structured dataset) and 1000 sites with shwigés (semistructured dataset) over one season

(Fig 1). For the data simulation of 1A, we considered that covariate8; (75 did not affect

species availability and detectability by considerityand (J equal to 0. We included them
in simulation 1B (Eqg. 1) to assess if the transfer of information through data collected by the

two datasets could impact the model identifiability.

A Z %y L U,

“HK ®ER aacdl Tassiaagk 00y
A HKEEROL 744 E 008

o) Z'k@xol & EUU7y

(Eq 1)

We used an altered version of the function simHDSopen Abibook(Kéry et al.,
2023) to simulate the datasets. All models were calibrated using JAGS 4.3.1 (Plummer, 2003)
throughjagsUl (Kellner & Meredith, 2021) R package, while MCMC samples were retrieved
usingmcmcoutpufJuat et al., 20225ee appendix S1 for MCMC parameters and priors used

for simulation and case study.

Simulation study 2: Integrated datasets and sample sizes

We assessed inference improvement through data integration by comparing estimated
parameters obtained from a HDS model, calibrated using only structured datasets, with those

estimated using the IDS formulation of simulation 1B. We used the same set of parameters
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from simulation 1 while varying the number of sites of the structured dataset from 50 to 300
and the structured/sesstructured ratio surveys from 1 to 6. The choice for delimiting the
number of structured sites and ratio is based on our case study, see figure 2 and appendix S2.
Inference improvement was associated with a shrinkage of uncertaityeduction of the
span from the 95% posterior distribution of estimated paramei€rsdible intervals CRIS).
Here is the pseudo-Byntax of the model:

HK®4+OK@AR=N=IAEANEE EO>KBOPNQ? ROENEN® @ AH

U=@ OQMPIEB A8 P N Q ? RADANPA-@

We calibrated a logormal linear model for assessing CRIs shrinkage usiadel
formulation usedi(e, HDS or IDS), parameters estimatet) & 44,45 8, AJA). As we
expect that the model formulation could benefit from the number of input data, we also
included an interaction between the model formulation and the simulated sampling design,
i.e. the ratio of semstructured sites.

To assess robustness, we used a bootstrap incrementation analysis on the signal across
various scenarios. Using all simulations resulting in converging models for both IDS and
HDS formulation, we systematically varied the amount of information used to calibrate the
log-linear model, by incrementing the number of simulation outputs in steps of 100. For each
subset, we conducted a resample of size 300 to compute confidence intervals. See appendix

S4 for more details and the robustness analysis.
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Fig 1: Schematic representation of the simulation study design. We simulated 3000 datasets (structured and seni
structured) using the same set of simulated parameters across the two simulation studies. We simulated distinct
detection probabilities Dyg.._.»and Dy, . for each sampling design aiming to mimic a protocol effect. For th:

eco—Zf—c'e o——1t> s & ™t tcteio <o Z—11 ...*" fhafd detectdbility.(»). ‘"1 fTf<Zf,<Zc—>
Case study

We used data from 31 bird species collected during their breeding season over 2021
2023 across three French regions (BourgegrmamcheComté, NouvelleAquitaine and
Normandie). These regional datasets differ in terms of data quantity, allowing to test multiple
habitat gradients scattered in France while depicting a diverse distribution of structured and

semistructured data collections (Fig 2.).
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Fig 2: Spatial distribution of structured sites (EPOC -ODF) and semi-structured lists (EPOC) over selected
French regions (Nor : Normandie ; NvA : Nouvelle -Aquitaine ; BFC : Bourgogne-Franche-Comté).

For the EPOC scheme, there are no spatial constraints nor obligation to carry repeated
visits, whereas, for EPQODF, survey locations are randomly selected from a systematic
grid and have to be visited three times during the breeding season, each session consisting of
three successive-finute point counts. For the sestructured dataset (EPOC), we applied a
spatial filter to select EPOC lists collected at least two kilometres away from sites with
temporal replicates (EPOGODF) and other EPOC lists, see Appendix S2. For each species,
we calibrated a HDS model, using only data collected by the EBDE schemes and an
IDS model using data collected by both schemes.

Bird species selection was based upon targeted species from the two schemes (Nabias
et al., 2024) and had a sufficient number of observations, at least detected once over 20
distinct EPOGODF sites, in each region. We applied a temporal filter that considered both
observed bird activities during the breeding season and expert knowledge to define the

breeding phenology of each targeted species and exclude possible early or late migrants. For
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each targeted species, we applied a gitié¢ truncation of 5% over the observation distance

to remove extreme distance values for model robustness (Buckland et al., 2001).

FEig 3: Directed acyclic graph (DAG) representation of the model and its parameter. Observed and latent
variables are represented using solid squares and dotted circles respectively. Arrows depicted links between
parameters and covariates. Estimated coefficients are depicted on the side of covariates. We include the
protocol origin as a categorical covariate, represented by a red box, solely for the IDS model. Each sub -
process is represented by distinctive colours and pictograms, from left  -to-right and up -to-down we depicted
processes (i) describing variation of species abundance across space in relation to habitat covariates; (ii)
representing sites' probability of being considered unsuitable for modelled specie; (iii) assessing species

probability of being exposed to sampling occasions and (iv) depicting species probability of being detected
given its observation distance.

We modelled the population of a siteusing a Zeranflated Poisson of parametéi
(Fig 3):
| (12 KE 0@ ERy L 80isF fig
Species abundance paramet&j) (vas modelled using reduced habitat (Thierion et

al., 2022) and bioclimatic (Fick & Hijmans, 2017) covariates obtained through PCA (Nabias

et al., 2024).

7 .
Z'%; L GEl pU=>EP2P@E[ () U$EK?HE DoRPEGE O
0as oas

Zeroinflated Poisson componenti{y corresponds to site suitability depicted by a
Bernoulli process with the probabilitye of a being considered unsuitable. We modelégd

in regards to site ecoregioasas a categorical variable (IGN, 2011) and its spatial continuity
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(Guetté et al., 2021). We also included a site random effect for abund‘ﬁﬁ@bééhnd site
suitability (Y= ey ¢
ALSANIK@HHE

1]
HKCaGR & EI (BOU?KNAGEKU5L=PRKBPER@HPF®

O@b

We modelled the probability of an individual being available for detectibgy (using
covariates such as hour from sunrise and Julian date with quadratic effect to represent birds
phenology across the breeding season. For the IDS model, we included a categorical
covariate regarding to the scheme associated with the observati§# (

HK KEgoL T,EGU& U EGU&ALEG U*NOQE § U* N0 @f E YREOUB

E Y? eounRn
For the species detectability, we used a-halimal detection function with parameter

(éw, where we modelled observers detection probabilities in regards to observed distances
using categorical variables describing the habitat over four categories (Agricultural, Forest,
Open and Urbamlabias et al., 2034as well as the distance between their positions and the

nearest road (Cote et al., 2020)e considered two distinct intercepts for each dataset.

8
7' W@xol  EVGEGIKR@GET (KLOUOA=B>ERE YL E ©%2¢
o@s

For species availability andetectability; we accounted for the study design of the
structured dataset by implementing random effects over each se:*@%ﬁ Qﬁ‘d Yi2)while
also adding observers random effect, as one observer can partake in both CS schemes
(Y9 ¢ dhtl v; 9

After retrieval of HDS and IDS models output, we calibrated anlognal and a
linear model for assessing CRIs shrinkage and shift in mean estimated parameters

respectively. We calibrated linear mixed effect models using Ime4 (Bates et al., 2015) to

170



&KDSLWUH 'PYHORSSHPHQW GH PRGQqOH LQWpJU|
GH OYDYLIDXQH QLFKHXVH Article

include nested random effects over species and studied regions, while having estimated

parameters and an interaction between model formulation and studied regions as fixed

variablesHere is the pseudo-Byntax of the model
Z'%4+O0K@AMACEKI=N=1APANGLA?BMTEK]J

We usedemmeanglLenth et al., 2024)o estimate marginal means for the dogear
model and pairwise post hoc multiple comparisons of estimated marginal means from the
linear model. For the case study analysis, we remmlféb‘?(%and (L'P()‘?parameters from
comparison as folPPELVQIW HVWLPDWHG IR Paraietersvapi®iGdicds D Q G
studied regions.

Out of the 31 studied species, we excluded fepecies: Ringhecked Pheasant
(Phasianus colchicys Eurasian Jay Qarrulus glandariuy, Eurasian Blackcap Sfylvia
atricapilla) and Eurasian CollareDove (Streptopelia decaocjp due to model non
convergence,e. one of monitored parameters wi Q s& of either HDS or IDS model in

at least one of the three regions.

Results

Simulation study

Simulation study 1

For the first simulation study, out of 3000 simulated datasets, we had 2266
converging models (75.5%) for simulation 1A and 2865 (95.5%) for simulation 1B. When we
include covariate coefficients and allow information sharing between the two datasets (0.86
and 0.84 for simulation 1A, 0.97 and 0.95 for simulation 1B; Fig 4), there is an increase in R?

values fori 4a,ia32@Nnd 1 45,7 There was no change in R? value ®between 1A and 1B,

while U, estimated parameters were more centred on the simulated values in simulation 1B
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(Fig 4). IDS model calibrated for simulation 1B also showed signs of identifiability for

coefficients Uand ((Fig S3.1).

Fig 4: Identifiability plot of converged model for the simulation study 1 for O, Bupe.—<i Dupa 1y Ygand their
associated linear regression (dotted red line) R2? values. Results for the model without information sharing
between the two datasets through »and ¥are shown in the first row ( i.e. Sim 1A), while results for the model
with shared information are shown in the second row (Sim 1B). Accurate parameter identification is
represented by a dotted blue line. The Ygparameter is depicted as a histogram of estimated values, as we
Teteim “f7" <= f.." 0s eco—7f—c‘eed

Simulation study 2

Out of 3000 simulated datasets, we had 2884 (96.1%) converging models using HDS
formulation and 2877 (95.9%) converging models using IDS formulation. We see a slight
increase of the R2 value for identifiability f44,14 4 gf@r IDS model and no changes for O
and O (See appendix S3.2). IDS model shows a sign of identifiabilityi fgy, ( R2 = 0.93).

There were no shifts between mean estimated parameters and their simulated counterpart for
U, T4s1aa08 Uand ((Fig 5).

The loglinear model was calibrated using output summaries from 2787 simulated
datasets resulting in converging models for both HDS and IDS formulation. We obtained a
considerable reduction of CRIs span across all estimated parameters for IDS models (Fig
6.a). Overall, IDS and HDS models produced narrower CRIs for available and more easily
detectable species, however, the IDS model produced narrower CRIs, for equivalent species

availability-detectability profiles simulated (Fig 6.b) than HDS. The numbestafctured
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sites,i.e. including temporal replicates, was correlated with a reduction of CRI span for both
models (Fig 6.c), although IDS model CRI reduction was also correlated with an increasing
proportion of semstructured sites added to the calibration dataset (Fig 6.c). While the
increasing proportion of semstructured sites added to the calibration dataset had no
substantial effect on the HDS model, we found an important correlation to a CRIs reduction
for the IDS model (Fig 6.c; see appendix S4 for robustness analysis of the signal across

incrementation).

Fig 5: Boxplot of differences (simulated - estimated) across mean estimated parameters for HDS and IDS
models. Each parameter is represented in their respective scale (log or logit). Accurate estimation, i.e. no
shift, is depicted by the dotted line.
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Eig 6: Marginal plot the simulation study 2 representing credible intervals (CRIs) span obtained from HDS
and IDS models over 2787 simulations where both models converged. (a) Average CRIs and their associated
bootstrapped confidence intervals (Cls), depicted by vertical density plots, over simulated parameters. (b)
CRIs average responses and Cls over simulated species availability ( Byg.._.) and detectability ( 19
continuums on natural scales. Species availability averaged across multiple classes (0.05,0.25,0.5,0.75 and
0.95 detection probability) are depicted by colour -graded lines. (c) CRIs average responses and Cls over
multiple data collection cases. Proportions of semi -structured data (without temporal replicates) averaged
over three classes (1,3 and 6) are depicted by colour -graded lines.

Each dot (a) and line (b -c) corresponds to a model response from a bootstrapped resample of the considered
subset (humber of used output data = 900, see appendix S4 for robustness analysis of the response signal),
allowing visualisation of the response signal Cls.

For comparison between HDS and IDS estimates accuracy, we plotted CRIs responses, grey ribbons, for the
case of simulated species with high mean detectability ( 1= 200m) and high probability of being available
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(Dygp..—»= 0.95; B) surveyed over 100 sites with temporal replicates and six times the number of semi

structured sites (c), depicted with vertical lines. The Lower and upper bounds of the rectangles correspond to
minimal and maximal estimated means CRIs values.

Case study

Marginal effect plots from the letinear model (Fig 7) showed that Credible Intervals
(CRIs) were slightly wider for NormandieNér), the region with less structured sites and
semtstructured sites than Nouvelfguitaine NvA) and BourgogndérancheComté BFC),
regions with a larger number of sestructured sites (Fig 7). While there were no significant
differences (no overlap of marginal response confidence intervals) between HDS and IDS
CRIs for NvA and Nor, CRIs from IDS calibration were significantly narrower than HDS
ones for all estimated parameter8iRC. Pairwise comparison of marginal means showed no
signs of significant (fvalues> 0.5) differences between HDS and IDS mean estimated
parameters across all monitored parameters and studied refppasedGVIFs (Generalised
Variancelnflation Factor; Fox & Monette, 1992), measured usiagR package (Fox et al.,

2023), are less than 4, showing no signs of multicollinearity for the terms used in each model.
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Eig 7: Marginal effect plots of CRIs spans of estimated parameters and their associated Cls, in regards to the
model (IDS in blue and HDS in red) and French regions (Nor: Normandie; NvA: Nouvelle -Aquitaine and BFC:
Bourgogne -Franche-Comté. Results for parameters associated with site abundance, site suitability, species
availability and species detectability are represented from top to bottom respectively. In each row,
coefficients are depicted to the left of the vertical black line, while intercepts are represented on the right, for
species detectability we depicted the intercept (1) as well as its associated categorial effects ( »¢, ).
Significant gaps of averaged mean estimated parameters between models are highlighted with an asterisk.

Discussion

The present work brings new evidence that Integrated Distance Sampling (IDS) models
can accurately identify parameters of a complex ecological process and expand their
application accounting for temporary emigration. Moreover, it also shows that data
integration improves ecological inference, through the shrinkage of credible intervals (CRI)
span, for all parameters of the studied ecological process, across multiple sampling design
scenarios and species availabditgtectability continuums. The results iiathe case study

further strengthen the simulation study, by showing that this shrinkage of CRI span without
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significant variations of estimated mean parameters depends on the ratio of structured and
semistructured data used for each case study.

In recent years, there has been an increase in the interest for integrated models
(Fletcher et al., 2019; Zipkin et al., 2021) due to their efficiency at reducing potential biases
inherent to a single dataset (Zipkin et al., 2019) and allowing reliance on automated and non
invasive data collection methods (Doser et al., 2021; Pavanato Julido, 2021). It is worth
noting that data integration through joint likelihood (Dietze, 2017) still has potential
drawbacks when temporal and/or spatial mismatches, corresponding to discontinuity between
dataset timeframes and spatial heterogeneity, are unaccounted for. Such mismatches could
lead to biased inferences where the sampled timeframes and/or regions don't correctly
represent the ecological process of interest (Powney et al., 2014, Isaac et al., 2020).

Here, we simulated an unbiased collection of environmental covariates across
nationatscale habitat gradients for the structured and stémctured datasets, which can be
misrepresentative of citizen science spatial sampling bias (Johnston et al., 2020). For the case
study, we accommodated these mismatches by using data collected over the same timeframe,
20212023, and applying a spatial filter over the satnictured dataset based upon the 2x2
km systematic grid resolution of the structured scheme. This resulted in an important
decrease in available data from the ssmmictured dataset (see Appendix S2) that could be
resolved through random effect (Zipkin et al., 2021). In our case, we could consider distinct
spatial subsets of the sestructured dataset and implement them into a random effect

structure encompassing the modelled-putcesses of the integrated model.

While hierarchical models offer a viable option to disentangle variations due to the
observation process from the variations originating from the ecological process of interest
(Guillera-Arroita, 2017), the tradeff between data specificities and data quantity can limit

their applications. Data integration corresponds to a valuable option to increase the number of
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available data to help calibrate such models. In this study, we integrate two datasets with
similar sampling guidelines akin to a dousi@mpling design (Mackenzie & Royle, 2005).
Data integration needs to account for integrated sampling schemes dissimilarities, e.g.,
variable species availability in regards to list duration between standardised schemes and
nonstandardised schemes with varying durations (Kéry et al.,, 2@tjons to calibrate
integrated hierarchical models exist in a frequentist framework (Kéry et al., 2024) allowing
fast computation. However, given the types of available data and ecological processes of
interest, data integration is prone to rely on Bayesian frameworks. Bayesian computation is
based on Markov Chain Monte Carlo (MCMC) techniques which are computationally high
demanding (Dorazio, 2016). Novel approaches exist such as Bayesian emulation or
Integrated Nested Laplace Approximation (INLARue et al.,, 2017; Fer et al.,, 2018)
allowing efficient computation and facilitating implementation of spatial components

(Blangiardo et al., 2013).

Integrated models could represent a great tool for rmacotogy related studies,
spanning across large spatial scales (Zipkin et al., 2021) or requiring multiple institutions
coordinating data collection (Navarro et al., 2017; Silva del Pozo et al., 2023). It could be
used, for instance, in the study of bird populations across Europe from tHeuRgrean
Common Bird Monitoring (PECBMS), which gathers data from point count, line transect, or
territory mapping schemes across 28 countries and varying nuoftfeklworkers (Brlik et
al., 2021), while taking account of country discrepancies in sampling design, sampling effort
or varying starting period that could alter estimation of lemn trend (Duchenne et al.,
2022). The joint analysis of multiple data sources could represent a substantial increase in
data availability for the study of cryptic species (Martin et al., 2023; Twining et al., 2024),
the use of data collected upon schemes lacking désiged methodology (Farr et al., 2024)

and improve asseasent of migratory patterns over large spatial scales (Meehan et al., 2022).
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It represents an influx of data for the estimation of an ecological process of interest (Zipkin et

al., 2021), that could potentially alleviate the sampling effort of robust design. However, we
UHFRPPHQG FDUHIXOO\ DVVHVVLQJ EHIRUH WKHLU LPSOF
designs aiming at data integration are still capable of estimating targeted parameters of the
whole ecological process or only partially, using power analysis (Gu#le@ta & Lahoz

Monfort, 2012) and assessment of the overall integrated model identifiability via simulations

(Ogle & Barber, 2020).

Our results highlight the benefits of relying on statistical frameworks such as
Integrated Models capable of improving estimates accuracy through expansion of usable data
collected from structured and sestructured surveys. While our simulation results showed a
constant reduction of estimates uncertainty, results from field surveys in three distinct French
regions, depicting distinct ratios in quantity of structured and-semnctured data, showed
that this improvement is caslependant and significantly reduced estimates uncertainty with
a low quantity of structured data and high quantity of ssmuictured data. While we
advocate for thorough planning before sampling, this suggests that Integrated Models could
represent a conceivable alternative in case of insufficient collection from structured surveys

and could also greatly benefit from data collected by citizen science schemes.
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IV.C Supplementary information

S1I MCMC parameters and priors

Simulation studies (1A, 1B and 2)

MCMC parameters

Iteration: 30.000
Burn-in: 10.000
Thin: 40
Chains: 3

Range for species parameter generation

Taiaagh 7:13;
Taai 1 71 &;
Ul 7:Fta;

Ul 7:Fta;

Specific for the simulation study 2:

Number of structured sites (with temporal replicatgs)’ :w @@ w r, dounded to the first
decimal.

Ratio of semistructued lists and structured sitgs 7 : s&;

MCMC Priors

W17:r&r;and G L 72 %S

& 17:réavrrandé L 7' %;

Waasiaaod 7:r&;and T aasiaaohk 2 %®miaaza

Waoi L 7:r&;and T 4.1 L 7 %001

UiLo:rér;

MOo:r&r;
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Case study

MCMC parameters

Iteration: 350.000

Burn-in: 175.000

Thin: 35

Chains: 4

Priors

Abundance

B10:r&r;

I 1)=11=s&;

0 Oearokr4 “Qwithi corresponding to sites

U, . 10:r&r;

Suitability

€81 7:r&;and é, L 7' %oéf:
i 1)=11=:s8;
weisoka o

UL0:r&r;

Lﬁ %i 0:r & r;, with e corresponding to the number of ecoregions

Availability

W 17:r&andi, L Z* %o

G gl0:r&r;

POf0:r&T;

YW eOVB:raQeOY%ith o corresponding to observers
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Y0 eoPf rqaQeons
Y2 O¥B :r a9 € 08%ithj corresponding to visits occasions

j0e0UDeOLf 060V = || = :5F;

Detectability

& 17:rddavrrandé L 72 %,
Ul0:r&r;

R310:r&r;

Y240:raz92¢
¥290:razoce
YsP10:raz%¢

i22¢:9and 1528 )=11= :s&;
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S2 Semistructured dataset spatial filter

Fig. S2.1 Example of the spatial filter in Bourgogne -Franche-Comte region for the Blackbird ( Turdus merula ).
Observation datacollected by birders across the breeding season spanning from
March 1st to June 31th. For mountainous regions, a slight shift later in the season is
considered (late March to late JulyNe first apply a filter over collected lists to target
species phenology (available in reproducibility shared data). Spatial filters are specifics of the
semistructured dataset (EPOC). We first select all EPOC lists over 2 kilometres distances of
structured dataset (EP@QDF) sites. From this first selection, we subsampled EPOC lists
spaced by at least 2 kilometres, the resolution of EPDE sampling design (Appendix S1
Nabias et al., 2024)laking the example of the blackbird, prior to spatial filtering, we had
10,670 EPOC lists and 211 EPE@IDF sites and ended up with 1,385 EPOC lists and 211

EPOCODEF sites, a reduction of 87% of EPOC usable data.
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S3 Simulations identifiability: Complementary figures

Simulation 1B: Coefficients identifiability

Fig S3.1 Simulation 1B identifiability plot for availability ( %% and detectability ( ») coefficients and their
associated R2? values.

Simulation 2: Identifiability

Fig S3.2 Identifiability plot for the simulation study 2 for Bupe.—s Duge 1y Ygpand their associated linear

regression (dotted red line) R2 values. Results from the model using only structured data (HDS) are shown in

the first row, while results for the model using both structured and semi -structured data (IDS) are shown in

the second row. Accurate parameter identification is represented by a dotted blue line. The Ygparameter is

Tt c..—fT fo f Sco—'%o"feo " Fo—cof—tT "fZ—%ed fo ™F fTctoiz "f"> «— f.." eslecoe—Zf—<'e
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Fig S3.3 Simulation 2 identifiability plot for availability ( % and detectability ( ») coefficients and their
associated R2? values.
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S4 Simulations study 2: Robustness analysis

The robustness analysis was based upon converging models (n = 2,787), for both
HDS and IDS formulation. From this original pool simulated parameters estimated
parameters posteriors distributions associations, we subsampled the quantity of data used for
the loglinear model. Signal perseverance was assessed through incremental increases in the
guantity of data used, using steps of 100 (total of 28 increments step, the final 28th step using
all available data). We performed 300 resamples at each simethe two following
figures, we plotted marginal plot, prediction of the Credible Intervals (CRIS) span response
DFURVV VSHFLILF SDUDPHWHUV GHSLFWHG LQ WKH PDLQ \
6LPXODWLRQ VWXG\ , QWHJUDWHG GDWDVHWY DQG VDPS

used 2787 simulation outputs with converged IDS and HDS models.

These plots highlight signal perseverance of the CRI span diminution despite changes
in the number of data included in our increment bootstrap analysis. We limited the number of
available data to 500 (1/5th of total data) for the first plot and 1500 (3/5th of total data) for
the second plot. As a reminder, figure 6, in the main text, used 900 output simulations for

each resamples.

For each plot, we see in (a) average CRIs and their associated bootstrapped
confidence intervals (ClIs), depicted by vertical density plots, over simulated parameters. (b)
CRIs average responses and Cls ovenukited species availability 1(a,i458 aand
detectability (€, continuums on natural scales. Species availability averaged across multiple
classes (0.09).25,0.5,0.75 and 0.95 detection probability) are depicted by cejoaded
lines. (c) CRIs average responses and Cls over multiple data collection cases. Proportions of
semtstructured data (without temporal replicates) averaged over three clas3es16) are

depicted by colougraded lines. Each dot (a) and linecjbcorresponds to a model response
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from a bootstrapped resample of the considered subset. For comparison between HDS and
IDS inferences accuracy, we plotted CRIs responses, grey ribbons, for the case of simulated
specieswith high mean detectability & = 200m) and high probability of being available

(7 4a01aa% 0.95; B) surveyed over 100 sites with temporal replicates and six times the
number of semstructured sites (c), depicted with vertical lines. The Lower and upper bounds

of the rectangles correspond to minimal and maximal estimated means CRIs values.
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V Chapitre 3 Effet de la non prise en
compte GX SURFHVVXV GYREV
OfHVWLPDWLBRWivESitQGLFH |

V.A Contexte

OrPH VL OYDERQGDQFH GI1XQH HVSqgFH HVW XQ LQGLFt!

ELRGLYHUVLWp /fpWXGH GHV FRPPXQDXWpV VH GplLQLW
décrivant la diversité,e. pluralité taxonomique, phylogénétique et fonctionnelle des especes
OfYDERQGDQFH UHODWLYH DX VHQV GH OD SURSRUWLRQ

QRPEUH WRWDO GYLQGLYLGXV FRPPH LQIRUPDWLRQ VXSSC

caractéristiques morphologiques et comportementales spécitigigese 27| Solymaos et al.,

2018. Ignorer ces difféerences pourrait biaiser considérablement les estimations des indices
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Figure27 : Ensemble des éléments affectant la probabilité de détection des espéces. lllustration
dans le cadre de modeéles hiérarchiques de communauté. On peut considérer la détectabilité
PR\HQQH FRPPH pWDQW XQ WUDLW VSpFLILTXH GpFULW SDU (
et la rareté des especes. La figure représente la distribution des probabilités de détection de deux
RLVHDX[ LVVXV GTXQH PrPH FRPPXQDXWp VHORQ GLIIpUHQWYV

Au sein des précédents chapitres, nous avons précisé dans quelle mesure les
HVWLPDWLRQV GYIDERQGDQFH SRXYDLHQW rWUH QpJDWL
GfREVHUYDWLRQ QfYfpwWDLW SDV SULV HQ FRPSWH  FL C
GLYHUJHQFHYVY GH SOXVLHXUV LQGLFHV GH FRPPXQDXWpV

GIREVHUYDWLRQ /fpWXGH VH EHPY Hui¥ Xdvi & plusieGrR @pQigesl V G X

FKDSLWUH QRXV DYRQV UpDOLVp XQH pWXGH GH VLPXOI
simulation nous a permis de vérifier que les modéles développés parvenaient a correctement

HVWLPHU OHV SDUDPgWUHV GHV SURFHVVXV pFRORJLTXHYV

198



&KDSLWUH (1N'1HW GH OD QRQ SULVH HQ FRPSWH ¢
OTHVWLPDWLRQ GTLQGLFH GH ELRGLY HOdoMeX® p

Nous avons ensuite utilisé les modeéles sur les données du-EPS8E@&ntre 2015 et 2023 sur

XQH FLQTXDQWDLQH G HVSgqFHV GYRLVHDX[ SULQFLSDOHPE

/HV UpVXOWDWVY GH FH FKDSLWUH PRQWUHQW TXH
FRPPXQDXWpV FDOFXOpV | SDUWLU GYDERQGDQFH QH Sl
GYREVHUYDWLRQ VRQW ELDLVpV /fpWXGH GH VLPXODWLRC
ORUVTXH OfLQGLFH GH FRPPXQDXWp W\SLTXHPHQW IRQFV
VSpFLDOLVDWLRQ j OJKDELWDW HVW FRUUpOp j OD GpWt
LQGLFHVY GH FRPPXQDXWpV HVWLPpV HQ FRUULJHDQW RX
PRQWUH XQ ELDLV JOREDO GDQV OfHVWLPDWLRQ GHV FRP

fonctionnelle des communautés.

Travail en cours

/HV UpVXOWDWY HW FRQFOXVLRQV GX SURFKDLQ FKDSLWUL
ce chapitre doit se faire en tenant compte du fait que les points suivants sont envisagés pour la versic
Il est prévu de faire passer le nombre de communautés dans la simulation de 60 a 300. Dt
nombre d'especes par communauté passera de 10 a 15, dans le but de rendre les commui
comparables a celles observées par le SEBS.
/H QRPEUH GTLWpUDWLRQV FKRLVL SRXU OHV 0&0& GH\
VXIILVDQW J/HV UpVXOWDWY SUpVHQWpPV SURYLHQQHC
DXJPHQWHU FH QRPEUH GYLWpUDWLRQV
IMTPWXGH GH FDV D pW gensgmbl® tleg plohn¥es dispoQiblesRipaye aléatoire de
FDUUpV 672& VXU OTHQVHPEOH GH OD SpULRGH WH
sites, et donc affiner le gradient environnemental.
AXDWUH HVSgFH |j VDY RL WHiruedpKustick, QeGridud@ir@t-hold KpuvdrapdsXad
buse variableRuteo butepetle faucon crécerelleFalco tinnunculus RQW pWp H[FO!
de cette article et YRLU OHV HVSQgFHV JULVp H[xSu@IBr@e‘vita@ﬂrm)B]&H*ﬁ
SRXUUDLHQW rWUH j OTRULJLQH GH ELDLV GDQV OTXQ
Index; CDI) qui estime les capacités de dispersion des especes. Cet indice se base sur la |
OD VXUIDFH GTDLOH TXL HVW LPSRUW D Qd\hbcded Xds eBdeaéshi'y

pas altéré les résultats principaux, nous prévoyons de les retirer de I'étude finale pour éviter

potentiels liés au calcul de I'abondance relative.
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Abstract

Because of the unprecedented scale of global change effects on biodiversity, a
detailed understanding of species community composition, either taxonomic, phylogenetic or

functional, is essential for implementing effective conservation measures.

Species abundance represents an essential variable informing species conservation
status but also provides crucial insights into community composition. However, the number
of individuals detected during sampling does not represent a constant proportion of their total
population size due to variations induced by habitat effortrelated factors during data
collection,i.e. observation process. Specific Hfgstory traits of species within communities,
which define their morphology and behaviour, can impact their detectability and could

potentially result in inaccurate representations of community composition and function.

In this study, we used data from the French Breeding Bird Survey (FBBS), to assess
whether the omission of the observation process could lead to misrepresentations of
community composition. We computed two models (MRelat and MHDS), respectively,
omitting and accounting for the observation process while estimating species abundance. We
first conducted a simulation study to assess community indices, more specifically averaged
traitsbased indicesj.e. Community Weighted Means (CWMs), across a gradient of
correlation between the targeted trait and species detectability affecting the number of
individuals detected during sampling occasions. We complemented this study with field data
collected by the FBBS over 100 sites during 22023 breeding seasons examining multiple
CWM, as well as indices depicting phylogenetic and taxonomic diversity. Results from our
simulation study showed significant biases in estimated community indice, when species
traits weremoderately correlated to species detectability R r &. These results were

corroborated by our case study, which revealed substantial differences in taxonomic,
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phylogenetic and functional community indices between the two models across various
French habitats, highlighting the risk of misrepresenting community composition if the

observation process is omitted.

Introduction

Ecological community, as the assemblage of multiple interacting species at a given
space and time (Begon et al., 2006), can be described by different metrics based on species
richness (number of distinct species), evenness (species abundance disparities among
community) or a combination of both (Maurer and McGill, 2010). While these metrics
provide a global description of community composition, they tend to overlook the crucial role
of functional diversityj.e. the value and range of value of species traits affecting ecosystem
functions (Tilman, 2001). Assessment of functional diversity requires either the depiction of
the functionaltrait space of the community (Villéger et al., 2008) or the use of surrogates
such as Community Weighted Mean traits (CWMs) that average species trait values to their

relative abundance in communities (Violle et al., 2007).

Community indices are essential to track substantial changes in biodiversity (Pilotto et
al., 2020) and monitoring biotic homogenization of ecosystems (Blowes et al., 2024;
Lockwood and McKinney, 2001; Olden, 2006). These changes arise from introduction of
invasive species (Mathieu et al., 2024; Maurer et al., 2001), species thermal tolerance to
climate change (Lehikoinen et al., 2021; Princé and Zuckerberg, 2015) or the decline of
specialists (Clavel et al., 2011; Devictor et al., 2008b). These indices also play a crucial role
in informing conservation action, notably through assessment of ecosystem functions (Ali,
2023; Cadotte et al., 2011). However, their reliance on sabgded collections of species
relative abundance in communities (Maurer and McGill, 2010) could produce biassed

estimates when omitting the observation process (Roth et al., 2018).
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In contrast to studies based on experiments in controlled environments (Tilman et al.,
2001), field studies of species communities often rely on detestiardetection or transect
counts to estimate the presence or quantity of individuals of each targeted species across
sampled locations. Despite efforts to collect representative data over a large range of sampled
habitats, the observation process is still often marginally taken into account in analyses
(Bonar et al., 2010; Iknayan et al., 2014; Jarzyna and 2@1£). Thus, most field surveys
either imply that collected data are a complete censaiénsidering that all individuals of
the targeted population are detected) or assume that the sampled individuals always
correspond to the same proportion of the wild population (Ross and Reeve, 2011; Thompson,
2002). Yet, omitting the observation process accounting for sampling conditions, either
habitat or effortrelated, is now widely acknowledged as a main source of ecological and
statistical bias (Kellner and Swihart, 2014; MacKenzie et al., 2002). This bias is even more
consequential for the estimation of community indices (Jarzyna and Jetz, 2016), where
species detection probabilities can be tied to functional traits, such as habitat specialisation
(Johnston et al., 2014), leaf area and seed mass (Roth et al., 2018); species abundance
(Morelli et al., 2022); or can be phylogenetically related (Chen et al., 2013; S6lymos et al.,
2018), leading to misrepresentation of community response (Iknayan et al., 2014; Palacio et

al., 2020; Tingley and Beissinger, 2013).

Accounting for the observation process requires specific data collection, such as
temporal replicates, capturecapture, distance sampling (King, 2014), but also specific
statistical framework, such as Hierarchical Models (HM), allowing distinct modelling of both
observation and ecological process and ensued community indices (Dorazio et al., 2006; Kéry
et al., 2009). As we aimed to assess the importance of the observation process for estimation
of species community indices, we based our study on two hgpes. Ki1) We expect that

community indices are biassed when the observation process is ontit®dWe expect
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greater biases towards community metrics based on species traits and functions, especially
CWMs, because detectability varies among trait values or categories. i&ivandH2, we
expect that these biases also occur for other widely used community metrics, such as

taxonomic and phylogenetic diversity3).

To test our hypothesis, we relied on a simulation and case study based on robust
design schemes (Pollock, 1982) with data collection of observation distances at given sites
with within- and betweeityear replicates. This allows calibrating Hierarchical Distance
Sampling (HDS) models accounting for temporary emigration (Chandler et al., 2@11),
species probabilities of being exposed to sampling event$i Eove conducted a simulation
study comparing CWM estimated from a model omitting the observation prédeas)(and
a model accounting for iMHps) using the same generated data. ToH&stwe examined the
influence of species tra®-species detectability correlation by simulating multiple scenarios
of correlation based on generated species detectability. We investigatadd H3 using
reatlife citizen science data collected by the French Breeding Bird Survey (FBBS; Jiguet et
al., 2012) from 2015 to 2023 breeding season and computed four CWMs accounting for body
mass, dispersal, specialisation and thermal preferences. We hypothesised further that each
CWM is differently affected by the modelled observation process, trait value
detectability. Hence, we relied on a gradient of species traits, with presumed correlation to
detectability, ranging from traits related to species morphometrics and ecology, as well as

their phylogenetic and taxonomic specificities.
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Material and methods

Hierarchical Distance Sampling framework

Hierarchical Distance Sampling model (HDS) corresponds to a-gtate model
allowing the distinct modelling of the abundance process, depicting abundance variations
across space and time, while taking account of the observation process that determines data

collection (Kéry and Royle, 2015).

In our case, we consider that the local species community at sitel yeart,

composed ofp species follows a poisson distribution with,g the local abundance of

speciep :

| aga 1 2 KE OGksl

From this local abundance, given a sampling design with replicated visits k, the
number of individual from the species p can be modelled as a binomial outcome with

probability (i pg) of the individuals being considered as available for detection (for instance,

birdsvocalisation during observers lists) :

Oa;b@ﬁ )'/ $EJK|E/:a£hé\pﬁ;

For Distance sampling approaches, observers are tasked to collect observation
distance (Buckland et al., 2015). Thus allowing the determination of a detection funaftion
parameter €;45) depicting the probability of detection of available individuaBgss)
given the observation distanc&4s). A vector of cell probabilities €.543) is derived from
the detection functiohwith each cell corresponding to probabilities assigned to distance bins

intervals (Kéry and Royle, 2015).
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Uspga ¥ / Q H P E J KDRsdBapqs 08 ElRapss L B Tapgs Bapas )
Simulation study

For the simulation study, we simulated 60 communities each of 10 species. We
generated a set of species parameters depicting species abundgjicepecies abundance
trend ((§223%* species availability 45 and species detectabilityéfs) as well as
coefficients (), G and Uy) over covariables (A7 <04 effects on abundance, availability
and detectability collected at sitesvisits k and yeart for speciesp (Eq. 1). For each
community, we simulated a sampling design of 500 sites, visited twice over nine years.
Ranges of simulated parameters were based upon psestiadies Nabias et al., 2024.

Z ' Wgzol Ug E U oE EAP4A N
n HK &BRPoL 1,45 E Q7p (Eq 1)
H Kk€wss 0L €15 E Us <apg

To testH1 and H2 in a simulated environment, we formulated two models (1) a
relative model Mrelat) that modelled species abundance and its temporal variation while
disregarding the observation process and (2) a HDS mbtels] that takesaccount of the
observation process by estimating species availabilitys and detectability €xpzs). We
accounted for the observation process during data simulation of both models. However, for
Mrelat, We degrade observed data, only considering the maximal number of counted
individuals {.e. sum of counts over the distance intervals) over the visits at eachasite

yearst (Fig 1).

In order to compute Community Species Weights (CWM), we extracted estimated
species abundances in communitiész) to estimate their weights in community )

for the computation of community weights mearis 9 /5 at each sites over yeard, see
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Diversity metricssection for more detailsAs we expect potential variation of estimated
abundance in regards to species trait correlation, but finding no prior studies simulating the
correlation between species traits and detection, we com@at@d goased upon a gradient

of correlation scenarios= {0; 0.2; 0.4; 0.6; 0.8; 1}, between species traidg) @nd species
detectability (€;5). This allowed XV WR FRPSDUH 3%\/9U%§ B baged0 upon
simulated species parameter and correlation {raitietectability scenariog’)(to estimated

CWM (% 9 /4 from Mrelat andM rps using estimated species weights at theyg#@r level

(Fig 1).

To assess iMrelat and Mups could correctly estimate CWM, we modelled the
difference ( 4 L %9/331?'5‘@ % 9 /4), using a linear model considering the interaction
between the model formulationg|. either Relative or HDS) and the correlation scenarips (

We included two random effects, one over the years, as we implied a temporal trend, and
another over the community simulation indexes, as we generated twice the same community
for each model formulation. As we calibrate model from simulation outputs, we assessed the
signal robustness of 4 response to covariates using bootstrap analysis. The bootstrap

analysis consisted of calibrating the model over 100 iterations, with each iteration resampling

70% of the output simulated communities.

We assessed model identifiabilitye. ability to correctly estimated parameters,
through Rsquared coefficient between simulated and estimated species parameters for both
models (Fig 1). For data generation, we relied on a modified versembiDSoperiunction
from AHMBook (Kéry et al., 2023)M relat and M nps models were calibrated in JAGS 4.3.1
(Plummer, 2003) using jagsUI (Kellner and Meredith, 2021). See appendix S1 for used priors

and Markov Chain Monte Carlo (MCMC) parameters.
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Fig 1: Schematic representation of the simulation study. Each community can be represented as a 5D array of

sites x distance intervals x intra -year replicates x inter -year replicates x species. For each simulated
communities, we extracted mean species weights over site -year level ( —mgs) in order to compute CWM in
regards to traits -to-detectability correlation scenarios, as well as species parameters to assess models

identifiability.
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Case study

Bird data

We studied 51 bird species using data from the French Breeding Bird Survey (FBBS;
Jiguet et al., 2012), a citizen science scheme aiming to collect standardised data over France
from skilled birders. It consists of arbin point count where birders are tasked to estimate
the distance of observation of detected individuals, either visual or auditory contact, using
distance classes varying frori26 ; 25100 ; 100200 and 208nore. The sampling design is
based upon a systematic grid from which birders are assigned on a 2x2km grid upon their
locality (less than 10km). Birders select ten spatial locations at least 300m apart, depicting
habitat distribution of the 2x2kmyrid, whichcorrespond to the spatial unit of our study. Data
is collected over the breeding season, fidiarchto Juneand birders are tasked to visit the

locations two to three times each year.

For our study, we filter spatial location in order to keep locations that were followed
FRQVWDQWO\ DFURVY QLQH \HDUV :H DOVR GHFLGHG WR L
the distance sampling analysis. In total, we used data collected over 1000 sites by 92

observers, assigned over 100 2x2km grids in France (Fig 2).
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Fig 2: Spatial distribution of FBBS sites in France. Each dot corresponds to the location of 2x2km grids (n =
100).

Model formulation

We modelled abundance and variation across sjegdars () and speciesp using

a Poisson distribution of parametefi{{z). This model depict species abundance variation
across habitats Lﬁ.ﬁ and years, considering linear trends over the y&gf @ 3.*Habitat
corresponds toategorical covariate$l) informed by observers. We also included a random

effect over sites Y2 © ¢4 hested across 10x10km grids (See S1).

| aa ¥ 2 KE O Gl
A

7 Wagsol UgET (BL5=>ERE (FA24AHE QOea~
U@s
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For Mrelat model, we did not take account of the observation process (Fig 3), thus
considering gz as the maximum number of counted individuals across -y@za
replicates,i.e. being the sum over sHgearreplicates distance bins intervals observations.

For theMups model, we take account of the observation procésgsfs), considering that
individuals exposed to the sampling desigduzs could vary across visits during the
breeding season and years, thus we decided to model species availakiif)(as the

TXDGUDWLF HIIHFW Rl -XOLDQ GD\ DQG KRXUV IURP VXQUL

and dawn chorus (Fig 3).
HK GiERsOL 145 E bg&=pk E Uz& =L E Ua* N5 QYIE Usg* N5 @JE R eOUs

We relied on a halhormal function of parameter &) to model species
detectability, the probability of detecting individuals considered available. As the distance
classes collected by observers are not equivalent, with coarser intervals being farther from the
observer, we modelled the cell probabilitied£) using finer distance bins, of 25m each,
which we summed in order to describe the distance bin from the sampling design (see

appendix S2 for bias study over distance bins aggregation).
Z Mool &5 ER2C

As multiple observers participate in the survey, we added random eﬁ@f’so(‘”?’

Y5 9)%o take account of this source of variability.
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Fig 3 : Directed acyclic graph representing model structure of M nps. Solid rectangles correspond to observed
data, while dotted lines indicate latent variables. Coefficients are represented on the side of their respective
covariates.

Both model formulations are depicted using colours. Coefficients, latent variables and observed data used in
both formulations, solely for M relat and for M ups are represented in black, red and blue. For M relat, we did not
account for covariate and latent variables of the observation process, instead we considered individual count

at the site -year level ( Yng) by degrading observed data and using max count of individuals (  i.e. sum of counts
over the distance intervals) over the visits at each site and year.

Diversity Metrics

Community Weighted Means (CWM) metrics and species traits

Community Weighted Means (CWM) summarise the distribution of species tagits (

at the community levelcomposed of2 species in tota))in our case at the siygear level, as
the weighted sum of species traits in regards to their relative abundance in the community

(Gaulzére et al., 2019):
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E
%9/ L | Logada
a@o
In order to compute CWM at the siear level % 9/44), we estimated species
weights in community [5) as their relative abundance to the sum of estimated abundance
of over species at the siyear level :

| oo
L@@Lvﬂ

Afes ! mm

For species traitsg;), we used a gradient of species traits, ranging from species body
mass; Species Specialisation Index to habitats (SSI; Julliard et al., 2006)}\WHagdndex
(HWI) an index of dispersal abilities (Arango et al., 2022; Claramunt et al., 2012); and
Species Thermal Index (STI; Devictor et al., 2008). While body mass and SSI are known to
affect species detectability (Johnston et al., 2014), we expect atshgbtcorrelation for
HWI as it is not directly linked to wingspan known to affect detectability (Nolte et al., 2016).
We did not havea priori expectation of correlation between STI and detectability. We
retrieved species body mass and HWI from the AVONET database (Tobias et al., 2022),
while SSI and STI were estimated from previously collected FBBS data. See Appendix S3

for species traits data.

Phylogenetic and taxonomic diversity

For phylogenetic diversity, we used the Rao Quadratic entropy (RaoQ; Rao, 1982) to
estimate sitgyear level phylogenetic heterogeneity (Rocchini et al., 2017). For the pairwise
phylogenetic distances@y between species et v, we used the phylogeny assembled by
Burleigh et al., 2015. For species relative abundanggs( L.z, we relied on estimated

species abundances obtained throMgtaiat andM Hps.
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B Ew
4@b é@
For taxonomic diversity, we measured the Simpson diversity index, which correspond

to the estimation of the RaoQ without accounting for phylogenetic relatedness, im@ying

= 1 for each species pair (Ricotta, 2005).

We assessed variation in CWMs, phylogenetic and taxonomic diversity between the
two formulations using a linear model. We took account of the interaction between model
formulation and the type of habitat surveyed (both categorical covariates) and year
(continuous) as fixed effects, while also implementing random effects over obsdtvers.

corresponds to the following pseuBosyntax :

KIIQJEPIAMK @ AM=>EPEP,0 =N :s1>0ANRAN
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Results

Simulation study

Results from the simulation study (fig-4ipper row) show that bot reiat andM Hps
are capable of accurately estimating the simulated species tiegft? §.* While Mups
correctly assessed simulated mean species abunddree, systematically underestimated
species abundances (Fig dbwer row), thus confirmingH1), in a simulated environment.
See appendix S4, for identifiability plots of parameter$or both models, and , &, Uand

( for M wps).

Fig 4: ldentifiability plot from results of the simulation study for ( 18™<"S: upper row and ¥ : lower row)
over the natural scale (mean number of individuals). Blue line represents y=x, accurate estimation of
simulated parameters. Red line depicts the linear trend from estimated and simulated parameters.

Dot sizes correspond to species availability ( By probability of being exposed to survey visits). Colour
gradient represents species detectability (14 the parameter determining the decreasing rate of the half -
normal detection function), which estimates the probability of detecting an individual considered available

given its distance of observation; given a set distance high values of ( 1) lead to higher probabilities of
detections.
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When analysing the differences ) between simulated and estimated CWM over
different correlation ) between species detectabilityé,) and species traits af), we
observed no discernible trend, with each estimated difference intersecting withMydar
In contrast,Mrelat depicted a negative trend betweeand 5, with evident gap from O
beyond r = 0.4 (Fig 5). These results supptitt suggesting that communities composed of

species whose traits affect their detectability could lead to biassed community index.

Fig 5: Plot of the distribution of the difference ( ¢ between simulated and estimated CWM over distinct
correlation scenarios (r) between species detectability and species traits. Each point and its associated
uncertainty range derived from bootstrap resamples, with each resample corresponding to one interaction of

the bootstrap analysis. Dotted line represent ¢« O corresponding to perfect estimation of o f y ng negative
and positive values depict overestimation and underestimation of CWM.
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Case study

There are distinct response patterns friii@ marginal effect plots of Community

Weighted Body mass (CBI) produced from species weighigsf estimated byM relat and

Mnps models (Fig 6AD). Across all habitats, we had significantly lower values of CBI using
species relative weights in communitiels{s) estimated fronMups than MRreiat (Fig 6A).

The same pattern appeared for Community Dispersal Index (CDI), based on species Hand
Wing index, with significantly lower estimates of CDI using species abundanceMiag,

despite habitats such as near open water, rural and suburban settlement®ld@em
ploughed meadows (Fig 6B). In contrast, for community specialisation index (CSI) estimates
from Mnps are significantly higher across all habitats (Fig 6C). Similarly, for the community
thermal index (CTI),Mups had significantly higher CTI estimates th&freiar, €xcept in

suburban settlement, opéirld, mixed woodland and deciduous woodland habitats (Fig 6D).

For bird diversity metrics (Fig 7), the phylogenetic index (RaoQ) computed using
species weights estimated frdvhips was significantly lower thaM reiatones (Fig 7A). This
suggests that accounting for the observation process leads to estimations of greater
phylogenetic dissimilaritied.€. lower RaoQ). In contrast to taxonomic diversity assessed by
the Simpson index (Fig 7B), where we had estimated equivalent diversity dissimilarity
betweenM nps andMrelat, apart from rural and urban settlement, permaoeroy, operfield,
heath and coniferous woodland habitat types wigimificantly lower estimated index. These
results suggest that communities could be more dissimigatdwer Simpson D index) when

accounting for the observation process.
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Fig 6: Marginal effect plots of estimated CMW, and their associated confidence intervals, over habitat types
prospected by the FBBS schemes.In (A) Community Body mass Index (CBIl); (B) Community Dispersal Index
(CDI) using species Hand-Wing Index (HWI), (C) Community Specialization Index (CSI) and (D) Community
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Thermal Index (CTI). Red and blue colours correspond to results from M relat and Mups model formulation
respectively. No overlap of marginal means confidence intervals ( »= 0.05) are depicted by black asterisks.

Fig 7: Marginal effect plot of diversity indices, over habitat types, using species weight (  —mgs) estimated from
either M relat (red) and M wps (blue) models. No overlap of marginal means confidence intervals ( »= 0.05) are
depicted by black asterisks.

Discussion

Our simulation results confirmed our two main hypotheses, that omission of the
observation process for the estimation of species abundance could lead to substantial biassed
estimates of community weighted means (CWM) indicel)( They also highlight
substantial overestimation of community indices when communities consist of species whose
traits are strongly KR r & associated with their detectabilitid?). Results from our case

study refine these simulations, by showing significant differences with and without
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accounting for the observation process for the estimation of CWMs related to species traits
and functions affected by detectability2d), as well as for diversity indicesiB). Our results

suggest the potential need to reconsider our understanding of the bird assemblage
composition across multiple habitats in France and demonstrates that accounting for the
observation process is crucial for community studies even for the analysis of standardised

data collection.

Our results highlight major differences, across multiple habitats, between CWMs
estimated by Hps andMrelat, €specially for traits based on species morphometgybody
mass and Hanwing Index (HWI). Given the positive relation between species detectability
and species body mass (Jachmann, 2002; Johnston et al., 2014), lower CWM estimated from
Mups could suggest thata non negligible quantity of small birds are unaccounted for when
omitting the observation process. We see a similar response pattern for HWI, while being
negatively correlated to species body mass (Fig 4A; Sheard et al., 2020). As the HWI
corresponds to a proxy of flight efficiency and species dispersal capabilities (Sheard et al.,
2020), this could imply potential biassed estimates of communities functions, here dispersal

capabilities, when the observation process is unaccounted for (Palacio et al., 2020).

For this study, in order to conform to the distance sampling assumption of
measurement of exact observation distance (Buckland 1993), we decided to remove
observation of individuals detected in flight to filter out potential misinformed observation
distance. This approach required us to exclude four species with high iHA/Ifwo
migratory urban species, the Common swAip(s apusand Barn swallowHirundo rusticg
and two birds of prey, the Common kestiiedhlco tinnunculusand Common buzzar@qteo

buteq.
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In the case of species specialisation, higher CSI estimatesMiiasg, could suggest
that specialist speciesge. species exploiting a smaller range of habitat, are predominantly
missed during surveys (Mackenzie et al., 2005). These biassed estimates of specialist species
undermine their contribution to the community indices, leading to misrepresentation of

communities (Iknayan et al., 2014).

For the Community Thermal Index (CTI), we considered the species thermal index
(STI) to have minimal correlation to detectabilitg. r near zero in our simulation cases. We
based this assumption on the primary aim of this index intending to represent the average
temperature experienced across species distribution range (Devictor et al., 2008a). This index
is focused on studying species distribution range shifts and assemblage composition driven
by climate change (Barnagaud et al., 2012; Devictor et al., 2008a; GaUlzére et al., 2020),
rather than behavioural responses to steorh and extreme temperature anomaly (Cohen et
al., 2020) which could induce variation in detection probabilities (Alldredge et al., 2007). We
did not find studies linking directly STI to species detection probabilities; however, it was
shown that temperature variation caused by climate change could affect breeding dates
(Lehikoinen and Sparks, 2010) potentially resulting in variation of species detectability

across the breeding season (Emlen, 1977; Garson and Hunter, 1979; Strebel et al., 2014).

For phylogenetic and taxonomic diversity, our results corroborate with previous
studies (Jarzyna and Jetz, 2016; Richter et al., 2021; Roth et al., 2018; Si et al., 2018) where
unaccounted observation process lead to biassed diversity indices, due to the phylogenetic
distribution of species traits affecting species detectability (Maurer, 1998; Sheard et al., 2020;

Solymos et al., 2018).

Despite development of practices towards collection of adequate data allowing

modelling of the observation process (Rosenstock et al., 2002; Yoccoz et al., 2001) their
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integration into ecological studies is still relatively modest. (Kellner and Swihart, 2014).
Here, it can be transcribed through prior instances of studies using the same schemes as this
study. We relied on the FBBS (French Breeding Bird Survey) which was profusely used in
previous studies over bird communities that either (i) did not account for the detection
process, leading to potential biassed communities indices estimation (Dross et al., 2018;
Filippi-Codaccioni et al., 2010; Gatzere and Devictor, 2021; Jiguet et al., 2010; Lorel et al.,
2021; Princé et al., 2012; Vallé et al., 2023), (ii) did not account for it, while discussing
resulting potential biases (Barnagaud et al., 2012; Godet et al., 2016; Monnet et al., 2014;
Pellissier et al., 2013) and (iii) studies integrating it (Devictor et al., 2007; Doxa et al., 2010;
Giraud et al., 2016; Jiguet et al., 2005; Rigal et al., 2022). Given our results, this could
suggest that studies corresponding to (i) and (i) may yield biassed estimates of community
indices, which might have lead to a potential misrepresentation of changes in community
composition (lknayan et al., 2014; Palacio et al., 2020; Tingley and Beissinger, 2013). It
shows that there is a persisting reliance upon the standardisation of the sampling scheme
expecting that it should capture detection error originated from the observation process
(Bonar et al.,, 2010). Though, regardless of tedious data collection efforts, unaccounted

variation in species detection might still arise (Hochachka and Fiedler, 2008; Schmidt, 2005).

Such unaccounted variations stemming from multiple sources, such as the gain of
observers expertise across the years (Riddle et al., 2010y easturvey effect (Kendall et
al., 1996), species morphometric (Jachmann, 2002; Johnston et al., 2014), hetareen
variation induced by phenological shifts (Devictor et al., 2012) can be accounted for by
Hierarchical Models (Bellier et al., 2023; Dorazio et al., 2006; Tingley et al., 2020). As
CWMs and most of diversity indices are based on species abund@ate=z(e et al., 2019;
Maurer and McGill, 2010), the violation of the proportionality assumption between detected

and actual number of individuals (Thompson, 2002) of inferred abundance propagates biases

223



&KDSLWUH (1N'1HW GH OD QRQ SULVH HQ FRPSWH ¢
OfTHVWLPDWLRQ GTLQGLFH GH ELRGLY H UAvtclgV p

resulting in community indices biassed towards more easily detectable species (Palacio et al.,
2020). HM flexibility could also improve community assessment through data integration,
i.e. inclusion of additional data collected from diverse data sources (Fletcher et al., 2019;
Pacifici et al., 2017; Zipkin et al., 2021) permitting (i) improvement of halatad detection

related estimates and (ii) allowing depiction of population structure using Integrated
Population Models (IPM ; Baillie, 1990; Schaub and Abadi, 2011) approaches. Here, we
relied on point count distance data without sexing of detected individuals. This results in
inferred abundance under the assumption that male individuals are mostly detected during
survey (Catchpole and Slater, 2008; Odom et al., 2014; Riebel et al., 2019). Additional
information of species population structuresy.sex ratio or agstructure, could help refine
estimation of CWM, for instance using differentiated body mass between male and female
(Caron and Pie, 2024; Székely et al., 2007) as well as additional morphometric data collected

from birds traps and nest surveys schemes (Noon et al., 1992; Robinson et al., 2009).

Our results stress the need to account for the observation process in ecological studies
of bird communities. Species with diverse dJiistory traits result in uneven numbers
detected during sampling occasion among trait values, leading to biassed estimates of species
abundances and their relative weights in communities. Our simulation study showed a
negative trend between community indices biases and categories of species traits, according
to their respective detectability. These results are supported by our case study based on a
multi-year (20152023) field survey over metropolitan France suggesting a potential
misrepresentation of taxonomic, phylogenetic and functional community composition,

despite a data collection relying on a standardised scheme.
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V.C Supplementary information

S1: MCMC parameters and priors

Simulation study

MCMC parameters

Iteration: 6,000
Burn-in: 3,000
Thin: 3

Chains: 4

Range for species parameter generation

Uz vV 7:Fud;

Oy 7:Fta;

(§493y 7.Frsas;

Bug y 7:rdws;and i 45 L HK CIGL;
Qy 7:Fta;

&z YV 7:wriwrand &5 L Z* %85,
&y 7:Ftd;

MCMC Prior

Usgy OKNI=HsET;
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ky OKNI=HST;

(f224y 7:Fs&;

sy 7:r& and T 45 L HK CEL;
&aV 7iravrrand &g L 2 %lha;
Gy OKNI=HsT;

Wy OKNI=HsT;

Case study

MCMC parameters

Iteration: 20 000
Burn-in: 10 000
Thin: 40

Chains: 4

Prior

Usy OKNI=HST;
ky OKNI=HST;
(54945 7:Fsa;

A

i (BO9 OKNI=t&;

Ve
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&z V 7iravrrand &g L 2 %lhs;
T45Y 7:Fsr&r;

8

i Usg y OKN IS T;

Ooas

R0e4dy 0K NI1=Way;

&Yy )=11=:s&;

%y OKNI=Hig;
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S2: Bias assessment for coarse distance classes intervals

To account for the scheme unequal distance bins collection R5%B= 2550;C =
50-100;D = 100200;E = 200200+), we needed to computed detection function cell
probabilities over finer and equal distance bins. For the case study analysis, we chose finer
distance bins of 25m, that were summed to abide to real data collection-24;3B0= 2550;

C =5075 and 75100; D = 100125, 125150, 1560175 and 178200; E = 200225, 225250,
250275, 275300, 325350, 350375 and 375100). As the righstide of the last distance bins

(E) is left open, we decided to limit it to 400m, based on prior estimates of maximal distance
of observation (after truncation of 5% of extreme values) collected from independent data

(Nabias et al., 2024).

Here, we estimated the detection function parameigrusing adhoc finer distance
bins generated during detection function modelling. We simulated 3000 datasets comprising
point count distance data collected over 100 sites surveyed 9 times in one year. Across
simulated datasets, we used constant parameters of species mean abundance) (
species availabilityi.e. species probability of being exposed to visit occasion, I s here
species are always considered exposed to observers visits) and species dete@ahility (
sr1), linked to species probabilities of being detected by observers while being considered

exposed. For this simulation study, we used 20.000 iterations, with 10.00tnhbavar 4

chains for the Monte Carlo Markov Chain (MCMC) calibrated using JAGS |8Mummer,

2003
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Fig S2.1: Identifiability plot for species detectability parameter (1 and estimated number of individuals

(M). For 1 we depicted the histogram of estimated ( R) values, as | ywas held constant at 100, the vertical
blue dashed-line, across all simulations. For M, the blue dashed-line represents y=x, i.e.accurate estimation
of simulated parameters. Red line depicts the linear trend from estimated () and simulated M values.
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S3: Bird traits data

Table S2.1: Species traits data used for studied communities indices. Species Thermal Index (STI
al., 2008} and Species Specialisation Index (SSI ; Julliard et al., 2006) are derived from data collected by the
French Breeding Bird Survey (FBBS). We also used species body mass and Hand-Wing Index (HWI) from

AVONET databaS(iz(Tobias etal., 2022) |

_ o Species Sp_e(_:ies_ Body HandWing
English Scientific names | Thermal Index] Specialisation Mmass Index
(STI Index (SSI) (HWI)
HedgeAccentor Prunella modularis 10,99 0,42 20,2 21,2
Eurasian Skylark Alauda arvensis 12,51 1,19 37,3 33,6
Wood Lark Lullula arborea 14,51 0,91 26,9 27,7
Yellow Wagtail Motacilla flava 12,62 1,86 17,7 31,1
Yellowhammer Emberiza citrinella 11,75 0,68 29,7 25,7
Common Buzzard Buteo buteo 13,02 0,57 759,1 38,3
Common Quail Coturnix coturnix 14,69 1,40 96,3 41,0
European Goldfinch Carduelis carduelis 14,69 0,75 16,0 33,4
Common Cuckoo Cuculus canorus 12,71 0,39 111,4 43,9
Common Kestrel Falcotinnunculus 13,76 0,63 183,2 51,0
Blackcap Sylvia atricapilla 13,19 0,29 16,7 27,0
Common Whitethroat Sylvia communis 13,39 0,62 15,1 24,2
Sardinian Warbler Sylvia melanocephalg 18,33 1,62 11,7 18,0
Eurasian Jay Garrulus glandarius 12,93 0,45 159,5 19,4
Eurasian Treecreeper Certhia familiaris 11,77 1,96 9,0 19,2
Shorttoed Treecreeper i Certhia brachydactyld 15,36 0,61 8,2 17,7
Mistle Thrush Turdus viscivorus 12,44 0,53 117,4 35,1
Song Thrush Turdus philomelos 11,60 0,45 67,7 30,7
Barn Swallow Hirundo rustica 13,72 0,76 17,9 52,6
Melodious Warbler Hippolais polyglotta 16,20 0,54 11,0 21,2
Eurasian Linnet Carduelis cannabina 14,21 0,68 19,5 34,4
Common Swift Apus apus 13,23 1,27 37,6 71,6
Eurasian Blackbird Turdus merula 13,71 0,24 102,7 23,1
Blue Tit Parus caeruleus 13,82 0,36 11,1 21,0
Great Tit Parus major 12,89 0,28 16,3 18,7
Crested Tit Parus cristatus 12,19 1,54 11,0 19,8
Coal Tit Parus ater 12,33 1,57 9,2 21,9
Marsh Tit Parus palustris 13,36 1,08 11,1 17,9
House Sparrow Passer domesticus 13,89 1,28 26,5 27,3
Eurasian Tree Sparrow Passer montanus 12,82 1,07 214 24,6
Grey Partridge Perdix perdix 13,39 2,20 405,3 33,8
Redlegged Partridge Alectoris rufa 15,24 1,11 527,9 25,8
Great SpottedVoodpeckeri Dendrocopos major 12,19 0,64 74,9 29,3
Middle Spotted Dendrocopos medius| 14,63 222 59,0 28,1
Woodpecker
Black Woodpecker Dryocopus martius 11,39 1,07 321,0 26,4
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Eurasian Green
Woodpecker
Black-billed Magpie
Common Wooepigeon
Eurasian Chaffinch
Meadow Pipit
Wood Warbler
Common Chiffchaff
Firecrest
Goldcrest
Common Nightingale
European Robin

Common Redstart

Black Redstart
European Serin
Wood Nuthatch
Whinchat
Common Stonechat
Eurasian Collaredlove
NorthernWheatear
Winter Wren

Picus viridis
Pica pica
Columba palumbus
Fringilla coelebs
Anthus pratensis
Phylloscopus sibilatrix
Phylloscopus collybital
Regulus ignicapilla
Regulus regulus
Lusciniamegarhynchod
Erithacus rubecula
Phoenicurus
phoenicurus
Phoenicurus ochrurog
Serinus serinus
Sitta europaea
Saxicola rubetra
Saxicola torquatus
Streptopelia decaoctd
Oenanthe oenanthe

Troglodytes troglodyte

13,78

12,68
12,99
13,07
9,85

12,47
11,58
14,55
11,19
16,01
12,24

11,77

14,46
15,55
13,02
11,66
15,21
14,66
11,59
12,91

0,34

0,73
0,34
0,29
1,38
1,82
0,47
1,14
1,67
0,48
0,52

0,76

1,06
0,90
0,96
1,60
0,80
1,04
1,89
0,43

176,0

217,5
490,0
23,8
18,4
9,2
8,3
5,6
5,5
19,6
17,7

14,6

16,5
11,2
20,4
16,6
14,1
149,0
25,4
9,7

247

22,9
41,2
27,6
24,3
30,9
18,4
22,0
22,0
27,6
19,9

25,8

23,1
29,3
23,8
26,7
20,8
35,4
32,1
15,7
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S4: Additional identifiability plots of species parameters

Fig S4.1 Identifiability plot of species parameters.  While identifiability plots for ( %2; upper row) are depicted
for both model formulation, ( By, middle -left, 1y, middle -right, »_; bottom -left and %; bottom -right) are
estimated only for M nps Blue line represents y=x, accurate estimation of simulated parameters. Red line
depicts the linear trend from estimated and simulated parameters. Dot sizes correspond to species
availability ( Bgs probability of being exposed to survey visits). Colour gradient represents species
detectability ( 14 : the parameter determining the decreasing rate of the half -normal detection function). It
estimates the probability of detecting an individual considered available given its distance of observation;
given a set distance, higher values of 1y lead to higher probabilities of detections.
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VI Discussion genérale

VI.A Rappel des résultats

La quantitt GTLQGLYLGXV HW OHXU GLVWULEXWLRQ VSDW
HVVHQWLHOOHY SRXU OD VXUYHLOODQFH GHV SRSXODWL
SRUWLRQ OLPLWpPH GH OfLQIRUPDWLRQ VXU OfDERQGDQFH
GH G\QDPLTXH FRPSOH[H OH SURFHVVXV pFRORJLTXH /7t
QRQ ELDLVpPY QpFHVVLWH OD SULVH HQ FRPSWH GX SURFHYV

du nombre d'individus détectés lors de la collecte.

Au cours de cette thése, nos recherches se sont d'abord concentrées sur l'estimation
GHV HIIHFWLIV G RLVHDX[ QLFKHXUV 'DQV OH FDGUH GH
nicheurs communs (chapitre 1), nous avons utilisé des données de sciences participatives
LVVXHV G{XQ SURWRFROFH aiksiWdque E&¥ Xrdgeles( Bidr&rchiques afin
GfHVWLPHU OH QRPEUH GYLQGLYLGXV WRXW HQ SUHQDQW
GTREVHUYDWLRQ /D FRPSDUDLVRQ GHV QRXYHOOHYV HVWLI
en tenant compte des tendances populationnelles, a révélé une potentietistisuatson

généralisée des espéces communes nicheuses de France métropolgailes précédent

atlas(voir le tableau des estimatis:|Annexe TableaudesWDLOOHY GH SRSKXODWLR

communs nicheurs de France métropolitTJne

I THVWLPDWLRQ QRQ ELDLVpH GIDERQGDQFH UHTXLHUW
un effort de collecte accru. Dans le contexte des sciences participatives, basées sur le
YRORQWDULDW GHV REVHUYDWHXUY FHOD LQGXLW XQ FRP
wWuUqV TXDOLWDWLYH PDLV HQ IDLEOH TXDQWLWp HW LL
mais de qualité moindre. Pour répondre a ce dilemme, nous avons mis en place un modele

intégré (chapitre 2) qui utilise simultanément les donnélbscté@es par les protocoles EPOC
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2') HW (32& GDQV OfLQIpUHQFH GTDERQGDQFH 1RV WUL
OfLQWpPIJUDWLRQ GHV GHX[ MHX[ GH GRQQpHVY SHUPHW GH
SURFHVVXV GY{REVHUYDWLRQ HW GX SURFHVVXV pFRORJL
GRQQpHYVY UpHOOHV GpPRQWUH TXH FHWWH UpGXFWLRQ GTL

données utilisées.

/YDERQGDQFH FRUUHVSRQG j XQH LQIRUPDWLRQ pOpF
aspects plus complexes des communautés écologiques. Dans ce dernier chapitre (chapitre 3),
Nnous nous sommes concentrés sur I'estimation des indices de communautés. Nous avons
GpPRQWUp TXH OYRPLVVLRQ GX SURFHVVXV GTREVHUYDWL
especes, se répercute sur les indices de communautésamitides biais dans I'évaluation

des diversités taxonomique, phylogénétique et fonctionnelle.

Dans la discussion qui suit, je compte aborder les perspectives de nos travaux,
QRWDPPHQW j OD VXLWH GX FKDSLWUH DILQ GYHVWLP
populations des oiseaux nicheurs de France métropolitaine via la mise en place de modéles de
SRSXODWLRQ LQWpJUpV /HV WUDYDX[ UpDOLVpYV GXUDQW |
numérique des indices de biodiversité. Dans un second temps, je reviens et discute sur la
QRWLRQ GYLQGLFH HQ LQWpJUDQW OD FRPSRVDQWH VRFLI
LOOXVWUHU FH SRLQW MH SUHQGV FRPPH H[HPSOH OfLQG
SRWHQWLHOOHY WHQVLRQV HQWUH OYREMHFWLI LQLWLDO
GLIIXVLRQ (QILQ MH FRQWH[WXDOLVH OD SURGXFWLRQ Gf

GpFLVLRQ HW OD SODFH GH OTLQFHUWLWXGH VFLHQWLILTX
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OTDYLIDXQH IUDQoDLVH

VIB (VWLPDWLRQ GIDERQGD QlisHIétailéétle) V X Q'
OIDYLIDXQH IUDQoDLVH

/IHV UpVXOWDWY GH QRV UHFKHUFKHV FRUURERUHQW X

VFLHQFHYVY SDUWLFLSDWLYHV SRXU OYDFTXLVLWLRI® GH GR(

avons réalisés, nous avons soit restreint la période temporelle a un intervalle de trois ans
FKDSLWUH HW VRLW FRQVLGpUp XQH WHQGDQFH OLC

population (chapitre 3). Bien que nous assumions ces approximations et simplifications, nous

cycle de vie des individus qui la composent ou les parametres démographiques (fécondité,

VXUYLH ORQJpYLWp LPPLIJUDWLRQ HW pPLJUDWLRQ LQIO

stade|Figure28 Legendre, 2020)
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Figure28 ([HPSOH GX F\FOH GH YLH GTXQ SDVVHUHDX VHORQ XC
deux stades de vie ; 1 : individu de 1 an (sadslte) et 2 : individu de plus de deux ans (adulte).

Chaque stade de vie possede un taux de survie et de fécondité propre, respectivement (S1, S2, F1

et F2). Comme le décompte de la population se fait en amont de la reproduction, les-néaveau
VRQW FRPSWpV OTDQQpH VXLYDQWH HW SRVVqGHQW XQ WD.
XQLTXHPHQW OHV IHPHOOHV QpFHVVLWDQW OYDSSOLFDWLRC
femelles dans la population, le setio. Figure tirée de Legendre 2020.

I fTHVWLPDWLRQ GHV GLIIpUHQWY SDUDPQWUHYV GpPRJL

GRQQpHV HVW UpDOLVDEOH | OYDLGHzIGéyreed Gopllativh GH SR

Models(IPM ;|Figure29 Besbeas et al., 2002; Schaub & Abadi, 20Q0éroué et al., 2021)

FRQVLGpPUDQW OfHQVHPEOH GHV SURJUDPPHV GH VXLYLV
IlUDQoDLV SRXU OH GpFRPSV\/—GDE‘HSRO.GEFISDXI—HOEFSﬂ'&)&

le baguage (STOCapture), il serait possible de mettre en place un suivi intégré des

34 SHOC: Suivi Hivernal des Oiseaux Communs (https://www.oiseauxdefrance.oigigéted/shoc)
35 STOM: Suivi Temporel des Oiseaux de Montagnes
(https://www.lpo.fr/lalpo-enractions/connaissanakesespecesauvages/suivisrnithologiques/oiseaux
communs/stom
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Figure29 *UDSKLTXH GfXQ H[HPSOH GY,30 UHSUpVHQWDQW OHV
estimés : parametres désirés (cercles gris), parameétres de nuisance (cercles blancs) et données
collectées (carrés noirs). Les carrés représentent les données collectées. De haut en bas et gauche
a droite : f : fécondité (ou productivité) ; Sj : survie des juvéniles ; Sa : survie des adultes ; p :
probabilité de recapture ; m : données de captoapture ; N : taille de population estimée

(totale ou par stades de vie)® HUUHXU GYREVHUYDWLRQ & -GRQQpH
PRGgOHYV TXL FRPSRVHQW 09,30 VRQW UHSUpVHQWpPV SDU GH'
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VI.C Indices et narratifs : une association nécessaire

H,QGLFDWHXU

L QtSdnfirtaire du@rowpe indicafeur CES(D23)

Ecology of Ignorance. In Observation on modernity.

VI.C.i Indicateurs : un ensemble de criteres et de tensions

Les indicateurs ne sont pas uniqguement constitués de connaissances scientifiques,

2022) 3DU H[HPSOH XQH HVSgFH FRQYRLWpPH GHYLHQW GY{DX

fonction de sa raret¢ OTHIITHW $OOHH [ZowdhamR& RlJ RADEFTaxdis que

GHV HVSgFHV GI1XQH JUDQGH LPSRUWDQFH FXOWXUHOOH V

de conservation importantes ou digatégies de gestion durat1léigure 30 Ladle et al.,
2023)

Figure 30 3URSRVLWLRQ GYDPpOLRUDWLRQ GHV FULWQUHV GH
LQWpJUDQW VLPXOWDQpPPHQW OHV FRQQDLVVDQFHV VFLHQW

/IHV HVSqQFHV SUpVHQWHVY GDQV OH EORF < VRQW SOXV HQFOL
HITHW HQ SOXV GH IDFWHXUV ELRORJLTXHV GJH[WLQFWLRC
GLVWULEXWLRQ UHVWUHLQWH

HITHEWLIV GpFOLQDQWYV « C

36 Citation faite dans le contexte de la sociologg6 RFLRORJ\ PXVW DJDLQ P RdbiehinpWV WKHR
ZRUOG DQG SRVH WKH TXHVWLRQ«Y
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LPSRUWDQFH FXOWXUHOOH UpGXLVDQW OD YRORQWp GIDJL
SHUPHWWDQW OD PLVH HQ SODFH GY{DFWLRQV HIILFDFHV 7LU

Ces indicateurs ont pour principal objectif de synthétiser une information écologique

DILQ GH IDFLOLWHU VD WUDQVPLVVLR QLettéN 2007TPDPOMXUHU V|

(i) la pertinence : ils doivent étre en adéquation avec les besoins des acteurs;
(i) OD SUpFLVLRQ OD YDOHXU GpFULWH SDU OfLQGLFt

(i) OYDFWXDOLWp HW-3@D deS RREhEANCED QéLisibpneNes Vou de

rapportages;
(ivy OYDFFHVVLELOLWpP HW OD FODUWp ORUV GH OfXWLO
(v) la comparabilité des données;
(vii OD FRKPpUHQFH HQWUH OYLQGLFH HW VRQ LQWHUSU|

&HSHQGDQW LO HVW LPSRVVLEOH GH UpSRQGUH FRP

Figure 31), il existe des tensions notamment en fonction de différents gradignts.

indicateur contextuel comme celui des espéces indicatrices a pour objectif de synthétiser la
UpSRQVH GTXQ KDELWDW RX GT{XQH FRPPXQDXWp IDFH j Gt

réponse des espéces non ciblées, par exemple le suivi des abeilles met en évidence les effets

2023) mais cela peut enirger une perte du signal des variations spécifiques.

370n aborde plus en détails cet indice dans la section suivante
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Figure 31 "LVWULEXWLRQ GI1XQ HQVHPEOH G LQGLFDWHXUV VH
SROLWLTXH GTXQH SDUW XQLYHUVHOOH HW FRQWH[WXHOOH
fonction de différentes approches : en vert, ceux qui reposent sur une perspectioeficét;

en bleu, ceux qui refletent une approche éconoitecarée ; et en rouge, ceux qui adoptent une

vision plus transdisciplinaire. Tiré de Levrel et al., 2007

8Q DXWUH pFDUW TXH SHXYHQW DYRLU OHV LQGLFDWH
GH FRQVWUXLUH HW GLIIXVHU OTLQIRUPDWLRQ GH OD PDQL

GILQGLFHV VRLW DX F°XU GH SO Xé/hidtoyie de 1& tovidetvationep HV VF

IlUDQoDLVH OHV SRLQWYVY L HW LLL VRQW UHVSHFWpPV S
M2LVHDX[Y WRXV OHV VL[ DQV J/HV UpVXOWDWY GHV FKDSES
FLWR\HQQHV SHUPHWWHQW GYfREWHQLU GHV HVWLPDWLRQ
des données). Méme si les résultats, sous la forme de fourchette de population ou de carte de

distribution spatiale, sont accessibles (iv), le cheminement analytique reste difficile a saisir.
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&IHVW SULQFLSDOHPHQW G€ j OfpFDUW HQWUH OD G
VDYRLU OH SRLQWDJH GH ORFDOLV-DD¥F) 8uQa Geferrir@tion L G X V
GILQWHUYDOOHYV gB6GIHWW D QIE@Q NR UGNRW héRaIsaB e d2 ustifigrH
DXSUgV GHV REVHUYDWHXUV OHV UDLVRQV GH OfTHIIRUW \

GITXQ SRLQW GH YXH pWKLTXH PDLV DXVVL GDQV XQ REI

scientifiquﬁl(Bonne_y et al., 2009)$X VXMHW GH OfpFKHOQFJu&EBN)OTLQGLF

OHV HVWLPDWLRQV GYDERQGDQFHV RQW SRXU REMHFWLI
nationales, mais il se peut que certaines estimations a des échelles régionales/communales

GLIIQUHQW GDQV OD PHVXUH Re OD UpVROXWLRQ GH OfpFl

pour représenter fidélement leurs habitdtgiens, 1989|Spécificité du territoire francai

[92)

métropolitair).

VI.C.ii /TIDJUpIJDWLRQ G§dee6 Lchdi LIPIKXO W L

2Q SHXW GLIIpUHQFLHU GHX[ W\SHV GTLQGLFDWHXUV I
VHXOH XQLWp GH PHVXUH FRPPH OfLQGLYLGX OH JgQH
composites qui combinent plusieurs unités de mesure. Alors que les premiers doivent se

confronter aux dilemmes mentionnés plus tot, les seconds doivent également gérer les

WHQGDQFHV GYDERQGDQFH GH SRSXODWLRQV | XQH pF

% O QH VYDJLW SDV IRUFpPHQW GTYXQ DFWH GH ELHQYHLOODQFH GH OD
WUDQVPHWWUH VHV YDOHXUV HQFDGUpHV SDU OD ULJXHXU VFLHQWL
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regroupements spatiaux, taxonomiques ou fonctiﬁ Hisgure 320 Collen et al., 2009;

Figure32: Représentation du LPI selon différentes échelles fonctionnelles et spatiales. De haut en
bas et gauche a droite : LPI (1970 JOREDO EDVp VXU OHV YDULDWLRQV C
31821 populations de 5230 especes ; LPI (1970 GHV SRLVVRQV GTHDX[ GRXFl
basé sur 1406 populations de 247 espéces ; LPI selon les régions de la plateforme
intergouvernementale scientifique et politique sur la biodiversité et les services écosystémiques

tendance moyenne est décrite par une courbe blanche associée a un intervalle de confiance.
Adapté de Almond et al., 2022.

/IH /3, VH FDOFXOH j OfDLGH GHV WHQGDQFHV WHPSRUI

GIXQH DQQpH GH UpIpUHQFH VRQ FDOFXOllehetGpFRPS

¥ (Q SOXV GH OfH[HPSOH GHV SRLVVRQV PLJUDWHXUV RQ SHXW QRWHL
Re OHV HVSgFHV VRQW UHJURXSpHV VHORQ OHXUV VSpEFLDOLVDWLRQV
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Les valeurs du LPI en fonction de la zone géographique ou du regroupement, sont

calculées en sot&chantillonnant les données populationnelll%igL(re32 ou en pondérant la

& Freeman, 2017) % LHQ TXH OH /3, WRXFKH XQ ODUJH VSHFWUH
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Figure33 )LDELOLWpPp GHV GRQQpHV XWLOLVpHV SRXU FDOFXOHU
HW GHV JURXSHV WD[RQRPLTXHV (Q D OHV DQLPDX[ WHUUH
et en (b) les animaux marins. La fiabilité est déterminée par la quantité de données disponibles
lors du calcul du LPI. Les groupes taxonomiques et zones IPBES avec une coche possedent le
nombre nécessaire (voire plus) de données pour le calcul du LPI ; ceux représentés par un tiret
sont déficitaires (50% a 99%) de la quantité de données requises ; et ceux décrits par une croix
sont séverement déficitaires (<50%). Tiré de Dove et al., 2023

Les trois premiers points abordés sont adressables par la mise en place de moyens de

UHIOgQWH XQ HQMHX GH WDLOOH SRXU OH /3, OLp j OD YROR

OHV WHQGDQFHVY SRSXODWLRQQHOOHV SXLVVHQW rWUH |

al., 2016)
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DWWHQGXH YRLUH HVSpUpH TKedlaO/fdia@oB LnkukiecridllystH j G LI
WD[RQRPLTXH HW RX IRQFW LR @QuOdddy mGddle OHjdaEdRiqQuesD Q F H
VHPEOH SURPHWWHXU SRXU SUHQGUH HQ FRPSWH OHV VR
durant cette these semblent concourir aux besoins de plusieurs acteurs sur la mise en place

GIRXWLOV SHUPHWWDQW GffpYDOXHU OYDERQGDQFH GH SC

donnéegChapitres 2 et 3).
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lllustration : es—f"ef—c'efZ ‘eeceecte "7 _Sf "_S™Mie_ _Zfe_c.. oSt cto T —ee> .
John Pope drawn a— —S% '"<Z s{yw etf—<e% ‘~ —St eofeeete  — teec——FF Fe—«—Z%t
ceet™. f__nf7 7. 564
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VID ZUDQVPLVVLRQ GH OYLOFHUWLWXGH VI
GIDFWLRQ

B7KHUH LV QR HYLGHQFH"™ GHVSLWH :RYHU \HDUV RI LQWHQ

WR FRORQ\ KRQH\EHH ORVVHV™ >«@ 7KH FRPPLVVLRQ 3UHVSR(
TZHLIJKW Rl HYLGHQFHY ZKLFK FOHDUO\ VKRZV WKDW LQ UHD

6\QJHQWD &ODVK :LWK (8 2YHU %HHV $PLG 0 $ &KDUP 2IIHQ

MYRU LQVWDQFH D SUHFDXWLRQDU\ UHJLPH PD\ UHTXLUH ULJ
an activity is allowed to proceed, and a Amrecautionary regime may require rigorous scientific

evidence of risk before prohibiting an activity. Which of these is chosen does not reflect differing
valuations of science, but differing value judgements about what objectives should be favored
M%LRGLYHUVLW\ DQG WKH 3UHFDXWLRQDU\ 3ULQFLSOH 51

6XVWDLQDEOH 8VHY

étre (i) quantitativesi.e. liées aux variations aléatoires du processus écologique et/ou du

SURFHVVXV GYRENHWLYDWMR @ D BKp $ oulto@e§pdadverhluy Boafl R Q

entre le modele et la réalifEigure25A PDLV DXVVL LL VRFLDOHV ORUVT.

entre les résultats scientifiques et les mesures employées par des acteurs politique, social ou

IRUV GITXQH pWXGH VFLHQWLILTXH LO HVW GLIILFLOH ¢

OTHII Hmepdeld(ftérbmx:ier les variations liées au processus, ou les variations résiduelles

41 On peut prendre paxemple la figure 5 Hfron, 2012 qui montre deux intervalles de confiance possibles
incluant B méme parametre estinaé
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GIDFWLRQ

SHUPHWWHQW GH SUHQGUH HQ FRPSWH OH SURFHVVX\

représentations (plus complexegjr:|/H YLYDQW FDFKp péntbrOdR Bafdd UY DW L

GHV GpFLVLRQV DQDO\WLTXHV GHV pFRORJXHV 2Q SHXW

couvées sur la croissance des oisillg

Rey\re 34

obtenues par plusieurs équipes de

recherches et refléte le besoin de transparence et le recours a la science ouverte afin de

Figure34 'LVWULEXWLRQ GH OYfHIIHW GH OD FURLVVDQFH GHV RI
intervalles de confiance a 95%. Les triangles représentent les effets estimés par les différentes
pTXLSHY GH UHFKHUFKH HW OH FHUFOH LQGLTXH OfHIIHW PR
FRQVHQVXV GTXQ HIIHW QpJDWLI GH OD WDLOOH-0BBEH+OD FRXY
0.06 et une grande variation entteb5 et 0.38. Tiré de Gould et al., 2023
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Bien que cette incertitude puisse freiner la prise de d ielle n'en est pas le seul

SDU SULQFLSH GH SUpFDXWLRQ TXL SDUW GX SRVWXODW
GIXQH UHVVRXUFH RX G{1XQ PLOLHXI.&RXiEnath&haIDVdH U OH C

TXIXQH DFWLRQ RSSRVpH HVW SHUoXH FRPPH XQ REVWDFO

Wnder this presumption, where there is uncertainty or ignorance regardit
impacts of an activity such as release of pollutants, fishing, building, or v
WKH 3GHIDXOW \auvthitidsHcan Loy aheddd Wncertainty arol
environmental impact is used as a rationale for not banning toxic chemice
reducing fisheries harvest levels, or not refusing mining applica
Environmental objections against them will require clear scientific evidenc
SUHFDXWLRQDU\ SULQFLSOH ,Q MP%LRGLYHU
DQG 8QFHUWDLQW\ LQ &RQVHUYDWLRQ DQG ¢

$ILQ GILOOXVWUHU FH SURSRV GDQV OH FRQWH[WH Gl

SDU H[HPSOH OD QpFHVVLWp GH UHQRXYHOHU DQQXHOOF

(Limosa limosa PDOJUp UHVSHFWLYHPHQW OH FRQVWDW GY{XQF

Les sciences de la conservation se retrouvent dans un contexte de tension mélant (i)

OfpWXGH GH G\QDPLTXH HW OD SURGXFWLRQ GH#deQGLFDW

42 [llustré par la citation de l'article de presse autour sur le cas des néonicotBmidei, 2017)
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IX Annexe Tableaudestailles de populations
GYRLVHDX[ FRPPXQV OQLFKI
metropolitaine

Ce tableau correspond a une version alléegde 8 UDGXLWH GHGOITO$BHWYGE®

1 (Supplementary informatn). $ Q R W khitlalem&fles estimations dexffectifsnicheurs

GH OYDWODV GHV RLVHDX[ GH )dda@ MdlleP, 2UNLSRrD 6oOneg¢ DLQH

sous la forme de bornes minimales et maximaiéis. de comparer les effectifs estimés par

les deuxméthodes Muytillsé la médiane des valeurs minimales et maximdéssestimations

GH O H&)]Oomparison oArGeomand HDS estimated population siges

Les estimations sont présentées en nombre de couples ou pairs poteRbeltdes
estimations provenant de la campagne ERINF- 20212023, & amont de la calibration des
PRGqOHYV pliddd bri_ filkeSselonOD SRVVLELOLWp Grifividus @8¥esILFDW LF

(visuelle ou sonorgjurant SRLQW GIpFRXWH 9RLU OYDSSHQGLFH 6 G

Les huit especes en italiques, soulignées en rouge correspondent aux especes ayant

GHV YDULDWLRQV GTHVWLPDWLRQV QDWLRQDOHV LPSRU\

traitement des valeurs extrémes) et les estimations aprés traitemehiniching of HDS

population size estimate: assessment of model extrapcration
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EPOC-ODF 20212023

Especes Statut de Estimation médiane Estimation /mean
conservation
(%)
2012 2023 Basse Moyenne Haute

Fauvette a tete noire LC 6.5M 7.1M 8.6M 9.5M 10.5M i i
Rougegorge familier LC 4.5M 7.2M 7.7TM 8.5M 9.4M i
Pinson des arbres LC 9.0M 8.3M 7.2M 7.9M 8.8M 0.04
Mesange bleue LC 3.2M 3.5M 4.7M 5.4M 6.3M i
Mesange charbonniere LC 5.5M 5.4M 4.9M 5.4M 6.1M 0.00
Merle noir LC 6.5M 6.1M 4.0M 4.5M 5.1M 0.29
Chardonneret elegant VU 1.5M 1.7M 3.0M 4.1M 5.5M i
Pigeon ramier LC 2.5M 3.7M 3.2M 3.6M 3.9M 0.02
Pouillot veloce LC 3.2M 3.2M 3.1M 3.5M 4.0M i
Troglodyte mignon LC 4.0M 3.4M 3.0M 3.4M 3.9M 0.00
Hirondelle rustique NT 1.3M 1.2M 1.4M 2.0M 2.9M i
Linotte melodieuse VU 750.0K 1.0M 551.3K 1.7M 5.6M i
Alouette des champs NT 1.6M 1.5M 1.5M 1.5M 2.1M i
Grimpereau des jardins LC 1.2M 1.4M 1.1M 1.3M 1.6M 0.05
Roitelet a tripldbandeau LC 700.0K 809.2K 962.6K 1.3M 1.8M i
Accenteur mouchet LC 1.5M 1.1M 895.6K 1.1M 1.5M 0.02
Grive musicienne LC 1.5M 1.6M 966.4K 1.1M 1.2M 0.36
Bergeronnette grise LC 550.0K 523.0K 713.4K 1.0M 1.5M i
Sittelle torchepot LC 1.5M 1.0M 831.3K 1.0M 1.3M 0.00
Roitelet huppe NT 650.0K 350.4K 1.3M 980.6K 2.7TM i
Bruant zizi LC 300.0K 344.1K 778.7K 968.5K 1.4M i
Rougequeue noir LC 950.0K 855.0K 717.1K 966.4K 1.3M i
Pic epeiche LC 550.0K 632.5K 752.6K 930.2K 1.2M i
Verdier Europe VU 1.5M 862.5K 666.0K 881.2K 1.2M i
Rossignol philomele LC 750.0K 714.8K 739.8K 874.9K 1.0M i
Groshec cassenoyaux LC 80.0K 66.0K 422.3K 747.4K 1.4M i
Tarier patre NT 250.0K 307.8K 494.2K 730.1K 1.1M i
Serin cini VU 375.0K 361.1K 532.4K 714.8K 979.5K i
Mesange nonnette LC 800.0K 418.4K 440.1K 672.8K 1.1M i
Fauvette grisette LC 1.0M 944.0K 475.9K 613.5K 795.1K 0.42
Epervier Europe LC 47.3K 41.3K 30.2K 603.5K 7.3M i
Hypolais polyglotte LC 675.0K 553.5K 379.2K 499.1K 662.2K 0.10
Mesange huppee LC 450.0K 321.8K 312.2K 492.5K 840.5K i
Bruant jaune VU 750.0K 379.5K 370.4K 453.6K 698.9K i
Bouvreuil pivoine VU 150.0K 78.0K 269.1K 437.2K 1.1M i
Piegrieche ecorcheur NT 150.0K 224.1K 244.1K 419.9K 752.0K i
Buse variable LC 160.0K 152.3K 270.6K 367.8K 502.2K i
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Tourterelle des bois VU 400.0K 296.4K 265.3K 344.1K 449.8K i |
Grive draine LC 400.0K 386.4K 296.2K 341.4K 417.2K 0.12
Pouillot de Bonelli LC 225.0K 241.0K 148.8K 322.5K 757.7K i
Loriot Europe LC 150.0K 173.4K 244.9K 317.7K 409.3K i
Pic vert LC 225.0K 207.5K 263.2K 316.1K 380.8K i
Faisan de Colchide LC 205.0K 201.3K 196.1K 293.4K 434.3K i
Bergeronnette :
fintaniere LC 135.0K 116.5K 276.0K 249.9K 410.5K I
Pipit des arbres LC 375.0K 229.1K 105.4K 195.3K 355.6K 0.16
Bruant proyer LC 300.0K 363.0K 150.1K 194.4K 254.3K 0.60
Alouette lulu LC 140.0K 265.4K 153.1K 192.9K 245.2K 0.32
Faucon crecerelle NT 76.0K 81.5K 126.1K 192.5K 295.9K i
Coucou gris LC 225.0K 208.3K 129.8K 162.3K 199.9K 0.25
Rougequeue a front bla LC 120.0K 137.5K 39.3K 129.8K 283.0K 0.06
Pouillot fitis NT 150.0K 83.7K 34.5K 113.1K 341.6K i
Pic noir LC 32.5K 38.6K 26.6K 44.0K 71.9K i
Pigeon colombin LC 45.0K 91.2K 20.3K 42.0K 86.6K 0.74
Huppe fasciee LC 85.0K 77.9K 25.3K 41.1K 64.5K 0.62
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